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The era of Industry 4.0 opens up the possibility of optimizing production systems in a
data-driven way. To turn data into value, machine learning (ML) models are trained on
production data aiming at identifying patterns to optimize processes. A crucial prerequisite
for achieving performant ML models is the availability of high quality data. Since raw
data generated in production exhibits multiple quality issues, data preprocessing (DPP) is
required to increase the data quality. One of the key design decisions in any ML project
is the choice of suitable DPP methods. The search space further increases when DPP
methods are configured into DPP pipelines. Due to the high number of possible DPP
pipelines, data scientists commonly select suitable pipelines manually via trial and error.
For these reasons, DPP nowadays accounts for approximately 80 % of the time in ML
projects.

To guide data scientists, decision support systems (DSS) have been developed that assist in
the selection of suitable DPP pipelines but do not cover production-specific requirements.
Therefore, the main research question was: Can a DSS be developed that supports in
recommending DPP pipelines for ML applications in production?

To be able to answer the main research question, a meta learning-based decision support
system, called Meta-DPP, was developed. Meta-DPP relies on three core components: the
meta target selector, meta features database, and meta model. The meta target selector
chooses between two preselected sets of overall well performing pipelines, called pipeline
pools, for both classification and regression tasks. Further, the meta features database
stores learning task-specific information about the data set, e. g., the number of instances.
The meta model then recommends a pipeline from the pipeline pool based on the meta
features from the database. When applying Meta-DPP, a user interface enables the data
scientist, or production expert to input their data set, learning task, ML algorithm and
information about explainability. Given these four inputs, Meta-DPP provides a ranked
recommendation of the DPP pipelines from the pool.

Verifying and validating revealed the correct development and implementation of Meta-
DPP. The validation on 324 production use cases further prove that Meta-DPP outperform
essential pipelines on average, whereby essential pipelines ensure the functioning of ML
algorithms by performing minimum DPP. Thus, the main research question was positively
answered.
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Zusammenfassung

Das Zeitalter der Industrie 4.0 ermdglicht die datengetriebene Optimierung von Pro-
duktionssystemen. Um einen Mehrwert aus Produktionsdaten zu generieren, werden
Modelle des maschinellen Lernens (ML) eingesetzt. Eine entscheidende Vorausset-
zung fur leistungsfahige ML-Modelle ist die Verfligbarkeit von Daten in hoher Qualitat.
Da die in der Produktion erzeugten Rohdaten verschiedenste Qualitatsmangel aufwei-
sen, ist eine zielgerichtete Datenvorverarbeitung (DPP) erforderlich. Eine der wichtigs-
ten Designentscheidungen in ML-Projekten ist die Wahl geeigneter DPP-Methoden.
Der Suchraum vergroRert sich weiter, wenn mehrere DPP-Methoden in DPP-Pipelines
konfiguriert werden. Aufgrund der groRen Anzahl moglicher DPP-Pipelines wahlen
Data Scientists Pipelines in der Regel manuell und durch ein Trial and Error Verfahren
aus. Daher nimmt DPP heutzutage etwa 80 % der Zeit in ML-Projekten in Anspruch.
Um Data Scientists zu unterstiitzen, wurden Entscheidungsunterstiitzungssysteme
entwickelt, die bei der Auswahl geeigneter DPP-Pipelines helfen, aber keine produkti-
onsspezifischen Anforderungen abdecken. Daraus ergab sich die Hauptforschungs-
frage der vorliegenden Dissertation: Kann ein Entscheidungsunterstitzungssystem
entwickelt werden, das bei der Empfehlung von DPP-Pipelines fir ML-Anwendungen
in der Produktion unterstutzt?

Um die Hauptforschungsfrage zu beantworten, wurde ein Meta-Learning-basiertes
Entscheidungsunterstitzungssystem, Meta-DPP genannt, entwickelt. Meta-DPP stitzt
sich auf drei Kernkomponenten: den Meta Target Selector, die Meta Features Data-
base und das Meta Modell. Der Meta Target Selector wahlt zwischen zwei vorselek-
tierten Mengen von performanten Pipelines, sog. Pipeline Pools, fir Klassifizierungs-
und Regressionsaufgaben aus. Dartber hinaus speichert die Meta Features Database
lernaufgabenspezifische Informationen Gber den Datensatz, z. B. die Anzahl der In-
stanzen, sowie Performanzen von ML-Algorithmen und DPP-Pipelines. Das Meta Mo-
dell empfiehlt dann eine Pipeline aus dem Pipeline-Pool auf der Grundlage der Meta
Features aus der Database. Bei der Anwendung von Meta-DPP kann der Data Scien-
tist, Produktionsexperte oder IT-Experte Gber eine Benutzeroberflache seinen Daten-
satz, Lernaufgabe, ML-Algorithmus und Informationen zur Erklarbarkeit eingeben. Auf
Basis dieser vier Eingaben liefert Meta-DPP eine Rangfolge von Empfehlungen fir die
DPP-Pipelines aus dem Pool. Die Verifizierung und Validierung zeigte die korrekte
Entwicklung und Implementierung von Meta-DPP. Die Validierung an 324 produktiven
Anwendungsfallen zeigt auRerdem, dass Meta-DPP im Durchschnitt besser abschnei-
det als essentielle Pipelines, wobei essentielle Pipelines das Funktionieren von ML-
Algorithmen durch minimale DPP sicherstellen. Daher wurde die Hauptforschungs-
frage positiv beantwortet.






Summary

The era of Industry 4.0 opens up the possibility of optimizing production systems in a
data-driven way. To turn data into value, machine learning (ML) models are trained on
production data aiming at identifying patterns to optimize processes. A crucial prereg-
uisite for achieving performant ML models is the availability of high quality data. Since
raw data generated in production exhibits multiple quality issues, data preprocessing
(DPP) is required to increase the quality of the data. One of the key design decisions
in any ML project is the choice of suitable DPP methods. The search space further
increases when DPP methods are configured into DPP pipelines. Due to the high num-
ber of possible DPP pipelines, data scientists commonly select suitable pipelines man-
ually and via trial and error. For these reasons, DPP nowadays accounts for approxi-
mately 80 % of the time in ML projects.

To guide data scientists, decision support systems (DSS) have been developed that
assist in the selection of suitable DPP pipelines but do not cover production-specific
requirements. Therefore, the main research question was: Can a DSS be developed
that supports in recommending DPP pipelines for ML applications in production?

To be able to answer the main research question, a meta learning-based decision sup-
port system, called Meta-DPP, was developed. Meta-DPP relies on three core compo-
nents: the meta target selector, meta features database, and meta model. The meta
target selector chooses between two preselected sets of overall well performing pipe-
lines, called pipeline pools, for both classification and regression tasks. Further, the
meta features database stores learning task-specific information about the data set,
e. g., the number of instances, as well as past ML algorithm and DPP pipeline perfor-
mances. The meta model then recommends a pipeline from the pipeline pool based
on the meta features from the database. When applying Meta-DPP, a user interface
enables the data scientist, production expert, or IT expert to input their data set, learn-
ing task, ML algorithm and information about explainability. Given these four inputs,
Meta-DPP provides a ranked recommendation of the DPP pipelines from the pool.
Probabilities provided by the meta model further indicate how certain Meta-DPP is
about the recommendation.

Verifying and validating revealed the correct development and implementation of Meta-
DPP. The validation on 324 production use cases further prove that Meta-DPP outper-
form essential pipelines on average, whereby essential pipelines ensure the function-
ing of ML algorithms by performing minimum DPP. As a conclusion, the main research
question was positively answered.
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Formula symbol

T.l.

FN
FP
MAE
MSE
RMSE
TN
TP

Description

Target variable with i dimensions
Weight of node i

Input vector with i dimensions
Input of node i

Predicted target

Best parameter setting of ML algorithm
Mean

F1 score

False negative

False positive

Mean absolute error

Mean squared error

Root mean squared error

True negative

True positive

Data set

Bias

Distance between score of maximum and rec-
ommended pipeline

Distance between score of recommended and
essential pipeline

Distance between score of upper bound and
essential pipeline

Distance between score of upper bound and
recommended pipeline

Actual target

Parameter setting of ML algorithm
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Formula symbol Description
o Standard deviation

o(*) Activation function
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Abbreviation Description

AdaB Adaptive boosting (AdaBoost)
ADASYN Adaptive synthetic sampling
Al Artificial intelligence

ANN Avrtificial neural network

APS Air pressure system

AutoML Automated machine learning
Bagging Bootstrap aggregating

BFE Backward feature elimination
Blisk Blade integrated disk

BO Bayesian optimization

BOHB Bayesian optimization hyperband

Data set with both missing values and categori-

Both cal features

CAD Computer-aided design

CAM Computer-aided manufacturing

CART Classification and regression tree

CASH eth;rrncl:))Fi)r:i(::i::t;ich):thm selection and hyperparam-

Cats Data set with categorical features

CMM Coordinate measuring machine

CNC Computerized numerical control

CRISP-DM .Cross-industry standard process for data min-
ing

DIN Deutsche Industrienorm ("German industry
norm®)

DPP Data preprocessing

DPSO Data pipeline and optimization

DSS Decision support system

DT Decision tree
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Il Formula Symbols and Abbreviations

Abbreviation
E
ENN
ET
FFS
GB
GIGO
GNB
GP
HB
HCF
HGB
HPO
ICA
ID
IDA
IDSS
loP
IQR
ISO
ISOMAP
IT
KDD
K-NN

LASSO

LB

LDA
LGBM

Description

Essential pipeline

Edited nearest neighbor

Extra trees (extremely randomized trees)
Forward feature selection
Gradient boosting

Garbage in, garbage out
Gaussian Naive Bayes

Gaussian Process

Hyperband

High correlation filter

Histogram gradient boosting
Hyperparameter optimization
Independent component analysis
Identifier

Intelligent discovery assistants
Intelligent decision support system
Internet of production

Interquartile range

International standard organization
Isometric feature mapping
Information technology
Knowledge discovery in databases
K-nearest neighbor

Least absolute shrinkage and selection opera-
tor

Lower bound (worst performing pipeline of the
pipeline pool)

Linear discriminant analysis

Light gradient boosting machine
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Abbreviation
LLE
LogReg
MAR
MCAR
MDS
MICE
ML
MLP
MNAR
MV
Mvs

NN

Norm

NRMSE
OEE
(O]

PC
PCA
PQ

RAM

RF

RFE

RS
SEMMA
SFE

Description

Locally linear embedding
Logistic regression

Missing at random

Missing completely at random
Multidimensional scaling
Multiple imputation by chained equations
Machine learning

Multilayer perceptron

Missing not at random
Missing value

Data set with missing values
Neural network

Data set with no missing values and no cate-
gorical features

Normalized root mean squared error
Overall equipment effectiveness
Operating system

Principal component

Principal component analysis

Product quality prediction

Quality

Recommended pipeline by the meta model
Random-access memory

Random forest

Recursive feature elimination

Random search

Sample, explore, modify, model, assess

Sequential feature elimination
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Abbreviation

SGD

SICE

SMAC
SMBO

SMOGN

SMOTE

SMOTEENN

SMOTENC

SMOTETomek
SOM

SvC

SVM

SVR

TPE

TPOT

t-SNE

uB

XGBoost

Description
Stochastic gradient descent

Single center imputation from multiple chained
equations

Sequential model-based algorithm configuration
Sequential model-based optimization

Synthetic minority over-sampling technique for
regression with gaussian noise

Synthetic minority oversampling

Synthetic minority oversampling edited nearest
neighbor

Synthetic minority oversampling nominal contin-
uous

Synthetic minority oversampling tomek
Self-organizing map

Support vector classification

Support vector machine

Support vector regression

Tree parzen estimator

Tree-based pipeline optimization tool
t-distributed stochastic neighbor embedding

Upper bound (best performing pipeline of the
pipeline pool)

Extreme gradient boosting
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1 Introduction

1.1 Initial Situation and Motivation

In the last decade, the production sector has been significantly shaped by develop-
ments towards Industry 4.0. Industry 4.0 aims at digitalizing the production by intelli-
gent networking of machines, industrial processes, and people [BUND21]. Large
amounts of data facilitate the targeted optimization of production by increasing quality,
flexibility, as well as customer satisfaction. According to a German study from 2020,
59 % of surveyed companies already have specific applications in the area of Industry
4.0 in place [BITK20].

Nowadays, the modern era of production is accompanied by an ever-increasing avail-
ability and variety of data, which serves as a backbone for successful digitalization. For
the operationalization of Industry 4.0, frameworks such as the Internet of Production
(loP) were developed, which attempts to enabling data-based decisions in production
context-dependent and in high quality. The smart data layer represents one central
element of the loP, which analyzes previously aggregated data to facilitate automated
decisions and context-specific decision support in order to eventually achieve big leaps
in efficiency or quality. [SCHM20, p. 490]

Machine learning in production

To analyze aggregated data in production efficiently, machine learning (ML) became
one of the most popular and common approaches. ML, as a subdomain and enabler
for systems of artificial intelligence (Al), offers the potential to extract information from
historical data by discovering complex patterns using more elaborate algorithms than
common analytical approaches. [WEIC19, p. 1889] These properties allow a wide ap-
plication of ML, such as for prediction, detection, or forecasting. [WUES16]

Numerous and versatile ML success stories can consequently be found in production.
Prominent examples are the prediction of product quality, optimization of process de-
signs through automated decisions in operating procedures, detection of anomalies
within machining processes like milling or drilling, predictive maintenance to be capa-
ble of predicting tool wear during turning, or redesigning products based on customer
feedbacks [KRAU19b]. Thereby, most use cases can be assigned to supervised learn-
ing and its corresponding tasks of either regression, i. e., predicting a continuous vari-
able like tolerance deviation, or classification through, e. g., classifying whether a prod-
uct is within or out of specification. The trend towards the use of ML is expected to
continue. According to a research, a global growth can be expected by 14 % until 2030,
while Germany's Al market will potentially grow by 430 billion € with manufacturing
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among the biggest beneficiaries (52 billion €) [PWC17]. In addition, discussions about
the increase of production sustainability are giving rise to further promising use cases
for the application of ML through, for instance, sustainable designs of value chains
[PWC20].

Although being widely applied, ML itself represents a highly interdisciplinary endeavor
with very complex tasks and design decisions to be made during the creation of
ML models. Figure 1-1 depicts the ML pipeline in production defined by FRYE ET AL.
including its phases and subphases, while the phase data preprocessing is highlighted
[FRYE21b]. Starting from the use case selection, data needs to be integrated and pre-
pared for further modelling. Once a performant ML model is trained and tested, it can
be deployed in the production environment and eventually certified. During the creation
of performant ML models, different disciplines and competencies like production, IT
and data science experts need to be involved, which are gaining mutual understanding
of data and production process throughout the ML project.

ML Pipeline in Production

Data Integration Data Preparation Modelling Deployment
IT-System Analysis 3 Algorithm Selection Deployment Design
ata T T
v Preprocessing v v
i Hyperparameter Productionizing &
Establishmentof || | Tuning Ly Testing
Data Models, A ‘ A ¢
Schema, Relationship : .
; Training Monitoring
T T
Realization of Feature Engineering v ? v
Data Integration Diagnosis Retraining
- T
4 4 v v
Use Case . e e
. Data & Process Understanding Certification
Selection
@ Production Expertise @ Data Science Expertise @ IT-System Expertise

Figure 1-1: ML pipeline in production with focus on data preprocessing modified from
[FRYE21b]

Data preprocessing

To achieve performant ML models in production, a high-quality data set is required,
which is realized through data preprocessing (DPP). DPP represents the activity of
transforming raw data of poor quality into a high-quality data set through the application
of different DPP methods. Poor data quality negatively affects the quality of any anal-
ysis, which is denoted as “garbage in, garbage out’-principle. [GARC15, pp. 10-11]
Consequently, messy data results in financial costs. According to Gartner’s data quality
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market survey, the financial impact of poor data quality lies at around $ 15 million per
year [GART18a]. Poor data quality has the potential to ruin the vision and whole idea
of Industry 4.0, which is to support in data driven decision making. For ML, one of the
main reasons why projects fail can be attributed to poor data quality. [GART18b] Based
on these examples, it can be concluded that DPP is essential for company’s success
and reputation.

Raw tabular data generated in production exhibits very different kinds of quality issues,
making DPP a complex and mainly manual undertaking, as DPP must be tailored to
the quality issue at hand. For instance, in case of the presence of noise in form of
missing data, outliers, or duplicates, data needs to be cleaned. Categorical features,
skewed data, and data within different ranges require data transformation for the cre-
ation of performant ML models. Since data can be high-dimensional with correlated
and unimportant features, data needs to be reduced. Data augmentation and balancing
are applied in case of having too few instances or a class imbalance of the target var-
iable in a classification task. [GARC15, p. 11] Ultimately, DPP can be divided into the
steps of cleaning, transformation, reduction as well as augmentation and balancing
[BURD20], [SLIJ20], [FRYEZ20]. In practice, multiple data quality issues need to be ad-
dressed by DPP resulting in DPP methods, which need to be interconnected appropri-
ately into DPP pipelines. [FRYE20]

Selection of data preprocessing (DPP) pipelines in production

Despite the classification of DPP in respective steps, choosing DPP methods and con-
figuring them into pipelines suitable for the specific use case is one of the fundamental
challenges data scientists face in ML projects [PYLE99, p. 87]. The challenges can be
classified by the data set properties, ML algorithms, high number of available
DPP methods, and conditionality of DPP methods, as well as production characteris-
tics.

Data set properties such as data set size influence the choice of DPP methods. For
instance, missing values or categorical features highly influence the selection of
DPP methods and its subsequent combination into a DPP pipeline. Here, choosing a
DPP method to encode categorical columns has a large impact on the resulting data
set and thus on ML performance. A tabular data set of a milling process serves as an
example for showing the complexity of DPP, in which material to be cut can be either
three different titanium, or two different nickel alloys. Applying a OneHotEncoder re-
sults in a data set with an increase of four additional, sparse columns, while a LabelEn-
coder retains the number of columns by replacing categories through ordered number-
ing. While the increase of features may result in a too sparse data set and poor
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ML model performance, encoding nominal categories in an ordered manner yields to
misinterpretations by the ML algorithm. [POTD17, p. 7]

Besides data set characteristics, ML algorithms place requirements on DPP. For in-
stance, decision tree (DT) algorithms do not perform well in the presence of missing
values (MVs), making it important to handle MVs prior to ML model training [KHOS20].
Artificial neural networks (ANNSs) require only numerical data and cannot be executed
in case of categorical columns [GARC15, p. 4]. In practice, there are hundreds of
DPP methods from which the most suitable ones need to be implemented. Different
DPP methods intended to aim for the same purpose may lead to different ML perfor-
mance as shown in the milling example. The complexity and selection possibilities in-
crease further when combining methods to DPP pipelines. [GERO18, p. 36] At the
same time, conditionality, and mutual influence of different DPP methods need to be
considered during the configuration of DPP pipelines. For instance, when selecting a
principal component analysis (PCA) for reducing data set’s dimensionality, data needs
to be scaled beforehand [PULA20]. Lastly, as for ML algorithms, DPP methods are
dependent on their hyperparameters, which needs to be set prior to the execution of
the pipeline.

The production domain place further requirements on DPP. One crucial requirement is
the necessity of overall performant DPP pipelines to be executed for production use
cases. Computing times should further be within a manageable amount of time and
DPP methods being applied may be explainable. In addition, the computing platform
being used in terms of operating system, number of cores and random-access memory
(RAM) available pose requirements, which should be considered when selecting
DPP pipelines for a given production use case. [GARC15, pp. 3-5]

Due to manifold challenges, DPP is nowadays performed manually via trial and error
by data scientists, yielding to the fact that DPP accounts for approximately 80 % of the
time needed to conduct ML projects. [GABE17] Identifying DPP pipelines is additionally
challenging for production experts, as they do not possess knowledge and expertise
about determining suitable DPP pipelines. For these reasons, a decision support sys-
tem is required, which recommends most suitable DPP pipelines for given production
use cases.

As of now, many approaches have been introduced that aims at supporting the selec-
tion of DPP methods or even pipelines. Approaches developed by BILALLI ET AL. or
BERTI-EQUILLE support the identification of DPP methods and pipelines [BILA18],
[BERT19]. However, the assessed DPP methods are often limited to individual DPP
steps, and do not consider production-specific requirements. Therefore, a decision
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support system is needed, which proposes most suitable DPP pipelines for production
use cases.

1.2 Problem Statement, Thesis Goal, and Research Questions

DPP fundamentally influences the quality of the data set as well as ML model perfor-
mance, while being a tedious and non-reproducible task. The process of identifying
suitable DPP methods and combining them into DPP pipelines poses a major chal-
lenge. Thus, the practical problem can be stated as the unavailability of a system that
supports data scientists and production experts in selecting suitable DPP pipelines
depending on production use case requirements. From the practical problem, the the-
oretical and scientific need can be derived, which comprises a decision support system
that recommends suitable DPP pipelines given the characteristics of production use
cases.

Therefore, the goal of this thesis is the development of a decision support system for
recommending DPP pipelines for ML applications in production. Consequently, the
main research question (MRQ) can be formulated as follows:

MRQ Can a decision support system be developed that supports in recom-
mending DPP pipelines for ML applications in production?

To answer the main research question, the following sub research questions (SRQ)
are derived and need to be answered. Respective chapters of this thesis are provided
in brackets:

SRQ 1 Which requirements need to be met by the decision support system for
recommending DPP pipelines? (Chapter 3.1)

SRQ 2 Which approaches and technologies can serve as a basis for the devel-
opment of a decision support system? (Chapter 3.2)

SRQ 3 Which core components can form a decision support system for recom-
mending DPP pipelines in production (Chapter 4.1)?

SRQ 4 Which DPP methods are most suitable for preprocessing production data
and how can DPP methods suitably be configured into DPP pipelines
(Chapter 4.2)?

SRQ 5 How can the components of the decision support system be set up?
(Chapter 4.2, Chapter 4.2.4, Chapter 4.4)
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1.3 Research Approach

The research approach in this thesis can be classified in the scientific landscape pro-
vided by ULRICH [ULRI76, p. 305] Referring to Figure 1-2, ULRICH distinguishes be-
tween formal and empirical science. Formal sciences focus on the construction of sign
systems, to which philosophy, logic, or mathematics contribute to. Empirical sciences
can either follow a theoretical or practical goal. Theoretical procedures can be as-
signed to fundamental sciences, in which empirical details of reality are explained.

Science
I
v v
Formal Sciences . Empirical Sciences .
Theoretical goal [ Practical goal
A7 v
Fundamental Sciences Practical Sciences
Construction of | _ - Explanation of empirical ____ 0 Analysis of action
sign systems details of reality alternatives
T D Engineering Sciences U
Philosophy, logic,
mathematics Natural Sciences @ ~----- Social Sciences

Figure 1-2: Classification of sciences according to ULRICH [ULRI76, p. 305]

When following a practical goal, practical or applied sciences analyze human action
alternatives. Since fundamental and practical sciences cannot be clearly separated in
practice, engineering sciences can be assigned between the two research fields as
engineering sciences contribute to both basic and application-oriented research, in-
volving both natural and social sciences. [ULRI76, p. 305] This thesis can be assigned
to engineering science, while focusing on applied science, which is built on technically
oriented basis [CZICO08, p. 13]. Since the goal of this work is to develop a decision
support system for recommending DPP pipelines, the research stems from a practical
context, as it is obligatory for practical sciences [ULRI81, p. 10]. In addition, the thesis
aims at solving decision-making problems through knowledge extraction, which repre-
sents the most important objective in applied sciences according to KusiCEK [KUBI77,
p. 5].

The thesis structure refers to the seven steps of ULRICH’S research approach, which is
shown in Figure 1-3 [ULRI81, p. 20]. As a first step, the practical problem is determined,
which is covered in the introduction and detailed in the fundamentals of this thesis
Chapter 1 and Chapter 2. From there, the main research question is derived and con-
firmed. Afterwards, according to ULRICH, problem-related theories are interpreted as
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well as hypotheses from both empirical fundamental sciences identified, which serve
as basis for classifying and specifying the practical problem. These activities are cov-
ered in Chapter 2, in which fundamentals as well as requirements in the recommenda-
tion of DPP pipelines for ML applications in production are discussed. Additionally,
problem-related approaches to solve the practical problem are specified and distin-
guished from the present thesis in Chapter 3, based on which the further actions are
deduced.

Research procedure according to ULRICH Thesis Structure
1. Identification and typing of practical problems 1. Introduction

2. Identification & interpretation of problem-related theories

& hypotheses from empirical fundamental sciences 2. Fundamentals

3. Identification and specification of problem-related 3. Requirements and
approaches of formal sciences Existing Approaches

4. Identification and examination of the relevant

application context 4. Development of a

5. Deduction of assessment criteria, design rules and Recommendation System

models

5. Verification and

6. Test of rules and models in the context of application Validation

7. Practice consultancy — 6. Conclusion and Outlook

Figure 1-3: Thesis structure according to the research approach by Ulrich

Based on the resulting need for research (Chapter 3.2) and the requirements (Chap-
ter 3.1), the decision support system for proposing suitable DPP pipelines in production
is developed in Chapter 4 that is capable of being implemented in real applications in
production. In particular, the main chapter proceeds according to the method of action
research introduced by LEWIN, which states that results obtained are already consid-
ered during development and put into practice [LEWI46]. In this regard, the develop-
ment of the decision support system is characterized by the continuous acquisition of
information, constant scrutinizing, and practical actions. Through the continuous crea-
tion of data within the development, knowledge is gained, which serves the develop-
ment of the decision support system and thus generates implementable solutions for
the practical problem (Chapter 4). [MAYRO02, pp. 51-54] After the development, the
decision support system is verified and validated in the context of the application and
optimized based on the findings (Chapter 5). Then, the results of the decision support
system are critically discussed in Chapter 6. The thesis ends with a summary and an
outlook providing practical consultancy to the science community (Chapter 7).
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2 Fundamentals in the Recommendation of DPP Pipe-
lines for ML Applications

The fundamentals in the recommendation of DPP pipelines for ML applications in pro-
duction first classifies different applications and use cases of ML in production (Chap-
ter 2.1). Subsequently, existing process models for conducting ML projects are dis-
cussed, in which DPP is classified (Chapter 2.2). ML is further introduced, in which the
robustness of ML algorithms against data set properties is presented (Chapter 2.3). A
deep dive is made into DPP, underlining the importance of DPP, introducing production
data characteristics and its requirements on DPP. In addition, DPP methods are de-
tailed and the creation of DPP pipelines discussed (Chapter 2.4). Chapter 2.5 deals
with the fundamentals of decision support systems to be used or adopted for the rec-
ommendation of DPP pipelines. The chapter ends with an interim conclusion (Chap-
ter 2.6).

2.1 Machine Learning Applications in Production

In general, many versatile ML applications and use cases exist in production. The dif-
ferent use cases can be classified in application areas and corresponding applications
according to Figure 2-1, which is modified and detailed from KRAUR ET AL. and based
on several surveys [GEIS17], [TATA14], [GURS16], [HARDO6], [MCKI17], [MCKI16],
[TATA13], [WANG18], [KRAU19b], [WUES16]. The application areas can be divided
into machines and assets, product, and process. In case of the application area pro-
cess, applications of process design, process management, routing & scheduling, as
well as predictive process control can be assigned. Exemplary use cases are provided
for every application. For instance, routing and scheduling can be optimized through
the ML based prediction of lead times, while the decision about repairing or buying new
spare parts can be automated using ML [LANG18], [GYUL18]. In case of the applica-
tion area machines and assets, system and machine anomalies, or machine faults can
be classified, and tool wear predicted [LIND19]. Products can be further developed
based on customer feedback [ZHAN21].

In practice, the overview shown is subject to constant expansion due to the broad and
increasing use of ML [PWC20]. Political and social developments substantially influ-
ence the production sector. The urge towards more sustainability forces the creation
of new products. Wind turbines, photovoltaic systems, electric or hydrogen-based mo-
bility can only be realized in case of highly scaled production. ML is a key enabler for
optimizing and scaling up whole productions and is nowadays already considered in
the development phase of new factories. [MCKI21], [HARV21] Consequently, ML use
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cases are about to increase in upcoming years and Figure 2-1 only provides an excerpt
of real-world applications in production. The ML use cases can thereby be based on
different data types, which can be, for instance, tabular, image, or text data. Due to the
high amount of use cases in production with tabular data, the focus lies on tabular data
in the remainder of this thesis.

Sustainable value Machine use Product testing
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’ Path planning ‘ ’ Scrap management ‘ ’Resource optlmlzatlon‘ —_—— T
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Figure 2-1: Application areas, applications, and exemplary use cases of ML in produc-
tion according to [KRAU19b]

Different use cases, which can be seen in Figure 2-1, can also be combined. Product
quality prediction can be used for an optimization of routing and scheduling. The output
of the ML model to forecast the expected quality can trigger a rescheduling, based on
which machine’s overall equipment effectiveness (OEE) can be predicted for future
products. [FRYE21c]

Many different ML use cases can also be realized within only one production use case.
Therefore, a production use case is presented in the following, which illustrates the
diverse applicability of ML but also focuses on four representative and very common
ML use cases in production. In addition, the importance of DPP is already outlined.
The milling process of blade integrated disks (“Blisk”) is used, in which ML use cases
are shown that can be also transferred to various production use cases. Blisks are
used in high- and low-pressure compressors of aircraft engines. Conventionally, Blisks
are produced using a 5-axis CNC milling machine. As a first step, the machine program
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is created and optimized through planning using computer aided manufacturing (CAM).
Secondly, the work piece, which has previously been turned to size, is machined in a
milling process, and thirdly inspected on the coordinate measuring machine (CMM) to
determine the profile deviations of the Blisk. Figure 2-2 summarizes the process sche-
matically. Four use cases can be derived underlining the potentials of ML in production:
process design through the prediction of tool path deviation (1), predictive maintenance
through the prediction of the remaining useful lifetime of the tool (2), prediction of pro-
cess parameters by forecasting the sound pressure level during cutting (3), and prod-
uct quality prediction by predicting the profile deviation using process data (4).

1]
§ ;&, Planning | Cutting process N Inspection
6.9 @ CAD / CAM 5 axis milling machine CMM
""""""""""""" B
3
o2 Tool path deviation Tool_w_ear Process Produc_t q_uallty
S o ) prediction parameter prediction
§ 2 prediction (3) (4)
CAD = Computer-aided design CMM = Coordinate measuring machine

CAM = Computer-aided manufacturing

Figure 2-2: Representative ML use cases assigned to process steps of Blisk milling

(1) Tool path deviation (process design — process)

The adherence to the tool path during milling determines tolerance deviations as well
as process stability. During CAM planning, the tool path is defined so that maximum
quality can be ensured during machining. However, inaccuracies occur during machin-
ing due to tool deflection, workpiece deflection, and vibration. Therefore, the goal of
the ML application is to predict the deviation of the tool path based on planning data to
adjust the output parameters already in the planning phase in such a way to ensure
high quality. [ICTM21] Tool path compensation strategies can thereby be found in lit-
erature [AKRI19].

Independent variables consist of the axis data and milling setting parameters, which
are in the work piece coordinate system. The target variable is the toolpath deviation,
which is calculated from the axis data in the machine coordinate system. In addition,
machine parameters are sampled at a different frequency than is available through
CAM planning. In the prediction of tool path deviation, the features of CAM planning
are in different scales, while high number of features need to be selected.
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(2) Tool wear prediction (predictive maintenance — machines and assets)

During milling, the tool is subject to continuous wear. Experiments have shown that
tool wear has a significant influence on the final quality of the product. Tool wear in-
creases degressively at the beginning, then linearly and progressively at the end of the
lifetime as illustrated in Figure 2-3 [KLOCO08, p. 263]. At the end, tool breakage occurs.
While linear tool wear is natural and enables a stable process, severe tool wear at the
end of the service life has a poor influence on the final quality. Therefore, it is desirable
to be able to determine when the tool needs to be replaced in advance to ensure quality
and increase efficiency. [HOLS21], [VENK14]

A
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Figure 2-3: Schematic representation of the tool life according to [KLOCO08, p. 263] and
remaining useful lifetime (RUL)

Based on the process data of the milling process, the tool wear can be concluded. In
practice, the wear mark width is measured to determine the tool wear. The challenge
with this application is that only very few events of high tool wear are available, which
are to be matched with a high amount of process data. This imbalance of data is a
common problem with production data. [FRYEZ20]

(3) Process parameter prediction (predictive process control — process)

During milling, if a multiple of the natural frequency of the component is met, vibrations
can lead to large profile deviations and poor surface finishes. Figure 2-4 illustrates the
prediction of the sound pressure level to capture vibrations.
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Figure 2-4: lllustration of prediction of process parameters, here sound pressure level
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Vibrations can be detected via microphones or acceleration sensors and prevented by
adjusting machine parameters, such as spindle speed or feed rate. The aim is there-
fore to predict vibrations during the process, based on which machine parameters can
be adjusted. The target variable is then the sound pressure level, which is recorded
over time. [SAAD18], [CHEN17], [VENK14]

To capture the vibrations, a frequency needs to be acquired that is significantly higher
than the frequency of the machine sampling rate. This results in the machine sampling
at a frequency of 100 Hz, while the microphone samples at a frequency of 25 kHz. This
means that the machine data must be augmented to the frequency of the microphone
or the frequency decreased to the machine data [FRYE19].

(4) Product quality prediction (predictive process control — process)

In practice, measuring the profile deviations of milled blisks takes several hours. Ac-
quired process data during milling, such as accelerations or axis data, can provide
information about profile deviations. Therefore, the goal is to predict profile deviations
based on process data and thus to inspect only those areas that show anomalies in
the process data. [CHIU17], [PFIR19], [CHEN17]

In this case, input features are process variables such as accelerations, which are
available in machine coordinate system. On the contrary, the dependent variable rep-
resents the profile deviation in the CMM in a different coordinate system. Therefore,
data needs to be transformed in a unique coordinate system to predict the product
quality.

Interim conclusion

The presented ML use cases for Blisk milling can be transferred to further processes
such as milling, turning, drilling, or electrical discharge machining. For these use cases,
several data quality issues can be found that need to be addressed during DPP.
[WUES16], [KOKS11], [WEIC19], [KIM18] The presented use cases consider tabular
data sets, while image or text data can also be found in production. However, in this
work, the focus is put on tabular data sets due to the high number of ML use cases in
production based on tabular production data from processes, machines, or quality in-
spections. To implement ML use cases successfully in production, process models
have been developed, which are presented in Chapter 2.2.

2.2 Process Models for Conducting Machine Learning Projects

To successfully conduct data-driven projects in general, generic guidelines have been
developed in the past that show the process of extracting knowledge from data in a
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stepwise approach. Most known frameworks range from knowledge discovery in data-
bases (KDD), over sample, explore, modify, model, and assess (SEMMA) to cross-
industry standard process for data mining (CRISP-DM). [FAYY96], [CHAPOO], [SAS22]
In total, all approaches exhibit generic approaches, which are less tailored to produc-
tion characteristics.

The key role in the implementation of ML projects is assigned to data scientists. While
data scientists interpret data by using statistical methods to assist within a business
and its decision making process, further expertise is demanded particularly in produc-
tion [DHAR13]. Domain experts support the data scientist during the creation of
ML models and especially DPP. Here, the support of process experts is manifold:

- Interpretation of process, product, and production data

- ldentification of most suitable features based on their experience

- Support in the conjunction of different data sources

- Validation and interpretation of data analysis results

- Implicit guidance of ML process due to the requirement of using transparent
DPP methods and ML algorithms

- User-centric view, i. e., providing a direction on how data and results should be
stored and saved for an efficient use on the long term

To consider the production related requirements and different expertise, the ML pipe-
line referring to Figure 1-1 has been developed. The ML pipeline for production con-
sists of use case selection, integration and preparation of data, modelling, deployment,
and subsequent certification. In the following, all steps are briefly introduced highlight-
ing different expertise that are required according to FRYE ET AL. [FRYE218B].

ML use case selection

The first step of a ML project consists of the selection of suitable use cases. By con-
sidering profitability, strategic relevance, stakeholder commitment of the use case, ex-
isting infrastructure at hand, and data set, suitable ML use cases can be prioritized.
Different stakeholders are already involved within the use case selection to determine
the feasibility of corresponding use cases. The output are one or more selected ML use
cases.

Data integration

Starting from prioritized ML use cases, data in general needs to be integrated from
different sources. Combining data from different sources requires experts from IT, pro-
duction and data science. IT experts possess the knowledge about general IT archi-
tecture, a production expert knows which data needs to be used, and the data scientist
knows how the data should be used. Therefore, the first step of integrating data is the
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analysis of IT systems at hand, based on which data models, schema and relationships
are established. In case the sources contain different frequencies and time stamps,
data also needs to be synchronized prior to data preparation [FRYE20]. Ultimately,
data integration is realized.

Data preparation

Before modelling, data needs to be prepared to create a high-quality data set. Inte-
grated data usually still consist of versatile data quality issues such as missing values
or duplicated rows that needs to be addressed during data preparation. Preparing data
can be subdivided into data preprocessing (DPP) and feature engineering. While pre-
processing data consists of the manipulation of data using DPP methods to achieve a
high-quality data set, feature engineering focuses on feature creation through produc-
tion expertise. As mentioned in Chapter 1.1, the focus in this thesis lies on supporting
different disciplines, i. e., production experts as well as data scientists, in the selection
of DPP methods. The output of data preparation is a high-quality data set ready for
modelling.

Modelling

Based on a high-quality data set, suitable ML algorithms are to be selected. Production
experts influence the choice of algorithms in terms of transparency, complexity, and
computing times. Further, the selection of ML algorithms is mainly driven by the learn-
ing approach and learning task at hand, requirement of performance, speed and ex-
plainability [KRAU19a]. During training, ML algorithm’s hyperparameters are tuned to
fit the model to the data. The performance of the ML model is eventually assessed on
test data by corresponding metrics. In practice, the steps of data preparation and mod-
elling are highly iterative. After a basic data preparation, baseline ML algorithms are
trained to identify the complexity of the underlying problem. Afterwards, DPP is ex-
tended, and more sophisticated ML algorithms are implemented if required. Within data
preparation and modelling, mutual information exchange is fostered and necessary
between the different experts to achieve best performing results, which is represented
by data and process understanding in Figure 1-1. The output of the modelling phase
represents a performant ML model.

Deployment

Performant ML models only add value to manufacturing companies if they are de-
ployed and operated in production. In a first subphase, the deployment needs to be
designed since ML models can be used for automated decision-making, but also for
supporting decisions on the shop floor. Several ML models can be deployed dependent
on the use case, in a shadow, canary release, online, or competing design [SAMI19b].
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Subsequently, the software system including ML models can be productionized and
tested following the methodology provided by DevOps [KIM16]. After deployment and
during operation, the ML model is prone to degradation due to data drift. Therefore,
monitoring the software system and its embedded ML models need to be ensured.
Based on retraining mechanism, for instance, scheduled or based on a degradation
threshold, the performance of ML models can further be optimized or retained.
[SAMI19a] Output of this phase is the deployed software system with embedded
ML models in operation.

Certification

Lastly, the software system including ML models can be certified. Certification com-
prises the determination of robustness in case of new input data within same distribu-
tions and corresponding similar output, explainability of ML model decisions, robust-
ness if new input data exhibits different data distribution [MOLN22]. Certifying ML sys-
tems also require the contact of relevant certification organizations that accompany in
the development of a certification strategy and conducts pre and final audits for certi-
fying ML systems eventually. [BRAN19]

Consequently, the implementation of ML in production follows a standard procedure
on a high level with complex tasks, iterative steps, and many disciplines. Since the
focus of this thesis lies on preprocessing tabular data for ML applications, ML, its al-
gorithms, and the robustness of ML algorithms against data set properties are dis-
cussed in detail in Chapter 2.3.

2.3 Machine Learning

The principle of ML, “[...] which gives computers the ability to learn without being ex-
plicitly programmed” was first introduced and spread by Arthur Lee Samuel in 1959
[SAMUS9, pp. 210-229]. While an algorithm executes deterministic instructions based
on input data to generate an output, ML algorithms create mathematical models for
generalizing data patterns, or extract knowledge by automatically improving perfor-
mance through experience [MITC97], [SUTH16, p. 123].

2.3.1 Machine Learning Approaches

In general, ML can be subdivided in three different types defined by the learning ap-
proach: supervised, unsupervised, and reinforcement learning [WUES16, p. 10]. The
three categories are described in more detail in the following.
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Supervised learning

In supervised learning, input-output pairs are available, in which ML algorithms predict
labels of the data set. A set of independent variables (x), called features, attributes, or
dimensions, represents the input, while the output is the dependent variable (y), which
is also called label or target variable. Supervised learning is characterized through the
knowledge about the label. [GERO18, p. 38] ML algorithms in supervised learning then
aims at determining the best possible approximation of the function f(x) =y
[RUSS10, p. 695]. Ultimately, the performance of trained ML models is assessed using
new unseen test data. In production, supervised learning algorithms are most often
applied. [WUES16]

Unsupervised learning

If no target variable is given when training ML algorithms, the approach can be as-
signed to unsupervised learning. Unsupervised learning aims at grouping existing data
to extract information and patterns. [HAN12, p. 25] To group data successfully, clus-
tering algorithms are commonly used, which are especially suitable for visualization
purposes [BISHO6, p. 3], [AWAD15, p. 4]. According to GE ET AL., supervised and un-
supervised learning are most applications in the industrial sector covering 80 — 90 %
of all applications [GE17, p. 20594].

Reinforcement learning

In reinforcement learning, an agent attempts to successfully proceed in an environment
by a set of actions. Depending on the success, the agent receives positive answers,
denoted as reward, or a punishment in case of negative feedback. Through learning a
strategy to optimize his set of actions within the environment, the agent aims at max-
imizing the reward. [MITC97], [FLAC12, p. 360] For production, reinforcement learning
is mainly applied to the field of robotics [GE17]. However, new applications can be
found in the field of routing and scheduling [WASC18].

Since supervised learning is commonly applied, the thesis focuses on supervised
learning algorithms for the ML applications in production, which will be detailed in the
following subchapter. However, DPP methods can also comprise unsupervised learn-
ing approaches, which will be detailed in Chapter 2.4.3.

2.3.2 Supervised Learning

In the following, supervised learning is classified. Secondly, the training process and
cost functions dependent on corresponding learning tasks are described before intro-
ducing the training algorithm for supervised learning.
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Learning tasks in supervised learning

In supervised learning, ML algorithms are trained to generalize on previously unseen
data by discovering patterns between input-output pairs [BISHO6]. The tasks within

supervised learning can be distinguished into either classification or regression, which
are represented in Figure 2-5 and described in detail below [SMOLO0S, pp. 9-11].

Classification Regression

In Spec. 20 pm

Opm 40um

Figure 2-5: Supervised learning tasks: classification (left), regression (right)

In classification, labels are part of a finite number of discrete categories. The
challenge lies in the identification to which category a given observation of de-
pendent variables belongs. If the target variable contains two categories, a bi-
nary classification is present. A multi class classification needs to be performed,
if more than two categories are available in the target feature. [GERO18] A typ-
ical classification use case can be found in the product quality prediction, as
detailed for the Blisk use case in Chapter 2.1. Here, the product can either be
within or out of specification, representing a two-class classification. In practice,
since profile deviation can be classified in more categories than good or bad, a
multi class classification is followed.

Regression comprises the task of estimating a continuous, real-valued variable
based on input features. [SMOLO08, pp. 9-11] According to the Blisk example in
Chapter 2.1, the prediction of the remaining useful lifetime of the cutting tool
represents a regression task, since the output, e. g., 7 cycles or 10.52 min, ex-
hibits continuous data. In addition, regression tasks can also be transferred into
a classification task by classifying the output using pre-defined threshold values.
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Introduction of training, validation and testing

Prior to training, the entire data set needs to be split into a training and a test data set.
Typical splits are 70 % until 80 % of training data, and 30 % or 20 % of test data, re-
spectively. [MURP12, p. 23] Thereby, the test data is unseen during training to identify
ML model performance in real applications. The entire process is depicted in Figure
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Figure 2-6: Principle of training, validation, and testing in supervised learning

For training, a suitable ML algorithm needs to be selected under consideration of
speed, explainability, and performance [KRAU19a, pp. 52-54]. Within training, inter-
mediate assessments of the ML model can be conducted through validation. Common
approaches are k-fold cross validation or leave one out cross validation. [WITTO05, p.
150] The resulting performance of the trained ML model is tested. Based on the
ML model performance, the model can further be optimized. [FLAC12, p. 349].

Bias variance tradeoff

When selecting ML algorithms and given the quality of the data set at hand, the bias
variance tradeoff needs to be considered. Figure 2-7 illustrates the bias variance
tradeoff based on different complexities of trained ML models.
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Figure 2-7: Visualization of the bias variance tradeoff
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In case ML algorithms are too complex, the bias would be low, and variance of the
model would be high. This scenario is called overfitting. In the situation, where variance
can be low, and bias high, underfitting appears. The goal is to find ML models that
generalize well on the data. [KOHA96] Besides the complexity of ML models, data
quality plays a crucial role to prevent over- and underfitting during modelling. Noise in
the data influences how a model generalizes on the data. In addition, the bias variance
tradeoff shows the dependencies between data quality, DPP, and ML algorithm selec-
tion. This impact is discussed in detail in Chapter 2.4.3 and Chapter 2.4 .4.

Loss functions and training ML algorithms

Training supervised learning algorithms represent an optimization problem that can be
defined mathematically. Based on the input features and the target variable, a model
is to be found, which minimizes an approximation error. If X is the data set
with X = {x}, 71}, then x! € RM represents the input vector of M dimensions and r!
is the target value, while i represents the instance from N instances in the data set.
Given x!, ML algorithms train a model aiming at identifying patterns to depict the rela-
tionship between x! and r! by generating the prediction #! = f(x!|6). The parameter 6
represents the parameters of the trained ML model. To define the performance of an
ML model, a loss function Loss() needs to be defined, which uses the actual output
and prediction of the ML model. When applying the loss function, the difference be-
tween the actual output and prediction, i. e., the Error(), can be determined. Ulti-
mately, the loss can be calculated given the model and input data set as stated in
Equation (2-1). [DEIS21, p. 260], [ALPA14, pp. 21-27]

Error(81X) = ) Loss(r', f(x'16)) (2-1)

Due to the assumption of statistically independent input parameters x!, the loss is av-
eraged over N training examples. For classification, the most common loss function is
the cross-entropy loss, which increases if the predicted probability diverges from the
actual label. Thereby, cross-entropy, log loss, and negative log-likelihood are used in-
terchangeably in classification tasks. [MURP12, p. 246] The lower the discrepancy, the
higher is the learning progress of the model [SMOLO08, p. 91]. In case of regression,
mean squared error, quadratic loss or L2 loss are most often applied as loss function.
Mean squared error is calculated through averaging squared deviations of actual out-
puts with predictions, while covering error magnitude, but ignoring its directions. Outli-
ers are disproportionally high penalized due to squaring deviations. [BISHO6, pp. 46-
48] Ultimately, by minimizing the corresponding loss function of either classification or
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regression, the optimal parameters 6*of the ML model are found in an iterative training
process according to Equation (2-2).

0* = argmin Error(0|X) (2-2)
0

To minimize the loss function and, thus, to find optimal model parameters, different
training strategies are followed that are given by the nature of the underlying ML algo-
rithm. The most common training algorithm is the gradient descent, which aims at op-
timizing the parameters during training by iteratively minimizing the error of the
ML model using the loss function. Thus, partial derivates are calculated to move in the
direction of most negative slope, i. e., to the minimum of the loss. [GOOD16, pp. 82-
86] Besides mini-batch or batch gradient descent, which involves the sub sets or the
whole data set, stochastic gradient descent (SGD) only selects one instance per itera-
tion randomly. SGD exhibits less computing time for larger data sets. [SERO18, p.
119] In addition to the gradient decent, ML algorithms such as decision tree apply spe-
cific metrics like information gain or Gini index to split the input features to reduce the
loss. Lastly, ML algorithms do not require training in case of the application of deter-
ministic computations as it applies for k-nearest neighbor [WITTO05, pp. 235-236].
Every training has in common that the exploitation can be stuck in local optima. To be
able to also explore the search space in better optima, hyperparameter optimization
can be applied [FEUR19, p. 9].

Hyperparameter optimization

Within the training phase of ML algorithms, hyperparameters can be optimized. Every
ML algorithm contains hyperparameters. For instance, the number of hidden layers or
number of neurons per layer represent two hyperparameters of a multilayer percep-
tron. According to the no free lunch theorem by WOLPERT & MACREADY, no ML algo-
rithm performs universally best to achieve the lowest error [WOLP97]. This also means
that there is not one hyperparameter setting per ML algorithm that performs universally
best. By applying cross validation, different hyperparameter settings can be tried within
training to increase the performance of the ML model. Many techniques have been
introduced for hyperparameter optimization (HPO) that can be distinguished in four
groups (see Figure 2-8). [FEUR19, pp. 3-18]

HPO can be performed through a model-free approach that carries out a full evaluation
over a previously defined grid. Basic methods are grid and random search, but also
biologically inspired algorithms such as ant colony optimization [BERG12]. When
searching over the whole configuration space is too costly, approximation based algo-
rithms such as successive halving or hyperband can be followed, which uses a portion
of the whole budget, e. g., computation time, to identify best models and increases the
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budget only on good performing ones. Besides model free approaches, Bayesian op-
timization can be applied, in which a surrogate model is used to propose the most
suitable configuration that achieves the highest information gain on the configuration
space. Examples for surrogates are Gaussian process, random forest, or tree parzen
estimator. [FEUR19, pp. 9-13] Implementation such as sequential model-based opti-
mization (SMBO) and sequential model-based algorithm configuration (SMAC) will be
discussed in Chapter 3.2.3. When model-based and approximation methods are com-
bined, a surrogate model recommends a set of configuration, in which the set is trained
on different budgets. [FEUR19, pp. 14-18]
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Figure 2-8: Classification of hyperparameter optimization techniques (excerpt taken
from [KRAU22, p. 40])

Performance metrics

To assess the performance of ML algorithms, different metrics are used for classifica-
tion and regression. The basis for the assessment builds the confusion matrix, which
refers the predictions of the model to the actual label. [SOKOO09, pp. 428-430] The
main components of the confusion matrix are briefly described and explained based
on the production use case of predicting the product quality in Blisk milling (see Chap-
ter 2.1):

- True Positives (TP): Actually positive cases are also predicted as positive cases
by the ML model. The product quality is predicted as being within specification,
which is also the case for the actual component.

- True Negative (TN): Actually negative cases are also predicted as negative
cases by the ML model. The ML model predicts that the product is out of spec-
ification, which is true.

- False Positives (FP): Actually negative cases are wrongly assigned as positive.
Although the product is out of specification, the model concludes that the com-
ponent is still within tolerances (also denoted as type 1 error)
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- False Negatives (FN): Actually positive cases are wrongly classified as nega-
tive. The product quality is within specification, however, the ML model predicts
the opposite (also known as type 2 error)

Based on the confusion matrix, different metrics can be derived, which are particularly
suitable dependent on the production use case at hand. As the most basic metric and
following Equation (2-3), accuracy calculates the share of correctly assigned classes
respective to the entire data set. [BEKK13, pp. 27-29] Since accuracy is prone to pro-
vide misleading results especially in case of imbalanced target variables, further met-
rics are used to assess the performance of ML models.

Accuracy = & (2-3)
TP+ TN+ FP + FN
Precision represents the accuracy of positive cases, while recall describes the true
positive rate, also known as sensitivity. Besides general F scores, the F1 score com-
bines both metrics through simultaneously determining the precision of the classifica-
tion and the sensitivity of the minority class, as stated in Equation (2-4). [GERO18, pp.
88-90]
F1score=2- —Preclis'ion ‘Recall ,where
Precision + Recall
(2-4)
Precision = L and Recall = L
TP + FP TP + FN

Since continuous values are predicted in regression, the assessment of the perfor-
mance of a model is conducted by measuring distances between the actual target data
and predicted values. Therefore, residues are calculated that subtracts the predicted
value y from the actual value y. Different metrics can be derived from the subtraction.
Commonly used are the mean absolute error (MAE), mean squared error (MSE) and
root mean squared error (RMSE). MAE calculates the absolute of the subtraction of
9 —y. MSE and RMSE consider larger errors in case of outliers and are therefore suit-
able for production use cases to prevent overfitting and penalize outliers. Equa-
tion (2-5) shows the mathematical formulation of RMSE. [WITTO5, pp. 177-179],
[KELL15] In practice, regression metrics are normalized based on different distribution
measures of the continuous target variable for better comparability. Examples for nor-
malizing the RMSE are the mean, range, or standard deviation. For identifying the
performance of ML algorithms, a standard deviation reveals, whether a model is capa-
ble of making more precise prediction than forecasting within the variation of target
values.
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Y@ —y)? (2-5)
n

RMSE =

Depending on the learning task and use case at hand, different ML algorithms can be
selected. Due to the no free lunch theorem as stated above, numerous ML algorithms
exist, which will be introduced in the following sub chapter. Since the focus in this thesis
lies on recommending DPP pipelines for ML applications, a focus is put on the robust-
ness of ML algorithms against data set properties.

2.3.3 Robustness of ML Algorithms Against Data Set Properties

As mentioned in Chapter 2.2, DPP and modelling are highly iterative, whereas
ML pipelines mainly contain DPP, ML algorithm selection, hyperparameter tuning and
ML model validation [TRUO19, p. 1472], [OLSO16a, pp. 1-3]. DPP is essential, since
the performance of trained ML models highly depend on data set properties [GARC15,
pp. 3-10]. The robustness of ML algorithms represents the degree on how ML algo-
rithms perform in the presence of certain data set characteristics and data quality is-
sues. [YURC21], [FERNO5, pp. 333-335] In addition, high dimensional data, imbal-
anced classes in the label, input data in different ranges, and skewed input features
affect the ML model performance. In case of either categorical features or missing
values, many ML algorithms do not work at all. [GARC15, pp. 46-54]

In conclusion, due to different levels of robustness against data quality issues, ML al-
gorithms require different forms and extents of DPP. Thus, most relevant algorithms
for production use cases are analyzed in the following. The choice of ML algorithms
that are being discussed is made under consideration of the following criteria, which
are formulated based on extensive literature research and supported by own project
experiences at Fraunhofer IPT:

- Successful application in production (see Chapter 2.1)

- Tabular data (see Chapter 2.2)

- Supervised learning (see Chapter 2.3.2)

- Mix of baseline and more complex ML algorithms

- Mix of interpretable and non-interpretable ML algorithms
- Different levels of robustness against data quality issues

Figure 2-9 shows the overview of supervised ML algorithms with the assignment to the
corresponding learning task of either classification or regression. In the following, each
supervised ML algorithm is briefly introduced. Baseline models for both classification
and regression range from decision trees (DTs), and Gaussian processes (GPs) over
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k-nearest neighbors (K-NNs) to support vector machines (SVMs). For regression, lin-
ear regression and its regularized extensions of ridge regression and elastic net rep-
resent examples. In case of classification, logistic regression, ridge classification and
Gaussian Naive Bayes are discussed. Baseline models, also called weak learners,
and ANNs can be ensembled in various forms illustrated by the arrow in Figure 2-9.
The concepts of bagging, boosting, stacking, and voting as well as its exemplary ML
algorithms will be outlined. Ultimately, the family of ANNs will be described.

Since the focus lies on recommending suitable DPP pipelines, the robustness against
data set characteristics of every ML algorithm is outlined. ML algorithms can be robust
according to the criteria of missing values, categorical features, outliers, unscaled,
skewed, high dimensional, and imbalanced data. In addition the explainability and
computational efficiency is investigated. For every criteria, it is checked if the robust-
ness against a certain data set property, explainability, and computational efficiency is
low or high. The results are subsumed in Table 2-1 and will be discussed in the follow-
ing paragraphs.

Baseline Models ANN

’ Linear regression

’ Logistic regression ‘ ’ Decision tree ‘ ’ Multilayer perceptron ‘
’ Ridge classification ‘ ’

Gaussian process ‘

Gaussian naive Support vector
bayes machine

|
’ Ridge regression ‘
Elastic net ‘

’ K nearest neighbor ‘

’ Random forest H Extra trees H AdaBoost

Decision tree, Decision tree,
- i Gradient K-NN, linear K-NN, logistic
e Regression boosting regression regression

Classification
Histogram-based
Regression & Classification gradient boosting

Figure 2-9: Supervised ML algorithms considered in this thesis

Linear regression

The principle of linear regression follows a linear combination of weighted attributes to
determine a linear relationship between independent variables to a dependent varia-
ble. The application of linear regression requires the fulfillment of various assumptions.
Samples need to be representative, while predictors should be linearly independent.
Independent variables are free of errors, whereas errors of the dependent variable are
uncorrelated. [YANG19, p. 70] The most basic linear regression model is based on
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ordinary least squares, which aims at minimizing the sum of squared differences be-
tween actual values y and predicted values ¥, so called residuals, based on good es-
timates S using gradient descent [GOOD16, p. 92]

Linear regression is extremely fast, and explainable [MOLN22]. However, in most pro-
duction use cases, the assumptions of linear regression models such as independence
of input features are not met. Further downsides are the susceptibility to overfitting for
high dimensions. [FLAC12, pp. 195-197] Since ordinary least squares are also used
to identify outliers due to its sensitivity towards outliers, when applying linear regres-
sion in the production context, outliers need to be handled accordingly [DABR20],
[GARC15, p. 3]. In addition, linear regression cannot handle missing values properly
and do not perform well in case of imbalanced data [BROW20d]. Features should be
reduced due to being prone to overfitting. [YIUT19]

Logistic regression (classification)

In contrast to linear regression, logistic regression is used for two class classification.
To map input features to a binary output, an interval [0, 1] is to be predicted by using
a logistic function. Consequently, classes are assigned to the probability.

