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1. Introduction

1.1 Problem Statement

1.1.1 Growing Application of Computational Text Analysis in Research

Textual data, such as letters, social media posts, or newspaper articles, stand out as one
of the most valuable sources of information for studying and explaining human
behavior (Grimmer et al., 2022). Hence, it is not surprising that the systematic analysis
of textual content has a long-standing tradition in social science research, dating back
to the 17th century in the field of theology. Dovring (1954), for instance, describes one
of the first recorded cases of how the Swedish state church employed systematic text
analysis in 1743 to examine a collection of 90 hymns titled Songs of Zion, created by
unsanctioned sources, to determine whether they were blasphemous or aligned with
the Church religious standards. Using the identification of key symbols, the division of
content into favorable and non-favorable categories and the coding of values into these
categories, their approach contained many strategies at the core of modern
understanding of text analysis.

Naturally, research in the past has relied on manual approaches for text
analysis, commonly referred to under the term “content analysis”. Even though the
term “content analysis” itself was only first used in 1941, its core principles have been
an established research method since the beginning of the 20t century (Berelson &
Lazarsfeld, 1948).t The popularity of text analysis was further fueled by the rise of mass
media, which facilitated large-scale production and dissemination of textual content
(Chaffee & Metzger, 2001). Likewise, public opinion and communication research
emerged as a research field throughout the 20t century, examining phenomena such
as public discourse and rhetorical elements in textual content (Krippendorff, 2018).
One of the earliest examples of such work was conducted by Speed (1893), who
documented how New York newspapers between 1881 and 1893 shifted their focus
away from religious, scientific, and literary topics toward gossip, sports, and scandals.

Traditionally, content analysis is a labor-intensive process in which human
coders manually examine textual sources and assign categories or labels based on

predefined criteria. However, the exponential growth in the availability of textual data,

'In 1910, for instance, Max Weber at the first meeting of the German Sociological Society in 1910, proposed a
large-scale content analysis of the press
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coupled with advances in information technology, spurred the development of
computational approaches to content analysis (Hays, 1960; Stone et al., 1966). The
1950s marked the early adoption of such methods. For instance, Sebeok and Zeps
(1958) utilized computer programs to analyze Cheremic folksongs by testing for co-
occurrences of words within thematically similar paragraphs. Their pioneering work
demonstrated the potential of computational methods that could scale up manual
content analysis to explore completely new research questions and methodological
approaches.

The usage of computational methods then gained massive popularity during the
2000s, driven by technological advancements, better access to information
technologies, and a renewed emphasis on leveraging computational methods for
quantitative text analysis (Krippendorff, 2018; Macanovic, 2022). Grimmer and
Stewart’s (2013) influential article offers a valuable snapshot of computational text
analysis methods as they stood in the early 2010s, particularly within political science
research. Under the label text as data, Grimmer and Stewart offer a comprehensive
review of various types of computational text analysis methods (CTAM), including
dictionary-based approaches as well as supervised and unsupervised methods, such as
Random Forrest or Support Vector Machine (SVM) models, and specifically discuss
the methodological challenges of applying these tools in social science research.

One limitation of these early CTAM, however, was their lack of semantic and
contextual understanding, as they primarily relied on bag-of-words approaches. Such
approaches treat text as unordered collections of words, ignoring grammar, word
order, and nuanced meaning. This makes them effective for simple frequency or
exploratory analysis but insufficient for capturing deeper semantic or contextual
relationships. The introduction of Word2Vec and similar embedding approaches,
however, marked a methodological breakthrough (Mikolov et al., 2013). By mapping
words into high-dimensional vector spaces, text embeddings place semantically
related words closer together, thereby preserving contextual and semantic
relationships that term-frequency matrices cannot capture.

The usefulness of embeddings for analysing textual content was significantly
enhanced by the introduction of the transformer architecture by Vaswani et al. (2017).
Using their attention mechanism (i.e., the ability to weight the importance of different
words in a sentence relative to each other), advanced neural network architectures like
BERT (Bidirectional Encoder Representations from Transformers) (Devlin et al., 2019)

marked a significant leap in computational text analysis by enabling contextual
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embeddings, where the representation of a word depends on its surrounding text. This
is because attention-based model architectures process entire texts in parallel rather
than sequentially, allowing for a deeper and more context-aware understanding. The
transformer’s architecture further laid the groundwork for the development of state-
of-the-art large language models (LLMs), such as GPT-40 (Brown et al., 2020) or
Llama 3.3, (Touvron, Lavril, et al., 2023) which can capture complex dependencies and
generate contextually coherent text across diverse inputs.

Today, computational methods are more widely used than ever in social science
research, with computational content analysis emerging as a prominent approach for
addressing substantive research questions across a broad range of disciplines
(Bestvater & Monroe, 2023; Licht, 2023; Widmann & Wich, 2022). For instance,
analysing large corpora of politicians” speeches can uncover what drives the adoption
of populist or anti-elite rhetoric in political communication (Licht et al., 2024), while
studying online discourse on platforms like Reddit can help identify patterns of hate

speech or misinformation (Sen et al., 2022).

1.1.2 Empirical Measures of Social Constructs need to be Validated

A central application of computational text analysis in the social sciences is the
operationalization and measurement of social constructs within textual data. 2 1
provides an abstract visualization of this workflow.

Figure 1: Measurement of Social Constructs

Research Context: Social Science Research

f9—-Q -8B - & —m [0

Social Human Text Computational Numerical Analysis &
Construct Behavior Artefacts Methods Measures Knowledge
a ‘

T # Measures need to accurately capture the intended social construct _

As illustrated in Figure 1, this process begins with a social construct of interest,
such as attitudes, personality traits, or ideology. These constructs manifest in human
behavior, which leaves observable traces in the form of textual artefacts. Depending

on the research context, these texts can take various forms, from single-word responses

2 Throughout the text analysis literature, terms such as defect, categorize, assign, and measure are often used
interchangeably to describe the process of assigning numerical values to textual content as outlined in Figure 1. In
this dissertation, I adopt the term measure to describe the process of measuring social constructs in textual content,
aligning with the broader aim of operationalizing abstract concepts for empirical analysis.
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(e.g., the word “pathetic” in response to a social media comment) to large corpora or
even complete social media feeds (e.g., all social media posts on a specific platform).3
Through computational methods, these artefacts are systematically transformed into
numerical measures. This step enables researchers to apply statistical models and
generate new analysis and knowledge about the relationships between social
constructs. In this respect, computational text analysis aligns with the broader logic of
measuring latent constructs in the social sciences: empirical data are translated into
structured numerical representations according to explicit coding rules (Stevens, 1946;
see B. D. Wright, 1997). Unlike traditional content analysis, where human coders
manually assign numerical measures to specific text units, however, CTAMs depend on
algorithms to implement decision rules. Nonetheless, measures derived from
computational text analysis must adhere to the same quality criteria as other types of
social science measurements.

While three main criteria determine the quality of scientific measurement
instruments-i.e., objectivity, reliability, and validity-validity is the quality criterion that
is generally considered the most fundamental one. In essence, validity is the extent to
which a scientific measure captures what it is supposed to measure (Kelley, 1927; see
also Repke et al., 2024 for a thorough discussion). Validation is necessary because
multiple factors can lead to a situation where the numerical output of a measurement
instrument does not accurately capture the underlying construct.

To demonstrate validity4, researchers must provide convincing validation
evidence outlining that the measurement instrument accurately captures the intended
social construct and distinguishes it from unrelated phenomena.

Take the example of a survey attempting to measure political trust. A common
item might ask: “How much do you trust the government?” If respondents interpret
“government” to mean the current ruling party, while the researcher intended it to
mean public institutions in general, the resulting data will not validly reflect political

trust as theoretically defined. In this case, the issue lies in ambiguity in

3 Throughout this dissertation, I define textual data as any piece of textual information that has the potential to
offer sufficient insight into the construct being studied. In some cases - like measuring negative remarks about
certain groups - a single word may be enough. In others - such as measuring persuasion style - longer text units, at
least at the sentence level, are necessary.

4 Throughout this dissertation, I use the terms “validity” and “measurement validity” simultaneously since I focus
on validity in the context of measurement. In the social science literature, validity can also describe the features of
a research design, including aspects like internal validity (statement about causal relationships) and external
validity (statement about the generalizability of results) (Campbell & Stanley, 2015; Cook et al., 1979). In this
dissertation, however, the emphasis is specifically on measurement validity-how accurately a measurement
captures the intended construct.
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operationalization, one among many issues that can arise and distort the validity of
empirical measurements (Frenkel-Brunswik, 1949; Kajs & McCollum, 2009). In this
case, validation could include issues such as cognitive interviewing or empirical
pretesting, which can reveal how respondents interpret terms like “government” and
whether these interpretations align with the construct the researcher intends to
measure (Lenzner et al., 2023). Post-hoc validation, in contrast, can help detect
persistent issues in larger samples through techniques such as factor analysis or by
inspecting data for systematic response patterns.

Similarly, consider an example of a computational text analysis designed to
measure “empathy” in political speeches. This could involve training a machine
learning classifier on a dataset where texts labeled as “empathetic” contain words like
“care”, “help”, or “understand”. Hence, the model would learn to associate these words
with empathy and achieve high convergence with human-labeled data, generally
regarded as a crucial requirement for computational text classification. However, when
applied to real-world political speeches, the method could begin to label any text with
those words as empathetic-regardless of the broader context. For instance, the
sentence “We must help corporations thrive so they can care for their shareholders”
might be scored as highly empathetic, even though it arguably misses the intended
human-centered meaning of empathy.

Taken together, both examples point to several challenges for the measurement

- and the validation of - social constructs using empirical research methods.

1.1.3 CTAM Measures of Social Constructs are Challenging to Validate

Among social science measurement instruments, the validation of CTAM measures of
social constructs proves especially complex, centering on three key challenges.

1. First, the inherent ambiguity and multidimensionality of textual
content poses a fundamental challenge for any text analysis task. Because
social constructs are inherently abstract and not directly observable, they can
manifest in language in diverse and often ambiguous ways. The lack of genuine
ground-truth labels, combined with the multidimensional nature of textual
content, leaves room for multiple interpretations of meaning (Song et al., 2020;
Yeomans, 2021), complicating efforts to validate discrete measures of these

constructs inherent in textual content.
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2. Second, the limitations and biases inherent to computational methods
raise additional concerns, as they can introduce systematic errors into the
measurement process. This issue is exacerbated by the rapid advancement of
novel methods and modelss - particularly caused by the recent transition from
traditional machine learning models to large language models (LLMs) - which
has outpaced the establishment of validation standards within the research
community. As a result, researchers frequently deploy novel methods and
models without clear guidance on how method-related constraints and
peculiarities influence measurement validity.

3. Finally, the interdisciplinary nature of computational text analysis results in a
blending of disciplinary traditions and terminology. Researchers that
apply computational text analysis often integrate perspectives from disciplines
such as psychology, political science, and computational linguistics - each with
its own terminology and implicit best practices. As a result, researchers often
operate without a common understanding for assessing validity of CTAM
measures of social constructs, instead relying on fragmented practices and

vocabulary to structure validation.

In the next subchapters, I will dive deeper into each of the major challenges outlined

above.

1.1.3.1 Ambiguity and Multidimensionality of Textual Content

The literature on content analysis offers extensive background on the challenges of
measuring social constructs from textual content for scientific research (Krippendorff,
2018; Neuendorf, 2017). These challenges often stem from the inherent ambiguity and
multidimensionality of textual data, which differ significantly from more structured
forms of empirical data. In the following, I use survey data as a reference point, given
their central role in social science measurement and their established standards for
validity and reliability, to highlight key challenges in working with textual data. This
comparison does not exclude other data types commonly used in the social sciences,

such as experimental or medical data, but serves to illustrate most clearly how

5> Throughout this dissertation, I will refer to strategy as overarching measurement strategies (such as training/fine-
tuning or prompting an LLM), and mode! as specific computational models (e.g., XLM-RoBERTa or Deepseek-
V3)
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methodological approaches differ in the measurement of social constructs. An

overview of this comparison is summarized in Table 1.

Table 1: Comparison of Textual and Survey Data

Dimension Textual Data Survey Data
Data Collection® (Mostly) Passively collected (Mostly) Actively collected
(found data) (designed data)
Construct Conceptualization After the data collection Before the data collection
Data Dimensions Multidimensional Unidimensional
(various text features) (numerical values)
Operationalization Construct Judgement according to some Respondents’ feedback on
rules on which text features relate  designed questionnaire
to the construct items
Context-specific Yes No

interpretation of data
features possible?

At the beginning of the research process, text analysis usually starts with a
sample of texts that provides the corpus to be analyzed by the researcher. Unlike survey
data, which is actively collected with predefined constructs in mind, textual data,
however, is often generated organically, without any intent of being used for systematic
research (Howison et al., 2011). For example, Wikipedia has become a popular source
of study for scholars investigating issues such as gender bias (Pradel, 2021; Schmahl et
al., 2020) or online discussions (Xiao & Xiao, 2020). However, its content was never
designed to facilitate such inquiries-it was created to disseminate knowledge
collaboratively. Similarly, politicians’ speeches, social media posts, or party manifestos
are produced for practical or outreach purposes, not to answer specific research
questions. This data generation process fundamentally contrasts with survey data,
where researchers design questions, items, and sampling strategies to capture
precisely the constructs they seek to measure.

Additionally, textual data differ significantly from survey data in its
dimensionality and how constructs manifest themselves in the data. In survey
research, constructs are typically captured through well-defined and standardized

scale items, which produce data in a structured, unidimensional numerical format.

6 In this dissertation, I primarily work with textual data classified as “digital behavioral data,” which are digital
observations of human and algorithmic behavior recorded without the subject’s active participation. However,
most of the characteristics and challenges of “digital behavioral data” are also applicable for working with
“designed textual data”, i.e., open-ended responses in a survey field that require active participation by the
respondent.
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This format allows for a straightforward interpretation, where higher scores on a scale
directly correspond to higher levels of the construct being measured. Textual data, on
the other hand, is multidimensional and conveys meaning through a rich combination
of word choices, syntax, context, and cultural references. As Krippendorf (2018) states,
“texts do not have single meanings that could be found, identified, and described for
what they are” (Krippendorff, 2018, p. 23). Take, for instance, the construct of
“populist rhetoric” in political communication. In survey research, participants might
be asked directly whether they perceive a statement as populist, using survey scales
that measure dimensions of populism and producing numerical scores summarizing
participants' attitudes (Castanho Silva et al., 2020; Pauwels, 2017; Wuttke et al., 2020).
However, in textual data, populist rhetoric can manifest in varied ways-through the
usage of specific slogans like “drain the swamp”, statements about certain groups like
“the elite,” but also the usage of simpler language and vocabulary (Decadri & Boussalis,
2020). This diversity means that there are multiple valid ways to operationalize
constructs, complicating the decision of which features to consider.

Similarly, it becomes evident that seemingly objective text features, such as
specific sentences, can be interpreted differently depending on the reader’s linguistic
background, cultural and political context, and personal perspective (Artstein &
Poesio, 2008; Plank, 2022). As a result, textual features are inherently subject to varied
interpretations influenced by the context in which they are perceived and the linguistic
cues emphasized (Drisko & Maschi, 2016). A rich literature in the content analysis
domain demonstrates that human annotators often disagree when analysing the same
texts, even when provided with identical instructions (Krippendorff, 1980).
Accordingly, Krippendorff (2018) regards alpha agreement values between 0.667 and
0.8 as sufficient for tentative conclusions in scientific research, despite these
constituting notable disagreements among raters working under uniform conditions
and reading the same texts.” Unlike text data that allow for varied interpretations,
survey data provide a direct numerical measure of the social construct being studied
(i.e., the response value for a specific item on a Likert scale), thus offering a rather

objective data point that supports linear interpretation.8

7 As outlined throughout this dissertation, such context-independent thresholds can be questioned, as the acceptable
level of agreement may vary considerably depending on the complexity of the task, the ambiguity of the material,
and the intended use of the data.

8 This objectivity of the data does not relate to the traditional quality criteria of scientific measurement, i.e. validity,
reliability and objectivity. Instead, the focus here is on the features of the output data, i.e., the numerical values
that can only be interpreted in a linear way with higher values corresponding higher levels of the targeted construct
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1.1.3.2 Limitations and Biases of Computational Methods

In addition to the challenges inherent to text analysis outlined in the previous chapter,
relying on computational text analysis introduces its own set of limitations and biases
(Baden et al., 2021; Howison et al., 2011; van Atteveldt et al., 2021).

At its core, as Grimmer and Stewart (2013, p. 269) famously state in their first
principle of automated text analysis that “all quantitative models of language are wrong
(but some are useful).” Intuitively, Grimmer and Stewart point to the presence of
various sources of measurement mistakes that are introduced by quantitative text
analysis methods. This is important as random mistakes (errors), being uncontrolled
and incidental, can still be considered as part of a valid measurement instrument, as it
is expected that random errors cancel out across multiple measurements. On the other
hand, systematic mistakes (biases)? are more concerning, as they represent non-
random distortions that lead measurements to diverge from the true target construct
(Bound et al., 2001; Kimberlin & Winterstein, 2008). In the validation process,
researchers, therefore, need to assess whether the limitations of computational models
in a specific research design lead to systematic biases that could negatively impact the
validity of the measurement.

Below, I outline potential limitations and risk factors of computational
approaches to text analysis, together with their respective negative outcomes for the
measurement process in Table 2. However, given the heterogeneity of methods and
models that may vary across different computational workflows, I focus on two
common exemplary use cases in computational text analysis: (1) fine-tuning a
language model such as BERT, which involves relying on a pretrained model and
adjusting its parameters on a task-specific dataset, and (2) few-shot prompting, that
is, crafting specific input prompts to guide a language model such as Llama 4 toward

desired outputs without modifying the model itself (Touvron, Lavril, et al., 2023).

Table 2: Outcomes from Limitations and Risk Factors of Computational Methods

Outcomes

° The term bias is multifaceted and context-dependent, yet it consistently signals a form of deviation or distortion.
In NLP, it often refers to systematic patterns in data that lead models to reproduce social inequalities. In statistics,
bias is usually used as a technical term for systematic error - how far an estimator's expected value is from the true
value.
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Potential Use Case (1) Use Case (2)

Limitations Fine-Tuning Few-Shot Prompting
and Risk Factors (e.g., a BERT model) (e.g., a Llama 4 model)

- Model is trained on text - Prompted outputs reflect
Poor and Shallow features that falsely correlate shallow associations rather
Proxies with the construct to be than a true understanding of

measured the data

Technical
Innovations and - The heterogeneity of novel methods and models results in erroneous
Variability of or superseded model selections
Methods & Models

- Measures are sensitive to data (pre-)processing decisions
- Model is sensitive to hyperparameters selection

Researchers’
degrees of freedom - (No additional limitations and - Model is sensitive to prompt
risk factors beyond the general wording
ones)
- Initial pre-training data contains inherent societal bias
- Initial pre-training data contains cognitive bias
Algorithmic Bias - Labeled data are influenced by .
cultural perspectives and - Prompt design encourages
subjective judgments of biased answers
annotators
Interpretability - Intermediate representations are hard to interpret
.. - Modeltoverfits to training data - (No additional limitations and
Generalization and fails on out-of-domain risk factors)

data

1.1.3.2.1 Poor and Shallow Proxies

A major concern in both fine-tuning and prompting approaches is that machine
learning models often pick up on patterns only loosely associated with the intended
construct. When fine-tuning language models (1), models may latch onto superficial
text features that correlate with the target variable but fail to capture its conceptual
meaning. For example, methodological research by Hirst et al. (2014) vividly
demonstrated that a classifier trained to classify political ideology instead relied on
textual features related to incumbency status, which merely correlated with ideological
markers in the training data. Likewise, when relying on few-shot prompting (2), poor
proxies might manifest through surface-level associations embedded in the pretraining
data rather than by a deep understanding of the intended concept. A sentiment analysis
prompt, for instance, might yield overly positive interpretations of text containing

polite or formal language in a diplomatic setting, regardless of actual sentiment.

1.1.3.2.2Technical Innovations and Variability of Methods & Models
The rapid pace of technical innovation and the wide methodological variability

in computational text analysis increase the risk of using models and workflows that are
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erroneous or superseded. One key aspect that sets computational text analysis apart
from more traditional measurement instruments - such as surveys or interviews - is
the rapid pace of technical innovation and the high variability in available methods and
models.l° Traditional measurement approaches in the social sciences, like expert
interviews, benefit from well-established methodological frameworks and guidelines
that have evolved over decades (Bogner et al., 2009). In contrast, computational
methods are developing at an unprecedented speed, with new models and techniques
emerging continuously, both from proprietary and open-source providers.

For instance, companies like OpenAl frequently update their models, and even
major releases-such as Llama-2 (Touvron, Martin, et al., 2023) by Facebook - are
quickly superseded by newer and more powerful versions. Moreover, even when
researchers build on the same foundational models, such as BERT, the methodological
implementations of these models can differ significantly. These variations include
lightweight variants like ModernBERT (Warner et al., 2024), the use of adapter layers
(Houlsby et al., 2019), or task-specific adaptations such as BERT-NLI (Yin et al., 2019).
Additionally, the technical frameworks and libraries used to deploy these models can
vary significantly, as well as the technical dependencies of different versions and
packages that are used in the workflow, making it difficult to replicate findings and

detect methodological errors.

1.1.3.2.3Researchers’ Degrees of Freedom

Another risk factor lies in the wide range of decisions required by researchers
that can affect the outcome of the measurement process. For instance, researchers
usually process the textual data before feeding it into computational models, such as
conducting anonymization, removing meta-data, or filtering for subsets of the data
(Denny & Spirling, 2018). These preprocessing decisions can substantially affect the
measurement scores and, consequently, the outcomes of subsequent analyses,
potentially compromising the validity of the scientific findings. Moreover, as with most
computational models, the measures can also be influenced by the set of
hyperparameters used to train the models, such as learning rate, batch size, or the
number of epochs. Even slight modifications to these parameters can lead to
measurable differences in model performance or interpretation (Arnold et al., 2023).

Additionally, use case-specific workflows introduce further variability. For

instance, few-shot prompting (2) requires prompt design decisions, where subtle

19 For an excellent overview of state-of-the-art resources, see https://huggingface.co/
' One example for this is e.g., the “vLLM” framework (https://github.com/vlim-project/vlim)
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changes in prompt phrasing or the sequence of few-shot examples can lead to
significantly different outputs (Sclar et al., 2023; Zhao et al., 2021). For example,
prompting an LLM with the question “Classify all statements that can be seen as
populist?” might lead to a more inclusive response, accommodating a broader range of
interpretations. In contrast, asking “Classify all statements that are populist?” could
push the model toward applying a narrower, more definitive classification, potentially
excluding statements that are ambiguous or context-dependent.

1.1.3.2.4 Algorithmic Bias

It is also crucial to acknowledge that the data used for training language models
are not neutral; they often reflect and perpetuate societal biases embedded within them
(Bender et al., 2021; Guo et al., 2024; Pagano et al., 2023; Ray, 2023)

While a discussion of all possible biases is beyond the scope of this dissertation,
Guo et al. (2024) highlight two different sources of societal bias.

On the one hand, representational bias arises when certain demographic
groups - such as those defined by gender, age, race, religion, ethnicity, culture, political
orientation, or socioeconomic status — and their associated stereotypes are either
overrepresented or underrepresented in the training data (Alvero et al., 2024).

On the other hand, spatial and temporal bias refers to the influence of
geography and time on training data. Language models trained primarily on texts from
certain regions, especially Western countries, may internalize and reflect those cultural
norms while failing to adequately represent others (Santurkar et al., 2023; Talat et al.,
2022). Likewise, models trained on older texts may inherit outdated or prejudiced
societal values, such as racist or sexist language common in historical sources (Mehrabi
et al., 2022).

Beyond societal bias, a growing body of research highlights that language
models also replicate cognitive biases—systematic patterns of flawed human judgment
under uncertainty (Tversky & Kahneman, 1974). Various cognitive biases observed in
human behavior can be mirrored by LLMs (for an overview of relevant biases in the
field of medical language models, see Schmidgall et al., 2024). For example, consistent
findings show that LLMs exhibit availability bias, as evidenced by their tendency to
misclassify rare cases in imbalanced datasets, echoing the human inclination to rely on
more frequent and easily recalled patterns (Lin & Ng, 2023; Zhao et al., 2021).

Bias in language models can also emerge beyond the initial training phase.
During fine-tuning (1), it is important to acknowledge that the labelling of training data

is not value-neutral; it is shaped by the cultural perspectives and subjective
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interpretations of human annotators (Plank, 2022). These can vary significantly across
cultural and sociodemographic backgrounds, with the same expression interpreted as
either polite or rude depending on the annotator’s cultural context (Uma et al., 2021).
Such inconsistencies - especially when coupled with low-quality data - can further
entrench or amplify bias in measurements (Song et al., 2020).

Additionally, in the case of few-shot prompting (2), the way prompts are
designed—including the specific examples they contain—can influence model outputs
in ways that reinforce biases. For example, if all examples in the prompt label only
right-wing or left-wing slogans as “divisive,” the model may learn to associate
divisiveness exclusively with right-wing or left-wing discourse, reinforcing ideological

bias in classification.

1.1.3.2.5 Interpretability

All language models share a critical limitation: a lack of interpretability. This
means that the decision-making processes are buried in high-dimensional vector
representations and non-linear transformations, often requiring tools like LIME,
SHAP, or integrated gradients to approximate explanations (Molnar, 2020; Zhao et al.,
2024). Concerns about interpretability and the need for transparency in algorithmic
decision-making emerged well before large language models. The “right to
explanation” in the EU’s GDPR (Goodman & Flaxman, 2017), for instance,
underscored growing legal and ethical demands for machine learning systems that
make their reasoning accessible (Doshi-Velez & Kim, 2017). In the context of CTAM
research, interpretability is likewise crucial to understanding which textual features
drive model outputs to ensure these are caused by the features of interest, and not

spurious relations (Hirst et al., 2014).

1.1.3.2.6 Generalisation

Finally, limitations in generalization persist, primarily for fine-tuning
approaches (1). For instance, fine-tuned BERT models tend to perform well on in-
domain data but often falter in out-of-domain settings, indicating overfitting. A
classifier fine-tuned on parliamentary debates might not transfer well to social media
posts or news articles. A prompted LLaMA 4 model may generalize more flexibly due
to their broad pretraining, but performance can still degrade in domain-specific or

long-context scenarios-especially when the prompt lacks sufficient context.
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1.1.3.3 Blending of disciplinary traditions and terminology

While the definition of validity is relatively straightforward (“measuring what
[the measurement instrument] is supposed to measure”), in practice, CTAM validation
is further complicated by the blending of disciplinary traditions and terminology.
While these challenges are especially prevalent in the context of CTAM, they are not
unique to it and can also be found across various methodological disciplines and
subfields of social science research (Borsboom et al., 2004; Hughes, 2018; Kane, 2001).
As such, the term “validity” and the process of “validation” carry multiple
interpretations and are applied with considerable variability within social science
research.