Besides the computational efficiency, logistic regression is easily interpretable and
easy to implement [MOLNZ22]. The required DPP is comparable to linear regression.
Logistic regression is highly sensitive to outliers and ineffective when making prediction
in case of imbalanced data. High dimensional data impact the performance negatively,
while scaling is not necessarily required since it shows comparable results to perfor-
mance with scaled data [BOWN16]. As all ML algorithms, imbalanced data sets affect
the final performance of the ML model [BROW20d].

Ridge regression & ridge classification

To overcome the drawbacks of ordinary least squares regression and avoid overfitting,
regularization techniques are introduced. In general, regularization aims at reducing
the error of the model by adding further information to the model. For ridge regression,
by adding penalty terms to the error function, coefficients are shrunk by a uniform factor
to become as small as possible, i. e., close to zero. Ridge regression and classification
are easy to understand and computationally cheap ML algorithms. [BISHO6, p. 10].

Compared to logistic regression, ridge classification exhibits lower computing times.
Although being less prone to outliers, less dependent on correlated variables, prepro-
cessing the data supports in achieving data sets with higher quality. Regularizations of
ML algorithms generally lead to less DPP with respect to data reduction due to em-
bedded feature selection [LIUO8b, p. 405].
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Elastic net (regression)

To combine the application of 1 and (2 regularization, elastic nets can be used. Since
11 regularization shrinks the coefficients to zero, too many variables can be removed
from the data set. However, shrinking coefficients of sparse features to zero is desira-
ble. On the contrary, shrinking coefficients close to zero can be helpful to reinforce the
importance of different features. [FRIE10], [KIMO7]

Thus, elastic nets are used in case of multiple highly correlated features, leading to
embedded feature selection of the ML algorithm during training. Therefore, less pre-
processing is required compared to linear regression [LIUO8b, p. 405]. However, elas-
tic net suffer from noisy data.

Gaussian Naive Bayes (classification)

Another approach of mapping input data to class labels is to develop a probabilistic
model. A conditional probability model aims at estimating the conditional probability of
the class label based on the input features. The calculation of conditional probabilities
can be conducted by applying the Bayes Theorem considering joint probabilities.
[MURP12, pp. 29-30] By simplifying conditional probabilities to the assumption that
input variables are independent from each other, the calculation of probabilities be-
comes manageable [MURP12, pp. 82-83]. This simplification is referred to as Naive
Bayes and assuming a Gaussian distribution.

For these reasons, Naive Bayes requires little computing time and is explainable.
Since Gaussian distribution is applied for Naive Bayes classification, data needs to be
encoded prior to the application. Gaussian Naive Bayes (GNB) algorithms are prone
to outliers [DABR20] and perform well on unskewed data. [KOLCO5, pp. 561-565]

Gaussian process (classification & regression)

Gaussian processes (GPs) solve both classification and regression tasks and repre-
sent a generalization of the Gaussian probability distribution. Instead of describing in-
dependent variables as the Gaussian distribution does, GP considers the parameters
of the functions. [RASMO6, pp. 2-40, 79]

Due to the existence of different kernels, the performance of GP is generally high com-
pared to other baseline models, while the computing time drastically increases in case
of high dimensional data sets and explainability decreases compared to other baseline
models. In relation to DPP, high dimensional data sets should be reduced since a high
number of attributes also influences model performance. Gaussian processes require
encoding prior to the ML application, and achieve better performance in case of inde-
pendent variables being normally distributed. [MURP12, pp. 518-524]
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K-nearest neighbors (classification & regression)

K-nearest neighbor (K-NN) is designed for both regression and classification. The goal
of the distance based ML algorithm is to determine the target by considering the k
closest neighbors. In case of regression, the prediction is the average of all k-nearest
neighbors [SORJ05, p. 2]. In case of classification, the target class belongs to the ma-
jority of classes of considered k-nearest neighbors. To determine the target, a distance
metric such as Euclidean distance is used [YANG19, p. 113], [GE17, p. 20603],
[GERO18, p. 21]. K-NNss are widely applied due to its simplicity, however, are compu-
tationally expensive and not human-readable [WITTO0S5, p. 78], [YIN15].

Referring to DPP, in case of high dimensional data sets, number of features should be
reduced since distances grow as the dimensionality increases [MURP12, p. 18],
[ZHUP14, p. 23]. The drawback of being less performant on high dimensional data sets
is further amplified through the necessity of sorting learned data points by distance
[YANG19, p. 112], [ZHUP14, p. 23]. Both outliers and unscaled data deteriorate the
performance of K-NN due to its distance based metric [BHAA17, pp. 21-23], [DABR20],
[BHAN20]. In addition, K-NN poorly performs on imbalanced data sets by highly pre-
ferring the majority class [GENE18].

Support vector machines (classification & regression)

Support vector machines (SVMs) were first developed by BOSER, VAPNIK, CORTES AND
GUYON in several publications between 1992 and 1995 [BOSE92], [CORT95]. Origi-
nally, SVMs were designed for binary classification tasks. Later, modifications were
made leading to the applicability of SVMs to regression tasks. [DRUC96] Due to its
performance, applications such as condition monitoring in production can be found
[WUES16, p. 38].

SVMs are hard to interpret and training times scale cubically [KOTS07, pp. 262-264].
Especially when using complex kernels, high computational resources are required
[HAN12, p. 408], [WILLOO, p. 1]. Referring to DPP, SVMs only work with numerical
attributes, are sensitive to unscaled and imbalanced data [SOTE17], [WUO03, p. 49],
[SUNOQ9, p. 694]. SVMs exhibit good performances in case of high dimensional data
compared to aforementioned baseline models leading to less required data reduction
[CHAK19]. They are further insensitive to outliers. [DABR20], [GARC15, p. 5]

Decision tree (classification & regression)

Another statistical approach being widely used in ML is the decision tree (DT). Nowa-
days, the commonly applied implementation is the classification and regression tree
(CART) algorithm, introduced by BREIMAN ET AL. in 1984 [BREI84]. The CART algo-
rithm divides the data set into sub sets in a binary manner depending on underlying
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features. In case of classification, the leaf node represents a class, while in regression,
the predicted value is the average of all instances within this leaf. [YANG19, p. 115],
[BISHOB6, pp. 663-664]

As DTs scale linearly with the amount of features, computational efforts are relatively
low and are interpretable [MOLN22]. In general, decision trees can handle missing
values in the data, and are very robust against outliers since splitting the data does not
rely on distance measures, but even penalizes high distances for regression tasks in
case the MSE is applied [KUHN18, pp. 42, 174, 372], [ELG21], [DABR20], [JOHN95].
The influence of unscaled on the model performance is low, however, DTs tend to
overfit in case of high dimensional data [BHAN20]. As most ML algorithms, decision
trees are prone to imbalanced data [PEDR21e]. Due to the susceptibility to overfitting,
decision tree are often referred to as weak learner. Weak learner can be ensembled
to create more performant ML algorithms. Thus, in the following, the concepts of en-
sembles are introduced.

Ensemble learning

Ensemble learning aims at increasing the performance of an ML model by aggregating
outputs of several ML models to one output [GERO18, p. 183]. By combining several
weak or base learners, the bias-variance tradeoff is addressed (see Chapter 2.3.2) due
to the significant reduction of base learners’ variance, since the variance of one base
learner is statistically mitigated by the large amount of other base learners [YANG19,
p. 120], [MURP12, p. 550]. Ensembles are less prone to overfitting and obtain better
generalization compared to base learners [HAN12, pp. 379-380]. Most common ap-
proaches of ensemble learning are bagging, extremely randomized trees, boosting,
stacking, and voting that will be described in the following. While in bagging and boost-
ing, base learners are homogeneous, i. e., one kind of ML algorithm, base learners in
stacking and voting are heterogeneous. All tree-based algorithms are deemed explain-
able. [MOLN22]

Bagging - random forest (classification & regression)

Bootstrap aggregating, or short bagging, comprises the replication of the input data set
through random sampling with replacement, while each resulting bootstrap maintains
the number of instances of the input data set. [PHAMOS5, p. 10] Thus, each base model
of the ensemble receives a slightly tweaked input data set, which is used for training
the base learners resulting in different ML model outcomes. After training, outputs are
aggregated. Among aforementioned advantages, RF exhibits a high computational ef-
ficiency, since every decision tree can be run in parallel [WU18, p. 5].
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Extremely randomized trees (classification & regression)

Extremely randomized trees, short extra trees, are randomly fitted in parallel, but unlike
bagging that performs random sampling, extra trees use the whole training data set
[GEURO06]. Due to the minor changes compared to bagging, the robustness against
data set properties are comparable with decision trees, however, extra trees tend to
overfit on larger data sets [PEDR21d].

Boosting - AdaBoost (classification & regression)

In contrast to bagging, boosting algorithms do not use bootstraps from data to train
base learners in parallel, but start with one base learner and subsequently train further
base learners consecutively by considering results of previous learners [FRIEO1]. The
first boosting algorithm being capable of adapting to errors of weak learners is called
Adaptive Boosting or AdaBoost, which is built upon decision trees. In case of incorrect
model outputs, the instance receive increased weights, while correct outputs are as-
signed lower weights. [ROIG17, p. 414] AdaBoost is very prone to outliers, and imbal-
anced data [BROW20a].

Boosting - gradient boosting, XGBoost and LGBM (classification & regression)

Apart from AdaBoost, many boosting variations have been developed, mainly differing
by the method how to weight incorrect outputs of the data and by applying different
loss functions. One derivative of boosting is gradient boosting (GB). [FRIEO1, p. 2]
Inherently, GB scales linearly on the number of observations and features [FRIEO1,
pp. 36-37]. GB has proven the capability of achieving high performance in several use
cases [KUMA20, pp. 55-57], [DANG17, pp. 169-171].

Other boosting variations range from XGBoost over LightGBM to HistGradientBoost-
ing. XGBoost applies I1 and [2 regularization to improve model generalization and ac-
celerates the splits by applying stochastic gradient descent. [CHEN16] To further ac-
celerate the learning process, light gradient boosting machines (Light GBM or LGBM)
were introduced. Due to the discretization of features, LGBM performs embedded fea-
ture selection [KE17]. Thus, compared to GB, XGBoost, LGBM requires less data re-
duction.

In general, all boosting algorithms weight misclassified data points during the training
process accordingly resulting in more robustness to imbalanced data compared to
other tree based algorithms. [CHEN21], [GARC15, pp. 118-120], [BATI04, pp. 20-22].
Due to the training procedure, outliers are also stressed during fitting the model, provid-
ing more robustness against outliers [SWAL18]. However, boosting algorithms tend to
overfit on particular data sets by focusing too much on samples that are difficult to learn
[VEZHO7, p. 431], [LAUSO08, p. 147], and suffer from high dimensionality [YIUT19].
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Stacking (classification & regression)

Stacking combines multiple heterogeneous models to calculate an output. In contrast
to boosting and bagging, where predefined metrics are used for aggregating individual
model outputs, a meta model is trained in stacking to predict the final outcome
[KUMA20, pp. 57-58]. Base learners can be any ML algorithm such as decision trees,
SVMs, K-NNs or ANNs and the number of base learners can arbitrarily be set. The
meta model is often a simple ML algorithm, typically linear or logistic regression, which
aims at weighting predictions of base learners. [GERO18, pp. 200-202] The choice of
baseline models influences the necessary DPP.

Voting (classification & regression)

Voting ensembles consider the output of multiple ML models that are trained in parallel
and can be applied for both classification and regression. Baseline models should per-
form comparably well on the task to achieve overall good estimates. The necessary
DPP and the robustness against data properties are dependent on the baseline learner
being chosen.

Artificial neural networks - multilayer perceptron (classification & regression)

Artificial neural networks (ANN) comprise computational models inspired by the func-
tionality of a human brain [MITC97, p. 82]. ANNs are applicable for both classification
and regression as well as any linear or nonlinear function [GE17, p. 20601]. Every ANN
consists of n input neurons, called input layer, and m output neurons, called output
layer. There is a variable amount of hidden layers between output and input layer. For
an artificial neuron, inputs x; are received and forwarded by connections with corre-
sponding weights w;. After summing all inputs and adding a bias b to it, an activation
function o(-) is applied to incorporate nonlinearity to the function, as stated in Equa-
tion (2-6). [AWAD15, pp. 129-130], [GOOD16, pp. 171-174]

y=o0 <z w;x; + b) (2-6)

Arranging neurons of a network in a specified manner forms the architecture of ANNs.
A basic structure of an ANN is a fully connected feedforward neural network, called
multilayer perceptron (MLP), in which a variable number of hidden layers exist between
input and output layer. [YANG19, pp. 140-141], [MITC97, p. 83] Figure 2-10 shows an
example of an MLP with four layers.

In general, ANNs are widely used due to their applicability and suitability to handle
complex tasks. Hurdles of using ANNs are the complexity of the algorithm’ architecture,
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the long training times as well as the susceptibility to overfitting through the generation
of highly complex models [WUES16, pp. 36-37].

Input Layer Hidden layer 1 Hidden layer 2 Output Layer

Pressure
Temperature

Spindle Speed

Feed rate

% =sum of all inputs - weights bins o = activation function

Figure 2-10: Multilayer perceptron with four layers

ANNSs can only work with numerical data making data encoding essential prior to fitting
an ANN [GARC15, pp. 3-5]. Since ANNSs require a lot of data, augmentation and over-
sampling strategies can be followed to increase the number of instances. Also, since
many ANNs such as MLP assume normally distributed features, corresponding trans-
formers should handle the skewness during DPP. Scaling improves the performance
of MLPs [BROW19b], while MLP can handle imbalanced data sets, however, the per-
formance can be enhanced with DPP [KIBE20]. MLPs further benefit from reducing
data dimensions [SING20, pp. 1-3].

Interim conclusion

Table 2-1 summarizes the findings about the robustness of ML algorithms against dif-
ferent data set properties. Harvey balls are used to express to what extent individual
ML algorithms are robust against corresponding data set characteristics. Considered
characteristics range from outliers and unscaled data over high dimensional to imbal-
anced data. Since being deemed important in production, the findings for explainability
and computational complexity are shown.

In ML projects, python is commonly used as programming language due to having a
large community with high popularity, and offering high flexibility in model building. In
addition, sklearn is the most often applied python library when creating ML models
presented above [CLAR18]. One exception represents the application of LGBM, which
is used from the LightGBM library [MICR22]. Although by nature, some ML algorithms
can cope with the presence of missing values, or categorical features, sklearn neither
support missing values nor categorical features in the data set making it essential to
preprocess the data accordingly [KUHN18, pp. 42, 174, 372], [PEDR21e], [PEDR21b],
[PEDR21d], [PEDR21c], [PEDR21g].



2 Fundamentals in the Recommendation of DPP Pipelines for ML Applications 33

Table 2-1: Overview of robustness of ML algorithms against data quality issues
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Since sklearn is used for recommending DPP pipelines in this work, the focus of Table
2-1 lies on the robustness against data set properties given the sklearn library as basis.
When using sklearn, missing values and categorical features always need to be pre-
processed, which is why they are not depicted in Table 2-1. Harvey balls are entirely
filled if a certain algorithm is highly robust against a data quality issue, explainable or
exhibits low computational efforts. Table 2-1 emphasizes that ML algorithms cope with
data set characteristics very differently. Consequently, DPP is essential for the success
of ML projects, which is discussed in detail in Chapter 2.4.
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2.4 Data Preprocessing

Data preprocessing involves the process of applying all necessary techniques to trans-
form raw data in a high-quality data set [GARC15, p. 11]. Since it is such a crucial task
for any data driven analysis, the mandatory provision of high data quality is outlined in
the first sub chapter. Subsequently, characteristics of production data are discussed
and criteria that influence DPP examined (Chapter 2.4.2). Since there are hundreds of
methods for preprocessing tabular data, an overview and categorization are provided
on DPP methods in Chapter 2.4.3. Subsequently, design rules for creating suitable
DPP pipelines are outlined (Chapter 2.4.4).

2.4.1 Necessity of Data Preprocessing

Since data quality is such a crucial factor for data driven projects, standards have been
developed to standardize its assessment. ISO/IEC 25012 aims at identifying the de-
gree of fulfillment of data quality by defining 15 characteristics, which are categorized
in inherent, system-dependent, or in-between [ISO08]. The general recognition of the
importance of data quality is also reflected in the variety of taxonomies that have
evolved to identify data quality [WANG96], [REDM96], [APEL15]. To address the sys-
tem dependent quality characteristics of availability, portability, and recoverability, a
process-oriented approach needs to be followed requiring the analysis and adaption
of the IT infrastructure [WANG96], which is left out of consideration in this work. The
inherent data quality characteristics of accuracy, completeness, consistency, credibil-
ity, and currentness can be addressed through a data-oriented approach. This work
follows the data-oriented approach that involves DPP. Although providing a concept to
get a transparency of company’s data, a more thoroughly approach needs to be fol-
lowed for determining the data quality for ML applications. [SARF20]

In ML, poor data quality has the greatest impact on the quality of the output [REDM18].
According to KOTSIANTIS ET AL., data quality is first and foremost for every ML endeav-
ors [KOTSO06]. First, preprocessing the data ensures technical prerequisites for apply-
ing ML, i. e., DPP is an enabler for any data driven analysis. Real world raw data is
commonly incomplete and inconsistent due to the occurrence of missing values, dif-
ferent data types or high dimensionality as mentioned in Chapter 2.1 [GARC15, pp.
59, 148-149]. As shown in Chapter 2.3.3, ML algorithms require input data in specific
formats.

Preprocessing the data is thereby the key success factor for achieving high quality.
DPP has essential impact on data quality and, hence, ML model performance. Poor
data quality certainly leads to poor performance of ML models. This phenomenon is
commonly stated as “garbage in, garbage out”, so called GIGO [PYLE99, p. 26]. Even
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if an ML algorithm is able to generate results on a raw data set, results can be inaccu-
rate or illogical [GARC15, p. 11]. DPP improves both accuracy of ML models and effi-
ciency of ML model training. For instance, data set characteristics can be changed for
performance increase or the data set’s size can be reduced to decrease training times.
[GARC15, pp. 39-40] GIOVANELLI ET AL. have proven that applying DPP methods in a
sequence increases the ML model performance. [GIOV21, pp. 1-3]

In conclusion, data quality is the key factor for data driven decision making and ML.
This work focuses on inherent data quality characteristics and data-oriented improve-
ment of the quality. DPP is thereby a crucial step towards generating performant esti-
mators. For production, further characteristics and requirements apply, which will be
introduced in the following to be able to identify most suitable DPP methods.

2.4.2 Production Data Characteristics and Requirements on DPP

In production, data is obtained from different sources and can have varying forms and
characteristics [GILL21]. Sources include machine tools, processes, quality inspection,
or manual inputs. Data can come also from different production systems such as ERP,
MES or SCADA systems, referred to as automation pyramid [KIES19, p. 22]. To gain
a better understanding of which characteristics need to be addressed during DPP, the
properties of data format, and specific data set properties for tabular data are outlined
in the following. The characteristics are used to define meta features for describing
given use cases.

Data format

Production data comes in different formats and can be divided into text, image, audio,
video and database-based data. Each data format can assume different file formats.
[UNIV21] A short overview of common file formats is provided.

= Text can be presented in the form of books, emails, or documentation. Text
based data is often used in XML, PDF, HTML or plain text formats [GUPT17],
[UNIV21].

= Typical image data formats are TIFF, PNG, JPEG, BMP, GIF [UNIV21]. In mi-
croscopy, further image formats exist such as nd2 or czi.

= Digitally recorded sound is called audio and is also increasingly used in data
analysis. [SHIN20, p. 1] Popular file formats of audio data are WAVE, AIFF,
MP3, MXF and FLAC formats [GUPT17].

= In video, images and audio streams are combined with each other. Exemplary
file formats are OV, MPEG-4, AVI, MXF formats [UNIV21].

= The most common data format used for data analysis is tabular data [GODF16,
p. 2143]. Vast majority of ML algorithms require vector-based numerical data.
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For this, tabular data is particularly suitable since it can be easily split into vec-
tors. Tabular data can be found in most databases. Common file formats are
CSV, TDMS, TAB or SQL. [GUPT17], [UNIV21]

Tabular data set characteristics

Due to its increasing generation in production, the work focuses on tabular data. In the
beginning, terms for tabular data are defined. Figure 2-11 shows the naming conven-
tion of tabular data sets. To represent the dimensionalities of the data frame, meaning
number of rows and attributes, the shape of the data is investigated. While rows can
also be named as instances or observations, columns can also be stated as dimen-
sions, attributes, or variables. Features are interchangeably used with attributes, while
features are sometimes referred to the final set of attributes that is used for modelling.

(Input) features, attributes, dimensions, Dependent variable,
independent variables, columns target feature
Temp. Force Quality
ID Da Time < Header
Y [°C] IN] [
[ 4 Mon | 08:00 21 5,130 Good
Labelled
2 Tue 10:00 17 4,930 Good data
Observations,
Instances, | 3 Wed 12:00 13 4,786 Bad
Examples, Un-
Rows 4 Thu 18:00 15 4,810 ? < labelled
: : : : ; : data
9999 Fri 13:00 31 4,159 Good

Figure 2-11: Naming convention for tabular data sets

In general, data sets comprise an identifier (ID), and header. The target variable is also
called dependent variable. Data types, inner data structure, and the target variable of
tabular data will be described in more detail in the following.

Tabular data set characteristics — data type

Data types can be classified as either numerical or categorical and influence, whether
and how ML algorithms can read and process this underlying data [PYLE99, p. 53].
Each data type is introduced including its data scales in the following, which are sub-
sumed in Figure 2-12.

e (Categorical data, or qualitative data, represents categories and can be further
classified into nominal and ordinal data. Nominal data represents classes of
distinguishable objects and have no direct relation with each other. For instance,
there is no order of different production sites of a company such as Aachen,
Florianopolis, or Cuernavaca. In case of ordinal data, classes have a ranking
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and relationship. An example is the tool wear, which can be classified as high,
medium, or low. A special case of categorical data is the Boolean data type,
where the number of possible categories degenerates into two, often repre-
sented as true and false or 1 and 0. The assessment of product quality as stated
in Chapter 2.1, whether it is in specification or out of specification may be one
example for a Boolean data type. [PYLE99, pp. 53-55]

e Numerical data, or quantitative data, are numbers of an infinite range and can
further be divided into interval and ratio scale. In case of interval, numbers do
not have a natural 0 value. An example is the temperature in [°C], which can
also assume negative values. Numerical values with a natural O value are as-
signed to ratio. The spindle speed in [rpm] is one example for ratio scale.
[PYLE99, pp. 55-58]

Data Scale Definition Production Examples
.§ [ Nominal Classes of distinguishable Material:
o) objects Aluminum, Titanium
2 . Classes with a rank order Tool wear:
3 Ordinal . . } .
O m relationship Low, Medium, High
I Interval Numbers without a Date: 2020-05-07
natural 0 value Temperature: - 5.0 °C
Ratio Number with a natural 0 Weight: 2,176.7 kg
L values and unit Temperature: 270,4 K

Figure 2-12: Definition and production examples of categorical and numerical data

Besides numerical and categorical data types, further special cases are defined to
cover more specific data set characteristics. Another variant of data type is the date,
which stores a timestamp and can contain a date and time. Thereby, data points are
chronologically related to each other.

Tabular data set characteristics — inner data structure

The inner data structure can be distinguished in time-series, cross-sectional, or panel
data. Time series data represents a collection of instances for a single item at different
time intervals. For instance, data can be acquired over time in a milling process only
for one specific target variable, e. g., accelerations during machining. [BROCO02, pp. 1-
7] Cross-sectional data is an accumulation of instances for multiple items at a single
pointin time. Given the example from Chapter 2.1, another milling process at the same
time with different machine temperatures also acquires accelerations during machining
in that point in time. [SIEG12, p. 429] Panel data is a combination of time-series and
cross-sectional data by representing an accumulation of instances for multiple items at
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multiple points in time. [BUTE20] Inner data structures focused in this work are cross-
sectional, time series data as well as panel data.

Tabular data set characteristics — target variable

The target variable can assume different data types and is dependent on the learning
task. In case of classification, the label consists of categories, either ordinal or nominal.
In terms of data quality, the representation, i. e., number of instances per class, needs
to be determined. If a regression task is present, the target variable is numerical, mean-
ing either in a ratio or interval scale. In order to identify the label's quality, skewness
and kurtosis is calculated [BLAN13].

Data preprocessing requirements

Production data characteristics give insights about its quality, while placing versatile
requirements on DPP, and being highly use case specific. By nature, requirements on
DPP are not solely derived from raw data but are also influenced by robustness of
ML algorithms against data set characteristics (see Chapter 2.3.3). In total, data set
characteristics, ML algorithms, production requirements and DPP itself build four seg-
ments of influencing factors on DPP, which can be seen in Figure 2-13, and which are
introduced in detail in the following. [FRYEZ20, pp. 243-245]

Data preprocessing requirements — data set characteristics

Data preprocessing is highly influenced by data set properties, which can be very dif-
ferent over data sets. One basic property is the shape, which shows the number of
instances and features of a given data set. If the number of instances is too low, ML al-
gorithms may simply not converge during training or may not generalize well due to
the existence of too less noise. A data set with too many instances may have too much
noise. Then, selected ML algorithms only learn noise instead of memorizing key fea-
tures in the data. Having too less features in the data set may lead to a too loose
relationship between independent and dependent variables, while too many features
can exhibit highly correlated features and bias the ML algorithm. Therefore, DPP needs
to handle data set properties to ensure the correct level of noise. These design deci-
sions are directly linked with the bias variance tradeoff introduced in Chapter 2.3.2.

Typical data quality issues such as missing values, outliers, and the number of dupli-
cates, or constant features need to be handled. Referring to the data type, nominal and
ordinal features pose different requirements on DPP, since an ordinal structure of fea-
tures should remain. Different data ranges and skewed data affect DPP as well as high
dimensional, or imbalanced data.



2 Fundamentals in the Recommendation of DPP Pipelines for ML Applications

39

Data Set Machine learning Production
Characteristics algorithms requirements
Data type Essentials Explainable methods

Inner data structure
Missing values

Duplicates

Missing values
Data type
Susceptibility to

Computing time
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Random-Access

- Cardinality Outliers Memory (RAM)

- Variance of features Level of noise Operating system

- Dimensionality (e.g., duplicates)

- Skewness Data distribution

Data preprocessing
- Data range
Class balance g - Conditionality
- Data distributions Dimensionality )
Mutual influence

Balanced data

- Outliers

Figure 2-13: Four segments that influence DPP

Data set characteristics can be determined through the extraction of meta features.
Dependent on the characteristic, the meta feature acquisition can be easy, e. g., in
case of retrieving the shape, or costly, e. g., in case of calculating the distributions or
outliers for every input feature. [VANS19, p. 8] Strategies on how to address data qual-
ity issues through DPP is examined in Chapter 2.4.3.

Data preprocessing requirements — ML algorithms

ML algorithms in its common implementations require a complete data set without
missing values and solely numerical features, highlighted as essentials in Figure 2-13.
Dependent on the ML algorithm at hand, the lacking robustness against certain data
set characteristics deteriorates the performance as found in Chapter 2.3.3. Therefore,
an emphasis should be put on outliers, level of noise through constant columns or
duplicated rows, as well as ranges and distributions of data [BHAA17, pp. 21-23],
[DABR20]. Many algorithms are prone to overfitting in case of high dimensional data
and do not cope well with imbalanced data, making DPP important for quality leaps
[WUO3, p. 49], [SUNO09, p. 694], [YIUT19].

Data preprocessing requirements — production requirements

The user in production may require explainable DPP methods and ML algorithms to
be used to be capable of interpreting and understanding the outputs [BELL21, pp. 1-
10]. Based on the interpretability of DPP methods and ML algorithms, production ex-
perts can influence the creation of the ML pipeline and further optimize the outputs of
ML models [MOLNZ22]. Computing resources, i. €., the computing power, either CPU,
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or GPU, and random-access memory (RAM) may be limited in production. Thus,
DPP methods need to be computationally cheap and computing times of DPP methods
need to stay within a manageable range [KLIM21]. Here, the operating system (OS),
e. g., Windows or Linux, also can have an influence on DPP methods to be used, since
some methods are tailored for a corresponding OS.

Data preprocessing requirements — data preprocessing

When selecting and combining the large number of existing DPP methods into
DPP pipelines, conditionality and mutual influence of DPP methods need to be consid-
ered. As ML algorithms, DPP methods require specific data properties to work
properly. For instance, the application of a principal component analysis (PCA) in-
volves a prior data scaling to manage different ranges of features [FANC21, p. 7]. Fur-
thermore, different DPP methods impact each other, which can lead to DPP methods
not being executed as intended. In case a low variance filter is used, dependent on the
threshold based on which a feature is removed, a prior application of MinMaxScaler
can result in the execution of low variance filter without any impact since the
MinMaxScaler influences the variance of the feature.

These requirements shown in the four different segments need to be met when pre-
processing tabular production data. In conclusion, DPP need to:

- handle different data set characteristics such as missing values,

- consider susceptibility of ML algorithms to data set properties such as being
prone to imbalanced data by choosing corresponding methods to address the
problem,

- comply with external requirements, e.g., selecting solely explainable
DPP methods for production use cases, and

- involve a set of mutually influencing DPP methods to achieve higher ML model
performances.

To meet the requirements that are placed on DPP, many different methods have been
introduced in recent years. For that reason, Chapter 2.4.3 structures data prepro-
cessing and provides an overview of available DPP methods.

2.4.3 Data Preprocessing Methods

In the following, a structured overview about DPP methods is presented, which form
the basis of DPP pipelines. Versatile taxonomies of DPP have been developed. GAR-
CIA ET AL. developed an overview of DPP methods that are classified into data clean-
ing, data transformation, data reduction, and data integration [GARC15, pp. 11-16].
BROWNLEE distinguishes between data cleaning, feature selection, data transformation
and dimensionality reduction, while HAN ET AL. divides DPP into cleaning, integration,
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reduction as well as transformation and discretization [BROW20c], [HAN12].
FAN ET AL. proposes data cleaning, data transformation, data reduction, and data scal-
ing as DPP steps [FANC21]. ABDALLAH ET AL. additionally covers data sourcing and
integration prior to data cleaning, data transformation and data reduction [ABDA17]. In
conclusion, the presented approaches cover many steps of DPP but do not fully rep-
resent the steps to be performed in the production domain, especially in presence of
imbalanced data, while lacking a thoroughly and detailed assignment of DPP methods
to each DPP step.

FRYE & SCHMITT developed an approach considering the production domain, in which
the steps are classified into data integration & synchronization, data cleaning, data
transformation, data reduction and data augmentation & balancing (see Figure 2-14).
Due to representing an highly iterative task while being dependent on the IT experts
and according to Figure 1-1 as well as explanations in Chapter 2.2, techniques that
deal with integrating and synchronizing of data are not considered. [FRYE20]

QC = Quality Check

Data Data
Cleaning Reduction
E Dat Data
Integrated T fa B Augmentation & Preprocessed
Data ransformation e Data for

Modelling

Figure 2-14: DPP steps adapted from [FRYE20]

Based on an integrated and synchronized data set, a data quality check is initially per-
formed. Subsequently, data is cleaned by handling missing values, outliers, and noisy
data. During transformation, data can be encoded, scaled, and discretized. Skewness
handling also represents one common step when transforming data. This is followed
by reducing the data set’s shape by applying techniques from dimensionality reduction
or feature selection, and instance selection. In the next step, data is augmented to
enlarge data set size by adding further instances to the data, including balancing for
both classification and regression tasks. The result of DPP is a preprocessed data set
ready for modelling. In between, data quality is assessed through the application of
quality checks.

In practice, preprocessing data represents an iterative approach, in which the order of
methods can change dependent on the given use case, which is illustrated by the ro-
tating arrows in Figure 2-14. Each step will be described in the following by dividing it
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into subsections and depicting its purpose. Thereby, different categories are intro-
duced per DPP step. Eventually, existing and relevant DPP methods are listed and
assigned to the DPP category. For sake of a transparent overview, a long list for
DPP methods has been created according to the corresponding DPP category, which
can be taken from Annex A.1-A.4. An intensive research has brought more than 200
commonly used DPP methods. Since new methods are continuously being developed,
existing concepts transferred to new applications, the author makes no claim to com-
pleteness.

Data cleaning

Data cleaning handles missing values (MVs), outliers, and noise in the data set (see
Figure 2-15), which are outlined in the following the subsections. [GARC15, pp. 11-13]
The application of such DPP methods is necessary in production, for example, for sen-
sor or machine data. [PHAMOS5, p. 405], [SYAF18], [WUES16, p. 26].

Data Cleaning

QC = Quality Check

Data Missing Value Handling
Cleaning Outlier Handling
<> Noise Handling @ @
Integrated Data Preprocessed
Data Data for

|
<> <> Modelling

Figure 2-15: DPP categories of data cleaning

Data cleaning — missing value handling

Missing values are common in production due to artefacts from incorrect measure-
ments, sensor defects or human failure [GARC15, p. 59]. According to Chapter 2.1, an
example for incorrect measurements is the overloading of a machine tool during a cut-
ting process, which receives too much information for re-adjusting its path. This event
can result in MVs since the machine controller is prioritizing the readjustment instead
of writing information to the machine console. Human failure can occur fraudulent or
randomly by mistake. Challenges arising from MVs are generating bias, efficiency de-
crease, and problems in case ML algorithms are not capable of handling MVs.
[BARN99, p. 17]

In theory, MVs can be distinguished in three types. In case values are missing com-
pletely at random (MCAR), no reasoning can be derived from the MV’s presence. For
instance, spindle speed, drive load and temperature are acquired during machining. If
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missing values are MCAR, MVs in the feature spindle speed are not related to drive
load or temperature. Tests for identifying MCAR are Little’s MCAR test or logistic re-
gression. [LITT88, p. 1198], [SCHEOQ2, p. 154] Missing at random (MAR) values de-
pend on other feature values, i. e., the reason for the existence of a MV lies in values
of other features. The occurrence of a MV in the spindle speed can be too high tem-
peratures, which is why the sensor failed to acquire data. Missing not at random
(MNAR) applies if the cause that results in the MV is the attribute at hand. The tem-
perature sensor fails due to too high temperatures. [SWAL 18] Determining the occur-
rence of MAR and MNAR is challenging in practice. However, the treatment of MAR,
MNAR and MCAR requires different types of preprocessing methods, while every DPP
method introduces bias to some extent. As Chapter 2.3.3 reveals, ML algorithms used
in common libraries cannot handle MVs. To preprocess data respectively to their ap-
pearance, MVs can be handled by ignoring, deleting or imputing. Figure 2-16 shows
an excerpt of DPP methods according to their type of MV handling [FARHO7, p. 692],
[GARC15, pp. 63-64].

Ignore Imputation

- Do not impute / delete Imputation - Univariate Imputation - Multivariate

. - Median imputer - Linear regression

Deletion P 9
- Rows (listwise) deletion - Mean imputer - Multiple imputation by
) - Next observation chained equations
- Columns deletion
- Most frequent - K-nearest neighbor

- Missing value ratio

Figure 2-16: Classification of missing value handling and an excerpt of techniques

In case MCAR values are predominant in the data set, missing values can be ignored
if the number of MVs is low and ML algorithm handles missing values. MCAR values
can be deleted if many MVs are available. [SCHEOQ2, p. 160]. By deleting entire rows
or columns from the data set, MVs can be deleted. If MVs are spread over many col-
umns, data is imputed. Univariate imputation, e. g., Medianimputer that imputes MVs
based on the column’s median, addresses MCAR by taking into account only one col-
umn at hand. MAR values are imputed based on multivariate imputation approaches
such as K-NN imputer through consideration of different columns in parallel. Lastly,
MNAR is hardly to detect in practice and needs to be avoided since it introduces irre-
versible bias in the data set [SCHEO02, p. 154]. Handling MVs starts with the application
of simple imputing techniques and subsequent increase of methods’ complexity. A list
of 31 DPP methods for MV handling including comprehensive descriptions can be
taken from Annex A.1.
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Data cleaning — outlier handling

Outliers represent extreme values in a data set differing from surrounding data points
that stem from natural variabilities, human failures as well as errors during the record-
ing of data via sensors. [SANT17] As for MVs, outliers can be of three different types:
global, contextual, or collective [HAN12, p. 545]. The treatment of outliers thereby de-
pends again on its corresponding type [HAN12, p. 548]. Global outliers are single data
points exhibiting high distances to the rest of the distribution of the data set. Data sets
contain contextual outliers if a data point is different from the pattern of the distribution.
Collective outliers further appear in case a sub group of data points differ from the data
set. Once detected, analogous to the treatment of missing values, outliers can be either
ignored, deleted, or imputed [WILS16], [MAGA21]. As shown in Figure 2-17, outliers
can be identified in an univariate or multivariate way.

Univariate Multivariate - ML-based Multivariate - ML-based
- Box plot K-Nearest Neighbor Further ML Algorithms
- Distance based - One class-SVM
- Z-score
- Mean distance K-NN - DBSCAN
— - - Density based - HDBSCAN
Multivariate - Basis
- Global density - Autoencoders

- Scatter plot

- Chi squared test - Local outlier factor R

Figure 2-17: Classification of outlier detection and an excerpt of techniques

In practice, global outliers can be identified through simple, univariate methods such
as z score or box plot [HAN12, pp. 554-555]. Detecting contextual outliers require mul-
tivariate methods, starting from basic scatter plots up to methods that stem from ML.
For multivariate methods, a distinction can thus be made between basis, K-NN and
further ML based detection techniques. Prominent examples are local outlier factor or
one class-SVMs [HAN12, pp. 571-573]. Collective outliers are very hard to identify. A
long list of 17 DPP methods for outlier detection including descriptions can be seen in
Annex A.1.

Data cleaning — noisy data handling

The presence of noise in data is a common problem that produces negative conse-
quences in data analysis. Noisy data represents data with large amounts of additional
and meaningless information. [GARC15, p. 13] On the contrary, the absence of noise
result in overfitting when training ML algorithms [GARC15, p. 22]. Therefore, noise
contributes directly to the bias variance tradeoff (see Chapter 2.3.2). Noise is further
in inevitable problem that comes from natural deviations in measurements, human
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faults, or sensor errors [GARC15, pp. 114-115]. Three types of noise have been intro-
duced, which are instance, attribute, and class noise and can be seen in Figure 2-18
including relevant methods [LUEN21, pp. 390-391].

Instance Noise Attribute Noise Class Noise
- Drop duplicates - Remove zero columns - Partitioning filter
- Drop erroneous values - Remove constant values - Ensemble filter

Figure 2-18: Classification of noisy data handling and an excerpt of techniques

Instance noise can exemplarily contain duplicated values that are addressed by data
deduplication. In addition to the items of instance noise, attributes can have constant
values as well as feature with zero values that can be removed from the data set. Class
noise appears in case of classification tasks if instances are mislabeled or contradic-
tory. [GARC15, pp. 114-115] For addressing class noise, noise filters have been de-
veloped to eliminate noisy instances in the data set. Examples are partitioning or en-
semble filters. A long list of 16 DPP methods for noisy data handling are found in An-
nex A.1.

Data transformation

As already discussed in Chapter 2.4.2, data can come in different data types but also
different ranges. For handling categorical features, data encoding is applied, while
scaling is performed to address different ranges of features. For instance, spindle
speeds may range between 0 and 12,000 mm/min, while ambient temperature values
are moving from - 10 °C to 30 °C. Since ML algorithms may interpret higher values as
more important, data is scaled. [GARC15, pp. 46-48], [ABDA17] Data can also come
in different distributions such as binomial or multimodal. However, ML algorithms often
show better performance in case underlying data is normally distributed [HAN12, p.
556]. Therefore, distribution’s skewness is handled. Lastly, numerical columns may
have a high number of different values within one column, i. e., cardinality, leading to
the potential to introduce too much noise in the data set. By data discretization, numer-
ical data can be categorized. In the following, the DPP categories of data transfor-
mation are presented, namely, encoding of categorical values, scaling, skewness han-
dling, and discretization as shown in Figure 2-19.



46 2 Fundamentals in the Recommendation of DPP Pipelines for ML Applications

QC = Quality Check

Encoding

Integrated PEIE] : Scaling
Data Transformation

Skewness Handling

Discretization

Figure 2-19: DPP categories of data transformation

Data transformation — data encoding

The presence of categorical features can pose problems for ML algorithms, as they
often cannot process categorical values correctly. Categorical encoding is applied to
convert categorical into numerical data. Different encoding methods express different
relations between categories [FANC21, pp. 8-9]. The goal of encoding is to select the
most appropriate encoder to preserve the original meaning of the categories. Categor-
ical encoders can be divided into classic, Bayesian, and contrast encoders. [HALE18]
While classic encoders are simple, easy to understand and very popular, Bayesian
encoders use information of the target variable in combination with categorical varia-
bles. Contrast encoders consider mathematical patterns among categories. [CARE03,
pp. 10-11] The overview of different encoder types and an excerpt of corresponding
methods can be taken from Figure 2-20.

Classic Encoders Bayesian Encoders Contrast Encoders
- Ordinal / Label - Target - Sum
- One hot - Leave one out - Helmert
- Hashing - Weight of evidence - Backward difference
- Binary - James-Stein - Polyminal

Figure 2-20: Classification of data encoding and an excerpt of techniques

Different types of categorical data (nominal/ordinal) require different encoding meth-
ods. For nominal categorical data, classical encoders such as OneHotEncoding, Hash-
ing, or Bayesian encoders like leave one out, and target can be applied. In case of high
cardinality and decision tree-based algorithms, the application of OneHotEncoding
should be avoided [FANC21, p. 9]. In case ordinal data is present, classical encoders
such as LabelEncoder, or TargetEncoder can be applied. Contrast encoders, e. g.,
Sum, Helmert, Backward Difference, polynomial encoders have yet not often been
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used in production [BUIH20], [UCLA21]. Annex A.2 provides a long list of 20 DPP
methods for data encoding including comprehensive descriptions of techniques with
advantages and disadvantages.

Data transformation — feature scaling & handling skewness

Since features can contain different ranges through unit representations such as the
consideration of pressure in units of Pa or bar, and magnitude representations when
comparing different features with each other, e. g., spindle vibrations and flank wear
[NASA21], feature scaling is performed. The application of feature scaling techniques
aims at dissolving the dependence on measurement units and different magnitudes of
real data [HAN12, p. 99]. Transforming features from actual to a standard range of
values generally improves performance of ML models. For example, different feature
scales in distance-based ML algorithms, such as the K-NN algorithm, lead to a different
weighted evaluation of the features by the algorithm, which directly affects the perfor-
mance. [BHAN20] Therefore, scaling is used so that all features contribute equally to
the result. An overview of scaling techniques is given on the left of Figure 2-21, while
standardization and rescaling, sometimes also referred to as normalization, represent
most common methods for scaling [BHAN20], [ROYB20], [CHONZ20].

Scaling Handling Skewness
- Standardization - Log transform
- Rescaling - Cube root
- Rescaling absolute variation - Square root
- Robust scaler - Box-Cox transformation
- - Yeo-Johnson transformation

Figure 2-21: Excerpt of techniques for scaling and handling skewness

Skewness is the measure of asymmetry of a probability distribution. Skewed data can
exhibit any common distribution shape. Since ML algorithms prefer data in normal dis-
tribution [HAN12, p. 556], so called power transformers are used to remove skewness
[GARC15, p. 54]. On the right of Figure 2-21, a selection of methods for handling skew-
ness is shown. In case data is positively or right-skewed, applicable power transform-
ers are square root, cube root and log transform [HAN12, p. 106]. Square root is only
applicable to positive values, while having only a small effect on the data distribution.
Cube root can be used both for negative and positive values and have a moderate
effect. The biggest effect on skewed data has log transformations. [HAN12a, p. 106] If
negatively or left-skewed data appears, cube root and log transformations can be ap-
plied as well. However, instead of using square root, only square transformation is
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applied. [BROW20e] More performant power transformers are Box-Cox and Yeo-John-
son power transformers. While Box-Cox is only applicable to positively skewed data,
Yeo-Johnson can also be used in case of negative skewness [KUHN20, pp. 122-124]
In Annex A.2, a list and thoroughly descriptions of ten power transformers as well as
scaling methods can be found.

Data transformation — data discretization

Numerical attributes can have very high cardinality, while a high number of instances
can be combined without losing too much information. The goal of discretization is
mapping huge spectra of numeric values to a reduced sub set of discrete or nominal
values by establishing an association between each non-overlapping interval with a
numerical discrete value. Data discretization can also be stated as data reduction tech-
nique. [GARC15, p. 15] The process of discretizing data is described in four consecu-
tive steps. In the beginning, an ordering of continuous values for a respective attribute
is performed that can either be descending or ascending. An optimal cut point or pair
of adjacent intervals is determined to either split or merge feature values. The second
step comprises the correlations calculation by applying an assessment measure.
Thirdly, the entire data set is either merged to adjacent intervals or split into partitions.
The process of discretization ends if a stopping criterion is reached. [GARC15, pp.
247-250] Discretization methods can be divided into binning, statistical or information
based (see Figure 2-22). A more thorough overview can be taken from GARCIA ET AL.
[GARC15, pp. 254-258]

Binning Statistical Information
- Equal width - ChiMerge - Minimum description
- Equal frequency - Chi2 length principle
- Binarization - Modified Chi2 - Fusinter

Figure 2-22: Simplified excerpt of data discretization techniques according to [GARC15,
pp. 254-258]

In case of binning, the evaluation measure degenerates into basic constraints. Binning
based on equal width is performed when all intervals have the same length. Another
approach is equal frequency, which exhibit the same number of data points for every
interval. [GUPA19] A statistical evaluation measure is, for instance chi2, while infor-
mation-based examples are minimum description length principle, or fusinter
[GARC15, p. 253]. However, both methods from statistical and information based data
discretization are not commonly applied in production through the lack of transparency.
A long list of 17 DPP methods for data discretization can be taken from Annex A.2.
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Data reduction

Although new sensor systems increase the number of features and possibly provide
more information for production use cases [ZHEN18b, p. 137], the amount of data re-
quired within modelling increases exponentially when introducing further sensors that
eventually leads to the curse of dimensionality [BELL61]. High amount of training data
is required to ensure that there are several instances with each value combination.
When adding more features, data becomes sparse. The curse of dimensionality fosters
overfitting [YIUT19]. Consequently, an increase in dimensionality by adding new fea-
tures degrades ML models’ performance after a certain point. This effect is called
Hughes phenomenon or peaking phenomenon [HUGH68].

Data reduction performs a reduction on the original data set size [GARC15, p. 13]. This
is achieved by removing irrelevant attributes that decreases data set’'s complexity and
enhances the training efficiency during ML modelling [SAEY07, p. 2507]. Especially for
large data sets, which may occur in production [PHAMO5, p. 405], dimensionality re-
duction [POPO17] or feature selection [MOLD17] may be useful. On the contrary, re-
ducing features also results in loss of information. In the following, data reduction will
be divided into feature reduction through dimensionality reduction and feature selection
and instance reduction through instance selection (see Figure 2-23).

Data Reduction
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Figure 2-23: DPP categories of data reduction

Data reduction — dimensionality reduction

Dimensionality reduction is the process of reducing the number of attributes by gener-
ating a new set of features of an existing larger set of variables, which can be achieved
components-, projection-, or ML-based as illustrated in Figure 2-24. Components-
based dimensionality reduction aims at creating components or discriminants on a
lower dimensional data space while retaining most of information in the data set. Prom-
inent examples are principal component analysis (PCA) or linear discriminant analysis
(LDA) [JOLLO0Z2], [COHE14]. Projection-based dimensionality reduction such as locally
linear embedding (LLE) or t-distributed stochastic neighbor (t-SNE) are more complex
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methods and commonly used for visualization purposes in case of high dimensional
data [ROWEOQQ], [MAATO8]. Although already developed in the 1980’s, autoencoders
represent newer approaches for dimensionality reduction [RUMEB86]. A long list of 19
DPP methods for dimensionality reduction including comprehensive descriptions, can
be taken from Annex A.3.

Based on Components Based on Projections ML-Based
- Principal component - Locally linear embedding - Autoencoders
analysis - t-distributed stochastic - K-means clustering
- Linear discriminant neighbor embedding (t-SNE)
analysis -

Figure 2-24: Classification of dimensionality reduction techniques

Data reduction — feature selection

Unlike dimensionality reduction, feature selection aims at selecting most relevant fea-
tures in the data set at hand [MUSH19]. Feature selection can be divided into filter,
wrapper, and embedded approaches. Figure 2-25 shows an excerpt of feature selec-
tion techniques. Exemplary filter approaches range from missing value ratio over low
variance filter to high correlation filter [FANC21, p. 5]. The low variance filter requires
feature scaling, however, a StandardScaler scales all features to a uniform variance,
which is close to 1, resulting in a filter occasionally not identifying variances under a
threshold of 0.6 [WIDM15] [BHAN20]. Based on given thresholds such as the correla-
tion between or variance within attributes, features are removed. While filter ap-
proaches solely concentrate on the data set, wrapper methods include baseline ML al-
gorithms to determine feature’s impact on ML model performance. Features that do
not increase the performance of the ML model are disregarded. [GARC15, pp. 174-
175] Both forward feature selection (FFS) and backward feature elimination (BFE) as
well as recursive feature elimination (RFE) represent prominent examples for wrapper
methods [FANC21, pp. 5-6]. Besides filter and wrapper methods, feature selection can
be embedded within the ML algorithm. Decision trees apply pruning to reduce the size.
One or more splits are removed if the sections do not contribute to the model perfor-
mance. Besides for decision trees, regularization is realized in LASSO regression by
applying penalization terms to minimize coefficients of the equation towards zero lead-
ing to the removal of the corresponding attribute. Annex A.3 provides a long list of 26
DPP methods for feature selection including comprehensive descriptions, its ad-
vantages and disadvantages.



2 Fundamentals in the Recommendation of DPP Pipelines for ML Applications 51

Filter Wrapper Embedded
- Missing Value Ratio - Forward Feature Selection - Decision Tree
- Low Variance Filter - Backward Feature Elimination - LASSO Regression
- High Correlation Filter - Recursive Feature Elimination - Random Forest

Figure 2-25: Classification of feature selection and excerpt of techniques

Data reduction — instance selection

Another common challenge is to select stratified and representative samples of the
overall data population. To reduce the size of the data set in terms of instances and
select appropriate data, instance or numerosity selection is performed. Efficient sam-
pling is a critical requirement since it increases data quality and ML models trained on
this sampled set can be scaled up easily. [KOTSO06] Instance selection can also be
divided into filter and wrapper methods. Manual sampling, also quantitative sampling,
performs the instance selection manually by a production expert [FANC21, pp. 5-6].
Given the example as stated in Chapter 2.1, Blisks are milled in different operations
and block-wise. The operation can be distinguished in roughing, pre-finishing, and fin-
ishing. Every blade is divided in several blocks to reduce vibrations during milling. In-
stead of using the whole data set, representative data sets can be taken from one block
of a specific blade during one specific operation. This approach is easy, powerful and
transparent, however, can also be very time consuming. Further filter approaches like
nearest sub-class classifiers, or wrapper methods, such as condensed nearest neigh-
bor are neither popular nor commonly used in practice. An excerpt of DPP methods
can be found in Figure 2-26. A list of 16 DPP methods for instance selection can be
taken from Annex A.3.

Filter Wrapper
- Manual sampling - Condensed nearest neighbor
- Nearest sub-class classifier - Edited nearest neighbor
- Pattern by ordered projections - Selective nearest neighbor

Figure 2-26: Classification of instance selection and excerpt of techniques

Data augmentation & balancing

On the one hand, more and more customized products results in lower number of data
sets available for similar products [PILL22]. These phenomenon exacerbate the appli-
cation of data driven projects, e. g., product quality prediction or anomaly detection.
On the other hand, introducing new sensors lead to the curse of dimensionality. Then,
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too few instances are available for training the ML algorithm successfully, while ML al-
gorithms may require lots of data for generalization. Thus, one of the most reliable
ways to improve performance is to get more data. [GAND21], [LYAS20] Data augmen-
tation aims at artificially adding new instances to the data set at hand by means of
DPP methods instead of further recording real production data [FANC21, pp. 10-11].
Besides augmenting data, rows are further managed by different balancing techniques.
The following paragraphs focus on augmenting the samples and adjusting the samples
to balance the target variable (see Figure 2-27).

QC = Quality Check

Data Augmentation & Balancing

Integrated Augmentation Augmentation & Preprocessed
Data " Balancing Data for
Balancing Modelling

Figure 2-27: DPP categories of augmentation and balancing

Data augmentation & balancing — data augmentation

For numerical data, data can be augmented by applying random noise or autoencoders
[BISHO6, p. 347]. For this purpose, new data points are artificially added based on
already existing data points. Adding a minor proportion of noise can make the
ML model more robust to overfitting [BISHO6, p. 347]. The noise is generated by add-
ing predefined mean and standard deviation values to the original data set. Whereas
too little noise has nearly no effect on the performance of ML models, too much noise
or a tool large range of noise makes it hard to learn the underlying function, thus lead-
ing to overfitting [GARC15, p. 22]. Besides random noise, autoencoders can be used
to augment the data [FANC21, p. 12].

Data augmentation & balancing — data balancing

Within production, especially in product quality prediction tasks as shown in Chap-
ter 2.1, the data is highly imbalanced, i. e., the representation of classes is highly dif-
ferent. In case a certain class in the target column is underrepresented, ML models
tend to fail when classifying the label [BATI04, p. 21]. Exemplarily, a production man-
ufactures 100 products of the same type. At the end, the quality assurance decides,
whether the product quality is within or out of specification representing a two-class
classification. If a production manufactures 95 of 100 parts correctly, the resulting class
distribution is 95:5 or 19:1. ML algorithms generalize poorly on highly imbalanced data,
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which requires data balancing. Thus, balancing can increase data quality in a produc-
tion context [MOLD17] by adjusting the amount of data, which on the contrary may
introduce noise or resulting in the effect of curse of dimensionality. [BATI04, p. 21]
Balancing can be realized through over-, under-, and hybrid sampling, whose corre-
sponding methods are introduced in Figure 2-28.

Oversampling Undersampling Hybrid Sampling
- SMOTE - Tomek links - SMOTEEN
- ADASYN - Cluster centroids - SMOTETomek
- Random oversampler - Random undersampler

Figure 2-28: Classification of data balancing and excerpt of balancing techniques

Oversampling techniques such as synthetic minority over-sampling (SMOTE) or adap-
tive synthetic sampling (ADASYN) thereby increases the number of samples of the
minority class. For the case of binary classification, the number of samples of the ma-
jority class is reduced during undersampling, which has the disadvantage that relevant
information for the ML algorithm is lost. Common undersampling techniques are ran-
dom undersampler or tomek links. When oversampling and undersampling strategies
are combined, hybrid sampling is applied. Exemplarily, SMOTEENN oversamples the
data first with SMOTE and subsequently undersamples the interim result by applying
edited nearest neighbor (ENN). A list of 23 DPP methods for data balancing including
comprehensive descriptions can be taken from Annex A.4.

Nowadays, balancing methods are also tailored for regression tasks that considers that
the data distribution of a continuous values is skewed, while regions of interest, e. g.,
outer regions in the distribution, may be underrepresented. [KUNZ20], [BRAN17, p.
37]. One such balancing method is Synthetic minority over-sampling technique for re-
gression with gaussian noise (SMOGN) [BRAN17, p. 37]. As for hybrid sampling in
classification tasks, a combination of over- and undersampling is realized [BRAN17, p.
39]. The concept of SMOTE is applied for oversampling [KUNZ20], while box plots are
used for outlier detection to find the data points being underrepresented [KUNZ19]. A
subsequent undersampling is performed by disregarding those data points that are
close to the mean of the entire data distribution [KUNZ20]. Unlike balancing techniques
for classification, SMOGN additionally applies Gaussian noise with a mean of 0 and a
standard deviation of 1 to obtain a more uniform distribution [BRAN17, p. 39],
[BROW18]. In practice, SMOGN fails if no outliers are available in the target feature.
Another example of balancing regression target is SmoteRegress.
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Interim conclusion

In summary, the presented flowchart illustrated in Figure 2-14 serves as a structure,
which is understandable, intuitive, and transparent. The DPP methods can be assigned
to the different DPP steps of cleaning, transformation, reduction as well as augmenta-
tion and balancing. Each individual step is divided in categories such as missing value,
outlier and noisy data handling within cleaning. Within each category, further structure
has been provided to eventually assign DPP methods. The overall structure recom-
mends a data quality check to determine the success of the DPP method at hand,
while being highly iterative. In practice, DPP methods are not solely used, but com-
bined to DPP pipelines. The unprocessed data set is handled by the first method in a
pipeline and each subsequent method in the pipeline is applied asynchronously to the
data set processed by the previous method [GERO18, p. 36] . The next subchapter
therefore shows the approach and complexity of the creation of suitable DPP pipelines
in production.