“One notable example of varying understandings and terminology is the
evolution of the concept of validity in psychometric research- the research field
focusing on psychological and educational testing, predominantly using survey
instruments-which has devoted substantial resources and engaged in extensive
debates on the valid application of measurement instruments. In the early 20th
century, validity in the psychometric domain was conceptualized as a property of tests,
defined as the extent to which a test measures what it claims to measure (Kelley, 1927;
Ruch, 1924). Thus, validity was predominantly assessed by matching the content of
psychometric measures with theory (content validity) and by examining predictive
capabilities (predictive validity) (Hughes, 2018). In the 1950s, Cronbach and Meehl
(1955) introduced the concept of construct validity, which they viewed-unlike
contemporary interpretations-as a distinct type of validity. Construct validity
described a much broader concept of validity that is rather concerned with the
examination of a construct’s nomological net and required careful interpretation of
theoretical constructs within specific research contexts. With ongoing methodological
research, the 1970s and 1980s saw the rise of a unified approach to validity,
spearheaded by Messick redefined validity under an overarching concept of
construct validity, advocating for the use of multiple sources of validity-supporting
evidence-such as content-related and criterion-related evidence-to establish construct
validity. Thus, construct validity, in a unified sense, also emphasizes the importance of
contextual factors in assessing validity and encourages careful consideration of the
consequences of scientific interpretations and decisions derived from test scores
(Hughes, 2018). Today, the unified definition of construct validity remains the

prevailing perspective in the psychometric domain, as outlined in the Standards for
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Educational and Psychological Testing (American Educational Research Association,
2011).

As in psychometrics, political science has developed its own understandings of
different types of validation evidence—though these are often less formalized, reflected
more in evolving best practices than in codified standards. In political science, Adcock
and Collier (2001) carefully document the challenges of reaching consensus on
validation, particularly in efforts to bridge qualitative and quantitative traditions.
Beyond methodological divides and debates over the meaning of core constructs, they
point to a major source of confusion: the inconsistent and overlapping terminology
used to describe validation procedures. With more than 37 different modifiers applied
to the term “validity”—such as content, criterion, convergent, and construct—
validation emerges as a fragmented and continuously evolving process. This evolution
is often driven by the emergence of new research contexts that demand adaptations to
existing validation standards.

For instance, one commonly applied approach for validation is the comparison
of model outputs with human annotations. These human-generated labels are typically
treated as the gold standard-assumed to provide objective and accurate
representations of the underlying constructs. However, while they are essential for
grounding computational results in human interpretation, there is increasing
recognition that human labels alone cannot fully establish validity. In response to these
limitations, researchers often apply additional validation steps (see Grimmer and
Stewart, 2022). Yet these efforts are rarely coordinated or situated within a coherent
framework. This is because existing validation frameworks originate from fields such
as survey research and educational assessment, which do not fully address the unique
challenges posed by computational text analysis.

Collectively, these challenges - the ambiguity and multidimensionality of textual
content, the limitations and biases of computational methods, and the blending of
disciplinary traditions -result in a central issue: the lack of guiding frameworks and
guidelines for validating CTAM measures of social constructs (Baden et al., 2021;
Grimmer et al., 2022). Usually, researchers in the social sciences can resort to
methodological standards and frameworks - developed formally or informally within
methodological disciplines - such as those used in psychometric (American
Educational Research Association, 2011; Clark & Watson, 2019; Cronbach, 1951) or
content analysis research (Krippendorff, 2018). In contrast, as Baden et al. (2021)

argue, computational text analysis lacks comparable guidance, resulting in a
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disconnect between theoretically grounded validation practices and the rapid,
sometimes uncritical, deployment of large-scale computational text analysis methods.
This gap, ultimately, creates ambiguity about how validation should be conducted,

reported, and assessed in empirical research (Birkenmaier et al., 2023a).

1.2 The present dissertation

1.2.1 Research objectives

How can researchers ensure valid CTAM measures of social constructs? This
guiding question is at the heart of this dissertation by addresses foundational issues of
measurement validity and offering both conceptual and practical guidance for
improving CTAM measures of social constructs.

As such, I define three distinct research objectives:

1. Understanding contemporary practices in CTAM validation: While
validity is a core principle of empirical research, its meaning, scope, and
application are often underdefined in computational text analysis. The first
research objective of the dissertation is, therefore, to map current practices and
to empirically identify challenges for CTAM validation.

2. Developing conceptual and practical guidance for CTAM validation:
Building on the foundation of the first research objective, the dissertation then
seeks to develop a clear and transferable conceptualization of validity that is
grounded in the philosophy of measurement within the social sciences. At its
core, this includes conceptual guidance for researchers, the introduction of
shared terminology, but also practical guidance and tools.

3. Demonstrating the usefulness of the framework for improving
validation in empirical research: The third research objective is to
empirically demonstrate how the proposed validation framework can enhance
practical validation of computational text analysis.

Taken together, these contributions offer both a theoretical foundation and an applied
roadmap for more valid, transparent, and interdisciplinary computational text

analysis.

1.2.2 Contributions and Outline

Recognizing the research objectives, this dissertation aims to advance both conceptual

understanding and practical guidance for validation in computational text analysis
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methods. Guided by the overarching question of how researchers can develop valid
CTAM measures of social constructs, Figure 2 outlines the empirical contribution of
this dissertation in greater detail:

Figure 2: Overview of Empirical Contributions
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Part 1: Systematic Review (Chapter 2): The first part of the dissertation
systematically investigates how researchers validate computational text analysis
methods in applied settings. It addresses the guiding research question: How do
researchers validate? By reviewing existing validation practices and conducting expert
interviews, this part of the dissertation provides an empirical overview of common
approaches and gaps in current validation efforts.

Part 2: Framework (Chapter 3): Building on insights from the systematic
review, the second part of the dissertation develops a unified validation framework
designed to guide the validation for CTAM measures of social constructs. It addresses
the guiding research question: How can researchers validate? This part of the
dissertation presents the theoretical underpinnings of the framework and offers
practical templates and checklists to guide researchers in planning and documenting
validation procedures.

Part 3: Framework Application (Chapters 4 & 5): The third part of the
dissertation demonstrates the application of the framework in two distinct research
contexts that involve the measurement of politicians comunication. It addresses the
central research question: How can the framework be applied to guide measurement
validation? Focusing on the field of political communication, this part shows how the
framework can be adapted to suit different computational text analysis tasks and how

it can support validation.
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On the one hand, Chapter 4 presents a multi-method validation study that
validates measures of politicians’ public personalities operationalized through
the presence of personality cues in their public communication. In this study, I develop
and validate fine-grained measures of public personality for the traits of agency and
communion. This involves using various models - such as RoBERTa, Deepseek-V3, and
GPT-40 - and applying multiple validation techniques, including comparisons with
human annotations, the design of systematic tests, and sensitivity analyses of public
personality in the statements of German politicians and in the 2024 U.S. presidential
debate between Donald Trump and Kamala Harris.

On the other hand, Chapter 5 presents a study that highlights how the
framework can be applied to validate measures of politicians’ geographic
representation through the frequency and context with which they reference
locations within their constituencies. Rather than following a conventional construct
classification pipeline, this study focuses on validating location references, primarily
using named entity recognition and data linkage techniques.

Chapter 6 synthesizes the main empirical findings, discusses their theoretical and
practical implications, critically reflects on the study’s limitations, and concludes with

concluding remarks that bring the dissertation to a close.

1.2.3 Database

This dissertation utilizes a range of data sources across its empirical chapters.

Chapter 2 draws from a systematic literature review of reported validation steps
(i.e., specific tests to produce evidence for the validity of empirical measures).
Beginning with an initial literature search that resulted in 920 publications, we further
limited the publications using inclusion criteria and ultimately coded 96 peer-reviewed
articles in the field of political communication for different characteristics, such as the
method applied and construct targeted, as well as the validation steps that were
reported. In addition to the literature review, we carried out eight semi-structured
expert interviews to identify further activities researchers may engage in during CTAM
validation.

Chapter 3 is conceptual in nature and does not draw on any original empirical
data. Instead, it develops a theoretical framework based on the literature reviewed in

Chapter 3.
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Chapter 4 draws on a diverse set of public statements from 46 leading German
politicians covering the period from 2017 to 204. Three data sources are included:
First, a novel collection of 99 public broadcast interview transcripts across five major
German media formats (Birkenmaier, Sieber, et al., 2025). Second, a dataset of all
public Twitter and Facebook posts for these 46 politicians. 12 Third, transcripts of
parliamentary speeches held in the German Bundestag by these 46 politicians. In
addition to the corpus of German politicians, in the validation process, we also examine
a corpus of around 2,000 translated statements from the 2024 U.S. presidential debate
between Donald Trump and Kamala Harris.

Chapter 5 uses a dataset of all public Twitter and Facebook posts for 364
German politicians that were members of the German Bundestag between 2017 and
2024. In addition, to derive the measure of deprivation, it relies on data from the Point
of Interest Bund (POI-Bund)
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2. Understanding Contemporary
Practices in CTAM Validation

The first part of the dissertation systematically examines how CTAM measure
validation is currently practiced in social science research. It addresses the guiding
research question: How do researchers validate their measurements? To answer this,
I subsequently conduct a systematic review in the field of political communication
research that maps existing approaches to validation and identifies recurring patterns,
strengths, and shortcomings. In addition, I conduct expert interviews to provide
deeper insights into how researchers understand and implement validation in practice.
Taken together, this part of the dissertation offers a comprehensive overview of
contemporary validation practices and highlights key challenges and gaps that need to
be addressed to strengthen methodological rigor.

This chapter is based on the following publication: Birkenmaier, L., Lechner,
C. M., & Wagner, C. (2023). The Search for Solid Ground in Text as Data: A
Systematic Review of Validation Practices and Practical Recommendations for
Validation. Communication Methods and Measures, 1—29.

https://doi.org/10.1080/19312458.2023.2285765
2.1 Introduction

Over the past two decades, using text as data has become an increasingly popular
approach in communication research and continues to evolve rapidly. The term “text
as data” refers to the application of computational text analysis methods (CTAM) for
analyzing written or spoken language as a source of data in research. Whereas the term
CTAM encompasses diverse methods and applications, it commonly entails the use of
algorithms and automated software tools to analyze texts, varying in the extent of
human supervision required (Grimmer & Stewart, 2013). In communication research,
CTAM are usually applied to study and operationalize social science constructs,
namely, abstract and theoretical concepts which are not directly observable, such as
emotions, audience frames, or ideology (Krippendorff, 2018).

One of the abiding challenges for the application of CTAM, however, is to ensure
the validity of CTAM measures, that is, the extent to which a measure accurately

reflects the construct or phenomenon it is intended to measure (Adcock & Collier,
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2001; Kelley, 1927; King et al., 1994). There are several threats to the validity of text-
based measures. For example, the meaning of words and phrases can depend on the
context in which they are used, and this context can be difficult to capture and
interpret. In addition, text data can be noisy and ambiguous, with multiple meanings
or interpretations possible for a given word or phrase (Boxman-Shabtai, 2020;
Krippendorff, 2018). To address these challenges, researchers have developed a
plethora of validation approaches to demonstrate that their empirical measures,
nonetheless, validly operationalize the constructs of interest. So far, however,
methodological guidance for researchers as to how they should validate their text-
based measures is fragmented, and lacks conceptual clarity as well as a commonly
shared terminology (Baden et al., 2021; Grimmer et al., 2022). Therefore, researchers
are often faced with ambiguity on when and how validation should be conducted, as
well as determining criteria that indicate the effectiveness of well-executed validation.
We submit that without sufficient attention paid to measurement validity as the
foundation for empirical research, communication research will not be able to reap the
full potential offered by the increasingly sophisticated CTAM.

In this paper, we aim to lay the groundwork for a more principled and transparent
approach to validation for text as data. Our paper comprises a descriptive and a
normative part. In the descriptive part, we take stock of current validation practices to
provide an empirical foundation for a more systematic engagement with validity and
validation for CTAM. Toward that end, we carry out a systematic review of reported
validation steps (i.e., specific tests to produce evidence for the validity of empirical
measures) in the field of political communication. To enhance our understanding
beyond the scope of information available in published research, we further carry out
expert interviews to explore any additional activities that researchers undertake during
CTAM validation. In the normative part, based on this empirical overview, we then
derive practical recommendations and provide guidance on how researchers should
approach validation conceptually. Additionally, we offer a glimpse into present and
upcoming validation frameworks that may prove advantageous for researchers seeking

guidance in CTAM validation,
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2.2 Theoretical Background

2.2.1 Promises and Pitfalls of Text as Data in Communication Research

With the advent of digital sources, such as social media, blogs, and news articles,
researchers have been able to access and analyze unprecedentedly large and diverse
datasets to study a wide range of phenomena in communication research (Brady, 2019;
Edelmann et al., 2020). Concomitantly, advances in CTAM have made it easier for
researchers to analyze and extract insights from textual data. A variety of CTAM have
been developed which can be best grouped and defined according to their underlying
principles. Whereas rule-based methods usually define a finite set of rules to process
and classify texts into known categories, supervised methods allow a text model to
autonomously develop ways to predict known output categories. Unsupervised
methods, finally, are the least restrictive type of CTAM, allowing the model to derive
its own output categories based on observed patterns in the data (Baden et al., 2021).
Towing to the variety of applications and research contexts, CTAM have become
an increasingly important tool for studying communication (see Figure 3). For
example, previous research utilized CTAM to study integrative complexity of online
discussions (Dobbrick et al., 2021), media coverage and news frames (Baden &
Tenenboim-Weinblatt, 2017; Eisele et al., 2023), or communication styles of political

actors (Mueller & Saeltzer, 2020; Rudkowsky et al., 2018; Stier et al., 2018).
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Figure 3: Text as Data Publications within the Web of Science Database
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Notwithstanding the promising opportunities offered by computational
methods, measurement validity and the operationalization of complex latent
constructs raise significant concerns within political communication research (Baden
et al.,, 2021). These concerns are a direct result of the complexities involved in
quantifying social science constructs through textual data. Primarily, this includes the
latent nature of social science constructs that may manifest in textual data in various
forms. Because textual data is characterized by high dimensionality and complex
grammatical as well as syntactic structures, it is impossible to make specific and
definite statements about all predictable connections that exist between words in a text
(Yeomans, 2021). Consequently, even human coders usually do not arrive at identical
interpretations of the same text. Song, Tolochko, et al. (2020a), for instance, showed
that “gold standard” human-annotated labels can suffer from profound
inconsistencies, frequently resulting in low levels of inter-rater reliability between
human coders. The methodological literature on qualitative content analysis provides
extensive documentation on potential pitfalls, such as meaning multiplicity and
polysemy (Boxman-Shabtai, 2020; Ceccarelli, 1998), or the importance of context

(Mayring, 2004; Stemler, 2000).



The application of computational methods often comes with additional
challenges for validation. These challenges hail from the design of computational
methods that make implicit or explicit assumptions about how constructs manifest in
text. For instance, dictionaries often build on drastically simplified assumptions about
the structure of texts and ignore all sort of relevant textual information, such as
sentence structure or word order (“bag of words”) (Lowe & Benoit, 2013). More
complex models, in particular large language models (LLM) (see Devlin et al., 2019),
promise to solve some of these limitations. However, “black box” LLMs also come with
new methodological challenges for validation. Among others, prominent problems
include data leakage (Gibney, 2022; Kapoor & Narayanan, 2022) or systematic biases
in the training data, such as unrepresentative datasets, or model-inherent human

stereotypes (van Giffen et al., 2022).

2.2.2 Contemporary Approaches to CTAM Validation

Thorough validation, involving both theoretical reasoning and empirical evidence, is
an essential requirement when applying CTAM in empirical research. Validation
ensures that what is meant to be measured in the texts corresponds accurately to the
actual measurement. Likewise, validation helps researchers to minimize the
uncertainty inherent in any empirical measurement (see for instance, Flake et al.,
2017). Consequently, there should be no question regarding the overall necessity of
CTAM validation. Thus, Grimmer and Stewart (2013) underscored the need for
researchers to consistently “validate, validate, validate” (p. 2771) in their work. When
reviewing the literature, however, determining how to validate is often unclear. This
unclarity stems from the fact that conceptual and practical guidance on how to validate
CTAM measures is scarce and fragmented, prompting scholars to seek guidance from
other research fields.

On the one hand, researchers can refer to the general methodological literature
on validity in social and behavioral science research. Various general validation
frameworks exist in subdisciplines such as psychology (American Educational
Research Association, 2011; Flake et al., 2017), political science (Adcock & Collier,
2001; Goertz, 2008), or survey research (Lewis-Beck et al., 2003; Rammstedt et al.,
2015). However, guidelines on validation between these subdisciplines vary
significantly. Even more important, existing validation frameworks mostly emerged in

the context of research using survey and assessment data and, as such, are typically not
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tailored to the unique challenges associated with computational text analysis.
Furthermore, the terminology used to describe particular steps of validation can
exhibit substantial variations.!3

For more specific guidance to text analysis, scholars can turn to the literature
on qualitative content analysis, which has a long history of measuring social science
constructs from text.:4 However, the methodological literature on content analysis
usually neglects the incorporation of computational methods, instead concentrating
narrowly on human coding to conduct text analysis.

Therefore, in the absence of a comprehensive validation framework for CTAM,
researchers often adopt approaches used by similar studies, or conduct validation
using a mixture of different validation steps (Goet, 2019; Grimmer et al., 2022; Quinn
et al., 2010). Subsequently, we outline some major conceptual distinction that are
commonly used, albeit implicitly, to classify different types of validation steps.
However, it is important to acknowledge that these distinctions are neither precisely
defined nor exhaustive, primarily due to the lack of overall conceptual clarity in the
field.

2.2.2.1 Internal and External Validation

One key conceptual distinction can be made between internal and external validation
(Birkenmaier et al., 2023b; Grimmer & Stewart, 2013; Quinn et al., 2010). Broadly
speaking, internal validation relies on common knowledge or domain-specific tests to
demonstrate that the model and its measures appear plausible, while external
validation seeks to compare the obtained measures with external data. Hence, for
internal validation, validation steps typically involve various tests across the
measurement process which rely heavily on the researcher's judgment, with subtypes
being face validity, statistical validity, content validity, semantic validity, or

construct validity’s (DiMaggio et al., 2013; Grimmer & Stewart, 2013). External

13 For example, in the psychometric tradition, validity is often associated with the overarching concept of
“construct validity” which requires the collection of different types of evidence that support the validity of the
construct (Cronbach & Meehl, 1955; Messick, 1995). In the field of political science, Adcock and Collier (2001)
suggest testing for three types of measurement validation, where “construct validation” is just one type alongside
“content validation” (assessing the adequacy of the measure and its content) and “convergent/discriminant
validation” (determining its convergence with related or unrelated measures).

14 The term semantic validity, for instance, originates from the literature on content analysis and is usually used to
refer to the “extent to which each category or document has a coherent meaning” (Quinn et al., 2010) or “[being]
semantically coherent” (Greene & Cross, 2017).

15 Due to the lack of clearly defined terminology, some subcategories mentioned for internal validation can also
represent external validation for different interpretations (see construct validity for Adcock and Collier (2001)).
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validation steps, on the other hand, usually aim to compare the obtained measures with
independent information or exogenous events, with subtypes being convergent
validity, discriminant validity, concurrent validity, predictive validity, or hypothesis
validity (for a more detailed explanation, see Quinn et al., 2010). Thus, the strength of
external validation lies in its ability to showcase the performance of CTAM on “out-of-
sample” data, that is, independent of the data used to adjust and train the CTAM
(DiMaggio, 2015). Therefore, external validation is usually determined post-hoc, that
is, by inspecting the CTAM scores and comparing it with some form of external

information after the measurement has been conducted.

2.2.2.2 Gold-Standard and Non-Gold-Standard Validation

Another key conceptual distinction can be made between validation steps that involve
gold-standard data and those that do not (Grimmer et al., 2022). Gold-standard data
is typically meticulously hand-coded and presumed to be completely accurate and
objective, although this assumption may not always hold in practical settings.
Consequently, gold-standard data is often seen as the ultimate benchmark, whereas
validation steps that do not include gold-standard data are considered less meaningful

and require more reasoning by the researcher (Song, Tolochko, et al., 2020a).

2.2.2.3 Generic or Method-Specific Validation

Furthermore, one can also distinguish between validation steps that are universally
applicable, and validation steps that are only eligible for specific types of methods
(Birkenmaier et al., 2023b; Grimmer & Stewart, 2013). The literature on unsupervised
methods, for instance, proposes a great variety of metrics and validation steps to
demonstrate the consistency of topics for specific variants of topic models (Chan &
Saltzer, 2020; Chang et al., 2009; Ying et al., 2022). On the other hand, there are
generic validation steps that can be universally applied to different types of CTAM. For
example, these steps may include visualizing the model output or evaluating the

correspondence of measures with human-annotated data.

2.2.3 On the Need for a more Comprehensive Understanding of Validation

Given the heterogeneity of research contexts and validation steps available, it appears
natural that researchers need to adapt their validation approaches and cannot follow a

one-size-fits-all solution. Although using different validation strategies for different
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research designs is not problematic per se, it is, however, essential to arrive at
conceptual clarity and follow a shared terminology when it comes to validation.
Additionally, it’s vital to have a clear understanding of the minimal requirements for
validation. As outlined in the previous chapter, this is especially true for the question
of how to validate CTAM.

In practice, though, the lack of clarity in validation often leads to confusion, to
the extent that validation choices may seem arbitrary and hard to understand (Baden
et al., 2021). This is further compromised by the absence of any clear distinction
regarding the various forms of validation that are available to researchers. Likewise,
one can find significant discrepancies between reporting practices and, if applicable,
ways of providing reproducibility materials. Clearly, the ambiguity around validation
poses a problem for researchers, who can easily lose track of how they should validate
CTAM in their substantive research projects. Our core argument therefore is that we
need to take a more systematic perspective on CTAM validation. This is in line with
other researchers claiming that more unifying validation efforts are needed to show
“exactly how and how convincingly [CTAM] operationalize relevant conceptual
properties” (Baden et al., 2021, p. 14). To do so, however, we first need an
encompassing understanding of current differences and practices in the field of CTAM

validation.

2.2.4 Our Contribution

This paper contributes to closing this methodological research gap by tacking stock of
current practices of CTAM validation. To do so, we pursue a twofold approach. First,
we evaluate how studies that apply CTAM approach the issue of validation and identify
and categorize the main validation steps they take. To do so, we conduct a systematic
review of validation practices in peer-review publications from the field of political
communication. Specifically, we aim to answer the question of how researchers
validate CTAM. Second, we conduct expert interviews with scholars in the field of text
analysis to gain insights on more subtle and unreported validation activities. Based on
the assumption that researchers might conduct more extensive validation that,
however, may at times go unreported, the interviews aim to complement and
contextualize the information garnered from the systematic review. Together, we thus
aim to obtain a comprehensive picture of the current state of CTAM validation that will

enable us to 1) map the current field of CTAM validation and 2) derive normative
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statements and practical recommendations for applied researchers that can lay the

groundwork for a unified understanding on CTAM validation.

2.3 Research Design
2.3.1 Systematic Review

2.3.1.1 Literature Search

Any systematic review requires a clear focus. We deemed political communication a
very apt case in point for a review of validation practices for two main reasons. First,
this subfield has had a pioneering role in the application of CTAM for communication
research (Theocharis & Jungherr, 2021). Second, political communication constitutes
a highly multidisciplinary research field within communication research (Tenenboim-
Weinblatt & Lee, 2020), drawing heavily from different domains of communication
research (Song, Eberl, et al., 2020; Waisbord, 2019). Thus, although our systematic
review will focus on political communication as a case in point, we expect that the
validation practices identified in our review should align with similar practices in other
communication research domains. This is because the lack of a unified approach to
CTAM validation and even a shared terminology related to validation is a common
challenge across all subfields, as highlighted by Grimmer et al. (2022). Therefore, we
argue the conclusions and implications derived from our review will also be instructive
for researchers from other subdisciplines of communication research, indeed to any
research using text as data.

To start, we identified the five most cited peer-reviewed journals in both the
fields of communication research and political science research based on the Scimago
Journal Ranking (Scimago, 2022).16 Given the innovative character of many CTAM
publications, we further identified six journals based on their relevance of publishing
high-quality CTAM publications which were not listed in the initial journal list. The
selection of these additional journals was further confirmed by thorough discussions
with domain experts. Thus, we identified a total of 16 relevant journals (see Appendix
1 for a detailed justification and a complete list of journals assessed).

To search for relevant publications within these journals, we first relied on a

naive search strategy using a simple search string ((Politi* OR Party OR Govern*) AND

16 To conduct the review, we use a systematic strategy to transparently identify publications which rely on CTAM in social science research

(Durlak & Lipsey, 1991). To do so, we rely on the Preferred Reporting Items for Systematic reviews and Meta-Analyses (PRISMA), a
systematic search and evaluation procedure for academic literature (Liberati et al., 2009).
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text*). In a second step, we then added several keywords using the LitsearchR package,
an R package to facilitate quasi-automatic search strategy development (Grames et al.,
2019). To verify the effectiveness of our search string, we compared the results
obtained from our literature search with a curated list of exemplary articles that we
knew should fall in the scope of the review. These exemplary articles, which are listed
in Appendix 2, were thoughtfully selected by the primary author from different
journals and subdisciplines in political communication research. We successfully
located all these articles in our preliminary literature list. As a result, the final search
string contained several pruned terms related to text-based methods (e.g., “machi*
learni*” OR “sentim* analys* OR text*”) and the research field of political
communication (e.g., socia* medi* OR “parliament* record*) (see Appendix 3 for the
complete search string). As we wanted to describe only current validation, we further
limited our search to studies published after 2014. Ultimately, this resulted in a
preliminary literature list of 920 publications.

Next, we examined the title, abstract and keywords of all studies identified and
limited our analysis based on a clear set of eligibility criteria. Specifically, we stipulated
that the studies included in our review should apply a CTAM on a corpus of textual data
to measure at least one latent social science construct. To capture the complete
landscape of text analysis research, we deliberately adopted an inclusive definition on
what constitutes a social-science construct, ranging from rather abstract (e.g.,
sentiment or communication style) to multidimensional (e.g., populism or ideology)
constructs. As another eligibility criteria, we stipulated that only studies with a
substantive research focus were eligible, meaning that the goal of a study as stated by
its authors should be to answer an empirical and theory driven research question in
the field of political communication by means of CTAM. These eligibility criteria
narrowed down the number of relevant studies from 920 to 96. A cursory examination
of the excluded studies showed that these studies primarily utilized qualitative
approaches relying on hand-annotation, extensively discussed general characteristics
of CTAM and their implication for the broader research field or focused solely on
introducing or adapting a specific type of CTAM, or deviated from our political
communication focus (e.g., by studying argumentation patterns in judicial

documents).
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2.3.2 Coding Procedure

2.3.2.1.11dentification of Validation Steps
Figure 4 visualises the stepwise coding procedure for the 96 eligible studies we
retrieved. 17

Figure 4: Coding Procedure

Coding Procedure Reliability Metric
o , IRR (n =2)
Identification of self-contained . i
validation steps Joint probability of
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Coding into None
narrow categories Resolved through
(inductive) discussion

For step 1, we identified, for each study, sections of the article which reported any kind
of validation step. We defined a validation step as a complete and self-contained
validation activity, such as comparing the output of a CTAM with human-annotated
scores or using the CTAM scores to predict an external criterion. In order to faithfully
represent how researchers described their validation, we coded only those validation
steps that researchers themselves explicitly identified as a form of validation. To do so,
we screened the entire article for sections containing evidence presented with the
intent of validating the CTAM (stated explicitly, although perhaps not using the exact
terminology such as “validity”, “validation”, or “validate”). Most of the times, sections
presenting validity evidence were located before or after the presentation of empirical
results and contained terms such as “validity” or “validation,” or synonyms such as
“trustworthiness of results”, “evaluation of model performance”, or “reviewing the
results”. Whenever the authors of the respective study explicitly referenced validation
in supplementary materials, we also inspected and coded the validation steps reported
therein. For each validation step, we documented the whole section in the manuscript

and how its authors themselves reported the validation step. To guarantee the

17 All data used for the review, including a list of all studies included in the review (n = 96) and a list of all coded
validation steps, is available from https://figshare.com/s/7418783cfa9175c9848?file=39635053 (see Appendix 4).
Furthermore, an overview of the number of studies per journal is displayed in Appendix 5.
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consistency in identifying sections containing self-contained validation steps, two
coders independently coded a 20 percent subset of the studies, achieving a satisfactory
level of concurrence in identifying the validation steps within the text (with a sufficient

agreement rate of 82%).