2.4.4 Creation of suitable DPP pipelines

Since it is a manifold task, creating suitable DPP pipelines forms one of the fundamen-
tal challenges data scientists face, when it comes to developing ML projects. [GIOV21,
p. 1], [REDM18]. A configuration of DPP methods ends up in thousands of possible
DPP pipelines. The following reasons make the creation of DPP pipelines especially
challenging:

e Use case specificity: Dependent on the use case and its given data set, many ver-
satile considerations need to be made. As stated in Chapter 2.4.2, requirements
are placed on DPP through data set characteristics. The data set highly influences
the choice of DPP methods. For instance, in case missing values are in the data
set and can be classified as MAR, multivariate imputation methods should be ap-
plied. This only narrows down the number of possible DPP methods. However, the
choice of one of these multivariate imputation techniques shown in Annex A.1
needs further be made due to the no free lunch theorem [WOLP97].

o Complex search space: As found in Chapter 2.4.3 and Annex A.1-A.4, there are
hundreds of possible DPP methods to choose from. The search space becomes
even larger, if not only single DPP methods are searched, but suitable DPP meth-
ods are combined to DPP pipelines [GERO18, p. 36]. Finding DPP pipelines that
perform well for the problem at hand is tedious, since one needs to iterate over
many possible solutions [ABDA17, p. 318].

e Conditionality: Certain DPP methods require the application of DPP methods be-
forehand (see Chapter 2.4.2) [PYLE99, p. 110]. As presented, PCA requires the
centering of data beforehand through the application of standard scaler [FANC21,
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p. 7]. Another example is the application of a power transformer prior to LDA
[COHE14]. Furthermore, using specific DPP methods result in non-usability of other
DPP methods. For example, dependent on the thresholds of the low variance filter,
they do not work with previously scaled data.

e Variance-Bias-Tradeoff: DPP pipelines directly influence the variance bias tradeoff
introduced in Chapter 2.3.2. Noise introduces variance in the data, whereas the
removal of data through data reduction, undersampling, missing or outlier data han-
dling results in loss of information. Data removal accelerates model training and
can lead to better model generalization. However, if too much data is removed, the
model will underfit. Therefore, noise can be inserted through data augmentation or
oversampling, which can lead to overfitting through the insertion of too much vari-
ance. [GARC15, p. 22].

e [terative nature of DPP: There are no fixed sequences of DPP pipelines. Methods
that are in a sequence in the first place can be in a different order in the next use
case. In consequence and due to the high use case dependency, DPP does not
follow a structured procedure in practice. [ABDA17]

e Stochastic behavior: Some DPP methods exhibit stochastic behavior. If the scope
is extended to DPP pipelines as in this thesis, the stochastic behavior is a major
challenge. Stochastic behavior means that very similar inputs do not necessarily
lead to similar results.

e ML dependency: Besides the dimension data quality characteristics, DPP is also
influenced by the ML algorithms to be selected. As stated in Chapter 2.3.3, ML al-
gorithms place requirements on DPP. They require specific data types and perform
better with normally distributed as well as balanced data. [BROW20c]

e Lack of a priori knowledge about DPP impact: There are no default or standard
DPP methods that should be chosen, and even less are sequences of multiple
DPP methods generally recommended. The knowledge about whether DPP meth-
ods lead to the desired success can only be gained after training ML algorithms.
Moreover, the quantification of the influence of single DPP methods is further com-
plicated when combining DPP methods to pipelines. In practice, the phases of DPP
and modelling are therefore run through multiple times. [GIOV21]

e Limited experience: The high specificity of use cases results in a shallow learning
curve for data scientists. Since every new use case can be new in nature, only few
aspects can be transferred to the new task. This phenomenon especially applies
for production experts that attempt to build DPP pipelines.

As consequence, simple as manually exploring the search space by trial and error is
tedious and tends to lead to unsatisfactory outcomes, since finding the suitable
DPP pipelines requires knowledge about conditionalities, intuition about DPP’s impact,
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and a large amount of time. These reasons lead to the high proportions of 80 % of time
spent on DPP in every ML project [CHAPQO, p. 42], [GABE17]. The selection of
DPP pipelines given production use case characteristics remains the major challenge
in ML projects. Data scientists should be supported in selecting most performant, while
efficient DPP pipelines. Decision support systems (DSS) have been developed in the
last decades, which can be transferred to the problem in selecting suitable DPP pipe-
lines for ML applications in production.

2.5 Decision Support Systems

The following sub chapter introduces forms and technologies of DSS. First, different
forms of DSS, which have evolved in the past decades, are discussed in Chapter 2.5.1.
Since developed DSS are empowered by different technologies, two most recent de-
veloped solutions are outlined, which are meta learning (Chapter 2.5.2) and automated
machine learning (AutoML) (Chapter 2.5.3).

2.5.1 Forms of Decision Support Systems

Decision support systems (DSS) represent a computer based system participating and
supporting in decision making processes of humans [POWEO02], [SPRA82]. Although
being already introduced in the mid-1950s, DSS vyet lack a clear definition [KEENS80,
pp. 2-3]. Depending on the problem and environment, demands and requirements for
DSS differ. However, in general, it is an interactive computer information system that
can help the decision maker to use data and models to solve problems [POWEO02].
Over the years, different types of DSS have evolved, while architecture of DSS is de-
signed on three main components: data base, model, and user interface [SPRA82],
[POWEDO02]. In addition, users play a major role when designing a DSS [HAET99],
[MARA99]. Since there is no clear definition, different taxonomies have been pre-
sented. DSS types can be distinguished by the target group, which can be personal,
group, or organizational support, or the purpose that can either be data-driven, com-
munications-driven or model-driven, among others.

According to ARNOTT & PERVAN, DSS types are personal, business intelligence, group,
negotiation, intelligent, and knowledge management-based DSS [ARNO14, p. 275].
PoOwER distinguishes between communications, group, data, document, knowledge
and model-driven, web-based and interorganizational DSS [POWEO02, pp. 103-192]
Each system attempts to meet individual demands, but in practice are often combined
to cover all requirements for more complex problems [ARNO14]. In the following, the
taxonomies that are mostly related to this work are outlined according to ARNOTT &
PERVAN [ARNO14, p. 275].
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- Personal DSS are small systems developed for a single user or a small number
of independent users. A production example is represented by "DSS for produc-
tion planning", in which production experts can create an optimal manufacturing
plan [TSUB95].

- Group DSS facilitate the effective work of groups using communication-driven
DSS for handling information. A group DSS is designed to maximize efficiency
in decision making while minimizing the risk of information loss [JESS91].

- Data-driven or business intelligence-DSS are based on data and analytics to
support decision making at all levels of an organization on large-scale. Business
intelligence systems are often based on a data warehouse or data mart system
[THOM15].

- Knowledge management-based or knowledge-driven DSS supports decision
making by saving, retrieving, transferring, and applying the knowledge.
Knowledge-driven DSS facilitate the access of cross-group knowledge.

- Intelligent decision support systems (IDSS) apply Al techniques to decision sup-
port. For instance, an IDSS was developed for the optimization of planning in
production using ML techniques. The DSS integrates all production-related in-
formation, and creates a plan for implementation [GONZ20].

Due to recent progress in the field of Al, IDSS has attracted most attention. The basic
idea is to apply Al techniques as model of the DSS architecture to develop a system,
which supports decision makers by collecting and analyzing facts, detecting and diag-
nosing problems, as well as proposing possible actions. In addition, IDSS can be used
to learn from experience. In the last decade, boundaries between main groups of DSS
have disappeared, leading to further types of DSS combining different DSS types.
[ZHOU08] When recommending DPP pipelines, a small number of users will be in-
volved, therefore, a personal DSS will be designed. Moreover, due to high flexibility,
and retrainability, IDSS are chosen leading to a combination of a personal and intelli-
gent DSS.

For supporting in manual decisions, SERBAN ET AL. introduced intelligent discovery as-
sistants (IDAs) aiming at assisting users in the data science process. IDAs represent
a combination of IDSS and personal DSS and can be grouped in five categories differ-
ing in data base, model and user interface that are briefly described in the following.
[SERB13]

- Expert systems support users through accessing knowledge from a knowledge
base by executing an inference engine. The knowledge base contain previously
acquired expert rules, while the inference engine aims at proposing suitable
ML algorithms or DPP pipelines from the knowledge base. Given a new data
set, knowledge is retrieved by the inference engine. [FEIG82] For instance,
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SPRINGEX apply expert rules after a comprehensive questionnaire to the user.
Then, the inference engine infers suitable classification algorithms. [RAES92,
pp. 55-59]

Case based reasoning systems memorize ML algorithms, or DPP pipelines re-
spectively. Given a new use case, the case base can provide DPP pipelines
based on similar use cases based on historical data. Various examples for case
based reasoning systems exist [ENGE96], [LIND99], [MORIOQZ2].
Planning-based data analysis systems design ML pipelines by formally defining
input, output, preconditions, and effects of every method of the system, i. e,
DPP methods and ML algorithm to be used. Operators are then combined to
pipelines. The formal definition are thereby often ontology-driven [ZAKO11],
[DIAMO9].

Workflow composition environments offer a graphical interface to manually build
ML pipelines, in which the data flow is visualized. Examples range from Weka
over RapidMiner to KNIME [HALLO09], [MIERO6], [BERTO09]

Meta learning systems use meta features of a given use case, e. g., data types
of a tabular data set mentioned in Chapter 2.4.2, to propose a predefined target.
Meta features serve as independent variables, while the target variable, i. e.,
DPP pipelines or ML algorithms, represent the dependent variable. The training
process results in a supervised learning approach, mostly represented by a
classification task. [VANS19] However, the choice of ML algorithms used in
meta learning is also subject to the no free lunch theorem [WOLP97]. One ex-
ample for meta learning systems for assisting in the data science process is the
“data mining advisor” [GIRAO05].

Not mentioned by SERBAN ET AL., but recently used are Automated machine
learning (AutoML) systems, which automatically train ML pipelines consisting of
DPP pipelines, ML algorithms and optimized hyperparameters [HUTT19]. Au-
toML frameworks were developed to support the user, i. e., data scientists, in
achieving performant ML pipelines within a reasonable amount of time.

Expert systems rely on expert rules, which are hard and tedious to acquire, while ex-
pert rules need to be updated in case of a change in requirements. Moreover, expert
rules are subjective. A high number of expert rules need to be recorded, which can

also lead to contradictory specifications. Case based reasoning systems involve ex-

perts when maintaining the case base. Thus, these systems are prone to manipulation
and human error. Although being performant in extrapolating, planning based systems

require formal definition of input, output, prediction and effects. Referring to hundreds

of DPP methods and dozens of ML algorithms, the solution space becomes very high,
and consequently, the formal definitions very tedious and non-manageable. Workflow
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composition environments do not provide recommendations but only support in visu-
alizing data flows. Therefore, workflow composition environments are not suitable for
recommending DPP pipelines. Since meta learning systems and AutoML systems rep-
resent two promising solutions for the design of a DSS, both technologies are outlined
in the following.

2.5.2 Meta Learning as DSS Technology

Meta learning, or “learning to learn”, comprises the concept of learning from experi-
ences over many different tasks to recommend a most suitable output for a new task
[VANS19, p. 35]. Due to the wide applicability, multiple types of meta learning have
been developed in the field of ML. Ensemble learners use outputs from previous mod-
els as input to generate a less biased prediction. Hyperparameter settings of an ML al-
gorithm are optimized using algorithms on a meta level. In multi-task learning, a
meta model is trained on multiple similar tasks simultaneously. In this work, however,
meta learning includes any type of learning, which is based on experience from prior
tasks. Therefore, a meta target (1) is predicted based on a new use case. From every
use case, meta information can be extracted as meta features (ll), for instance, the
number of outliers in a data set. Based on meta features, the meta target can be pre-
dicted using a meta model (lll). Figure 2-29 shows the meta learning concept. In the
following, each component of the meta learning concept is introduced.

Meta Model (lll)

Decision tree

Meta Features (Il) Meta Target (1)

No. of rows No. of attributes || No. of outliers || ... Output 1

Figure 2-29: Meta learning concept with its three main components

Meta target (l)

The meta target represents the target variable to be predicted on. Dependent on the
meta learning approach, the meta target can be a set of hyperparameter configura-
tions, or an ML algorithm. In this work, the meta target is represented by a set of
DPP pipelines.

Meta features (Il)

Three approaches of acquiring meta data are defined by VANSCHOREN, which assumes
that the meta target consists of an ML algorithm and its hyperparameter configuration
[VANS19]. First, meta data can be acquired based on task properties to determine task
similarities and relate ML model performances to input data. The second approach
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describes the extraction of meta features by learning from historical model evaluations.
Prior model evaluations, e. g., the accuracy of a classifier, are used to predict a suitable
hyperparameter configuration for a new task. Lastly, VANSCHOREN discusses the tech-
nique of learning from prior ML models on how to transfer trained model parameters,
which is not focused in this work. [VANS19] In the following, the approaches of learning
from task properties and model evaluations are outlined.

Through the acquisition of different groups of meta features, task properties can be
determined. General-purpose meta features provide information about the data set
shape or number of outliers. BENSUSAN ET AL. then distinguishes between three kinds
of task characterizations [BENS00a].

- Statistical and information-theoretical meta features can be extracted from the
data set at hand. These meta features are calculated on single features, e. g.,
the variance of the feature, or combinations of features, e. g., the correlations
between two features. When correlations are calculated, outputs are aggre-
gated by descriptive statistics such as mean, or standard deviation. While sta-
tistical meta features are results of numerical attributes in the data set, infor-
mation-theoretical meta features focus on categorical features. In this case,
measures such as entropy, information gain, or signal to noise ratio are com-
puted. [MICH94]

- Besides general-purpose meta features, landmarking is used to describe a task.
Landmarking relies on the assumption that the error rates of a baseline model
in its simplest form provides information about the task complexity. In addition,
the error rates give insights, for which tasks a baseline model is performant,
while indicating the performance of more complex models. Landmarkers used
are decision, worst, and random nodes. Decision nodes, also called best nodes,
represent the root of a decision tree aiming at maximizing the information gain
when splitting based on an attribute, while worst nodes minimize the information
gain to explore the search space as best as possible. The random node selects
the attribute to be split on randomly. Moreover, 1-NN, elite-NN are commonly
applied as well as Naive Bayes and discriminant analysis. [BENS0O0b]

- Model-based meta features apply decision trees to extract information. Model
parameters of a decision tree are then related to the data set. Model-based
meta features assume that the complexity of a decision tree give insights about
the complexity of the task. An exemplary measure is nodes per attribute or
nodes per instance. [VILAO4, p. 35], [PENGO08]

Based on learning from task properties, historical model evaluations can serve as
meaningful information for a meta model. In contrast to landmarking and model-based
meta features, model evaluations consider historical performances of the meta target.
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In combination with further meta features, model evaluation provides information about
which configurations were performant in the past. Lastly, domain-specific knowledge
is used in practice to generate further meta features. [VANS19]

Meta model (lll)

The extracted meta features serve as input variables, while the meta target represents
the target variable. Consequently, the ML training process introduced in Chapter 2.3.2
is performed. Since meta learning systems are used for recommending outputs in a
ranked manner, a meta model needs to be selected that provide a ranked recommen-
dation. Common algorithms being used are tree-based algorithms, ensembles, or
adaptions of K-NN. [BRAZ09] Newer approaches also use automated machine learn-
ing (AutoML) systems to recommend ML pipelines, which is introduced in the following.

2.5.3 Automated Machine Learning as DSS Technology

The ML pipeline in production introduced in Chapter 2.2 consists of the phases data
integration, preparation, modelling and deployment. Within the phases, many manual
decisions need to be carried out by the data scientist. For instance, ML algorithms
need to be chosen dependent on use case requirements causing a tedious, error-
prone, and time consuming endeavor. For this reason, AutoML aims at supporting to
find performing ML pipelines automatically. [HUTT19] The goal of AutoML platforms
lies in optimizing classification, or regression scores by finding best performant pipe-
lines, which consist of ML algorithms including its hyperparameters. This challenge is
also known as combined algorithm selection and hyperparameter optimization (CASH)
problem. Within a learning process, best configurations of ML algorithms and hyperpa-
rameters are searched. [FEUR15, pp. 115-117] Developed AutoML systems such as
auto sklearn or TPOT are validated on 100 to 150 use cases [HUTT19, pp. 113, 151].
SHANG ET AL. use 220 classification and 80 regression use cases to validate the Au-
toML-based system called Alpine Meadow [SHAN19, p. 10]. Although providing prom-
ising results, AutoML systems do not consider the whole ML pipeline in production but
are mainly focusing on modelling and partially data preparation phase.

Due to the various application possibilities, AutoML can be used in three ways. First,
AutoML can be used as learning concept within a meta learning system. Secondly,
AutoML itself can serve as a DSS for recommending DPP pipelines. Thirdly, the result
of the recommendation can also serve as a warm start for AutoML systems to find best
performing pipelines given the starting point of the recommendation and again facili-
tating the use of DPP and ML in production.
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2.6 Interim Conclusion

In this chapter, the fundamentals in the recommendation of DPP pipelines for ML ap-
plications in production were introduced. In the beginning, ML application areas in pro-
duction (Chapter 2.1) and process models for ML applications including the ML pipe-
line were outlined (Chapter 2.2). Chapter 2.3 consisted of ML approaches, learning
tasks and ML algorithms used in this work. A detailed description of DPP (Chapter 2.4)
was followed by the presentation of decision support systems (Chapter 2.5).

Within every chapter, the thesis focus was set, which is summarized in Figure 2-30.
Since the focus lies on recommending DPP pipelines for ML applications in production,
three application areas from production are covered. For the ML pipeline, DPP was
introduced and classified in the steps of cleaning, transformation, reduction, as well as
augmentation and balancing.

Criteria & Chapter Characteristics

Application areas 21 mm
ML pipeline 2.2 Integration
Data preparation 2.2 Feature engineering
Data preprocessing | 2.4

Learning approach | 2.3 Supervised learning Unsupervised learning Reinforcement learning

Machines & assets

Modelling Deployment

Augment & Balancing

Learning task 2.3 at Regression

Q-characteristics 24 Inherent-system-dependent System-dependent

Q-management 24 Process-oriented Data-oriented

Data type 24 Tabular Image Audio Text Video

Inner data structure | 2.4 Time series data Panel data
Data scales 24 mmm Interval
DSS 25 Group Knowledge Document
oogy |2 Sgen || Case | o || woson | [N
Q = Quality DSS = Decision Support System

Figure 2-30: Morphological box to visualize the thesis focus

Since DPP is highly dependent on the ML algorithm at hand, a focus is put on super-
vised learning while considering both regression and classification tasks. In terms of
data quality, inherent quality characteristics are taken into account. DPP thereby man-
ages quality of the data in a data-oriented manner. Tabular data will be considered in



2 Fundamentals in the Recommendation of DPP Pipelines for ML Applications 63

the dimensions of time series, cross sectional, and panel data as well as ordinal, nom-
inal, ratio, and interval in scale. Lastly, a combination of intelligent and personal DSS
combined with AutoML or meta learning represent promising approaches. Given the
fundamentals and thesis focus, requirements can be derived (Chapter 3.1) for the rec-
ommendation of DPP pipelines for ML applications in production. Based on Chap-
ter 3.1, existing approaches (Chapter 3.2) can be analyzed to formulate the need for
further research and to underline the goal of this thesis.
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3 Derivation of Requirements and Analysis of Existing
Approaches

Based on the fundamentals, requirements can be defined, which need to be met by
the DSS to be developed. Chapter 3.1 therefore comprises the derivation of require-
ments for the DSS, which aims at proposing suitable DPP pipelines for ML applications
in production. Chapter 3.2 then describes existing approaches for recommending
DPP pipelines. Finally, it is assessed to what degree the existing approaches fulfill the
derived requirements. Based on these results, the research gap is outlined and nec-
essary actions are derived.

3.1 Derivation of Requirements

The overall goal is to develop a DSS capable of recommending suitable DPP pipelines
for supervised ML applications and tabular data from production use cases. Within the
thesis focus described in Figure 2-30 and challenges outlined in Chapter 2, require-
ments for the DSS can be deduced. The requirements, which are displayed in Figure
3-1, are classified in fundamental prerequisites (Chapter 3.1.1), functional require-
ments (Chapter 3.1.2) and user-specific requirements (Chapter 3.1.3).

(I) Complexity (I1) Variability of (1) Production
reduction use cases specificities
(IV) Wide variety of (V) Updatability and (V1) Retraining (VIl) Handling
ML algorithms extendibility capability uncertainty
Functional
requirements (3.1.2)
—_—

DSS for recommending DPP pipelines for ML applications in production

—— e
Fundamental User requirements
prerequisites (3.1.1) (3.1.3)
(I) Combinations of (I) Handling " (I) Response
DPP methods conditionalities () Usability latency
(III} Achieving overall (Iv) Rgpresentatlve [UD)] Rankeq (IV) Input flexibility
high performance production use cases recommendations

(V) Explainability

Figure 3-1: Overview of requirements placed on the DSS
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3.1.1 Fundamental Prerequisites of DSS

For creating a DSS that recommends DPP pipelines, fundamental prerequisites must
be met. Instead of recommending single DPP methods, the focus needs to be put on
recommending fully comprehensive pipelines. To be capable of recommending
DPP pipelines, best performing DPP pipelines need to be available. Best performing
pipelines need to be found given representative production use cases in terms various
data set characteristics and ML algorithms.

U] Recommending DPP pipelines considering combinations of DPP meth-
ods

To enable ML for production use cases, combinations of DPP methods need to be
applied (Chapter 2.4.4). Therefore, the DSS needs to offer DPP pipelines with a vari-
able number of DPP methods, which contain methods from every DPP step and cate-
gory presented in Chapter 2.4.3. The DSS must be capable of recommending
DPP pipelines, while one DPP pipeline can consist of only one DPP method or multiple
methods depending on use case characteristics. If the DSS is able to provide
DPP pipelines consisting of a variable number of DPP methods considering DPP steps
and categories, the requirement is fulfilled.

()  Handling conditionalities

The conditionalities between DPP methods need to be considered when configuring
DPP methods into DPP pipelines. Moreover, the combination of DPP methods should
be meaningful. Meaningfulness means that DPP methods are combined so that each
individual DPP method has an impact on ML model performance as presented in Chap-
ter 2.4.4. For instance, the combination of a MinMaxScaler and Variance Threshold
does not represent a conditionality issue. However, dependent on the variance thresh-
old value, the low variance filter will not have any purpose. Thus, the DSS must con-
sider these dependencies between methods. The requirement is fulfilled if the DSS
considers DPP conditionalities and dependencies.

(i) Achieving high overall performance

Chapter 2.4.1 has revealed that high ML model performances are especially achieved
only if suitable DPP methods are selected. For the development and prior to the appli-
cation, DPP pipelines need to be identified for given production use cases that achieve
higher ML model performance compared to performance when no DPP is performed.
The best performing pipelines then serve as a basis for the DSS. In the application,
the DSS needs to find well performing pipelines from the set of previously determined
best performing pipelines. The requirement is fulfilled if DPP pipelines achieve higher
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ML model performances on average compared to the performance if no DPP is applied
in both the development and application phase.

(IV) Representative production use cases for setting-up the DSS

Due to the high complexity, profound recommendations of DPP pipelines can only be
made if the data basis is large enough. For learning systems, at least 300 use cases
for both regression and classification are deemed sufficient to set up a DSS according
to the findings in Chapter 2.5. In addition, representative production use cases with
versatile data set characteristics from production use cases and ML algorithms need
to be considered (see Chapter 2.1, 2.3.3). The requirement is fulfilled, if at least 300
production use cases with different data set characteristics for both classification and
regression are used to set up the DSS.

3.1.2 Inherent Functionality of the DSS

Since DPP is a complex and tedious task, the DSS needs to be designed to facilitate
DPP. The DSS needs thereby be capable of handling versatile production use cases
and general production specificities. Once in application, components should be up-
datable, extendable, as well as retrainable.

n Complexity reduction

The number of inputs being required to recommend DPP pipelines to the user must be
as small as possible. Moreover, the number of DPP pipelines being recommended
need to be in a manageable range to not overwhelm the user. The number of
DPP methods within DPP pipelines should be minimized to reduce both complexity
and computing time without significantly reducing the pipeline performance (Chap-
ter 2.4.4). If two DPP pipelines achieve the same performance, the DPP pipeline with
less DPP methods should be recommended. A reduced complexity fosters better un-
derstandability of recommendations by the user. The requirement is fulfilled if less
complex DPP pipelines are selected if they achieve the same scores. In addition, it is
fulfilled if the number of input features is kept as low as possible.

()  Handling of use cases’ variability

The DSS needs to be able to handle a wide variety of production use cases. Chap-
ter 2.1 reveals that ML applications in production are characterized by versatile deter-
mining factors such as data set, and ML algorithms being used. This results in diverse
use case characteristics. According to Chapter 2.4.4, different DPP pipelines consist-
ing of heterogeneous DPP methods achieve overall best performances. Heterogene-
ous DPP methods are different in terms of the degree of data set’s manipulation that
lead to different ML model performances. To ensure high overall performance of the
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DSS, heterogeneous methods need to be used to configure DPP pipelines. This re-
quirement is fulfilled if the inherent functionality of the DSS relies on the combination
of heterogeneous DPP methods.

(lll) Coping with production specific requirements

As underlined in Chapter 2.1 and Chapter 2.3.2, many production use cases for ML
are either classification or regression learning tasks. Thus, the DSS needs to handle
both classification and regression as in-built functions. In addition, metrics used for
assessing the performance of ML models should be tailored to production purposes.
The requirement is deemed as fulfilled if the DSS comprises DPP pipelines for classi-
fication and regression and uses the performance metrics F1 score and RMSE to eval-
uate the performance of DPP pipelines.

(IV)  Handling a wide variety of ML algorithms

To ensure high performance over a wide range of production use cases, a variety of
ML algorithms should be considered, since DPP and ML highly depend on each other
as discussed in Chapter 2.4.4. The choice of ML algorithms has a crucial impact on
the choice of DPP pipelines due to their different robustness against data quality char-
acteristics (see Chapter 2.3.3). As further discussed in Chapter 2.3.3, 18 supervised
learning algorithms are most often applied in production. The requirement is fulfilled if
18 ML algorithms can be chosen by the user to achieve the highest performance for a
given production use case.

(V) Updatability and extendability

It is required that the DSS can be updated and extended. Updatability means that ob-
solete DPP methods can be removed, or new versions of DPP methods incorporated
into the DSS. As discussed in Chapter 2.4.3, new DPP methods and ML algorithms
are introduced in a frequent manner, which requires an updatability of the DSS. In
addition, the user should have the opportunity to add further DPP methods to the DSS
but also remove obsolete DPP methods. The same applies for ML algorithms being
used. The requirement is fulfilled if the user can update and extend the DSS by adding
or removing DPP methods and ML algorithms.

(VI) Retraining capability

The DSS should be able to learn from new data sets and use cases, which are provided
by users, and which can also be inserted for further development. As presented in
Chapter 2.5, the DSS can be developed on the basis of learning systems such as meta
learning. For this reason, the system should be retrainable to adapt to new use cases
and increases its performance. The requirement is fulfilled, if the DSS is retrainable.



3 Derivation of Requirements and Analysis of Existing Approaches 69

(Vll) Handling uncertainty

Uncertainty stems from various sources. First, the user who applies the DSS inserts
uncertainty by providing imprecise inputs. Second, the developer brings in uncertainty
during the development of a DSS, when following a data-driven approach. The sto-
chastic behavior of DPP methods and ML algorithms results in further uncertainty (see
Chapter 2.4.4). For that reason, uncertainty needs to be considered and handled by
the DSS. The requirement is fulfilled, if the DSS considers uncertainty during develop-
ment and provides information about the uncertainty of a recommendation.

3.1.3 User-Specific Requirements

For the involved experts and disciplines in production, the usability represents one key
requirement of the DSS. Since results are preferred to be available on short notice,
DPP pipelines need to be recommended quickly by the system. Recommendations
must have a ranked order to be capable of providing the user the opportunity for choos-
ing between different DPP pipelines. Besides input flexibility, the possibility of selecting
only explainable pipelines should be given to the user.

()  Usability

The target group of the DSS are data scientists, production engineers, IT experts, and
software engineers working with ML that need to preprocess data. For this reason, the
system needs to be designed so that it is easy to use also for non-programmers, while
considering the criteria of ML use cases in production. The DSS needs to be operable
via a user interface. To further increase the usability, the outcome of the DSS should
also serve as warm start for AutoML systems as described in Chapter 2.5. The require-
ment is fulfilled if the target group is enabled in interacting with the DSS.

(m Response latency

To support the user in preprocessing data, the DSS should display recommended
DPP pipelines as quickly as possible. A low response latency increases the user sat-
isfaction. The requirement is fulfilled if the response latency is lower than five minutes.
Five minutes is considered a reasonable compromise to allow comprehensive opera-
tions and present results in a short time.

()  Ranked recommendations

Since there is not only one possible DPP pipeline, which could be used for a given use
case, a ranking should be available to give the user the opportunity to try out different
DPP pipelines. Therefore, the DSS should rely on a system that enables ranking. Thus,
a ranked recommendation of DPP pipelines should be realized that consider only best
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performing DPP pipelines. Moreover, ranked recommendations should also give infor-
mation about relevant DPP methods. The requirement is fulfilled if the DSS provides a
ranked recommendation.

(IV)  Input flexibility

The DSS need to provide input forms for the data set, selectable ML algorithms and
external requirements such as explainability to receive necessary information for the
pipeline recommendation. Even if the user does not input every detail of the use case,
the DSS should be able to recommend DPP pipelines. Missing details can stem from
missing information about ML algorithms or explainability preferences. The require-
ment is fulfilled if the DSS provides a recommendation, although inputs about explain-
ability or ML algorithms are missing.

(V) Explainability

Explainability is highly relevant in the production domain, especially for applications,
which require high safety standards as discussed in Chapter 2.1. Thereby, explaina-
bility can have different dimensions. DPP methods or ML algorithms being used can
be explainable. The requirement is fulfilled if the DSS draws on both explainable and
unexplainable DPP methods and ML algorithms.

3.2 Analysis of Existing Approaches

Based on derived requirements in the previous chapter, existing approaches for rec-
ommending DPP pipelines for ML applications in production are analyzed. Until now,
DPP is carried out mostly via trial and error [KRIS17, p. 12]. To facilitate the application
of DPP, various approaches have been introduced. The approaches can be distin-
guished in three different areas dependent on the complexity and scope. First, basic
approaches provide an overview over existing DPP methods without giving any rec-
ommendation. Therefore, Chapter 3.2.1 discusses basic approaches of cheat sheets
and flow charts. The second area of approaches focuses on assisting the user in the
choice of DPP methods and pipelines. These user assistance systems are built on
different technologies such as meta or reinforcement learning that are introduced in
Chapter 3.2.2. Ultimately, as approaches of AutoML comprise DPP methods and aim
at performing DPP automatically when applying ML algorithms, AutoML systems are
investigated in more detail (Chapter 3.2.3).

3.2.1 Basic Support in Preprocessing Data

Nowadays, DPP is mainly performed in an iterative manner through intuitive decision
making and trial and error by data scientists [KRIS17, p. 12]. To structure DPP and to
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provide an initial support, cheat sheets and taxonomies in form of flow charts have
been developed. Cheat sheets focusing on DPP give advice on how to implement dif-
ferent DPP techniques dependent on the programming language and library. The high
number of cheat sheets only present DPP methods in excerpts, thus, are often incom-
plete for sake of clarity. Examples of cheat sheets are pandas data wrangling, or scikit-
learn cheat sheets [DATA22b], [DATA22a]. Even though cheat sheets provide a first
assistance in preprocessing data, they do not focus on recommending DPP pipelines
dependent on a production use case.

Another approach for supporting data scientists in DPP is to depict the preprocessing
in a flow chart. Based on a sequence of questioning and answering, DPP techniques
are recommended. For instance, PANDEY & PRADHAN suggest a flow chart consisting
of cleaning, integration, transformation, reduction and discretization. Questions are
raised whether the data needs to be cleaned and if confirmed, a set of techniques are
proposed. [PAND14]

In addition, the CRISP-DM that has been introduced in Chapter 2.2 presents five sub-
phases within the data preparation step, which are “select”, “clean”, “construct”, “inte-
grate”, and “format” data. Besides the description of tasks and activities, no further
focus is put on techniques to be selected. [CHAPOQO, pp. 42-47] Flow charts in general
lack the recommendation of pipelines dependent on specific use cases and only serve
as a first structuring of DPP. For that reason, user assistance systems have been de-

veloped that attempt to aid data scientists in performing DPP.

3.2.2 User Assistance Systems for DPP
Potter’s Wheel by RAMAN ET AL. (2001)

Potter’s Wheel, which has been introduced in 2001, comprises an interactive data
cleaning tool assisting the user in applying basic data cleaning methods. Exemplary
methods are adding, dropping, merging, or dividing features of data sets. Through a
spreadsheet-like display, transformations can interactively be generated, while users
can directly add or undo changes. Transformations are based on a discrepancy detec-
tor that determines any non-consistency in the data. When applying Potter’s Wheel,
sequences of transformations are built in an interactive manner that end up into DPP
pipelines, while users can specify desired results through the display. Potter’s Wheel
can be extended by adding further methods and algorithms for discrepancy detection.
[RAMAO1]

Since the focus in Potter’s Wheel lies not primarily on ML, methods are limited to very
basic data cleaning operations, which leaves out further mandatory DPP steps in case
of ML applications such as transformation, reduction or augmentation and balancing.
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Since users need to specify transformations on their own, experience is required to
perform target-oriented transformations that take a lot of time. Potter’s Wheel also does
not introduce a learning approach to optimize its performance based on new input data,
thus, retraining capability is not provided. Uncertainty is left out of consideration.

ActiveClean by KRISHNAN ET AL. (2016)

A stronger focus on data cleaning for ML applications is put within ActiveClean. As an
extension of SampleClean [KRIS15], ActiveClean aims at modelling the data cleaning
problem using SGD, whose concept has been introduced in Chapter 2.3.2. After ini-
tialization, the sampler iteratively identifies batches of faulty data. A detector can fur-
ther be specified that consists of either a rule-based or an adaptive detector to be
capable of identifying dirty data successfully. Once determined, the cleaner cleans
faulty instances by applying two methods, which are either outlier removal or feature
transformation. Feature transformation in this context comprises the cleaning of sam-
ples that contain noise such as typos or NaN values. The cleaned data set is afterwards
used to train an ML algorithm. An updater updates a model using the cleaned batch in
a SGD-manner, which supports in serving convergence. This process is repeated until
a stopping criterion, e. g., error convergence, is reached. An estimator further uses the
updates from the updater to recommend and prioritize dirty instances to be chosen by
the detector. [KRIS16]

Ultimately, ActiveClean provides a user assistance for cleaning data and subsequently
train ML algorithms. ActiveClean combines different methods and iteratively improves
the quality of the data set. However, only two methods have been outlined within the
feature transformation, while other steps such as transformation are left out entirely.
DPP methods need to be implemented solely by the data scientist. Only five data sets
have been selected to identify the performance of the system not representing a solid
data basis.

BoostClean by KRISHNAN ET AL. (2017)

Inspired by ActiveClean, BoostClean aims at achieving highest data quality using
adaptive boosting, or AdaBoost, to recommend DPP methods (see Chapter 2.4.3).
BoostClean consists of three key features. The first feature comprises a detector and
repair library that provide necessary methods for detecting and overcoming data qual-
ity issues. To detect data quality issues such as outliers, the detector library is applied
that contains methods such as isolation forests or minimum covariance determinant
(see Annex A.1). The repair library provides DPP techniques such as mean, median
or mode imputation. BoostClean then applies the detector library to identify a sub set
of conditional repair methods. A DPP pipeline is constructed by iteratively adding fur-
ther repair methods to the sequence. In between, a random forest classifier is trained



3 Derivation of Requirements and Analysis of Existing Approaches 73

to identify the performance of the sequence of DPP methods. By applying AdaBoost,
the scores are used to recommend the next repair method to be implemented. Main
differences to ActiveClean are the optimization technique, which is AdaBoost, and the
consideration of further DPP methods from data cleaning. The approach was validated
on twelve open source classification data sets [KRIS17]

While only focusing on classification tasks and therefore not coping with production
specific requirements that require regression, DPP methods of transformation, reduc-
tion and augmentation & balancing are not considered in BoostClean. In the course of
this, BoostClean is based on twelve open source data sets, which represents only a
small data basis to make a profound decision on the performance of BoostClean.

HoloClean by REKATSINAS ET AL. (2017)

HoloClean aims at cleaning data by considering integrity constraints, and external data
sources. Integrity constraints are meant to ensure the consistency within the data when
repairing inconsistent data. According to HoloClean’s nomenclature, the input com-
prises the data set, external information, denial constraints and matching dependen-
cies. A production example would be a data set from the shop floor, in which a machine
operator is assigned to the machine. A denial constraint represents a conditionality, so
that a machine operator is always working only on one machine, while the machine is
operated by three different operators in three shifts. Matching dependencies can be
external information such as tools being used in the machine. This input is cleaned by
HoloClean based on an error detection, compilation, and repair module. Within detec-
tion, outliers are detected, integrity constraints checked, and possible repairs identified.
In compilation, candidates are compiled to a probabilistic program, while in the repair
module, the probabilistic model is executed to eventually clean the data set. Through
the probabilistic approach, uncertainty is handled. [REKA17]

In contrast to BoostClean and ActiveClean, HoloClean covers more input features to
clean the data and is based on probabilistic inference instead of SGD or AdaBoost to
find best performing cleaning techniques. Therefore, HoloClean handles conditionali-
ties and various use cases better. However, HoloClean also only focuses on cleaning
operations, while other DPP techniques from different steps are not covered. In addi-
tion, probabilistic inference brings in more complexity while being less transparent.

Further approaches have been introduced that assists in cleaning data for ML applica-
tions. MAHDAVI ET AL. propose the so called cleaning workflow orchestrator that gener-
ates data cleaning workflows by first extracting meta features from a data set, detecting
errors, and lastly generating data set-specific cleaning workflows. [MAHD19] Other ap-
proaches, which follow a similar approach, are AutoSuggest, or Auto Data Cleaning
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[YAN20], [HAID20]. The cleaning workflow orchestrator is built for regression and clas-
sification tasks, represents an understandable inherent functionality, and thereby re-
duces complexity. However, it currently lacks representative production use cases that
proves the performance, and does not cover both many ML algorithms and DPP meth-
ods from different DPP steps and categories.

Learn2Clean by BERTI-EQUILLE (2019)

In Learn2Clean, users are assisted in both preprocessing data and applying ML algo-
rithms. Learn2Clean is based on reinforcement learning, in which Q-learning is applied
to identify most performant DPP pipelines. A user selects an ML algorithm from clas-
sification, regression, or clustering based on which DPP methods are implemented in
a sequence by the system. Once prepared, the previously chosen ML algorithm is
trained. Given the score of the ML algorithm, accuracy of classification model, the ac-
tions, i. e., DPP methods to be selected, are optimized using Q-learning. Various DPP
steps are included within Learn2Clean. In case of missing value handling, K-NN, MICE,
expectation maximization and most frequent value imputation are proposed. Outlier
handling consists of interquartile range, local outlier factor as well as z score-based
outlier detection. Noise in the data is treated based on exact and approximate duplicate
handling. Constraint discovery and pattern checking are used for determining con-
sistency in the data. For scaling the data, MinMaxScaler, z score and decimal scale
normalization are applied. Features are selected by applying missing value ratio, re-
moving correlated features and applying a wrapper method with a tree-based classifier
as baseline model. Learn2Clean was validated on three data sets. [BERT19] Based
on Learn2Clean, CleanEX was introduced, which thoroughly investigates chosen DPP
pipelines and ML algorithms regarding its transparency and which touches the han-
dling of uncertainty [BERT21].

Learn2Clean does not focus on categories like augmentation and balancing methods,
which are deemed highly important for final model performance as discussed in Chap-
ter 2.4.3. Although being applicable to different learning tasks, provided scores for re-
gression, MSE, and classification, accuracy, are not preferred in production context,
since a combination is required between different performance metrics. The reinforce-
ment learning approach is developed based on three data sets, whereas only one data
set was used for regression purposes not representing a sufficient data basis. Moreo-
ver, Q-learning may be highly inefficient and computationally expensive, since the
agent learns on a long term assessing each DPP pipeline including the ML algorithm
in every iteration. Ultimately, Learn2Clean is highly complex and less transparent.
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PRESISTANT by BILALLI ET AL. (2018)

In PRESISTANT, a meta learning system is developed to identify the impact of DPP
methods on classification algorithms. Based on the input, a ranking of DPP methods
is provided, which aims at having a positive impact on the ML model performance. By
extracting meta features from the data set, determining ML model performance prior
and after applying a sequence of DPP methods, the impact of DPP is determined.
Thus, the relative performance obtained between a classification model before and
after DPP is used as target variable. A meta model is then trained on the data set to
identify the relationship between meta features of the data set and the relative perfor-
mance increase of ML models based on implemented DPP methods. From there, PRE-
SISTANT assists the user in reducing the number of DPP methods to be chosen by
going through three phases. In the pruning phase, the number of DPP methods are
reduced by applying expert rules. The second phase comprises the learning phase, in
which a random forest classifier is applied as meta model that classifies, whether the
pipeline at hand has a positive, negative, or no impact. In the third phase, results are
ranked by the classes probability. According to its authors, PRESISTANT was evalu-
ated on hundreds of data sets. [BILA18]

PRESISTANT does not focus on regression tasks, which are common in production
when focusing on predictive maintenance or product quality prediction as seen in
Chapter 2.1. Moreover, no focus is put on encoding, augmentation and balancing
tasks, as they have an important impact on ML model performance and are specifically
required in real world production use cases. The approach also leaves out the se-
quence of DPP methods, but DPP methods need to be iteratively identified, which ends
up in a time consuming endeavor and reduced usability. Many meta features are to be
extracted making the explainability of PRESISTANT more difficult and the system in
total complex.

MetaPrep by ZAGATTI (2021)

Similar to PRESISTANT, ZAGATTI developed a meta learning system to find most per-
forming DPP pipelines for classification tasks through the extraction of meta features.
The meta learning algorithm is chosen as 1 nearest neighbor. Eleven data preparation
techniques are combined in a combinatorial approach, ending up in 180 possible pipe-
lines, which are benchmarked on 80 data sets using a random forest classifier. The
five best performing pipelines were selected into a pipeline pool that are further rec-
ommended by the system. Even though the selection of different ML algorithms has a
fundamental impact on the choice of DPP pipelines, the approach lacks the opportunity
of choosing different ML algorithms. [ZAGA21]
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For finding most performant pipelines, accuracy is used as performance metric not
leading to a profound performance estimate in real world production data sets. DPP
techniques from imputation, encoding, feature scaling and balancing are applied, how-
ever, augmentation, power transformers as well as data reduction methods are miss-
ing. No ranking is applied to the best performing pipelines given a new data set. In
addition, MetaPrep does not cover uncertainties.

RankML by LAADAN ET AL. (2019)

RankML aims at recommending ML pipelines including various DPP methods through
meta learning. Based on 244 benchmarked data sets, the meta learning system rec-
ommends the best performing ML pipeline for the specific learning task in a ranked
manner. The pipelines, from which meta features are extracted, are generated using
tree-based pipeline optimization tool (TPOT), which will be introduced in Chapter 3.2.3.
Different types of meta features are extracted. First, data set related meta features
such as descriptive and correlation-based information are considered. Secondly, meta
features are used that provide information about the pipeline’s topology of the pipeline.
Given the meta features of the data sets and pipeline representation, the target varia-
ble, i. e., ML pipeline can be predicted using the meta learning algorithm XGBoost. In
addition, RankML is retrainable. [LAAD19]

Even though several meta features are extracted, RankML misses newer approaches
of meta feature extractors such as landmarkings. The system further lacks balancing
as well as augmentation methods, which are highly relevant for production use cases.
Since RankML is based on the pipelines generated by TPOT, it is less extendable and
updatable in terms of incorporating new methods. The same applies for ML algorithms.
TPOT already covers a set of ML algorithms but does not provide more than twelve
ML algorithms.

As interim conclusion, many approaches can be found, which support the user in iden-
tifying DPP methods or DPP pipelines. Many of them combine the step of DPP with
ML approaches. Different technologies are used to propose DPP methods or pipelines,
which can be based on probabilistic inference, reinforcement, or meta learning. In this
context, the concept of AutoML has gained popularity. AutoML systems increasingly
cover DPP techniques. Therefore, the next sub chapter investigates, how comprehen-
sively AutoML systems support DPP.

3.2.3 AutoML Systems and AutoML-Based DPP

As shown in Chapter 2.5, AutoML aims at democratizing the use of ML by supporting
users through automatic generation of fully comprehensive ML pipelines. Low level
decisions such as the choice of DPP methods and ML algorithms are undertaken by
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the AutoML system. [FEUR22, p. 1] Many fully comprehensive AutoML frameworks
have been introduced in recent years, which can be divided into proprietary, and open
source tools. These frameworks attempt to find best performing ML pipelines focusing
on the choice of ML algorithm selection including the best hyperparameter settings.
Increasingly more DPP methods have been incorporated into AutoML systems in re-
cent years. At the same time, systems have been developed that shift the focus from
modelling to DPP and thereby transfer the large configuration space from ML algo-
rithms to DPP methods and its hyperparameter settings. Consequently, fully compre-
hensive AutoML and AutoML-based DPP frameworks are introduced in the following
based on their popularity and consideration of DPP.

Fully comprehensive AutoML: proprietary systems

Azure Machine Learning from Microsoft represents a proprietary service that facilitates
AutoML for both classification and regression tasks. The platform offers DPP methods
and ML algorithms, while optimization is realized by applying Bayesian optimization
(BO). In terms of DPP, no methods could be found in the documentation. [MICR20]
Amazon SageMaker from Amazon Web Services enables manual AutoML for regres-
sion and classification via the so called autopilot [AMAZ20]. The autopilot automatically
implements cleaning, and transformation methods with ML algorithms. Optimization is
realized through BO. Custom DPP pipelines can be generated through a python user
interface. Google AutoML Tables provides a user interface for generating ML pipelines.
However, no further information could be found on which DPP methods are applied by
the platform. [GOOG20] In general, all proprietary systems provide an intuitive graph-
ical user interface making it easy to understand the results and ML pipeline.

Fully comprehensive AutoML: auto sklearn 2.0 by FEURER ET AL. (2021)

Auto sklearn is built upon the scikit learn library and extends Auto-WEKA by introduc-
ing further features for addressing the CASH problem and DPP methods (Chapter 2.5).
In contrast to Auto-WEKA, auto sklearn uses historically performant portfolios of ML
pipelines to warm start the optimization process. For optimizing hyperparameters, se-
quential model-based algorithm configuration (SMAC) with the surrogate model ran-
dom forest is applied (see Chapter 2.3.2). The training process is accelerated by using
successive halving to shift the budget to better performing configurations. Extra trees,
gradient boosting, MLP, passive aggressive, SGD, and random forest are included as
ML algorithms. Uncertainty is partially addressed through averaging the outputs of sev-
eral ML pipelines. [FEUR22]

From auto sklearn 0.6, which started only with a small set, the number of DPP methods
has been increased in latest releases underlining the high impact of DPP to ML model
performance. Auto sklearn 2.0 comprises DPP techniques of imputation, encoding,
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scaling, quantile transformer, and balancing. However, for balancing, only weighted or
none can be chosen. In addition, augmentation, outlier handling, and reduction meth-
ods are missing. Response latencies of auto sklearn can be very high due to the large
search space. Even though being applicable, a high effort is required when implement-
ing regression algorithms. Ultimately, DPP pipelines are not recommended, but the
entire ML pipeline is automatically applied.

Fully comprehensive AutoML: TPOT by OLsON & MOORE (2016)

The tree-based pipeline optimization tool (TPOT) for automating ML uses genetic pro-
gramming to identify best ML pipelines consisting of DPP and ML algorithms. Starting
with simple pipelines, more complexity is introduced with increasing generations. In
the beginning, 100 pipelines are constructed and subsequently 20 pipelines are se-
lected, while maximizing the performance and minimizing the number of operators
within the pipeline. Each pipeline then generates five copies based on which 10 % is
crossed-over and 90 % randomly adjusted. This procedure is stopped after 100 gen-
erations. ML algorithms that are covered in TPOT are decision tree, random forest,
XGBoost, logistic regression and K-NN. OLSON & MOORE distinguish DPP techniques
into feature preprocessing and feature selection operators. Feature preprocessing con-
sists of feature scaling, PCA, binarizer and polynomial features, while feature selection
contains the methods variance threshold, select k best, select percentile, select Fwe
and RFE. [OLSO16b], [LETR20] However, balancing and augmentation techniques
are not covered.

Further open source AutoML approaches can be found in Annex A.5. Even though
AutoML tools increasingly incorporate DPP methods, they are generally missing per-
formant DPP methods. This shortcoming is addressed by AutoML-based DPP sys-
tems, which are introduced in the following.

AutoML-based DPP: Effective DPP for AutoML by GIOVANELLI ET AL. (2021)

Inspired by PRESISTANT, GIOVANELLI ET AL. combine well performing DPP methods
into DPP pipelines. Based on the CASH problem, the authors introduce the data pipe-
line and optimization (DPSO) problem, in which most performing sequences of
DPP methods are to be found before applying classification algorithms. Given a so
called pipeline prototype, which is a set of DPP methods in a fixed order, a pipeline is
searched that represents a sub set of the pipeline prototype. The combinatorial prob-
lem is addressed by evaluating pairs of DPP methods, which perform well on a given
data set and deriving heuristic and learned rules to optimize the search for future data
sets. For rule learning, sequential model based optimization (SMBO) is used as the
optimization technique, which has proven to be efficient and performant in AutoML
systems. As in PRESISTANT, imputation, encoding, feature scaling, discretization and
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feature selection methods are covered. Moreover, balancing techniques are also con-
sidered in the construction of pipelines leading to a large search space when finding
suitable DPP pipelines in real world applications. [GIOV21]

The PipeConstructor is updatable, extendable, and retrainable due to the SMBO ap-
proach. It further proposes a sequence of methods and partially handles uncertainty
through averaging model outputs in the development phase. Although avoiding the
combinatorial problem by considering pairs of DPP methods, the search space is high
dimensional when considering every DPP method in the pipeline prototype. Therefore,
a low response latency of the system cannot be expected. The approach lacks decisive
DPP methods such as augmentation methods, while only focusing on classification
tasks.

AutoML-based DPP: Alpine Meadow by SHANG ET AL. (2019)

Without explicitly naming them, SHANG ET AL. also seized the idea of combining DPSO
and CASH problem to democratize the generation of performing ML pipelines by de-
picting the methodology of data scientists in building ML pipelines. Data scientists gen-
erally start with the implementation of baseline DPP methods and baseline ML algo-
rithms, and afterwards increase complexity by implementing more sophisticated algo-
rithms, if needed. Inspired by this methodology, Alpine Meadow automatically
searches for the best possible pipeline while presenting best pipelines to the end user
in periodical steps. To automatically find best performing pipelines, SHANG ET AL. de-
cided to combine a multi-armed bandit and BO approach, whose principle has been
introduced in Chapter 2.3.2. Based on a search space of possible DPP methods, the
best logical pipeline is determined. A logical pipeline represents the best pipeline con-
sisting of DPP methods in an unfixed order. Since the search space is very large, the
logical pipeline is searched based on a multi-armed bandit approach. Once the best
logical pipeline is found, the hyperparameters of selected DPP methods are optimized
based on Bayesian optimization, more specifically SMBO. Ultimately, best DPP pipe-
lines including ML algorithms are automatically calculated based on 220 classification
and 80 regression data sets. [SHAN19]

Alpine Meadow focuses on democratizing data science and shows the user intermedi-
ate results. However, the interpretability of Alpine Meadow through the combination of
multi-armed bandit and SMBO is thereby limited and requires computational re-
sources, which are often not existing in the production environment. As of now, DPP
categories such as power transformers, balancing, or augmentation are not covered
within Alpine Meadow. In addition, building only 66 logical pipelines for classification
took over four hours.
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3.3 Assessment of Existing Approaches and Required Action

Based on the shortcomings of existing approaches, the required action is derived. For
that reason, existing approaches are assessed by presenting the degree of fulfillment
of derived requirements. In the following, it is assessed how corresponding approaches
presented in Chapter 3.2 fulfill the requirements stated in Chapter 3.1. In this context,
existing approaches can either entirely, partially, or not fulfill the requirement at hand.
The results are finally summarized in Table 3-1.

Fundamental prerequisites

In every existing approach, the combinations of DPP methods, which are deemed im-
portant for achieving high ML model performances, are only partially fulfilled since not
every DPP method from categories and steps are included. AutoML-based DPP sys-
tems, Learn2Clean, Alpine Meadow, Effective DPP for AutoML, and MetaPrep include
DPP methods which contain more than one DPP category and simultaneously com-
bine methods into pipelines.

The requirement of handling conditionality is addressed by the vast majority of ap-
proaches. Basic support such as cheat sheets and flow charts do not explicitly under-
line conditionality between different DPP methods. In case of identifying best perform-
ing DPP pipelines for ML applications before developing a system, AutoML systems
and user assistance approaches combine DPP and ML application within the optimi-
zation process, thus finding performing DPP pipelines. Potter’s Wheel represents one
exception, which does not involve a learning process and is not tailored to ML applica-
tions. Basic approaches such as cheat sheets and flow charts do not explicitly focus
on well performing pipelines. In terms of representative production use cases required
for setting up and validating a performant learning system, the user assistance ap-
proaches of Alpine Meadow, PRESISTANT, RankML, MetaPrep, and Effective DPP
for AutoML are validated based on at least 60 data sets. Reinforcement learning-based
Learn2Clean or probabilistic inference-based HoloClean are validated on data sets in
a range of three to four data sets, respectively. The requirements is fulfilled, if more
than 100 data sets are used for validating, and not fulfilled if less than 15 data sets are
used. However, the data sets do not solely stem from production and its particular
requirements discussed in Chapter 2.1 and Chapter 2.3.2.

Basic tools that support in preprocessing data do not cover conditionalities and are not
built on representative use cases. The other technologies offer the opportunity to meet
the prerequisites of a DSS.
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Functional requirements

One key requirement represents complexity reduction to ensure simple systems that
recommend DPP pipelines. Cheat sheets and flow charts exhibit a reduced complexity.
Open source AutoML systems as well as Learn2Clean and Alpine Meadow represent
highly complex systems to identify suitable DPP pipelines. For instance, auto sklearn
provides multiple ensembles with different weighting that can overwhelm the user of
an application. RankML, MetaPrep, and PRESISTANT propose simpler meta learning
systems with less complexity. In case of MetaPrep, nearest neighbor is used, which is
not explainable and prone to unscaled data, whereas PRESISTANT and RankML use
tree based algorithms such as random forest and XGBoost for suggesting DPP meth-
ods, whereas complexity could further be reduced by applying baseline algorithms.

Most of the systems handle variability of use cases. Since HoloClean considers many
input categories and dependencies, other cleaning-focused approaches are assessed
to partially fulfill the requirement although being applicable to variable use cases. Au-
toML systems and the remaining user assistance systems are capable of handling dif-
ferent meta feature values. Except for RankML, none of the existing approaches are
entirely coping with production specific requirements, which are the applicability to both
regression and classification tasks, while using F1 score and RMSE as performance
metrics for achieving best performance. Although being applicable to regression, Au-
toML systems are tailored for classification tasks meaning that manual changes need
to be performed to the code to be able to handle regression tasks. Learn2Clean and
MetaPrep use accuracy, which is an inappropriate metric for imbalanced data sets in
general and for production in particular. Effective DPP for AutoML, PRESISTANT, and
BoostClean only focus on classification tasks.

All approaches shown in Table 3-1 also lack a wide variety of ML algorithms. Since
DPP pipelines are highly dependent on ML algorithms, the better result is to be ex-
pected the more pipelines are constructed on different ML algorithms (see Chap-
ter 2.4.4). While Potter’s Wheel does not include ML algorithms, MetaPrep only applies
random forest to identify suitable DPP pipelines. Effective DPP for AutoML considers
three ML algorithms, while PRESISTANT applies four ML algorithms. Learn2Clean
provides three classification, three regression, and two clustering algorithms, while
TPOT, and therefore also RankML, offers six ML algorithms. Basic approaches such
as cheat sheets are model-agnostic, hence, applicable for a wide range of ML algo-
rithms.

Except for proprietary AutoML systems, all approaches state to be updatable and ex-
tendable by introducing further ML algorithms or further DPP methods. In case learning
approaches are used to find most performant ML or DPP pipelines, retraining capability
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is given. However, no final assessment can be made on the retraining capability since
the presented approaches are recently published focusing on developing instead of
retraining systems within operation. In addition, only HoloClean covers fully uncertainty
through the probabilistic inference. Further approaches like RankML, Alpine Meadow,
PRESISTANT, and Effective DPP for AutoML touch uncertainty by averaging ML
model results to address the stochastic behavior. In MetaPrep, Potter's Wheel, and
BoostClean, no information could be found how the systems handle uncertainty.

To comply with the requirements regarding the inherent functionality of the DSS, meta
learning technology is suitable due to the opportunity of reducing complexity. AutoML
systems, reinforcement learning, and probabilistic inference technologies are capable
of partially addressing the wide variety of ML algorithms and production specificities,
however, they represent complex systems to achieve performant results.

User-specific requirements

Proprietary AutoML systems provide an intuitive graphical user interface facilitating the
usability. Based on Learn2Clean, BERTI-EQUILLE proposed CleanEX that includes the
operator to comprehend the decision of Learn2Clean. Potter’s Wheel offers a spread-
sheet-like display for better user interaction. Therefore, Learn2Clean and Potter’s
Wheel partially fulfill the requirement of usability. Except for proprietary AutoML sys-
tems, other approaches like RankML do not provide an intuitive user interface. The
missing user interface makes it difficult for production experts to comprehend and trust
results.

Basic approaches do not exhibit any response latency, which is why cheat sheets and
flowcharts entirely fulfill the requirement. AutoML systems, Learn2Clean, Effective
DPP for AutoML, and Alpine Meadow reveal high response latency up to several hours
since these systems search for best performing pipelines during the training process.
PRESISTANT and MetaPrep directly recommend DPP methods and pipelines, respec-
tively by applying the meta learning system. Thus, low response latencies are
achieved, which are comparable with cleaning based approaches of ActiveClean,
BoostClean, HoloClean and Potter’'s Wheel.

Only MetaPrep and Effective DPP for AutoML provide ranked DPP pipeline recom-
mendations. Learn2Clean, AlpineMeadow, RankML, or AutoML systems such as auto
sklearn, TPOT, and H20 AutoML provide rankings and weightings of pipelines, how-
ever, do not explicitly display ranked recommendations of DPP pipelines. Here, DPP
pipelines can be identified within the ensembles of ML pipelines. No ranking is provided
by basic approaches and user assistance that solely focus on data cleaning methods.
HoloClean offers a high input flexibility by considering many different input parameters
and denial constraints. For all other existing approaches, a certain input flexibility is
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given, however, many parameters need to be inserted beforehand for system’s func-
tionality.

The explainability requirement is completely fulfilled for basic approaches and Potter’s
Wheel, which are easy to understand. Every AutoML system is deemed to be intrans-
parent. In case of proprietary AutoML systems, the functionality cannot be investigated
in detail, while open source systems consist of many complex calculations which is not
directly traceable by the user. By utilizing SMBO, Effective DPP for AutoML and Alpine
Meadow are not transparent. MetaPrep uses a meta learning system, which applies K-
NN as meta model, while K-NNs decisions are difficult to understand. HoloClean ap-
plies probabilistic inference, which is barely understandable for a manual operator. Alt-
hough applying Q-learning, Learn2Clean partially fulfills the requirement due to the
extension to CleanEX. PRESISTANT applies random forest as meta model, whereas
BoostClean uses AdaBoost and RankML applies XGBoost as learner, representing
interpretable ML algorithms.

Based on the user-specific requirements, meta learning represents the most promising
approach to facilitate a satisfying usability and provide ranked recommendations, while
retaining transparency and low response times. As can be taken from the critical as-
sessment, no approach entirely fulfills the requirements. Especially the small number
of supported DPP methods, low variety of ML algorithms, often non-compliance with
both regression and classification tasks, as well as high complexity and intransparent
structure of performant approaches emphasizes the need for further research.

Ultimately, Table 3-1 shows the overview of the assessment of existing approaches.
For every existing approach that is classified into basic, user assistance and AutoML
systems in different colors on the left, the technology is assigned. For every existing
approach, the results of the assessments of fundamental, functional and user require-
ments are shown. The frameworks of proprietary and open source AutoML systems
are summarized. Even though the frameworks differ in terms of ML properties and
underlying concepts of tuning hyperparameters, the frameworks are abstracted for
DPP, since the assessment of the abstracted forms can still be ensured.
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Table 3-1: Assessment of existing approaches and the fulfillment of requirements
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3.4 Interim Conclusion

Starting from fundamentals, Chapter 3 presented the derivation of requirements and
analysis of existing approaches followed by their assessment to deduce the need for
research. Based on the established requirements in Chapter 3.1, SRQ 1 can be an-
swered:

SRQ 1 Which requirements need to be met by the decision support system for
recommending DPP pipelines?

The requirements of a DSS to recommend suitable DPP pipelines can be divided into
fundamental prerequisites, inherent functionality and user-specific requirements. In to-
tal, 16 requirements were identified, which are classified into fundamental prerequi-
sites, functional, and user-specific requirements. Existing approaches were then ana-
lyzed and critically assessed by means of previously stated requirements. In conclu-
sion, SRQ 2 can be answered:

SRQ 2 Which approaches and technologies can serve as a basis for the devel-
opment of a decision support system?

Promising approaches have been introduced, which cover partially the requirements.
Basic approaches provide an initial support in identifying DPP methods but do not pro-
vide comprehensive recommendations. Fully comprehensive AutoML systems are
highly performant and increasingly cover DPP methods. However, due to the focus on
modelling, these AutoML systems do currently not provide enough DPP methods. Au-
toML-based DPP systems such as Effective DPP for AutoML, and Alpine Meadow
cover various DPP methods. The high response latencies and high complexity do not
fulfill the requirements. User assistance approaches can rely on different technologies
such as reinforcement learning, probabilistic inference, or meta learning. Learn2Clean
and the extension CleanEX applies reinforcement learning, which is highly complex
and requires many iterations until convergence. Meta learning-based approaches like
PRESISTANT, MetaPrep, and RankML find promising tradeoffs between the complex-
ity and performance of the system. The use of meta learning can result in explainable
systems, while providing recommendations in a short time. Furthermore, meta learning
has especially proven to be performant in those systems. For these reasons, meta
learning will be used to develop a DSS. Since this work aims at developing a DSS for
recommending DPP pipelines for ML applications in production, Chapter 4 comprises
the development of a DSS for DPP pipeline recommendation in production that is ver-
ified and validated in Chapter 5.
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4 Development of a Meta Learning System for DPP Pipe-
lines in Production

In this chapter, the meta learning-based DSS is introduced for recommending most
suitable DPP pipelines for ML applications in production, which is called Meta-DPP.
The first sub chapter comprises the general design of Meta-DPP. Subsequently, Chap-
ter 4.2, 4.3, and 4.4 provide details about the development of three core components
of Meta-DPP. In the first step, a meta target selector is developed, which aims at
choosing a suitable target for the meta model (Chapter 4.2). Chapter 4.3 contains the
creation of a meta features database that provides input features for the meta model.
Given the meta features database and the selected meta target, a meta model is cre-
ated, which recommends most suitable DPP pipelines for a given use case (Chap-
ter 4.4). Chapter 4.5 describes the technical implementation and retraining concept to
ensure long-term usage of Meta-DPP. Chapter 4 concludes with an interim conclusion
(Chapter 4.6).

4.1 General Design of Meta-DPP

In the following, the general design and functionality of Meta-DPP are outlined. In a
first step, fundamental design considerations of the meta-learning based system are
discussed in Chapter 4.1.1. A distinction is made between applying and developing
Meta-DPP. Chapter 4.1.2 describes the functionality of core components and their in-
teractions as well as how the user applies Meta-DPP. Then, Chapter 4.1.3 provides an
overview about the development of the core components, which are detailed in Chap-
ter4.2,4.3,and 4.4.

4.1.1 Fundamental Design Considerations of Meta-DPP

Meta-DPP at its core is based on the concept of meta learning (see Chapter 2.5). Ac-
cording to Figure 4-1, a meta target (I) consists of a set of DPP pipelines to be recom-
mended. The meta target of Meta-DPP represents a preselected set of overall well
performing DPP pipelines, called pipeline pool. The pipeline pool results from the meta
target tradeoff: On the one hand, many different best performing pipelines exist across
production use cases resulting in a very high number of classes, i. e., DPP pipelines,
in the meta target. On the other hand, a meta model requires many historical instances
per class to learn a pattern directing towards a lower number of classes. This tradeoff
is addressed through identifying a set of overall well performing pipelines across many
production use cases, i. e., a pipeline pool, to ensure the existence of several instances
per class. Since DPP pipelines further depend on the learning task, two pipeline pools
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are identified for classification and regression. This concept requires an approach that
is called meta target selector, which chooses between different pipeline pools based
on the learning task.

Learning algorithm

Meta Features (ll)

General Statistical | ML Algorithm | ... | |JRLSERENEH{)]
No. of rows | ... | Corr.mean | ... | No. of HP

7,234 0.972 5 DPP pipeline 1

276 0.275 8 DPP pipeline 2
Corr.mean | Mean of correlation No. of HP | Number of hyperparameters

Figure 4-1: Meta learning-based concept for recommending DPP pipelines

The characterization of production use cases is realized by the extraction of meta fea-
tures (Il). While too many meta features lead to the curse of dimensionality as dis-
cussed in Chapter 2.4.3, too few meta features may not provide enough information.
Therefore, different dimensions of meta data are considered, which extract information
from the data set at hand, ML algorithm performance, and historical DPP pipeline per-
formance. Given the selected meta target and meta features, a meta model (lll), e. g.,
a learning algorithm, is trained that aims at predicting the best performing pipeline
based on use cases’ meta features. Given these fundamental considerations, the ap-
plication of Meta-DPP and functionality of core components are introduced.

4.1.2 Core Components of Meta-DPP and its Interactions

The functionalities and interactions of core components are described based on how
Meta-DPP is applied by a user. The application of Meta-DPP, which is a meta learning-
based system for recommending DPP pipelines for ML applications in production, can
be taken from Figure 4-2. Starting from the bottom left, a user, e. g., a production ex-
pert, an IT expert, or a data scientist can input their production use cases by providing
the data set, selecting an ML algorithm, and specifying additional requirements such
as explainability.

The input is used to apply a meta target selector, which chooses between two DPP
pipeline pools dependent on the learning task of either classification or regression. For
each learning task, a pool of overall well performing DPP pipelines is available. In par-
allel, meta features are directly extracted dependent on the production use case pro-
vided by the user. According to Chapter 2.5, given the meta target, i. e., pipeline pool,
and input variables, i. e., meta features, a meta model aims at predicting the most
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performant DPP pipeline from the preselected pipeline pool based on use case char-
acteristics.

Meta Learning System for Recommending DPP Pipelines (Meta-DPP)

Meta Target Selector Meta Features Database Meta Model

Determination of Extracting meta features Recommendation of
DPP pipeline pool dependent on use case DPP pipeline from pool given
the use case meta features

N 1
ﬁ } User input DPP pipeline recommendation% g
LI
Data scientist, IT expert User User Data scientist, IT expert,
production expert production expert, AutoML system

Figure 4-2: Application of Meta-DPP and its core components

The outcome of the meta model is a ranking of DPP pipelines, which can be applied
by the user. In addition, the outcome can also be applied as warm start or initial solution
for AutoML systems. The main components are briefly explained in the following.

Meta target selector

The meta target selector consists of a rule based system, in which the pipeline pool is
chosen depending on the learning task. Based on the identification of overall best per-
forming pipelines, the pipeline pool consists of a fixed set of DPP pipelines for each
classification and regression. A thorough overview on the development of the meta
target selector is provided in Chapter 4.2.

Meta features database

The meta features database stores information about production use cases and past
performances of ML algorithms and DPP pipelines. To facilitate the generalization of
the meta model, the meta features database consists of three meta data dimensions,
which are data set-, ML algorithm-, and DPP pipeline-related. Data set-related meta
features are classified into general, statistical, information-theoretical, landmarking,
and model-based. General meta features provide information about data set’s shape,
e. g., number of instances. Statistical and information-theoretical meta features inves-
tigate the properties of features and their relationships, e. g., through correlations be-
tween features. Landmarking trains simplest forms of baseline models, e. g., a decision
node of a decision tree, on data sets to describe the task of recommending DPP pipe-
lines. In case of model-based meta features, model parameter values of a trained de-
cision tree are related to the characteristics of a data set, e. g., the maximum depth
related to the number of attributes.
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Further meta features stem from the properties as well as past performances of ML al-
gorithms. Properties of the ML algorithms are, for instance, the number of hyperpa-
rameters. DPP pipeline-related meta features are further calculated. Best performing
DPP pipelines are used to count the occurrences of DPP methods in best performing
pipelines. Best performing DPP methods are then assigned to DPP categories and
DPP steps as described in Chapter 2.4.3. Since the meta features depend on the learn-
ing task, two different sets of meta features are available for regression and classifica-
tion. The details about the development of meta features database are provided in
Chapter 4.3.

Meta model

Since two different pipeline pools and sets of meta features exist due to the learning
task distinction, two meta models are used to recommend DPP pipelines. The meta
model outputs a ranked recommendation by providing probabilities of each class, i. e.,
DPP pipeline. Probabilities are used in two ways. First, the user receives a ranked
recommendation, from which DPP pipelines can be implemented according to the or-
der of probabilities. Second, probabilities give insights about how certain a model is
about the recommendation.

Based on how Meta-DPP is applied, a focus is put on the development of Meta-DPP
in the following. For that reason, Chapter 4.1.3 shows an overview on how the core
components are created.

4.1.3 Overview of Developing the Core Components of Meta-DPP

Following up on Figure 4-2, which describes the functional sequence when using Meta-
DPP, Figure 4-3 shows the development workflow of Meta-DPP in blue boxes. First,
the meta target selector is developed, which chooses the pool of pipelines dependent
on the learning task. Representative production use cases are identified and suitable
DPP pipelines configured, which are benchmarked according to the performance of
ML algorithms. The benchmarking results are ranked in the following to determine DPP
pipelines, which perform well over many production use cases. Ultimately, the pipeline
pool with a fixed set of DPP pipelines per learning task is identified (Chapter 4.2).

The meta features database is constructed based on the determination of relevant data
set-, ML algorithm-, and DPP pipeline-related meta features. The specificities of the
meta features database development can be taken from Chapter 4.3. Based on the
developed meta features database and identified pipeline pools, the two meta models
are created in Chapter 4.4. In a first step, a suitable meta pipeline consisting of DPP
pipeline and ML algorithm is selected. Secondly, the meta models are implemented to
recommend DPP pipelines.
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Developing: Meta Target Selector (Chapter 4.2)

Creating
production
use cases

Pipeline pooling
according to
learning task

Configuring Benchmarking Scaled ranking
DPP pipelines

Meta Target Selector Meta Features Database Meta Model

Determination of Extracting meta features Recommendation of
DPP pipeline pool dependent on use case DPP pipeline from pool given
the use case meta features

Developing: Meta Features Database (Chap. 4.3) Developing: Meta Model (Chap. 4.4)

Determining Determining
ML algorithm- DPP pipeline-
related related
meta features meta features

Determining Selecting Training

suitable selected

Data set-related

meta features meta pipelines meta pipelines

Figure 4-3: Development process for the core components of Meta-DPP (depicted in
blue)

4.2 Developing the Meta Target Selector

The goal of the meta target selector is to choose a preselected pool of overall well
performing DPP pipelines dependent on the learning task. To set up the meta target
selector, in the first step, representative production use cases are determined, which
build the basis for finding best performing DPP pipelines (Chapter 4.2.1). Based on a
selection of suitable DPP methods, DPP pipelines are configured in Chapter 4.2.2.
Through the benchmarking of previously combined DPP pipelines on representative
production use cases, the performance of DPP pipelines is determined according to
ML model scores (Chapter 4.2.3). The outputs are subsequently ranked in a scaled
manner. Over all use cases and DPP pipelines, descriptive statistics are derived by
calculating the mean, median, minimum, maximum, and various percentiles (Chap-
ter 4.2.4). The results are used to eventually find two pools of DPP pipelines dependent
on the learning task in Chapter 4.2.5: one for regression and one for classification.
These pools represent classes of the meta target. Figure 4-4 highlights the steps for
developing the meta target selector and refers to the chapters, in which the sub com-
ponents are discussed.
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Developing: Meta Target Selector (Chapter 4.2)

Creating

production

use cases
(Chap. 4.2.1)

Pipeline pooling
according to
learning task
(Chap. 4.2.5)

Configuring Benchmarking of Scaled ranking of
DPP pipelines DPP pipelines DPP pipelines
(Chap. 4.2.2) (Chap. 4.2.3) (Chap. 4.2.4)

Meta Target Selector

Determination of
DPP pipeline pool

User input DPP pipeline recommendation
Data scientist, IT expert Data scientist, IT expert,
production expert production expert, AutoML system

Figure 4-4: Procedure of developing the meta target selector

4.2.1 Creating Production Use Cases

A production use case is the input that a user provides to Meta-DPP to receive a rec-
ommendation of DPP pipelines. The user can input a data set, ML algorithm, and the
requirement of the availability of explainable methods. Since explainability will be used
to filter DPP pipelines in the later stage, production use cases for developing the meta
target selector are built on data sets and ML algorithms.

Identification of suitable production data sets

Since numerous production use cases should serve as the basis for benchmarking
DPP pipelines, 44 publicly available, tabular data sets related to production and six
data sets from projects conducted at Fraunhofer IPT are used. The 44 production use
cases are selected based on detailed research, which can be taken from KRAUR ET AL.
[KRAU19b]. In total, 50 data sets are considered. Particular focus is put on the availa-
bility of representative production use cases from the application areas introduced in
Chapter 2.1. Therefore, 32 % of the data sets are related to predictive process control,
26 % to predictive maintenance, and 14 % to process design. Further data sets are
assigned to the applications of anomaly detection, product design, and process man-
agement. For every data set, meta features, data set descriptions and references can
be taken from Annex A.6.

As described in Chapter 2.3.3, the performance of ML algorithms highly depend on the
existence of missing values and categorical columns. In addition, the recommendation
of fully comprehensive DPP pipelines rely on imputing and encoding strategies. Since
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many data sets do not contain missing values or categorical columns and to simulta-
neously increase the number of production use cases, derivative data sets are created
from existing ones to achieve a balance of data sets with:

- no missing values and no categorical columns (norm),
- no missing values and categorical columns (cats),

- missing values and no categorical columns (mvs),

- missing values and categorical columns (both).

The norm data sets with only numerical columns are used to randomly introduce cate-
gorical features. Numerical columns are randomly picked and discretized through bin-
ning using equal width. In addition, missing values are randomly introduced to norm
data sets. If both categorical and missing values are introduced, “both” data sets are
created. Ultimately, 104 data sets are used for benchmarking, while 75 data sets are
classification and 29 data sets regression tasks. To gain insights of the chosen data
sets, Table 4-1 provides an excerpt of the data sets being used. For every data set,
the learning task (LT), number of instances (/nst.), number of attributes (Attr.), number
of categorical columns (Cats) and number of missing values (MV) are shown.

Table 4-1: Overview of data sets (excerpt)

CL/

No. ||| Data Set LT | Inst. Attr. | Cats | MV STD Ref.
01 | |3D Printer RE 50 11 2 0 0.7802 OKUD19
02 ||SECOM CL 1,567 591 0 41,951 | 1463:104 | DUA19
03 ||SFGD CL 2,109 21 0 0 1783:326 | SAYY05
04 ||SFGD - mvs CL 2,109 21 0 2,214 | 1783:326 | SAYY05
05 | |SFGD - cats CL 2,109 21 9 0 1783:326 | SAYY05
06 | |SFGD - both CL 2,109 21 4 1,772 | 1783:326 | SAYY05
07 ||| Turbofan 1 RE | 13,096 26 0 0 41.39 SAXEO8
104 | | Valve mvs CL 2,205 38 0 2,253 3:‘3668?‘?35 HELW15
LT | Learning task Ref. | Reference SFGD | Software for ground data
Inst. | No. of instances MV | No. of missing values CL | Classification
Attr. | No. of attributes Cats | No. of categorical columns RE | Regression

CL/ | CL (classification): ratio of classes
STD | STD: standard deviation of label (regression)

In case of classification tasks, the class representation is recorded, while for regres-
sion, the standard deviation of the target variable is presented (CL/STD). Finally, the
reference (Ref.) of the publicly available data set is given. The entire list of 104 data
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sets can be taken from Annex A.6. While Table 4-1 provides an excerpt of the data
sets being used, Table 4-2 shows the descriptive statistics of the data sets. Thereby,
32 data sets of type norm neither contain missing values nor categorical columns, 30
data sets exhibit categorical columns, 22 data sets MVs, and for 20 data sets, both
cats and MVs are present. The number of rows ranges from 40 to 600,000, while the
number of columns lies between 5 and 591. The maximum number of cats is 45, while
the maximum number of MVs is 41,951. ML algorithms further create production use
cases, which are introduced in the following.

Table 4-2: Descriptive statistics of data sets

No. of data sets No.

No. of... Min Max Mean | Median
Norm 32

rows 40 76,000 6,689.1 2,205
With cats 30

columns 5 591 60.81 21
With mvs 22

cats 0 20 25 0
With both 20

MVs 0 1,078,695 | 14,616.1 0
RE/CL Ratio 29/75

Identification of suitable ML algorithms

According to Chapter 2.3.3, ML algorithms and DPP are highly interrelated. Therefore,
ML algorithms for both regression and classification are considered as input dimension
for Meta-DPP. To provide the user of Meta-DPP a broad applicability, 18 ML algorithms
are selected given the following criteria, which are formulated based on an extensive
literature research:

- Successful application in production (see Chapter 2.1)

- Tabular data (see Chapter 2.2)

- Supervised learning (see Chapter 2.3.2)

- Mix of baseline and more complex ML algorithms (Chapter 2.3.3)

- Interpretable and non-interpretable ML algorithms (Chapter 2.3.3)

- Different levels of robustness against data quality issues (Chapter 2.3.3)
- Computational complexity (Chapter 2.3.3)

- Ease of implementation

By applying these criteria, Table 4-3 shows the overview of 18 regression and classi-
fication algorithms, which exhibit input options for the user of Meta-DPP and which are
used to benchmark DPP pipelines. In addition to the considerations of Chapter 2.3.3,
bagging is performed with the baseline model K-NN, since K-NNs provide reasonable
performance in the presence of scaled data, while being fast. Voting is based on two
competing baseline models, which are DT and K-NN, since DT and K-NN complement
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each other in terms of properties. For the first layer of the stacking algorithm, DT and
K-NN are applied. The final model in the second layer is represented by logistic re-
gression in case of classification, and linear regression. The learning approach of SGD
introduced in Chapter 2.3.2 is used with a linear-kernel SVM representing a fast yet
performant ML algorithm. In total, 18 ML algorithms can be selected in Meta-DPP.

Table 4-3: ML algorithms for classification and regression considered in Meta-DPP

No. || Classification Regression

01 |/|Logistic regression Linear regression

02 |/|Ridge classifier Ridge regressor

03 || Naive Bayes classifier Elastic net

04 ||| Gaussian process classifier Gaussian process regressor

05 |/|K nearest neighbor classifier K nearest neighbor regressor

06 || Support vector classifier Support vector regressor

07 | |Decision tree classifier Decision tree regressor

08 || Random forest classifier Random forest regressor

09 || Extra trees classifier Extra trees regressor

10 ||| AdaBoost classifier AdaBoost regressor

11 || Gradient boosting classifier Gradient boosting regressor

12 ||| LGBM classifier LGBM regressor

13 ||| Histogram gradient boosting classifier Histogram gradient boosting regressor
14 || Bagging (K-NN) Bagging (K-NN)

15 ||| Stacking (DT, K-NN, logistic regression) | ' Stacking (DT, K-NN, linear regression)
16 ||| Voting (DT, K-NN) Voting (DT, K-NN)

17 || Multilayer perceptron classifier Multilayer perceptron regressor

18 ' SGD classifier SGD regressor

In total, 104 production data sets and 18 ML algorithms yield 1,872 production use
cases applicable for benchmarking DPP pipelines and developing the meta model in
Chapter 4.4. Before benchmarking, DPP pipelines need to be configured based on
suitable DPP methods. The configuration of suitable DPP pipelines is outlined in the
following subchapter.

4.2.2 Configuring Suitable DPP Pipelines

The meta target selector relies on a pool of DPP pipelines dependent on the learning
task. To configure suitable pipelines, DPP methods need to be determined based on
predefined criteria. For that reason, DPP methods are first selected (A) and subse-
quently configured into DPP pipelines (B).
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A) Selection of suitable DPP methods

The identification of suitable DPP methods plays a fundamental role to ensure a per-
formance increase of ML applications. Given the frame of DPP steps and categories
presented in Chapter 2.4.3, most suitable DPP methods are selected in the following.
As a first step, decision criteria are introduced to preselect performant DPP methods
and to configure a manageable amount of DPP pipelines. If the application of decision
criteria lead to remaining, similar DPP methods, individual benchmarks are conducted
in a second step to determine most suitable DPP methods.

Definition of decision criteria

The definition of decision criteria and the subsequent assessment of DPP methods is
based on an extensive literature research. Based on identified overall DPP methods
for preparing tabular data sets in Chapter 2.4.3 and Annex A.1-A.4, DPP methods are
preselected applying decision criteria. Different tradeoffs need to be considered when
selecting DPP methods. In the following, eight decision criteria including its assess-
ment metrics are introduced. The order represents the priority of the criteria. For every
decision criterion, “1” represents complete and “0” no fulfillment, while the assessment
proceeds in quarter steps, i. e., “0.00, 0.25, 0.50, 0.75, 1.00”. The assessment is to be
seen relatively, i. e., related to the respective DPP category.

1. Overall performance: DPP methods need to be well performing on use cases
with different characteristics. The goal is to determine overall performant DPP
methods across all use cases. If the DPP method is overall performant, “1” is
assigned, if the performance is poor, “0” is entered.

2. Fast computation: DPP methods are chosen that perform as fast as possible
to reduce execution time. In case DPP methods are equally performant, faster
methods are selected. Very fast DPP methods receive “1”, computationally ex-
pensive DPP methods receive “0”.

3. Complexity & explainability: DPP methods should be easy to comprehend. If
DPP methods perform equally well, simple and explainable DPP methods are
preferred to reduce the complexity of the DPP pipeline. Very simple and ex-
plainable DPP methods are assigned “1”, very complex and unexplainable ones
“0”.

4. Impact: Although there are versatile DPP methods with different effects, DPP
methods can introduce bias and noise, which manipulates the data set. The
degree of manipulation can be measured through the difference in the shape of
the data set and variance of features after applying the DPP method. DPP meth-
ods are selected, which exhibit a reasonable impact on the data set to retain
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most of the data set. DPP methods, which have a high impact, get “0”, and DPP
methods with low impact receive “1”.

5. Robustness: DPP methods are chosen that are robust against data set’s noise.
Therefore, stochastic behavior, or randomness, of DPP methods should be in a
manageable range. The stochastic behavior is measured based on the number
of random parameters of the DPP method. If two DPP methods are equally well
performing, deterministic DPP methods are selected. Deterministic DPP meth-
ods therefore receive “1” being repeatable independently from data input, sto-
chastic DPP methods get “0”.

6. Popularity & stability: If DPP methods are frequently applied in literature, a
DPP method is selected. In addition, DPP methods need to be commonly used
and stable, i. e., represented and thoroughly tested by a wide community, while
existing in common libraries that can be used in production. If the theoretical
background of a DPP method is promising but no adequate library or stable
version exists, DPP methods are disregarded. If a DPP method is popular and
stable, it is assigned a “1”.

7. Ease of implementation: To facilitate the application of DPP methods by the
user, easy to implement DPP methods are selected. Easy to implement are
methods, that can be called through a corresponding library. DPP methods be-
ing very easy to implement get “1”.

8. Heterogeneity of DPP methods within category: Another objective is to se-
lect heterogeneous DPP methods for covering as many data set characteristics,
and ML algorithm requirements as possible. DPP methods are selected within
a DPP category, which show heterogeneity.

Besides the decision criteria, conditionality of different DPP methods needs to be con-
sidered. If performant DPP methods require other DPP methods for functionality, cor-
responding DPP methods are included. When selecting, the conditionality of the DPP
methods are investigated and considered.

For every DPP method mentioned in Annex A.1-A.4, the first seven decision criteria
are applied in an initiating step. For the seven criteria, the mean is calculated based
on the assessment scores, which lies between “0” and “1”. DPP methods that achieve
the highest assessment score are initially selected. To ensure heterogeneity between
DPP methods, the eighth decision criteria is subsequently applied. In case preselected
DPP methods are still similar in nature after applying the last decision criterion, an
individual benchmarking at small scale, which is based on FRYE ET AL. and detailed in
this work as described in the following paragraph [FRYE21a].
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Individual benchmarking at small scale

To make a profound decision, ten representative data sets are chosen from the list of
104 data sets. For every data set, the derivatives of mvs, cats and both are used to
benchmark the performance of MV handling methods and encoders. Annex A.6 pro-
vides the ten selected data sets. For individual benchmarking, the algorithms RF, SVM
and MLP are trained, while F1 scores and RMSE values are acquired. Given the struc-
ture of the DPP steps data cleaning, transformation, reduction, as well as augmenta-
tion and balancing, DPP methods are selected with respect to the DPP category. When
selecting DPP methods and conducting individual benchmarking at small scale, imple-
mentations from scikit learn and pandas are used, which represent two most commonly
used libraries in the data science community. The following assessment is drawn from
the set of DPP methods discussed in Chapter 2.4.3.

Data cleaning

Data cleaning can be distinguished in handling missing values, outliers, and noisy data.
Applying decision criteria to the DPP category MV handling results in the overview
shown in Table 4-4. For better readability of the assessment according to previously
defined decision criteria, Harvey balls are used to distinguish between different scores.
The result, i. e., mean of assigned scores, is depicted on the right. Classifying MV
handling into ignore, deletion, univariate and multivariate imputation is realized by us-
ing different color schemes.

When comparing DPP methods median, mean, mode, and most frequent imputation
with K-NN imputer (K-NNI), K-NNI exhibits a higher performance. Computing times for
median imputation are very low, therefore, the score of 0.75 is assigned, whereby only
ignoring is faster, which would mean the achievement of a score of 1. Since the median
imputer is explainable, deterministic, very popular, and easy to implement, the method
receives the score of 1.0 ending up in a mean score of 0.84. This means that the DPP
method fulfills the criteria by 84 %. Every DPP method is assessed in this manner,
whose results are shown in Table 4-4 on the right. The entire assessment can be taken
from Annex A.7. Consequently, six DPP methods are selected from the list of 31 DPP
methods for MV handling, namely:

- Threshold deletion, or missing value ratio

- Median imputation

- Mean imputation

- Mode imputation or most frequent imputation in case of MVs in categorical col-
umns

- Last observation imputation

- Next observation imputation
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The eighth criteria, i. e., the heterogeneity of DPP methods within category, splits the
DPP methods into threshold deletion, or MV ratio, and the imputation techniques. To
narrow down the number of imputation techniques, an individual benchmarking at
small scale is required.

Table 4-4: Excerpt of assessment scores for determining suitable DPP methods for MV
handling (data cleaning)

DPP Method 1 2 3 4 5 6 7 Result
Frilll (O] e]e)e)e]e
Threshold deletion - @ @ CD Q Q @ Q

columns/rows
rentenmpnen_| ||| O|O|O|O
Cold, hot deck <D @ <D Q Q @ @
Last, next o'bservation @ @ <D Q Q @ Q

Imp. - Univariate Deletion Ignore

Q
([ s | DD DO OO
©
>
e OO0 00D ]
§ Chained Equations L/
e |0CC00D 0]
E Imputation
1 | Performance 3 | Impact 5 | Robustness 7 = Ease of implementation

2 | Computation 4 | Simplicity & explainability | 6 | Popularity & stability

pecsionciteion (O (B D @ O @@ sciected DPP method

is met up to... 0.00 025 050 0.75 1.00

Therefore, the ten data sets from Annex A.6 with corresponding derivatives of mvs are
used for both classification and regression. The results of individual benchmarking of
remaining MV handling methods are depicted in Table 4-5. F1 scores and RMSE val-
ues are provided including the computing time. Medianimputer, Meanimputer and
MostFrequentimputer represent similar performance for both regression and classifi-
cation. While the Medianimputer achieves better overall performance, the Meanim-
puter is the fastest performer. The LastObservationlmputer exhibits the highest com-
puting time, which is almost three times higher than the Meanimputer. However,
last observation generally performs best, which is why last observation is selected over
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next observation. Since MV handling is deemed as decisive step within DPP, four im-
puting techniques are chosen.

Table 4-5: Results of individual benchmarking for remaining MV handling methods
CL -F1 Score RE - RMSE

DPP Method RF SVM | MLP RF SVM || MLP CT [s]

Mean 0.891 || 0.857 | 0.761 3.287 || 5.725 | 7.804 0.063 *
Median 0.888 | 0.859 || 0.768 3.142 || 5.771 | 7.410 0.135 *

’ Most frequent ‘ 0.887 ‘0.858 ‘ 0.767 ‘ 3.128 ‘ 5.762 || 7.183 0.126

Next observation 0.892 || 0.862 | 0.739 2.852 || 5.700 || 10.15 0.157

’ Last observation ‘ 0.900 0.862 0.761 2.796 5.677 7.734 0.165
Best performance Worst performance « Selected DPP method

For these reasons, both MeanImputer and Medianimputer are selected. In case of cat-
egorical columns, MostFrequentimputer is used. Ultimately, the following DPP meth-
ods for MV handling are selected:

Imputation - Univariate

- Deletion: Threshold deletion, or MV ratio (threshold = 1.0)

- Univariate imputation:
o Meanlmputer, Medianimputer, LastObservationlmputer for numerical,
o MostFrequentimputer in case of categorical columns

In the following, a short overview is given for each DPP step and corresponding cate-
gories, which DPP methods are selected based on the application of decision criteria.
According to Chapter 2.4.3, there are 14 outlier handling methods to choose from.
When applying decision criteria, z score is selected to identify outliers for every col-
umn. Subsequent to determining, outliers are imputed by the mean of the attribute
(ZSMean). Considering the decision criteria, DPP methods of removal of duplicated
rows and columns are selected. Since noise in the data has a crucial impact on the
final outcome, features with purely constant as well as zero values are removed. As-
sessment scores for noisy data and outlier handling can be taken from Annex A.7.
Ultimately, DPP methods selected within data cleaning are shown in Figure 4-5.
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Data Cleaning

Missing Value Handling

QC = Quality Check -
Meanlmputer & Medianlmputer

Data

Cleaning MostFrequentimputer

LastObservationlmputer

Outlier Handling
ZSMean

Integrated
Data

Noise Handling

| Removing duplicated cols & rows |

Remove constant & zero cols

Figure 4-5: Selected DPP methods for data cleaning

Data transformation

Chapter 2.4.3 classifies data transformation in encoding, feature scaling, handling
skewness, and data discretization. For encoding, classic encoders of OrdinalEncoder,
and OneHotEncoder are used to configure suitable DPP pipelines. In addition, the Tar-
getEncoder is chosen based on the application of the eighth decision criteria. In case
of feature scaling, the robust scaler is omitted since outlier handling is carried out in
data cleaning. Standardization and normalization are considered. Standardization is
named StandardScaler, while normalization is realized by a MinMaxScaler. Due to the
handling of positively and negatively skewed data, the power transformer Yeo-Johnson
is considered, called PowerTransformer. Due to the high complexity in production use
cases, the event of discretizing data, i. e., the reduction of the number of instances,
happens rarely. Therefore, data discretization like binning is not taken into account
when configuring DPP pipelines. Figure 4-6 shows the selected DPP methods for trans-
forming data. The entire assessments for data transformation and hyperparameters of
selected DPP methods can be taken from Annex A.8.

QC = Quality Check Data Transformation

Encoding
Ordinal || OneHot || Target

Scaling
| StandardScaler || MinMaxScaler

Data
Integrated
Dgata Transformation Skewness Handling

PowerTransformer

Figure 4-6: Selected DPP methods for data transformation
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Data reduction

Data reduction can be distinguished between dimensionality reduction, feature selec-
tion, and instance selection. PCA is selected as it represents a simple yet powerful
DPP method for dimensionality reduction. When applying the decision criteria, the fea-
ture selection methods, low variance filter, called Variance Threshold, and high corre-
lation filter, named RemoveCorrelated achieve highest scores. Besides filtering, wrap-
per approaches are used to reduce the number of features. While BFE and FFS rep-
resent very similar approaches, RFE stand out from BFE and FFS through much faster
computing times while being comparably performant. Embedded methods are not
taken into account, since a focus is put on DPP solely. The entire results of the as-
sessment and hyperparameter settings of selected DPP methods can be seen in An-
nex A.9. Due to the fact that instance selection is nowadays performed manually, and
proposed filter and wrapper methods are neither commonly used, nor easy to imple-
ment, the selection of instances is not included. Figure 4-7 represents the selected
DPP methods for data reduction.

Data Reduction

DETE]

Dimensionality Reduction .
Reduction

PCA
QC =

> (8%

Preprocessed
Data for

<> : <> Modelling

Figure 4-7: Selected DPP methods for data reduction

Feature Selection

RemoveCorrelated
VarianceThreshold

Data augmentation & balancing

Data is augmented through random noise, called RandNoise. In terms of balancing,
SMOTE is used for oversampling the data. In case a small set of categorical features
is available in the data set, SMOTENC is selected, since SMOTENC is tailored to the
treatment of categorical features. In the remainder of this work, the distinction between
SMOTENC and SMOTE is omitted, while reference is always made to SMOTE for
better readability. For undersampling the data, the random undersampler (Ran-
domUndersampler) is selected. The application of decision criteria results in a draw for
the hybrid sampling methods, namely SMOTEENN and SMOTETomek. Since the
DPP methods are similar, an individual benchmarking is carried out, in which
SMOTEENN achieves higher F1 scores. The results from the benchmarking at small
scale, entire assessment and hyperparameter settings can be found in Annex A.10.
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Balancing in case of regression tasks can be carried out through SMOGN. The final
augmentation and balancing techniques can be taken from Figure 4-8.

[eeENelEl] Data Augmentation & Balancing

Augmentation

RandNoise

Balancing
SMOTE

g%

Augmentation & Preprocessed
SMOTEENN Balancing Data for

SMOGN (RE) Modelling

RandomUndersampler

Figure 4-8: Selected DPP methods for data augmentation and balancing

In total, 21 DPP methods are used to configure DPP pipelines that are benchmarked.
This provides the basis to find best performing pipelines, which are grouped in a pool
of pipelines and serve as meta target for the meta model.

B) Configuration of suitable DPP pipelines

In practice, DPP methods are combined to DPP pipelines in very different orders. Only
meaningful DPP pipelines yield to ML model performance increase. For Meta-DPP, as
a starting point for every DPP pipeline, deterministic DPP methods are called that ad-
dress fundamental noise in the data set. This includes duplicates in rows and columns,
columns with constant and only zero values. These quality issues in the data set are
eliminated by removing duplicated rows and columns, constant as well as zero col-
umns. These four DPP methods are called essential methods since they represent an
essential part of every DPP pipeline. In case MVs and categorical features are present,
the pipeline, which additionally contains imputer and encoder, are also stated as es-
sential pipelines. After applying essential DPP methods in advance of each pipeline,
one DPP method of each category is selected once per DPP pipeline. In total, a max-
imum of eleven DPP methods per pipeline can be applied.

When combining DPP methods, conditionalities are considered. As described,
MinMaxScaler or StandardScaler are applied prior to PCA as well as Variance Thresh-
old (see Chapter 2.4.4). The methods for scaling, handling skewness and dimension-
ality reduction are tailored for numerical data instead of categorical data. Thus, cate-
gorical features are put aside once encoded and brought back when augmenting and
balancing the data. The order of possible configurations of DPP methods into pipelines
is leaned on the order of DPP steps. As a first step, MVs are handled representing one
of the most basic data quality issue, since many ML algorithms do not work in the
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presence of MVs. In case of categorical features, MVs are handled by MostFrequen-
timputer. To ensure ML algorithm’s functionality, data is encoded in case of the occur-
rence of categorical features in the data set. Encoded features are subsequently put
aside. Outliers are then detected and handled using the Meanimputer. Thereby, outlier
handling is carried out before outlier-prone approaches such as scaling. Numerical
features are followingly scaled, which exhibits a necessary condition for the application
of PCA and VarianceThreshold. According to the DPP steps and categories order,
features are scaled, and transformed by applying Yeo-Johnson (PowerTransformer).
Since Yeo-Johnson power transformer does not impact feature variances or correla-
tions, it can be applied prior to data reduction methods.

After data transformation, PCA and feature selection are applied. The reduction of col-
umns is performed prior to augmenting instances, since computing time decreases in
cases of lower dimensions. Before augmenting and balancing the data, encoded fea-
tures are brought back to manage the number of instances in the same manner as
numerical data. For random noise, the original value is retained in case of the encoded
features, and by applying SMOTE for both oversampling and hybrid sampling, syn-
thetic data only attains categorical values for categorical columns. Since a Ran-
domUndersampler only selects and not generates data, it is both applicable for cate-
gorical and numerical features. The possible DPP pipelines that aim to be most per-
formant, fast and applicable for every tabular data set and supervised learning algo-
rithm can be taken from Figure 4-9. Even though not being depicted, the MostFrequen-
timputer is inherently applied in case of categorical features.

Essential DPP Methods

Removal of constant Removal of columns with Removal of duplicated
columns only zeros columns & rows
_________________ v T T T T T T T T T T

Data Preprocessing Pipeline

MV Encoding | Outlier | Scaling | Skewn. | Dim. | Feature |Augmen-| Balancing

Handling Handl. Handling | Red. || Selection | tation
-I- -/- -/- -/-
. _/_ ‘

Mean Ordinal o o o RFE N SMOTE
Imputer W Encoder Standard Random
Median [fi OneHot zs Scaler Power [\ o, [ll Remove Undersamp.
Imputer i Encoder |[f Mean N\ vinvax /L Transf. Correlated R;nfjom SMOTEENN

oise
Scaler -
Last Target Variance
Observ. || | Encoder Threshold SMOGN

Figure 4-9: Configuration of DPP methods into DPP pipelines
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In practice, not every DPP category is always required in each pipeline as indicated by
the “-/-“ operator. However, all possible pipelines with each possible number of meth-
ods per category are considered, which results in different pipeline lengths. Pipelines
can contain only one single method of an arbitrary DPP category, e. g., PCA, or a
combination of DPP methods from every DPP category. In total, 12,160 DPP pipelines
can be constructed. Figure 4-10 provides an example of a DPP pipeline for a classifi-
cation task with a data set that comprises both MVs and categorical features. For better
readability, the essential methods are not named in the remainder of this work when
providing information about pipelines. A 5-digit identifier is assigned to each of possible
12,160 DPP pipelines. For instance, the pipeline ID for “Meanimputer+OrdinalEn-
coder+RemoveCorrelated+SMOTE” is ID 04946.

Data Preprocessing Pipeline

MV Encoding | Outlier | Scaling | Skewn. | Dim. | Feature |Augmen-| Balancing

Handling Handl. Handling | Red. || Selection | tation
-/- -/- -/- -/-
o5 3 O
1y Ordinal RFE
P o¢ Standard Random
Median [J{ OneHot zs Scaler X" power BN\ Remove Add {-Undersamp.
Imputer [ffl Encoder |[f Mean MinMax JfL_Transf. UEEIERIN Random ' SMOTEENN
Last Target Scaler Variance Noise
Observ. || | Encoder Threshold SMOGN
ID — DPP Pipeline
r04946 Meanlmputer+OrdinalEncoder+RemoveCorrelated+SMOTE

Figure 4-10: Exemplary DPP pipeline including identifier (marked in dark green)

Given the production use cases from Chapter 4.2.1 and suitable DPP pipelines, a
benchmarking is conducted to identify best performing DPP pipelines for production
use cases.

4.2.3 Benchmarking of DPP Pipelines

In the following the benchmarking setup and its realization is discussed (A). Subse-
quently, the benchmarking results are presented that reveal best performing pipelines
for given use cases (B).

A) Setup and realization

To eventually determine the pool of DPP pipelines that serve as classes of the meta
target, the benchmarking aims at finding best performing DPP pipelines for given pro-
duction use cases. For every of the 1,872 production use cases, DPP pipelines are
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benchmarked. The entire benchmarking procedure is described in Figure 4-11. Within
the preparation of the benchmarking, one of 104 data sets is chosen. Dependent on
presence of missing values, or categorical features in the data set, as well as the un-
derlying learning task, corresponding DPP pipelines, ML performance metrics and data
set characteristics to be acquired during benchmarking are selected (step 2).

enchmarking Preparation —;

Selecting
data set

Benchmarking Execution

Applying essential
DPP methods

Selecting DPP pipelines,
ML performance metrics &
data set characteristics

n Stratified Train-Test Split
pipeline H
in
pipelines

After preparation, benchmarking itself is conducted. According to Figure 4-9, essential
methods are applied in advance of the application of subsequent DPP pipelines
(step 3). The order of following categories is kept fixed, which lowers the configuration
space to keep the number of pipelines in a manageable range. In step 4, the data set
is split into a training and test set using 70 % of the data for training the ML algorithm.
The 70 %/30 % split accounts for computational costs in training ML algorithms while
ensuring representativeness in the test data. Thus, care is taken for a stratified split to
ensure class representations in training and test data.

— B

Figure 4-11: Benchmarking procedure
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Followingly, steps 5 until 7 show the benchmarking loop. One DPP pipeline is applied
at a time. Besides the acquisition of computing times, errors that occur when executing
DPP pipelines are acquired (step 5). Data set characteristics are gathered after the
application of the DPP pipeline to allow a comparison of data set characteristics prior
to and after the application of the corresponding DPP pipeline (step 6). This also sup-
ports the interim validation of the correct execution of each pipeline. In the seventh
step, the performance of the DPP pipeline is assessed based on the application of 18
ML algorithms. ML algorithms are trained based on default hyperparameter configura-
tions. Repeatable results generated by ML algorithms are thereby ensured through
setting the random state. The procedure of step 5 until step 7 is repeated until every
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DPP pipeline is called. Hyperparameters of DPP methods are kept fixed during bench-
marking. Depending on the learning task and the presence of MVs as well as categor-
ical features, a different number of combinations per data set is benchmarked. If no
MVs and categorical features are available in the data set, the number of combinations
is equal to 304 for regression and 608 for classification, respectively. The higher num-
ber of combinations results from three balancing methods for classification but only
one method from regression. While for regression, the maximum number of combina-
tions lies at 2,736, it is 5,472 for classification. In case of either missing values or cat-
egorical features are in the data set, number of possible combinations is 912 or 1,824,
respectively. The sum of all possible DPP pipelines lies at 12,160. Every pipeline is
given an ID. When every pipeline of a given use case is benchmarked, the postpro-
cessing starts.

In the postprocessing phase, data set characteristics and the performance of every
pipeline is exported as csv files. For classification tasks, the metrics of recall, precision,
accuracy and F1 score are acquired. In case of regression, RMSE, MAE, R?, and MSE
are gathered. Due to the stochastic behavior of DPP and ML, the benchmarking is
conducted ten times and subsequently averaged by calculating the mean over the runs
(step 10). Annex A.6 further provides an overview about the nine computing platforms
being used for benchmarking. The entire code of the benchmarking can be found in
Annex B.1.

B) Benchmarking results

For finding the pool of DPP pipelines, which serve as meta target for the meta model,
best performing pipelines need to be determined for a given use case. Ideally, the
performance of DPP pipelines is identified based on the comparison with performance
if no DPP has been executed. However, the direct application of ML algorithms with
no DPP leads to an error in 72 out of 104 data sets due to the existence of missing
values and categorical features. Therefore, the performance of the essential pipelines
functions as a basis to determine the performance of DPP pipelines. As discussed in
Chapter 4.2.2, essential DPP additionally can contain imputation and encoding in case
data sets exhibit both missing values and encoded features. In the following, the
benchmarking results are presented first for classification and afterwards for regres-
sion. Performance metrics being used for classification are F1 scores, while for regres-
sion, RMSE values normalized by the standard deviation are considered.

In Figure 4-12, F1 scores are shown for 20 representative results regarding classifica-
tion use cases averaged over ten runs. The whiskers at the top of the box plot as well
as outliers above the top whiskers represent the best performing DPP pipeline, while
the green markers depict the performance of essential pipelines. The best performing
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DPP pipeline for a given use case is the pipeline that leads to the best performing ML
model for that use case. The top F1 scores over the 20 representative results are be-
tween 0.5 and 1.0.

The four box plots in the beginning (1-4) represent the DPP pipeline scores for four
different ML algorithms given the Accumulator data set. Regarding the different ML al-
gorithms, different performances are achieved. Based on the data set GDMS, Ada-
Boost (9) and RF (10) show entirely different ranges of F1 scores underlining the high
dependency and mutual influence of ML and DPP. In addition, the box plots of deriva-
tives of the data set Pump with GB (11, 13, 15, 17) and SGD (12, 14, 16, 18) are
depicted. Here, the SGD performs poorly in comparison with GB for Pump norm (11
vs. 12). However, SGD outperforms GB for Pump both. This observation emphasizes
that data sets of type norm lead to different results.

Flag FSEOS Pump Pump Pump Pump Valve
Production Acc. Acc.- mvs both GDMS norm cats mvs both  mvs
Use Cases Voting SGD Ridge LogR RF SGD SGD SGD SGD RF
10 2 4 6 8 10 12 14 16 18 20
Learning Task ?
Classification %
Use Cases 0.8 ¢
1,278 in total _ o % §
20 representative .i. 06 ° :
Runs ° . $ S
10 averaged ]
g 9 04 § %
-
w 3
o g
02
Score of the g <
essential pipeline 0 o
) 1 3 5 7 9 11 13 15 17 19
Production Acc. Acc- Flag FSEOS GDMS Pump Pump Pump Pump U2T
Use Cases MLP DT mvs both Ada norm cats mvs  both DT
MLP MLP Boost GB GB GB GD

Figure 4-12: Excerpt of benchmarking results for classification use cases

Figure 4-12 shows that best performing pipelines can be found, and for every data set,
DPP pipelines outperform essential pipelines. Table 4-6 shows representative, best
performing pipelines exemplarily for seven of 1,278 classification use cases. For every
data set and ML algorithm, the number of pipelines being benchmarked and the best
performing pipeline including its ID are listed. Table 4-6 illustrates the availability of
many different best performing pipelines for given use cases.
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Table 4-6: Best performing DPP pipelines for a set of use cases

ML | No. | Pip . L F1
Data Set algo || pips | ID Best performing DPP pipeline T
Accu- ZSMean+StandardScaler+PowerTransformer+
mulator MLP || 608 | 06576 PCA+RandomUndersampler 0.59
Medianimputer+StandardScaler+
Flagmvs || MLP [/1,824 |00582 PowerTransformer+RandomNoise 0.92
| ebMs | RF | 608 [00401]  StandardScaler+PCA+RandNoise+SMOTENC | 091 |
| pPump | B | 608 |os601] RemoveCorrelated+RandNoise | or2 |
OrdinalEncoder+ZSMean+MinMaxScaler+
Pump cats || GB | 1,824 06242 PCA+RandNoise 0.73
‘ Pump mvs H GB ‘1,824 H00136H Meanlmputer+ZSMean+StandardScaler+RandNoise H 0.71 ‘
Meanlmputer+TargetEncoder+ZSMean+
Pump both || SGD | 5,472 |06505 StandardScaler+PCA+SMOTEENN 0.72

ML algo = ML algorithm No. pips | No. of pipelines Pip ID Pipeline ID

For instance, the DPP pipeline “ZSMean+StandardScaler+PowerTrans-
former+PCA+RandomUndersampler” achieves a F1 score of 0.59 for Accumulator and
MLP, while the best pipeline for Pump and GB is “RemoveCorrelated+RandNoise” with
a F1 score of 0.72. Thereby, pipelines may be very short, e. g., for Pump or very long
as for Pump both. Table 4-6 shows similar F1 scores for artificially created derivatives
of Pump. However, pipelines again differ to achieve best performances that underlines
the meta target tradeoff and justifies the creation of derivatives.

In Figure 4-13, RMSE values normalized by the standard deviation for 15 of 514 use
cases averaged over ten runs are shown. The better the DPP pipeline performs, the
closer is the pipeline at a NRMSE value of 0.0. For better readability, outlier NRMSE
values higher than 2.0 are not considered in Figure 4-13. 2 % of DPP pipeline scores
are considered outliers. Data sets such as “Compressor” and “Turbine® reveal high
performances, whereas “Milling Table” shows a poor performance close to
NRMSE = 1.0.
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Figure 4-13: Excerpt of benchmarking results for regression data sets

Since Figure 4-12 and Figure 4-13 focus on box plots, one production use case for
classification is exemplarily discussed. Figure 4-14 shows the number of DPP pipeline
occurrences over the F1 score for the use case Flag mvs and MLP averaged over ten
runs. The essential pipeline is assigned in green with a score of 0.81. The F1 score
ranges from 0.62 to 0.92. For the best performing 100 DPP pipelines for this use case,
every DPP method is at least called once. One exception represents the encoder meth-
ods, since Flag mvs do not exhibit categorical columns. A presentation for regression
data sets is omitted, since similar conclusions can be drawn from regression data sets.
Data set-specific as well as ML algorithm-specific benchmarking results can be found
in Annex A.11.
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Figure 4-14: Distribution of F1 scores of MLP classifier for Flag mvs

Referring to errors, for eight data sets, only ten instead of 18 ML algorithms could be
trained due to platform restrictions leading to 64 less use cases. In further 16 cases,
LGBM was not applicable due to value errors. In total, 1,260 classification, and 514
regression use cases are used for scaled ranking and subsequent pooling ending up
in 1,774 production use cases. The mean computing times for executing DPP pipelines
lay at 2.6 seconds over all use cases. In addition, only 5 % of all DPP pipelines have
a higher execution time than 2.5 minutes, while the maximum computing time for exe-
cuting one pipeline is 10 minutes. Therefore, computing times will be neglected from
here.

In summary, best performing DPP pipelines generally outperform essential pipelines.
The range of achieved F1 and NRMSE scores are very high for one use case, while a
top performing pipeline for given use cases does not necessarily achieve an overall
high score. In addition, many different pipelines perform best over production use
cases. Out of a total of 12,160 DPP pipelines, 8,459 pipelines are at least once the top
performing pipeline for one of 1,774 production use cases. To address the meta target
tradeoff, a scaled ranking is introduced to make the achieved F1 scores and NRMSE
values comparable across use cases and to eventually determine overall well perform-
ing pipelines.

4.2.4 Scaled Ranking of DPP Pipelines

Due to the high number of best performing DPP pipelines available, overall well per-
forming pipelines are identified to exclude worst performing pipelines and simultane-
ously reduce the amount of pipelines the two meta models need to choose from. For
this reason, a ranking is conducted, which sorts DPP pipelines for each use case in
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relation to their performance. The ranks are used to determine well performing pipe-
lines across all use cases.

The DPP pipelines are ranked according to their ML model performance. In practice,
ML model performance can highly vary across different data sets ending up in difficult
comparison of DPP pipeline performances. For better comparability of achieved per-
formances, a scaling is introduced. The best performing pipeline receives a value of
“1.0” and the worst one a value of “0.0”. All remaining DPP pipeline IDs are assigned
a scaled value between 0 and 1 according to their relative performance. For all 1,774
use cases, in total 12,160 DPP pipelines are ranked by their performance in a scaled
manner. Figure 4-15 shows the principle of scaled ranking according to DPP pipeline
performances based on the data set Flag mvs with a MLP.