2.3.2.2 Developing and Applying a Coding Scheme for Different Types of Validation
Steps

After documenting the validation steps in each study (step 1), we coded each
validation step according to its validation type (step 2 and 3). Because there is no
widely shared taxonomy of different types of validation steps in the research
community, we developed our own coding scheme based on the evaluation of previous
validation approaches (see our chapter on “Deciding How to Validate” in the literature
section). The complete coding scheme is visualised in Figure 5, and the process of
refining it is outlined in greater detail below.

Figure 5: Coding Scheme
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parameters”) output”) standard computational surrogate event”)
human- text-based data labels”)
annotations”) measures”)

We started developing our coding scheme by defining broad categories for
internal (i.e., validation steps that systematically evaluated the model and its output)
and external (i.e., validation steps that focus on comparing the output of the model
with other information) validation. We primarily distinguished between internal and
external validation since both categories share unique core philosophies-namely,
assessing the measurement model and its output (internal validation) and comparing
the output with external information (external validation) (see e.g., D. Maier et al.,
2021; Quinn et al., 2010). Based on this initial assessment, we further divided external
validation into comparison with gold-standard human-annotated data and non-

gold-standard data. As outlined in Grimmer et al. (2022), there is an in-depth
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exploration of the importance of gold-standard data, and its inclusion or absence forms
a critical component in the types of validation steps available. In the case that a
validation step was not clearly assignable into one of these broad categories, we also
provided an open category for further inspection.

After a first coding round, we then took a more inductive approach and, based
on the literature, subdivided and structured the coded validation steps into more
narrow categories. This was supported by an in-depth discussion between the authors
where the goal was to map applied validation strategies and to group them into related
categories of validation steps. As a result, we subdivided internal validation into two
sub-categories: model properties (i.e., evaluation of model parameters and
characteristics) and model output (i.e., evaluation of the output measures).
Additionally, for external validation, we established more detailed categories for non-
gold standard data, including CTAM labels (alternative text-based measures),
surrogate labels (other labels associated with the textual data), and external criteria

(external criteria unrelated to the textual data itself) (see Quinn et al., 2010).

2.3.3 Expert Interviews

In addition to the systematic review, we also conducted semi-structured interviews
(Helfferich, 2022) with a subset of the researchers whose work was included in our
review. To ensure their substantial familiarity with CTAM, we specifically targeted
these researchers who had a minimum of two CTAM publications in our literature
review, amounting to 45 individuals. Based on this initial list, we then applied a
purposive sampling strategy and selected a total of eight interview partners (Robinson,
2014). Our goal was to select a diverse group of experts to encompass a range of
perspectives and experiences on validation. Our selection criteria focused on
occupational status (including both senior and junior scholars), gender (including both
male and female scholars), and regional background (including scholars from different
countries and universities). Ultimately, the first author of this manuscript conducted
the eight interviews either face-to-face or via Microsoft Teams, lasting between 20 and
40 min (see Appendix 6 for the complete questionnaire). The recorded audio files were
then transcribed using the transformer-based language model Whisper (Radford et al.,
n.d.) and subsequently manually corrected. Interviewees were ensured anonymity by
declaring that they would remain anonymous, and their identity would not be revealed

to any third parties or people outside the research project.
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2.4 Results

2.4.1 Systematic Review

In the following, we present results from our systematic review. We begin with a

summary of basic study characteristics, followed by a detailed description of when and

how scholars reported validation.

2.4.2 Basic Study Characteristics

Figure 6 summarises the key study characteristics.

Figure 6: Study Characteristics
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Figure 6a displays the origin of the most prominent data sources, clustered into
major categories. Newspaper data constituted the most prominent data source
analzsed (n = 28), followed by Twitter data (n = 25), parliamentary records (n = 17),
and Facebook data (n = 16). Furthermore, researchers also worked with textual output
of the political system, such as party manifestos, campaign speeches, governmental
press releases or legislative documents.

Figure 6b shows the languages of the data sources used. The most dominant
language present in the data was English (n = 65). This is in line with earlier findings
on the dominance of English corpora in textual research (Pang & Lee, 2008). However,
other languages were assessed as well, either as part of multilingual projects (e.g., de
Leeuw et al., 2020; Maier et al., 2022) or in single-language studies usually focusing
on a specific country or region (Bustikova et al., 2020; El-Masri et al., 2021; Yang &
Fang, 2021).

Figure 6¢ provides information on the distribution of topics across the three
main types of CTAM, namely dictionaries, supervised, and unsupervised models.
Generally, all three types of CTAM were widely applied, with dictionaries being most
commonly used (43,8%), followed by supervised (39,6%) and unsupervised methods
(35,4%).18 Turning to the target constructs measured through CTAM in these studies,
one could observe a great variety that reflects the diversity of research topics in the
field of political communication. The most popular constructs were sentiments and
emotional attitudes (n = 27), topics (n = 21), and political frames (n = 9). However, the
distribution of research interests varied significantly between CTAM types. In the case
of dictionaries, the great majority of studies were interested in sentiments and
emotions, whereas unsupervised methods were commonly used to assess topics,
political frames, or ideological positions. For supervised models, constructs of interest
were more evenly distributed, ranging from issues such as polarization, sentiment,
emotion, rhetorical style, populism, or negativity. This indicates that supervised
methods are commonly used for the measurement of different constructs, which is not
surprising since supervised methods can be easily trained in cases for which
researchers have access to labelled data.

Lastly, Figure 6d provides information on whether studies provided access to

reproducibility materials, either code or data. Overall, 41 out of 96 studies did not

18 Note: Percentages do not round up to one, because studies might apply more than one method type within the
same project. Furthermore, 9,38 per cent of methods were not clearly assignable, such as using “black box” APIs
(n = 3), word embeddings (n = 3) or “others” (n = 2).
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report any reproducibility materials, which is worrying despite clear recommendations
for good scientific practice within communication research (B. N. Bakker et al., 2021;

Dienlin et al., 2021; Humphreys et al., 2013).

2.4.3 When Did Researchers Validate?

Next, we turn to the assessment of validation practices. To do so, we first
evaluate when researchers reported to validate CTAM by plotting the total number of
validation steps across studies.

Describing the number of validation steps per study is important for two reasons. First,
a higher number of validation steps should serve as a proxy for the importance that the
authors of a study place on validation, in particular for these instances where validation
is omitted. Second, the quantity of validation steps likely corresponds to the quality of
the validation procedure, as more validation evidence reduces uncertainty around the
validity of the measures, thereby enhancing the trustworthiness of the measures.
However, it’s important to note that a high count of validation steps doesn’t necessarily
imply a comprehensive and rigorous validation process (see Jankowski & Huber,
2022). Nevertheless, achieving sufficient validation necessitates the presence of

multiple complementary validation steps as a crucial requirement.
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Figure 7: Number of Validation Steps (Uni- and Bivariate)
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Figure 7a depicts the distribution of the number of validation steps per CTAM
applied.?9 The distribution is right-skewed, with most studies reporting one validation
step per text-based method applied. Most studies (85,4%) reported at least one
validation step (i.e., a complete and self-contained validation exercise), suggesting that
researchers acknowledged the crucial role of validation in CTAM research.

Figure 6b breaks down the distribution of validation steps by CTAM type. Most
studies that did not report any validation steps had applied dictionary-based methods.
These findings support earlier work of Chan et al. (2021) and van Atteveldt et al. (2021),
who argue that the convenience of using dictionaries is often accompanied by a lack of
attention paid to validity, in that researchers often refer to previous efforts validating

a dictionary, rather than presenting validation evidence themselves. For supervised

19 Because some papers applied more than one CTAM per project, Figure 5a depicts an adjusted distribution, as
we divided the number of validation steps by the number of distinct CTAM applied.
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methods, we counted at least one validation step for all publications included in our
review. Keeping in mind that supervised methods require some form of labelled data
to train the text model, these labels were also used by the researchers to evaluate the
CTAM’s ability to accurately predict these labels. For unsupervised methods, the
number of validation steps per publication varied the most, ranging from zero to six,

indicating a great variety of validation approaches.

2.4.4 How Did Researchers Validate?

Next, we turned to the evaluation of how researchers validate CTAM. The first thing to
stand out in the qualitative evaluation of validation steps was the absence of consistent
terminology. Only 9 per cent of the validation steps in our sample of studies (15 out of
158) explicitly qualified the type of validation step they referred to, such as “semantic
validity”, “face validity”, or “convergent validity”. This finding indicates that scholars
may not have a shared terminology for discussing explicit validation steps. Frequently,
researchers invoked validation practices to substantiate a vague notion of “validity” or
“reliability of findings.”

Figure 8 depicts the distribution of validation steps across different categories

for each method type.

Figure 8. Categories of Validation Steps
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In total, 34 per cent of validation steps related to internal validation, whereas 66
per cent of validation steps related to external validation. The most common type of
external validation reported was comparison with human-annotated labels (n = 57),
followed by other text-based measures (n = 22), surrogate labels (n = 19), and the
prediction of external criteria (n = 7). Furthermore, Figure 8 demonstrates that the
selection of validation steps may be influenced by the respective CTAM type. Whereas
internal validation practices were primarily adopted for unsupervised methods,
supervised methods were often accompanied by external validation.

To get a better understanding of the specific types of validation steps, Figure 9
provides a more detailed overview of the same data that, however, displays the concrete

validation steps which will be subsequently discussed in greater detail.
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Figure 9: Overview of Specific Validation Steps
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For internal validation, we broadly differentiated between assessments of the model

To assess the model properties, researchers relied on different validation steps to
evaluate the model parameters and its coherence with the model assumptions. For
supervised methods, for example, several researchers reported that they assessed
feature importance, that is, the evaluation of how much specific words or tokens
contributed to the prediction of labels (n = 4). For unsupervised models, evaluation of
model properties included the human inspection of dominant words for each topic (n

= 7) or the examination of individual word weights for scaling methods (n = 3), thus



making sure that theoretical assumptions regarding the orientation of words were
fulfilled. In order to assess the consistency of the methods applied, researchers
furthermore reported sporadically on quantitative model-specific metrics. In their
study on political agendas setting, Greene and Cross (2017), for example, inspected
various coherence metrics for different topic models and examined the higher-order
topic structure using a clustering approach.

2.4.4.1.2 Model Output

To assess the model output, researchers reported several validation steps, which
notably differed in their level of subjectivity.

On the one hand, several validation steps were based on some form of subjective
output inspection. Most of all, researchers applied face validity (n = 13), which was
purely argument-based and required no formal analysis involved. Usually, face validity
included the visual inspection of model outputs to evaluate, for example, the stability
and general trends of measures across time or across groups. On a slightly different
note, researchers also inspected texts that had extremely high or low measures (n = 7),
compared far apart or opposite placed texts from different groups (n = 77), or evaluated
general text characteristics (n = 2) and word-cooccurrences (n = 1) across known
groups.

On the other hand, more systematic approaches were applied as well to inspect
the model output. One example for this constituted intrusive texts detection (n = 3).
This validation step was applied to make sure that texts within the same category can
be distinguished from an unrelated and arbitrarily added text. Studies in our sample
applied intrusive text detection for both human coders (Garbe et al., 2021; Rossiter,
2022) and CTAM themselves (L. Huang et al., 2020). Likewise, different forms of error
analysis (n = 3) were applied as well (Dobbrick et al., 2021; Schub, 2022; van Atteveldt
et al., 2021). Usually, this included the identification of patterns in the mistakes made
by the CTAM with the goal of identifying systematic biases in the classification process
(see Burlacu, 2021). Another approach exclusively applied for unsupervised methods
was to rely on human judgement to assign meaningful labels to the most relevant words

for each topic and to assess inter-rater reliability (n = 6).
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2.4.4.2 External Validation

2.4.4.2.1 Comparison with Human-Annotated Labels

Comparison with human-annotated scores was the overall most often-reported
validation step in our review. In nearly all cases (n = 56), this included the coding of
texts via a previously defined codebook and the calculation of performance metrics
such as accuracy, precision, recall, or F1 score. Usually, this also involved coding by at
least two human coders and calculating the inter-rater reliability. In one case, a
pairwise comparison approach (i.e., repeatedly comparing text entities in pairs) was

used to label the data (J. W. Kim et al., 2021).

2.4.4.2.2 Surrogate Labels

Another form of external validation constituted the comparison of CTAM output with
surrogate labels, that is, independently obtained but closely connected characteristics
of the same or similar constructs (Adcock & Collier, 2001; Cronbach & Meehl, 1955).
Thus, surrogate labels were usually derived from human assessed labels (n = 9) or
contextual labels derived from the greater context of the data (n = 11). Starting with
human-assessed labels, researchers used both respondent data and expert ratings.
Whereas respondent data were typically survey responses from the same object
(Parthasarathy et al., 2019; Temporao et al., 2018), expert ratings were usually derived
from domain-expert knowledge, such as the left-right scores (rile) of the Comparative
Manifesto Project for party manifestos (Lehmann et al., 2022) or the Freedom House
Index for news coverage (House, 2022). On the contrary, contextual labels were usually
derived from the greater context of the data. Examples of contextual labels ranged from
committee (Fernandes et al., 2019; Greene & Cross, 2017; Rossiter, 2022) and party
labels (Bruinsma & Gemenis, 2019; Lauderdale & Herzog, 2016), labels from legislative
data or parliamentary transcripts, to mentions in newspapers (J. Gelman & Wilson,

2022).

2.4.4.2.3 Comparison with other CTAM labels

Next, comparing measures with other CTAM labels was another reported form of
external validation. For most of the cases (n = 15), this included the application of
dictionaries as a simple and easily applicable CTAM, followed by unsupervised (n = 5)
and supervised (n = 2) methods. In many cases, scores from other CTAM functioned
as a baseline model (e.g., Ballard et al., 2022), thereby providing evidence that the
CTAM was able to produce better benchmark estimates. However, some scholars took

a more interpretative approach by carefully inspecting and comparing the distributions
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of different CTAM outputs to detect similarities, but also inconsistencies across
measures (e.g., Rauh, 2018; Schub, 2022).

2.4.4.2.4 Prediction of external criteria

Finally, researchers also considered validation steps where the CTAM scores were used
to accurately predict external criteria unrelated to the textual data itself (n = 6). This
form of validation was especially popular for unsupervised methods, whereas no form
of this validation could be found in any of the dictionary studies. Examples of external
criteria predicted by the text-based measures ranged from specific events (e.g.,
parliament disputes based on the language used, see Gelman & Wilson (2022)) to other
forms of observable behaviour, such as politicians roll-call votes (I. S. Kim et al., 2018;

Lauderdale & Herzog, 2016; Rheault & Cochrane, 2020).
2.5 Expert Interviews

To further enrich and contextualize the information acquired from the systematic
review, we carried out expert interviews with eight of the researchers whose work was
included in our review. Given our assumption that researchers may undertake
additional validation that may go unreported, the qualitative expert interviews yielded
additional insights into researchers' validation practice. Subsequently, we first provide
a short overview of how interviewee understand and define CTAM validation.
Afterwards, we outline our findings on what additional validation steps interviewee

undertake that may go unreported in published papers.

2.5.1 What Is The Purpose Of CTAM Validation

When asked to outline the purpose of CTAM validation, most interviewees emphasized
that validation needs to establish a link between the constructs of interest and
empirically observed measurement scores. For text analysis, this was reported to be an
especially challenging task because texts were often passively collected and not
designed by the researcher. One interviewee argued:
“I[CTAM] are not going to give you anything beyond what's
manifestly in the content of the text. And the methods are, well, they
are not thinking for you, right? They're only going to give you
whatever patterns they are going after”
Therefore, as one interviewee noted, all text-based measures, from simple dictionaries
to LLMs, ultimately need to rely on proxies to operationalize the theoretical constructs

of interest. Thus, “validation ensures a real correspondence between the meaning of
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the proxy and the theoretical construct.” This was also described by two interviewees
as the “fit” between the theoretical concept and the obtained measures.

Moreover, several interviewees also acknowledged that the aim of CTAM
validation was to incorporate ,human judgment” or ,human insight” into the
computational workflow. Thereby, there was a general agreement among interviewees
that human judgment should not be restricted to the hand-coding of textual data but
should include a more comprehensive evaluation at different stages of the
measurement process. One interviewee thus described the goal of validation as
ultimately being “confident enough to use [CTAM] rather than reading and coding the
concepts by hand”.

2.5.2 Which Validation Steps Are Seldomly Reported

Generally, interviewees confirmed that they often carried out validation steps that,
however, went unreported in the resulting papers. As a matter of fact, these unreported
steps often related to internal validation across the research process, whereas reported
validation steps tended to focus more on external validation. As one expert noted, the
decision not to report validation steps was often driven by manuscript word limits:

“Because validating [a CTAM ca be] a bloody nightmare. There are

so many small things that you can do. And writing them up always

feels a little bit stupid. And you can fill an entire page, which the

reviewers will tell you to take out anyway. But you definitely did
that.”

On another note, interviewees bemoaned that it was often unclear to them what
exactly constituted sufficient validation that they needed to report. This was connected
to the general lack of concepts and guidelines for validation, a problem which was
repeatably brought up in the interviews. Whereas there was an agreement among
interviewees that guidelines and standards should be flexible enough to account for the
heterogeneity of research contexts and text sources, the absence of a theoretical
framework on validation was repeatably argued to come with profound practical
problems for the interviewees who were unsure on which validation steps to report.

The major validation steps interviewees mentioned to have conducted but not
reported in their work are displayed in Table 3, along with specific quotes from the

interviews.
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Table 3: Rarely Reported Validation Steps

Validation Step

Sample Quote from the interview

Competence Building

“What you're not going to see in the final paper about what we
have done is we read some EU law textbook on how to write
EU legislation [...] And then we knew that some directives [and
structures] are known for being complex”

Human Identification of Concepts

“If it's completely impossible for humans to identify a concept
of interest, then our text analysis approaches probably also
fail. Therefore, I think it's important to start reading text first
and trying to classify it manually and then you might realise
that it's not possible at all or you might need broader
categories, or you need to follow a different approach”

Justification of Preprocessing Decisions

“Justifying processing steps is part of validation. Like having a
reason for why you remove these stop words is part of
validation. And we need to think of this as part of validation,
because it really affects the outcomes. [...] And it is almost the
most difficult thing, because as long as all we have is a little bit
of rule of thumb, seat-of-the-pants, experience values there
and no real theory about why which processing steps would
have what kind of implications, this is really hard to do”

Inspecting Descriptive Statistics

“So, my take is usually if there is no descriptive pattern [in
the data], the project is dead basically. So, the first step
should and usually is to look at differences in vocabulary
between [categories], or conduct whatever exploratory
analysis, [such as comparing document lengths between
known groups]”

Qualitative (Error) Analysis

“So, all the measures that actually go beyond the quantitative
[evaluation of model performance metrics], they normally go
unreported. And if they are reported, they're only reported for
the model shells. [...] because, you know, reviewers’ length”

Rejection of Poorly Performing Models

“We developed also automated measures for topics but [they]
seemed to not really work out so we just dropped that [...]
thinking back now we could have reported that maybe in some
appendix at least. But we didn't, so we just concentrated on
what we thought works or what we could give some evidence
that it works”

Several interviewees noted that they often build up competencies to critically

engage with the constructs of interest prior to the conceptualization of measurement.

As an example, one interviewee who studies EU legislation noted that they had engaged

extensively with the technical literature on legislative writing, yet did not report doing

so in the paper because he felt uncertain whether this could be seen as validation

practice worthwhile reporting. Similarly, interviewees mentioned that they had

extensively immersed themselves in the textual data during the stage of
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conceptualization. For instance, one interviewee noted that before applying CTAM,
they often asked colleagues to identify the concept of interest on a small subsample of
texts.

Next, justifications of preprocessing decisions were also a seldomly reported
validation steps. According to one interviewee, this is because preprocessing often
involves “a little bit of rule of thumb, seat-of-the-pants experience values and no real
theory”. Therefore, interviewees often reported that they abstained from going into
detail by referring to some general note of standard preprocessing practices. Thus,
reporting and justifying the multiple project specific preprocessing decisions was often
disregarded.

Another unreported validation step brought up by the interviewees was the
inspection of descriptive statistics for text corpora prior to the analysis. According to
the interviewees, inspecting descriptive statistics usually helps to detect basic patterns
in the data. As one interviewee noted, “the first step should and usually is to look at
differences in vocabulary between [categories], or conduct whatever exploratory
analysis, [such as comparing document lengths between known groups]”.

Moreover, interviewees emphasized that qualitative error analysis is a validation
step that is often underreported. One interviewee underscored the significance of
qualitative error analysis, which entails the meticulous examination of wrongly
categorized texts, as a crucial step to better understand the biases and limitations of
CTAM. However, the interviewee expressed frustration regarding the reporting of
qualitative error analysis results, citing the absence of clear performance criteria as a
major hindrance. As a result, the interviewee reports that he also frequently omits
reporting these results from reports due to reviewers’ length.

Lastly, interviewees pointed out their frequent omission of details concerning the
rejection of poorly performing models. This practice commonly involved initially
experimenting with simple models like dictionaries before progressing to more
advanced models or adjusting their methodologies. According to the interviewees,
while the rejection of underperforming models might not be considered a direct
validation step (in the sense of providing validation evidence for a specific CTAM), they
believed it was still worth reporting because it provided valuable context for the
validation process.

In sum, three major themes emerged from the expert interviews: (1) the interviewed
researchers were aware of the importance of CTAM validation; (2) they noted a lack of

universally (or at least widely) accepted concepts and guidelines for researchers’; and
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(3) they appeared to engage in a variety of validation that they did not necessarily
report in the resulting manuscripts. This suggests that the relatively few validation
steps reported in most papers we covered in our systematic review may in fact

constitute only a subset of the complete range of validation activities.

2.6 Discussion

2.6.1 Critical Reflection

It would be an understatement to say that CTAM holds great promise for
communication research. CTAM offers many ways in which text analysis can be
improved and scaled to handle large quantities of texts. Notwithstanding the benefits
offered by CTAM, it is of crucial importance to devote sufficient attention to the
validation of text-based measures. Without sufficient evidence for CTAM validity, it is
unclear whether the inferences at which the researchers arrive in substantive research
can be trusted, and it becomes challenging to build a cumulative body of evidence.
Unfortunately, the question of how to best validate CTAM remains largely unresolved,
as several critics have repeatedly pointed out (Baden et al., 2021; Ribeiro et al., 2016).
This article aimed to lay the groundwork for a normative engagement with CTAM
validation by mapping the current field of current validation practices, which will
subsequently serve as a fundament for practical recommendations.

Our results show that, in terms of when validation was conducted, researchers
carried out validation for most of the studies assessed. However, for 14 per cent of the
studies, authors did not report any validation, and these cases were exclusively limited
to dictionaries. To evaluate how validation was conducted, we proposed an initial
classification of validation steps that (1) enabled us to review current validation
practices in a principled fashion and (2) can serve as the basis for a systematic
engagement with validity in future work. Our classification was based on a synthesis of
the general literature on validity in the social and behavioral sciences but accounted
for the specific use cases of CTAM. We primarily distinguished between internal and
external validation, a distinction that is common in the literature on validity (Grimmer
et al., 2022; Quinn et al., 2010). Our results show that authors leaned more towards
external than on internal validation. For internal validation, authors applied a plethora
of validation steps, both for the properties of the model and the interpretation of the

model output. For external validation, annotations by human coders were the most
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popular subject of comparison, followed by other CTAM labels, surrogate labels, and
the prediction of external criteria unrelated to the textual data.

Accompanying findings of our qualitative interviews suggested that researchers
furthermore carried out additional validation steps that they often did not report in the
published manuscript. According to the interviewees, most often, these validation
steps related to conceptual considerations, such as construct definitions and design
decisions, the iterative process of inspecting the data using descriptive statistics, and
the qualitative analysis of errors.

However, the predominant theme that emerged from this systematic
engagement with validity was the lack of consistency in how researchers justified the
selection and reporting of their validation steps. Thus, our empirical findings show that
validation was rarely grounded in a comprehensive conceptual understanding of
validity. This inconsistency extended to the terminology used, which varied
significantly across studies. Therefore, we subsequently take a more normative

perspective and derive practical recommendations based on our empirical findings.

2.6.2 Practical Recommendations to Improve CTAM Validation

To tackle the issue of conceptual ambiguity regarding validity, we present practical
recommendations for communication researchers based on our empirical findings and
the previous literature on validity. In a nutshell, our recommendations are that
communication researchers should (1) provide an explicit definition and
operationalization of the construct for their textual data, (2) always validate the
measure they use, (3) combine both internal and external validation, (4) always
compare their measures with human annotations, and (5) maximize transparency and
replicability. These recommendations are meant to provide communication
researchers with the guidance for validating CTAM that has so far been lacking in a
comprehensive manner.

Below we discuss each of these recommendations in turn. Afterwards, we will
additionally offer a preview of new and upcoming validation frameworks that might be
advantageous for researchers seeking guidance beyond the scope of our

recommendations.
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2.6.2.1 Justify your Construct Definition and Outline its Operationalization in Text

First and foremost, we strongly urge communication researchers to always justify their
construct definition and outline how the definition guides the operationalization of the
construct in the textual data. This is because the absence of a well-defined construct
makes it unfeasible to present validation evidence for CTAM, as the basis for evaluating
the measurement process remains ambiguous (Clark & Watson, 2019). Outlining the
construct definition and ways of operationalization is already well-established practice
for alternative research methods. The validation of survey scales, for example, typically
involves some form of content validation that is concerned with conceptual reasoning
on the domain and the operationalization of the construct (Adcock & Collier, 2001;
Drost, n.d.; Flake et al., 2017; Rusticus, 2014). We argue that, for text analysis,
conceptual considerations on how a construct manifests itself in text should be equally
important. This is of particular significance in the field of communication research, as
communication researchers delve into various social aspects where communication
plays a pivotal role (Craig, 1999). Given the diverse contexts and data sources that are
studied by communication researchers, it is imperative to provide precise definitions
of the constructs under study to prevent confusion and ensure methodological
soundness. Therefore, we explicitly recommend researchers to not only provide a
definition for their construct grounded in literature (see Podsakoff et al., 2016), but
also to discuss the implications of the definition for the measurement design, such as

data and method selection, or preprocessing decisions (Denny & Spirling, 2018).

2.6.2.2 Always Validate CTAM that Measure Social Science Constructs

In light of the increasing use of large language models by communication researchers
(Baden et al., 2021; Wankmiiller, 2022), we want to reiterate in the strongest terms
that validation is still an essential requirement for any measurement that involves
CTAM. Admittedly, results of our review indicate that most researchers in our sample
did validate their measurement, with the exception that dictionaries were sometimes
applied without validation. Therefore, we noticed a broad consensus in the studies
assessed that aligns with previous recommendations, for instance from Chan et al.
(2021) and van Atteveldt et al. (2021), who emphasized the importance of validating
due to the varying performance of CTAM across research contexts. However, there is
reason to believe that the question on whether rigorous validation is necessary could

be questioned by the promises of powerful pre-trained LLMs (F. Huang et al., 2023;
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Kuzman et al., 2023; Reiss, 2023). Thus, the promises of LLMs carry the danger that
communication researchers trust the output of these models blindly, without
accounting for the of various types of biases and limitations inherent to LLMs (as
discussed by Bender et al., 2021).