1D 00001 ID 00004 1D 01047 ID 00098 ID 00013 ID 00367 ID 00799

0.0

F1 score

0.0 0.25 0.38 0.55 0.77 0.87 1.0

Figure 4-15: Principle of scaled ranking of DPP pipeline performances

DPP pipelines are represented by their IDs, e. g., ID 00001 for F1 = 0.62, or ID 00799
in case of F1 =0.93. Therefore, ID 00001 receives a scaled rank of “0.0”, whereas
ID 00799 gets a scaled rank of “1.0”. For regression, DPP pipelines with lowest
NRMSE values receive the score of “1.0”, while the highest NRMSE values are as-
signed “0.0”, since they represent the worst performing pipeline. For every use case,
pipelines are assigned a DPP score, in the following called DPP score, according to
the principle described in Figure 4-15. To determine overall well performing DPP pipe-
lines, the highest DPP score over all use cases are to be found. Therefore, descriptive
statistics are applied to the whole set of DPP pipelines and use cases. For every of
12,160 pipelines, the statistical location measures of min, max, mean, median, 10,
25t 75t 90t 95t and 99" percentile are calculated over all use cases. A distinction
is made between classification and regression data sets. Table 4-7 shows the principle
of identifying overall well performing pipelines for classification use cases. Each DPP
pipeline is assigned a DPP score for every production use case. At the end, the statis-
tical location measures are calculated based on which the overall well performing pipe-
lines can be derived. In Table 4-7, production use cases follow the naming convention
of “data set — algorithm”. For instance, the first use case is “Flag mvs — MLP’. The
DPP score of DPP pipeline ID 00028 is 0.969. The statistical location measures show
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that the pipeline has a minimum DPP score of 0.185, and median of 0.805. Exempla-
rily, min, mean, median values are shown for the DPP pipelines. To determine overall
well performing pipelines, focusing solely on the maximum score is therefore not suffi-
cient. According to the benchmarking results in Chapter 4.2.3, the max score is 1.0 for
8,459 DPP pipelines. In addition, mean and median DPP scores reveal that many DPP
pipelines are not overall performant. For instance, the DPP pipeline ID 09374 from
Table 4-7 has a maximum score of 1.0, however, mean, and median DPP scores are
very low compared to other DPP pipelines.

Table 4-7: DPP scores of DPP pipelines per classification use case
Flag |[Pump |Valve

ID DPP Pipeline mvs -|mvs - ... mvs -|| Min | Mean
MLP || SGD RF

Me-
dian

00028 e 0.969 || 0.786 1.0 ||0.185 || 0.805 | 0.864
RandNoise
MeanIimputer+StandardScaler+Power-
00204 | o e RandNoser SMOTENG. || 0:950 | 0677 |...| 1.0 [/0.192 | 0.766 | 0.793
|| Westllup s SRR D | 2 | 1.0 || 0.021 | 0.650 || 0.738
RemoveCorrelated+RandNoise
LastObservedimputer+ZSMean+MinMax-
09374 G o POAR mrianaeThrechod+RUS. || 0478 | 0571 .../ 0.032 || 0.00 | 0.467 || 0.463

Random Undersampler Production Use Cases Location Measures

Different statistical location measures can serve as a basis to identify overall well per-
forming pipelines. Figure 4-16 shows the distribution of median DPP scores for the
learning task classification. The higher the median score of a pipeline, the better is the
overall performance of the DPP pipeline.
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Figure 4-16: Distribution of median DPP scores for classification

For classification, a pipeline is assessed as highly performant, if the median DPP score
is higher than 0.75 representing the top 15 % of all DPP pipelines. Poor performing
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pipelines only achieve a score of 0.30 according to Figure 4-16. Besides the median
DPP scores for every DPP pipeline over all use cases, Figure 4-17 shows the number
of occurrences of DPP scores for one well performing (ID 00028) with a median score
of 0.864 and one poor performing pipeline (ID 09374) with median score of 0.463 from
Table 4-7. The pipelines are based on classification use cases that contain missing
values. In both cases, the statistical location measures of 25", mean, and 75" percen-
tile are mapped. Different performances of pipelines can then be determined by com-
paring the location measures. For instance, the 25" percentile for ID 09374 is 0.25 and
0.71 for ID 00028. In general, the higher left skewed the distribution of DPP scores,
the higher is the overall performance of a DPP pipeline. In addition, the DPP pipelines
are highly dependent on the ML algorithm. Therefore, ID 00028 is performant for MLP
classifiers but less performant in case AdaBoost is used. Based on the DPP scores, a
pool of overall best performing pipeline can be created, which is detailed in the follow-
ing subchapter.
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No. of Use 14
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396

Well Performing
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= Mean
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0.2 0.4 0.6 0.8 1.

%o

No. of occurrences

. . 0
DPP score [-]

Figure 4-17: Distribution of achieved DPP scores for classification

4.2.5 Pooling of DPP Pipelines

Pooling addresses the meta target tradeoff: On the one hand, a high number of best
performing pipelines in the meta target leads to top DPP scores for a given use case
but simultaneously many classes and, thus, poor generalization ability. On the other
hand, a low number of best performing pipelines results in less classes and better
generalization of the meta model. However, top DPP scores for a production use case
cannot be achieved. Since a meta model performs generally better in case of more
instances per class, and the goal is to find an overall well instead of top performing
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pipeline, pooling is applied. In the following, main considerations are outlined before
pooling is performed and pooling results are presented.

Main considerations prior to pooling

Since data sets considered by Meta-DPP can be any derivatives with missing values
or categorical features as introduced in Chapter 4.2.1, pipelines need to be available
that ensure applicability for every data set derivative (1). In addition, pipelines need to
be stable so that no errors occur during the application of a recommended pipeline (2).

(1) Availability of DPP pipelines for overall applicability

Production use cases can be distinguished by their derivatives of (norm, cats, mvs,
and both). The four different cases lead to different DPP categories being applied:

- No encoding and no imputing (norm),
- Encoding but no imputing (cats),

- No encoding but imputing (mvs),

- Both encoding and imputing (both).

DPP pipelines are available, which do not exhibit imputing or encoding methods. A
pooled pipeline would then not be applicable for new use cases that comprise missing
values or categorical columns. DPP pipelines in the pool need therefore be available
with imputing and encoding techniques to ensure the applicability for cats, mvs and
both data sets.

(2) Error consideration

As shown in Chapter 4.2.3, a minority of pipelines is unstable and therefore should not
be considered in the pipeline pool. To ensure the applicability of the recommended
DPP pipelines of Meta-DPP, only stable pipelines are recommended. Therefore, a
pipeline is a candidate, if the number of errors over 1,872 use cases is less than ten.
When applying the constraint, 442 regression and 1,260 classification use cases are
finally used for pooling.

Pooling

Based on the main considerations, the pipeline pool can be set up. As proven in Chap-
ter 4.2.3 and 4.2.4, the performance of a DPP pipeline is highly dependent on the
ML algorithm, which is considered when developing the pooling method. The pooling
method relies on the assumption that a DPP pipeline is overall performant if the pipe-
line performs well for most ML algorithms. For this reason, the pooling algorithm results
as follows:
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1. For each ML algorithm over all classification and regression use cases as
shown in Table 4-7, calculate DPP scores to obtain 18 DPP score tables

2. For each algorithm-specific DPP score table, calculate statistics over all produc-
tion use cases, i. e., data sets, and sort by median

3. For each ML algorithm, collect the ten best performing pipelines according to
the median over all use cases, i. e., data sets

4. Remove imputers and encoders from all pipelines to focus only on pipelines
without imputing and encoding, called base pipelines.

5. Remove duplicated base pipelines if present

6. Integrate remaining base pipelines and count, how often a pipeline occurs over
18 ML algorithms

7. Select m pipelines with the highest number of occurrences to be in the pool

8. Search for best combination of imputer and encoder through the overall median
performance given the selected base pipeline (see Figure 4-16).

For example, if the pipeline of StandardScaler and SMOTE represents a pipeline for
the pipeline pool, the most performant combination of imputer and encoder, e. g.,
Meanlmputer and TargetEncoder given the pipeline at hand are added. The resulting
pipeline for the pipeline pool is then “Medianimputer+TargetEncoder+Standard-
Scaler+SMOTE”. Adding DPP methods have no influence in case missing values or
categorical features are not present. The computing time for executing these methods
is negligible as stated in Chapter 4.2.3.

The selection of m pipelines with the highest number of occurrences represents a cen-
tral hyperparameter of Meta-DPP for handling the meta target tradeoff. The larger m
and therefore the higher the number of pipelines in the pipeline pool, the more classes
are in the meta target. For the development of Meta-DPP, the hyperparameter is cho-
sen to be m = 4 for both regression and classification. During the development of Meta-
DPP, different hyperparameter values from two to ten were tested in a grid search
approach, in which four represents the best tradeoff of having overall performant DPP
pipelines in the pool and having a performant meta model, which is capable of recom-
mending DPP pipelines from that pool.

Pooling results

The resulting pipeline pools for classification and regression can be seen in Figure 4-18
sorted by the achieved median DPP scores of the pipelines. Median scores of regres-
sion pipelines are higher than classification. Every pipeline from the pipeline pool com-
prises an imputer and encoder. For seven out of eight pipelines from the pipeline pool,
a scaling method is available. Every DPP category is available in the pipeline pool
except for PowerTransformer and PCA. In other respects, the pools differ significantly
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from each other. For classification, the combination of imputer and encoder is different,
while only StandardScaler is used instead of MinMaxScaler. ZSMean is ones within a
top performing pipeline. In case of feature selection, only VarianceThreshold is se-
lected, which outperforms RemoveCorrelated and RFE. The data is augmented
through RandNoise twice. Every classification pipeline further comprises SMOTE,
which outperforms SMOTEENN and RandomUndersampler. The regression pipelines
comprise both Meanimputer and Medianimputer with OneHotEncoder. ZSMean is
twice in top performing pipelines. StandardScaler and MinMaxScaler is equally distrib-
uted. RFE outperforms RemoveCorrelated and VarianceThreshold. RandNoise is
used twice to augment the data. However, SMOGN is not used as balancing method
for regression.

Me-

ID Pipeline Pool for Classification N
dian

‘00144H Medianlmputer+OneHotEncoder+StandardScaler+VarianceThreshold+RandNoise+SMOTE H 0.821‘

‘00244H Meanlmputer+TargetEncoder+StandardScaler+SMOTE H 0.797 ‘

‘00492H Medianimputer+TargetEncoder+ZSMean+StandardScaler+Variance Threshold+SMOTE H 0.771 ‘

‘02390H MeanImputer+OneHotEncoder+RandNoise+SMOTE H 0.753 ‘
- . Me-
ID Pipeline Pool for Regression dian
‘OOOOSH Meanimputer+OneHotEncoder+StandardScaler+RFE H 0.963 ‘
‘OOOO4H MeanIimputer+OneHotEncoder+ZSMean+StandardScaler+RFE H 0.962 ‘
‘OOO14H MedianImputer+OneHotEncoder+MinMaxScaler+RFE+RandNoise H 0.917 ‘
‘OOO12H Medianlmputer+OneHotEncoder+ZSMean+MinMaxScaler+RFE+RandNoise H 0.916 ‘

Figure 4-18: Pipeline pools for classification and regression

The pipelines from the pipeline pool can ultimately be mapped to benchmarking results
for both classification from Figure 4-12 as well as regression Figure 4-13 in Chap-
ter 4.2.3. The pipelines from the pipeline pool show best performing results over all
data sets as shown in Figure 4-19. However, in individual use cases as for instance
GDMS-AdaBoost, overall performant pipelines show poor performance underlining the
complexity of recommending top performing DPP pipelines. All pooling results for clas-
sification and regression including use case and ML algorithm-specific distributions can
be taken from Annex A.11. Given the two pools of DPP pipelines, a meta target selec-
tor chooses between the two pools according to the learning task.



118 4 Development of a Meta Learning System for DPP Pipelines in Production
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Figure 4-19: Assigned pipelines from pipeline pool for classification
Interim conclusion

Chapter 4.2 focuses on setting-up the meta target selector for Meta-DPP. For this rea-
son, representative production use cases were created, which capture different appli-
cation areas in production. Production use cases were created based on 104 data sets
and 18 ML algorithms. Subsequently, DPP pipelines were configured based on prese-
lected DPP methods. This preselection was carried out based on assessing DPP meth-
ods according to eight criteria. The resulting DPP pipelines were benchmarked on
1,872 production use cases. For better comparability of benchmarking results, a scaled
ranking was introduced based on which overall performing DPP pipelines were deter-
mined. Given the pooling method described in Chapter 4.2.5, four pipelines were pre-
selected for each classification and regression, which serve as pipeline pool. The pipe-
line pool serves as meta target for the meta model. Since the learning task for the meta
model itself represents a multi-class classification task, the resulting class distributions
are shown in Figure 4-20. While the learning task classification show only slight imbal-
ances, the regression data set shows an imbalance towards DPP pipeline ID 00005.
Ultimately, the meta target selector consists of one rule. If the learning task is regres-
sion, the pipeline pool for regression is chosen. Elsewise, the pipeline pool for classi-
fication is used. Based on the developed meta target selector and meta targets, the
determination of suitable meta features is outlined in Chapter 4.3.
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Figure 4-20: Resulting class distributions of the meta target
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4.3 Developing the Meta Features Database

Given the meta target selector that chooses between two DPP pipeline pools depend-
ing on the learning task, the meta features database is developed. Meta features are
extracted to systematically obtain useful information from production use cases. More-
over, historical data of ML models as well as DPP pipeline performances on production
use cases are used to describe the underlying task. The overall goal of the meta fea-
tures database lies in enabling the meta model to recommend suitable DPP pipelines
for a new production use case. According to Figure 4-21, the meta features database
to be developed consists of three dimensions, which are data set, ML algorithm, and
DPP pipeline-related.

Meta Features Database

Extracting meta features Recommendatic on of
dependent on use case |

Developing: Meta Features Database (Chap. 4.3) ipeline recommendation

Determinin Petermining Determining )
J ML algorithm- DPP pipeline- _ Data scientist, IT expert,
Data set-related related related production expert, AutoML system

meta features
meta features meta features

Figure 4-21: Procedure of developing the meta features database

In addition to the structure shown in Figure 4-21, Figure 4-22 provides an overview of
the groups within each dimension of the meta features database. Data set-related meta
features are directly extracted from the data set.

L (1) Information- (Iv) (V) Model-
() General (I Statistical theoretic Landmarking Based
Data set-related
(4.3.1)
T

Meta Features Database

e .
ML algorithm DPP-related
(4.3.2) (4.3.3)
—Y— r T L T 1
(1) Property of (I ML (I) DPP (I1) DPP (l) DPP (IV) DPP
ML algorithms || performance methods categories steps performance

Figure 4-22: Three dimensions including groups of the meta features database
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Within three distinct groups, meta features are determined in Chapter 4.3.1, which are
based on general, statistical, information-theoretical, landmarking, and model-based
information. Chapter 4.3.2 comprises the identification of ML algorithm-related meta
features. Starting from general properties of ML algorithms, the benchmarking results
from Chapter 4.2.3 are used to further derive tailored meta features that focus on
ML model performances. DPP pipeline-related meta features are defined in Chap-
ter 4.3.3, which are based on counting the occurrences of top performing DPP meth-
ods in a DPP pipeline. Finally, the DPP pipeline performance of historically top per-
forming pipelines is calculated.

4.3.1 Data Set-Related Meta Features

Data set-related meta features are extracted directly from the production use case at
hand according to the three groups shown in Figure 4-22 in the orange color scheme.
The extraction is based on the python library pymfe, whose documentation also serves
as structure in this chapter [ALCO20]. Each group is introduced in the following.

(U} General, statistical, and information-theoretical meta features

General meta features aim at providing a first overview on the data set such as the
number of instances and attributes as introduced in Chapter 2.4.2. In addition, cate-
gorical and numerical features are used to describe the production use case. For clas-
sification, the number of classes and the frequency of each class is acquired, while
kurtosis and skewness values of the target variable are gathered in case of regression
tasks. 17 general meta features are therefore extracted from the use case. A list of
general and further introduced meta features can be taken from Annex A.12.

Based on general meta features, statistical measures can be used to gain knowledge
from single features and relationships of multiple features. Referring to single features,
statistical location measures such as mean, median, max, or standard deviations are
calculated and stored in the meta features database. The meta model requires a con-
stant set of input features for applicability. Since production use cases differ in number
of attributes, different numbers of attributes occur per use case. Therefore, statistical
location measures of the attributes are further aggregated by calculating the mean and
standard deviation of each statistical and information-theoretical meta feature. Statis-
tical measures are further applied to consider the relationship between attributes.
Among others, correlation coefficients and covariances are calculated. 51 statistical
meta features are acquired for classification and regression.

While statistical measures are mainly focused on continuous features, information-the-
oretical measures aim at providing information of categorical columns. When consid-
ering only one attribute, entropy of attributes and classes is calculated. Joint entropy
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and mutual influence are methods that are applied to the data set to identify the de-
pendency between categorical features. In addition, the signal to noise ratio is used to
determine the noise of data sets. 13 information-theoretical meta features are used for
both classification and regression.

(1) Landmarking

Landmarking aims at providing insights about the task complexity by means of the
performance of a learner. Therefore, baseline models in its simplest form are used.
Given a data set, e. g., Flag mvs, a landmarker is trained, which aims at predicting the
label correctly in a supervised learning approach. Landmarking relies on the assump-
tion that the performance of a landmarker provide information about the characteristics
of the use case. The error rates of the landmarker’s loss function indicate the complex-
ity of the underlying task. Different types of landmarkers have been developed, which
do not necessarily aim at achieving low error rates but explore different settings to give
insights about the complexity of the task. Therefore, landmarkers as best, random, and
worst node, split the data by maximizing and also minimizing the information gain to
explore if settings lead to different performances. The higher the difference in error
rates is, the less complex is the underlying task. Since seven landmarkers are pro-
posed in literature and available in pymfe, they are used to gain insights into the char-
acteristics and complexity of the data sets [ALCO20].

Figure 4-23 shows the number of occurrences (y-axis) of mean error rates (x-axis) for
four out of seven landmarkers. The mean error rates on the x-axis result from a 10-fold
cross validation during training. In addition, the mean of mean error rates is depicted
in red to identify the difference between different landmarker performances.
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Figure 4-23: Landmarkers used to describe production use cases
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The worst landmarker is discriminant analysis, while the best performing is elite-NN.
Figure 4-23 illustrates high error rates of the landmarkers and an actual difference of
mean performances at 11.8 % underlining the complexity of the meta learning task.

Differences between error rates of landmarkers can also be used to determine the
potential success of the meta learning approach. Low performance difference of land-
markers indicate less generalization potential of the final meta model. According to
BENSUSAN & GIRAUD-CARRIER, the differences of mean landmarker performances need
to be higher than 10 % [BENSOODb, p. 3]. Since the difference is slightly beyond 10 %,
the meta learning approach can be potentially successful. From each of the seven
landmarkers, the mean and standard deviation of error rates are acquired leading to
14 meta features being created through landmarking (see Annex A.12).

()  Model-based

In addition to landmarking, decision trees are trained on the production data set, e. g.,
Flag mvs. The values of the model parameters of the trained decision tree, €. g., tree
depth, are related to data set characteristics. Model-based meta feature extraction re-
lies on the assumption that model parameters highly depend on data set properties.
Different descriptors are used, which are, for instance, node per attribute, or leaves
per class. Nodes per attribute calculate the ratio of the number of tree nodes and the
number of attributes to indicate how many attributes are used as splitting points. The
more splitting points exist, the more complex is the given task. For classification, 24
model-based meta features are extracted. Due to re-occurring errors, no meta features
are extracted in case of regression tasks.

When applying Meta-DPP, the values of data set-related meta features are directly
extracted from the data set at hand and thereby new for every incoming instance. In
case of classification, 117 data set-related meta features are used to describe the task
of recommending suitable DPP pipelines. 93 meta features are used for regression.

4.3.2 ML Algorithm-Related Meta Features

In addition to data set-related meta features, information from ML algorithms can be
used to describe the task. As for the data set, general properties of ML algorithms can
be used to provide initial information. As the pooling of DPP pipelines relies on the
performance of ML models, past ML model performances are calculated.

n Properties of ML algorithms

Besides the ML algorithm itself, properties of ML algorithms are determined. According
to Figure 2-9, ML algorithms can be classified in baseline, ensemble, and ANN models.
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In addition, SGD represents an own algorithm type due to the different learning strat-
egy (see Chapter 2.3.2). Further insights are obtained through the information, whether
the algorithm is linear, distance-, kernel- or tree-based, indicating the complexity of the
ML algorithm. The robustness against data set properties depicted in Table 2-1 is fur-
ther used to describe the properties of ML algorithms. 12 meta features are thereby
stored in the meta features database.

() ML model performance

The ML model performance is used to uncover meaningful information about produc-
tion use cases. Meta features based on the ML model performance rely on DPP scores
achieved during benchmarking over all use cases. The learning task classification is
used for explanation in the following. For every of 18 ML algorithms, performances on
all classification data sets are considered. Figure 4-24 then shows the approach of
extracting algorithm-specific performances for a MLP classifier. Given a use case,
e. g., Flag mvs — MLP, the achieved DPP scores are acquired for every DPP pipeline.

Flag ||Pump| |Valve

ID DPP Pipeline mvs - mvs -|... mvs -
MLP || MLP MLP
‘OOOZBH MeanImputer+StandardScaler+RandNoise ‘ ‘ 0.969 H 0.727 ‘ ‘ 0.935 ‘

‘00204H Meanlmputer+StandardScaler+PowerTransformer+RandNoise+SMOTE ‘ ‘ 0.950 H 0.865 H 0.933 ‘

‘04242H MeanImpute.r+ZSMean+StandardScaIer+RemoveCorreIated+RandNoise ‘ ‘ 0.789 H 0.6-15 ‘ ‘ 0.2.39 ‘

| Mean ‘ 0.863 H 0.634 H 0.827

Resulti ta foat Mean | Mean | Mean | Mean- | Mean- || Mean | Mean | Mean
o L "% ||_-Min | -10th || -25th | Mean | Median -75th | -90th | -Max

(excerpt of 11 features) ‘0.389 H 0.605 Ho.seg H 0.737 H 0.750 H 0.799 H 0.871 H 0.956‘

Figure 4-24: Approach of extracting ML model performances from use cases

Subsequently, the mean of achieved DPP scores is calculated over all DPP pipelines.
This process is performed for every data set leading to 73 mean values of DPP scores
(blue box in Figure 4-24). The mean values are further aggregated to obtain algorithm-
specific performance estimates and to ensure that the same set of meta features is
acquired independently from the number of pipelines being used. From the mean per-
formance, the statistical location measures are computed that serve as the resulting
meta features for every ML algorithm (red box in Figure 4-24). In total, eleven perfor-
mance measures based on the mean DPP scores of all ML algorithms are used for
both regression and classification. Once a meta target is selected, the meta features
are retrieved from the database.
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4.3.3 DPP Pipeline-Related Meta Features

DPP pipeline-related meta features are those meta features that stem from the perfor-
mance of DPP pipelines. The creation follows two steps: First, statistical location
measures of achieved DPP scores of the best performing DPP pipeline for an ML al-
gorithm are extracted. Second, the number of DPP methods of top three performing
pipelines are counted to provide insights about the performance of individual tech-
niques related to a specific ML algorithm. Figure 4-25 illustrates the concept of extract-
ing DPP pipeline-related meta features.

(U} DPP performance

The upper half of Figure 4-25 shows the procedure of extracting eleven statistical lo-
cation measures of DPP scores of the top performing pipeline (blue boxes). For an
ML algorithm, the top performing pipeline is found based on sorting DPP scores ac-
cording to the median as described in Chapter 4.2.5. In total, 18 top performing DPP
pipelines are calculated, while Figure 4-25 shows the top performing pipeline for the
MLP classifier according to the top median DPP score.

Min | 10th | 25th | Mean | Median|| 75th || 90th | 95th | 99th | Max | STD

0.664 || 0.714 || 0.742 || 0.840 | 0.824 | 0.950 || 0.969 || 0.981 | 0.985 || 0.986 || 0.109

Location parameters of top performing DPP pipeline

3 top Meanlmputer+TargetEncoder+StandardScaler+RandNoise+SMOTE

performing -
pipelines Meanlmputer+OneHotEncoder+MinMaxScaler+RFE+SMOTEENN

for MLP MeanImputer+OrdinalEncoder+SMOTE

Counting of top performing methods, categories and steps

Methods RandNoise m SMOTE B SMOTEENN E RandomUnders. E
Category | Augmentation E Balancing E

Step Augmentation & Balancing

Figure 4-25: Concept of extracting DPP pipeline-related meta features

(1)) Counting DPP methods of top performing pipelines

The counting approach is introduced in the lower half of Figure 4-25 (orange). Given
three top performing pipelines for one specific ML algorithm, e. g., MLP, the occur-
rences of DPP methods are counted. Based on the taxonomy provided in Chap-
ter 2.4.3, the sum of the counts can be also assigned to DPP categories and
DPP steps. In the example of DPP methods of the step augmentation and balancing,
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RandNoise and SMOTEENN occur once, and SMOTE twice in the top three perform-
ing pipelines. The RandomUndersampler is not prevalent. From method level, the ab-
straction of category and steps are used to sum the used methods and categories. The
counts of 18 DPP methods are used as meta features, while for regression, 16
DPP methods are calculated.

Interim conclusion

The overall goal of the meta features database is to provide suitable information so
that a meta model is enabled to recommend suitable DPP pipelines. For that reason,
183 meta features for classification, and 159 for regression have been determined,
which were classified in three dimensions: data set-, ML algorithm-, DPP pipeline-re-
lated meta features. Ultimately, the resulting meta data set for classification has a
shape of 1,260 rows and 183 input features, while regression exhibits 442 instances
and 159 input columns. Figure 4-26 shows exemplarily an excerpt of the final meta
data set for classification. A focus was made on acquiring many meta features in a first
step to obtain information that describe the underlying task successfully. However, too
many meta features may lead to the curse of dimensionality as mentioned in Chap-
ter 4.1.1. For that reason, the resulting number of meta features is varied in the design
of experiments, when training the meta model in Chapter 4.4.

In- . Cor. | Entr. || Elite_nn || Leaves_ Mean- Best_
dex Azl T mean | mean | .mean | perclass LTE mean pipe
419 | GB 2,205| 0.749 | 3.257 0.795 0.143 tree 0.877 ID 00492
575 || KNN 1,109 0.633 | 2.938 0.305 0.500 instance| 0.865 ID 00244
635 | LGBM 161 | 0.170 | 1.040 0.584 0.500 tree 0.859 ID 00244
820 || MLP 1,567 0.283 | 2.553 0.761 0.500 ANN 0.930 ID 00244
1,001 | SGD 1,484 | 0.283 | 0.320 0.972 0.500 linear 0.822 ID 00244
1,260 ' Voting 9,466 | 0.255 | 1.418 0.991 0.500 instance| 0.784 ID 00144
Inst. | No. of instances Cor. | Correlation Entr. | Entropy Elite_nn | Elite nearest neighbor

Figure 4-26: Excerpt of the final classification data set

While the values of data set-related meta features are directly extracted from the data
set at hand and thereby new for every incoming instance, ML algorithm as well as
DPP pipeline-related meta features are retrieved from the database based on the out-
comes from benchmarking. The latter meta features are updated, when Meta-DPP is
retrained. Retraining will be described in more detail in Chapter 4.5. Based on the meta
target selector, which chooses between two different pipeline pools according to the
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learning task, and the developed meta features database, which serves as input vari-
ables, the development of the meta model is outlined in the following sub chapter.
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4.4 Developing the Meta Model

Given the meta target and meta features, the meta model can be developed that aims
at recommending overall well performing DPP pipelines for ML applications in produc-
tion. Figure 4-27 shows the development of the meta model within the overall
Meta-DPP system.

J Meta Features Database Meta Model
I Recommendation of
DPP pipeline from pool given
the use case meta features

User input DPP | Developing: Meta Model (Chap. 4.4)
Data scientist, IT expert Selecting Training
production expert meta pipelines meta pipelines

(Chap. 4.4.1) (Chap. 4.4.2)

Figure 4-27: Procedure of developing the meta model

Since two different meta targets are available, i. e., DPP pipeline pools for regression
and classification, two meta models are set up. As for production use cases, a suitable
DPP pipeline and ML algorithm needs to be found in the first step. For that reason,
Chapter 4.4.1 discusses the selection of a suitable meta pipeline. The training of the
meta pipelines is presented in Chapter 4.4.2.

4.41 Selecting Meta Pipelines

The selection of meta pipelines is based on the findings of the benchmarking and ad-
dresses the requirement of complexity reduction. Since the meta data sets contain
categorical features in nominal scale and low cardinality, e. g., the type of ML algo-
rithm, a OneHotEncoder is chosen over OrdinalEncoder and TargetEncoder. For the
selection of the meta model being trained, explainable ML algorithms that provide
ranked recommendations are chosen. First, baseline models of DT and logistic regres-
sion are selected. Secondly, commonly used meta models are trained, which are
K-NN, boosting algorithms such as LGBM and GB as well as extra trees classifier. In
total, six meta pipelines for both regression and classification consisting of a
OneHotEnocder and six ML algorithms are chosen.

4.4.2 Training Meta Pipelines

First the meta pipelines are implemented for training (1). Secondly, the training results
are analyzed (II).
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(U] Implementing meta pipelines

After applying the OneHotEncoder with default hyperparameter settings, the ML algo-
rithms are trained using a k-fold cross validation. In case of classification, a seven fold
cross validation is selected, while for regression, four folds are used. Per fold, it is
ensured that seven to eight data sets are considered. The allocation of data sets to
each fold can be taken from Annex A.13. Care is taken that derivatives of data sets
are not available in both train and validation folds, i. e., if a data set is chosen for vali-
dation that contains derivatives of mvs, cats, and both, all data sets are allocated to
the validation fold.

After applying the OneHotEncoder for the classification pool, 2,048 rows and 201 col-
umns exist, while for the regression pool, 620 instances and 174 attributes are availa-
ble. These data sets are used to train the six ML algorithms. During training, feature
importance is acquired to identify the most important features based on which the ML
model recommends the DPP pipeline. Based on the important features, ML models
are trained with different number of input features, which range between 20, 30, and
all features. To identify the importance of engineered meta features of pipeline-related
meta features, the ML algorithms are trained in different configurations as shown in
Figure 4-28. Since meta features regarding the data set and ML algorithm are deemed
important in existing approaches (see Chapter 3.2) and to keep the number of experi-
ments in a manageable range, only pipeline-related meta features and all meta fea-
tures are considered in the design of experiments.

No. of features 20 30 all
Meta features All meta features No pipeline-related meta features
ML algorithms LogReg ET DT GB HGB K-NN

Figure 4-28: Design of experiments for finding the best performing meta model

For every ML algorithm, probability functions are called to receive the probability of
how certain an ML algorithm is in recommending the DPP pipeline. In addition, the
probability serves as the final ranking of proposed pipelines.

()  Analyzing the training results of meta pipelines

In the following, the training results are analyzed, which comprises the analysis of fea-
ture importances to give an indication on how the final meta model performs on unseen
test data. Three different sets of meta features are used for training the meta model.
The feature importance, which ranges between 0 and 1, is low over all sets of meta
features with a maximum value of 0.08. First, the low value indicates that features are
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deemed equally important by the model. Secondly, it underlines the high task com-
plexity since the features provide little information on which DPP pipeline to choose.
Thus, the feature importance results confirm the high task complexity shown during
the landmarking results.

When considering all meta features, the 30 most important features are distributed
over all dimensions, i. e., data set-, algorithm-, and pipeline-related. In case no pipe-
line-related meta features are used, the importance of algorithm-related meta features
significantly increases. For instance, the extra trees classifier relies on 28 algorithm-
related meta features when predicting the DPP pipeline pool for classification. All
ML models show almost no feature importances indicating to not learn from the fea-
tures. In particular, logistic regression show negative feature importances after 13 im-
portant meta features indicating underfitting during training. An overview of feature im-
portances is provided in Annex A.13. In conclusion, a tendency can be derived that
tree based algorithms such as decision tree and extra trees outperform other ML algo-
rithms. However, since the meta pipeline performance can only be identified based on
unseen test data, the final choice of the most performant meta model can only be made
after the testing on new data sets. Therefore, the developed meta pipelines are applied
on test data, which will be discussed in Chapter 5.

Concept for retraining Meta-DPP

Since the developed meta pipelines and the core components of Meta-DPP are de-
signed to be retrainable and updatable, a retraining concept is introduced in Figure
4-29 that aims at ensuring the application of Meta-DPP on the long term. Given a new
production use case, Meta-DPP is applied to get the recommended pipeline ypred based
on the pipeline pool poolpred. Simultaneously, the benchmarking is run for every new
production use case. Even though the user may provide a use case with only one ML
algorithm, the benchmarking is always conducted with 18 ML algorithms. Best per-
forming pipelines are then calculated based on the DPP score. As described in Chap-
ter 4.3, the meta features database contain meta features that are derived from bench-
marking and the scaled ranking. Thus, meta features are recalculated in this phase.
The pooling of pipelines according to the method provided in Chapter 4.2.5 is eventu-
ally performed. Based on the DPP score for the given use cases and the recalculated
pool, yact and poolact are available.

The retraining concept consists of two ways. The first approach (1) is followed, if the
poolact contains the same pipelines after recalculation as poolprea. Then, the meta
model is retrained in a supervised learning approach based on the updated meta fea-
tures database. In the second approach, the pipeline pool poolact has changed. This
can come from two different reasons. Either the hyperparameter of the pipeline pool is
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adjusted, or the updated pipeline pool contains different pipelines. In the latter case,
the meta target changes, which requires the update of all Meta-DPP components and
retraining of the meta model. Instead of updating model parameters of the meta model,
a benchmarking of selected meta pipelines is applied to identify the top performing ML
pipeline, which then serves as new meta model. A new meta model may also concen-
trate on a different sub set of meta features. Besides the retraining mechanism, the
benchmarking can be updated with new DPP methods and ML algorithms. In addition,
new meta features can be calculated or determined by bringing in domain knowledge
as described in Chapter 2.5.

Update DPP methods / Update meta Update number of pipelines
ML algorithms features in the pool
Run . Scal_ed RETHAIE Pipeline Pooling
Benchmarking Getting ranks and - N

mmd Optimized pipeline

Calculate best recalculated ol
performing pipelines meta features P {yact,
PoOl,.}
New ool ,
Production {ypmd' P pmd} Yored ¥ Yact pool,.4 # pool,

Use Case

Meta Meta

U} (In

Target | Features Supervised learning Rule basis

Retraining Selector |Database
mechanism

Retraining the meta Update meta

model given updated features database,

7}
Meta-DPP meta features meta Farget selector,
retrain meta model
Steps for getting
actual performances

Figure 4-29: Concept for retraining Meta-DPP

Interim conclusion

After selecting the top performing meta pipeline, the meta pipelines for regression and
classification are implemented. Ultimately, all core components of meta target selector,
meta features database, and meta model are developed, which can be implemented.
The implementation is introduced in Chapter 4.5. The developed Meta-DPP is then
verified and validated in Chapter 5.
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4.5 Implementing Meta-DPP

The developed Meta-DPP consisting of meta target selector, meta features database
and meta model is eventually implemented to be applicable by a user. For the imple-
mentation, python 3.9 and several corresponding libraries are used. To comply with
the requirements of having a high usability, a graphical user interface (GUI) is built
based on the python package streamlit [STRE22]. The entire source code can be taken
from Annex B.2. The user provides the necessary information of the production use
case via the GUI that contain the data set, learning task, ML algorithm and information
about the necessity of having only explainable DPP methods. The selection is realized
through a drop down menu. The GUI with the drop down menu can be taken from
Annex A.14.

The backend consists of two classes: a meta instance constructor class and a meta
model class. The meta instance constructor takes the input from the user to create an
instance that fits the dimensions and specifications of the data used to apply the meta
model. To transform the data set into a functioning meta instance, the method construct
data set is used. Depending on the learning task, data set-, ML algorithm-, and DPP
pipeline-related meta features are generated. For the extraction of data set-related
meta features, the extraction library pymfe is used [ALCO20]. Error-prone meta fea-
tures described in Chapter 4.3 are subsequently removed. In case missing values are
present in the data point, the values are imputed based on the representative produc-
tion use cases from Chapter 4.2.1. Depending on the selection of the meta pipeline,
more features can be removed from the instance by considering n features with the
highest feature importance. Ultimately, the meta instance is one hot encoded.

The meta model class is the main object that the GUI interacts with. This class contains
the class attribute meta instance constructor. Furthermore, the meta model class hold
the method make data set, which calls the method construct data set from above to
receive the newly created meta instance. This new data point is then used as a param-
eter for the make recommendation method. Here, the trained meta model is loaded
and used, which aims at recommending the best performing pipeline from the pipeline
pool. The user finally receives the main outcomes of Meta-DPP: The pipeline pool in-
cluding the recommendation probabilities from which a user takes the order of pipeline
performances.
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4.6 Interim Conclusion

Chapter 4 comprised the development of the meta learning based Meta-DPP for rec-
ommending DPP pipeline for ML applications in production. The general design of
Meta-DPP was provided in Chapter 4.1. Based on fundamental design considerations,
the core components of Meta-DPP and its interactions were discussed. The core com-
ponents of Meta-DPP are represented by the meta target selector, meta features da-
tabase and meta model, which provides the answer for SRQ 3.

SRQ 3 Which core components can form a decision support system for recom-
mending DPP pipelines in production (Chapter 4.1)?

In Chapter 4.2, DPP methods were selected by assessing DPP methods based on
eight decision criteria. Each DPP method was assigned a mean score, while DPP
methods of a DPP category are chosen if they achieve the highest assessment score.
In case too many homogeneous methods were present, a benchmarking at small scale
was carried out to reduce the configuration space in subsequent benchmarking. Once
selected, DPP methods were configured into DPP pipelines while considering the order
of DPP steps and conditionalities. Ultimately, 21 DPP methods were chosen and con-
figured into DPP pipelines. Dependent on the learning task and the existence of miss-
ing values as well as categorical features, the number of DPP pipelines varies from
304 up to 5,472. The entire list of DPP methods and how these methods are combined
into DPP pipelines can be taken from Chapter 4.2.2, which eventually answers SRQ 4.

SRQ 4 Which DPP methods are most suitable for preprocessing production data
and how can DPP methods suitably be configured into DPP pipelines
(Chapter 4.2)?

A focus of Chapter 4 was put on developing Meta-DPP's core components including
meta target selector, meta features database and meta model. The meta target selec-
tor development was performed in five steps. First, 1,872 production use cases were
created based on the combination of data sets and ML algorithms. Subsequently,
DPP pipelines were configured. For every production use case, DPP pipelines were
benchmarked. The performance of DPP pipelines were determined based on the per-
formance of ML algorithms. To identify overall best performing pipelines, a scaled rank-
ing was applied. To address the meta target tradeoff, a pooling was performed that
takes into account the high dependence between ML algorithm and DPP pipelines.
Finally the meta target selector chooses between two pipeline pools of either regres-
sion or classification.
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Subsequently, the meta features database was set up, which consists of data set-,
ML algorithm-, and DPP pipeline-related meta features. While data set-related meta
features are calculated based on the data set at hand, historical performances of ML al-
gorithms and DPP pipelines were calculated from the benchmarking and scaled rank-
ing results. Finally, the meta model was developed in two steps. First, suitable ML pipe-
lines were identified and secondly trained. The ML pipelines for the two pipeline pools
were finally implemented. Therefore, SRQ 5 can be answered.

SRQ 5 How can the components of the decision support system be set up?
(Chapter 4.2, Chapter 4.2.4, Chapter 4.4)

Based on the implemented Meta-DPP as described in Chapter 4.5, Meta-DPP can be
verified and validated. Chapter 5 therefore comprises the critical assessment of Meta-
DPP.
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5 Verification and Validation

Given the development and implementation, Meta-DPP is verified and validated. Veri-
fication can be defined as the “[...] formal proof of the correctness of the simulation
model” [VDI-18]. According to DAvIS, it is checked if the model implementation correctly
reproduces the “[...] developer’s conceptual descriptions and specifications” [DAVI92].
In addition, validation investigates “[...] if the model reproduces the behavior of the real
system accurately enough and without error" [VDI-18]. BALCI points out that proving
the correctness of a simulation model, here Meta-DPP, cannot be formally completed
due to its high complexity [BALC98].

For that reason, multiple techniques have been developed by BALCI and RABE ET AL.
that support the verification and validation of Meta-DPP. These techniques are applied
during and after development of a software and are sorted dependent on the degree
of subjectivity. Each technique supports to increase the confidence in Meta-DPP, how-
ever, no general procedure exists for the choice of suitable techniques. Annex A.14
provides an overview of techniques for verification and validation, which are classified
in informal, static, dynamic, and formal according to BALCI. Informal techniques draw
on human reasoning and subjectivity, whereas static techniques assess the accuracy
on the basis of model design and source code characteristics. In terms of dynamic
techniques, the model is evaluated based on the behavior when being executed. A
mathematical proof of model's correctness is performed in formal techniques.
[BALC98], [RABEOS]

Informal techniques have been used during the development of Meta-DPP. Desk
checking, or self-inspection, and face validation were performed in every step when
developing the core components and realizing the final implementation (see Chap-
ter 4). Within static techniques, data inconsistencies were checked and fault analyses
carried out especially in case of benchmarking 1,872 production use cases in Chap-
ter 4.2. This process is also coherent with the research approach and statements of
MAYRING outlined in Chapter 1.3, who characterizes the development as continuous
information acquisition, constant questioning, and practical actions. [MAYRO02, pp. 51-
54] Debugging and execution testing relate to dynamic techniques and were performed
in Chapter 4.2-4.5.

Given the techniques, Meta-DPP is further verified and validated based on a case
study in this chapter, which relies on multiple production use cases (Chapter 5.1 and
5.2). For further verification and validation, different forms of execution and special
input testing proposed by BALCI are performed to assess the correctness of Meta-DPP
(see Chapter 5.3) [BALC98].
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5.1 Validation through Case Study

Meta-DPP is verified and validated through a case study to determine the performance
on production use cases. The general procedure and setup of the verification and val-
idation is discussed in Chapter 5.1.1. Subsequently, the five scenarios considered in
this case study are described in Chapter 5.1.2-5.1.6. Thereby, multiple verification and
validation techniques are covered according to BALCI, which are acceptance testing,
functional testing, performance testing, and product testing [BALC98].

5.1.1 General Procedure and Setup

Figure 5-1 summarizes the procedure of validating Meta-DPP. Since it is essential that
the meta target contains actually high performing pipelines, the components that create
the meta target need to be validated, namely benchmarking of DPP pipelines (1) and
pipeline pooling (2). Lastly, the recommendations of Meta-DPP (3) are validated.

Obtaining Actual Performance of Pipelines

Actual performance

E Benchmarking of Application of of pipeline from pool

DPP pipelines Pooling Yact

Production

Use Case
-~

Ranked Pipeline

the user) L L) Meta Recommendation
Target Features
Model

Selector Database Ypred

(Input
provided by

Application of Meta-DPP

Figure 5-1: Procedure for validating the performance of Meta-DPP

(1) Validation of DPP pipeline benchmarking

The best performing DPP pipeline from the benchmarking should outperform essential
pipelines. Essential pipelines consist of essential methods described in Chapter 4.2.2.
In case of missing values and categorical columns, imputation and encoding are con-
sidered as essential methods. Since different imputation and encoding techniques can
be selected, the average over all essential methods is calculated and compared with
top performing pipelines. The benchmarking of DPP pipelines is conducted up to seven
times for every production use case given computation restrictions, whose results are
averaged after benchmarking to address the randomness of DPP pipeline perfor-
mances. Benchmarking conditions are kept fixed as stated in Chapter 4.2.3. In addi-
tion, it is verified whether the pipelines from the pool and essential pipelines do not
raise errors during benchmarking.



5 Verification and Validation 137

(2) Validation of DPP pipeline pooling

The pipeline pool is a preselection of four DPP pipelines based on defined criteria from
Chapter 4.2.5. For validation, the pooling should contain at least one pipeline, whose
achieved mean DPP score outperforms essential pipelines. Pooling is performed as
described in Chapter 4.2.5.

(3) Validation of Meta-DPP recommendations

For every production use case, which is provided as input from the user, two strands
of obtaining actual performance of pipelines and application of Meta-DPP are followed.
This is represented by the lower and upper walkthrough in Figure 5-1. Recommenda-
tions ypred are provided by Meta-DPP through the execution of the meta target selector,
meta features database and meta model (lower walkthrough). In parallel, the actual
recommendations are calculated yact (upper walkthrough). Actual recommendations
are gained through benchmarking, scaled ranking that is not depicted for simplicity
reasons, and pooling. Note that the computing time for the upper walkthrough takes
up to three days, while the execution of Meta-DPP takes less than one minute on av-
erage (tupper >> tiower). The ranked pipeline recommendation can be compared with the
actual rank of pipelines from the pipeline pool. Thereby, the meta model’s suggestion
should outperform essential pipelines.

Production use cases

For validating Meta-DPP, production use cases are defined based on four recent and
past projects conducted at the Fraunhofer IPT as well as on one publicly available data
set. The set of validation use cases are selected based on the following criteria:

- Covering a high variety of production domains (e. g., different production pro-
cesses)

- High variety of ML applications in production (see Chapter 2.1)

- Representative use case, i. e., high number of pilot demonstrations realized in
the production environment

- Existence of classification and regression tasks

- Existence of data set derivatives (norm, cats, mvs, both)

When considering the criteria, five scenarios are selected, which contain five different
production domains as shown in Figure 5-2. Three ML applications are related to prod-
uct quality prediction due to the high amount of existing use cases in production
[WEIC19]. Regression and classification as well as all derivatives of data sets (norm,
cats, mvs, both) are included. Figure 5-2 shows the overview of five scenarios mapped
to the ML use cases in production as introduced in Chapter 2.1. One scenario thereby
consists of one or multiple data sets, while for every data set, 18 ML algorithms are
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trained. If one scenario contains one data set, 18 production use cases are used to
validate Meta-DPP.

Blisk milling represents the first scenario, in which the tool path deviation is predicted
based on planning data. One data set is considered for this case. The product quality
from space launcher production (five data sets), wind turbine manufacturing (two data
sets), and tool and die making (one data set) are predicted resulting in 8 data sets for
product quality prediction.

(2) Space launcher (3) Wind turbine (4) Tool and die

(1) Blisk milling production manufacturing making

18 use cases
90 use cases 54 use cases 18 use cases

Product quality
Tool path deviation prediction
I
Process Design Process Routing & Predictive Process
9 Management Scheduling Control
[ [ I ]
I
| Process |
Application Areas
Machines and Assets | ’ Product
[ [
[ [ I |
e P B Predictive Self Learning Product
y Maintenance Machines Development

(5) Machine tool
145 o o200
ool wear 144 use cases

Figure 5-2: Scenarios considered for validating Meta-DPP

Within predictive maintenance, blade degradation of a packaging machine is predicted
leading to eight data sets. Given the five scenarios, 18 data sets are used for validation.
Different data sets per scenario arise if different product types, further processes, or
adjusted quality specifications are available. In total, 324 production use cases are
considered. Each scenario including the data sets is described in detail in Chap-
ter 5.1.2-5.1.6.

5.1.2 Scenario 1: Blisk Milling

The first scenario focuses on the production of jet engine components. In simplified
form, a jet engine consists of a fan, a compressor, a combustion chamber, a turbine,
and a nozzle. Depending on the concept, two to three shafts rotate on which the com-
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pressors and turbines are mounted. Rotating compressor components ensure com-
pression of the inflowing air. A compressor consists of several stages, which has a
rotating and static unit. The rotating stages have to withstand high stresses due to high
rotational speeds and forces. This requires sophisticated compressor design to be
manufactured to meet the requirements of the aviation industry. Whereas in the tradi-
tional fir-tree design, blades are mounted onto a disk, a blade integrated disk (Blisk) is
a single component. Advantages are the higher load capacity and resistance. [SPIT03]

Blisks are predominantly machined through 5-axis milling. To avoid vibrations, Blisks
are milled in a block-strategy. For this purpose, every blade of the Blisk is divided into
different blocks. Each block is milled in three steps. Roughing removes most of the
material, while pre-finishing generates the contour with a predefined stock allowance.
This is followed by finishing, which is responsible for the final surface roughness and
profile deviation. [MINO15] Among others, the profile deviations depend on the preci-
sion of the tool path, which is influenced by the tool and workpiece deflection during
machining. To reduce the profile deviations, the tool path deviation can be predicted
to adjust parameters such as spindle speed within the machining process. The process
adjustment then leads to fewer deviations. Planning data from CAM programming is
used to predict toolpath deviations. [KLOC15]

The prediction of the tool path deviation constitutes a regression task. Due to its high
influence on the profile deviations, the focus lies on the finishing operation. A block of
a corresponding blade is randomly selected. The data set stems from a project and
has 13,873 instances and 75 columns, with the last column being the target variable.
The standard deviation of the target variable is calculated to standardize the RMSE
values for better comparability of ML model performance. There are neither missing
values nor categorical columns. During benchmarking, 18 ML algorithms are trained,
resulting in 18 use cases. For every use case, 304 DPP pipelines were benchmarked.

Since the data sets of planning and processing are in two different coordinate systems,
coordinate transformations were performed. Furthermore, the frequency of the data
points during the transformation of the data has been adjusted in such a way that as a
result an equal number of data points was available for planning and processing. A
summary of the Blisk milling scenario can be found in Figure 5-3.
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Figure 5-3: Creation of 18 use cases from Blisk milling

5.1.3 Scenario 2: Space Launcher Production

To ensure independent access to space, new launcher generations need to stay com-
petitive in the global market. One promising approach to ensure global competitiveness
is the application of Al in production to increase efficiency, product quality and reduce
production costs. The Fraunhofer IPT in Aachen, Germany, optimizes the manufactur-
ing of the upper stage, called Upper Liquid Propulsion Module, of the Ariane 6 in close
collaboration with ArianeGroup in the BMWK-funded project “SPOK” between 2020
and 2022 [SPOK22].

The Ariane 6 is a cryogenic launcher that consists of two to four solid boosters at the
bottom of the launcher, a cryogenic main stage, a cryogenic upper stage, and a pay-
load stage. The upper stage contains a liquid hydrogen (LH2) and liquid oxygen (LOX)
tank, which are connected through an inter tank structure. The production of the upper
stage consists of manufacturing different tank types and structures, which is charac-
terized by long process chains and long-lasting processes. Processes are carried out
partially automated in different stations. Due to big dimensions, transport routes be-
tween individual stations are time consuming and costly. In SPOK, the aim is to predict
the surface quality of the tanks and inter tank structures at an early stage in the process
chain to improve overall production efficiency. If problems are detected at an early
stage, reworking can directly be carried out at the corresponding station. In addition,
process parameters can be adjusted during or prior to the processing to increase prod-
uct quality. [IPT21]

During tank production, the surfaces of different tank types and inter tank structures
are treated. Subsequently, an insulation is applied to the treated surface to protect the
tank from too high temperature gradients during operation. In the final stage, the quality
is inspected by measuring the thickness of the insulation layer. Since insulation thick-
ness represents a key quality characteristic, it is used as continuous target variable. In
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conclusion, the learning task of this ML use case is regression. Process parameters
during the machining of the surface treatment and application of insulation layer serve
as input parameters for 18 ML algorithms. The simplified process chain including ex-
emplary input features and target variable can be taken from Figure 5-4. Due to differ-
ent tank models and process sequences, nine different products are created and con-
sidered as production data sets, which are namely:

- Liquid hydrogen (LH2) — model 1A (LH2-M1A)

- Liquid hydrogen (LH2) — model 1B (LH2-M1B)

- Liquid hydrogen (LH2) — model 2 (LH2-M2)

- Lower inter tank structure (LITS) — model 3 (LITS-M3)
- Upper inter tank structure (UITS)- model 1 (UITS-M1)

Input variables Target variable
Surface Quality
Treatment Inspection
Il A
r T 1M 1
Index Laser . Tool Temperature || ... | Pressure ||| Insulation thickness
power path

Figure 5-4: Simplified process chain and corresponding variables

Nine data sets and 18 ML algorithms are used for validating Meta-DPP leading to 90
use cases. The number of data set attributes range between eleven and 15. Every
feature of the nine data sets is numerical, while no missing values are present. There-
fore, neither encoding nor imputation is necessary for the use cases resulting in 304
pipelines to be configured within this scenario according to Chapter 4.2.1. In addition,
the number of instances range between 2,978 and 4,996. Due to the normalization of
RMSE values in regression tasks for better comparability of performances over use
cases, the standard deviation values of the insulation thickness are acquired. Figure
5-5 provides a summary of the space launcher production scenario.

. - CIELENETNNGET | Wind turbine Tool and die .
Case Blisk milling manufacturing making Packaging
Application Toolpath prediction Predictive maintenance Product quality prediction

Data sets LH2 M1A LH2 M1B LH2 M2 LITS M3 UITS M1

Derivatives

cats mvs both

ML algorithms

- Fixed within this scenario - Variable within this scenario

Figure 5-5: Use case creation based on space launcher production
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5.1.4 Scenario 3: Wind Turbine Manufacturing

Wind turbines play a key role in the energy change strategy of the German govern-
ment. A wind turbine consists of a rotor, nacelle, tower and generator that converts
mechanical energy into electrical energy. Like airplane wings, usually three rotor
blades use the flow of the wind to generate lift, which causes the rotor to rotate. A
nacelle is mounted on the tower and can be rotated into wind direction. The nacelle
houses the components including the generator to eventually convert mechanical into
electrical energy. Rotor blades are made of glass fiber reinforced composite material,
which is lightweight and has high fatigue strength. Stabilizers inside the rotors are used
to increase their strength and to withstand extreme weather situations. [WIND22]

A project focused on the manufacturing of stabilizers. The stabilizers are manufactured
in a three-stage process. In the first step, recycled plastics are extruded in a continuous
process, which intermediate good is further glued in two subsequent processes. At the
end of the process chain, the product quality is assessed. Figure 5-6 shows the pro-
cess chain and corresponding data sources.

Input variables No data No data Target variable
Extrusion Gluing Gluing Quality
Process Process 1 Process 2 Inspection
f * 1 —————
Index || Pressure || Power || Temperature || ... In spec/ not in spec

Figure 5-6: Process chain including data sources of rotor stabilizer production

By means of seven characteristics, the product is classified as being within or out of
specification. Two different tolerance settings are used to assess the product quality.
Data is acquired only in the extrusion process, since the gluing processes are manually
performed. However, the extrusion process is deemed to have the highest impact on
the product quality. The prediction of the product quality represents a two-class classi-
fication. Due to the different tolerance settings and arbitrarily set thresholds, two differ-
ent target variables are available leading to two data sets. The first data set has a class
representation of 32:87, while the second exhibits an imbalance of 53:66. Both data
sets contain 238 rows and 37 columns. Encoding is required due to two categorical
columns in the data set. Besides the very low number of instances, the low ratio of
number of data points to the number of features represents a quality issue.

Because of the continuous process, the link between quality and process data cannot
be realized through location of data points on the product as performed in Blisk milling.
The traceability of the product is realized by using time stamps of the machine and by
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marking the product subsequent to the extrusion process. Figure 5-7 summarizes the
creation of 36 production use cases from wind turbine manufacturing.

Case Blisk millin Space launcher | [BRWIGT RS Tool and die Packagin
9 production manufacturing making 9ing
Application Toolpath prediction Predictive maintenance Product qu: prediction
Data sets 1st tolerance setting 2" tolerance setting
Derivatives norm “ both
--m--m LogReg m
ML algorithms

- Fixed within this scenario - Variable within this scenario

Figure 5-7: Creation of 36 production use cases from wind turbine manufacturing

5.1.5 Scenario 4: Tool and Die Making

Another project was carried out in the field of tool and die making focusing on the
production of machine spindles. A spindle is a rotating axis within a machine tool. Spin-
dles are used to facilitate the standard use of tool holders to automatically change tools
during machining. Spindles represent the interface between tool and motor of the ma-
chine. Therefore, spindles are operated under high loads, which requires spindles to
be of high quality in terms of surface and deviations. The spindle itself contains several
parts, which need to be manufactured and assembled. Figure 5-8 illustrates the pro-
cess chain of the spindle production including its data sources.

Input vellriables Target variable

Interim Quality

Assembl Testin :
Measurements y 9 Inspection
L L I
1 [ 1 [ 1
Tool Profile
Index path || deviations Pressure Temperature || ... ||| In spec/ out of spec

Figure 5-8: Process chain and data sources for predicting the quality of spindles

The spindle is produced in four steps, consisting of machining, interim measurements
of incoming parts, assembly and testing. The target variable is the product quality,
whose information is provided by the customer in the incoming inspection or during the
warranty period. To reduce the requests and complaints by the customers, the goal is
to increase the product quality by correlating and predicting quality parameters with
input variables. In every process step, data is acquired, while the vast majority is ac-
quired during the assembly step. The final data set contains 233 rows and 73 columns.
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Every row is represented by a spindle, while the columns contain data as shown in
Figure 5-8. Besides the low amount of rows, 35 % of the data set contains missing
values, while the target variable is highly imbalanced with a ratio of 221:12. The vast
majority of products were within the specifications. Prior to benchmarking misspellings
were corrected. Figure 5-9 summarizes the creation of 18 production use cases from
tool and die making.

. - Space launcher || Wind turbine Tool and die
Case Blisk milling production manufacturing maki

Application Toolpath prediction Predictive maintenance Pr t quality prediction
Learning task Regression Classification

Data sets Manufacturing data set

Derivatives norm cats both

ML algorithms

- Fixed within this scenario - Variable within this scenario

Packaging

Figure 5-9: Creation of 18 production use cases from tool and die making

5.1.6 Scenario 5: Machine Tool Degradation

The last scenario is based on a publicly available data set, in which a component deg-
radation of a shrink-wrapping machine is predicted [KAGG19]. Shrink-wrappers are
used for packaging purposes. In this example, cans and bottles are packaged in three
steps. Bottles and cans are first grouped, subsequently wrapped in plastic film and
finally heat-shrunk. The plastic film is first fed into the machine and subsequently cut
to length so that the cans or bottles can be fully packed. In this context, the cutting tool
consisting of blades represents a key component, which is responsible for a proper
packaging. Blades are subject to wear, which is why they need to be set-up and main-
tained appropriately. Monitoring the blades degradation is realized due to the acquisi-
tion of position errors. To reduce unexpected downtimes, the position error is fore-
casted to identify anomalies that supports in finding worn blades at an early stage.
[BIRG18a]

One of six original data sets is arbitrarily chosen, which contains 2,048 rows and eight
columns. Besides the timestamp, the torque information, actual position and speed are
acquired from the cutting controller. In addition to the actual position and speed, the
film controller provides the position error. Given these input variables, the position error
of the cutting controller is defined. The learning task is regression, since it contains a
continuous target variable. The standard deviation lies at 0.039. Given this data set,
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new data sets are randomly created by inserting missing values and categorical fea-
tures according to the routine described in Chapter 4.2.1. Through binning two numer-
ical features randomly, two categorical features are generated (cats), while the missing
value version (mvs) contains 860 missing values (6 %). Lastly, a data set was created
that contains two categorical columns and 747 missing values (both).

In addition to regression, a data set for two-class classification is created given the
continuous target variable. For that, a data discretization through binning is realized.
The splitting point is a position error of 0.04 to create the two classes. According to the
provided data set and its descriptions, the splitting point is set to 0.04, because the
position error starts to increase progressively from this point, which indicates the leap
in tool wear. Ultimately, an imbalanced data set is created with a ratio of approximately
1:9, which represents a common challenge of predictive maintenance. As for regres-
sion, both missing values and categorical features are introduced. Two categorical fea-
tures and 573 missing values were created. The combination of categorical features
and missing values return two categorical columns and 860 missing values. Figure
5-10 summarizes the creation of 144 production use cases from the eight data sets
from the scenario machine tool degradation.

. - Space launcher Wind turbine Tool and die .
Case Blisk milling production manufacturing making Packaging
Application Toolpath prediction Predictive maintenance Product quality prediction
Loem| G | e [Riage | mLr | soo [P |k [ svm | ot | re [ istcs |
ML algorithms

- Fixed within this scenario - Variable within this scenario

Figure 5-10: Creation of 144 production use cases from machine tool degradation

In summary, five scenarios are defined based on which Meta-DPP is validated. Table
5-1 summarizes the creation of 324 production use cases based on 22 data sets and
18 ML algorithms, from which four scenarios are stemming from past projects con-
ducted at the Fraunhofer IPT. Both classification and regression data sets are deter-
mined to validate both meta models of Meta-DPP. In addition, derivatives are covered
to validate the DPP pipelines including the imputing and encoding methods. The low
quantity of rows, high dimensionality of wind turbine manufacturing compared to the
number of rows, the high number of missing values and outliers in tool and die making
underline the existence of data quality issues to be handled through DPP.
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Table 5-1: Summary of the creation of 324 production use cases

Number of Existence of
No. Scenario ML use case izl BEE RE || CL | |norm|| cats | mvs | both
sets | cases
. - Tool path
(1) Blisk milling deviation 1 18 181 0 X

Space launcher | Product quality

2 production prediction 5 90 % 0 x
3) W|ndturb|rI1e Produc.tqluallty 2 54 o | 36 X
manufacturing prediction
@) Tool aqd die Produc‘t qluallty 18 o | 18 X
making prediction
5) Machmet_ool P_red|ct|ve 8 144 | 72 72 M M x X
degradation maintenance
Total 17 324 /180 126/ 144 90 54 36

5.2 Analyzing the Results from the Case Study

Based on the five scenarios, Meta-DPP is validated. The benchmarking and pooling
are validated. While benchmarking returns the actually best performing pipeline over-
all, pooling provides the best performing pipeline from the pool. In addition, the meta
models for regression and classification are validated. Chapter 5.2.1 discusses funda-
mental considerations when analyzing the results of the validation of Meta-DPP. The
results of the application of Meta-DPP for every scenario are analyzed in Chap-
ter 5.2.2-5.2.6. The validation results are summarized in Chapter 5.2.7.

5.2.1 Considerations for Validating Meta-DPP

To identify the performance of Meta-DPP and to compare the results of Meta-DPP
recommendations with the actual best performing pipeline overall and the best per-
forming pipeline from the pool, different performance measures are introduced in the
following (). Secondly, a brief overview is given, which meta model implementation
performs best based on the design of experiments introduced in Chapter 4.4.1 (ll).

n Performance assessment of Meta-DPP

The performance of Meta-DPP is evaluated by assessing the benchmarking, pooling,
and meta model performance. A crucial factor when identifying the performance of
Meta-DPP is the determination of a baseline. Ideally, Meta-DPP is compared with the
achieved performance in case no DPP is applied. Applying no DPP for the selected
production use cases leads in 50 % of the cases to errors. Even though being designed
to increase the performance of an ML model and thus representing a key development
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within Meta-DPP, essential pipelines are used as baselines to compare the perfor-
mance of the recommended output of Meta-DPP. Therefore, the benchmarking perfor-
mance is determined by identifying whether the best performing pipeline outperforms
essential pipelines. For assessing the performance of the pipeline pool and the meta
model, three different approaches are used that are introduced in the following.

Performance assessment through DPP scores

The goal of the meta model is to recommend overall well performing DPP pipelines out
of the wide range of possible DPP pipelines. To determine if the meta model is capable
of identifying overall well performing DPP pipelines, the DPP scores, which were intro-
duced in Chapter 4.2.4, are used. The idea behind this is that even if the meta model
does not recommend the best performing pipeline of the pipeline pool, the model can
still propose a very good performing pipeline from the pool. Figure 5-11 illustrates the
validation principle based on DPP scores. The higher the DPP scores are, the better
is the performance of the DPP pipeline.
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Figure 5-11: Validation principle based on DPP scores

The bar chart shows the number of pipeline occurrences over the DPP scores for a
validation use case. On the far right of the chart, the maximum score (M) is shown,
which represents the best possible DPP pipeline for the given use case achieved
through benchmarking. The four pipelines from the pipeline pool are then mapped ac-
cording to their DPP scores. In addition, the score of the essential pipeline (E) is con-
sidered, which serves as a further baseline to identify the performance of the recom-
mended pipeline pool. Referring to Figure 5-11, the upper bound of the pool (1) exhibits
a score of 0.94. The upper bound represents the pipeline with the highest DPP score
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within the pipeline pool, whereas the lower bound is logically the pipeline with the low-
est DPP score. Given the example in Figure 5-11, the recommended pipeline is the
second best performing pipeline (2), which achieves a DPP score of 0.90. Even though
the upper bound is not selected, a recommendation with a scaled rank of 0.90 means
that the selected pipeline is under the top 10 % best performing pipelines for the vali-
dation use case.

The information of DPP scores achieved by the meta model can then be compared
with other pipeline scores from the pool. Since the DPP scores are calculated for every
use case, the mean is calculated. The maximum DPP score is achieved if the meta
model selects the upper bound every time. In addition, the mean DPP score of the
meta model is eventually compared with the mean scores of every pipeline from the
pipeline pool and the essential pipeline.

Performance assessment through distance measures

Based on and closely related to the DPP scores, distance measures can be calculated.
While the DPP scores indicate the overall performance of the pipeline pool, the dis-
tance measures show directly how close the recommended pipeline is to the best per-
forming DPP pipeline of the pool. Four distance measures are derived, which can be
taken from Figure 5-12. The 3™ best performing pipeline from the pool is used for
demonstration purposes. The distances are calculated from the DPP scores and pro-
vide another representation of the performance of the meta model.
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Figure 5-12: Validation principle based on distance measures
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Distances that consider the recommended pipeline are written in green. The black dis-
tance due represents the pooling performance and is computed by the difference be-
tween the upper bound and essential pipeline score. Referring to the performance of
recommended pipelines, the distance from the maximum score to the recommended
pipeline is calculated to obtain the information about the distance from the theoretically
best performing to the recommended pipeline (dmr). The distance dmr is 0.47, which is
the difference of the max score (1.0) and the score of the recommended pipeline (0.53).
The distance between the scores of the essential and recommended pipeline dre is
further considered for baseline comparison. If the DPP score of the essential pipeline
is higher than the score of the recommended pipeline, the distance values become
negative. The distance between the upper bound of the pool and the recommended
pipeline is calculated. If the meta model is able to predict the upper bound for every
use case, the mean of the distance is dur = 0.

Meta model performance

In addition to the DPP scores and distance measures, the meta model performance is
considered to determine the capability of the meta model to recommend DPP pipe-
lines. In contrast to the previous measures, the meta model performance concentrates
on the correct classification of the DPP pipeline given the pipeline pool. As stated in
Chapter 2.3.2, more than one performance metric needs to be chosen to identify the
performance of the meta model. For that reason, the F1 score, precision, recall and
accuracy are used to determine the ability of the meta model to recommend DPP pipe-
lines successfully. Beside these metrics, the probabilities of each class are considered
to identify how certain the meta model is about its recommendation. Given the design
of experiments introduced in Chapter 4.4.1, the best performing meta model is deter-
mined using the test data, i. e., 324 production use cases.

()  Meta model

Given the design of experiments from Chapter 4.2.4 and all use cases from the case
study, the best meta model is determined based on two constraints: First, the meta
model performance needs to be higher than arbitrarily choosing a pipeline from the
pipeline pool. Therefore, the F1 score, accuracy, precision, and recall need to be higher
than 0.25. Second, the meta model is finally selected that achieves the highest median
DPP scores to follow the pooling procedure from Chapter 4.2.5.

Applying the criteria for classification, 24 out of 36 configurations achieve higher scores
than 0.25 for F1 score, accuracy, precision, and recall. Every of the six meta models
are within the top 24 configurations. In case of classification, 30 and all meta features
achieve higher performances than 20 meta features. Meta models that are trained on
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data sets that do not consider pipeline-related meta features show similar perfor-
mances as those that are trained on all meta features in terms of F1 score. Ultimately,
an extra trees classifier shows the highest median DPP score on 30 meta features for
classification, which do not contain pipeline-related meta features.

In case of regression, 15 out of 36 configurations achieve higher F1 score, accuracy,
precision, and recall than 0.25. The decision tree, extra trees, gradient boosting clas-
sifier as well as logistic regression represent candidate meta models. The highest me-
dian DPP score is achieved by the gradient boosting classifier with all but pipeline-
related meta features. Even though meta models that are built on no pipeline-related
meta features achieve the highest DPP score, eight of the top 15 meta models rely on
all meta features to make a recommendation. This results in the final settings depicted
in Figure 5-13.

Classification Regression

No. of features 20 “ all 20 30 “
Meta features all No pipeline all No pipeline

ML algorithms LogReg =M DT | GB | HGB| K-NN || LogReg | ET | DT EHGB K-NN

Figure 5-13: Settings of best performing meta model

Even though the decision tree classifier achieves higher F1 scores of 0.36 for classifi-
cation with all meta features and including pipeline-related meta features, the extra
trees classifier with an F1 score of 0.33 is chosen due to the higher median DPP
scores. The extra trees classifier mainly relies on the ML algorithm-related meta fea-
tures as discussed in Chapter 4.4.2. The gradient boosting classifier selected for re-
gression both achieves highest F1 score and median DPP scores. The results of every
of the 36 configurations for both classification and regression can be taken from An-
nex A.14. A thorough discussion of the achieved DPP scores, distances and ML model
performance metrics of the best meta models is presented in the analysis of the case
study results in Chapter 5.2.2 t0 5.2.7.
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5.2.2 Scenario 1: Blisk Milling

The results for the Blisk milling scenario containing 18 production use cases can be
taken from Figure 5-14 and are discussed in the order of benchmarking, pooling and
meta model performance. The upper half shows the benchmarking performance, while
the lower half of Figure 5-14 represents the pooling and meta model performance.
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Figure 5-14: Benchmarking, pooling, and meta model results for Blisk milling
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The upper half of Figure 5-14 shows achieved NRMSE values for the Blisk milling (BM)
scenario based on nine exemplary use cases. The high range of NRMSE values of
0.05 to 2 confirms the observations from the benchmarking results (see Chapter 4.2.3)
and underlines the high dependency between DPP pipelines and ML models. For BM-
AdaBoost, the range is from 0.1 to 0.5, while the range is close to 2.0 for BM-GP, i. e.,
the Gaussian process classifier is more sensitive to DPP than AdaBoost. In 17 out of
18 use cases, top performing pipelines of the benchmarking outperform essential pipe-
lines. Every essential pipeline and pipeline from the pipeline pool provide recommen-
dations with no error. In the benchmarking graph, the performances of the pipeline pool
are mapped. As already seen during the development of Meta-DPP, best performing
pipelines are distributed over all four pipelines from the pool. In terms of the pool, use
cases are available, in which pipelines are widely spread as for BM-HGB or very close
together as for BM-SGD.

The lower half of Figure 5-14 provides details about the pooling and meta model per-
formance and is divided in two sections. The upper section comprises the DPP score
(A) and distance measure (B). Black fonts consider the pooling, green colors the meta
model performance in the upper part. To compare the performances of essential pipe-
lines and the pipeline pool, averaged scores are calculated to account for outliers in
the recommendations. The upper bound score shown in (A) represents the theoreti-
cally maximum possible DPP score that can be achieved by the meta model. It has a
mean score of 0.969 meaning that the pipeline pool is capable of proposing pipelines
within the top 4 % given the benchmarking results on average. The upper bound out-
performs the essential pipelines by a distance due of 0.174, which can be taken from
(B). In 72 % of all production use cases, the upper bound achieves higher DPP scores
than essential pipelines.

The meta model outperforms essential pipelines by a distance dre of 0.172, i. €., the
meta model performs on average 22 % better than the essential pipeline. In addition,
the DPP score of the recommended pipeline is close to the upper bound (dur = 0.002).
This means that the meta model is capable of recommending DPP pipelines success-
fully since it outperforms essential pipelines, while being close to the theoretical maxi-
mum DPP score of 0.969. The lower section comprises the performance of the meta
model. In (X), the class distribution of the actually best performing is provided, while
(Y) shows the distribution of the recommended pipelines. (Z) presents the correctly
recommended pipelines given the actual class distribution representing the accuracy.
The meta model can recommend the actually best performing pipeline in 55.5 % of all
cases. The accuracy is the sum of all correctly classified pipelines in (Z). For instance,
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the pipeline with the ID 00014 is actually in 11 % of all cases the best performing pipe-
line (X). From this 11 %, the meta model proposes the pipeline in 50 % correctly, which
yields the value of 6 % (Z). The F1 score lies at 47.2 %, while the precision is 67.8 %.

In summary, Meta-DPP is capable of providing a pipeline pool, which recommends
pipelines in the top 4 % of the benchmarking results and a meta model, which outper-
forms essential pipelines by a distance dr. of 0.152 given the accuracy of 55.5 %. In
addition to the discussion of the overall performance, two use cases are compared
with a correct and false recommendation.

Comparison of two exemplary Blisk milling use cases (from 18 use cases)

Figure 5-15 shows a comparison of the use case BM-AdaB (left) and BM-Bagging
(right). The number of pipeline occurrences is depicted over the DPP score. Both pro-
duction use cases are considered in the benchmarking results in Figure 5-14, from
which the NRMSE values can be taken. In case AdaBoost is applied, the top perform-
ing pipeline (ID 00005) is correctly recommended with a DPP score of 0.999. On the
contrary, using a bagging classifier leads to a false recommendation (ID 00005) by the
meta model, which proposes the third best performing pipeline with a DPP score of
0.989. Even though the meta model is not capable of providing the correct recommen-
dation, the pipeline is still under the top 2 % of all pipelines. Using the gradient boosting
as meta model results in 95 % certainty for the correct classification of ID 00005. For
BM-Bagging, the meta model chooses ID 00005 wrongly with 93 % certainty.
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[> Recommended DPP pipeline
00004 Meanlimputer+OneHotEncoder+ZSMean+StandardScaler+RFE
00005 Meanlimputer+OneHotEncoder+StandardScaler+RFE
00012 Medianimputer+OneHotEncoder+ZSMean+MinMaxScaler+RFE+RandNoise
00014 Medianimputer+OneHotEncoder+MinMaxScaler+RFE+RandNoise

Figure 5-15: Comparison of correct and false recommendation for two use cases from
Blisk milling
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5.2.3 Scenario 2: Space Launcher Production

The results for the space launcher scenario including five data sets can be taken from
Figure 5-16. From each of the five data sets, one to two exemplary use cases are
shown in the benchmarking performance graph. Every pipeline considered for bench-
marking did not throw any error. The different ranges in NRMSE values and distribution
of the pipeline pool can also be observed for space launcher production. In 95 % of the
90 use cases, top performing pipelines of the benchmarking achieve lower RMSE val-
ues than essential pipelines.

Referring to the pooling results, the upper bound achieves a mean DPP score of 0.958.
On average, the pipeline pool contains at least one pipeline, which is under the top
5 % of best performing pipelines. The range of the pipeline pool, i. e., the distance
between the lower and upper bound score, is 0.261 and significantly higher as the Blisk
milling scenario. While the pipeline pool outperforms essential pipelines with a distance
due of 0.083, the recommendation from the meta model (gradient boosting) achieve the
same DPP score as the upper bound resulting in a distance to essential pipelines of
dre = 0.083. Consequently, essential pipelines outperform the meta model recommen-
dation in 69 % of all cases. However, differences occur when looking into data sets
individually. For instance, the upper bound for the data set LH2 M1B attains a score of
0.976, the lower bound of 0.841, and the meta model a score of 0.976, respectively.
The meta model then outperforms essential pipelines by a distance dre of 0.232. On
the contrary, while the upper bound for the data set UITS M1 also lies at 0.976, the
lower bound achieves a score of 0.768 on average. In this case essential pipelines
achieve a score of 0.918, which results in a distance to the essential pipelines of
dre = 0.058. For all five data sets, the pipeline pool as well as meta model outperforms
essential pipelines. Ultimately, the meta model achieves an accuracy of 90.0 %. The
distribution of best performing pipelines (X) from the pipeline pool in Figure 5-16 depict
that in 83 % of all cases, ID 00005 is actually best performing. The meta model recom-
mends ID 00005 in 89 % of all cases. By applying the gradient boosting as meta model,
ID 00005 is correctly recommended in 82 % of all cases. This indicates a huge imbal-
ance in the actual but also recommended pipelines towards pipeline ID 00005.

In summary, Meta-DPP provides a pipeline pool, which recommends pipelines in the
top 5 % of the benchmarking results on average and a meta model (gradient boosting),
which is equally performant to the upper bound. Thus, both upper bound and meta
model outperforms essential pipelines by a distance dr. of 0.083 given the F1 score of
40.5 %.
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Benchmarking Performance
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Figure 5-16: Benchmarking, pooling, and meta model results for space launcher pro-
duction
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Comparison of two space launcher production use cases (from 90 use cases)

The two production use cases shown in Figure 5-17 focus on the data set LH2-M1A.
On the left, the correct recommendation of ID 00005 can be seen that achieves a DPP
score of 0.998 for LH2-M1A AdaB. A wrong recommendation can be found on the right,
in which ID 00005 is recommended while being the second best pipeline in the pipeline
pool. Even though the recommendation is wrong, ID 00005 receives a score, which is
only 0.025 lower than the top performing pipeline (ID 00014). This shows the necessity
of also focusing on achieved scores instead of only meta model performances since
the second best pipeline still provides competitive results. Even though ID 00005 is
recommended, the probability is significantly less compared to the correct recommen-
dation. ID 00014 receives the second rank with a probability of 0.30. Thus, the values
indicate that the model is able to extract information from the training data although
being imbalanced in recommending ID 00005.
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00014 Medianimputer+OneHotEncoder+MinMaxScaler+RFE+RandNoise

Figure 5-17: Comparison of correct and false recommendation for two use cases from
space launcher production
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5.2.4 Scenario 3: Wind Turbine Manufacturing

The results of wind turbine manufacturing (WTM) aggregated for two classification data
sets (WTM1, WTM2) can be taken from Figure 5-18. The benchmarking performance
show 9 from 36 exemplary use cases. Achieved F1 scores are maximum at 0.75. The
ranges in F1 scores are between 0.2 and 0.75.
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Figure 5-18: Benchmarking, pooling, and meta model results for WTM
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In 100 % of all cases, best pipelines from the benchmarking achieve higher perfor-
mances than essential pipelines. Every essential pipeline as well as pipeline from the
pool provide recommendations with no error. Even though the performances of the two
data sets WTM1, and WTM2 are comparable, the ranges in F1 scores are lower for
WTMZ2. In addition, the comparison of the use cases WTM1-SGD and WTM2-SGD as
well as WTM1-GNB and WTM2-GNB show that best performing pipelines from the
pool are different, which confirms the observation from Chapter 4.2.3. Pipelines within
the pool are either widely spread (WTM1-GNB) or close together (WTM2-Voting).

Referring to the pooling performance, the upper bound of the pool achieves a DPP
score of 0.704 on average. The pipeline pool is therefore capable of recommending
top 30 % pipelines from the benchmarking. Furthermore, the upper bound significantly
outperforms the essential pipeline by a distance due of 0.153. For the 36 production
use cases, essential pipelines show worse performance in 89 % compared to the up-
per bound. When comparing the mean DPP score of the upper bound of WTM1 and
WTM2, the pipeline pool achieves a DPP score of 0.75 for WTM1 and 0.66 for WTM2,
showing the difference in performances when considering different quality tolerances.
The same deviation applies for the recommended pipeline scores, which is 0.69 for
WTM1 and 0.61 for WTM2.

Focusing on the aggregated performance, the meta model (extra trees classifier) out-
performs essential pipelines by a distance dre of 0.054, i. e., the meta model performs
on average 18 % better than the essential pipeline. In addition, the DPP score of the
recommended pipeline is close to the upper bound (dur = 0.054). The extra trees clas-
sifier is capable of recommending the actually best performing pipeline in 44.4 % of all
cases, providing an improvement 77.7 % than randomly selecting a pipeline from the
pool. Besides the accuracy of 44.4 %, the F1 score lies at 47.2 % and recall at 52.1 %.

As a conclusion, the benchmarking outputs best performing pipelines that outperform
essentials in 100 % of all cases. The pipeline pool outperforms essential pipelines by
a distance of due = 0.153, while achieving a DPP score of 0.704 on average. The meta
model achieves an accuracy of 44.4 % and outperforms essential pipelines dre by
0.054.

Comparison of two wind turbine manufacturing use cases (from 36 use cases)

On the left of Figure 5-19, the use case of WTM2-Voting is shown with a correct rec-
ommendation. The extra trees classifier provide a ranked recommendation through the
different probabilities for each class. ID 02390 has a probability of 0.51, followed by
ID 00492 with 0.28, ID 00144 with 0.11, and ID 00244 with 0.1. Moreover, the order of
the recommendation provided by the meta model matches the actual order of pipeline
performance. The DPP score achieved by the meta model is 0.577. The right of Figure
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5-19 provide details of an entirely wrong recommendation by the meta model. Given
the use case WTM2-SGD, the pipeline with ID 02390 is chosen that has a DPP score
of 0. The order of the recommendation is reciprocal to the actual performance of the
pool.
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00144/ Medianimputer+OneHotEncoder+StandardScaler+VarianceThreshold+RandNoise+SMOTE

00244 Meanlmputer+TargetEncoder+StandardScaler+SMOTE

00492 Medianimputer+TargetEncoder+ZSMean+StandardScale+VarianceThreshold+SMOTE

02390 Meanlmputer+OneHotEncoder+RandNoise+SMOTE

Figure 5-19: Comparison of correct (left) and false (right) recommendation for two rep-
resentative use cases from wind turbine manufacturing
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5.2.5 Scenario 4: Tool and Die Making

The results of the benchmarking, pooling, and meta model performance for the tool
and die making scenario can be taken from Figure 5-20. Given nine out of 18 repre-
sentative use cases, the F1 scores range from a minimum of 0.05 in case of TDM SVC
to @ maximum of 0.81 for TDM HGB. No error occurred during benchmarking.
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Figure 5-20: Benchmarking, pooling, meta model performance for tool and die making
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Best performing pipelines achieved higher F1 scores than essential pipelines in every
of 18 use cases. The pooling results reveal that the pipeline pool outperforms the es-
sential pipelines by a distance due of 0.129. While the pipeline ID 00492 achieve the
highest DPP score of 1 for TDM-LGBM, the pipeline also attains the lowest score in
case of TDM-ET, which lies at 0.458. This confirms the no free lunch theorem, which
has been observed in the development of Meta-DPP. In 14 of 18 cases, the pipeline
pool outperforms the essential pipelines. The meta model proposes the correct pipeline
in 5 out of 18 use cases leading to an accuracy value of 27.8 %. This results into the
distance to the essential pipelines of dre = 0.076, i. e., the recommended pipelines
achieve an increase by 12 %. Further values can be obtained from Figure 5-20.

Comparison of two tool and die making use cases (from 18 use cases)

Figure 5-21 show an example for of a correct recommendation by the meta model for
TDM-Ridge. The extra trees classifier show a certainty of 0.73, however, proposes to
apply the worst performing pipeline in the pool as second option. The actually second
best pipeline in the pool (ID 00144) receives a probability of 0.04. On the right, a false
recommendation is shown for TDM-LogReg, in which the pipeline ID 00244 is chosen
that has a DPP score of 0.542. However, the best performing pipeline with ID 02390
achieves a score of 0.699 and is recommended second with a probability of 0.35. Alt-
hough not providing a correct recommendation, the meta model still achieves a rea-
sonable score and by using the probability, best performing pipelines are found.
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Figure 5-21: Comparison of correct (left) and false recommendation (right) for two rep-
resentative use cases from tool and die making
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5.2.6 Scenario 5: Machine Tool Degradation

At first, the classification results of machine tool degradation (MTD) are analyzed fol-
lowed by regression. Figure 5-22 shows an excerpt of nine of 72 use cases of the four
data set derivatives of norm, both, cats, mvs.
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Figure 5-22: Benchmarking, pooling and meta model performance for MTD (CL)
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Since the MTD scenario is based on a packaging machine, the abbreviation used for
discussing the use cases is P. With the exception of PCLN SVC the F1 scores range
between 0.4 and 0.83. The pipeline pool outperforms the essential pipelines with a
distance of due of 0.146. The recommended pipeline by the meta model outperforms
essential pipelines by the distance dre of 0.105. The meta model achieves an accuracy
of 30.6 %. Even though representing similar benchmarking performances, the scores
of the pipeline pool differ depending on the derivative. While for norm data set, the
DPP score of the pipeline pool lies at 0.750, the pool achieves a score of 0.828 for
both and outperforming the essential pipelines by a distance of due of 0.154. For cats,
the pool achieves the highest score of 0.841, while mvs achieves 0.776. The distance
measures of the recommended to essential pipeline reveal a similar behavior. The
highest distance dr. is achieved in case of the derivative both with 0.160 and lowest
with a distance of dre = 0.076. The difference can be explained by averaging the addi-
tional essential methods of imputing and encoding, which are applied in case of both.

Even though the performances differ between data sets, in summary, the benchmark-
ing results in best performing pipelines that achieve higher F1 scores in 100 % of 72
use cases. The upper bound as well as meta model outperform essential pipelines by
a distance due of 0.146, and a distance dre of 0.105. Ultimately, the meta model
achieves a F1 score of 28.5 %.

Comparison of two machine tool degradation classification use cases (from
72 use cases)

Focusing on two particular use cases for the derivative both, the correct recommenda-
tion can be seen on the left in case Both-AdaB. The pipeline ID 02390 achieves a
DPP score of 0.945. The probability lies at 0.44 followed by a probability of ID 00144
of 0.25 showing the worst performance. For the false recommendation, the probability
for ID 02390 is even higher in case of Both-DT that lies at 0.59. Here, the achieved
DPP score is only 0.459. In these examples, the choice of the correct pipeline accounts
for a difference in DPP score of 0.3. Since the meta model can provide wrong recom-
mendations, the pipeline pool can be used to try out the pipelines according to the
probability.
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Example of correct recommendation Example of false recommendation
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Figure 5-23: Comparison of correct (left) and false recommendation (right) for two rep-
resentative use cases from machine tool degradation (classification)
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Regression (RE)

The achieved NRMSE values for production use cases from four data set derivatives
of machine tool degradation can be seen in the upper half of Figure 5-24. The best
pipelines achieve NMRSE values of 0.42.
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Figure 5-24: Benchmarking, pooling, and meta model performance for MTD (RE)
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Pipelines from the pool achieve a mean DPP score of 0.887, while the essential pipe-
line achieves a score of 0.828. The range of the upper and lower bound lies at 0.091
and is low compared to the ranges of previous scenarios. On average, the upper bound
outperforms essential pipelines with a distance due of 0.059. The meta model slightly
outperforms the essential pipelines by a distance of dr. of 0.025, resulting in a perfor-
mance increase of 3 %. However the accuracy of the meta model only lies at 13.8 %.
The meta model recommends in 80 % of all 72 use cases pipeline ID 00005, which
only is represented in 10 % of all use cases as best performing pipeline from the pool.

Different results are observed referring to the data set derivatives. In three out of four
data sets, the pipeline pool outperforms essential pipelines. For the norm data set, the
DPP score is 0.922 outperforming essential pipelines by due of 0.108. Similar results
are achieved for the derivatives of cats and mvs. The derivative both represents an
outlier with a DPP score of the pipeline pool of 0.806, while the essential pipelines
achieve a DPP score on average of 0.886. When comparing the recommended with
essential pipelines, the recommended pipelines achieve higher scores by a distance
of dre = 0.066 for norm and mvs and 0.078 for cats, respectively. As for the upper bound
of the derivative both, the recommended pipeline is outperformed by essentials with a
distance dre of -0.169. For MTD-norm, the meta model (gradient boosting) achieves an
accuracy of 27.8 %, while for MTD-both and MTD-cats, the accuracy lies at 5.6 %. The
imbalance in recommending ID 00005 can be observed for every data set derivative.

Comparison of two machine tool degradation regression use cases (from 72 use
cases)

The correct recommendation for the use case Both-GP shows a mean DPP score of
0.987 with a probability of 0.48 (see Figure 5-25). In general, the pipeline pool achieves
high scores for the GP classifier. The worst performance by ID 00004 is represented
with a score of 0.916. For Both-ET, ID 00005 is chosen with a probability of 0.84. How-
ever, ID 00014 is actually best performing for this use case. As already seen within
other scenarios, the DPP score of the recommended pipeline is 0.103 lower than the
top performing pipeline from the pool. This underlines the importance of applying the
DPP score measures in addition to the meta model performances.
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Figure 5-25: Comparison of correct (left) and false recommendation (right) for two rep-
resentative use cases from MTD (regression)
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5.2.7 Summary of Validation Results

In the following, the validation results are summarized starting with classification. Every
result will be discussed in the order of benchmarking, pooling and meta model perfor-
mance.

Classification

The classification results can be taken from Figure 5-26. Considering every classifica-
tion scenario, seven data sets, i. e., 126 production use cases were used for validating
Meta-DPP. In the upper half of Figure 5-26, the benchmarking performance is shown
based on nine representative results of the use cases. From every of the seven data
sets at least one use case is covered. The achieved F1 scores indicate the bench-
marking performance, which range from 0.08 to 0.89. In more than 99 %, top perform-
ing pipelines of the benchmarking outperform essential pipelines. In the benchmarking
graph, the performances of the pipeline pool are mapped. As already seen during the
development of Meta-DPP, the distribution of best performing pipelines are distributed
over all four pipelines from the pool. In terms of the pool, use cases are available, in
which the range is high as for WTM2-Gaussian or very close together as for TDM ET.

In the lower half of Figure 5-26, the pooling and meta model performance are depicted.
The mean DPP score of the upper bound is 0.767 and median of 0.773 meaning that
the pipeline pool is capable of proposing pipelines within the top 24 % given the bench-
marking results. The upper bound outperforms the essential pipelines by a distance
due Of 0.126, which can be taken from (B). In 71 % of all production use cases, the
upper bound achieves higher DPP scores than essential pipelines. The meta model
outperforms essential pipelines by a distance dr. of 0.099, i. e., the meta model per-
forms on average 16 % better than the essential pipeline. In addition, the score of the
recommended pipeline is close to the upper bound (dur = 0.049). The meta model is
capable of recommending the actually best performing pipeline in 34 % of all cases,
providing an improvement of 37 % compared to arbitrarily choosing a pipeline from the
pool.

The performances between the individual cases and data sets differ from each other.
While for wind turbine manufacturing, the upper bound is 0.704 with a distance to the
essential pipelines due of 0.153, the upper bound score in case of tool and die making
lies at 0.757 with due equals to 0.129. Machine tool degradation provides four data sets,
in which the aggregated upper bound is 0.800 with a distance of due = 0.146. Referring
to the meta model performance, the accuracy for WTM1 and WTM2 lie at 44.4 %, for
tool and die making at 27.8 % and in aggregated form for machine tool degradation at
30.6 %. For all data sets but one, the meta model shows better performances than
arbitrarily choosing one of the four pipelines in the pipeline pool.
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In summary, Meta-DPP provides a benchmarking and a pipeline pool for classification
that outperforms essential pipelines as well as a meta model, which is capable of find-
ing overall well performing pipelines from the pool.
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Figure 5-26: Benchmarking, pooling and meta model performance for classification
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Regression

Figure 5-27 shows the results for regression, which are based on 180 production use
cases given 15 data sets. The benchmarking results in the upper half of Figure 5-27
show that NRMSE values are widely spread. In general, Blisk milling shows overall
performant results with NRMSE values lower than 0.5, while the data set derivatives
of machine tool degradation do not show better results than NRMSE of 0.4. For the
space launcher production, NRMSE values range from 0 to 2. Within benchmarking,
essential pipelines represent the best performing pipeline in 2.8% of all cases. Different
pipelines from the pipeline pool are best performing over 180 use cases. For BM-AdaB,
the pipelines are close together and very close to the best performing pipeline. In case
of LH2 M2-GP, the pipelines from the pipeline pool are spread between 0.015 and
0.999.

Referring to the lower half of Figure 5-27, the upper bound has a mean DPP score of
0.926, i. e., the pipeline pool is able to recommend the top 8 % of all pipelines being
benchmarked. Essential pipelines achieve a mean DPP score of 0.829 resulting in a
distance due of 0.097. For regression, the upper bound outperforms essential pipelines
in 65 % of all cases. A huge difference in performance can be identified between the
individual cases. While for the Blisk milling and space launcher production scenario,
the DPP score of the upper bound is 0.969 and 0.946 respectively, the machine tool
degradation scenario show upper bound scores of 0.887. In all but one data set, the
pipeline pool outperforms essential pipelines. The exception is represented by
MTD both, which has an upper bound of 0.806 resulting in a distance to essential pipe-
lines of due =-0.169.

When applying the meta model, recommended pipelines achieve a mean DPP score
of 0.911 marginally outperforming essential pipelines by a distance dre of 0.079 over
all use cases. For Blisk milling, dre is equal to 0.172, while for machine tool degradation,
it lies at 0.059 highly influenced by the negative distance through MTD both. Space
launcher production reveals a distance dre of 0.083. The DPP score of the recom-
mended pipeline is equal to the upper bound (dur = 0.0).

When determining the performance of the meta model, correctly recommended pipe-
lines are considered (Z). The meta model achieves an accuracy of 56.4 %. Precision
lies at 38,5 % and F1 score at 31.0 %. For the Blisk milling scenario, the accuracy is
55.5 %, for space launcher production 90.0 % and for machine tool degradation at
13.9 %. In conclusion, Meta-DPP provides a pipeline pool for regression that outper-
forms essential pipelines and a meta model, which is capable of finding overall well
performing pipelines from the pipeline pool. Regression results show a better perform-
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ing pipeline pool than the classification pool and better meta model performance. How-
ever, the meta model for regression shows a high imbalance towards the class of
ID 00005.
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Figure 5-27: Benchmarking, pooling and meta model performance for regression
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5.3 Verification

Besides the validation, Meta-DPP is verified by performing execution and special input
testing in Chapter 5.3.1. Requirements that are placed on Meta-DPP were derived in
Chapter 3.1. The fulfillment of these requirements is assessed in Chapter 5.3.2.

5.3.1 Execution and Special Input Testing

Execution and special input testing are performed based on the best performing meta
models as well as pipeline pools for regression and classification. While execution test-
ing aims at revealing errors when executing Meta-DPP, special input testing uses tech-
niques to evaluate the accuracy of Meta-DPP in case various inputs are given to the
system. [BALC98, pp. 366-372]

Execution testing

The appropriate execution of Meta-DPP is tested by randomly providing production
use cases via the GUI. The inputs required are the data set, learning task, ML algo-
rithm, and the explainability specification. Meta-DPP is tested on 100 random inputs
that are manually inserted by a user. The test results show that for every case, Meta-
DPP is capable of providing the pipeline pool including a ranked recommendation. The
rule-based meta target selector is thereby verified. Since no error messages occurred
and the pipeline pool was correctly chosen according to the learning task, Meta-DPP
is deemed as successfully verified and validated with regard to its execution behavior.

Special input testing

The special input testing for Meta-DPP considers invalid as well as extreme input test-
ing [BALC98, pp. 370-372]. Three types of tests are performed: wrong input, missing
input, and explainability input resulting in six scenarios that are introduced in the fol-
lowing. First, the functionality of Meta-DPP is checked if ML algorithms and explaina-
bility specification are missing given an error-free but random input of data set and
learning task. The second type comprises three tests of wrong inputs. Lastly, the func-
tionality of the explainability input is checked. Table 5-2 summarizes the special input
testing scenarios.
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Table 5-2: Summary of six special input testing scenarios

Miss.Inp. Wrong.Inp.1 || Wrong.Inp.2 || Wrong.Inp.3 Expl.Inp.1 Expl.Inp.2

Data set Classification ||| Classification | Regression | Non-conform ||| Classification || Classification
Learning Task | Classification || Regression || Classification Classification || Classification
ML algorithms RF RF RF RF
Explainability no no no yes

Miss.Inp.| Missing input testing ' Wrong.Inp. Wrong input testing Expl.Inp. Explainability input testing

(1) Missing input scenarios

If no input is provided by the user regarding an ML algorithm and explainability, Meta-
DPP provides a recommendation in both cases by setting a random forest and no ex-
plainability as default parameters. This scenario was tested for regression and classi-
fication data sets.

(2) Wrong input scenarios

According to Table 5-2, three scenarios are checked, which depend on the combina-
tions of a data set and a learning task. First, the user can insert a classification data
set, but checks regression as being the learning task (Wrong.Inp.1). Meta-DPP then
informs the user by the warning that only m targets are found in the data set:

“Warning: only m targets detected — Are you sure regression is the correct task?”

The output m represents the number of distinct values m found in the target variable.
This approach is transferred to the second wrong input: If a regression data set is
entered, the learning task classification is chosen by mistake (Wrong.Inp.2). The warn-
ing information, which Meta-DPP provides, is:

“Warning: over m targets detected — Are you sure classification is the correct task?”

In both cases, Meta-DPP provides an output based on the selected learning task. A
non-conform data set is inputted in the third case, which may only contain two columns
(Wrong.Inp.3). For these cases, Meta-DPP cannot extract meta features, which is why
the warning is displayed:

“There are not enough columns in this data set, please select another.”
(3) Explainability input scenarios

Since the DPP pipeline pool does currently not contain a PCA as DPP method, a fur-
ther test is carried out to test if the explainability input is correctly processed. As PCA
is deemed unexplainable, the pipeline pool is randomly changed by inserting DPP
methods of PCA. In case no explainable methods are required, pipelines that include
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PCA are successfully listed in the results sheet (Expl.Inp.1). If the user requires ex-
plainable methods to be in the pipeline pool, pipelines with PCA are filtered
(Expl.Inp.2).

The probabilities of the pipelines are correctly recalculated, if the probabilities from the
pipeline pool are redistributed to achieve a recommendation score sum of 1. By ran-
domly inserting DPP methods, the functionality test also proved the extendability of the
pipeline pool to more pipelines. All special input testing results can be taken from An-
nex A.14.

5.3.2 Assessment of Requirements Fulfillment

In the following, every requirement from Chapter 3.1 is captured and assessed, how
Meta-DPP fulfills these requirements. 16 requirements were defined in three subcate-
gories, namely fundamental prerequisites, inherent functionality and user-specific re-
quirements. Unless otherwise specified, the requirements are to be considered as en-
tirely fulfilled for better readability. The assessments are used to summarize the degree
of fulfillments in Figure 5-28.

Fundamental prerequisites of DSS

The first requirement comprises recommending DPP pipelines considering combina-
tions of DPP methods. Meta-DPP contains pipelines of a variable number of DPP
methods. Thereby, the number of methods can consist only of one DPP method or
multiple DPP methods as conceptualized in Chapter 4.2.2 and implemented in Chap-
ter 4.2.3. In total, 21 DPP methods constitutes the pipelines within Meta-DPP. They
are configured from the preprocessing steps of data cleaning, transformation, reduc-
tion as well as augmentation and balancing. Depending on the learning task and oc-
currence of missing values and categorical features, the number of DPP pipelines
range from 304 to 5,472 pipelines. These pipelines can comprise only one but up to
nine DPP methods, while considering every DPP category and step. Therefore, the
requirement is deemed as completely fulfilled.

Meta-DPP is capable of handling conditionalities and takes into account the impact of
DPP on ML model performance. This requirement is addressed in the design decisions
of Meta-DPP. The category of feature scaling is set right after the essential methods
of imputing and encoding to account for conditionalities in case of PCA and Varian-
ceThreshold. In addition, the DPP methods are combined meaningfully. For that rea-
son, augmentation is performed after reduction of features to account for computing
times. Encoded features are put aside and not be used during further transformation
and reduction to be less prone to noise. The power transformer is selected before data
reduction and augmentation since it does not affect the data distribution. Moreover,
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SMOTENC is used for encoded features to preprocess the different data scales rea-
sonably. The requirement is therefore considered as entirely fulfilled.

Achieving high overall performance is attained since top performing pipelines from
benchmarking outperformed essential pipelines in 100 % of all cases in the develop-
ment phase and 98 % in the validation phase as described in Chapter 4.2.3. When
applying Meta-DPP, the pipeline pool outperforms essential pipelines by a distance due
of 0.146 on average with a mean DPP score of 0.767 for classification. For regression,
the mean DPP score lies at 0.926, while the pipeline pool outperforms essential pipe-
lines by a distance due of 0.097 on average (see Chapter 5.2.7). Since best performing
pipelines outperformed essential pipelines in the development phase by 100 % as well
as 98 % in the validation phase, respectively, and the distances due for both classifica-
tion and regression are positive in the application, the requirement is entirely fulfilled.

To comply with the requirement of considering representative production use cases for
developing DSS, 43 publicly available and six data sets from past projects are used.
Production use cases can be assigned to multiple applications discussed in Chap-
ter 2.1. The number of data sets were further increased by creating data sets with cat-
egorical features and missing values, named data set derivatives, leading to 104 data
sets. In addition, production use cases are created based on 18 commonly used ML
algorithms in production leading to 1,872 production use cases being considered.
1,278 of these use cases fall under classification, while 514 are assigned to regression.
Compared to the number of use cases of up to 300, on which systems are developed
and validated in literature (see Chapter 2.5.2), the data basis is deemed as large
enough. In addition, the data sets used for development exhibits a wide range of data
set characteristics. First, derivatives with both missing values and categorical features
are considered. The data sets also differ in terms of number of attributes, instances
and data quality issues such as a low ratio of instances to attributes, outliers, or class
imbalances (see Chapter 4.2.1). In total, the requirements derived as fundamental pre-
requisites are completely fulfilled.

Inherent functionality of the DSS

Meta-DPP needed to be designed to realize complexity reduction. The concept of meta
learning is chosen over AutoML systems due to its lower complexity. Within the Meta-
DPP development, care was taken to select only from explainable, i. e., less complex,
meta models. Referring to the implemented Meta-DPP, only four inputs need to be
provided by the user: data set, learning task, ML algorithm, and explainability infor-
mation (see Chapter 5.3.1). In addition, the number of recommended pipelines is four
in the current Meta-DPP setting, which provides the user a clear overview. The number
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of pipelines can further be reduced to two pipelines if required as described in Chap-
ter 4.2.5, since the number of pipelines in the pool represents a hyperparameter of
Meta-DPP. Because the number of DPP methods is inherently minimized by providing
shorter pipelines in case of equal performances, the requirement is deemed entirely
fulfilled.

Production use cases can be very different in characteristics such as number of fea-
tures or instances that require DPP pipelines with different properties to address a wide
range of use cases. Therefore, handling of use cases’ variability is reached through
the creation of production use cases based on data sets and ML algorithms consisting
of different properties (see Chapter 4.2.1). In addition, the selection of suitable DPP
pipelines considers the criterion of DPP methods heterogeneity within a category. A
benchmarking at small scale was further performed to avoid selecting multiple similar
DPP methods from one category according to Chapter 4.2.2. Consequently, the re-
quirement is entirely fulfilled.

The production further places domain-specific requirements. Unlike the majority of de-
veloped systems (see Chapter 3.2), both classification and regression tasks need to
be handled. Meta-DPP is thus designed for coping with production-specific require-
ments by considering the F1 score as performance metric for classification and RMSE
for regression as being particularly suited for unevenly distributed data sets in produc-
tion. These performance metrics are used to identify best performing pipelines within
benchmarking and therefore build the basis for the scaled ranking and pooling (see
Chapter 4.2.3 - 4.2.5). Meta-DPP thus entirely fulfills the requirement. In practice, a
wide variety of ML algorithms is applied due to the no free lunch theorem and high
complexity of production use cases. By considering the different criteria in production
(see Chapter 4.2.1), 18 ML algorithms are selected and considered within Meta-DPP,
which results in the complete fulfillment of this requirement.

The updatability and extendability is manageable within benchmarking introduced in
Chapter 4.2.3 and within the trained version of Meta-DPP (Chapter 4.4.2). Further-
more, the meta features database can also be updated and extended by inserting new
data set-, ML algorithm-, and DPP pipeline-related meta features. Meta-DPP is de-
signed to easily exchange or add DPP methods as well as ML algorithms within bench-
marking and the creation of DPP pipeline- and ML algorithm-related meta features
(Chapter 4.3). Since these extensions have successfully been performed for bench-
marking and the meta features database during the development of Meta-DPP, the
requirement is considered as completely fulfilled.
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An update or extension further requires a retraining capability while operating Meta-
DPP. As conceptually shown, the retraining of Meta-DPP is two-folded (see Chap-
ter 4.4.2). The meta model is trained based on the actually best performing pipeline
from the pipeline pool in the first stage. If the pipeline pool changes so that new pipe-
lines are in the pool or the number of pipelines in the pool is managed, the meta fea-
tures database and meta target are updated based on which the meta model is re-
trained. Based on the concept, the retraining can be realized. For these reasons, the
retraining capability is deemed as being partially fulfilled.

Lastly, uncertainty handling is realized through the averaging of performances of
benchmarking to reduce the randomness. Furthermore, the probabilities of the meta
model indicate of how certain the meta model is about a recommendation. Further
aspects of uncertainties such as the calculation of confidence intervals or sensitivity
analyses could be used to additionally determine the uncertainty of Meta-DPP. Individ-
ual core components of Meta-DPP such as the benchmarking of the meta target se-
lector, the pooling or the meta model can further be investigated with regard to uncer-
tainty. Ultimately, handling uncertainty is partially fulfilled.

User-specific requirements

Meta-DPP provides recommendations based on four inputs. To enable the target
group, also consisting of non-programmers, in using Meta-DPP, a user interface is
created. The user is enabled to systematically describe the production use case based
on the inputs of data set, learning task, ML algorithm, and explainability information via
an interactive GUI. The execution testing in Chapter 5.3.1 revealed that the target
group is enabled to interact with Meta-DPP, since no errors occurred during execution,
while Meta-DPP always provided an outcome. In conclusion, the requirement is
deemed completely fulfilled.

The response latency needed to be within 5 minutes to account for a comprehensive
computing within a reasonable amount of time. When applying Meta-DPP on the 17
data sets used in Chapter 5, the response time was 3.5 minutes on average meaning
that the requirement is entirely fulfilled. Besides the response latency, Meta-DPP pro-
vides ranked recommendations. The display of probabilities does not only indicate the
certainty of the meta model, but also serves as a ranking as shown when comparing
two production use cases in each scenario in Chapter 5.2. Therefore, the requirement
of ranked recommendations is entirely fulfilled.

In case the user does not provide every detail of the production use case, Meta-DPP
still gives a recommendation as checked in the special input testing in Chapter 5.3.1.
If information about ML algorithms or explainability is missing, Meta-DPP proved the
input flexibility as discussed in Chapter 5.3. In addition, Meta-DPP provides warning
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messages in case non-conform data sets are inserted or the wrong learning task is
chosen based on the provided data set leading to an entire fulfillment of this require-
ment.

The explainability requirement is met by filtering the DPP pipelines from the pipeline
pool according to the input from the user. In case the user checks the explainability
requirement, only DPP pipelines from the pipeline pool are displayed, which contain
transparent DPP methods. In addition, the meta models selected in Chapter 4.4.1 are
explainable to comprehend the decisions of Meta-DPP. Since the explainability infor-
mation is handled by Meta-DPP, the requirement is completely fulfilled. Figure 5-28
summarizes the results of this requirements review. 14 out of 16 requirements are an
completely fulfilled.

(I) Complexity . (1) Variability . (l1) Production .

reductlon of use cases speciﬁcities
(IV) Wide variety V) Updatability (V1) Retraining (VII) Handling
of ML algonthms . & extendibility . capability O uncertainty O

Inherent functionality

DSS for recommending DPP pipelines for ML applications in production

e

Fundamental
prerequisites

User requirements

(I) Combinations . (II)Il-i_andhln_g . (Iy Usability . (Il) Response .

of DPP methods conditionalities latency

(1) Achieving . (IV) Representative . (1) Ranked . (IV) Input .

high performance: production use cases recommendations flexibility

v
@ cntirely fuilied (P Poartially fufilled Expéin)abimy o

Figure 5-28: Results of the requirements assessment
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5.4 Interim conclusion

Chapter 5 aimed at validating Meta-DPP based on a case study consisting of 324 pro-
duction use cases. In addition, verification was performed by performing both execu-
tion and special input testing on the implemented Meta-DPP, while subsequently, the
fulfillment of requirements was assessed. The case study revealed that the developed
benchmarking and pipeline pool outperforms essential pipelines in all five scenarios
on average. In addition, the meta model showed the potential in recommending DPP
pipelines from the pool when focusing on the achieved DPP scores from recommended
to essential pipelines. The execution and special input testing showed that Meta-DPP
is robust to input uncertainty and navigates the user in case of wrong inputs. Ultimately,
the main research question can be answered:

MRQ Can a decision support system be developed that supports in recom-
mending DPP pipelines for ML applications in production?

Based on the results of verification and validation, the positive assessment of the re-
quirements and by taking into account the answered SRQs in Chapter 3 and 4, the
MRQ is positively answered. The different testing techniques reveal that Meta-DPP
runs stable and enables the user in applying DPP pipelines for a given production use
case that focuses on supervised learning algorithms and tabular data. The case study
for validating Meta-DPP proved the overall performance and competitiveness against
the defined baselines. 14 from 16 requirements are entirely fulfilled, while two require-
ments are partially fulfilled.
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6 Critical Discussion

Based on the developed, verified and validated Meta-DPP, Chapter 6 critically dis-
cusses the methodological approach, design decisions, and implementations of Meta-
DPP. As shown in the verification and validation, Meta-DPP is capable of recommend-
ing performant DPP pipelines for ML applications in production. However, every design
decision performed for developing Meta-DPP is ambivalent meaning that a choice for
an approach or design simultaneously results in a deliberate exclusion of another op-
portunity. Thus, all design decisions are critically discussed following the component
structure of Meta-DPP, which are the meta target selector, meta features database
and meta model and their individual sub components. Finally, verification and valida-
tion are criticized and final remarks are provided regarding the impact of DPP on ML
model performances in production.

Meta target selector

Within the creation of production use cases, 104 data sets have been created serving
as representative data basis. Even if it could be disproved that the scores are different
across the derivatives within the benchmarking and different pipelines belong to the
best performers, the creation of derivatives may introduce noise in the meta data set
since they are only slightly modified. Thereby, the data sets become too laboratory,
while not representing real production environments. Adding derivative data sets can
then lead to worse generalization ability of the meta model. In the future, the meta
model can be trained without derivatives. Even though the production use cases are
representative, data sets with a very high number of instances and features are rather
rare. Further works can also concentrate on more extreme cases regarding the number
of missing values, categorical features, or outliers.

The configuration of suitable DPP pipelines is built on a thorough assessment to iden-
tify DPP methods and subsequently combine these methods into meaningful pipelines.
Compared to the existing approaches shown in Chapter 3.2, DPP methods from sev-
eral steps and categories are thereby considered. DPP methods were selected if the
method exhibits the highest assessment score. In the future, a threshold can also be
chosen as trade off to have enough heterogeneous methods but also to keep the num-
ber of DPP methods low in total. This threshold can be adjusted in the future to get
other DPP methods. The assessment of DPP methods can further be extended
through cost utility analyses towards the selection of more performant yet less explain-
able methods. For instance, instead of using Meanimputer or Medianimputer for miss-
ing value handling, K-NN could be used for imputation.
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When configuring the DPP methods into pipelines, the large configuration space was
addressed by keeping the order of DPP methods within the pipelines fixed. In addition,
a DPP method was only selected once per DPP category. These decisions narrow
down the number of combinations at the expense of better pipeline performances. For
instance, categorical columns in production use cases may be nominal and ordinal
requiring two different types of encoding, which is not handled by the benchmarking in
its current form. Lastly and according to Figure 1-1, data preparation comprises DPP
and feature engineering. Therefore, further methods from feature engineering can be
included in the preparation of data.

The benchmarking of DPP pipelines over 1,872 production use cases considers differ-
ent pipeline lengths, conditionalities, and a train test split prior to preprocessing the
data. An advantage of the benchmarking is the opportunity of generating fully compre-
hensive ML pipelines independent from DPP. A user could also run the benchmarking
for one ML algorithm of choice instead of running all 18 ML algorithms at once. The
train test split was performed based on a ratio of 70/30 to account for training times. In
the future, different train test splits, e. g., 80/20 can be realized. The benchmarking can
further be extended by taking into account additional ML algorithms, such as deep
learning algorithms or by inserting consistency checks as provided by Potter’s Wheel
and HoloClean (see Chapter 3.2). As shown in the benchmarking results in Chap-
ter 4.2.3, many DPP pipelines show a poor performance. Therefore, the number of
pipelines can be reduced to speed up the benchmarking. One approach is to sort the
median DPP scores in an ascending manner and identify the worst performing pipe-
lines. DPP methods can then be removed based on the occurrences of DPP methods
in the worst performing pipelines. The design of putting encoded features aside is tech-
nically meaningful, however, when a OneHotEncoder is used in columns with high car-
dinality, the number of features grow exponentially forcing the curse of dimensionality.
These features are not treated within the feature selection due to implementation rea-
sons. Future work can focus on bringing back the encoded features before feature
selection to manage the number of columns.

The scaled ranking provides comparable DPP scores over different use cases for both
classification and regression. DPP scores can then be used to identify highly perfor-
mant DPP pipelines. Chapter 4.2.5 showed that DPP scores for regression were sig-
nificantly higher than for classification. This can stem from various reasons such as the
selected data sets or naturally because of the learning task. However, compared to the
F1 score, NRMSE represents an unbounded measure, while the benchmarking
showed that outliers are available in rare cases. These outliers were not removed but
deliberately kept within the ranking to not affect the actual distribution. However, due
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to the findings of the benchmarking and since the scaled ranking as applied in Chap-
ter 4.2.4 is susceptible to outliers, many high DPP scores are more likely available.
Future works may focus on bounding the NRMSE value (e. g., to NRMSE = 2) to re-
move the outliers or on testing the performance of a robust scaler introduced in Chap-
ter 2.4.3.