However, even the best model can produce unreliable measures when the
method is not suitable for the specific research context. Therefore, to minimize the
uncertainty inherent in any empirical measurement, it is essential to provide validation
evidence to establish the validity of any scientific measurement instrument (Flake et
al., 2017). While large language models can potentially aid researchers in the CTAM
validation process by generating synthetic data or suggesting alternative labels, it is
crucial to emphasize that human judgment and careful validation remain necessary to

ensure valid measurements.2°

2.6.2.3 Combine Internal and External Validation

Considering the lack of a generally agreed terminology, we advise researchers not to
become overly preoccupied with terminology for the time being. Instead, we suggest
that researchers focus on the primary differentiation in our coding scheme, namely
internal and external validation. This fundamental distinction between internal and
external validation aligns with core principles in validation theory, despite potential
variations in its terminology across literature (Flake et al., 2017; Loevinger, 1957).2
Based on this general distinction, researchers should then select and apply
different validation steps for internal and external validation. Combining internal and
external validation is important, as they provide two complementary perspectives on
the quality of the validation process. For instance, relying solely on external validation
carries the danger of model overfitting-an issue discussed in detail in Grimmer et al.
(2022). On the other hand, relying solely on internal validation might provide little
evidence that the model output converges with information outside of the textual

model.

20 Speaking more generally, our recommendation to always validate CTAM is also supported by the fact
that methodological research in the social sciences generally abstains from the idea that a measurement instrument
(i.e., a scale or a questionnaire) can be valid in itself and for all times, but can only be validated for specific contexts
(Hedrih, 2019). Consequently, within the methodological literature, validation is typically conceived as an ongoing
process that requires ongoing validation.

21 The Standards for Educational and Psychological Testing (2014), for instance, primarily distinguish between
“Evidence based on Internal Structure” and “Evidence Based on Relations to Other Variables.”
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Connected to that, it is important to apply different kinds of validation steps
because each validation step comes with limitations. For instance, Jankowski and
Huber (2022) have demonstrated that external validation using surrogate labels can
cause problems when the labels are inadequate substitutes of the underlying construct.
Similarly, relying solely on a single type of internal validation, such as post-hoc
plausibility checks (Lipton, 2017) where one attempts to “make sense” of the model
output or retrospectively assigns meaningful labels to topics in a topic model, can be
problematic. This is due to the human tendency to perceive meaningful patterns in
random or unrelated data (Cohen, 1960; Shermer, 2008), which can potentially lead
to misleading conclusions.

Thus, we argue that validation is not about stringing together validation steps
but rather aiming for a comprehensive and critical assessment of validity, including
both internal and external validation, to limit the potential errors and pitfalls for

different types of validation.

2.6.2.4 Always Conduct External Validation Using Human Annotations

Irrespective of the research context, we argue that human judgement should play a
crucial role in all aspects of validation, including both internal and external validation.
Nonetheless, we make a clear recommendation for communication researchers to
incorporate, at the very least, external validation using human-annotated labels in any
validation that includes CTAM. This is in line with guidance in the literature, which
generally highlights the crucial role of human-annotations as a clear standard for
evaluation in text analysis (Grimmer et al., 2022; Lacy et al., 2015; Lewis et al., 2013).
However, as Song, Tolochko, et al. (2020) point out, human annotations are not always
of high quality. Thus, researchers often put excessive trust in naively coded
annotations, while they often do not consistently and clearly report the exact
methodological details of the coding process. Therefore, we encourage researchers to
adhere to the rigorous methodological standards found in the content analysis
literature (Krippendorff, 2018). These principles encompass various steps, such as (1)
providing a well-defined description of the annotation task, (2) creating a codebook
through multiple feedback iterations, (3) adequately training coders on the codebook
while ensuring sufficient performance, and (4) employing a minimum of two coders to

calculate intercoder reliability.
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2.6.2.5 Maximize Transparency and Reproducibility.

Lastly, we argue that scholars should maximize transparency and
reproducibility of their validation. Transparency calls for the presentation of
robustness checks to ensure that the empirical findings are robust to researchers’
degree of freedom within the research process. Thus, by rerunning empirical analyses
across different settings, consistent findings can provide important evidence that
CTAM are robust against various issues. In our review, we observed several robustness
checks, such as for how to aggregate scores from lower to higher level (e.g., from
sentence to paragraph or document to corpus level) (Boukes et al., 2019), transforming
numeric to categorical measures (Baden et al.,, 2020; Mueller & Saeltzer, 2020),
selecting different number of topics in a topic model (Van Der Velden et al., 2018;
Yarchi et al., 2021), or choosing a different text-based method (Mueller & Saeltzer,
2020).22

To foster reproducibility, we advocate for adhering to open science standards,
such as publishing all materials including data, code, and non-restrictive
computational environments (e.g. a dockerfile), preregistering studies and submitting
registered reports, as well as conducting replication studies to verify computational
reproducibility (Dienlin et al., 2021, Schoch et al., 2023). In our review, we observed
that 42 per cent of studies did not report access to reproducibility materials.

Furthermore, we recommend that researchers should generally avoid utilizing
CTAM that are exclusively accessible through closed source blackbox APIs (such as
Perspective API, ChatGPT, among others) due to the lack control over these models.
Even worse, the models can undergo significant changes at any point without anyone
noticing because the algorithms and models behind them are constantly changing
(Rauchfleisch & Kaiser, 2020). This, in our view, poses an extremely problematic
scenario for computational reproducibility, which is the reason that we generally
abstain from using such APIs for research using text as data to measure social science

constructs.

2.6.3 An Outlook on more Unified Validation Frameworks

We are confident that the five recommendations outlined thus far will assist

researchers in improving their validation practices when applying CTAM. What lends

22 It is important to note that our list is not exhaustive as we did not explicitly document robustness checks in the
coding process.
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weight to our recommendations is that we based them directly on our empirical
engagement with validation in our review. However, it is important to recognize that
our recommendations, even though they provide strong conceptual guidelines on how
to approach validation, cannot equip researchers with all-encompassing practical
guidance for all scenarios involving CTAM validation. Therefore, we conclude this
chapter by providing a glimpse into recent and ongoing work concerning more unified
practical validation frameworks, designed to aid scholars in CTAM validation for
different research contexts.

Building upon the findings of this review, we propose a unified validation
framework, called ValiTex, specifically designed for the validation of CTAM measures
of social science constructs (Birkenmaier et al., 2023b). The contribution of our
framework lies in its practical character, as it provides a consistent terminology and
comprehensive guidance on various validation steps available to researchers. At its
core, ValiTex calls on researchers to demonstrate three overarching types of validity
evidence: substantive evidence (outlining the theoretical underpinning of the
measure), structural evidence (examining the properties of the text model and its
output), and external evidence (testing for how the measure relates to independent
information).23 For each overarching type of validation evidence, ValiTex defines a
detailed taxonomy of empirical validation steps that enable researchers to demonstrate
validity. To ensure practical guidance, all validation steps, together with detailed
description, are accessible via a checklist that is adaptable for distinct CTAM and use
cases.24

Similarly, researchers might also make use of method-specific frameworks
tailored towards specific workflows or methods that require validation. Often, these
method-specific contributions propose valuable workflows, targeted at the unique
challenges of validating specific types of CTAM. Recent examples of such method-
specific frameworks and guidelines target in particular unsupervised methods
(Bernhard et al., 2023; Chan & Siltzer, 2020; D. Maier et al., 2022; Terragni et al.,
2021; Ying et al.,, 2022) or supervised methods (see Chapter 20 on validation in
Grimmer et al., 2022; Park & Montgomery, 2023). While they tend to be geared
towards specific method-specific workflows, these approaches still furnish researchers

with practical and valuable guidance.

23 In the ValiTex framework, substantive and structural evidence constitute more fine-grained subcategories of
internal validation.
24 The framework and checklist are available at https:/www.valitex.info/.
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Moreover, there is ongoing research in a promising domain that is advancing
the validation of multi-lingual text analysis (for an introduction, see Licht & Lind,
2023). In particular, Baden et al. (2022) proposed a framework designed for the
validation of computational multilingual text analysis. In their framework, they
explicitly highlight the various challenges of working with multilingual data, such as
how comparable meanings are expressed differently across languages and provide a
workflow on how to best validate multilingual text analysis. They propose to follow a
process logic, including data validation, input validation, process validation, and
output validation. Similarly, Ho and Chan (2023) introduce a model-agnostic workflow
for validating the transferability of multilingual text analysis, that is, the extent to
which CTAM performance can be maintained when switching from one language to
another. For validation, they propose a workflow combining both quantitative and
qualitative tests to ensure transferability. Combined, these two frameworks serve as an
excellent illustration of how validation practices can be enhanced within a specific field
that was previously lacking coherence.

Despite notable variations in the terminology and the focus of the validation
frameworks presented so far, they constitute major steps toward addressing the
challenges associated with CTAM validation. Therefore, we believe that these
frameworks can serve as sources of valuable practical guidance for CTAM validation.
It is our hope that the empirical insight and practical recommendations gleaned from
our review can help to harmonize current methodologies and contribute to forming a

generally agreed understanding for CTAM validation.
2.7 Limitations and Directions for Future Work

We would like to note three limitations of our current work. Firstly, in the absence of
widely shared terminology and frameworks, we developed our own classification of
validation steps. Although this classification was firmly rooted in the validity literature
and discussions with domain experts, there is an inherent subjectivity in our
categorizations, and other researchers might have chosen different categories. Still,
from a pragmatic standpoint, we believe our heuristic classification has value in itself
and might be further adapted and discussed by other researchers (see Birkenmaier et
al. (2023b) for an extended classification of validation steps).

Secondly, in our systematic review, we only included publications within a
limited number of high-ranking journals. Because the research field of text as data is,

however, quickly developing, it cannot be ruled out that we missed relevant
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publications. Connected to the comparatively low number of studies assessed, we were
furthermore unable to make statements about how perspectives on validation changed
over time. Future research may have the potential to map the research field more
comprehensively. As results from our qualitative interviews point to the crucial role of
peer-review processes and journal requirement, further research could systematically
examine the role of publication outlets in shaping how scholars validate CTAM.
Lastly, our systematic review focused on political communication. We chose this
focus because political communication is a field that heavily utilizes CTAM and has
been pioneering many of the methods used in communication research. Given this
focus, the results of our systematic review cannot be directly generalized to other
subfields. However, in our view, there is little reason to believe that validation practices
in political communication are markedly different from those encountered in adjacent
(and often overlapping) fields of communication research. This is because the goal of
validation is usually to demonstrate that a measurement instrument measures what it
purports to measure for a specific research context. Whereas the precise research
contexts might change according to the factors such the research question and
constructs assessed (e.g., studying the effects of offensive language or different
communication frames), or the choice and characteristics of data (e.g., analyzing
Tweets with a strict 140-character limit or newspaper articles with varying length), the
underlying validation steps remain largely consistent across research fields. Even more
important, the absence of guiding frameworks and standardized vocabulary is a
common challenge across all social science research domains. Therefore, we argue that
the empirical findings of our review and especially our normative recommendations
for more rigorous validation practice hold relevance beyond political communication
for all subfields of communication research, and essentially for all social science
disciplines that employ CTAM to measure social science constructs. At the same time,
we invite researchers to expand our inquiry into validation practices — and how to

improve them — to other domains of communication research.
2.8 Conclusion

In conclusion, whereas CTAM validation remains a challenging task, we hope
that our review can contribute to a more systematic engagement with CTAM validation
for communication reserach. Based on a comprehensive review of current field of
CTAM validation, we derived practical recommendations that could be the starting

point to structure discussion around validation and avoid common pitfalls. Looking
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ahead, we encourage researchers to build on our work towards a solid methodological
foundation for CTAM validation that is guided by strong conceptual claims on what

constitutes sufficient validation evidence.
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2.9 Appendix
2.9.1 Appendix: Selection of Journals

Communication Research Journals (“Communication”)
https://www.scimagojr.com/journalrank.php?category=3315

1. Communication Methods and Measures

Political Communication

Communication Research

Digital Journalism

Journal of Communication

phwNN

Political Science Journals (“Sociology and Political Science”)
https://www.scimagojr.com/journalrank.php?category=3312

1. Administrative Science Quarterly (no eligible publication found)
American Sociological Review

American Political Science Review

Annual Review of Political Science (no eligible publication found)
Journal of Service Research (no eligible publication found)

SENE

Other journals considered

1. American Journal of Political Science
e Reasoning: Well established journal with proven record of publishing
CTAM studies for a wide range of topics associated with political
communication, such as party politics (e.g., Jung, 2020).
2. Political Analysis
e Reasoning: Well established methods-journal that discussed questions
of validation from an early stage on (e.g., Goet, 2019)
3. Legislative Studies Quarterly
e Reasoning: Well established journal with proven record of publishing
CTAM studies in the domain of parliamentary communication (e.g.,
Proksch et al., 2019)
4. Information, Communication & Society
e Reasoning: Journal with a focus on the impact of communication
technologies for society and political communication. Therefore, we
promised to encounter promising research using CTAM.
5. JOURNAL OF INFORMATION TECHNOLOGY & POLITICS
e Reasoning: Journal with a focus on the impact of communication
technologies for society and political communication. Therefore, we
promised to encounter promising research using CTAM.
6. Applied Linguistics
e Reasoning: Direct Reference to textual content
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2.9.2 Appendix: Benchmark Literature

o Goet, Niels D. ‘Measuring Polarization with Text Analysis: Evidence from the
UK House of Commons, 1811—2015’. Political Analysis 27, no. 4 (2019): 518—
39.

o Gilardi, Fabrizio, Theresa Gessler, Mael Kubli, and Stefan Muller. ‘Social
Media and Political Agenda Setting’. Political Communication 39, no. 1 (2
January 2022): 39—60.

o Di Cocco, J., & Monechi, B. (2022). How Populist are Parties? Measuring
Degrees of Populism in Party Manifestos Using Supervised Machine
Learning. Political Analysis, 30(3), 311-327. d0i:10.1017/pan.2021.29

o Schiirmann, L., & Stier, S. (2023). Who Represents the Constituency? Online
Political Communication by Members of Parliament in the German Mixed-
Member Electoral System. Legislative Studies Quarterly, 48(1), 219-234.

o Rossini, P., Sturm-Wikerson, H., & Johnson, T. J. (2021). A wall of incivility?
Public discourse and immigration in the 2016 US Primaries. Journal of
Information Technology & Politics, 18(3), 243-257.

o Eisele, O., Litvyak, O., Brandle, V. K., Balluff, P., Fischeneder, A., Sotirakou,
C., ... & Boomgaarden, H. G. (2022). An emotional rally: exploring
commenters’ responses to online news coverage of the COVID-19 crisis in
Austria. Digital Journalism, 10(6), 952-975.

2.9.3 Appendix: Search Terms

o Naive search
= (Politi* OR Party OR Govern*) AND text*
o Adjusted search
= Topic
e Political Communication
o (elect* OR govern* OR parti* OR polici* OR "social* media*" OR
polit¥)
e Textual Analysis
o ("autom* text* analysi*" OR "content* analysi*" OR sentiment*
OR discours* OR languag* OR "machin* learn*" OR text* OR
word* OR "comput* communic* scienc*" OR Corpus* OR
lexicon* OR Automa* Content* Analy*)

2.9.4 Appendix: List of Studies Included in the Systematic Review

Please follow this link https://figshare.com/s/7418783cfagf75c984{8?file=39635053

to get

- A complete list of studies included in the systematic review
- A complete list of validation steps coded for each study included in the

systematic review
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2.9.5 Appendix: Overview of Studies per Journal

Political Communication 4

Political Analysis 4

Journal of Information Technology & Politics 4

Information, Communication & Society 4

Communication Methods and Measures 4

Legislative Studies Quarterly 4

Journal of Communication 4

Digital Journalism 4

American Political Science Review 4

American Journal of Political Science 4

American Sociological Review 4

Communication Research

Figure 10: Overview of Studies per Journal
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2.9.6 Appendix: Interview Guideline

Introduction What is your professional background?
How is your work related to text analysis and political
communication?

Measurement Validity | How would you describe validity?

Have you come across different validity terms within
different research fields?

text methods?

Measurement validity
and computer-assisted

Have you come across different validity terms in the
field of computer-assisted text methods?

How would you describe the process of measurement
validation? Which steps are usually reported in the final
paper?

What approaches do you know to validate a computer-
assisted text method?

How would you describe the current state of
knowledge on validating computer-assisted text
method?

Challenges

Measurement Validity

What are the barriers that hamper the validation of
computer-assisted text methods? (Costs, missing

and CTAM guidelines etc.)
Do you have any ideas on how to improve the validation
of computer-assisted text methods?

Conclusion Is there anything else you would like to tell us?




3. Developing Conceptual and
Practical Guidance for Validation

The second part of the dissertation develops a unified validation framework for
CTAM measures of social constructs. It addresses the guiding research question: How
can researchers validate their measurements? Building on the insights from the
systematic review, this part of the dissertation offers both conceptual and practical
guidance. It introduces a clear and transferable conceptualization of validity, grounded
in the philosophy of measurement within the social sciences, and proposes shared
terminology to foster consistency in validation practices. In addition, it provides
practical tools in the form of templates and checklists to support researchers in pning,
conducting, and documenting validation procedures.

This chapter is based on the following publication: Birkenmaier, L., Wagner,
C., & Lechner, C. (2025). ValiText--a unified validation framework for CTAM
measures of social constructs. arXiv preprint arXiv:2307.02863.

https://doi.org/10.48550/arXiv.2307.02863
3.1 Introduction

CTAM measures of social constructs are difficult to validate (Baden et al., 2020;
Kantner & Overbeck, 2020). However, validation is necessary because measures
derived from textual data are often used as variables in downstream analysis. Hence,
if a text-based measure inaccurately represents the concept or phenomenon it aims to
capture, this can introduce systematic bias and errors in the research process.
Therefore, in order to determine whether a measure is a valid operationalization of the
underlying construct, it is crucial to thoroughly validate the relationship between text-
based measures and theoretical constructs (Hughes, 2018). To do so, the most
established method is comparing the output scores of computational methods with
human annotations that serve as a gold-standard benchmark (Grimmer et al., 2022).
In this paper, we draw attention to critical opinions suggesting that the mere
comparison of output scores with human annotations is insufficient for thorough
validation. This view is supported by a long-standing body of research in the social
sciences, which emphasizes the need to present multiple forms of validation evidence
to validate measures of social constructs effectively (Flake et al., 2017). In

computational text analysis, social scientists routinely employ a broad spectrum of
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validation strategies going beyond simple human annotation comparison
(Birkenmaier et al., 2023). However, strategies for validation are often diffuse, or lack
justification altogether. For instance, methodological frameworks and best-practices
are often transferred from specific social science subfields without fully accounting for
the specific nature of text-based measures (e.g., Adcock & Collier, 2001). Additionally,
inconsistencies in terminology further complicate the matter, as variability in language
and definitions can cause misunderstandings, or lead to validation steps being
deliberatively left out in the reporting of results (Birkenmaier et al., 2023a).

To address these concerns, this paper introduces ValiText - a unified validation
framework for CTAM measures of social constructs. As such, the framework aims to
fulfil three objectives: a) to stress the importance for researchers to provide different
kinds of validation evidence for computational text analysis, b) to define the key types
of validation evidence that are required for sufficient validation, c¢) to guide researchers
which concrete validation steps to apply for their text-based research, and d) to provide
a documentation template in the form of a checklist that can be used to document

validation efforts effectively.
3.2 Bias and Error in Computational Text Analysis

Validation is a necessary requirement for computational text analysis (Grimmer et al.,
2022; Krippendorff, 2018). Essentially, the purpose of validation is to uncover and
correct mistakes in the measurement process, ensuring that the output scores are an
accurate reflection of the true nature of the construct being studied. Mistakes in
measurement can arise from different sources, with varying consequences for the
validity of the measurement.

On the one hand, random mistakes (errors) can be seen as uncontrolled and
random errors that occur due to the limitations of the research design. These errors are
not inherently problematic for the measurement because it's assumed they will
neutralize each other. For text analysis, errors can be attributed to the inherent
complex and multi-dimensional nature of text, as well as to the uncertainty about how
social constructs are depicted in texts. For instance, language can often be interpreted
in different ways depending on the readers perspective, knowledge, or cultural
background. Examples of these characteristics are the presence of sarcasm or irony
(Ravi & Ravi, 2015), ambiguity and polysemy (Boxman-Shabtai, 2020; Roberts, 1989),
or context-specific references and interpretations (Krippendorff, 2018; Mayring,

2004). Furthermore, the construct that is to be measured (i.e., an emotion or a political
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topic) can often be expressed differently in text, thus allowing for multiple ways to
operationalize the construct of interest (Drisko & Maschi, 2016; Krippendorff, 2018).

On the other hand, systematic errors (biases) are more problematic, as biases
can severely compromise the validity of measurements. This is because social
constructs are typically used for further analysis as dependent or independent
variables to draw insights about real-world relationships. Biases arising from incorrect
measurements of constructs can negatively affect the clarity of these relationships, thus
severely affecting subsequent analytical processes. For text analysis, such biases may
result from methodological flaws or inherent prejudices in the methods or strategies
applied by researchers. For example, large language models (LLMs) may introduce
bias in the measurement process via the data used to train and test the models, either
via data leakage (Gibney, 2022; Kapoor & Narayanan, 2022), non-representative
datasets in respect to the measured construct (Cai et al., 2022), or model-inherent
human stereotypes (van Giffen et al., 2022).

Likewise, the text analysis pipeline is usually characterized by high researchers’
degrees of freedom (i.e., the various choices of collecting and analyzing data, see
Bakker et al. (2020)). Because computational methods require a variety of analytical
choices, starting from construct operationalization, model selection, data pre-
processing and model hyperparameters, researchers’ decisions often affect the
outcomes of analyses significantly (Arnold et al., 2023).

Ultimately, validation enables the researcher to identify bias — thereby reducing
the uncertainty around the measurement process. In other words, without sufficient
validation, researchers can never completely rely on the accuracy of their empirical

findings, regardless of whether they turn out to be correct or inaccurate.
3.3 A Critical Perspective on Human Annotations as a Gold-Standard

The most common way to ensure valid measurements is comparing text-based
measures with human annotations, often referred to as “gold-standard” data (Grimmer
et al., 2022). These human annotated labels are assumed to be entirely accurate and
objective to provide a sufficient benchmark for the true underlying concepts. The
foundation of this approach rests on the belief that human comprehension of texts
surpasses that of text models and that, when adequately trained, humans can achieve
the most accurate and valid text judgments (Song, Tolochko, et al., 2020b). Although

it's widely accepted that human annotations are essential to demonstrate validity, there
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is significant critique challenging the notion that human annotations alone are
sufficient for validation.

First and foremost, we must constantly be reminded that objective “gold-
standard” data does not exist. For instance, the content analysis literature, which
focuses on manually describing communication data using trained coders, usually
neglects the notion of a true underlying “gold standard” labels. Despite meticulous
efforts to ensure objectivity- such as providing comprehensive construct definitions,
utilizing double-blind coding, conducting inter-coder reliability assessments, and
thoroughly training coders (Krippendorff, 2018) - the literature emphasizes the
inherent variability in human perception. The differing interpretations suggest that the
context in which a text's content is perceived plays a crucial role in determining its
meaning (Drisko & Maschi, 2016). Thus, we need to detach ourselves from the idea
that gold-standard targets in the form of objective truths exist after all for social
constructs in texts.

Building upon this observation, human annotations frequently fall short of
acceptable quality standards. In particular when annotations are sourced from crowd
workers or untrained annotators, the quality of annotations can diminish due to factors
like varied levels of expertise, differing interpretation of guidelines, and potential lack
of motivation (Chmielewski & Kucker, 2020). Relying on Monte-Carlo Simulation and
simulated data, Song et al. (2020) vividly illustrate that low-quality human
annotations can impact the results derived from empirical measures. In their study,
Song et al. systematically varied factors such as the sampling variability, the number
of human coders, the size of the validation data, or the required level of intercoder
reliability, and showed that these factors significantly affected the classification
accuracy on the “true” labels of their simulated textual data.

Likewise, when researchers rely on surface-level correlations, it often prevents
them from gaining context-specific insights into the measurement. This can lead to
flawed conclusions, potentially caused by systematic bias or low quality data (see
Daikeler et al., 2023). A striking illustration of this is provided by Hirst et al. (2014),
who showed that a machine classifier designed to identify political ideologies
erroneously focused on incumbency. This error occurred because incumbency was
more easily detected by the model and coincidentally correlated with ideology in their
dataset. To identify these more fine-grained limitations, more nuanced validation

strategies beyond output comparison are required.
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3.4 Deriving the Validation Framework

We suggest a validation framework for text analysis that complements the mere
comparison of output scores with human annotations. We build upon earlier work of a
systematic review conducted in the field of political communication (as outlined in
Birkenmaier et al. (2023)). In the systematic review, we documented more than 20
different types of validation evidence and grouped them into overarching categories.
Furthermore, we conducted expert interviews to further document additional activities
that researchers undertake during validation, but do not usually report.

Ultimately, the development of the ValiText framework followed two main
stages: first, we defined the fundamental types of validation evidence needed for text-
based measures of social constructs. To do so, we extended the broad categories of
validation evidence identified in the systematic review and embed them into well-
established practices within the social science literature. Second, we gather an
extensive list of empirical validation steps (i.e., specific tests that can be executed to
produce validation evidence) for each type of validation evidence. Each step is
meticulously detailed in a checklist, providing practical guidance to researchers for

different use cases.

3.4.1 Types of Validation Evidence

There are multiple approaches on how to separate different dimensions of validation
evidence for text analysis conceptually (Fang et al., 2022; Grimmer et al., 2022; Quinn
et al., 2010).25 We initially build on the conceptualization introduced in Birkenmaier
et al. (2023) who differentiate between internal and external validation evidence.
Whereas internal validation relates to the systematic assessment of the measurement
model and its output, external validation relates to the comparison of output scores
with independent information. Empirically, these two fundamental types of validation
evidence serve as a useful distinction of the underlying motivations in the validation of
text-based measures, i.e., understanding the characteristics and limitations of the
measurement process (internal validation) and demonstrating that the output scores
are empirically linked to alternative measures or criteria (external validation).

In order to integrate our framework more deeply with established measurement

theory, we build upon and expand Loevinger's (1957) conceptual validation framework

% For a detailed discussion, see Birkenmaier et al. (2023)
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for use in computational text analysis. At its core, the conceptualization of Loevinger

Figure 11: Three Fundamental Types of Validation Evidence

Internal Validation

External Validation

I. Substantive Evidence

Il. Structural Evidence

I1l. External Evidence

Test for how the

Outline the i
theoretical Examine and evaluate measures relates to
L | : )
underpinning of the :r:sdperlost):drtilgsoﬁﬂ;i thEf Independent
measurement p information or

criteria.

(1975) incorporates three fundamental types of validation evidence, i.e., substantive,
structural, and external evidence. Traditionally, these types of evidence are associated
with the developmental phases of creating measurement instruments for social
constructs: constitution of the item pool based on theory and construct definition,
analysis and selection of the internal item structure, and correlations of the construct
with external constructs (Clark & Watson, 2019). As such, these three types of evidence
are mutually exclusive and exhaustive to all types of validation evidence, and
mandatory to demonstrate measurement validity. Figure 11 presents these
fundamental types of validation evidence adapted to the context of text analysis. As
described in more detail below, substantive and structural evidence pertain to internal
validation, and external evidence pertains to external validation. For text analysis, to
provide substantive evidence, researchers need to outline the theoretical underpinning
of the measurement. To provide structural evidence, researchers should examine and
evaluate the properties of the text model and its output. To provide external evidence,
researchers should test for how the empirical measures relate to other independent
information or criteria.

One advantage of adapting this tripartite structure of substantive, structural,
and external evidence is to avoid confusion with established, but often confusingly used
validity terms such as “discriminant validity” or “face validity” in the context of text
analysis. Nonetheless, we map established validity terms to each stage of the
framework and provide a complete overview in Appendix 1.