Pooling determines the best performing pipeline based on the assumption of a depend-
ency between ML algorithms and DPP pipelines. The pooling procedure also accounts
for the variable number of pipelines in the pipeline pool, which represents a critical
hyperparameter of Meta-DPP. In Chapter 4.2.5, the number was set to four pipelines
which addresses the meta target tradeoff. Different number of pipelines were tested
during the development, in which four pipelines represented the best tradeoff. If a user
is interested in high upper bounds and wants to test several pipelines instead of focus-
ing on a highly performant meta model, the user can select up to 304 DPP pipelines
for regression and 608 for classification. Due to the high dependency of ML algorithms
and DPP, another approach is to split the pipeline pool according to ML algorithms
leading to 36 pipeline pools for classification and regression. This approach was
deemed inappropriate in this thesis due to the low number of regression use cases,
since the meta model would have been trained on only 29 instances. However, as the
number of data sets increases over time, this approach may be meaningful. Besides
that, the pooling of pipelines was performed based on the benchmarking results of the
same data sets, which can foster data leakage. This decision was made due to the
limited amount of production use cases and is assessed as not being an issue as val-
idation results showed similar pooling results.

Meta features database

The meta features database consists of data set-, ML algorithm-, and DPP pipeline-
related meta features. 188 meta features were determined for classification and 189
for regression identified in a brute force approach. Even though the meta features can
bring more information, the curse of dimensionality remains an issue. This can be seen
in the feature importances and also in the final meta models, which do not consider
pipeline-specific meta features and in case of classification, only applies the 30 most
important features. For the extra trees classifier, 27 out of 30 most important features
are related to ML algorithm performance. The gradient boosting classifier uses 16 data
set- and 14 ML algorithm-related meta features. All groups of data set related meta
features are represented within the important features, which forces to introduce fur-
ther groups. According to pymfe, further groups are related to clustering, complexity,
or concept [ALCO20]. For the different statistical, information-theoretical, and land-
marking, the mean and standard deviations are used for retrieving information of, e. g.,
the error rates of a worst node (see Figure 4-23). However, the mean and standard
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deviation assumes a normal distribution, which in real use cases is not available as
shown in Figure 4-23. Future works can focus on calculating different statistical loca-
tion measures, which are suitable depending on the underlying distribution.

Since ML algorithm-related meta features highly influence the choice of ML algorithms,
further meta features can be derived from the benchmarking. For instance, instead of
using the average performance of ML algorithms, different statistical location measures
can be used to provide information about the underlying task. DPP pipeline-related
meta features are not used by the meta models. However, further benchmarking re-
sults can be incorporated and tested. Three top performing pipelines have been cho-
sen per ML algorithm. This hyperparameter can be adjusted to count the occurrences
of DPP methods within the pipelines.

Meta model

The selection of meta pipelines resulted in the choice of baseline models as well as
commonly used ML algorithms in meta learning. To further increase the performance
of the meta model, the benchmarking can be applied to identify best performing meta
pipelines. Instead of using production use cases, the final meta data set can be used
for benchmarking ML pipelines. The top performing ML pipeline for the regression and
classification meta data set can then be reimplemented and used as meta pipeline.

Within training the meta pipelines, a design of experiments was introduced, which co-
vers different ML algorithms, different sets and numbers of meta features. To address
the curse of dimensionality, the number of meta features has been narrowed down
given the feature importances. Since the feature importance values were not high for
both regression and classification, 20 and 30 features were chosen to be included.
However, different settings can be tested to achieve higher DPP scores and model
performances. In addition, the optimization of ML algorithm’s hyperparameter and the
choice of systems based on AutoML or learning to rank can increase the performance
of the meta model.

Instead of training a meta model, a rule based approach could have been chosen to
display, for instance, the top 10 pipelines dependent on the ML algorithm. Since the
meta model shows promising results and learns over time when more use cases are
incorporated, a meta learning approach was deliberately chosen over a simpler rule
based approach. However, when the pooling is made dependent on the ML algorithm,
a rule based approach may lead to higher DPP scores.

Verification and validation

The results of the verification and validation show that Meta-DPP is capable of recom-
mending DPP pipelines for ML applications in production. Top performing pipelines
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from benchmarking, pipeline pool, and pipelines recommended by the meta model
generally outperform essential pipelines for both classification and regression on aver-
age across 324 production use cases. While for classification, the recommendations
of the meta model are distributed over several classes, the meta model for regression
(gradient boosting) recommends the DPP pipeline IDO0005 in 85 % of all cases. High
accuracy scores are achieved since the data sets are also imbalanced towards this
pipeline. The actual distribution of best performing pipelines show that one pipeline
outperforms the other pipelines in 50 % of all cases. Since the benchmarking only re-
veals the actual pipeline performances, the performance distribution could not have
known beforehand to ensure a balanced distribution of actually best performing pipe-
lines from the pool. When assuming that the data sets are representative production
use cases, future work may focus on the development of another pooling strategy to
determine different yet more heterogeneous pipelines. However, since the meta model
shows a high imbalance in the recommendation, the model and underlying meta data
set needs to be adjusted. Within the validation and occurrence of wrong predictions by
the meta model, it was observed that the probability of the meta model outputs de-
creases in recommending the pipeline ID 00005. This may be an indicator for the ne-
cessity of further data points since the meta model seems to identify a pattern when
being less certain in choosing the overrepresented class. Compared to classification,
the number of data points within training was only 442 compared to 1,260 classification
data sets. Since the meta data set for regression showed a slight imbalance, future
work may also concentrate on performing balancing through over or undersampling
prior to model training or introduce new data sets and ML algorithms for the further
development of Meta-DPP.

For classification, machine tool degradation derivatives lead to similar results, while for
regression, essential pipelines outperformed the meta model and pipeline pool for the
derivative both. Thus, the choice of production use cases is deemed appropriate. How-
ever, future work needs to focus on considering additional use cases also from other
ML applications (see Chapter 2.1)

Final remarks on the impact of DPP on ML model performances in production

The development and application of Meta-DPP on production use cases has revealed
and proven the high impact of DPP on ML model performances, which is shown by the
full bandwidth of performances regarding F1 scores [0,1] and NRMSE values [0,2)
through the benchmarking (Chapter 4.2.3). Further referring to the production domain,
versatile kinds of quality issues are present in raw tabular data making DPP especially
important and complex. The different DPP steps covered in this work have proven to
address the quality issues such as outliers, highly imbalanced data, or missing values
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(see Chapter 2.1 and 5.1). Meta-DPP contributes to the increase of data quality by
providing DPP pipelines that show error-resistant behavior yet being performant.
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7 Summary and Outlook

7.1 Summary

The era of Industry 4.0 opens up the possibility of optimizing production systems in a
data-driven way. To turn data into value, machine learning (ML) models are trained on
production data aiming at identifying patterns to optimize processes in the tension tri-
angle of time, quality and cost. A crucial prerequisite for achieving performant ML mod-
els is the availability of high quality data. Since raw data generated in production ex-
hibits very different kinds of quality issues, data preprocessing (DPP) is required to
increase the quality of the data. One of the key design decisions in any ML project is
the choice of suitable DPP methods. These methods can be chosen within the frame
of DPP steps, which are: data cleaning, transformation, reduction, as well as augmen-
tation and balancing. Due to the high number of possible DPP methods, data scientists
commonly select suitable DPP methods manually and via trial and error. The search
space further increases significantly when DPP methods are configured into DPP pipe-
lines. For these reasons, DPP nowadays accounts for approximately 80 % of the time
in ML projects.

To guide data scientists, decision support systems have been developed that assist in
the selection of suitable DPP pipelines. The existing approaches build on promising
technologies such as meta learning or automated machine learning (AutoML) but do
not cover production-specific requirements as well as methods from every DPP step.
Therefore, the main research question was derived: Can a decision support system be
developed that supports in recommending DPP pipelines for ML applications in pro-
duction?

To be able to answer the main research question, a meta learning-based decision sup-
port system, called Meta-DPP, was developed. Meta-DPP relies on three core compo-
nents: the meta target selector, meta features database, and meta model. The meta
target selector chooses between two preselected sets of overall well performing pipe-
lines, called pipeline pools, for both classification and regression tasks. This compo-
nent was developed in five steps. First, 1,872 production use cases were created
based on the combination of data sets and ML algorithms. Subsequently, DPP pipe-
lines were configured out of 21 preselected DPP methods. For every production use
case, DPP pipelines were benchmarked. The performance of DPP pipelines were de-
termined based on the performance of ML algorithms. To identify overall best perform-
ing pipelines, a scaled ranking was applied. For managing the number of pipelines the
meta model needs to classify, a pooling was performed that takes into account the high
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dependence between ML algorithm and DPP pipelines. Ultimately, the meta target se-
lector chooses between two pipeline pools of either regression or classification.

Afterwards, the meta features database was set up, which consists of data set-, ML
algorithm-, and DPP pipeline-related meta features. While data set-related features
such as statistical or information-theoretical meta features are calculated based on the
data set at hand, performances of ML algorithms and DPP pipelines were calculated
from the benchmarking and scaled ranking results. Finally, the meta model was devel-
oped by identifying suitable meta pipelines. The selected meta pipelines for the two
pipeline pools were trained on the meta data sets stemming from the 1,872 production
use cases. To eventually receive a recommendation, Meta-DPP was implemented. A
user interface enables the data scientist, production expert, or IT expert to input their
data set, learning task, ML algorithm and information about explainability. Given the
input, Meta-DPP provides a ranked recommendation of the DPP pipelines from the
pool. The probabilities further indicate how certain Meta-DPP is about the recommen-
dation.

Verifying and validating revealed the correct development and implementation of Meta-
DPP. The validation on 324 production use cases further prove that Meta-DPP outper-
form essential pipelines on average, which only realize essential DPP for the function-
ing of ML algorithms. As a conclusion, the main research question was positively an-
swered.

7.2 Outlook

The presented results offer the opportunity for future research that can be classified
into six aspects. The aspects are ordered by the expected time line starting with short
term and ending up to long term.

(1) Applying Meta-DPP on more production use cases & further applications

Meta-DPP was validated on 324 production use cases stemming from three applica-
tions: predictive maintenance, predictive process control, and process design. Given
the prerequisites of the availability of a supervised learning problem and tabular data
set, Meta-DPP can be applied to more production use cases in the field of these three
applications. In addition, Meta-DPP can be transferred to further production applica-
tions such as anomaly detection, or process management.

(2) Optimizing Meta-DPP considering core components & retraining concept
Three components build the core of Meta-DPP. Starting with the meta target selector,

future work may focus on considering hyperparameter tuning of DPP methods to in-
crease the overall benchmarking performance. The scaled ranking approach can be
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further optimized by bounding RMSE values to be less prone to outliers. In terms of
pooling, the hyperparameter of the number of pipelines, which belong to a pool, can
be adjusted in the future. New pooling approaches, which entirely focus on algorithm-
specific DPP pipelines can be followed. The meta features database can be extended
by introducing further results from the benchmarking or by extracting further meta fea-
tures from the data set. Since the meta model consists of a meta pipeline of an encoder
and a meta algorithm, the benchmarking could be used to identify best performing
meta pipelines. Besides the optimization of core components, the retraining concept
can be implemented.

(3) Extending the components of Meta-DPP

In the future, DPP methods can be added or substituted to increase the overall perfor-
mance. Meta-DPP could provide the possibility of incorporating methods of feature
engineering to depict domain specific knowledge. To increase the number of produc-
tion use cases and to enhance the performance of Meta-DPP, further ML algorithms
can be introduced in the future. Meta-DPP can also be extended by considering other
learning approaches, e. g., unsupervised learning with a clustering task, or new data
types like image data, video, or audio. The concept of Meta-DPP based on meta target
selector, meta features database and meta model can then be transferred to these
data types. Future work can also focus on the explainability of Meta-DPP and give
information on how Meta-DPP comes to a specific recommendation.

(4) Transferring the concept of Meta-DPP to other steps of the ML pipeline

Since Meta-DPP builds on meta learning, the concept can be transferred to other de-
sign decisions being made within the ML pipeline, namely the choice of data integration
techniques, the selection of ML algorithms as well as hyperparameter optimization
methods, and the choice of the deployment strategy. In addition, as the concept of
meta learning is widely applicable, Meta-DPP can support in the selection of uncer-
tainty quantification or explainable Al methods.

(5) Combining Meta-DPP with other developments along the ML pipeline

Besides the transfer of Meta-DPP to other design decisions, Meta-DPP can be com-
bined with other developments within the ML pipeline. For instance, a belief rule based
expert system (BRBES) was developed for recommending hyperparameter optimiza-
tion techniques in production [KRAU22]. While Meta-DPP provides a DPP pipeline, the
BRBES recommends a hyperparameter optimization technique for a given ML algo-
rithm. Future work can focus on combining these two approaches to recommend DPP
pipelines and hyperparameter optimization techniques based on an ML algorithm to
optimize the ML pipeline more comprehensively.
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(6) Applying components of Meta-DPP for an early identification of the poten-
tial of an ML use case

The benchmarking as one component of Meta-DPP can be used to identify the poten-
tial of an ML use case. Once data is available from an application, the benchmarking
routine can be started. The achieved F1 scores and RMSE values then indicate the
general performance and can give a decision basis for choosing suitable ML use cases
in production. Future work could focus on quantifying, under which circumstances the
benchmarking provides a profound decision basis to identify the potential of ML use
cases.
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A.1 Categories and Methods of Data Cleaning

In the following, the different DPP categories of data cleaning including its methods
are described and listed. First, DPP methods of missing value handling are presented
and described. Subsequently, outlier handling and noisy data handling methods are
discussed.

I.  Missing value handling

The long list of 31 DPP methods for missing value handling can be found in Figure A-1.
In the following, the missing value handling methods are described following the clas-
sification of ignoring, deleting and imputing missing values. Methods, whose origin was
found in literature are also referenced with the primary source.

Ignore
- Do not impute / delete

Deletion
- Rows (listwise) deletion

- Columns deletion
- Pairwise deletion

- Missing value ratio

Imputation - Univariate
- Constant imputer

- Median imputer
- Mean imputer
- Mode imputer

- Most frequent

- Zero imputer

- Hot deck [ONO69]
- Cold deck

- Next observation

- Linear interpolation

Imputation - Multivariate

- Linear regression

- Stochastic regression

- Multiple imputation by chained equations (MICE)
[BUUR11]

- Single center imputation from multiple chained equations
(SICE) [KHAN20]

- K-nearest neighbor (K-NN) [FIX51]

- Weighted imputation with k-nearest neighbour [HECHO04]

- K-means clustering [MACQ67]

- Fuzzy c-means clustering [BEZD81]

- Support vector machines (SVM) [CORT95]

- Event covering [WONG87b]

- Singular value decomposition imputation (SVD)
[WANGO07a]

- Local least squares imputation [KIM05]

- Expectation-maximization [DEMP77]

- Bayesian principal component analysis [BISH98]

Figure A-1: DPP methods for the DPP category “missing value handling”
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Ignore & deletion

A first approach of MV handling is ignoring, which leads to an unbiased modelling.
Ignoring can be applied for all types of missing data. [GARC15, p. 63]. For MCAR data,
instances and columns can be deleted without influencing subsequent modelling
[GARC15, p. 63]. Removing rows is also called listwise deletion. Besides rows, col-
umns can also be deleted. In pairwise deletion, only those columns are taken into ac-
count that contain data in all input attributes given the respective target variable. A
fourth technique represents the missing value ratio. If a certain proportion of missing
values exceeds a previously defined threshold, columns or rows are removed. For in-
stance, if 3,000 of 5,000 instances are missing values and a threshold lies at 50 %,
then the feature spindle speed is removed from the data set. In conclusion, discarding
data points with missing values can have a negative effect in ML applications through
losing relevant information [GARC15, p. 63], [SWAL18].

Univariate imputation

Univariate imputation approaches represent fast methods that work well on smaller
data sets [GARC15, p. 64]. Missing values are replaced by statistical location param-
eters of the corresponding feature or manually defined parameters. Examples are
mean, median, mode, constant, zero, hot deck, cold deck or MostFrequentimputer.
[GARC15, p. 64], [SWAL18], [ONO69] These approaches do not consider relations
between different features being inappropriate for addressing MNAR problems. The
application of statistical location parameters is suitable for continuous data. Both nu-
merical and categorical data can be imputed by the last observation and next obser-
vation [SWAL18]. For purely categorical features, the MostFrequentimputer value can
be used [BADR19]. If time series data is available, missing values can be interpolated
linearly or cubically, for instance. [FANC21, pp. 2-4]

Multivariate Imputation

Multivariate imputation approaches cover more than one attribute for replacing missing
values. Based on a set of inputs, the missing value is predicted. Since it takes more
than one variable into account, these approaches address MAR values, however, re-
quire more computations compared to ignoring, deletion and univariate techngiues.
The linear or stochastic regression are prominent examples. Given the features spindle
speed, temperatures and sound pressure level, a missing value of an instance can be
determined. K-nearest neighbors (K-NN) represent an ML-based approach that predict
MVs for a new instance by taking into account the whole data set [FIX51]. Therefore,
K-NN addresses both types of MAR and MCAR. New instances are calculated based
on k most similar instances, i. e., neighbors, through distance metrics. K-NN are espe-
cially applicable for small data sets, however, in the presence of high dimensional data,
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a performance decrease is to be expected [HAN12, p. 578]. In addition, data needs to
be scaled prior to the execution of K-NN, while model’'s outcome is not interpretable.
Another ML based example is represented by K-means clustering [MACQ67].

Multiple imputation as another more sophisticated approach for handling missing value
was proposed by RuUBIN [RUBI87]. A realization of multiple imputation is represented
by multiple imputation based on chained equations (MICE). [BUUR11] A further devel-
oped variant is single center imputation from multiple chained equations (SICE)
[KHAN20]. Further examples for multivariate imputation are weighted K-NN [HECHO04],
fuzzy k means clustering [BEZD81], SVM [CORT95], event covering [WONG87b], sin-
gular value decomposition [BRANOZ2], local least squares [KIMO05], expectation maxi-
mization [DEMP77], Bayesian PCA [BISH98].

Il.  Outlier handling

Figure A-2 shows a long list of 17 DPP methods for outlier detection. For methods
whose origin was found in the literature, reference is provided to the primary source.

Univariate
- Box plot [TUKE77]

- Z-score

- Grubb’s test [GRUB50]

Multivariate - Basis
- Scatter plot

- Chi squared test [PEARO0Q]

Multivariate - ML-based
K-nearest neighbor

- Distance based

- Distance K-NN

- Mean distance K-NN
- Density based

- Global density

- Local outlier factor [BREUOOQ]
- Angle based [KRIE08]

Multivariate - ML-based
Further ML algorithms

- Ordinary least squares regression

- One class support vector machines (SVM)
[CORT95]

- DBSCAN [ESTE96]

- HDBSCAN [CAMP13]

- Autoencoders [RUMES86]

- Feature bagging [LAZA05]

- Large-scale unsupervised heterogeneous
outlier detection [ZHAO21]

- Extreme gradient boosting outlier detection
[ZAHO18]

- Locally selective combination in parallel
outlier ensembles [ZAHO19]

- Isolation forest [LIU08]

Figure A-2: DPP methods for the DPP category “outlier handling”
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Univariate

Univariate methods can detect global outliers. Common techniques are box plots,
z score, and Grubb’s test [HAN12, pp. 554-555], [GRUB50]. Box plots show the data
through a box revealing the interquartile range (IQR). Whiskers show the 1.5 times
distance of the IQR. All data points that lie outside these whiskers are outliers.
[TUKE77] The results of the box plots need to be analyzed relatively, since a change
in the data distribution also changes the thresholds for outliers. Another outlier detec-
tion technique is represented by z score, which is equal to a StandardScaler in terms
of functionality. Given a certain threshold value, outliers are detected if the data point
exceeds this value. A typical threshold value is three that needs to be set manually.
[FROS19]

Multivariate (basis)

Methods for identifying global outliers in a multidimensional space are scatter plots or
chi squared tests. Scatter plots are capable of visualizing two-dimensional data. Since
outliers are identified by humans, this approach is error-prone due to human subjec-
tivity [WITTO5, p. 313]. Another multivariate example are Chi-squared tests [PEARO0O].

Multivariate (K-NN / ML based)

When identifying contextual outliers, distance- or density-wise K-NNs are used by ap-
plying different distance measures. If distances in the proximity of k-1 neighbors are
within a given threshold value and neighbor k reveals a higher distance in comparison
with its k-1 neighbors, the data point represents an outlier. Besides the distance-based
K-NN, the density-based local outlier factor assigns outlier scores to every instance.
Given another density, i. e., distance score, the data point is seen as outlier [HAN12,
p. 566], [BREUOO]. Local outlier factor performs well for data sets exhibiting versatile
areas of different density, however, it requires high computational power and shows
non-transparency in high dimensions [BREUOO, p. 11]. Another example for K-NN out-
lier detection approaches is the angle based technique being especially applied in high
dimensional data [KRIE08].

By means of ML, outliers can be identified. Examples are linear regression, SVMs
[CORT95], DBSCAN [ESTE96], HDBSCAN [CAMP13] or autoencoders [RUMES86].
Linear regression, which is based on ordinary least squares, are prone to outliers thus
being suitable for its detection [GARC15, p. 3]. Further examples range from feature
bagging [LAZAOQ5], large-scale unsupervised heterogeneous outlier detection
[ZHAO21], extreme gradient boosting outlier detection [ZHAO18], locally selective
combination in parallel outlier ensembles [ZHAO19] or isolation forest [LIUO8a].
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In practice, global outliers can be identified through simple methods that are commonly
used. Hereto, univariate, or multivariate methods can be used. Detecting contextual
outliers require more complex methods, resulting in methods that stem from ML. As
mentioned, collective outliers are very hard to identify in practice. The treatment of
outliers can comprise ignoring, deleting, and imputing. Analogous to missing values,
removing data points result in an information deprivation, while imputing retains the
data set’s shape. [GARC15, pp. 63-65], [SWAL18] In general, every deletion and im-
putation method presented above is applicable to outliers. ABDALLAH ET AL. describe
outliers as their own category equal to the treatment of missing values [ABDA17]. An-
other way of outlier handling is smoothing outliers through the application of the Min-
kowski error. The Minkowski error is a loss index being insensitive to outliers, which
reduces the impact of outliers on the model. By calculating mean squared error to every
error instance, the Minkowski parameter reduces the contribution of outliers to the total
error through reducing the exponent values from 2.0 to 1.5 or similar. [HANS87]

lll. Noisy data handling

In Figure A-3, a long list of 16 DPP methods for noisy data handling is provided. Outlier
detection methods are described following the classification of instance, attribute, and
class noise. For further reading, the author refers to [GARC15, pp. 107-146]

Instance Noise Class Noise
- Drop duplicates - Partitioning filter [ZHUO03]
- Drop erroneous values - Class noise cleaner with noise scoring
- Instance noise ensemble filter [KHOS06] [LUEN18]
- PRISM [SMIT11] - Iterative-partitioning filter [REBO04]

- - Multiple-partitioning filter [ZHU03]

- Cost-guided iterative classification filter
[ZHU06]

- Local support vector machines (SVM)
[SEGA10]

- Adaptive boosting (AdaBoost) [FREU97]

Attribute Noise

- Remove zero columns

- Remove constant values

- Drop duplicates

- Drop erroneous values

- Pairwise attribute noise detection algorithm - Neighborhood graphs [MUHL04]
[HULSO07]

- Attribute noise corrector based on error scores
[SAEZ22]

Figure A-3: DPP methods for the DPP category “noisy data handling”
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For methods, whose origin was found in literature, reference is made to the primary
source. On a broader view, noise is everything but the true signal. Therefore, outliers
and MVs can also be assigned to noise [SANT17]. Further forms of noise are dupli-
cates, inconsistent values, unimportant or highly correlated features as well as very
volatile data [BROW20b].

Instance noise

Instance noise is addressed through dropping duplicates and erroneous values. Fur-
thermore, instance noise ensemble filter [KHOS06] and PRISM, i. e., preprocessing
instances that should be misclassified [SMIT11], represent examples for handling in-
stance noise.

Attribute noise

The presence of duplicates may result in a deterioration in ML model performance in
real word in case duplicates are existing in both training and test data sets [BROW20Db].
Data deduplication aims at removing repetitive and redundant information, which
serves as data reduction approach, while requiring lower computing time during anal-
ysis. Removing constant features enhance analysis’ efficiency. [WITT05, p. 397] In
addition, pairwise attribute noise detection algorithm [HULSO07] and attribute noise cor-
rector based on error scores [SAEZ22] are two additional examples of DPP methods
for attribute noise handling.

Class noise

Multiple noise filters have been introduced to address class noise. According to Figure
A-3, examples range from partitioning filter [ZHUO3] over the iterative-partitioning filter
[REBOO04] or the class noise cleaner with noise scoring [LUEN18] to multiple-partition-
ing filter [ZHUO3], and cost-guided iterative classification filter [ZHUOG]. Besides these
examples, the local SVM [SEGA10] is used as well as adaptive boosting [FREU97]
and neighborhood graphs [MUHLO04].
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A.2 Categories and Methods of Data Transformation

Data transformation contains data encoding, feature scaling, handling skewness as
well as discretization. Corresponding DPP methods are discussed according to the
DPP categories in the following.

I. Data encoding

Data encoding converts categorical into numerical features that can be classified into
classic, Bayesian and contrast encoders, which can be taken Figure A-4. Common

techniques applicable in production are described in the following.

Classic Encoders
- Ordinal

- Label

- OneHot

- Hashing [WEIN09]
- Binary

Bayesian Encoders
- Target

- Leave one out

- Weight of evidence

- James-Stein [JAMEG61]
- M-estimator [HUBE64]

Contrast Encoders
- Sum

- Helmert

- Reverse helmert
- Backward difference

- Polyminal

- BaseN
- Entity embedding

- Categorical boosting T
[PROK18]

- Generalized linear mixed
model [GELMO06]

- Count

Figure A-4: DPP methods for the DPP category “data encoding”

Classic encoders

OneHotEncoders are also called DummyEncoders that encode categorical features
based on the cardinality of the feature. While OneHotEncoder are applied in case of
nominal data, the OrdinalEncoder is used if an order of the categories is present. Fig-
ure A-5 shows an example, where the categorical feature 'tool wear' containing the
states 'low', 'medium' and 'severe' is transformed and encoded into three new fea-
tures [BROW19a]. OneHotEncoding may result in a very high dimensionality and
sparse data set depending on the feature’s cardinality [SVID20]. Therefore, encoders
like hashing [WEINOQ9, p. 1], binary and BaseN and entity embedding encoders have
been developed.
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Initial Data Label

Set Encoded One Hot Encoded

Tool wear Tool wear Tool wear
Tool wear Tool wear . .
_ low _ medium _ high

0 low 0 1 0 1 0 0
1 medium 1 2 1 0 1 0
2 high 2 3 2 0 0 1

Figure A-5: Label and one hot encoding (adapted from [BROW19a])

Bayesian encoders

Bayesian encoders consider the target variable when encoding categorical columns
[MICCO1, p. 28]. Equation (A-1) shows the calculation for the encoded variable. Given
x; as categorical variable, then the encoded numeric value, also probability, for the
categorical variable prg, results from the quotient of the number of matching assign-
ments of the attribute in the target total true(x;) to the total number of occurring entries
of the categorical variable in the target total(x;).

total true(x;)

total(x;) (A1)

PrE; =
Figure A-6 provides an example for target encoding. The categorical variable tool wear
comprises medium three times. However, only two out of three entries are actually
assigned as medium tool wear, which is represented through the quality. For this rea-
son, the encoded tool wear receives a probability of prg, ... ~=0.67 for these in-
stances. [BUIH20], [SVID20]

) Wear _
Tool Wear || Quality e Target
——
0 High 0 050 Trend || 0 || 1 || Probability
1 Medium 1 0.67
Low 0 1 1.00
2 Medium 1 0.67
Medium 1 2 0.67
3 High 1 0.50
High 1 1 0.50
4 Medium 0 0.67
5 Low 1 1.00

Figure A-6: Target encoding (adapted from [SVID20])

TargetEncoders perform for attributes with high cardinality [HALE18], while the fact
that taking the target variable into calculation of probabilities may result in overfitting
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[LARI20]. The effect of overfitting can be reduced by regularization, introduction of ran-
dom noise or double validation [GHOJ19]. Leave one out encoder represent another
type of Bayesian encoder closely related to the TargetEncoder [WIJA21]. Further
Bayesian encoders are weight of evidence, James-Stein [JAMEG61], M-estimator
[HUBEG4], categorical boosting encoder [PROK18], and generalized linear mixed
model [GELMOG].

Contrast encoders

Contrast encoders apply contrasts for encoding. A contrast is a linear combination of
attributes whose coefficients or weights add up to zero [CAREOQ3, pp. 10-11]. Contrasts
compare interrelated categories, e. g., relationships between medium and high tool
wear. The number of new dimensions is equal to the amount of categories-1. Examples
range from sum encoders, over Helmert, to backward difference. A further example
can be seen in polynomial encoders. Contrast encoders are new methods, not well
known or popular and, thus, also not applied in production context. [BUIH20],
[UCLA21]

Il. Feature scaling

The StandardScaler scales the data according to Equation (A-2) [BHAN20] that cen-
ters the data with respect to the mean. The scaled value X,,,,, is the subtraction of the
unscaled value X and the mean value p of the attribute divided by the standard devia-
tion of the attribute o. [GERO18, pp. 66-67]
X-p
Xnew = o (A-2)

In normalization, values of each feature are transformed into values between 0 and 1.
The MinMaxScaler scales features according to Equation (A-3). [BHAN20] The scaled

value X,,.,, results from the subtraction of the unscaled value X and the minimum of
the column X,,,;,divided by the subtraction of the maximum X, ., and minimum value

of the column X,

X'Xmin

—_— A-3
X max ~ Xmin ( )

Xnew =
One drawback of the MinMaxScaler is its sensitivity to outliers. When scaling of data
points including outliers is conducted with the MinMaxScaler, all other values except
the outlier will be found in a very small range. Given 1,000 data points that are scaled
from which 999 of the points exhibit values in the range of 10 and 100 and only one
outlier consists a value of 1,000, using Equation (A-3) leads to the situation that
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all 999 data points will be scaled to a small range between 0.00 and 0.09. Only the
outlier will be scaled to the value of 1. [CODE21] To address this issue, the Robust-
Scaler takes into account both the median and IQR of the distribution. The Robust-
Scaler is not bounded. Lastly, the MaximumAbsoluteScaler transforms data by scaling
to the maximum absolute value. These four different feature scaling techniques can be
found in Figure A-7.

Standardization ——— Normalization —— Robust Scaler — ¢ Max. Abs. Scaler 1

11 14 17 20 23 26 29 700 . 1450 ||-18
Temperature on the Splndle Speed [rpm] Spindle Speed [rpm]

_]]

Frequency [

CNC Machine Axe

— shop floor [°C] Q1Q2Q3 Acceleration [m/s?]

B

= Ll [

3

g alllilli,... ..|||||.. - i,
- -3-2-10123 0 1 75 ||-18/20 = -0.9 20/20 =1

Transformed Temperature|| Transformed Speed [-] Transformed Speed [ ] Transformed Acceleration
[] Q102Q3 [l

Figure A-7: lllustration of four different feature scaling techniques

ll.  Handling skewness

Skewness is the measure of asymmetry of a probability distribution. Skewed data can
exhibit any common distribution shape. Since ML algorithms prefer data in normal dis-
tribution, so called power transformers are used to remove skewness [GARC15, p. 54].
In case data is skewed, applicable power transformers are square root, cube root and
log transform [HAN12, p. 106]. In order to transform skewed data independently from
the type of skewness, power transformers Box-Cox [BOX64] and Yeo-Johnson
[YEOOQO] have been developed. Figure A-8 shows the different power transformers that
can be implemented given the type of skewness. In case of Box-Cox, values are raised
to the power of the hyperparameter A.

— Right-skewed data —) —— Left-skewed data —  Left- and right-skewed data -

>

o

=

[}

3

g

= 0 Sound Amplitude [dB] 130
E — Square Root
S — Cube Root
S —Log

o

o

w

0 Transformed Sound 11.4

Amplitude [-]

0 Sound Amplitude [dB] 130

— Square
— Cube Root
—Log

0 Transformed Sound 1302
Amplitude [-]

0 Sound Amplitude [dB] 130

—Box-Cox
-Yeo-
Johnson

-1 Transformed 1

Sound Amplitude [-]

Figure A-8: Power transformers dependent on data skewness at hand
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Based on 4, a normal distribution can be achieved. For Box-Cox transformations, typ-
ical values are between 1 =-2 and A = 2. The downside of Box-Cox is the limited ap-
plicability to positive data, which is overcome by Yeo-Johnson. Yeo-Johnson repre-
sents an extension of Box-Cox, since it is equal to Box-Cox for positive values. The
Yeo-Johnson transformation applies the parameter to provide a distribution which is
closest to a normal distribution [BROW20e]. The power parameter is set in the range
from A =-1to 1 =1[KUHN18, p. 32].

IV. Data discretization

The long list of 17 DPP methods for data discretization can be found in Figure A-9.
Data discretization can be classified into binning, statistical and information methods.
For methods, whose origin was found in literature is also referenced with the primary
source. For further reading, the author refers to [GARC15, pp. 245-284].

Binning Statistical Information
- Equal width [WONG87a] - ChiMerge [KERB92] - Minimum description
- Equal frequency - Chi2 [LIU95] length principle
[WONG87a] - Extended Chi2 [SU05] [RISST78], [FAYYS3]
- Binarization - Class-driven statistical - Fusinter [ZIGH98]
- One-rule [HOLT93] [RICH95] - Distance-based [CERQ97]
- Proportional k-interval - Bayesian [WU96] - Multivariate discretization

discretization [YANGO00] _ Class-attribute [CHAOO05]
- Fixed frequency interdependency - Iterative dichotomizer 3
discretization [YANGO3] maximization [CHIN95] (dynamic) [QUIN86G]

Figure A-9: DPP methods for the DPP category “data discretization” in simplified form
from [GARC15, pp. 254-258]

Regarding binning, equal width and equal frequency are commonly applied
[WONGS87a]. Further examples are one-rule [HOLT93], proportional k-interval discreti-
zation [YANGO1], and fixed frequency discretization [YANGO3]. For statistical-based
discretization, ChiMerge [KERB92], Chi2 [LIU95], extended Chi2 [SU05], class-driven
statistical [RICH95], Bayesian [WU96] or class-attribute interdependency maximization
[CHIN95] are used. In case of information-based data discretization, the methods min-
imum description length principle [RISS78], [FAYY93], Fusinter [ZIGH98], distance-
based [CERQ97], multivariate [CHAOOQ5], or iterative dichotomizer 3 (dynamic)
[QUINS8E] are used.
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A.3 Categories and Methods of Data Reduction

Data reduction consists of the categories of dimensionality reduction, feature selection,
and instance selection. A list of DPP methods according to the DPP categories are
classified and described in the following subsections.

I. Dimensionality reduction

In case of dimensionality reduction, entirely new attributes are generated based on
existing ones. The idea is to reduce the dimensional space when creating new fea-
tures. 19 DPP methods for dimensionality reduction are presented, which can be clas-
sified into components-, projections-, and ML-based (see Figure A-10).

Based on Components Based on Projections
- Principal component analysis [PEARO01] - Locally linear embedding [ROWEOQQ]
- Independent component analysis [JUTT91] - Multidimensional scaling [KRUS64]
- Fast independent component analysis - t-distributed stochastic neighbor embedding
[HYVAQO] [GEOF02]
- Linear discriminant analysis [FUKU90] - Isometric feature mapping [TENEOQO]
- Factor analysis [BISHO6] - Uniform manifold approximation and
- Generalized discriminant analysis [BAUDOO] Projection [MCIN18]
- Quadratic discriminant analysis - Self organizing map [KOHO82]

- - Non-matrix factorization [PAAT94]

- Gaussian random projection

ML-Based - Sparse random projection [ACHL01]
- Autoencoders [RUMES86] - Truncated singular value decomposition
- K-means clustering [MACQ87] [HALKO9]

Figure A-10: DPP methods for the DPP category “dimensionality reduction”
Components-based

Principal component analysis (PCA) represents a popular technique for dimensionality
reduction [PEARO1]. Principal components (PC) that represent new features in the
lower dimensional space, aim at describing the most possible variance in the data set.
In the first step, the data needs to be centered through scaling, which is achieved
through standardization. The scaling considers that features that have different ranges
may contribute equally to the performance of the ML model. [PULA20], [PATI20] After-
wards, a line is fitted, which maximizes the sum of the squared distances from pro-
jected points to the origin (PC1). The second PC is perpendicular to PC1 that also
maximizes the sum of squared distances from projected points to the origin, thus, being
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uncorrelated to PC1. In conclusion, the number of PCs corresponds the number of
dimensions. The first principal components contain most variance of the initial data set,
while the last PCs exhibit smaller variances. [JOLL02, pp.1-5] To reduce the dimen-
sionality of the data set, a hyperparameter is applied that explains how much variance
should be retained in the data set. Those PCs with high variance are taken until a
variance threshold, i. e., the hyperparameter, is reached. Usual numbers are 95 %.
[GARC15, pp. 149-151]. For visualization purposes, scree plots are used. Since new
attributes are built, PCs are non-interpretable, i. e., the headers of the attributes disap-
pear when applying PCA. [JOLL02, p. 269], [JOLL16, p. 11]. The whole concept of
PCA is shown in Figure A-11.
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Figure A-11: Concept of principal component analysis (PCA)

Besides PCA, linear discriminant analysis (LDA) [FUKU90] concentrates on maximiz-
ing the separability across labelled categories [KAPR20]. As a first step, the separabil-
ity between different classes is calculated by maximizing distances between means of
classes, called “between-class variance”. Then, the distance between mean and sam-
ple of each class is computed though minimizing variation within each category, called
“within-class variance”. The number of features is number of classes -1, while it is as-
sumed that data is Gaussian distributed that requires the application of a power trans-
former beforehand. LDA is highly sensitive to imbalanced data because of concentrat-
ing on labelled categories. [KATA20]

While PCA focuses on variances, each individual new feature is mutually statistical
independent, when independent component analysis is applied. [JUTT91]. A further
development represents fast independent component analysis [HYVAO0]. Factor anal-
ysis comprises the distinction of many variables into groups through extracting maxi-
mum common variance from all variables and putting them into common scores. Vari-
ables in one group of high correlations with each other [BISHO6]. A further example
based on components is generalized discriminant analysis [BAUDOO].
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Projections-based

A popular technique for projection-based dimensionality reduction represents t-distrib-
uted stochastic neighbor embedding (t-SNE) [HINT02]. Starting with an original data
set, the first step is to compute pairwise similarity for all data points to have a matrix of
similarity scores in high dimension [MAATO08], [HINTO02]. For that, distances between
data points are measured, a normal curve is plotted, which is centered on the point of
interest. By using the t-distribution, the similarity of data points can be calculated. The
t-distribution is used because the clusters would all clump up in the middle. For all
points, similarity scores are calculated ending up in the similarity score matrix. Subse-
quently, data is randomly projected onto a lower dimension in the second step. In the
third step, the previous similarity is calculated in a lower dimensional space. [MAATO08]
The steps can be comprehended based on Figure A-12. While t-SNE retains both local
and global structure, it is computationally very expensive [KAPR20].

3. 4.

2.
Similarity score

-

t-distribution

Figure A-12: Concept of t-SNE

Besides t-SNE, the following techniques are used for dimensionality reduction: locally
linear embedding (LLE) [ROWEOQO], multidimensional scaling [KRUS64], also known
as principal coordinates analysis, sparse random projection [ACHLO1], truncated sin-
gular value decomposition [HALK11], ISOMAP [TENE0O] and UMAP [MCIN18] over
self-organizing maps (SOM) [KOHO82] to non-matrix factorization [PAAT94].
[GERO18, pp. 223-224]

ML-based

ML based methods for reducing dimensionality are autoencoders [RUMES86] and
k means clustering [MACQG67]. Autoencoders reconstruct their inputs to outputs and
are composed of two parts. The first part consists of an encoder, which narrows down
the input into a latent-space representation. Secondly, the decoder again reconstructs
the input. After encoding and before decoding exists a bottleneck, which is a represen-
tation of the input data set onto a low dimensional space. [GERO18, pp. 411-413]
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Il. Feature selection

Feature selection comprises the choice of features based on filter, or wrapper meth-
ods, or alternatively by embedded properties of ML algorithms. When applying filter
methods, attributes are removed from the data set based on a certain threshold value.
Wrapper techniques than consider not only the data set, but a baseline ML algorithm.
Based on how the features influence the performance of the ML model, features are
kept or disregarded. Embedded feature selection can be achieved through regulariza-
tion techniques. Figure A-13 lists 26 different DPP methods.

Filter
- Missing value ratio

- Low variance filter

- High correlation filter

- Chi-squared test [LIU95]

- Fisher score [FISH22]

- SelectKBest

- Analysis of variance

- Las Vegas filter fs
[LIU96Ga]

Wrapper
- Forward feature selection

- Backward feature elimination

- Recursive feature
Elimination [GUYO02]

- Sequential feature
elimination

- Univariate feature elimination
[GOSW17]

- Simulated annealing

- Genetic algorithms

Embedded

- Decision tree [BREI86]

- Least absolute shrinkage
and selection operator
[TIBS96]

- Random forest [HO95]

- Ridge Regression
[HOER70]

- Logistic regression

- Extra tree [GEURO6]

- Support vector machines

[CORT95]
- Elastic net [ZOUO05]

[GOSW17]
- Las Vegas wrapper fs
[LIU96b] T
- Boruta [KURS10]

Figure A-13: DPP methods for the DPP category “feature selection”
Filter

Exemplary techniques are missing value ratio, low variance filter (Variance Threshold)
or high correlation filter (RemoveCorrelated) [FANC21, pp. 5-6]. Missing value ratio
was already introduced during missing value handling. If the proportion of missing val-
ues exceeds a predefined threshold value, columns are removed. Variance Threshold
disregard attributes that exhibit only little variance, i. e., which contain data with many
constant values and low cardinality. [WIDM15] As all filters, a threshold needs to be
set based on which a column is disregarded. The higher the threshold value, the more
aggressive is the reduction. WIDMANN ET AL. suggest a threshold of 0.03. WU ET AL.
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apply a value of 0.8 [WIDM15], [WUWE19, p. 4]. For successful and meaningful appli-
cation, the Variance Threshold is to be used on previously scaled data [WIDM15]. Both
high correlation and low variance filter only work with numerical features [BROW19c].

Features with similar values carry similar information. A measure for identifying simi-
larity in the data is correlation. Columns with high correlations do not have a high im-
pact on ML models’ performance. [WIDM15] The high correlation filter removes highly
correlated features based on a threshold value using the correlation coefficient. The
coefficient lies between 0 and 1, while 1 indicates a very strong correlation. LIU ET AL.
and CHAN suggest to disregard columns in case a correlation coefficient is equal or
higher than 0.8 [LIUY20, p. 1775], [CHANO3, p. 614]. Further examples of filters are
chi-squared test [LIU95], Fisher score [FISH22], or Las Vegas filter [LIU96a].

Wrapper

While filter approaches solely concentrate on the data set, wrapper methods include
baseline ML algorithms to determine feature’s impact on ML model performance. Fea-
tures that contribute least to ML models’ predictions are eliminated. [GARC15, pp. 174-
175] Forward feature selection (FFS), backward feature elimination (BFE) and recur-
sive feature elimination (RFE) represent prominent examples [FANC21, pp. 5-6],
[GUYOO03]. BFE follows the concept of removing those features, which contribute least
to the performance of ML models [GARC15, p. 165], [GUYOO03, p. 1167]. First, a model
is trained using all features in the data set. Then, one feature is removed at a time and
the ML model trained on all remaining features. [FERR94, p. 405] ML models that are
usually applied are k-nearest neighbor and random forest algorithms. The extent of
reduction by BFE is commonly set to 50 % representing the key hyperparameter of
BFE [PEDR21a]. In contrast to BFE, FFS starts with an empty data set and iteratively
adds features that result in highest ML model performance increase [GARC15, p. 165].

Within the application of RFE, ML models are recursively generated by taking into ac-
count continuously decreasing sets of attributes. First, the ML model is trained on an
entire set of features and the importance of each feature is obtained. Then, least im-
portant features are removed from current set of features. That procedure is recursively
repeated on the pruned set until the desired number of features is reached. [GUYOO02,
p. 394]. In contrast to BFE and FFE, RFE is computationally less expensive, since it is
using sub sets of features, however, it requires ML algorithms that provide the feature
importance function [PEDR21f]. Further examples of wrapper methods are sequential,
univariate feature elimination [GOSW17], simulated annealing, genetic algorithms
[GOSW17], Las Vegas wrapper [LIU96b] and Boruta [KURS10].
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Embedded

Besides filter and wrapper methods, feature selection can be embedded in the ML
algorithm. Decision trees apply pruning to reduce the size [BREI84]. One or more splits
are removed if the sections do not contribute to the model performance. Besides
LASSO [TIBS96], ridge regression also uses regularization by introducing penalty
terms [HOER?7O0]. Similarly, elastic net introduces a regularization term and performs
feature selection by applying the term [ZOUO5]. Moreover, feature importance of every
tree-based ML algorithm can lead to manually selecting features. The higher the score,
the more the feature contributes to the ML model’s output. Feature importance is rela-
tive, so if one feature is removed from the data set, the feature importance changes
again. For both approaches, dimensionality reduction and feature selection, the asso-
ciated loss of variance has to be taken into account. [GERO18, pp. 190-191, 205-223]
Further examples are random forest [BREIO1] or extra trees [GEURO6]. In general,
SVMs [CORT95] are further applied to perform embedded feature selection.

Ill. Instance selection

Figure A-14 shows a selection of 16 DPP methods for instance selection (filter and
wrapper methods) including primary sources, whose could be found. For further read-
ing, the author refers to [GARC15, pp. 195-244].

Filter Wrapper
- Manual sampling - Condensed nearest neighbor [HART68]
- Nearest sub-class classifier VEENO05] - Edited nearest neighbor [WILS72]
- Pattern by ordered projections - Selective nearest neighbor [SENG21]
[RIQUO3] - Generalized condensed nearest neighbor [CHOU06]
- Pair-opposite-class-nearest neighbor - All-k-nearest neighbor
[RAICO5] - Fast condensed nearest neighbor family [ANGI07]
- Generalized-modified Chang - Prototype selection based on clustering [OLVE10]
algorithm [MOLLOZ2] - Reduced nearest neighbor [GATE72]
- - Shrink [KIBL87]
- Minimal consistent set [DASA94]
- Modified selective algorithm [BARAO1]

Figure A-14: DPP methods for the DPP category “instance selection” according to
[GARC15, pp. 201-206]

Besides manual sampling, nearest sub-class classifier VEENOS5], patterns by ordered
projections [RIQUO3], pair-opposite-class-nearest neighbor [RAIC05] and generalized-
modified chang algorithm [MOLLO02] are examples of filter approaches for numerosity
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reduction. In addition to filter, wrapper approaches can be used for selecting instances.
Examples are condensed nearest neighbor [HILB67], edited nearest neighbor
[WILS72], selective nearest neighbor [RITT75], generalized condensed nearest neigh-
bor [CHOUOG], all-k-nearest neighbor, fast condensed nearest neighbor family
[ANGIO7], prototype selection based on clustering [OLVE10], reduced nearest neigh-
bor [GATET72], shrink [KIBL87], minimal consistent set [DASA94] and modified selec-
tive algorithm [BARAO1].
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A.4 Categories and Methods of Data Augmentation and Balancing

By augmenting data, the amount of instances is increased. Balancing data additionally
manages the balance between classes. A list of DPP methods is provided for augmen-
tation and balancing in the following.

I. Data augmentation

Data can be augmented for numerical data by applying either random noise or auto-
encoders [BISHO6, p. 347]. The noise is generated by adding predefined mean and
standard deviation values to the original data set. The NumPYy library sets the default
value of mean to 0 and deviation to 0.1 [NUMP21]. The extent of how much noise
should be additionally added to the original data set comprises another hyperparame-
ter. Common values are 20 % meaning that the data set is augmented by up to 20 %
[DIETOO, p. 10]. Whereas too little noise has nearly no effect on the performance of
ML models, too much noise makes it hard to learn the underlying function, thus leading
to overfitting [GARC15, p. 22].

Autoencoders cannot only be applied for feature selection, but also for data augmen-
tation. Based on the learning principle of autoencoders, inputs are reconstructed. The
output of the decoder aims at showing the input as precise as possible, however, will
be different to some extent. [GERO18, p. 411] These outputs can be added to the
original data set. The impact on the ML model performance is dependent on the per-
formance of the autoencoder. Well performing autoencoders reconstruct their inputs
very good, leading to less noise being introduced in the data set.

Il. Data balancing

Balancing data is distinguished into over-, under-, as well as hybrid sampling. In Figure
A-15, 23 DPP methods are assigned to corresponding sampling section.
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Oversampling
- Synthetic minority over-sampling (SMOTE)

[CHAWO02]

- Adaptive synthetic sampling (ADASYN)
[HAIBO8]

- Random oversampler

- Random over-sampling examples [MENA14]

- Support vector machine synthetic minority
over-sampling [NGUY11]

- K-means synthetic minority over-sampling

Undersampling
- Cluster centroids [MACQ67]

- Tomek links [TOME76b]

- Random undersampler

- One sided selection [KUBA97]

- Near miss [MANI03]

- All k-nearest-neigbor [TOME76a]

- Condensed nearest neighbors [HART68]
- Edited nearest neighbors [WILS72]

- Repeated nearest neighbors [TOME76b]

[DOUZ18] - Instance hardness threshold [SMIT14]
- Borderline SMOTE [HANO5] - Neighborhood cleaning rule [LAURO1]
- SMOTE nominal (N) -

[CHAWO02]

- SMOTE nominal continuous (NC) [CHAWO02]

Hybrid Sampling
- Synthetic minority over-sampling edited
nearest neighbor (SMOTEENN)

- Synthetic minority over-sampling tomek
(SMOTETomek)

Figure A-15: DPP methods for the DPP category “data balancing” for classification

Oversampling

In case of oversampling, synthetic minority over-sampling technique (SMOTE) gener-
ates new samples by randomly interpolating created data points of the minority class
[CHAWO02]. For that, a data point is added between a sample of the minority class and
its nearest neighbor. The interpolation is performed by calculating the distance be-
tween the sample of the minority class and its nearest neighbor, randomly multiplied
by a value that lies between 0 and 1. Consequently, a new data point is created that
lies between the two data points of the minority class. [CHAWO02, p. 328] Noisy data
points can be generated since the underlying distribution of data samples is not con-
sidered and randomly selected data points can be in a dense distribution [LUEN11, p.
1911]. Many different extensions were developed based on SMOTE: K-Means-
SMOTE [DOUZ18], SVM-SMOTE [NGUY11], and borderline-SMOTE [HANO5]. In pro-
duction data sets, a mix of categorical features in its encoded form and numerical col-
umns are available. For these cases, SMOTENC was developed, which handles cate-
gorical features different from numerical features making it tailored for production use
cases [CHAWO02]
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Adaptive Synthetic Sampling (ADASYN) also generates new samples by interpolation,
however, concentrates on generating new data points depending on the local distribu-
tion of the underrepresented class [HAIBO8]. Another oversampling technique is Ran-
domOversampler that creates new samples by randomly sampling with replacement
of currently available samples. Through this bootstrapping, resampling of classes is
performed by considering each targeted class independently. [MENA14] RandomOv-
ersamplers are fast, allow for numerical and categorical data. However, data points of
the minority class are randomly duplicated. [BATI04, p. 23]

Undersampling

If enough data points exist, data can be undersampled. Cluster centroids represents a
generation algorithm that reduces the number of samples in the targeted classes but
generates the remaining samples. The number of samples are reduced by k means
clustering. Each class is synthesized with the centroids of the k means method instead
of the original samples. [MACQG67] Tomek Links represents a selection algorithm that
selects data points from the data set at hand. Since the number of samples is not
specified to the user, Tomek Links are assigned to cleaning undersamplers
[TOMET76a). Tomek Links identify samples of different classes, which are close to each
other based on k-nearest neighbor. In case nearest neighbors are found, the sample
of the majority class is removed. Further derivatives of this approach are repeated
nearest neighbor [TOME763a] and all-k-nearest neighbor [TOME76b], which is further
a modification of the edited nearest neighbor [WILS72]. Random undersampler repre-
sents another selection algorithm. The number of samples are specified by the user,
therefore, random undersampler is referred to controlling undersampling. Further tech-
niques are condensed nearest neighbors, edited nearest neighbors, repeated nearest
neighbors [HARTG68], instance hardness threshold [SMIT14], near miss [MANIO3],
neighborhood cleaning rule [LAURO1] and one sided selection [KUBA97].

Hybrid sampling

Hybrid sampling combines oversampling and undersampling techniques. For that rea-
son, oversampling is applied prior to undersampling [BATIO04, p. 23]. In case of over-
sampling, SMOTE is chosen. For undersampling both edited nearest neighbor (ENN)
and Tomek Links are selected. When combining both techniques individually,
SMOTEENN and SMOTETomek are the resulting hybrid sampling techniques. The
goal of a subsequent undersampling lies in disregarding those data points, which
neighbors are too much oversampled in a class [ZHAX19, p. 458], [BATIO4, p. 23]. For
SMOTEEN, k-nearest neighbors are applied to remove wrongly classified data points.
In case of SMOTETomek, distance measures are used. As introduced, regression
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learning tasks also follow balancing techniques, in which SMOGN represents a prom-
ising yet popular method [BRAN17].
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A.5 AutoML systems
Open source: Auto-WEKA by THORNTON ET AL. (2012)

Auto-WEKA, which is based on the WEKA library [HALLQ9, pp. 10-12], addresses the
CASH problem by applying Bayesian optimization in the form of sequential model-
based optimization (SMBO) that handles both categorical and continuous hyperparam-
eters. Within SMBO, the acquisition function is used to determine the next configura-
tion to gain most knowledge from. In Auto-WEKA, the common acquisition function of
positive expected improvement (El). The surrogate model can either be a sequential
model based algorithm configuration (SMAC) with a )or a tree structured parzen esti-
mator (TPE). [THOR13] Data preprocessing methods are not included into first Auto-
WEKA versions, however, feature selection methods have been added in later ver-
sions. [KOTT13, p. 15]

Open source: H20 AutoML by LEDELL & POIRIER (2020)

H20 creates ML pipelines from a set of DPP techniques and ML algorithms. Hyperpa-
rameter optimization within the CASH problem is carried out by either random or grid
search. H20 supports many ML algorithms, namely: random forest, SVM, Naive Bayes
classifier, XGBoost, generalized linear models and additive models, as well as deep
learning neural networks. DPP methods are only available for XGBoost, which com-
prise imputation, scaling, and one hot encoding. In case of H20, encoding is not re-
quired since categorical features are handled natively by tree based algorithms. Fur-
ther DPP methods such as feature selection are planned for future releases. [LEDE20],
[H2016].

Further open source AutoML approaches

ML box automatically identifies DPP pipelines by applying tree parzen estimator as
optimizer. However, DPP methods are limited to basic cleaning, encoding, and feature
selection techniques. [ARON20] The limited amount of DPP methods also applies for
Hyperopt-Sklearn [KOME19], AutoPytorch Tabular [ZIMM20], auto_ml [PARR21], Au-
toGluon [ERIC20] and Uber Ludwig [MOLI19]. TransmogrifAl [MOOE21] provides MV
imputation, encoding, scaling, feature selection, and balancing. As for other AutoML
systems, AutoKeras [HAIF19] covers just a few DPP methods. Further AutoML tools
can be found in [KRAU20].
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A.6 Production Data Sets and Computing Platforms

For the development of Meta-DPP, 44 publicly available data sets and 6 data sets from
further projects are used. The data sets including its derivatives of norm, both, cats,
and mvs are listed in Table A-1-Table A-6.

For every data set, the corresponding learning task (LT), number of instances (/nst.),
number of attributes (Attr.), number of categorical features (Cats), number of missing
values (MV), the class representation in case of classification and standard deviation
of the target variable in case of regression (CL / STD) as well as the application area
(App. Area) and reference (Ref.) is depicted.

All three application areas are considered for developing Meta-DPP. In case of pro-
cess, the use cases of process design (PD), product quality prediction (PQ). For ma-
chines & assets, predictive maintenance (PdM) and anomaly detection (AD) are used.
In case of product, the product design is chosen.