Lastly, we also add a separate section about robustness checks (i.e., reporting
alternative specifications of the measurement). As Grimmer et al. (2023) note, small

changes across the measurement design can dramatically change measurement
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outcomes, and a transparent reporting of alternative measurement designs effectively

provides evidence for measurement validity.

3.4.2 Selecting Validation Steps

For the selection of empirical validation steps to the checklist, we initially start by the
documentation of validation steps identified in Birkenmaier et al. (2023). For instance,
examples for internal validation are feature importance analysis, and comparison
with human annotations for external validation. In addition, we also consider
validation steps that were brought up in the expert interviews with domain experts as
validation activities that are rarely reported, such as manual pre-coding of human
annotators or qualitative strategies for error analysis.

One aspect to overcome is that some validation steps only apply to a specific type
of text-based method, such as inspection of topic coherence metrics for topic
modelling, or require different techniques for different methods, such as feature
importance analysis. Therefore, we initially define the validation steps in a broad way
to capture the underlying idea of each validation step. In the checklists, however, we
provide a more detailed overview of different use cases, also including potentially
context-specific, tough meaningful validation steps. To identify validation steps
beyond the ones reported in social science publications, one of the authors with a
background in computer science further complemented the existing list of validation
steps with an evaluated opinion on state-of-the-art steps validation strategies in the
broader research field of natural language processing (NLP).

After selecting the validation steps, we carefully classify and document each
validation step in the checklist. For each validation step, we include its name, a brief
description, implementation methods, and a classification indicating whether the
validation step is generally applicable or context-dependent. Additionally, we provide
references to practical applications and further literature.

Nonetheless, it is important to note that our current selection and description of
validation steps does not claim to be complete, nor that new strategies and tools should
not be included. Therefore, we implement a participatory process that will allow
researchers to add and discuss specific validation steps via an open repository on
GitHub that allows researchers to subsequently suggest new validation steps and

practical tools that can be documented using the frameworks’ guiding structure.
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3.5 Overview Framework

Figure 12 presents the final framework distinguishing between different subtypes of
validation evidence. In the following chapters, we will primarily discuss the core
subtypes of validation evidence and the respective validation steps in the checklist in
greater detail. In Appendix 2 we further discuss the context-specific subtypes of

validation evidence that can further supplement validation efforts.
Figure 12: ValiText Framework
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Before conducting any measurements, researchers should outline the
theoretical underpinning of the measurement to demonstrate substantive evidence.
This can be done by documenting and providing justification for all conceptual
considerations prior to measurement. Validation steps for substantive evidence should
therefore demonstrate that the measurement is based on a strong conceptual
foundation and that all design decisions are sufficiently justified based on the

conceptualization of the construct.

Table 4 displays the validation steps that provide substantive evidence.
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Table 4: Validation Steps for Substantive Evidence (Context-Independent)

ID Validation Steps

Considerations

Implementation

Reference

Conceptual Foundation

Construct Definition & Operationalization

I.1  Documentation of

Have I conducted a literature

Summarizing existing

Krippendorf

can be detected in the textual
data? Have I outlined my rules of
coding uncertainty across coders?

the conceptual review or consulted with domain literature on the conceptual (2018)
background experts to gain a sufficient background of the construct
understanding of conceptual
background of the construct?

I.2 Documentation of Have I sufficiently explained how Providing definition and Krippendorf
the the construct should manifest conceptualization of the (2018)
operationalization itself in the textual data? Have I construct
and codebook documented my
development operationalization in a codebook?

I.3 Manual Precoding Have I reached sufficient Reaching sufficient Krippendorf
interrater agreement for a interrater agreement (e.g., (2018),
subsample of the textual data? Krippendorff’s alpha a) Plank
Have I ensured that the construct (2022)

Design Decisions

or phrases?

I.4 Justification of Have I selected a dataset that is Outlining the rationale Krippendorf
data collection representative and relevant to the  behind data selection / (2018)
decisions research question and population  collection decisions;

of interest? Have I justified the Documenting potential
data selection decisions (e.g., limitations and data quality
using keywords)? Have I assessed  issues

the quality and completeness of

the dataset and checked for

potential biases or

inconsistencies?

I.5 Justification of Have I selected the appropriate Outlining the rationale Grimmer et

method choice type of method based on the behind method selection; al. (2022)
operationalization of the Documenting potential
construct and data limitations in comparison to
characteristics? Have I justified alternative methods
the concrete selection of a
particular model?

1.6 Justification of Have I selected the appropriate Outline the rationale behind  Jankowski
the level of level of analysis? Have I the selected level of analysis & Huber
analysis considered potential problems (e.g., token, sentence, or (2022)

when aggregating measures from  paragraph level).
lower to higher levels (e.g.,
sentence to paragraph level)?

L7 Justification of Have I justified relevant changes = Outlining the rationale Grimmer et
preprocessing to the text prior to the analysis, behind preprocessing al. (2022)
decisions such as removing certain words decisions

Note: An interactive version of the checklist is available online at https://www.valitex.info/

Construct definition and operationalization. Usually, researchers

should start with documenting the conceptual background (1.1) of the construct. This

may involve referencing previous definitions or research on the construct's
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dimensionality and its manifestation in language. Next, researchers should provide a
Jjustification for the operationalization (1.2), creating a connection between the
construct definition and the textual data. As an example, if researchers aim to measure
polarization in political discourse, they could make the argument that heightened
polarization is likely to result in the use of more distinct vocabulary, as supported by
previous studies (Lowe & Benoit, 2013; Peterson & Spirling, 2018). To test their
operationalization, researchers then need to conduct manual precoding (1.3) where
two or more coders manually label a subset of the data to determine if the construct is
sufficiently defined and discernible by human coders.2¢ If researchers see that the
coding task is too subjective, they can adjust their operationalization, possibly
considering “learning from disagreement” methods (see Uma et al., 2021).

Design Decisions. Based on the construct definition, researchers must
demonstrate that their design decisions are rooted in the conceptualization of the
analytical construct. Crucial design decisions involve outlining the criteria for data
collection (I.4), method selection (I.5), level of analysis (I.6) and preprocessing
decisions (I.7). Broadly construed, design decisions should primarily be derived from
the construct definition and its operationalization. This is to navigate through what
Gelman and Loken (2016) call a “garden of forking paths” — having to take and justify
multiple decisions in a setting of high researchers degree of freedom.

For instance, for the justification of data collection decisions (1.4), researchers
can critically discuss general considerations on the origin of the data, such as the level
of knowledge about the author(s) and the data generation process. Usually,
researchers are interested that their text corpus comes from the units of analysis they
want to make statements about (i.e., social media users) and not about automated
bots or other unknown units.

Another example of relevant design decisions relates to the justification of the
level of analysis (1.6) at which the construct should be measured, such as the
sentence, paragraph, document, or corpus level. Here, researchers need to rule out a
misalignment between the presumed manifestation of the construct and the level of
measurement (as defined by the operationalization), which will likely lead to
inconsistent and theory-agnostic measures (Jankowski & Huber, 2022; McKenny et

al., 2013).

26 If human coders are not able to correctly identify a construct, any computational method is likely to fail as well,
possibly by taking up spurious relations in the data not connected to the construct of interest.
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3.5.2 Structural Evidence

For structural evidence, researchers can conduct validation steps to examine

and evaluate the properties of the model and its output. Thus, the underlying

motivation behind structural evidence is to understand the characteristics of the

measurement to eliminate biases and identify limitations. Structural evidence thus

enables researchers to gain a deeper understanding of the measurement process. This

may require an iterative procedure, where the initial model or features of the textual

data are adapted.

Table 5 displays the validation steps that provide structural evidence.

Table 5: Validation Steps for Structural Evidence (Context-Independent)

ID Validation Steps

Considerations

Implementation

Applications

Model Properties

Model Feature Inspection

II.1  Inspection of
predictive model

features

Have I inspected the
predictive features for my
model? Have I assured they
are conceptually aligned with
the construct being measured?

Qualitative evaluation of
top-ranked model
features using feature-
importance methods like
e.g., LIME or ICE

Molnar (2020),
Kiipfer & Meyer
(2023)

Model Output

Descriptive Output Inspection

II.2 Visual inspection Have I visualized my output Plotting descriptive Goet (2019)
of output descriptively? Have I statistics; discussing the

identified and visualized plausibility of the
outliers and extreme values? observed distribution

II.3 Comparison of Have I aggregated the output Plotting aggregated Goet (2019)
aggregated scores across known groups measures across groups;
measures across (e.g., mean share of sexist discussing the plausibility
known groups sentences across social media  of the observed

user demographics)? distribution

II.4 Qualitatively assess Have I assessed the most Qualitative evaluation to Goet (2019)
top documents outstanding documents for ensure that the top-
with the highest each type of output, such as ranked texts align with
overall scores for labels with the highest the construct
each output confidence, or highest and
category lowest scores on a numerical

scale?

Error Analysis

II.5 Error analysis Have I conducted error Comparing performance =~ Wu et al. (2019)
using data analysis to compare the metrics (i.e., F1) across
grouping performance of my model subgroups

across known subgroups?

II.6 Error analysis of Have I conducted error Exploring the underlying (Wuetal.,
outstanding or analysis to qualitatively causes of 2019)
deliberatively evaluate the sources and types  misclassifications by
chosen of errors associated with the qualitatively screening
observations measures? misclassified examples

Note: An interactive version of the checklist is available online at https://www.valitex.info

Model feature inspection. The goal of model feature inspection (I1.1) is to

assess whether the characteristics and features of the model are plausible indicators
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for the construct. For instance, a model aiming to measure populism should prioritize
meaningful words like “elite” or “establishment,” rather than irrelevant ones
unrelated to the construct of interest. Whenever possible, validation can therefore
include the inspection of the learned weights of features and distributions (see
Linardatos et al., 2020; Molnar, 2020).

Descriptive output inspection. Researchers should conduct validation
steps to ensure that the measures and their descriptive statistics look plausible. For
text analysis, this form of validation steps is often referred to as “face validity” as it
solely includes argument-based validation steps that require rather qualitative
reasoning and less formal analysis (Goet, 2019; Temporao et al., 2018).27

For example, descriptive output inspection can include the visual inspection of
the output (11.2), in particular outliers and extreme values to get a feeling on the
distribution of output scores. Based on this initial examination, researchers can already
discuss the plausibility of observed distribution, and identify inconsistencies.
Furthermore, researchers can also inspect the aggregated output across known
groups (IL.3) visually. These groups can relate to various variables typically included
in the data, such as specific time periods or demographic characteristics (e.g., gender
or age groups of social media users). For example, if prior research suggests that men
are more likely to exhibit sexist behavior than women, the average proportion of sexist
tweets should be higher for men than for women in a sample of social media users.
Likewise, it can also be useful to qualitatively assess the top documents with the
highest overall scores for each output category (I1.4), such as for distinct groups or
topics, or highest and lowest scores on a numerical scale.

Error analysis. Additionally, researchers should apply error analysis to
ensure that systematic biases and errors are considered and evaluated. We here use
error analysis as an umbrella term for a set of exploratory analyses that attempt to
analyze where mistakes in the text analysis pipeline emerge and how they might affect
the outcomes (Wu et al., 2019).

There are broadly two approaches to error analysis. On the one hand,
researchers can conduct error analysis using data grouping (11.5) to identify
especially problematic categories (per-label performance) (Alsallakh et al., 2014). On

the other hand, researchers can conduct qualitative error analysis of outstanding or

27 In other domains, face validity often refers to the subjective appearance of whether a method appears to be valid
(Flake et al., 2017). Due to this ambiguity, we step back from using the term face validity for ValiText, but rather
stick to the label “visual inspection of model output”
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deliberatively chosen observations (I1.6) to manually identify problematic text
characteristics (for an application, see Wadhwa et al., 2018).

In Appendix 2, we further outline additional context-specific types of validation
evidence for structural evidence, in particular the evaluation of model metrics (i.e.,
reporting of method specific metrics and thresholds) and the implementation of
systemic tests (i.e., various strategies and experimental approaches to demonstrate

that the models can generate meaningful measures for the construct being measured).

3.5.3 External Evidence

For external evidence, researchers should conduct validation that test for how the
measures corresponds to independent information or criteria. Thus, information
outside the scope of the textual data in which the measure was constructed serves as
an external benchmark (hence “external” evidence). However, it is important to note
that external validation alone is not sufficient because even a model with strong bias
(lacking substantive and structural evidence) may exhibit meaningful but misleading
associations with external criteria. Hence, focusing excessively on output optimization
might result in overlooking errors without a complete understanding of their nature.
Table 6 displays the validation step that provide external evidence.

Table 6: Validation Steps for External Evidence (Context-Independent)

ID Validation Steps Considerations Implementation Reference

Measure Interrelation

Human-annotated test set comparison
III.1 Comparison of Have I reached sufficient predictive Evaluating (Samory et
measures with performance on a test set of held-out performance al., 2021)
human-annotated  human annotations? Did I apply cross-  metrics (i.e., F1)
test set (“gold- validation to calculate average for dataset of
standard data”) performance metrics? human
annotations

Note: An interactive version of the checklist is available online at https://www.valitex.info

Primarily, researchers should compare measures with a human-annotated test
set (I11.1), often referred to as benchmark or “gold-standard” data (Lowe & Benoit,
2013). Generally, human annotations are considered the most reliable form of
validation for text-based research, regardless of the measurement design. In the
checklist, we offer additional references to methodological standards and best
practices, including coding procedures (using a codebook or pairwise comparison) and
reporting classification metrics, such as (average) accuracy, precision, recall and F1-

score.
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In Appendix 2, we further outline additional context-specific types of validation
evidence for external evidence, in particular surrogate label comparison (i.e.,
correspondence to labels that can be linked with the textual data) and criterion

prediction (i.e., correspondence to external criteria or real-world phenomena).

3.5.4 Robustness Checks

Next to the three types of validation evidence outlined above, the ValiText framework
also recommends the continuous test of robustness checks to assess the impact of
researchers’ degree of freedom on the measurement outcome. On a general note, one
could see robustness checks as additional means to test whether decisions regarding

the measurement design might have a sustainable effect on the measure’s outcome.

Table 7 provides an overview over relevant aspects which might be tested.

Table 7: Robustness Checks (Context-Independent)

ID Validation Steps Considerations Implementation Reference

Robustness Checks

IV.1  Rerunning the Have I rerun the analysis Displaying performance (Samory et
analysis using with alternative text-based metrics (e.g., F1 score on al., 2021)
alternative text methods, such as a baseline human annotated test set
models model? (see II1.1)) for alternative

measurements

IV.2 Rerunning the Have I rerun the analysis Displaying performance (Arnold et
analysis using with alternative metrics (e.g., F1 score on al., 2023)
different hyperparameter settings? human annotated test set
hyperparameter (see II1.1)) for alternative
settings hyperparameter settings

IV.3 Rerunning the Have I rerun the analysis Displaying performance Grimmer et
analysis using with alternative cutoff metrics (e.g., F1 score on al. (2022)
different cutoff thresholds? human annotated test set
thresholds (see II1.1)) for alternative

cutoff thresholds

IV.4 Rerunning the Have I rerun the analysis Displaying performance Grimmer et
analysis using using alternative data metrics (e.g., F1 score on al. (2022)
different text cleaning and preprocessing human annotated test set
cleaning and settings (e.g., removing (see II1.1)) for alternative
preprocessing steps certain phrases or features of  preprocessing steps

the data)?

Note: An interactive version of the checklist is available online at https://www.valitex.info

In general, factors to consider for robustness checks relate to rerunning the

analysis using alternative text models (IV.1), hyperparameter settings (IV.2), cutoff

thresholds (IV.3) and text cleaning and preprocessing steps (IV.4) and displaying

variance in measurement outcomes and performance metrics.
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3.5.5 Checklist

For each of the validation steps presented, we complement our framework with a
checklist that is adaptable for different use cases (see Table 8). In particular, we provide
individual checklists for applying dictionaries (A), (semi-) supervised classification (B),
prompt-base classification using generative LLMs (C) and topic modelling (D).

Table 8: Use Cases

# Use Case Training / Known Description Example
finetuning output

data categories
required

A Dictionaries No Yes Assign scores to text A dictionary assigns
units using predefined  polarity values ranging
word lists from -1 to 1 to each

known text unit

B (Semi-) Yes Yes Train a model to A pretrained BERT

Supervised predict known output model is fine-tuned on
Classification categories based on labelled social media
labelled training/fine-  posts and predicts
tuning data “offensive” and “non-
offensive” posts
C Prompt-based Yes Yes Ask (“prompt”) LLMs A Mistral model is
classification to assign labels to texts ~ prompted to determine
using LLMs whether a text is
“sexist” or “non-sexist”

D Topic Modelling No No Assign topics without An LDA topic model
any labeled data generates 13 coherent

topics

An important condition for all use cases is that researchers must have full control over
their models and be theoretically capable of replicating findings by setting random
seeds and having access to model parameters. As a result, we deliberately decided not
to include a use case for closed-source blackbox APIs (such as Perspective API,
ChatGPT=8 interface, among others) and we generally avoid using them to measure
social constructs (Rauchfleisch & Kaiser, 2020; Schoch et al., 2023).

The checklists are provided as fillable templates in Appendix 3 and can also be
downloaded from a publicly available shiny app.29 In Appendix 4, we demonstrate the
applicability of the checklists by revisiting and documenting the validation steps from
a study by Samory et al. (2019), which measured sexism in social media comments for
the use case “B: (Semi-) Supervised Classification”. Ultimately, the checklists can be
used to it can function as a methodological tool, offering structured guidance for

researchers to navigate validation. On the other hand, can also serve as a

28 Lately, providers such as OpenAl allow researchers to set random seeds and system fingerprints when using
models via API (https:/platform.openai.com/docs/guides/text-generation/reproducible-outputs) to improve
reproducibility. However, as the model weights of most models are not public, severe challenges for
reproducibility still persist.

» Link (anonymized)
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documentation scheme, streamlining communication between researchers engaged in

validation and research consumers.
3.6 Critical Reflection

We developed the ValiText framework with the intention of tackling the
manifold challenges associated with validating text-based measures of social
constructs. To advance the overall quality of validation practices beyond the framework
proposed, however, we want to emphasize some general conditions for successful
validation in greater detail.

Transparency and Reproducibility. First and foremost, we want to stress
the role of transparency in the validation process. Given that CTAM measures are
susceptible to errors and biases inherent to the models themselves, we argue that
researchers should openly acknowledge and embrace the potential limitations and
biases of their measurement methods. In practical terms, transparency should entail
rigorously documenting the validation process and providing access to the data and
code utilized. For example, there is a considerable drive in the NLP literature towards
documentation standards, both for the textual data (Bender & Friedman, 2018; Gebru
et al.,, 2021; Heger et al.,, 2022) and the respective measurement model and its
parameters (Derczynski et al., 2023; Dodge et al., 2019; Rogers et al., 2021). Moreover,
to address the inherent research freedom associated with text analysis, researchers
should anchor their work within robust open science standards, particularly embracing
preregistration and registered reports, while also establishing the necessary
infrastructure to facilitate replication studies (Schoch et al., 2023).

Human-in-the-loop. Second, we are convinced that, at least for now, any
CTAM method should still rely on human semantic understanding of language as an
absolute benchmark (van Atteveldt et al., 2021; Weber et al., 2018). Human judgement
is crucial because too often, computational methods are prone to rely on spurious
relations or noise in the data, thereby lacking a deeper ontological sense of error which
should prevent trusting empirical measures blindly (see Jankowski & Huber, 2022).
However, human annotations do not automatically lead to accurate labels for (training
and) testing models. On the contrary, without adequate guidance and training, human
annotation bias might results in low-quality data labels (see Geva et al., 2019; Liu et
al., 2021), which might be further aggravated by coders’ limited focus, fatigue, and

evolving interpretations of the underlying conceptual categories (Neuendorf, 2017).
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Nevertheless, until today, human understanding remains the most dependable form of
annotation that is not easily replaced in the validation process.

Adaptability and Flexibility. Although our proposed framework offers a
general validation workflow that is broadly applicable, there may be a need to
customize validation strategies and have differing viewpoints on what constitutes
sufficient validation evidence in specific contexts. For instance, the way meaning is
encoded can vary significantly between languages in multilingual settings (for a
detailed discussion of multilingual challenges in validation, see Lind et al., 2023). In
this case, we would recommend providing additional validation evidence to
demonstrate cultural and linguistic sensitivity.

In addition, adaptability also applies to determining appropriate cut-off values
and metrics, which unfortunately lack universal interpretability. As a case in point,
consider the F1 score, with values above 0.8 generally considered good, and values
below 0.5 considered poor. However, the interpretation of the metric depends heavily
on the nature of the construct and contextual factors within the measurement design.
Thus, researchers must be able to interpret and adapt their specific cut-off values, such
as by comparing it to related work or picking the best-performing model out of several

competing models.

3.7 Conclusion

We do not claim that our proposed framework provides a “holy grail” that sweeps away
all concerns in the process of validating text-based measures. Nevertheless, we
emphasize that our framework offers a much-needed structure for discussions circling
around validation, benefiting both researchers conducting validation and research
consumers seeking solid documentation. Likewise, we hope that our taxonomy of
validation steps provides a starting point for a more normative discussion on
validation. Because, as evidenced by the decade-long history of validity in the social
sciences, methodological discussions concerning validation commonly echo dominant
perspectives and best practices within research communities. Therefore, we strongly
advocate for community efforts and critical discussion to agree on generally
acknowledged standards for the validation of text-based measures of social constructs.
Because increased confidence about the validity of text-based measures will not only
aid researchers in presenting their research, but also enable various stakeholders —

from public institutions to individual researchers— to evaluate and rely on empirical
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evidence derived from text-based research, thus enhancing the overall credibility and

impact of empirical studies.
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3.8 Appendix

3.8.1 Appendix: Glossary of Validity Terms

Validity Term

Face
Validity

Content
Validity

Semantic
Validity

Discriminant

Validity

Convergent
Validity

Concurrent

Validity
Predictive
Validity
Criterion
Validity
Hypothesis
Validity

Construct
Validity

(Sub-)type(s) of Evidence

Substantive Evidence
e Construct Definition and Operationalization
e Design Decisions

Structural Evidence

e Descriptive Output Inspection
Substantive Evidence

e Construct Definition and Operationalization
e Design Decisions

Substantive Evidence

e Construct Definition and Operationalization
e Design Decisions

Structural Evidence

e Systematic Testing

Structural Evidence
e Systematic Testing

External Evidence

¢ Human-Annotated Test Set Comparison
e Surrogate Label Comparison

External Evidence

e Human-Annotated Test Set Comparison
e Surrogate Label Comparison

External Evidence

e Criterion Prediction

External Evidence
e Criterion Prediction

External Evidence
e Criterion Prediction

Substantive Evidence
e Construct Definition and Operationalization
e Design Decisions
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Validation steps

I.1,1.2,1.4,1.5,1.6,
L7

I1,1.2,1.3

1.1, 1.2, 1.3

II.10

II.11, ITL.1, ITL.2

II.11, II1.1, II1.2

1113
I11.3
I11.3

1.1, 1.2, 1.4, 1.5, 1.6,
L.7



3.8.2 Appendix: Context-dependent Types of Validation Evidence

Table 6 and 7 present an overview over context-specific validation steps that can
further supplement validation efforts. Broadly construed, the context can be

determined by either the research interest characteristics or the method employed in

a particular use case.

3.8.2.1 Context: Data Characteristics

Table 6 displays the context-specific validation steps for varying research

interest characteristics.

Table 9: Validation Steps for research interest characteristics (context-specific)

ID Validation
Steps

Context Considerations

Implementation

Applications

Structural Evidence

Systematic Testing (context-specific)

Criterion Prediction (context-specific)

V.1 Counterfactual Research Have I tested that my  Evaluating (Gargetal.,
tests Interest: model is sensitive to performance 2019)
Demonstrating meaningful changes in  metrics (i.e., F1) for
sensitivity of the  the text data? new dataset of
measurement counterfactual
examples
V.2 Adversarial Research Have I tested that my  Evaluating (Ribeiro et al.,
tests Interest: model is resilient to performance 2018)
Demonstrating slight perturbations in  metrics (i.e., F1) for
stability of the the text data? new dataset of
measurement adversarial
examples
V.3 Discriminant Research Have I tested that my  Inspecting output Fang et al.
tests Interest: model is able to scores for a sample (2023)
Demonstrating distinguish between of “discriminant”
low the construct of examples
correspondence interest and similar,
to different but unrelated
constructs concepts (e.g., and
sexist language)?
V.4 Outof domain Research Have I tested that my  Evaluating (Sen et al.,
tests Interest: Focus model is able to performance 2022)
on generalize to out-of- metrics (i.e., F1) for
demonstrating domain examples? new dataset of out-
generalizability of-domain examples
External Evidence
V.5 Comparison of Research Have I reached Evaluating Grimmer et al.
measures with  Interest: sufficient predictive performance (2022)
surrogate Demonstrating performance on the metrics (i.e., F1) for
labels correspondence  surrogate labels? the surrogate labels
to surrogate
labels
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V.6 Criterion Research Have I been able to Evaluating Grimmer et al.
Prediction Interest: accurately predict predictive metrics (2022)
Demonstrating real-word (i.e., regression
predictive phenomena? coefficient) for the
performance to criteria
related criteria

Structural Evidence

Systematic Testing. Depending on their research interest, researchers may
apply systematic tests that encompass various strategies and experimental approaches,
all aimed at demonstrating that the model can generate meaningful measures for the
construct being measured.

For example, researchers can conduct counterfactual tests (V.1), i.e.,
strategically synthesized versions of the original texts to put the model to test. For
example, counterfactual examples could include changing the polarity of sentences, or
adding negations (Ilyas et al., 2019). Thus, increased vulnerability to these changes
could highlight important shortcomings and, thus, threats to validity. Likewise,
adversarial tests (V.2) can be utilized to ensure that the model is resilient to input
specifically designed to fool a text model, i.e., by adding slight variations to the original
data.3° In a similar direction, researchers can also draft discriminant tests (V.3) to
ensure that the model is able to distinguish the construct of interest from similar, but
unrelated concepts. For instance, a classifier that is designed to detect benevolent
sexism (i.e., subjectively positive view towards men and woman, see (Jha & Mamidi,
2017)) should not necessarily be correlated with hostile sexism (i.e., explicitly negative
attitude towards men and woman), as both concepts are assumed to be independent
subdimensions of the overall construct of sexism. On a different note, research can also
apply out of domain tests (V.4) to explore the model’s ability to generalize to examples
come from a different data distribution that the ones a model has seen before.
External Evidence

Surrogate Labels Comparison: Often, the data comes with relevant
information that can be linked to the construct being measured. Therefore, researchers
might further compare their output scores with surrogate labels (V.5) that constitute
similar, but closely related characteristics of the data, such as the party label as a proxy
measure for a politician’s speech ideology.

Criterion Prediction. In the same vein, researchers might include a

validation step to verify that their output scores can forecast external criteria or real-

30 https://textattack.readthedocs.io/en/master/
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world phenomena (V.6). This aims to confirm hypothesized relationships with real-
world phenomena, like predicting voting behavior based on textual measures of
political ideology (Lauderdale & Herzog, 2016; Rheault & Cochrane, 2020) — much like
work performance or school achievement have served as external criteria for tests of

cognitive ability or personality in the psychometric tradition.

3.8.2.2 Context: Use-Case Characteristics

Table 7 displays the context-specific validation steps for varying use cases

characteristics.