The 44 publicly available data sets are 3D Printer [OKUD19], Condition monitoring
hydraulic systems (cooler, valve, pump and accumulator) [HELW15], Airfoil Self-Noise
[DUA19], APS Failure at Scania Trucks [DUA19], Bolts [STEP14], [VANS13],
[FEUR21], CNC Mill Tool Wear [UMIC18], Maintenance of Naval Propulsion Plants
Compressor as well as Maintenance of Naval Propulsion Plants Turbine [CORA14],
Cylinder Bands [DUA19], Energy Optimization Anomalous Optimized (EOAQO), Energy
Optimization Anomalous Standard (EOAS) [INIT18], [BIRG17], [BIRG18c], [HRAN16],
Flight Software for Earth Orbiting Satellite (FSEOS) and Flight Software for Earth Or-
biting Satellite (1) (FSEOS(1)) [SAYYO05], [VANS13], [FEUR21], Genesis Demonstra-
tor Classification Anomaly Detection (GDAD), Genesis Demonstrator Classification
Machine State (GDMS), Genesis Demonstrator Multiclass (GDM) [INIT18], [BIRG18b],
Laser Welding [RINN20], Mechanical Analysis Data Set [DUA19], Mercedes Benz
Greener Manufacturing [MERC20], Milling (Table and Spindle) [AGOGO07], Pulsar Star
[LYON16], Robot Execution Failures [DUA19], SECOM [DUA19], Software for ground
data (SFGD) [SAYY05], [VANS13], [FEUR21], Steel Plates Faults [SEME22], Turbo-
fan Engine Degradation Simulation [SAXE08], Unknown 1 and Unknown 2 [VANS13],
[FEUR21]. Subsequently, the meta data of the six data sets from former projects are
listed.
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Table A-1: Data sets used for developing Meta-DPP (1/6)
CL/ | App.
No. || Data Set LT || Inst. || Attr. | Cats | MV STD | Area Ref.
001 ||| 3D Printer RE 50 1 2 0 0.7802| PD | OKUD19
002 || 3D Printer Elongation RE 50 9 2 0 0.7802| PD | OKUD19
003 ||| 3D Printer Roughness RE 50 9 2 0 98.04 PD | OKUD19
004 || 3D Printer Strength RE 50 9 2 0 8.836 PD | OKUD19
808:39 PAM/
005 ||| Accumulator CL || 2,205 9 0 0 9:399: HELW15
PQ
599
808:39 PAM/
006 ||| Accumulator both CL | 2,205 9 4 794 | 9:399: HELW15
PQ
599
808:39 PdM/
007 ||| Accumulator cats CL | 2,205 9 4 0 9:399: HELW15
PQ
599
808:39 PAM/
008 ||| Accumulator mvs CL | 2,205 9 0 1,588 | 9:399: HELW15
PQ
599
009 || Airfoil Self-Noise RE | 1,503 5 0 0 15.72 PD DUA19
010 ||| Airfoil Self-Noise both RE || 1,503 5 4 451 15.72 PD DUA19
011 || Airfoil Self-Noise cats RE | 1,503 5 4 0 15.72 PD DUA19
012 ||| Airfoil Self-Noise mvs RE | 1,503 5 0 451 15.72 PD DUA19
013 ||| Airfoil Self-Noise SPL RE || 1,503 5 0 451 6.896 PD DUA19
014 | Aol SelFNoise SPL ge | 1503 | 5 4 | 451 | 6896  PD | DUA19
015 | Aol SelFNoise SPL pe | 1503 | 5 4 0 |689%  PD | DUA19
016 | Aol SelFNoise SPL - pe | 1503 | 5 0 | 451 6896 PD | DUA19
1,078,6/ 74,625 PdM/
017 || APS CL | 76,000 170 0 95 1,375 PQ SCAN16
018 || Bolts CL 40 7 0 0 14:26 P:E\)/I/ STEP14
019 || Bolts both CL 40 7 4 1 14:26 P:E\)/I/ STEP14
020 ||| Bolts cats CL 40 7 4 0 14:26 P:l'\)/l/ STEP14
021 || Bolts mvs CL 40 7 0 1 14:26 P:g" STEP14
11,978
022 ||| CNC Mill Tool Wear CL | 25,286 48 1 0 113,30 PQ UMIC18

8
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Table A-2: Data sets used for developing Meta-DPP (2/6)

No.

023
024
025
026

027

028

029

030

031

032

033

034

035

036

037

038

039

040

041

042

043

044

Data Set

Compressor
Compressor both
Compressor cats

Compressor mvs

Cooler

Cylinder Bands

EOAO

EOAS

Flag

Flag both

Flag cats

Flag mvs

FSEOS

FSEOS both

FSEOS cats

FSEOS mvs

FSEOS (1)

FSEOS (1) both

FSEOS (1) cats

FSEOS (1) mvs

GDAD

GDAD both

LT

RE
RE
RE
RE

CL

CL

CL

CL

CL

CL

CL

CL

CL

CL

CL

CL

CL

CL

CL

CL

CL

CL

Inst.

11,934
11,934
11,934
11,934

2,205

17,898

19,634

23,645

2,205

2,205

2,205

2,205

1,109

1,109

1,109

1,109

5,589

5,589

5,589

5,589

16,220

16,220

Attr.

16
16
16
16

393

19

19

25

25

25

25

21

21

21

21

36

36

36

36

19

19

Cats

MV

9,547

11,457

2,205

2,756

1,397

1,397

10,060

12,073

15,409

CL/
STD

0.0147
0.0147
0.0147
0.0147

732:73
2:741

16,259
11,639

15,117
4,517

17,975
:5,670

1,449:
756

1,449:
756

1,449:
756

1,449:
756

1,032:
77

1,032:
77

1,032:
77

1,032:
77

5,566:
23

5,566:
23

5,566:
23

5,566:
23

16,170
:39:11

16,170
:39:11

App.
Area

PdM
PdM
PdM
PdM
PdM/
PQ
PQ
PQ/
AD

PQ/
AD

PdM
PQ

PdM
PQ

PdM
PQ

PdM
/PQ

AD

AD

AD

AD

AD

AD

AD

AD

Ref.

CORA14
CORA14
CORA14
CORA14

HELW15

DUA19

INIT18

INIT18

HELW15

HELW15

HELW15

HELW15

SAYY05

SAYY05

SAYY05

SAYY05

SAYY05

SAYY05

SAYY05

SAYY05

INIT18

INIT18



VI Annex Ixxxix
Table A-3: Data sets used for developing Meta-DPP (3/6)
CL/ | App.
No. ||| Data Set LT | Inst. | Attr. | Cats | MV STD | Area Ref.
045 || GDAD cats CL | 16,220 19 4 0 1:?911710 AD INIT18
16,170
046 || GDAD mvs CL | 16,200 19 0 15,409 39:11 AD INIT18
7,424
047 || GDM CL | 22,940 24 0 0 7,040: AD INIT18
8,476
1,882:
55:76:
383:4,
048 ||| GDMS CL | 16,220 19 0 0 518:94/ AD INIT18
2:5,19
3:2,22
9:942
049 || Laser Welding CL | 360 12 0 3 310:50, PD RINN20
050 || Laser Welding Depth RE | 360 12 0 3 165.6 PD RINN20
2,931:
3,194
051 || Mechanical Analysis CL | 9,254 7 1 0 720:77, AD DUA19
3:669:
967
052 || Mercedes RE | 4,209 377 8 0 12.68 PD MERC17
053 || Milling RE 167 12 0 21 0.0211 P;I\(IQI/ AGOGO07
- ) PdQ/
054 || Milling Spindle RE 167 11 0 21 0.0211 PM AGOGO07
- PdQ/
055 ||| Milling Table RE 167 11 0 21 0.0246 PM AGOGO07
056 || Pulsar Star CL 17,898 8 0 0 1_?;323599 AD LYON16
16,259
057 ||| Pulsar Star both CL 17,898 8 4 7159 1639 AD LYON16
058 || Pulsar Star cats CL 17,898 8 4 0 1_?623599 AD LYON16
16,259
059 || Pulsar Star mvs CL 17,898 8 0 5727 1639 AD LYON16
1,221:
060 || Pump CL || 2,205 5 0 0 492: PdW/ HELW15
PQ
492
1,221: PAM/
061 || Pump both CL || 2,205 5 4 992 492: HELW15
PQ
492
1,221: PAM/
062 | | Pump cats CL | 2,205 5 4 0 492: PQ HELW15

492
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Table A-4: Data sets used for developing Meta-DPP (4/6)

No.

063

064

065

066

067

068

069

070

071

072

073

074

075

076

Data Set

Pump mvs

Robot Execution Failures

SECOM

SECOM both

SECOM cats

SECOM mvs

SFGD

SFGD both

SFGD cats

SFGD mvs

Steel Plates Faults

Steel Plates Faults both

Steel Plates Faults cats

Steel Plates Faults mvs

LT

CL

CL

CL

CL

CL

CL

CL

CL

CL

CL

CL

CL

CL

CL

Inst.

2,205

6,945

1,567

1,567

1,567

1,567

2,109

2,109

2,109

2,109

1,941

1,941

1,941

1,941

Attr.

590

591

591

591

21

21

21

21

27

27

27

27

Cats

MV

882

41,951

85,874

41,650

86,223

1,772

2,214

3,668

4,717

CL/
STD

1,783:
326

1,783:
326

158:190
:391:72;
55:402:
673
158:190
:391:72;
55:402:
673
158:190
:391:72;
55:402:
673
158:190
:391:72;
55:402:
673

App.
Area

PdM/
PQ

PM

PQ
PQ
PQ
PQ
AD
AD

AD

AD

AD

AD

Ref.

HELW15

DUA19

DUA19

DUA19

DUA19

DUA19

SAYY05

SAYY05

SAYY05

SAYY05

SEME22

SEME22

SEME22

SEME22
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Table A-5: Data sets used for developing Meta-DPP (5/6)
CL/ | App.
No. ||| Data Set LT | Inst. | Attr. | Cats | MV STD | Area Ref.
077 ||| Turbine RE |/ 11,934 16 0 0 0.0075| PdM | CORA14
078 ||| Turbine both RE | 11,934 16 6 7,638 |0.0075| PdM || CORA14
079 || Turbine cats RE |/ 11,934 16 5 0 0.0075| PdM | CORA14
080 ||| Turbine mvs RE |/ 11,934 16 0 11,457 |/0.0075| PdM | CORA14
PdM/
081 ||| Turbofan 1 RE | 13,096 26 0 0 41.39 AD SAXEO08
PdM/
082 || Turbofan 2 RE | 33,991 26 0 0 49.17 AD SAXEO08
PdM/
083 || Turbofan 3 RE /16,596 | 26 0 0 41 AD SAXEO08
PdM/
084 || Turbofan 4 RE | 41,214 26 0 0 51.2 AD SAXEO08
085 || Unknown 1 CL | 9,466 38 0 0 9‘228: AD VANS13
9,398:
086 || Unkown 1 both CL | 9,466 38 5 17,986 68 AD VANS13
087 ||| Unknown 1 cats CL | 9,466 38 6 0 93%8:6 AD VANS13
9,398:
088 ||| Unknown 1 mvs CL | 9,466 38 0 14,388 68 AD VANS13
9,398:
089 ||| Unknown 1 Target CL | 9,466 38 0 0 68 PQ | VANS13
090 || Unknown 2 CL 161 39 0 0 109:52| AD VANS13
091 ||| Unknown 2 both CL 161 39 7 565 | 109:52 AD VANS13
092 ||| Unknown 2 cats CL 161 39 7 0 109:52|| AD VANS13
093 ||| Unknown 2 mvs CL 161 39 0 314 109:52 AD VANS13
094 || Unknown 2 Target CL | 161 39 0 0 109:52|| PQ || VANS13
360:36 PdM/
095 | Valve CL | 2,205 38 0 0 0:360: HELW15
PQ
1,125
360:36 PAM/
096 ||| Valve both CL | 2,205 38 6 5,027 || 0:360: HELW15
PQ
1,125
360:36 PAM/
097 || Valve cats CL | 2,205 38 5 0 0:360: HELW15
PQ
1,125
360:36 PAM/
098 | | Valve mvs CL | 2,205 38 0 2,253 || 0:360: PQ HELW15

1,125
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Table A-6: Data sets used for developing Meta-DPP (6/6)

CL/ || App.

No. ||| Data Set LT || Inst. | Attr. | Cats | MV STD || Area Ref.

099 || Project data 1 CL | 642 167 6 1,041 29:613| PQ IPT
. 1,108:

100 ||| Project data 2 CL | 1,111 39 20 16 2 PQ IPT
. 1,427:

101 ||| Project data 3 CL | 1,484 200 4 7,661 57 PQ IPT

102 ||| Project data 4 CL | 784 79 3 105 | 7813 PQ IPT

1083 ||| Project data 5 CL | 683 381 3 2,603 | 675:8 PQ IPT

104 | | Project data 6 CL | 964 357 10 522 918:46 | PQ IPT

Table A-7 shows nine computing platforms used for benchmarking DPP pipelines in-
cluding the operating system (OS), random-access memory (RAM), CPU and number
of cores. Two platforms are stand-alone machines located at the Fraunhofer IPT. Four
virtual machines are used, which are located at the virtual fort knox (VFK) at the Fraun-
hofer IPT. In addition, simulations were performed with computing resources granted
by RWTH Aachen University under project ID 4474 as well as ID 4941. The last com-
puting platform is a virtual machine located at Hochschule Furtwangen.

Table A-7: Overview of computing platforms being used for benchmarking

PF Host os 'FéBN]' cPU 'c‘:r:;
01 Stan;jp—?lone Windows 384 Intel® Xeén§3%ogiH512218 CPU 64
02 StanldP?Ione Windows 384 InteE@P)l(Jeg(;).ii)lvglr_éZm 64
03 VFK Linux 32 | Ine® \ﬁeg%_:’g 2525'2680 16
04 VEK Linux 16 | Intel® \ﬁeg@;ggg 525-2680 8
05 VEK Linux 8 Intel® \ﬁeg%ggg EZ5—2680 )

Intel® Xeon® Platinum 8160
CPU @ 2.10 GHz

. Intel® Xeon® Platinum 8160
07 RWTH Linux 64 CPU @ 2.10 GHz 16

. Intel® Xeon® Platinum 8160
08 RWTH Linux 394 CPU @ 2.10 GHz 48

. Intel® Xeon® Gold 6226R
09 HFT Windows 64 CPU @ 2.90 GHz 8

06 RWTH Linux 64 32

PF | Platform HFT | Hochschule Furtwangen VFK | Virtual Fort Knox
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In addition, a benchmarking at small scale is conducted to preselect DPP methods.
Therefore, ten data set are used, which can be seen in Table A-8.
Table A-8: Data sets for benchmarking at small scale
CL/
No. ||| Data Set LT Inst. Attr. | Cats | MV STD Ref.
01 || Milling table RE 167 11 0 21 0.02463 | AGOGO7
02 || Airfoil Self-Noise RE 1,503 5 0 0 15.72 DUA19
03 || Compressor RE 11,934 16 0 0 0.01472 | CORA14
04 || FSEOS CcL| 1,109 21 0 0 1032:77 | SAYYO05
05 ||FSEOS(1) CL 5,589 36 0 0 5566:23 | SAYY05
06 || Unknown 1 CL 9,466 38 0 0 9398:68 || SAYY05
07 | Unknown 2 CL 161 39 0 0 109:52 SAYY05
08 || SFGD CL 2,109 21 0 0 1783:326 | SAYY05
158:190:
09 || Steel Plates Faults CL 1,941 27 0 0 391:72:55 | SEME98
:1402:673
10 ||| Pulsar Star CL 17,898 8 0 0 162:?3:16 LYON16
LT | Learning Task Ref. | Reference CcL/ @ CL (Classification): Ratio of classes
Inst. | No. of instances | MV | No. of missing values | STD | STD: standard deviation of label (Regression)
Attr. | No. of attributes | Cats | No. of categorical cols
A.7 Determination of DPP methods for Data Cleaning

In the following, all assessments regarding the determination of DPP methods for data
cleaning are presented. For every of the seven identified selection criteria, the assess-
ment scores between 0, 0.25, 0.50, 0.75, 1.0 are depicted as Harvey balls. Given the
highest scores, the selected DPP methods are shown. Subsequently to the assess-

ments, the hyperparameters of DPP methods are discussed. First, the determination

of suitable methods for missing value handling is presented followed by the outlier
detection and noisy data handling.

U]

Data cleaning — noisy data handling

Table A-9 and Table A-10 show the assessments for missing value handling.



Xciv

VI Annex

Table A-9: Determination of suitable methods for missing value handling (1/2)

Deletion Ignore

Imp. - Univariate

DPP Method

3]

Result

Do not impute /
Do not delete

Delete all columns / rows
with MV's

Pairwise deletion

Threshold deletion -
columns/rows

0.71

(=]

6

©

Constant imputation

Median

Mean

Mode

Most frequent

Zero

Hot deck

Cold deck

Last observation

Next observation

Linear interpolation

E] Performance E Impact

@ Computation

Decision criterion
is met up to...

SACICISISISICICICISICLCISISISl
olCICICICICICICICICICICICICIClO]

0000000000000 0| -

O
G
€
D
D
D
)
D
)
D
D
D
D
D
D

Robustness

0.75

f

©

0.79

0.75

0000000000000 -
SCICICICICICIOICICICIC)CICISIO] N
CO0GROOOO0OO0000 0] -

Ease of implementation

|4 simplicity & explainability | 6 | Popularity & stability

ONCRONINGO,

0.00 025 050 0.75 1.00

@@ sciected DPP method
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Table A-10: Determination of suitable methods for missing value handling (2/2)
DPP Method 1 2 3 4 5 6 7 Result
L
8 Linear regression <D CD <D Q Q @ Q 0.75
2
g Stochastic regression @ CD @ @ CD @ O 0.68
A- Multiple imputation by @ CD <D CD CD CD @ 057
E chained equations :
Single center imputation from @ <D CD <D CD <D @
multiple chained equations )
K nearest neighbor imputer Q @ @ CD CD @ Q
WeightedKnearest O @ @ <D CD <D Q 0.57
neighbor imputer
K means clustering Q @ @ @ @ @ @
Fuzzy k means clustering O @ CD @ @ @ @
Support vector machine Q @ @ @ @ @ @
imputer
canwems | O (B BB D O G
Single value decomposition Q @ @ @ @ @ @
imputer
Local least squares O @ @ @ CD @ @
imputation
e | D O BB G
Bayesian principal Q @ @ @ CD @ @
component analysis
1| Performance 3 | Impact 5 | Robustness 7 | Ease of implementation

2 | Computation

Decision criterion
is met up to...

Hyperparameter settings

4 | Simplicity & explainability | 6 = Popularity & stability

ONCRONINGC,

0.00 0.25 0.50 0.75 1.00

« Selected DPP method

MV ratio is selected as DPP method. The threshold based on which MVs are removed
from the data set, is set to 100 %. Only if the whole column contains missing values,
the column is deleted to ensure that no data reduction is realized by applying this
method. All other methods are implement with their default hyperparameters.



XCVi

VI Annex

(m Data cleaning — outlier detection and handling

Table A-11 shows the assessment scores for outlier detection methods. Z score is

chosen and implemented with the Meanimputer.

Table A-11: Determination of suitable DPP methods for outlier detection

DD DO DD O o7 4u
P socvls DD D OGO O e ]
cuses  |(DDOOODO
et | (D DID OO DO
satess | (BDBODDO
([ o |ODDDOOO
2 wemasaecn | DD DDDOO
i o | DDDODOO
swacery | D) (DBDDDO
[ wewgeen | D (DB OD OO
2 oeamsm | OQOODIDO DO
e IS TOIC D))
DBSCAN D OB D|DO O es |
L GICICISIGISIGIRTE

1| Performance 3 | Impact 5 | Robustness 7 | Ease of implementation

2 | Computation 4 | Simplicity & explainability | 6 = Popularity & stability

ONCRONINGC,

0.00 025 0.50 0.75 1.00

Decision criterion

Selected DPP method
is met up to... « electe! metho

Hyperparameter settings

If the z score is higher than 3.0, the data point is marked as outlier. Therefore, the
hyperparameter is set to 3. The Meanlmputer is implemented in its default hyperpa-
rameters.
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(ll) Data cleaning — noisy data handling

Noisy data handling techniques are selected given the assessment scores from Table
A-12. Every selected DPP method is implemented in its default hyperparameter set-
tings.

Table A-12: Determination of suitable DPP methods for noisy data handling

Cost-guided iterative
classification filter

=)
o
N

DPP Method 1 2 3 4 5 6 7 Result
I e | DOOOOOD
i w000 DOOD[w]
E Drop duplicates CD O @ O Q O Q
§ Remove zero columns @ O O O Q O Q 0.82 *
é Remove constant values @ Q Q Q Q Q Q
RS S OIOIOIDICIO
e | D DD DD D
Drop duplicates CD O @ O Q O Q
| = | D DDDOOD
(G% Partitioning filter @ @ @ @ @ @ @
Iterative-partitioning filter @ @ @ @ @ @ @ 0.57
Multiple-partitioning filter @ @ @ CD @ CD @ 0.57
Classification filter @ @ @ @ @ O @ 0.57
OODO|DDDD
Local SVM @@@@@@@
AdaBoost @ CD @ @ @ O O 0.75
Neighborhood graphs @ @ @ @ @ @ @ 0.68
E Performance E Impact E Robustness Ease of implementation

E Computation E Simplicity & explainability @ Popularity & stability

Decision criterion O @ CD @ O « Selected DPP method

is metup to... 0.00 025 050 0.75 1.00
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A.8 Determination of DPP methods for Data Transformation

The assessment scores of data encoding, feature scaling, and handling skewness are
shown in the following. Since data discretization is not focused in this dissertation, the

assessment is not performed for this DPP category.

n Data transformation — data encoding

Table A-13 and Table A-14 shows the assessments for the encoding techniques. Every

selected encoding method is implemented in its default hyperparameters.

Table A-13: Determination of suitable DPP methods for data encoding (1/2)

DPP Method

Ordinal encoder

One Hot encoder

Hashing encoder

Classical Encoder

Binary encoder

BaseN encoder

Entity embedding

Target encoder

Leave one out encoder

Bayesian Encoder

Weight of evidence encoder

James-Stein encoder

M-estimator

Generalized linear mixed
model encoder

Count encoder

Cat boost encoder

1 | Performance 3 | Impact

1 2 3 4 5 6 7 Result

0.89

0.89

o
9
©

o
N
a

=)
N
a

DO0DDOD
DD OO0

(=]
(-]

o <
o -3

o
~ )
o

o
9
©

000000000000

DO0DOBOO

5 | Robustness 7 | Ease of implementation

2 | Computation 4 | Simplicity & explainability | 6 = Popularity & stability

Decision criterion O @ (D @ O « Selected DPP method

is metup to... 0.00 025 050 0.75 1.00
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Table A-14: Determination of suitable DPP methods for data encoding (2/2)

DPP Method 1 2 3 4 5 6 7 Result
o[
i smaew OO DO DO om
E Helmert encoder Q @ @ (D Q @ Q 0.79
8
g Reverse Helmert encoder Q @ @ ® Q @ O 0.79
(@]
Backward difference Q @ @ @ Q ® Q 0.79
encoder
1 | Performance 3 | Impact 5 Robustness 7 | Ease of implementation

4 | Simplicity & explainability | 6 = Popularity & stability

ORCRONRIONGC)

0.00 025 050 0.75 1.00

2 | Computation

Decision criterion

Selected DPP method
is met up to... « electel metho

Data transformation - feature scaling

(1)
For feature scaling, the MinMaxScaler and StandardScaler are selected in its default
hyperparameters (see Table A-15).

Table A-15: Determination of suitable DPP methods for feature scaling

DPP Method 1 2 3 4 5 6 7 Result
2 Normalization / rescaling
= ) 0.89
5] (min max scaler)
(%] —
smsaen | OO/ DO OO0
(standard scaler)
Rescaling absolute variation @ O @ Q O @ O
(max abs scaler)
wwsan D QDO O DO (o2 ]
1| Performance 3 | Impact Robustness 7 | Ease of implementation

oo,

4 | Simplicity & explainability Popularity & stability

ORCRONING)

0.00 025 050 0.75 1.00

2 | Computation

Decision criterion

Selected DPP method
is met up to... « electe! metho

Data transformation — handling skewness

(1)
In case the skewness is handled, the Yeo-Johnson PowerTransformer is chosen
(see Table A-16).
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Table A-16: Determination of suitable DPP methods for handling skewness

DPP Method 1 2 ) 4 5 6 7 Result
@
i[ wewen | D|O®OO0O
2
(0]
» DO DOODO o= |
2
2 s (DODOODO] e |
T
Box-Cox transformation @ Q @ @ @ Q Q
Yeo-Johnson transformation Q Q Q @ @ Q Q
Quantile transformer @ Q @ @ @ @ Q
1| Performance 3 | Impact 5 | Robustness 7 | Ease of implementation

2 | Computation 4 | Simplicity & explainability | 6 = Popularity & stability

Decision criterion Q @ @ @ O « Selected DPP method

is metup to... 0.00 025 050 0.75 1.00

A.9 Determination of DPP methods for Data Reduction

In the following, data reduction methods are selected based on the assessment scores
and the set hyperparameters discussed starting with dimensionality reduction, followed
by feature selection. The embedded methods are not included in this assessment,
since they are not focused within this work.

(U} Data reduction — dimensionality reduction

The assessment scores for dimensionality reduction methods are depicted in Table
A-17. When applying the criteria, PCA is selected. Critical hyperparameter is the per-
centage of variance, which is retained by the principal components. The percentage of
variance is set to 95 %, i. e., 95 % of the variance of the data is retained by PCA.
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Table A-17: Determination of suitable DPP methods for dimensionality reduction

Based on Components

Based on Projections

ML-Based

m Performance
@ Computation

Decision criterion
is met up to...

DPP Method

Result

Principal component
analysis

Independent component
analysis

Fast independent
component analysis

Linear discriminant analysis

Factor analysis

Generalized discriminant
analysis

Quadratic discriminant
analysis

o

< o <
N
—

o
~

8

o

9

0.79

0.79

(=
o
N

Locally linear embedding

Gaussian random projection

Sparse random projection

Multidimensional scaling

t-distributed stochastic
neighbor embedding

Truncated singular
value decomposition

Isometric feature mapping

Uniform manifold
approximation & projection

Self organizing map

Non-matrix factorization

0.75

7

Autoencoders

K-means clustering

Impact

060066800l l -

SACISICICICISICISICISISICICICICICICICIR
SA=l=A=ACICISICISICICICUSISICICICICISIR
CICICICICICICICICICICICISISICICICICIClR:

E Robustness

1.00

SACHCISICISISICISICICISISICISICISIS IOl

0000000000000 O0B0 -~
gt

00000000000 EBLO0O0000 -

0.75

Ease of implementation

E Simplicity & explainability E Popularity & stability

ORCRONONGC,

0.00 0.25 0.50 0.75

« Selected DPP method
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()  Data reduction — feature selection

The assessment scores for feature selection can be found in Table A-18. The hyperpa-
rameter of the threshold of the correlation coefficient based on which correlated fea-
tures are removed, will be set to 0.8. Besides high correlation, filtering is also applied
by low variance of the features.

Table A-18: Determination of suitable DPP methods for feature selection

DPP Method 1 2 3 4 5 6 7 Result
% Missing value ratio @ O @ O O O O 0.86
it | D) OQIDIOIOOIO
High correlation filter @ O @ Q O Q O
saezes. | (DDDOOOO o
won DO DO OO0
waes | DO DO OO0
s | (DD OB o
% Forward feature selection @ @ @ Q Q Q @ 0.79
[ e | Q0D 000D
| O DD O O0O0
e | (DODO0DDO[
M | DO DO DD
smuatedameaing | () (DI(DI(DE) O &)
Lasvegaswapper | (D) (B(DIEA) ) O )| o
@@@@@@O

2 | Computation 4 | Simplicity & explainability | 6 = Popularity & stability

Decision criterion O @ CD @ O « Selected DPP method

is met up to... 0.00 025 050 0.75 1.00
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A value for low variance filter, called VarianceThreshold is 0.6, following the same con-
sideration as for correlation filter. Therefore, RFE is included for configuring DPP pipe-
lines. In case of classification tasks, the baseline ML algorithm being trained during
RFE is RF classifier. When a regression task is present, RF regressor is called. In both
cases, default hyperparameters are used.

A.10 Determination of DPP methods for Data Augmentation & Bal-
ancing

No assessment is necessary for data augmentation, since RandomNoise has already
been selected. For random noise, the mean is specified to y = 0 and standard deviation
to 0 =0.1 to introduce minimum noise into the data set. Lastly the amount of data
points to be added is set as up to 20 %. Table A-19 and Table A-20 show the assess-
ment scores for data balancing.

Table A-19: Determination of suitable DPP methods for data balancing (1/2)

DPP Method 1 2 3 4 & 6 7 Result
2
£ DD O DD OO e
S
©
; SISICIGIOISIGIETE
g
o
SMOTEN / SMOTENC @ @ @ @ @ O O 0.71
BorderlineSMOTE @ @ @ @ ® @ Q
“saswore | O DG D DDO
SVMSMOTE
Random oversampler @ @ @ @ @ @ O
Random oversampling @ @ @ @ @ @ CD
examples (ROSE)
D
[ owmems | ODDODOO
IS
8 Condensed and edited @ @ @ @ @ @ Q 0.68
9 nearest neighbors .
5 Repeated nearest neighbors O O @ @ @ @ O
/ All-k nearest neighbor
Instance hardness threshold @ O @ @ @ @ O m
1| Performance 3 | Impact 5 | Robustness 7 | Ease of implementation

2 | Computation 4 | Simplicity & explainability | 6 = Popularity & stability

pecsonciteion (O B D @ O « Selected DPP method

is metup to... 0.00 0.25 0.50 0.75 1.00
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Table A-20: Determination of suitable DPP methods for data balancing (2/2)

Result

DPP Method 142 415])¢

S vewmss DD DDD
% Neighborhood cleaning e | (1) (D)|(DI(D &) &)
2 One sided selection @ @ @ @ @ <D

Random undersampler | (1) (1) (B (B O Q
g Tomek links DD BDDBOO] ¢
(% SMOTEENN O@@@(DOO
i wome | ODOIDIOIOIO

1| Performance | 3 Impact 5| Robustness

7 | Ease of implementation

2 | Computation 4 | Simplicity & explainability | 6 | Popularity & stability

Decision criterion O @ @ @ O

is met up to... 0.00 025 050 0.75 1.00

« Selected DPP method

In case of data balancing, SMOTE, SMOTENC (in case of categorical features), ran-
dom undersampler are used. For hybrid sampling, a benchmarking at small scale is

conducted (see Table A-21). Ultimately, SMOTEENN is selected.

Table A-21: Results of individual benchmarking for hybrid sampling techniques

CL - F1 Score
DPP Method RF SVM | MLP
0.951 0.735 0.684 h
’ SMOTETomek ‘ 0.939 0.672 0.651
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A.11 Benchmarking and Pooling Results

In the following the benchmarking results are depicted. While Figure A-16 shows data
set-specific F1 scores for classification, Figure A-17 provides the overview of NRMSE
values over all data sets for regression. Consecutively, Figure A-18 shows ML algo-
rithm specific F1 scores for classification data set. Figure A-19 depicts the NRMSE
values for the 18 ML algorithms used during benchmarking. Individual marker show
the performance of individual pipelines (both essential and pipeline pool). Figure A-20
and Figure A-21 then show the box plots exemplarily for regression and regression
use cases.
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Figure A-16: Data set-specific F1 scores for classification

Lower Bound
Upper Bound
—  Essental

RMSE Performance Boxplot

T,

e
e
[ T]
1]
1
=i
(1]

LS LT}

000 —

¢ & P PP EP P I F PP IS T SS S
S, “"’{“é @‘ﬁi‘“’}“’gﬁg Al i\,&"‘i@ S

A TS

Dataset

Figure A-17: Data set-specific NRMSE performances for regression



cvi VI Annex

Logstxkogrosson

Figure A-18: ML algorithm-specific F1 scores for classification data sets (excerpt)
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Figure A-19: ML algorithm-specific NRMSE values for regression (excerpt)
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Figure A-20: Exemplary overview of 400 out of 1,278 classification use cases
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A.12 Meta Features Database

The meta features database contains data set-, ML algorithm-, and DPP pipeline-re-
lated meta features that is illustrated in Table A-22 - Table A-25. The tables show the
dimension (Dim), e. g., data set (DS), group (Gr), e. g., landmarking (LM), and learning
task (LT), whether it is assigned to classification (CL) or regression (RE).

Table A-22: Meta features database (1/4)

ID Name Dim || Gr LT ID Name Dim | Gr LT
001 attr_to_inst DS | Gen | CL+RE 025 eigenvalues.sd DS || Stat || CL+RE
002 cat_to_num DS || Gen CL+RE 026 g_mean.mean DS || Stat | CL+RE
003 freq_class.mean DS || Gen | CL+RE 027 g_mean.sd DS || Stat || CL+RE
004 freq_class.sd DS || Gen CL+RE 028 gravity DS || Stat | CL+RE
005 inst_to_attr DS | Gen | CL+RE 029 h_mean.mean DS || Stat || CL+RE
006 | n_continuous_features | DS | Gen || CL+RE 030 h_mean.sd DS | Stat | CL+RE
007 n_int_features DS | Gen | CL+RE 031 ig_range.mean DS | Stat | CL+RE
008 nr_attr DS | Gen | CL+RE 032 ig_range.sd DS | Stat | CL+RE
009 nr_bin DS | Gen | CL+RE 033 kurtosis.mean DS | Stat | CL+RE
010 nr_cat DS || Gen | CL+RE 034 kurtosis.sd DS || Stat | CL+RE
011 nr_inst DS || Gen | CL+RE 035 Ih_trace DS || Stat | CL+RE
012 nr_num DS | Gen | CL+RE 036 mad.mean DS || Stat | CL+RE
013 num_mvs DS | Gen | CL+RE 037 mad.sd DS || Stat || CL+RE
014| num_outliers_target DS | Gen RE 038 max.mean DS | Stat | CL+RE
015 kurt_targ DS | Gen RE 039 max.sd DS || Stat | CL+RE
016 rep_classes DS | Gen CL 040 mean.mean DS || Stat | CL+RE
017 nr_class DS | Gen CL 041 mean.sd DS || Stat | CL+RE
018 can_cor.mean DS | Stat | CL+RE 042 median.mean DS || Stat | CL+RE
019 can_cor.sd DS | Stat | CL+RE 043 median.sd DS | Stat || CL+RE
020 cor.mean DS || Stat | CL+RE 044 min.mean DS || Stat | CL+RE
021 cor.sd DS || Stat | CL+RE 045 min.sd DS || Stat | CL+RE
022 cov.mean DS | Stat | CL+RE 046 nr_cor_attr DS || Stat | CL+RE
023 cov.sd DS | Stat | CL+RE 047 nr_disc DS || Stat | CL+RE
024 eigenvalues.mean DS | Stat | CL+RE 048 nr_norm DS || Stat | CL+RE

Dim | Dimension Gr | Group LT | Learning task DS @ Dataset | Gen | General Stat | Statistical

CL Classification RE | Regression
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Table A-23: Meta features database (2/4)

Name Dim E LT Name Dim E LT
oo o Joo [mfoore] [w] mwm | oo Jor Joire]
] num_outliers_boxplot | DS "CL+RE‘ ] ns_ratio | bs "CL+RE‘

o5t

num_outliers_Zscore H DS "CL+RE‘

jos2

best_node.mean

o5 | woure

jos2

053

054

joss|

o)

jos7

058

p_trace | s |[stat|[cL+Re| [083]  bestnodess | ps | tm |cL+RE
range.mean H DS "CL+RE‘ ’ elite_nn.mean H DS "CL+RE‘
range.sd | bs "CL+RE‘ 085 elite_nn.sd | bs \ CL+RE
roy_root H DS "CURE‘ ’086‘ linear_discr.mean H DS ‘ CL+RE
sd_mean | s | stat | cL+Re] 087 inear disrsa | DS | v | cL+RE]

sd.sd H DS "CL+RE‘ ’ naive_bayes.mean H DS "CL+RE‘
sd_ratio H DS "CL+RE‘ ’ naive_bayes.sd H DS "CL+RE‘
skew_targ H DS " RE ‘ ’ one_nn.mean H DS "CL+RE‘

joe0]

skewness.mean

oo s o

’ one_nn.sd

o5 e o

051

skewness.sd

o5 sm cue

’ random_node.mean

' bs | v | cLerE

Joc2

sparsity_mean

o5 sm o

’ random_node.sd

Cos | w oure

053]

sparsity.sd

o5 sm o

’ worst_node.mean

| DS | LM | [CL+RE

004

t_mean.mean

o5 | s e

095

worst_node.sd

Cos | e o

ws|

056

joc7

)

Joco

oro]

o1

o7z

ora)

jor4]

jors|

o)

td

78|

or9)

t_mean.sd H DS "CL+RE‘ ] leaves | bs \] cL |
var.mean H DS "CL+RE‘ ’ leaves_branch.mean H DS " CL ‘
var.sd H DS "CL+RE‘ ’ leaves_branch.sd H DS " CL ‘
w_lambda H DS "CL+RE‘ ’ leaves_corrob.mean H DS " CL ‘
attr_conc.mean H DS "CL+RE‘ ’ leaves_corrob.sd H DS " CL ‘
attr_conc.sd H DS "CL+RE‘ ’ leaves_homo.mean H DS " CL ‘
attr_ent.mean H DS "CL+RE‘ ’ leaves_homo.sd H DS " CL ‘
attr_ent.sd H DS "CL+RE‘ ’Ieaves_per_class.mean” DS " CL ‘
class_conc.mean H DS "CL+RE‘ ’ leaves_per_class.sd H DS " CL ‘
class_conc.sd H DS "CL+RE‘ ’ nodes H DS " CL ‘
class_ent H DS "CL+RE‘ ’ nodes_per_attr.mean H DS " CL ‘
eq_num_attr H DS "CL+RE‘ ’ nodes_per_attr.sd H DS " CL ‘
joint_ent.mean H DS "CL+RE‘ ’ nodes_per_level.mean H DS " CL ‘
joint_ent.sd H DS "CL+RE‘ ’ nodes_per_level.sd H DS " CL ‘
mut_inf.mean H DS "CL+RE‘ ’ nodes_repeated.mean H DS " CL ‘

Dimension E} Group Learning task Data set Statistical
Classification Regression Information Theory Landmarking Model-based
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Table A-24: Meta features database (3/4)

Name Dim E LT Name Dim E LT

nodes_repeated.sd DS CL m‘ alg_ave-median H Alg “CL+RE‘
tree_depth.mean DS CL E‘ alg_ave-75_quantile H Alg “CL+RE‘
‘ tree_depth.sd H DS “ CL -‘ alg_ave-90_quantile H Alg “CL+RE‘

‘ tree_imbalance.mean H DS “ CL ‘ alg_ave-95_quantile H Alg “CL+RE‘
‘ tree_imbalance.sd H DS “ CL 142 | alg_ave-99_quantile Alg CL+RE
‘ tree_shape.mean H DS “ c pip_Or::L—ir?;:iE::;derPe Pip CL+RE

‘ tree_shape.sd H DS “ CL ‘CL+RE
‘ var_importance.mean H DS “ CL
Personalized

‘ var_importance.sd H DS “CL+RE‘ 145 Pip “CL+RE‘
pip_RandomUnderSam ‘

‘ algorithm H Alg ‘M‘CURE‘ plerPersonalized Pip “CURE
121 alg_type1 | Alg \\CL+RE\ 147 | pip_zcoresubstiution | Pip || cB | cL+RE]
‘ alg_type2 H Alg “CURE‘ ‘ pip_PowerTransformer H Pip “CL+RE‘
‘ alg_complexity H Alg “CURE‘ ‘ pip_RemoveCorrelated H Pip “CL+RE‘

alg_No of pip_SmognPersonalize
Ec ey e e

d

‘ alg_robust_to_outliers H Alg “CL+RE‘ ‘ pip_Meanlmputer H Pip “CL+RE‘

alg_robust_to_unscale

pip_StandardScalerPer
sonalized

pip_VarianceThreshold

N N
S »
ES w

Pip

|
|
|
L
|
|

Pip

d data Alg CL+RE‘ ‘ pip_Medianlmputer H Pip “CL+RE‘
pip_MinMaxScalerPers .

alg_robuséta_ttz_skewed Alg CL+RE‘ onalized Pip || CB | CL+RE

alg_ro(jt?;s;_;;g_high H Alg CL+RE‘ plp PCAPersonalized H Pip “CL+RE‘

alg_robust_to_imbalan Pip

‘ pip_SMOTEENNPerso ‘ CL+RE
CL+RE ‘ nalized

|
@ e

Alg

ced data : pip_TargetEncoderPers Pip
alg_robus;ﬁitg/_explama Alg CL+RE‘ onalized

pip_RandNoise H Pip “CL+RE

Pip

plp_SMOTEPersonallz ‘
‘ 2lg_ave-max H Alg ‘M‘CU pip_| LastObservedImpu =
‘ alg_avemin | Alg ‘M‘CURE ‘ ter ‘CURE
‘ alg_ave-mean H Alg “CL+RE‘ ‘ pip_RFEPersonalized H Pip “CL+RE‘

‘ alg_ave-stdev || Alg ‘M‘CURE‘ Pip_ O"ig‘:;ﬁzecgderper ‘CL+RE‘
‘ alg_ave-10_quantile H Alg ‘M‘CURE‘ ‘ pip_MV Handling H Pip “CL+RE‘
‘ alg_ave-25_quantile H Alg “CL+RE‘ ‘ pip_Outlier Handling H Pip “CL+RE‘
Dimension | Gr | Group Learning task Data set Algorithm Pipeline

Classification Regression Property Performance Method counts top Pip

Sum method counts DPP category

Pip

131 alg_robgs‘t_to_comp H Alg ‘M‘CUR ‘
efficiency
RE|

Pip
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Table A-25: Meta features database (4/4)

Name Dim E LT Name Dim E LT

‘ pip_Data Encoding | Pip “CL+RE‘ 175 oip._max | Pip || Perf | cL+RE]
‘ pip_Feature Scaling H Pip “CL+RE‘ ‘ pip_min H Pip “CL+RE‘
tes| PR [ ey loum cuome| (177 ppmen | Po | pet cLie
‘ pip_Dimensionality H Pip CL+RE‘ ‘ pip_stdev H Pip “CL+RE‘

Reduction - i
‘ pip_Feature Selection H Pip “CL+RE‘ ‘ Plp_109 H Fip “CURE‘
s ek L2 o | e er cume

‘ pip_Augmentation H Pip “CL+RE‘ - i -
‘ pip_Data Balancing H Pip CL+RE‘ ‘ pip_median H Pip “CL+RE‘
T o e o ol (oo [Pl
171 pip_Data Cleaning Pip || Sum | CL+RE ‘ pip_90q H Pip “CL+RE‘
72| roncommin | PP |Sm|OURE (i gnos | e | porcione
‘ pip_Data Reduction || Pip “CL+RE‘ ‘ pip_99q | Pip “CL+RE‘

pip_Data CL | Classificati Regressi
174 Augmentation and Pip || Sum | CL+RE - assiication egression
Balancing Sum method counts DPP category

Dimension E} Group Learning task Pipeline Performance
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A.13 Meta model

In the following, the feature importances are shown based on which the top 20 and 30
most important meta features are selected to train the meta model once again with a
lower amount of features. Three feature importance graphs are exemplarily shown for
an extra trees classifier (Figure A-22) for classification, gradient boosting (Figure A-23)
considering all but no pipeline meta features, and logistic regression (Figure A-24) by
taking into account all meta features available. The gradient boosting and logistic re-
gression focus on regression.

alg-ave-min
alg-ave-95_quantile
alg-avé-median

alg-ave-max

alg-ave-mean
alg-ave-25_quantile
alg-ave-99_quantile
alg-ave-90_quantile
alg-ave-10_quantile
alg-ave-T5_quantile
alg-ave-sidev

alg_No of hyperparameters
alg_robust_to_outliers
alg_robust_to_explainability
alg_robust_to_comp efficiency
alg_robust_to_skewed data
alg_robust_fo_high dim data
alg_robust_to_unscaled data
alg_robust_to_imbalanced data
lg_type2_tree
alg_type2_disfance-based
algﬁlyfeglinear

alg_type1 Baseline
atfr_conc.sd

alg_complexity low
alg_complexity_medium
algiéypeﬂiensemble
nodes_repeated.sd
atfr_conc.mean
worst_node sd

Feature Importances of Top 30 Features using ExtraTreesClassifier

00000 00025 00050 00075 00100 00125 00150 00175 00200

feature importance

Figure A-22: Top 30 meta features for extra trees classifier in case of classification with
all but no pipeline-related meta features
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Feature Importances of Top 30 Features using GradientBoostingClassifier

class_ent

mut_inf sd

alg-ave-stdev
alg-ave-25_quantile
joint_ent.mean

alg_No of hyperparameters
num_outliers_boxplot
class_ _conc.sd
alg-ave-10_quantile
alg-ave-95_quantile
alg-ave-min

roy_root

gravity

alg-ave-mean

can_cor.sd
alg-ave-75_dguantile
class_conc.mean
alg-ave-89_quantile
num_atir
alg_robust_fo_oufliers
can_cormean

éomt_ent.sd
alg-ave-80_quantile
nr_bi

in

alg_robust_to_high dim data
w_lambda

alg-ave-max

~min.mean

n_int_features
alg_complexity_low

0.

o

0 0.02 0.04 0.06 0.08 0.10
feature importance

Figure A-23: Top 30 meta features for gradient boosting classifier in case of regres-
sion with all but no pipeline-related meta features

Feature Importances of Top 30 Features using LogisticRegression

~nr_inst
n_instances
cov.mean
eigenvalues.mean
var.mean
median.sd
g_mean.sd
var.sd
h_mean.sd
nr_class
t mean.sd
range.mean
num_mvs
sd.sd
min.sd
{_mean.mean
h_mean.mean
num_otfliers_Zscore
eigenvalues.sd
g_mean.mean
gravity
min.mean
max.mean
mean.sd
_rnean.measg
range.
e mgx,sd
range.sd
num_outliers_boxplot
cov.sd

-8 -6 -4 -2 0 2
coefficient value 1e-18

Figure A-24: Top 30 meta features importances for logistic regression for regression
considering all meta features
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A.14 Verification and Validation

The Annex A.14 comprises three major aspects. First, the taxonomy of verification,
validation and testing techniques according to BALCI is provided in (I) [BALC98]. The
final meta model results according to model performances and DPP scores are shown
in (Il). Lastly, the results of the execution and special input testing are presented (lIl).

U]

Figure A-25 shows the overview of verification, validation and testing techniques ac-
cording to BALCI that are divided into four different categories.

Verification, validation and testing

Verification, Validation, and Testing

Techniques
[ I : I ]
Informal | | Statistic | | Dynamic | | Formal
Audit Cause-Effect Acceptance testing Induction
Desk checking graphing Alpha testing Inductive
Documenta- Control analysis Assertion testing Assertions
tion checking Callmg_ structure Beta testing Inference
Face analysis Bottom-Up testing Lamda
validation C;T:(:;:Zr:al is Comparison testing calculus
Inspections P Y Compli testi Logical
. Control flow pliance testing i
Reviews analysis Authorization testing deduction
Turing test Y Performance testin Predicate
State transition 9 Calculus
Walkthroughs analysis Security testing Predicate
Data analysis Standards testing transformation
Data dependency Debugging Proof of
analysis Execution testing correctness

Figure A-25: Taxonomy of verification, validation, and testing techniques (1/2) accord-

ing to [BALC98]

Data flow analysis
Fault/Failure analysis
Interface analysis

Model interface

Execution monitoring
Execution profiling

Execution tracing
Fault/Failure insertion testing

analysis Graphical comparison
Control flow Interface testing
analysis Data interface testing

User interface analysis
Semantic analysis
Structural evaluation
Syntax analysis

Traceability
Assessment

Model interface testing

User interface testing
Object-Flow testing

Partition testing

Predictive validation

Product testing

Regression testing

Sensitivity analysis

Special input testing
Boundary value testing
Equivalence partitioning testing
Extreme input testing
Invalid input testing
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Informal | |

Statistic

Dynamic

Formal

Real-Time input testing

Self-Driven input testing
Stress testing

Trace-Driven input testing
Statistical Techniques

Structural (White-Box) testing
Branch testing

Condition testing
Data flow testing
Loop testing
Patch testing
Statement testing

Submodel/module testing

Symbolic debugging
Top-Down testing

Visualization/Animation

Figure A-26: Taxonomy of verification, validation, and testing techniques (2/2) accord-
ing to [BALC98]

()  Meta model performance

The meta model performances for both classification and regression are listed in Table
A-26 - Table A-27 and Table A-28, respectively. For every model, the meta feature
settings, number of features are provided. The median as well as mean DPP score are
given followed by the performance metrics of F1 score, accuracy, precision and recall.

Table A-26: Meta model performances for classification (1/2)

Models

ET
GB
RF
GB
ET
GB
K-NN
K-NN
K-NN
GB
ET
DT
DT

Settings

NoPip-CL
NoPip-CL
CL
NoPip-CL
CL
NoPip-CL
CL
CL
CL
CL
NoPip-CL
NoPip-CL
CL

Fea-
ures

30
all
20
20
30
30
20
30
all
all
all
30
30

Median

0.749
0.739
0.739
0.736
0.733
0.731
0.727
0.727
0.727
0.726
0.720
0.720
0.717

Mean

0.720
0.725
0.722
0.720
0.719
0.712
0.704
0.704
0.704
0.720
0.719
0.711
0.717

F1-
Score

0.336
0.359
0.283
0.291
0.301
0.311
0.256
0.256
0.256
0.259
0.276
0.270
0.263

Accu-
racy

0.314
0.349
0.302
0.325
0.317
0.397
0.286
0.286
0.286
0.294
0.294
0.310
0.373

Pre-
cision
0.342
0.301
0.301
0.363
0.323
0.319
0.296
0.296
0.296
0.296
0.266
0.300
0.394

Recall

0.367
0.313
0.286
0.294
0.322
0.370
0.311
0.311
0.311
0.232
0.280
0.360
0.314
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Table A-27: Meta model performances for classification (2/2)

Fea- F1- Accu- Pre-

Models || Settings tures Median | Mean Score racy cision Recall
DT CL all 0.714 0.707 0.370 0.262 0.290 0.412
HGBM | NoPip-CL 20 0.713 0.707 0.257 0.286 0.265 0.259
HGBM | NoPip-CL 30 0.713 0.707 0.257 0.286 0.265 0.259
HGBM | NoPip-CL all 0.713 0.707 0.257 0.286 0.265 0.259
DT NoPip-CL all 0.712 0.718 0.291 0.270 0.250 0.311
ET CL all 0.710 0.715 0.318 0.317 0.314 0.349
ET CL 20 0.704 0.704 0.250 0.286 0.259 0.272
GB CL 30 0.702 0.709 0.257 0.294 0.278 0.262
GB CL 20 0.701 0.705 0.255 0.294 0.260 0.261
DT CL 20 0.701 0.704 0.255 0.262 0.283 0.303
ET NoPip-CL 20 0.697 0.713 0.290 0.317 0.281 0.297
ET Extratrees| DT | Decisiontree | HGB | Histogram GB | GB S;zgiﬁ:g K-NN Eé?::t:ift

Table A-28: Meta model performances for regression

Models | Settings t':;::; Median | Mean Scz;es ﬁ:ﬁ; cli:srii-n Recall
GB NoPip-RE all 0.974 0.911 0.310 0.561 0.385 0.333
GB NoPip-RE 30 0.974 0.911 0.303 0.556 0.380 0.326
GB RE all 0.974 0.911 0.282 0.544 0.377 0.310

LogReg | NoPip-RE 20 0.973 0.906 0.280 0.556 0.241 0.333

LogReg | NoPip-RE 30 0.973 0.906 0.280 0.556 0.241 0.333

LogReg | NoPip-RE all 0.973 0.906 0.280 0.556 0.241 0.333

LogReg | RE 20 0.973 0.906 0.280 0.556 0.241 0.333

LogReg | RE 30 0.973 0.906 0.280 0.556 0.241 0.333

LogReg | RE all 0.973 0.906 0.280 0.556 0.241 0.333
DT RE 20 0.972 0.900 0.277 0.500 0.296 0.303
DT RE 30 0.962 0.893 0.273 0.500 0.367 0.287
GB RE 20 0.972 0.911 0.272 0.534 0.356 0.303
GB NoPip-RE 20 0.972 0.908 0.265 0.533 0.381 0.297
GB RE 30 0.972 0.910 0.254 0.528 0.338 0.291
ET NoPip-RE 20 0.972 0.910 0.252 0.539 0.301 0.296

ET Extra trees DT | Decision tree LogReg | Logistic regression GB | Gradient boosting
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(lll)  Execution and special input testing

An exemplary result and proof of functionality during execution testing can be taken
from Figure A-27. On the left, the user interface for classification is given, while on the
right, the regression interface is shown.

Meta-DPP: Meta Learning System for
Recommending Data Preprocessing
Pipelines for Machine Learning
Applications in Production

Meta-DPP: Meta Learning System for
Recommending Data Preprocessing
Pipelines for Machine Learning
Applications in Production

Dataset Dataset

Upload your Dataset a5 csv Upload your Dataset as csv

Drag and drop file here Dragand drop file here
Browse files

Browse files

[ Packaging CLcsv g6k < D Packaging_RE.csv

25043 02611 11127 5.0089 03182 00030
25043 0.2601 11127 25046 03182 -0.0039
75130 02591 11127 2.5043 03202 -0.0052
25043 0.2601 3 11127 0.0000 03202 -0.0011
0.0000 0.2611 4 17 25043 03202 -0.0011
0.0000 0.2611 11127 5.0089 03182 -0.0039
25043 0.2601 11127 0.0000 03192 00030
0.0000 0.2601 7 1 25043 03192 00003
00000 02611 11127 0.0000 03192 -0.0011
5.0087 0.2591 11127 25043 03192 -0.0011a

tion orregression dataset? Do you have a dlassification or regression dataset?

Classification

Which algorithm do you wantto use?

RandomForest

Only work with explainable methods?

yes

make arecommendation

You selected: RandomForest

03700
03500
02500
00300

Regression

Which algorithm do you want to use?

RandomForest

Only work with explainable methods?

yes

make a recommendation

You selected: RandomForest

Meanimputer+TargetEncoder+StandardScaler+SMOTE Mean|mputersOneHotEncodersStandardScalersRFE

isthe most recommended pipeline for your dataset is the most recommended pipeline for your dataset

Figure A-27: User interface and exemplary results of execution testing for both classi-
fication and regression
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Besides the execution testing, missing input testing was performed. In case of missing
inputs, Meta-DPP provides a recommendation, since the ML algorithm and explainable
methods are filled by default. Regarding the wrong inputs, the results in case a classi-
fication data set is inserted but regression task selected can be seen on the left of
Figure A-28. On the right of Figure A-28, the regression data set is inputted but learning
task classification selected. As it can be seen in the middle, a warning is provided but
Meta-DPP still is applicable.

Dataset Dataset

Upload your Dataset as csv Upload your Dataset s csv

& Drag and drop file here Srousefias ) Dragand drop file here Browse files

[) Packaging CLesv [} Packaging RE.csv ¥

Im CTRL P V... pSvolFil L pCut v
02611 11127 5.0089 03182 00030
0.2601 1127 25046 03182 00039
02591 1127 25043 03202 00052
0.2601 1127 0.0000 03202 -0.0011
02611 27 25043 03202 -0.0011
02611 11127 5.0089 03182 00039
0.2601 11127 0.0000 03192 00030

1127 25043 03192 00003

1127 0.0000 03192 00011

1m127 25043 03192 -00011a

Doyou have a classification or regression dataset?

Regression - Classification

Which algorithe do you want to use? Which algorithm do you want to use?

RandomForest - RandomForest
Only work with explainable methods? Only work with explainable methods?
yes - ves
Warning: only 2 targets detected Warning: over 1987 targets detected
Are you sure Regression is the correct ML task? Are you sure Classification s the correct ML task?
makea recommendation make arecommendation
You selected: RandomForest You selected: RandomForest

0.4800
0.3800
0.1000
0.0400

Meanimputer+OneHotEncoder+ZScoreSubstitution+ StandardScaler+RFE Medianimputer+OneHotEncoders StandardScaler+VarianceThreshold+RandNoise+SMOTE

is the most recommended pipeline for your dataset is the most recommended pipeline for your dataset

Figure A-28: Wrong input testing results (Wrong Input 1 left & Wrong Input 2 right)

In case a wrong data set is inserted, the warning arises that the wrong data set is
inserted. Besides that, two tests have been performed to identify if the feature regard-
ing the explainability works as intended. Figure A-29 shows the results of the explain-
ability input testing. On the left, the explainability is required, while on the right, the
explainability is provided as no.
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Do you have a lassification or regression dataset? Do you have a classification o regression dataset?

Classification Classification

Which algorithm do you want to use? Which algorithm do you want to use?

RandomForest RandomForest
Only work with explainable methods? Only workwith explainable methods?

yes no

make arecommendation make a recommendation

You selected: RandomForest You selected: RandomForest

Medianimputer+OneHotEncoder+StandardScaler+VarianceThreshold+RandNoise+SMOTE
is the most recommended pipeline for your dataset Medianimputer+OneHotEncodersStandardScaler+VarianceThreshold+RandNoise+SMOTE

is the most recommended pipeline for your dataset

Figure A-29: Explainability input testing results: explainability yes (left), no (right)

B.1 Code for Benchmarking

The code can be found in:
https://gitlab.cc-asp.fraunhofer.de/IPT_300/datapreprocessingandml/dpp-pipelines
B.2 Code for Meta-DPP

The code can be found in:
https://gitlab.cc-asp.fraunhofer.de/IPT_300/datapreprocessingandml/dpp-pipelines
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