Table 10: Validation Steps for use case characteristics (context-specific)

ID Validatio
n Steps

Context

Consideration

S

Implementatio
n

A B C D Application

S

Design Decisions

Including Method: Have I supplied Outlining the (Gilardi et al.,
examples Selecting clear examples of rationale behind 2023)
into the Use Case C:  the construct in the provided
prompt Prompting  the prompt? example
Structural Evidence
Model Metrics Evaluation
D. Evaluation Method: Have I evaluated Calculating topic v (Roderetal.,
1 of topic Selecting topic coherence coherence metrics 2015)
coherence Use Case metrics to review (i.e., CV) to select
metrics D: Topic co-occurrence of the most coherent
Modelling  top words? topics
A.1  Evaluation Method: Have I checked the Calculating the - Goet (2019)
of number Selecting numbers of mean share of
of (N- Use Case matches for my matched words;
)tokens A: dictionary? implementing
matched Dictionarie methods to
S increase matching
(e.g., stemming)
Robustness Checks
C. Rerunning Method: Have I rerun the Displaying - (Gilardietal.,
2 the analysis  Selecting analysis with performance 2023)
using Use Case C: alternative prompt metrics (e.g., F1
different Prompting  designs? score on human
prompts annotated test set
(see I11.1)) for
alternative
prompts

Note: A: Dictionaries, B: (Semi-) Supervised Classification, C: Prompt-based classification using LLMs, D: Topic

Modelling

For the use case A. Dictionaries, researchers can critically evaluate the number

of words matched by the dictionary (A.1) as a model metric evaluation. If only a
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fraction of relevant terms is matched, the researcher might consider implementing
methods to increase the number of words matched, such as removing text features or
word stemming.

For the use case C. Prompting, researchers should provide the prompts with
clear and concrete examples (C.1) of the construct being measured for substantive
evidence. Furthermore, in the robustness checks section, researcher should rerun the
analysis using different prompt templates and varying prompt designs (C.2).

For the use case D. Topic Modelling, researchers can furthermore evaluate topic

coherence metrics (D.1) that provide guidance on the most coherent number of topics.

3.8.3 Appendix: Illustrative Example: Measuring Sexism in Social Media Comments

Below, we demonstrate the practical application of the ValiText framework
through an illustrative example of measuring sexism in social media comments. We
revisit and document validation steps in a study conducted by Samory et al. (2019) that
measured sexism in social media comments. Specifically, this study used different
types of supervised machine learning models to measure sexism for different datasets.
We chose the study by Samory et al. (2019) because of their comprehensive exploration
and contemplation of the intricacies tied to measuring sexism. We proceed by
scrutinizing the validation steps employed in their study, aligning them with the
conceptual framework and the checklist for “B. Classification using Fine-tuned

Machine-Learning Model”.

3.8.3.1 Substantive Evidence

Starting with documentation of the conceptual background (1.1), Samory et al. (2021)
provide extensive evidence on their engagement with the relevant literature and other
sources of information. For example, the authors discuss existing definitions and
attempts to measure sexism using computational methods, conclude that there is
definitional unclarity, and reflect on possible biases and spurious artifacts in previous
research. Moreover, they evaluate survey measures of sexism (i.e., sets of questions or
statements that are used to measure social constructs) from the field of social
psychology.

Afterwards, they provide a justification of the operationalization (I1.2), that is, the link
between their construct and the textual data. Because they primarily apply supervised

machine-learning methods, the authors’ underlying justification lies in the provision
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of high-quality training data that enables the text model to autonomously learn and
adapt relevant patterns in the data. To annotate sexism within their training data, the
authors develop a detailed codebook based on four subdimensions of sexism identified
in the previous literature (e.g., “behavioral expectations” and “endorsement of
inequality”). In addition, they extend the codebook to not only differentiate be-tween
sexist content, but also between varying degrees of sexist phrasing. To test their
operationalization using a codebook empirically, they rely on manual precoding (1.3)
to label the sexist items from the survey scales into relevant subcategories, finding
considerable agreement.

Following this initial stage of construct definition, the authors then discuss their design
decisions. They outline their justification of data collection decisions (1.4), in
particular using different textual datasets. They rely on Twitter data collected through
various keywords and strategies and survey scales, while acknowledging the strengths
and weaknesses associated with each dataset. In addition, they create a subset of
adversarial examples with minimal lexical changes that switches the meaning of
sentences from sexist to non-sexist.

Furthermore, for the justification of method choice (1.5), the authors rely primarily on
a supervised approach. Although implicitly, their argumentation is that only
supervised models can replicate human codings that distinguish between different
subdimensions of sexism. However, they do not only rely on one specific type of
method but rather select a variety of models, such as a Logit model, a CNN and a fine-
tuned BERT model with increasing complexity to systematically compare their
performance, allowing for a thorough evaluation of measurement performance across
different models. Likewise, they also decide to include dictionary baseline models (see
the section on robustness checks rerunning the analysis using alternative text-based
methods (IV.1)).

For justifying the level of analysis (1.6), they select the sentence level as the unit of
analysis, which is aligned with the literature and the structure of the survey items. For
the justification of preprocessing decisions (1.7), the authors only provide a detailed

description for the Logit model, omitting such details for the other methods.

Considerations Performa Source /

nce Referen
Criteria
Documenta Reference to existing definitions for | Have I conducted a | Summarizi | Krippend
tion of the sexism literature review or | ngexisting | orf (2018)
conceptual e  Reference to previous attempts to consulted with literature
backgroun measures sexism (misogyny, domain experts to | on the
d benevolent vs. hostile sexism, etc.) gain a sufficient conceptual
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Discussion of implications of understanding of backgroun
definitional unclarity conceptual d of the
Reflection on previous models background of the | construct
capturing spurious artifacts of the construct?
datasets instead of sexist language.
Systematic engagement with survey
scales to measures sexist language.
Considerations of sexist phrasing
(not only content), i.e., offensive
language (no explanation how this
decision might relate to literature)
I. | Justificatio Development of a detailed codebook | Have I sufficiently | Providing | Krippend
2 n of the based on four dimensions identified | explained how the | definition orf (2018)
operational in the psychological literature. construct should and
ization Discussion of coding inconsistencies | manifest itself in conceptual
+ Adaption of the coding the textual data? ization of
instructions Have I the
documented my construct
operationalization
in a codebook?
1. | Manual Test of the codebook using 5 Have I reached Reaching Krippend
3 | Precoding MTURKERS (86% agreement for sufficient interrater | sufficient orf
majority verdict (at least 3 out of 5 agreement for a interrater (2018),
agreement) on the survey scales subsample of the agreement | Plank
textual data? Have | (e.g., (2022)
I ensured that the Krippendo
construct can be rff’s alpha
detected in the a)
textual data? Have
I outlined my rules
of coding
uncertainty across
coders?
Design Decisio
I. | Justificatio Combination of different data Have I selected a Outlining Krippend
4 n of data sources with different dataset that is the orf (2018)
collection characteristics representative and | rationale
decisions Scale items from psychological relevant to the behind
scales research question data
Twitter data collected by keywords and population of | selection /
and human-annotated. interest? Have I collection
Twitter data collected by “call me justified the data decisions;
sexist but” phrase (quite selection decisions | Documenti
experimental approach) (e.g., using ng
Creation of adversarial examples keywords)? HaveI | potential
(“crowd workers to generate assessed the limitations
adversarial examples, i.e., examples | quality and and data
that are a valid input for a machine completeness of quality
learning model, strategically the dataset and issues
synthesized to put the model to checked for
test”) potential biases or
Discussion on the features of the inconsistencies?
annotated datasets
I.5 | Justificatio Application of different models with | Have I selected the | Outlining Grimmer
n of increasing complexity appropriate type of | the et al.
method (Logit/CNN/Bert) including state of | method based on rationale (2022)
choice the art methods the behind
Systematic Comparison of these operationalization | method
methods of the construct selection;
and data Documenti
characteristics? ng
Have I justified the | potential
concrete selection limitations
of a particular in
model? compariso
nto
alternative
methods
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I. | Justificatio | e Not explicitly mentioned, but the Have I selected the | Outline the | Jankowsk

6 | nofthe focus on the sentence level (based appropriate level of | rationale i & Huber
level of on the survey scales) appears analysis? Have I behind the | (2022)
analysis plausible in regard to the literature. | considered selected

potential problems | level of
when aggregating analysis
measures from (e.g.,
lower to higher token,
levels (e.g., sentence,
sentence to or
paragraph level)? paragraph
level).

L7 | Justificatio | e  Only for the Logit model, a short Have I justified Outlining | Grimmer
n of reference to the adoption of relevant changes to | the et al.
preprocessi preprocessing decisions similar to the text prior to the | rationale (2022)
ng Jha and Mamidi is provided. analysis, such as behind
decisions removing certain preprocess

words or phrases? | ing
decisions

3.8.3.2 Structural Evidence

To demonstrate structural evidence, Samory et al. (2021) proceed with a combination
of validation steps to examine and evaluate the properties of the model and its output.
To evaluate the model properties, they conduct an inspection of predictive model
features (11.1). To do so, they evaluate the most predictive words for each sexism
category (unigrams) and compare them across their data sets and methods applied.
Thus, they observe that some models, which are trained on slightly adapted adversarial
examples (see Wallace et al., 2019; Zhang et al., 2019), exhibit more general features,
which indicates increased model robustness and, partially, performance.

To evaluate the model output, they furthermore conduct extensive error analysis
using data grouping (11.5) of misclassified examples to identify systematic errors on
their most promising BERT model. They specifically investigate the influence of
various factors to assess where the model misclassifies messages using a logistic
regression model. Relevant factors which they consider are the type of model used (i.e.,
whether it was trained on original or adversarial examples), or the origin of the training
data. Furthermore, they also evaluate the impact of the initial agreement among the

coders on the probability of misclassifying errors.

Validation = Documentation Considerations Performan = Source /
ce Criteria | Reference

Model Feature Inspection

Inspection e Conducting of feature importance Have I inspected Qualitative | Molnar
of analysis for predictive unigrams the predictive evaluation | (2020),
predictive (Table 4) features for my of top- Kiipfer &
model model? Have I ranked Meyer
features assured they are model (2023)

conceptually features

aligned with the using

feature-
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construct being importanc
measured? e methods
like e.g.,
LIME or
ICE
II. | Visual e  Not provided Have I visualized Plotting Goet
2 | inspection my output descriptive | (2019)
of output descriptively? Have | statistics;
Iidentified and discussing
visualized outliers | the
and extreme plausibility
values? of the
observed
distributio
n
II. | Compariso | e Not provided Have I aggregated | Plotting Goet
3 | nof the output scores aggregated | (2019)
aggregated across known measures
measures groups (e.g., mean | across
across share of sexist groups;
known sentences across discussing
groups social media user the
demographics)? plausibility
of the
observed
distributio
n
II. | Qualitativel | e  Not provided Have I assessed the | Qualitative | Goet
4 | y assess top most outstanding evaluation | (2019)
documents documents for to ensure
with the each type of that the
highest output, such as top-ranked
overall labels with the texts align
scores for highest confidence, | with the
each or highest and construct
output lowest scores on a

catego numerical scale?
Error Analysis

II. | Error e detailed discussion of misclassified Have I conducted Comparing | Wu et al.
5 analysis examples, identification of error analysis to performan | (2019)
using data systematic errors (e.g., varying compare the ce metrics
grouping performance of baseline model for performance of my | (i.e., F1)
topicality) model across across
known subgroups? | subgroups
II. | Error o  Not provided Have I conducted Exploring | (Wuetal.,
6 | analysis of error analysis to the 2019)
outstandin qualitatively underlying
gor evaluate the causes of
deliberativ sources and types misclassifi
ely chosen of errors associated | cations by
observatio with the measures? | qualitativel
ns y screening
misclassifi
ed
examples
V. | Counterfac | e Conducting counterfactual tests; Have I tested that Evaluating | (Garget
1 | tual tests providing new training samples of my model is performan | al., 2019)
counterfactual tests and displaying sensitive to ce metrics
performance metrics (F1 score). meaningful (i.e., F1)
changes in the text | for new
data? dataset of
counterfact
ual
examples
V. | Adversarial | ¢ Not provided Have I tested that Evaluating | (Ribeiro
2 | tests my model is performan | etal.,
resilient to slight ce metrics | 2018)
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perturbations in (i.e., F1)
the text data? for new
dataset of
adversarial
examples
V. | Discrimina | e Not provided Have I tested that Inspecting | Fang et al.
3 nt tests my model is able to | output (2023)
distinguish scores for a
between the sample of
construct of “discrimin
interest and ant”
similar, but examples
unrelated concepts
(e.g., and sexist
language)?
V. | Outof e Not provided Have I tested that | Evaluating | (Sen et
4 domain my model is able to | performan | al., 2022)
tests generalize to out- ce metrics
of-domain (i.e., F1)
examples? for new
dataset of
out-of-
domain
examples

3.8.3.3 External Evidence

Do demonstrate external evidence, Samory et al. (2019) primarily rely on the

comparison of measures with a human-annotated test set (II1.1). To calculate

classification performance, they apply k-fold cross-validation and report F1 scores. The

evaluation of F1 score is widely regarded as the most viable metric, as alternative

metrics such as accuracy (i.e., the overall ratio of positive predictions) can be

misleading when dealing with imbalanced data (Spelmen & Porkodi, 2018).
ID

Construct Definition and Operationalization
Systematic comparison with hand-

5

Validation
Step

Compariso
n of
measures
with
human-
annotated
test set
("gold-
standard
data™)

Compariso
n of
measures
with
surrogate
labels

Documentation

annotated test set, report of F1

scores

Not provided

Considerations

Have I reached
sufficient
predictive
performance on a
test set of held-out
human
annotations? Did I
apply cross-
validation to
calculate average
performance
metrics?

Have I reached
sufficient
predictive
performance on
the surrogate
labels?

Performan
ce Criteria

Evaluating
performan
ce metrics
(i.e., F1)
for dataset
of human
annotation
S

Surrogate Label Comparison (context-specific)

V.

Evaluating
performan
ce metrics
(i.e., F1)
for the
surrogate
labels

Source /
Reference
S

(Samory
etal.,
2021)

Grimmer
etal.
(2022)

Criterion Prediction (context-specific)

97



o <

Criterion
Prediction

Not provided

Have I been able to
accurately predict
real-word
phenomena?

Evaluating
predictive
metrics
(i.e.,
regression
coefficient)
for the
criteria

Grimmer
etal.
(2022)

3.8.3.4 Robustness Checks

Besides validation steps that provide validation evidence, Samory et al. (2019) conduct

a series of robustness checks. For instance, the authors rerun their analysis using

alternative text-based methods (IV.1). The inclusion of a simple baseline model

(toxicity and gender word dictionary) demonstrates that their supervised models

achieve higher overall performance on the hand-annotated test set, providing evidence

that their supervised models are more successful in replicating human-annotated

measures of sexism.

ID

Validation
Step

Documentation

Considerations

Performan
ce Criteria

Source /
Reference
S

Construct Definition and Operationalization

Rerunning e  Comparison with several baseline Have I rerun the Displaying | (Samory
.1 | the modals analysis with performan | etal,
analysis alternative text- ce metrics 2021)
using based methods, (e.g., F1
alternative such as a baseline score on
text models model? human
annotated
test set
(seeIIl.1))
for
alternative
measurem
ents
IV | Rerunning e  Not provided Have I rerun the Displaying | (Arnold et
.2 | the analysis with performan | al., 2023)
analysis alternative ce metrics
using hyperparameter (e.g., F1
different settings? score on
hyperpara human
meter annotated
settings test set
(see I11.1))
for
alternative
hyperpara
meter
settings
IV | Rerunning e Not provided Have I rerun the Displaying | Grimmer
.3 | the analysis with performan | etal.
analysis alternative cutoff ce metrics | (2022)
using thresholds? (e.g., F1
different score on
cutoff human
thresholds annotated
test set
(see I11.1))
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for

alternative
cutoff
thresholds
IV | Rerunning e Not provided Have I rerun the Displaying | Grimmer
.4 | the analysis using performan | etal.
analysis alternative data ce metrics (2022)
using cleaning and (e.g., F1
different preprocessing score on
text settings (e.g., human
cleaning removing certain annotated
and phrases or features | test set
preprocessi of the data)? (see I11.1))
ng steps for
alternative
preprocess
ing steps
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4. Framework Application 1:
Personality Traits

The third part of the dissertation demonstrates how the proposed validation
framework can be applied to improve the validation of CTAM measures of social
constructs. It addresses the guiding research question: How can the framework be
applied?

To that end, this chapter presents the first of two application chapters: a multi-
method validation study of text-based measures of politicians’ public personalities,
operationalized through the presence of personality cues in their public
communication. In this study, I develop and validate fine-grained measures for the
traits of agency and communion, using models such as RoOBERTa, DeepSeek-V3, and
GPT-40. The validation relies on multiple strategies, including comparisons with
human annotations, the design of systematic tests, and sensitivity analyses of political
statements by German politicians as well as the 2024 U.S. presidential debate between
Donald Trump and Kamala Harris.

This chapter is based on the following publication:

Birkenmaier, L., & Lechner, C. (2025). Measuring Politicians' Public Personality
Traits using Computational Text Analysis: A Multi-Method Feasibility Study for
Agency and Communion https://doi.org/10.31219/0sf.io/7nhjz_v1

Birkenmaier, L., Sieber, L., & Bergstein, F. (2025). PolInterviews--A Dataset of
German Politician Public Broadcast Interviews. arXiv preprint arXiv:2501.04484.
https://doi.org/10.48550/arXiv.2501.04484

4.1 Introduction

The way citizens judge politicians is influenced by how they evaluate politicians’
character or personality traits (Bittner & Peterson, 2018; Hayes, 2009; Laustsen & Bor,
2017). A more favorable evaluation of a politician’s personality increases the likelihood
of voting for them and contributes to the formation of positive partisan attitudes (Funk,
1997; Miller et al., 1986). The increasing personalization of politics renders voters’
perceptions of politicians’ personality even more important, as individual political
actors become more prominent at the expense of collective actors and institutions such

as political parties (Pedersen & Rahat, 2021; Rahat & Kenig, 2018).
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Whereas a vast literature has studied which personality traits voters look for in
politicians (see Van Aelst et al., 2012 for an overview), less is known about the ways in
which politicians project their own personality traits in public communication, such as
through speeches or social media posts. Previous studies have explored various aspects
of politicians' strategic self-presentation, including their style of representation
(Birkenmaier, Saltzer, et al., 2025; Fenno, 2003; Gulati, 2004; Schiirmann & Stier,
2022) or their private lives (Colliander et al., 2017; Perloff, 2013; Stanyer, 2008; Van
Zoonen, 2005). However, the role of personality traits in politicians' self-presentation
to voters has received limited attention in research.

Generally, psychology conceptualizes personality as relatively stable patterns of
thoughts, feelings, and behaviors that distinguish individuals from one another and
that influence their interactions with others. Personality is typically conceptualized as
a set of global traits organized within frameworks such as the Big Five (Costa Jr. &
McCrae, 1995) or HEXACO (Ashton & Lee, 2007). When it comes to studying
politicians' personalities, the task becomes more complex because observers typically
only have access to the politician's public personality. This public personality is not
solely a reflection of inherent personality traits but is also influenced by (unobservable)
strategic considerations to emphasize or downplay certain traits to appeal to the public.
This does not necessarily present a problem for studying politicians' public
personalities, as voters' perceptions are primarily shaped by these public personas,
making them a relevant and meaningful subject of research. However, accurately
measuring these public personality traits based on politicians’ public behavior-
indicated through verbal or non-verbal personality cues-is challenging. This is due not
only to the inherently fuzzy nature of personality traits but also to the fact that the cues
reflecting them are often ambiguous and context-dependent. Consequently, we still
know relatively little about how validly these public personalities can be measured.

Leveraging recent advances in computational text analysis and political
psychology research, our study seeks to validate the detection of verbal personality
cues as measurable indicators of the politician’s public personality. We build upon a
validated framework and survey inventory to assess politicians’ personalities and apply
different methods and strategies to operationalize personality cues using a corpus of
three distinct types of data sources, namely social media posts, political speeches, and
political interviews. Our results suggest prompt-based approaches using state-of-the-
art models, such as DeepSeek-V3 and GPT-40, show the strongest evidence of

measurement validity.
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This paper makes five important contributions: (1) it provides a conceptual
model of the relationship between politicians’ intrinsic and public personality,
alongside the personality cues through which the public personality can be measured;
(2) it introduces a methodological approach to detect verbal personality cues for two
traits — agency and communion - using computational text analysis; (3) it
systematically compares multiple models and measurement strategies and provides
extensive validation using a systematic framework; (4) it presents compelling evidence
that computational text analysis can be used to measure politicians public personality
from verbal cues; and (5) it provides materials, including trained models, code, and

data, and discusses how the methods applied can advance political psychology.

4.2 Literature

4.2.1 Politicians Personality Traits Matter

Politicians’ personality plays a central role in explaining political actions, such as
partisan attitudes or voting behavior (Federico & Malka, 2018; Schoen & Schumann,
2005). Whereas politicians and their characteristics have always played a key role in
politics, there are growing claims that a new, increasingly personalized political culture
of “candidate-centered politics” has emerged (McAllister, 2007; Pedersen & Rahat,
2021). This shift is attributed to a decline in the traditional emotional connections
between voters and political parties (Dalton et al., 2000; Mair, 2005) and the
transformative impact of a media landscape that prominently includes decentralized
social media (Stier et al., 2018b). The growing interest in the characteristics of
politicians has led to an increased focus on analyzing politicians’ personalities.

For example, previous research has examined the role of politicians' personality
as a means to understand their ideological orientations and political behavior (George
& George, 1998; Walker et al., 1998).3t This strand of research indicates that
conservative politicians often show lower levels of agreeableness and openness but
higher levels of conscientiousness, whereas the link to other personality traits is less
clear (Hanania, 2017; Schumacher & Zettler, 2019). Overall, evidence also indicates

that politicians, compared to the general population, appear to show higher levels of

31 This branch of research is based on the observation that personality traits are often linked to ideology (Gerber
et al., 2010). For instance, traits like conscientiousness are often linked with conservative ideologies, whereas
openness tends to correlate with liberal views (Carney et al., 2008).
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agreeableness, emotional stability and openness (Caprara et al., 2003). Likewise, in-
office performance (Joly et al., 2019; Lilienfeld et al., 2012; Watts et al., 2013), media
visibility (Amsalem et al., 2020), or electoral success (Nai, 2019; Pillai et al., 2003;
Scott & Medeiros, 2020) are also related to personality, particularly through higher
levels of extraversion and lower levels of agreeableness.

Voter preferences also reflect personality-based judgments. For instance, voters
appear to consistently prefer characteristics such as competence, integrity, or energy
in political figures (Aichholzer & Willmann, 2020; Mondak, 1995). Caprara and
Zimbardo (2004) further elaborate that voters’ evaluation of politicians often depends
on how closely politicians resonate with the voters’ own traits and values. This can
manifest through emotional attachments (likability heuristic) or the attribution of
positive characteristics (dispositional heuristics). Cross-national studies confirm
varying preferences for traits such as emotional stability, extraversion, and

conscientiousness in ideal politicians (Aichholzer & Willmann, 2020).

4.2.2 Politicians Strategically Display Personality Cues

The study of politicians' personalities differs fundamentally from personality research
in the general population (Immelman, 1993). Whereas personality research in the
general population assumes that personality traits are relatively stable and consistently
expressed across different contexts, the key assumption in the political domain is that
politicians engage in impression management, that is, they actively manage and adjust
their public persona depending on the audience and situation in an order to appeal to
their constituency (Fenno, 2003; Goffman, 2016). Fenno (2003), for instance,
describes how politicians show different behaviors when they interact with voters in
their district (*home style”) or when they interact with other members of the political
system (“Washington style”). The rise of social media further contributes to this
dynamic, as social media not only enhances politicians’ visibility but also allows them
to shape their public persona in a more nuanced and controlled way (Colliander et al.,
2017; Meeks, 2016; Stier et al., 2018b). Thus, as the electorate’s political attitudes are
continually monitored by public opinion polling, politicians are all too aware of the
need to strategically emphasize or downplay some aspects of their displayed
personality to appeal to voters (Nai et al., 2022; Stier et al., 2018b). This poses a
fundamental measurement problem: how can we validly and reliably capture the

personality that politicians communicate publicly, knowing it results from both their
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intrinsic personality and deliberate self-presentation? Figure 13 outlines this problem
by conceptualizing the relationship between the true intrinsic personality and the

public personality using an adaption of the lens model by Brunswick (1952).

Figure 13: Conceptual Model (Adapted from Brunswik, 1955

Personality
Ys Cues

Instrinsic Public

Yipr

Ys = Strategic Considerations
Y;pr = Intrinsic Personality Traits

~__ Inference -
Personality Yppr = Public Personality Traits

In the case of a politician’s personality, the unknown criterion is the actual intrinsic
personality (Y;pr) of a politician. What voters and researchers alike have access to,
however, is the publicly displayed personality (Yppr) which results from the observable
personality cues X;...X,, communicated by politicians. These cues can be verbal, such
as statements in speeches or debates, or non-verbal, such as rhetorical gestures or
facial expressions.

Crucially, the public personality Y,p;y is not a mere reflection of intrinsic
personality Y,y but is typically shaped by a combination of intrinsic personality traits
and strategic considerations Y;, as politicians consciously emphasize or suppress
certain cues to appeal to voters. While the exact mixture of intrinsic dispositions and
strategic behavior remains unknown, this is not a limitation studying the way politician
present themselves. On the contrary, the public personality, shaped by both intrinsic
and strategic factors, is precisely what voters perceive and use as a basis for judgment
formation. The key challenge is, rather, to assess whether the personality cues X;...X,,

can be reliably defined, identified, and interpreted as valid indicators of the public
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personality Y,pr and whether they can be systematically aggregated into coherent

personality traits.

4.2.3 Personality Cues are Inherently Ambiguous

Identifying personality cues and linking them to coherent traits is inherently

challenging due to two main reasons.

First, personality traits themselves are not sharply defined or neatly separable-
they have the nature of fuzzy concepts (Thielmann & Hilbig, 2019). Although structural
models like the Big Five or HEXACO provide a useful framework, these models are
based on factor-analytic approaches that reduce correlated questionnaire items into
higher-order dimensions. The resulting traits are statistical factors that are
theoretically orthogonal (i.e., uncorrelated), but in practice, they often show
substantial correlations and overlapping indicators (Zettler et al., 2020). This is
evident in substantial cross-loadings within factor structures, indicating that certain
indicators reflect more than one trait at a time. As such, traits like extraversion and
agreeableness do not always have clear-cut boundaries, making it difficult to determine
where one ends and another begins.

Second, the observable manifestations of these traits - in our case the
personality cues X;...X,, - are themselves ambiguous. A single behavior can be driven
by multiple traits (a phenomenon known as equifinality), and conversely, a single trait
can result in a wide range of behaviors (multifinality). This means that very few
behaviors can be considered “pure” indicators of a single trait; instead, they tend to
remain ambiguous stimuli open to interpretation. In political contexts, these
ambiguities are amplified by the viewer's own perspective. Partisan or cultural biases
can shape how observers interpret the same cue-what one supporter sees as “bold” or
“charismatic,” an opponent might perceive as “reckless” or “showboating”. In addition,
not all traits are equally observable. Traits such as extraversion often have relatively
clear behavioral cues-like a politician’s public speaking style or social engagement-
whereas others, such as openness or honesty, are harder to detect. Research on “thin-

slice” judgments finds that observers can judge some cues that relate to traits like
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extraversion much more accurately than others (like neuroticism) from brief
interactions (Tackett et al., 2017) or verbal cues (Mairesse et al., 2007).32

In sum, personality as a construct is both conceptually and empirically fuzzy,
and its behavioral indicators are often ambiguous and context-dependent. This makes

the reliable measurement of personality in public discourse particularly demanding.

4.2.4 How Can We Measure Personality Cues?

Due to these challenges, methods for measuring politicians' public personalities based
on personality cues face considerable limitations (McDonald, 2008). Broadly speaking,

these methods can be categorized into self-report and observer-report approaches.

Self-report approaches include participants being asked to fill out surveys
(Caprara et al., 2003; Joly et al., 2019; J. Maier et al., 2023).33 However, politicians —
especially high-profile politicians — are a hard-to-survey population, and surveys
among politicians often suffer from low response rates, which not only make data
access challenging but may also lead to biased response patterns. Likewise, time
limitations frequently lead researchers to use brief personality inventories, which may
fail to fully represent the complexity of a politician’s personality profile. On top of that,
there is an inherent limitation that only contemporary legislative periods — where
politicians can be contacted — can be studied.

On the other hand, observer-report approaches typically rely on observer
ratings derived from various forms of observational data, such as everyday interactions
or digital traces from social media. In the study of politicians’ personalities, this can be
done using ratings by experts or the general public (de Vries & van Prooijen, 20109;
Rubenzer et al., 2000; Visser et al., 2017; J. D. Wright & Tomlinson, 2018). Although
these evaluations are explicitly based on observable personality cues (X;...X,,), they can
be skewed by the raters' political beliefs, and these raters have, by definition, only a
partial and biased view of the politicians they are evaluating (J. D. Wright & Tomlinson,

2018). In addition, the interpretation and aggregation of personality cues into traits by

32 Mairesse et al. also experimented with multiple computational methods, finding consistent evidence that cues
for traits such as extraversion are more easily identified.

33 Although these surveys are designed to provide a direct assessment of politician’s intrinsic personality, in the
political domain, they are highly susceptible to social desirability bias and “faking good”, meaning politicians are
likely to portray themselves in a more favorable light unintentionally or intentionally. Consequently, we argue that
politicians’ self-reports can also be seen as a special type of self-statement personality cues rather than as accurate
reflections of intrinsic traits.
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raters often hides the direct connection between specific cues and the final evaluation,

hampering the observation of short-term changes and specific settings.

4.2.5 The Need for Computational Approaches

In this paper, we argue that computational text analysis provides a valuable yet
underutilized tool for assessing politicians’ self-presentation. Generally, political
communication serves as the primary medium for self-presentation, with every
statement made by a politician potentially being a personality cue that voters perceive.
Although research has aimed to study political self-presentation for verbal cues, much
of it relies on content analysis that usually inhibits a targeted, case-study-specific angle
for politicians like Donald Trump and Hillary Clinton (Lee & Lim, 2016) or George
Bush and Mikhail Gorbachev (Winter et al., 1991). However, while manual content
analysis likely provides the most valid research approach in a case-study design, it is
unnecessarily effortful for analyzing politicians’ public images on a large scale, given
that automated personality prediction from digital footprints has demonstrated
performance comparable to traditional approaches (see meta-analysis by Azucar et al.,
2018).

A notable exception is the study by Ramey et al. (Ramey et al., 2019), who used
computational techniques to measure the personalities of U.S. Congress members
based on their floor speeches. Their approach builds on a rich literature that uses tools
like Linguistic Inquiry and Word Count (LIWC) to capture linguistic features-such as
the use of second-person pronouns, punctuation, or word length-and link them to
personality traits (Chen et al., 2020; Mairesse et al., 2007; G. Park et al., 2015). Using
the pretrained Support Vector Machines for Regression models from Mairesse et al.
(2007) and applying it to U.S. Congress floor speeches, they found that their text-based
measures were correlated with survey response rates for members of Congress.

While the work of Ramey et al. represents a significant contribution to the field
by offering a computational method to extract politicians’ personality cues, it also has
limitations. First, their reliance on a pretrained support vector machine model raises
concerns about the validity of their findings, particularly since the authors did not
report a validation against human-annotated data-a gold standard in computational
text analysis (Birkenmaier et al., 2023a; Grimmer et al., 2022). Furthermore, their
methodological choice is challenged by the recent rapid advancements in natural

language processing, where more sophisticated large language models (LLMs) have
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consistently shown to provide greater capabilities. Finally, although the Big Five
personality traits used in their analysis are widely recognized for general personality
assessment, they lack the nuanced, domain-specific application for evaluating
politicians’ personality characteristics.

Building on the work of Ramey et al., we, therefore investigate whether
computational methods can be used to develop more valid, domain-specific automated

measures of politicians’ public personalities based on the personality cues they exhibit.

4.3 Method

4.3.1 Data

We compiled a corpus comprising a diverse set of public statements from leading
German politicians covering the period from 2017 to 2024, encompassing two full
legislative terms of the German Bundestag. Our definition of “leading politicians”
includes those who served as leaders or co-leaders of both legislative factions and
political parties, covering all six parties represented in the German Bundestag. For
these 46 politicians (see Appendix A), we collected data from three sources commonly
used to study politicians’ public communication: interviews, social media posts, and
parliamentary speeches.

Interviews: First, we rely on a novel dataset comprising 99 interviews with
political leaders broadcasted in five different media formats (Birkenmaier, Sieber, and
Bergstein, 2025). Interview statements provide one of the most natural and authentic
sources of politicians’ interactions and self-presentation to the public, ideally lending
themselves to capture the public personality of politicians (Schoonvelde et al., 2019).

Social Media Posts: Second, we rely on social media data as another highly
popular resource for politician’s public communication. The initial data consists of a
subsample of 300.000 Facebook posts from a raw corpus of 6.7 million politicians’
posts utilized in Birkenmaier, Saltzer and Wurthmann (2025) based on a list of Twitter
Accounts by Siltzer, Stier and Bauerle (2023).

Parliamentary Speeches: Finally, we rely on a corpus of politicians’ speeches
in the German Bundestag. We utilize a subset of German MP speeches provided by the
Parlspeech database, which provides transcripts of parliamentary speeches of nine
representative democracies (Rauh & Schwalbach, 2020). We used only the German

subset for our present analysis.
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Across all data sources, we defined individual sentences and statements uttered
or written by politicians as our unit of analysis. Sentences represent personality cues
at a granular level that can be detected and potentially aggregated across texts. Because
our primary focus is on validating the detection and measurement of personality cues
in text rather than analyzing explanatory factors influencing changes or differences in
the public personality, we draw a random sample of 15.000 sentences from each data

source as our main corpus.

4.3.2 Measurement

4.3.2.1 Workflow

Figure 14 illustrates our workflow. As detailed below, we begin with manual coding to
develop and validate a codebook and create a set of labelled data. We then employ
computational text analysis using different models and measurement strategies and
assess the validity of our measures using a comprehensive validation framework

(Birkenmaier, Wagner, et al., 2024).

Figure 14: Workflow
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4.3.2.1.1.1 Trait Selection

To select personality traits that can be measured using computational text analysis, we
focus on two core psychological traits that underpin most personality frameworks:
agency and communion (Bakan, 1966). These so-called “meta-traits” provide a
higher-order structure that captures common variance among lower-order traits,
including the Big Five, and consistently emerge across diverse personality models

(Partsch et al., 2022; Saucier et al., 2014). Adopting the terminology of Hogan (1982),
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agency can be thought of as the drive to “get ahead,” whereas communion reflects the
drive to “get along.” These dimensions not only underpin widely recognized personality
frameworks like the Big Five, but they also constitute key behavioral determinants in
both personal and political environments. In a U.S. political context, for instance,
research has found that Republicans often place greater emphasis on agency, while
Democrats place greater emphasis on communion (Eriksson, 2018).

To guide our measure of agency and communion, we rely on a validated
framework and survey inventory to assess politicians’ personalities by Lechner et al.
(2025). This inventory comprises 15 domain-specific personality facets specifically
tailored to the personas of politicians Compared to global and general personality
frameworks such as the Big Five (Costa Jr. & McCrae, 1995), the dimensions in the
Framework by Lechner et al. offer a validated, domain-specific framework for
politicians' personality traits, providing both a clear definition and a conceptual basis
for subsequent computational text analysis. In our analysis, we focus on the two
prototypical traits from their framework that capture the essence of agency and
communion, respectively. This keeps our method interpretable, theoretically
grounded, and capable of focusing on the validation of measuring these traits using
personality cues in textual data.

Agency: In the Lechner et al. inventory, the trait Assertiveness & Will to Take
Control is the key trait for agency. It reflects the willingness to be a leader as well as
to achieve power and one’s assertiveness. The items for this trait characterize a
politician who is “power-hungry, claims leadership”, “assertive, dominant,” and “a
born leader.”

Communion: In the Lechner et al. inventory, Empathy & Compassion
constitutes the key trait representing communion. It reflects the ability to express and
act on feelings of empathy and compassion toward others. The items for this trait
characterize a politician who is “empathetic, shows genuine compassion”,
“understands the needs of disadvantaged people” and “is compassionate, has a soft
heart.”.

We focus on the positive poles of the prototypical traits introduced above, but
not the opposing poles “Passivity & Submissiveness” (-communion) and “Apathy &
Indifference” (-agency). This reflects our assumption that politicians usually aim to

project personality cues that reinforce a strong and favorable public image. 34

3% For readability purposes, we subsequently refer to them to “agency” and “communion” instead of the
prototypical traits “Empathy & Compassion” and “Assertiveness & Will to Take Control”
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4.3.2.1.1.2 Trait Conceptualization

For each trait, we define both weak and strong cues that reflect varying degrees
of explicitness in the representation of personality cues. Personality cues can differ in
both strength and relevance, as they vary in how clearly and accurately they reflect the
traits being judged in real-world context (Funder, 1995). In our case, strong cues refer
to clear and direct statements that contain self-disclosure or direct references to a
personality trait ascribed to oneself (e.g., “I am a very stable genius”), whereas weak
cues are more ambiguous or indirect and might be more open to subjective
interpretation by the receiver of the cue. Agency, for example, can be explicitly
signalled through strong statements such as “As the leader of this party, I will ensure
that this policy is implemented, regardless of who stands in the way”. In contrast,
weaker agency cues might include phrases that can potentially be subject to human
interpretation, such as “We will push this policy forward and ensure its
implementation”. While the latter statement suggests a call to action, it is much more
passive and does not clarify whether the action entails the speaker actively overcoming

resistance.

4.3.2.1.1.3 Codebook Development & Validation

We developed the codebook in multiple steps. Initially, we limited coding to
sentences containing elements of personal attributes using self-referential words as
filtering keywords (e.g., “I,” “we,” “mine”; see Appendix B). Coders annotated these
sentences while providing continuous feedback to refine the codebook. Once coders
achieved a consensus on trait assignments, we expanded the coding to a random
selection of sentences from the larger dataset to improve generalizability. Ultimately,
a team of three annotators (i.e., the first author and two research assistants) annotated
1000 sentences. We computed Krippendorff’'s Alpha as a measure of multi-label
agreement, with values above a > .70 deemed as acceptable (Krippendorff, 2018). After
demonstrating sufficient agreement on the 1000 sentences (see Results section), we
proceeded to generate a labeled corpus containing at least 200 examples per class

9 &

(“agency,” “communion,” or “none”) for both weak and strong cues.
4.3.2.2 Computational Analysis

With the growing application of LLMs in the social sciences, there is an ongoing debate
concerning the best strategies for computational text classification (Gilardi et al., 2023;

Ziems et al., 2024). For the reasons outlined earlier (i.e., the fuzziness of personality
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traits as such and the ambiguity of verbal cues), classifying sentences based on
personality trait cues is especially challenging, and no clear methodological standards
exist. Therefore, in this paper, we systematically test different strategies and
computational models to determine the best-performing architecture to detect
personality cues in text data.

For all models, we test their performance on different dataset variants. In the
first dataset variant, referred to as strong, we only include examples of strong cues for
agency and communion. In the second variant, referred to as weak+strong, we include
an equal proportion of weak and strong cues for agency and communion, representing
a more inclusive (but potentially less clear-cut) definition of personality trait
expressions. To address class imbalance, we assess performance on both a balanced
dataset, where the three classes (“agency”, “communion”, and “none”) are equally
represented, and an unbalanced dataset, where “none” appears twice as often as the
other classes.

We compare three major strategies across multiple model architectures (see
Figure 14) and assess performance on different dataset variants. All hyperparameters
and computational resources used in our experiments are documented in Appendix D
and E.

For the supervised strategy (Strategy 1), we follow the approach by Ramey et al.
(2019) and train a Support Vector Machine (SVM) as a baseline model on the
human-annotated data. SVM are fast, cheap, and computationally efficient, as they are
only trained on the document-term feature matrix of the training data. We compute 5-
fold cross-validation, using a train-test split of 80/20.

For fine-tuning a pretrained LLM (Strategy 2), we fine-tune a 279M parameters
XILM-RoBERTa (base) model (Conneau et al.,, 2020) using common
hyperparameters. We compute 3-fold cross-validation, using a train-test split of
80/20.

For the prompting approach (Strategy 3), we prompt three different generative
instruction-tuned LLM, following current research exploring generative models for
classification (Gilardi et al., 2023; Ziems et al., 2024). We rely on three models: a
proprietary instruction-tuned GPT-40, and two open-source models Llama 3-8B
(Touvron, Lavril, et al., 2023) and DeepSeek-V3 (DeepSeek-Al et al., 2024). For each
model, we utilize different prompting templates tailored to dataset variants featuring
either exclusively strong or a combination of strong + weak cues, as outlined in our

codebook. Additionally, our approach distinguishes between zero-shot and few-shot
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settings, with the latter including class-specific examples (see Appendix F for full
prompts). Each prompt directs the respective model to classify politicians’ statements
into one of three categories (“agency”, “communion”, and “none”) and to provide a
brief, one-sentence explanation for its decision in a structured format.

To mitigate the effects of randomness in training and prompting, we run each
of our models with three different random seeds and report the macro-averaged F1

performance across runs.
4.3.3 Validation

Due to the foundational nature of our research, we take a systematic approach to
validation and rely on the ValiText framework (Birkenmaier et al., 2024), which
distinguishes between different types of validation evidence for computational text
analysis. We start by reporting and documenting the theoretical framework used to
operationalize our constructs, provide interrater agreement measures for human
coders, and document major design decisions, such as the rationale behind our choice
of methods (substantive validation). We then evaluate how our measures correspond
to human annotations (external validation) and further explore the properties and the
output (structural validation). Specifically, this involves designing functional tests and
analyzing the sensitivity for partisan differences across (a) the complete unlabeled
corpus of 45,000 randomly selected sentences from the German Bundestag and (b)
around 2,000 translated statements from the 2024 U.S. presidential debate between
Donald Trump and Kamala Harris. We document all our validation steps using

checklist templates (see Appendix G).

4.4 Results

4.4.1 Substantive Validation

As outlined in our method section, we employ a domain-specific personality
framework and attendant survey inventory as the conceptual basis for operationalizing
personality cues. As detailed in Lechner et al. (2025), the substantive validity of this
personality framework was ensured during its development process through multiple
means, including an analysis of extant work on personality assessment in general and

politicians’ personality traits more specifically; input and reviews by experts from
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psychometrics and political science; as well as extensive tests of structural and external
validity of the resulting inventory in multiple samples of voters.

We then chose the prototypical traits of the framework to operationalize
personality cues for agency and communion. To do so, we developed a codebook and
conducted manual coding to evaluate whether human annotators could reliably
identify corresponding personality cues. Our analysis demonstrated sufficient
agreement, with Krippendorff’s Alpha of .73 (strong) and .72 (weak + strong) for the
overall identification of the presence of personality cues, and agreement ranging from

.70 to .78 for “agency” and “communion” (see Table 11).

Table 11: Interrater Agreement for Human Coding (n=1000)

Category Strong Cues | Weak + Strong Cues
Detecting Personality Cue 0.73 0.72

Personality (A or C) vs. No Personality Cue

Agency 0.70 0.71

Agency vs. No Agency Cues

Communion 0.78 0.74

Communion vs. No Communion Cues

Regarding label distribution, most sentences were classified as “none,” with 91%
for strong cues and 83% for combined weak + strong cues. Among sentences
containing personality cues, “communion” appeared more frequently (approximately
5% of strong cues and 8% of weak cues) than “agency” (around 3% of strong cues and

6% of weak cues).
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4.4.2 Comparison with Human-annotated Test Set (External Validation)

Figure 15 displays the performance of all models across balanced and
unbalanced test and training datasets.35 Red points indicate results on the strong
datasets that only contain strong personality cues and blue triangles indicate results
on the combined weak + strong datasets with an equal proportion of weak and strong

personality cues. Overall, our results show that DeepSeek-V3 and GPT-40

Figure 15: Classifier Performance for Balanced and Unbalanced Datasets
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demonstrated the highest performance across dataset variants. As shown in Table 12,
DeepSeek-V3 performed best on both balanced and unbalanced datasets, attaining a
macro-F1 score of 0.77. GPT-40 performed similarly well, achieving a macro-F1 score
of 0.76 on the strong-balanced dataset, and slightly worse performance on the balanced
and unbalanced dataset. In contrast, the Llama 3-8B model showed significantly lower
performance, with the highest F1 scores reaching approximately 0.60 for the balanced
dataset and 0.55 for the unbalanced dataset, along with greater variability across

training runs.

35 As outlined in the method section, only supervised (SVM) / semi-supervised (XLM-RoBERTa) models relied
on training / finetuning data, whereas prompting only included a selection of examples in the prompt (few-shot
prompting)
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Table 12: Overall Best-Performing Models on the Test Data (3 Random Seeds)

Model Strategy Test Dataset | Prompt-Strategy | Macro F1 | SD
Balanced
DeepSeek-V3 | 3. Prompting Strong few 0.77 0.02
DeepSeek-V3 | 3. Prompting | Weak + Strong few 0.76 0.01
GPT-40 3. Prompting Strong few 0.76 0.01
Unbalanced
DeepSeek-V3 | 3. Prompting Strong few 0.77 0.01
GPT-40 3. Prompting Strong few 0.74 0.00
DeepSeek-V3 | 3. Prompting Strong Z€ero 0.74 0.01

Likewise, models using a semi-supervised (XLM-RoBERTa) or supervised
(SVM) strategy exhibited also lower macro-F1 scores. The SVM model performed
reasonably well on the balanced dataset with strong labels (F1 = 0.69) but performed
significantly worse on the weak+strong dataset (F1 = 0.59) and both unbalanced
datasets (F1 = 0.61 and 0.55, respectively). The XLM-RoBERTa model showed only
slight improvements over SVM for the balanced dataset, with its best performance

recorded for the balanced strong-labeled dataset (F1 = 0.70).

4.4.3 Functional Tests (Structural Validation)

In addition to the human-label comparison, we conduct systematic tests on
deliberatively chosen sentences and the survey items drawn from Lechner et al.’s
(2025) original personality inventory to evaluate whether models can reliably predict
explicitly defined test cases (units). Specifically, each model was tested with 18 test
units: (a) the three self-report items designed to reflect each associated trait (for
instance, “I show understanding for the needs of disadvantaged people” for
communion or “I am a born leader” for agency); (b) the three opposing items per trait,
expected to be classified as “none” (for example, “I am hard, cold-hearted” as the
opposite pole for communion or “I prefer to stay in the background” for the opposite
pole for agency); and (c) six sentences from our original corpus, which we identified as
unrelated to any personality cues and that also should be labeled as “none” (for a full

list of test units, see Appendix H).
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Our results are displayed in Figure 16.3¢ A well-performing model's confusion
matrix should ideally display three green predictions in the lower-left corner
(representing three “agency” items), three green predictions in the center
(corresponding to three “communion” items), and twelve green predictions in the
upper-right corner (covering the six “none” sentences from the original corpus and the
three opposing poles for both “agency” and “communion”, totalling twelve “none”
predictions). For strong labels, only few-shot prompting with GPT-40 and DeepSeek-
V3 correctly classified all test items, whereas zero-shot prompting for both models was
still satisfactory with only minor prediction errors. For combined weak + strong labels,
encompassing both weak and strong cues together, only DeepSeek-V3 was able to
correctly classify all test cases. For zero-shot prompting, the performance of GPT-40
and DeepSeek-V3 was also still satisfactory, again with only minor prediction errors.

In contrast, SVM, XML-RoBERTa, and Llama 3-8B showed more overall wrong

Figure 16. Confusion Matrices for the Test Units (n=18).

Strong Labels

SVM XLM-RoBERTa Llama 3-8B GPT-d0 Deepseek-V3
balanced balanced few few few
n 128N n 0 2 10 n 6 n 12 N 12
C 3 C 1|2 c 3 3 « 3 C 3
a 3 a 3 a 3 3 a 3 a 3
unbalanced unbalanced zero zero zero
n 12 n 1 1 n 6 n 10 n "
c 3 c 1 2 c 3 3 c 3 c 3
a 3 a 1 2 a 3 3 a 3 2 a 3 1

a [ n a c n a c n a [ n a c n

Combined Labels

SVM XLM-RoBERTa Llama 3-8B GPT-d40 Deepseek-V3
balanced balanced few few few
o1 1 10 n'3 3 6 n 4 n 1 n 12
¢ 1 = c g 1 ¢ 3 . c 3 1 ¢ 3
a 3 s 2 1 -3 9 a3 a I8
unbalanced unbalanced zero zero zero
n 12 n 2 10 n 5 n 1 1 "
c 1 2 c 1 2 c 3 2 c 31 c 3
a 3 12 O | 2 3 a1 1

a ¢ n a ¢ n a c n

predictions for both strong and combined weak + strong labels, often failing to reach a
passing rate of 50 conclude that validation evidence for accurate and consistent

classification was demonstrated exclusively by GPT-40 and DeepSeek-V3.

36 The y-axis corresponds to the true values, and the x-axis corresponds to the predicted values, with n = none, ¢ =
“communion” and a = “agency”.

117



4.4.4 Exploring Sensitivity to Partisan Differences (External Validation)

As a further validation step, we evaluate the sensitivity to partisan differences of our
measures. Toward that end, we examine partisan differences in public personality
across two use cases: (1) aggregated communion scores of politicians across political
parties in the German Bundestag, and (2) individual agency and communion scores for
the U.S. Presidential Debate between Donald Trump and Kamala Harris on September
10, 2024. In both cases, we expect, in line with previous research, that liberal or left-
leaning politicians generally display higher and more universal levels of communion
compared to their conservative counterparts, who often tend to limit empathy to
deliberatively chosen (in-)groups (Hasson et al., 2018; McCue & Gopoian, 2000). In
the U.S. context, there is even consistent politician-specific evidence suggesting that
Donald Trump is regularly rated lower on empathy-related dimensions reflecting
communion and higher on conflict-related dimensions representing agency (Hyatt et
al., 2018; Nai et al., 2021; J. D. Wright & Tomlinson, 2018). Therefore, we expect that
(1) German politicians from left-leaning parties will be more likely to signal personality
cues that indicate communion, and (2) Donald Trump will be more likely to signal
personality cues that indicate agency, whereas Kamala Harris will be more likely to
signal personality cues that indicate communion.

For clarity, we report results exclusively for the best-performing model that

successfully passed all previous validation steps, namely DeepSeek-V3.

4.4.4.1 Left-Right Communion Distribution in the Bundestag

Figure 17 presents scatterplots showing the relationship between politicians’
shares of communion with values aggregated at the party level (y-axis) and their
parties' expert-rated positions on the Chapel Hill Expert Survey(CHES, see Jolly et al.
(2022)) for two dimensions that make up the left-right continuum: the economic left-
right (left panel) and the cultural libertarian-authoritarian (right panel) dimension.
Generally, the highest shares of sentences containing communion cues can be found
for the left party “LINKE” (18%), followed by social-democrat SPD and the Greens
(both 9%), whereas politicians from more conservative parties like the CDU and right-

wing AFD show overall lower communion values of around 4-5%.
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Figure 17: Correspondence of Aggregated Politicians Shares for each Party
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As indicated by the regression lines, we see a clear and consistent negative relationship
between the parties CHES score and the politicians’ share of communion. This
association is particularly pronounced for the economic dimension (left panel), but
also present in the cultural dimension (right panel). This pattern suggests that the
signaling of communion is systematically more prevalent among politicians from
economically and culturally left-leaning parties, which supports our prior assumption.
These results support the validity of our agency—communion measures because it

vividly demonstrates its correspondence with established ideological dimensions.37

4.4.4.2 US Presidential Debate Corpus

Next, we measure the signalling of personality cues for the 2024 U.S.
Presidential Debate between Donald Trump and Kamala Harris on September 10,
2024, to demonstrate that our measure is also sensitive to individual-level measures.
Transcripts for the debate were derived from the American Presidency Project
(Woolley & Peters, 1999), translated from English to German using the Deepl-API and

subsequently processed using the same steps as in our previous analysis.

37 Although not part of our initial analysis due to less apparent theoretical connections in a multi-party
parliamentary system, Appendix I presents the aggregated proportions of “agency” and the CHES dimensions,
revealing a strong positive relationship with the economic dimension and a moderate positive relationship with the
cultural dimension.
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Our findings, visualized in Figure 18, confirm our expectations that Trump
should signal more agency compared to Kamala Harris. On average, Trump’s sentences
are notably shorter, leading to nearly twice as many utterances (n = 655) compared to
Harris (n = 320). Notably, the overall share of personality cues is higher for Harris
(approx. 23%) than for Trump (approx. 10%). However, examining the within-person
distribution reveals a clear pattern: Trump displays a stronger emphasis on agency

(63% agency vs. 37% communion), whereas Harris shows the reverse pattern, with a

Figure 18: Ratio of Agency and Communion
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higher share of communion (59% vs. 41% agency). This means that the relative
prominence of agency and communion is nearly reversed between the two candidates.

These results show that our agency—communion measure was able to capture
differences in the two candidates’ public personalities that were widely discussed in the

media during the election campaign (Hyatt et al., 2018).

4.5 Discussion

4.5.1 Summary and Discussion

This study explored the feasibility of using computational text analysis to
measure politicians' publicly displayed personality traits from various textual sources
(interviews, speeches and social media posts) using the two metatraits agency and
communion as a case in point. Measuring personality traits from verbal behavior is
highly challenging - not only because personality traits are inherently fuzzy constructs,
but also because their linguistic cues are often ambiguous and context-dependent. To
address these challenges, we compared multiple measurement strategies and models,
varying dataset compositions (balanced vs. unbalanced) and personality cue
conceptualizations (strong cues only vs. a combination of weak and strong cues). We

conducted extensive validation using a systematic framework as outlined in
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Birkenmaier et al. (2023). Our findings suggest that prompt-based methods,
particularly GPT-40 and DeepSeek-V3, allowed the most valid measurement of agency
and communion from politicians’ public utterances-evaluated through comparisons
with human labeling, deliberately designed functional tests, and sensitivity to partisan
differences in real-world applications.

Regarding the conceptualization of personality traits, models tasked to detect
only strong cues for the traits in question performed better, as expected. This aligns
with intuition, as detecting personality cues becomes more challenging when weak
cues are included. The fact that personality traits are fuzzy and concepts with
ambiguous verbal cues was reflected in the moderate agreement among human coders
(between .70 and .78 Krippendorff’s Alpha) and the fact that none of the computational
models achieved a macro-F1 score above .80 (see Table 12).

Nevertheless, the results suggest that the best available computational methods
can indeed capture meaningful personality-related cues in text, particularly for the two
examined dimensions agency and communion. These findings provide the foundation
for more substantive research in the field of political psychology. For instance, this
could include the investigation of changes in politicians’ expressed personality across
environmental factors that can indicate how political figures adapt their public
personas in response to evolving circumstances. Potential explanatory factors include
crisis events, such as economic downturns or global conflicts, which may lead
politicians to fulfil the demand for dominant political leaders (Petersen & Laustsen,
2020; Sprong et al., 2019). Additionally, individual role transitions-such as taking over
the position of party secretary or becoming a lead candidate-could influence the way
personality traits are displayed.

Beyond individual-level analysis, there is also a need for more substantive
research on the broader cultural and institutional factors that shape politicians'
personality displays. The political system designs the arena of political interactions,
with different governmental structures, such as presidential and parliamentary
systems, shaping how politicians behave (Schiirmann & Stier, 2022). For instance, it
remains an open question whether presidential leaders exhibit higher dominance and
assertiveness than their parliamentary counterparts. Likewise, cultural norms should
also be investigated to determine how regional differences impact the perception and
display of traits. Finally, future methodological research could investigate the extent to
which computationally derived personality cues align with politicians’ self-reported

traits. This would deepen our understanding of the strengths and limitations of various
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measurement approaches and highlight which personality traits are more likely to
show consistency across methods.

While this study demonstrates the potential of computational methods for
measuring politician’s personality cues, several limitations remain. The analysis
focused on only two personality traits — agency and communion - which should be
expanded to other relevant traits. Next, keep in mind that personality cues can be
expressed in multiple ways — such as paraverbal and nonverbal features like rhetoric,
gestures or interactions. Thus, future research should complement our approach by
using multi-modal approaches, incorporating video, audio, and behavioral data
(Achmann-Denkler et al., 2024). Connected to this, our study operated at the sentence
level; extending it to paragraph-level or token-level analysis would provide deeper
insights into personality expression in political speech.

In conclusion, our study demonstrates that while measuring personality trait
expressions from text remains a daunting task, it is not an impossible one. By
combining robust validation strategies with recent advances in language models, we
demonstrated that even abstract traits like agency and communion leave detectable
traces in political discourse. This opens the door to a new generation of research: one
where personality is not just surveyed or inferred, but measured at scale, over time,
and in context - from speeches to debates, from parliaments to press conferences. If
personality is indeed what politicians project to the public, then computational
methods may soon become essential tools in decoding the psychological choreography

of power.

4.6 Appendix

4.6.1 Appendix: Overview of politicians in the German Raw Corpus

Table 13: Overview Politicians

# | Full Name yvikidata_ wikidata_link
1 | Annalena Baerbock 3564328 https://www.wikidata.org/wiki/Q5643
2 | Katarina Barley Q15117357 }2T’§tps: //www.wikidata.org/wiki/Q1511
3 | Dietmar Bartsch Q99450 171(’3:1)7&/ /www.wikidata.org/wiki/Q994
50
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https://www.wikidata.org/wiki/Q564328
https://www.wikidata.org/wiki/Q564328
https://www.wikidata.org/wiki/Q15117357
https://www.wikidata.org/wiki/Q15117357
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9

4.6.2 Appendix: General Workflow

This procedure outlines a generalizable, step-by-step workflow for detecting

personality cues in textual data and aggregating them to personality traits. The

workflow is trait-agnostic and applicable across research fields.

Step 0: Understand Your Research Context & Data

Familiarize yourself with the empirical and theoretical landscape of the research

context (e.g., research about individual, public personalities, etc.).

Reflect on the nature of the data source, structure, etc.

Step 1: Trait Selection
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Identify one or more personality traits based on a coherent personality
framework (e.g., Big Five, HEXACO, domain-specific inventories). Use a
domain-specific trait model when appropriate.

Specify which pole(s) of the trait you are interested in measuring (e.g.,

“Assertiveness” vs. “Submissiveness” or only the positive pole).

Step 2: Trait Conceptualization

Define the link of personality cues to the selected trait(s) in conceptual terms
using prior psychological literature.
Identify what constitutes a strong cue (direct, explicit statements) and a weak

cue (indirect, implicit indicators).

Step 3: Codebook Development

Build a codebook that contains all information for the annotation process for
personality cues in text.

Develop coding categories (e.g., “Trait X — strong,” “Trait X — weak,” “None”)
and annotate a small sample

Refine the codebook iteratively with coder feedback.

Step 4: Codebook Validation

Annotate a larger, randomly drawn text sample using at least two independent
coders.

Evaluate inter-coder agreement (e.g., Krippendorff’s Alpha, with a > .70 as
acceptable).

Revise definitions and examples to improve reliability and conceptual clarity.

Step 5: Human Annotation of Full Dataset

Annotate the full dataset
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4.7.1 Appendix: Filter Terms

German
ich |meine |meiner |unsere |wir |personlich | man |selbst |mich |mein |mir |uns
|unsere

English Translation

I | my / mine | mine / of mine | our / ours | we | personal / personally | one | self /
oneself | me | my | me (dative) | us | our / ours
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4.7.2 Appendix: Codebook

This is the codebook for the coding of politician ’s personality (PoliPers). The coding was conducted using the software “Label Studio”.

people’s concerns and hardships
in order to find real solutions
that leave no one behind.”

“Well, I wouldn’t kill anything
with two eyes to feed myself.”

Focus on political entities
"We must support the

municipalities."

need to help them") —
If the

implicit and allows for

meaning is

multiple

Facet Description Strong Weak+Strong Anmerkungen Survey Items (“T ...”)

Empathy & When referring to concrete | When moral judgment is | No generally positive | am empathetic, show

Compassion A politician  who (disadvantaged)  people or | not explicitly empathetic, | empathy expressed | genuine compassion.

(Empathie & . ; groups but fact-based / | toward other politicians | understand the needs of
o sympathizes with _ '

Mitgefiihl) “The number of homeless people | argumentative (e.g., "Karl Lauterbach | disadvantaged people.
(disadvantaged) is too high, this is a humanitarian | "The number of homeless | is a good colleague") am compassionate, have
people’s problems catastrophe.” people is high." No general references to | a soft heart.
and feelings, who is | “We increased child benefits [...] | Reference to global crises | acts of war between
caring and which was a significant financial | (wars, ete.) without | countries

) ) . | improvement for many families.” | directly = naming the | (e.g., "The conflict
compassionate in his ] )

“Poor people are worried that | consequences for people | between Russia and
behavior, shows others will take advantage of | (or lives); Ukraine is escalating")
empathy vs. someone | their situation.” "Russia has attacked | When referencing
who is callous, | When compassion or empathy is | Ukraine." people in vague terms
unemotional or explicitly called for We must continue to | (e.g., they are

“It is important to understand | support Ukraine." disadvantaged", "we
remorseless.
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Reference to global crises (wars,

etc.) with consequences for
people / human lives

“Russia attacked the people of
Ukraine.”

“The ISIS reign of terror over 3.2
million Syrians and 4.5 million

Iraqis was broken last year.”

~,The CDU is suffering
under demographic

changes*”

interpretations, it is
considered implicit.

If there is a clear and
unambiguous
interpretation pointing
to empathetic behavior
(e.g., "And the state still
treats them as if
something is

with them."), then it is

wrong

considered explicit.

Assertivenes
s & Will to
take control
(Durchsetzung
sfahigkeit und
Fiithrungsansp
ruch)

A politician who is
assertive, willing to
act as a leader, who
takes charge, seeks for
Vs.

greater power

someone who is more

submissive,
unobtrusive, even
feels awkward in

positions of power

Concrete power-related
plans in the context of
personal assertiveness
against resistance or

concerns, etc.
"That was a very concrete
example, and we will continue to
apply pressure."

"We want to push this through
despite resistance."
Willingness to take on and
actively perform leadership
"We want to be elected in order
to bring about a change in

policy."

General references to
actions with a
disruptive / active
character in contrast
to the status quo

"And I want us to take the
first step, to intervene
to offer

now, support

now."
"We want to move the
country forward — in
education, digitalization,
and the economy — and do
something for the middle
for

class, example:

No description of
role-specific tasks or
actions that are not
explicitly framed as
responsibilities

(e.g., “We will introduce
a new regulation for the
XX law” — unclear if

this is not just part of

the standard role
description)

No general
statements about

desirable conditions

am power-hungry, claim
am assertive, dominant.

am a born leader.
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"I am fighting to become party
leader."

Reference to one's own
perceived leadership role

e "In decisive moments, I take
responsibility and resolutely

stand up for what is right."

completely abolish the
solidarity surcharge,
establish a digital
ministry, implement an
immigration code with a

points system."

General references to
formal or actual
leadership or power
positions

"I very much enjoy being
party leader."

"We are a party that can
change politics."

"We are wusing the

resources of the state."

or ideological
perspectives
“Capitalism is the root
of all problems, but I
would say that
patriarchy and racism
are equally systems of
oppression that we
must fight equally.”
“We must fight for
human rights.”
Reference to
engagement without
a dominant or
power-related
character

“We advocated for the
regulation.”

“In my greeting speech,
I pointed out the revised
noise ordinance for
sports facilities, which I

supported.”
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4.7.3 Appendix: Hyperparameters

Study 1 (Baseline SVM): We use default hyperparameters from the caret
packet in R.

Study 2 (Fine-Tuning XLM-RoBERTa): We use the "roberta-base" model
from the transformer library, with 12-ayer,768-hidden, 12-heads, 279M parameters.
We use common hyperparameters: batch size of 16, learning rate of 2e-5, and 5 epochs.
Unless otherwise noted, we utilize standard hyperparameters

Study 3 (Prompting Instruction-Tuned LLM). We use default

hyperparameters, with temperature of .7, max-tokens of 150,

130



4.7.4 Appendix: Computational Resources

Study 1 (Baseline): Training the SVM was implemented in R using the caret
package (Kuhn, 2008). The computations were carried out on a standard CPU. Cross-
validation and feature selection were performed on moderate-sized DFMs, and the
models (trained over three different seeds) required on average 30 seconds (cross-
validation training and evaluation) and 2 min (unlabeled data) of processing time.

Study 2 (Fine-Tuning XL.M-RoBERTa): For model training, we used a
A100 GPU from Google Colab running Python 3.10.12 using Jupyter Notebooks. Fine-
tuning XLM-RoBERTa-base and classifying the datasets took approximately 20 min
(cross-validation training and evaluation) and 2 hours (unlabeled data).

Study 3 (Prompting Instruction-Tuned LLM). Models were accessed via
the openai python package. GPT-40 was directly accessed via the OpenAI-API, whereas
the other models were accessed via the DeepInfra API. API calls were done
concurrently using the concurrent.futures python module. Classification took
approximately 20 min (cross-validation training and evaluation) and 3 hours
(unlabeled data). Costs for the labeling were around 500 EUR for GPT-40, 80 EUR for
DeepSeek-V3, and 5 EUR for Llama.
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4.7.5 Appendix: Prompts
Prompt 1 — Zero-Shot (Only Strong)

Task Instruction:

Du hast die Aufgabe, Satze von Politikern anhand von konzeptuellen Kategorien zu
klassifizieren:

1. Empathie & Mitgefiihl:
Eine Aussage zeigt, dass ein Politiker empathisch ist, mit den Problemen und
Gefiihlen (benachteiligter) Menschen mitfiihlt, Fiirsorge und Mitgefiihl zeigt
sowie die Bediirfnisse von benachteiligten Gruppen versteht.

Beispiele:
o Wenn bezogen auf konkrete (benachteiligte) Menschen(gruppen) oder
Personen

Wenn konkret Mitgefiihl oder Empathie gefordert wird
Wenn Verweis auf globale Krisen (Kriege, etc.) mit Folgen fiir
Menschen(-leben)
2. Durchsetzungsfihigkeit & Fiihrungsanspruch:
Eine Aussage zeigt, dass ein Politiker entschlossen ist, die Fiihrung zu
tibernehmen, Verantwortung zu tragen und gegen Widerstande aktiv zu
handeln.
Beispiele:

o Wenn konkrete machtbezogene Planungen, die im Kontext von
personlicher Durchseztungsfahigkeit gegen Widerstinde oder
Bedenken / etc. stehen

o Wille zur Ubernahme und aktive Ausfithrung von Fiihrung

o Verweis auf eigene wahrgenommene Fiihrungsrolle

3. None:
Die Aussage macht keine Riickschliisse iiber eine Verhaltensweise des
Politikers, die auf die ersten beiden Kategorien ,,Empathie und Mitgefiihl“
oder ,,Durchsetzungsfahigkeit & Fiihrungsanspruch® zuriickzufiihren ist.

Aufgabe: Klassifiziere die folgende Aussage und gib eine Erklarung ab.
Gib deine Antwort im folgenden Format. Wahle eine der drei Kategorien aus:

Ergebnis: [emp, dur, none]
Erlduterung: [Erlduterung (max. 1 Satz)]

Prompt 2 — Zero-Shot (Strong + Weak)

Task Instruction:

Du hast die Aufgabe, Satze von Politikern anhand von konzeptuellen Kategorien zu
klassifizieren:
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1. Empathie & Mitgefiihl:
Eine Aussage zeigt, dass ein Politiker empathisch ist, mit den Problemen und
Gefiihlen (benachteiligter) Menschen mitfiihlt, Fiirsorge und Mitgefiihl zeigt
sowie die Bediirfnisse von benachteiligten Gruppen versteht.

Beispiele:
o Wenn bezogen auf konkrete (benachteiligte) Menschen(gruppen) oder
Personen

Wenn konkret Mitgefiihl oder Empathie gefordert wird
Wenn Verweis auf globale Krisen (Kriege, etc.) mit Folgen fiir
Menschen(-leben)

o Wenn moralische Bewertung nicht explizit empathisch, sondern
faktenbasiert / argumentierend

o Verweis auf globale Krisen (Kriege, etc.) ohne direkte Benennung der
Folgen fiir Menschen(-leben)

o Empathischer Fokus auf politischen Einheiten

2. Durchsetzungsfihigkeit & Fiihrungsanspruch:
Eine Aussage zeigt, dass ein Politiker entschlossen ist, die Fithrung zu
iibernehmen, Verantwortung zu tragen und gegen Widerstande aktiv zu
handeln.
Beispiele:

o Wenn konkrete machtbezogene Planungen, die im Kontext von
personlicher Durchseztungsfahigkeit gegen Widerstande oder
Bedenken / etc. stehen

o Wille zur Ubernahme und aktive Ausfiihrung von Fiihrung
Verweis auf eigene wahrgenommene Fiihrungsrolle
Generelle Verweise auf Handlungen, die einen disruptiven / aktiven
Charakter gegeniiber des Status Quo haben

o Generelle Verweise auf formale oder faktische Fiihrungs- oder
Machtposition

3. None:
Die Aussage macht keine Riickschliisse iiber eine Verhaltensweise des
Politikers, die auf die ersten beiden Kategorien ,Empathie und Mitgefiihl“
oder ,,Durchsetzungsfahigkeit & Fiithrungsanspruch® zuriickzufiihren ist.

Aufgabe: Klassifiziere die folgende Aussage und gib eine Erklarung ab.
Gib deine Antwort im folgenden Format:

Ergebnis: [emp, dur, none]
Erlduterung: [Erlduterung (max. 1 Satz)]

Prompt 3 — Few-Shot (Only Strong)

Task Instruction:

Du hast die Aufgabe, Sitze von Politikern anhand von konzeptuellen Kategorien zu
Kklassifizieren:

1. Empathie & Mitgefiihl:
Eine Aussage zeigt, dass ein Politiker empathisch ist, mit den Problemen und
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Gefiihlen (benachteiligter) Menschen mitfiihlt, Fiirsorge und Mitgefiihl zeigt
sowie die Bediirfnisse von benachteiligten Gruppen versteht.

Beispiele:
o Wenn bezogen auf konkrete (benachteiligte) Menschen(gruppen) oder
Personen

Wenn konkret Mitgefiihl oder Empathie gefordert wird
Wenn Verweis auf globale Krisen (Kriege, etc.) mit Folgen fiir
Menschen(-leben)
2. Durchsetzungsfihigkeit & Fiihrungsanspruch:
Eine Aussage zeigt, dass ein Politiker entschlossen ist, die Fithrung zu
iibernehmen, Verantwortung zu tragen und gegen Widerstinde aktiv zu
handeln.
Beispiele:

o Wenn konkrete machtbezogene Planungen, die im Kontext von
personlicher Durchseztungsfahigkeit gegen Widerstande oder
Bedenken / etc. stehen

o Wille zur Ubernahme und aktive Ausfiihrung von Fiihrung

o Verweis auf eigene wahrgenommene Fiihrungsrolle

3. None:
Die Aussage macht keine Riickschliisse iiber eine Verhaltensweise des
Politikers, die auf die ersten beiden Kategorien zuriickzufiihren ist.

Aufgabe: Klassifiziere die folgende Aussage und gib eine Erklarung ab.
Gib deine Antwort im folgenden Format:

Ergebnis: [emp, dur, none]
Erlauterung: [Erlauterung (max. 1 Satz)]

Beispiele:

»Die Anzahl der Wohnungslosen ist zu hoch, das ist eine humanitire Katastrophe“
— Ergebnis: [emp]

— Erlauterung: [Aussage bezieht sich auf konkrete (benachteiligte)
Menschen(gruppen) oder Personen]

»Wir wollen das auch gegen Widerstande durchsetzen®
— Ergebnis: [dur]

— Erlauterung: [Aussage bezieht sich auf konkrete machtbezogene Planungen im
Kontext von Durchsetzungsfahigkeit]

Prompt 4 — Few-Shot (Strong + Weak)

Task Instruction:

Du hast die Aufgabe, Sitze von Politikern anhand von konzeptuellen Kategorien zu
klassifizieren:
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1. Empathie & Mitgefiihl:
Eine Aussage zeigt, dass ein Politiker empathisch ist, mit den Problemen und
Gefiihlen (benachteiligter) Menschen mitfiihlt, Fiirsorge und Mitgefiihl zeigt
sowie die Bediirfnisse von benachteiligten Gruppen versteht.

Beispiele:
o Wenn bezogen auf konkrete (benachteiligte) Menschen(gruppen) oder
Personen

Wenn konkret Mitgefiihl oder Empathie gefordert wird
Wenn Verweis auf globale Krisen (Kriege, etc.) mit Folgen fiir
Menschen(-leben)
o Wenn moralische Bewertung nicht explizit empathisch, sondern
faktenbasiert / argumentierend
o Verweis auf globale Krisen ohne direkte Benennung der Folgen fiir
Menschen(-leben)
o Empathischer Fokus auf politischen Einheiten
2. Durchsetzungsfihigkeit & Fiihrungsanspruch:
Eine Aussage zeigt, dass ein Politiker entschlossen ist, die Fithrung zu
iibernehmen, Verantwortung zu tragen und gegen Widerstande aktiv zu
handeln.
Beispiele:
o Wenn konkrete machtbezogene Planungen, die im Kontext von
personlicher Durchseztungsfahigkeit gegen Widerstidnde stehen
Wille zur Ubernahme und aktive Ausfithrung von Fiihrung
Verweis auf eigene wahrgenommene Fiihrungsrolle
Generelle Verweise auf Handlungen, die einen disruptiven / aktiven
Charakter gegeniiber des Status Quo haben
o Generelle Verweise auf formale oder faktische Fiihrungs- oder
Machtposition
3. None:
Die Aussage macht keine Riickschliisse iiber eine Verhaltensweise des
Politikers, die auf die ersten beiden Kategorien zuriickzufiihren ist.

Aufgabe: Klassifiziere die folgende Aussage und gib eine Erklarung ab.
Gib deine Antwort im folgenden Format:

Ergebnis: [emp, dur, none]
Erlauterung: [Erlauterung (max. 1 Satz)]

Beispiele:

~Anzahl der Wohnungslosen ist hoch“ — Ergebnis: [emp]

»Wir wollen das auch gegen Widerstande durchsetzen“ — Ergebnis: [dur]

,Und ich mochte, dass wir den ersten Schritt gehen, dass wir jetzt eingreifen, dass wir
jetzt unterstiitzen.“ — Ergebnis: [dur]
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4.7.6 Appendix: Validation Strategy

Due to the foundational nature of our research, we take a systematic approach to
validation and rely on the ValiText framework (Birkenmaier et al., 2024), which
distinguishes between different types of validation evidence for computational text
analysis. We start by reporting and documenting the theoretical framework used to
operationalize our constructs, provide interrater agreement measures for human
coders, and document major design decisions, such as the rationale behind our choice
of methods (substantive validation). We then evaluate how our measures correspond
to human annotations (external validation) and further explore the properties and
the output (structural validation). Specifically, this involves designing functional tests
and analyzing the sensitivity for partisan differences across (a) the complete
unlabeled corpus of 45,000 randomly selected sentences from the German Bundestag
and (b) around 2,000 translated statements from the 2024 U.S. presidential debate
between Donald Trump and Kamala Harris. We document all our validation steps

using checklist templates (see Appendix G).
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4.7.7 Appendix I: Filled-Out Checklist

Substantive Evidence

Before conducting any measurements, researchers need to outline the theoretical underpinning of the measurement to demonstrate substantive
evidence. Validation steps for substantive evidence should therefore demonstrate that the measurement is based on a strong conceptual
foundation, including the operationalization of the construct and the design decisions around the measurement process.

Validation Step

uct Definition a

Documentation

d Operationalization

Considerations

Validation
Output

Source /
References

Documentation of | Review of previous approaches to measure politicians’ personality, | Conducting a literature review | Discussion of Krippendorf
the conceptual both for politicians’ personality in general, and computational text | to understand the conceptual existing literature | (2018)
background analysis (theory section) background of the construct; / knowledge on
consulting domain experts to the conceptual
validate and refine the background of the
understanding. construct
L2 | Justification of Outlining the theoretical relationship between politician’s public | Explaining how the construct Definition of the Krippendorf
the and intrinsic personality; outlining the importance of personality | should manifest in the textual | construct; (2018)
operationalization | cues as measurable indicators of personality (theory section) data; documenting the Rationale of how
operationalization of the the construct
textual features for the should express
construct, e.g., in an itself in textual
annotation codebook features
I3 Manual Precoding | We reached sufficient interrater agreement above .70 Krippendorffs | Ensuring the construct and its | Sufficient Krippendorf
Alpha (Table 1) operationalization are clearly interrater (2018), Plank
defined and suitable for agreement (e.g., (2022)
coding; testing and refining Krippendorff’s
the codebook using a random alpha a, with
subsample of the data and values above .70
multiple coders. to .80 deemed as
minimum,
depending on the
context)
Design Decisions \
I.4 | Justification of We selected three different data sources (interviews, speeches, and | Outlining the rationale for the | Discussion of Krippendorf
data collection social media posts) as they have been discussed in the literature data collection, including the relevant data (2018)
decisions representativeness and collection
relevance to the research decisions
question and target
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population; explaining data
selection decisions (e.g., using
keywords); assessing the
dataset for quality,
completeness, and potential
biases or inconsistencies.

I.5 | Justification of We select three different measurement approaches and rely on | Outlining the rationale for Discussion of Grimmer et al.
method choice SOTA models for each strategy method selection based on the | method selection | (2022)

construct’s operationalization | decisions
and data characteristics;

justifying the choice of a

specific model

1.6 Justification of “Across all data sources, we defined individual sentences and | Outlining the rationale for Discussion of Jankowski &
the level of statements uttered or writ-ten by politicians as our unit of analysis. | selecting the appropriate level | selecting level of Huber (2022)
analysis Sentences represent personality cues at a granular level that can be | of analysis (e.g., corpus, analysis

detected and potentially aggregated across texts. Because our | document, paragraph,

primary focus is on validating the detection and measurement of | sentence, word, or token

personality cues in text rather than analyzing explanatory factors | level); considering potential

influencing changes or differences in the public personality, we | issues when aggregating

draw a random sample of 15.000 sentences from each data source | measures from lower to higher

as our main corpus.” levels (e.g., sentence to
paragraph).

L7 | Justification of We did not apply particular preprocessing decisions beyond | Outlining the rationale for any | Discussion of Grimmer et al.
preprocessing standard practices text preprocessing decisions, preprocessing (2022)
decisions such as removing specific decisions

words or phrases prior to
analysis.

Structural Evidence

For structural evidence, researchers should conduct validation steps to examine and evaluate the properties of the model and its output.
Structural evidence enables the researcher to gain a deeper understanding of how the measurement process functions, as well as to identify any
biases or errors introduced by the computational workflow.

ID Validation Step Documentation Considerations

Validation Output | Source /
REEIE

Model Feature Inspection \
L1 Inspection of Ensuring that top-ranked Qualitative Molnar (2020),
predictive model predictive features are evaluation of top- | Kiipfer & Meyer
features conceptually aligned with the ranked model (2023)
intended construct (e.g., a features using
classifier trained to detect feature-
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ideology should be most
influenced by “ideological”

importance
methods like e.g.,

words and phrases) LIME or ICE
Descriptive Output Inspection \

1I.5

overall scores for
each output

Error analysis
using data
grouping

Systematic Tests

Systematic Testing (context-specific)
We apply systematic tests using test sentences & display them in a
confusion matrix (see Result section)

Evaluating the model's
sensitivity, robustness,
discriminative validity, and
generalizability by testing it on

scores, €.g., in a
table

Calculation and
comparison of
performance
metrics (e.g., F1,
precision, recall)
by subgroup;
visualizations and
discussion of
disparities

Performance
metrics (e.g., F1,
precision, recall)
and/or output

II.2 | Visual inspection Describing the distribution of Visual or Goet (2019)
of output model outputs; detecting descriptive
anomalies by visualizing display of data
descriptive statistics and distribution and
identifying outliers summary
statistics
II.3 | Comparison of We compare aggregated measures of agency and communion Validating group-level Group-wise Goet (2019)
aggregated across differences in outputs by aggregation (e.g.,
measures across - Gender of politicians comparing aggregated scores by age, gender,
known groups - Data Sources (e.g., mean, median) across platform);
relevant subgroups visualizations
(e.g., bar plots,
error bars);
comparison with
expected trends
from literature
II.4 | Qualitatively Ensuring that text units with Display and Goet (2019)
assess top text the highest or lowest predicted | Interpretation of
units (document, scores reflect the underlying text units with the
sentence, etc.) construct accurately highest
with the highest (confidence)

catego
Checking for bias and
subgroup-specific performance
disparities by comparing
metrics across demographic or
contextual groups

Wu et al. (2019)

(Gargetal.,
2019)
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systematically altered or novel
input data (e.g., counterfactual
examples, adversarial
perturbations, discriminant
contrasts, out-of-domain texts)

score
distributions for
curated test sets;
qualitative
review of
selected
predictions to
assess expected
behavioral
changes;
identification of
systematic
weaknesses or
strengths

External Evidence

For external evidence, researchers should conduct validation steps that test for how the measures correspond to independent information or
criteria. Thus, information outside the scope of the textual data in which the measure was constructed serves as an external benchmark (hence
“external” evidence).

ID

Validation Step

Documentation

Construct Definition and Operationalization

IIT.1

Surro
V.5

Comparison of
measures with
human-annotated
test set ("gold-
standard data")

Comparison of
measures with
surrogate labels

We conduct human-annotation and report performance metrics of
all models on the test set (see results section)

gate Label Comparison (context-specific)

Considerations

Assessing whether the model
achieves sufficient predictive
performance on a held-out
dataset with human
annotations, using robust
evaluation practices (e.g.,
cross-validation, multiple
random seeds, error bars)

Evaluating whether model
predictions align with
alternative or proxy labels

Validation Output

Reporting
averaged
performance
metrics (e.g.,
macro-F) across
random seeds;
visualization of
performance
estimates and
error bars;
interpretation of
results

Reporting
averaged
performance
metrics (e.g.,
macro-F) across
random seeds;

Source /
References

(Samory et al.,
2021)

Grimmer et al.
(2022)
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V.6

Criterion
Prediction

Criterion Prediction (context-specific)

We conduct sensitivity analysis for two cases

Unlabeled German Corpus
US presidential debates

Validating whether model
outputs are significantly and
meaningfully associated with
relevant external criteria or
real-world outcomes (e.g.,
engagement metrics, voting
behavior, survey responses)

visualization of
performance
estimates and
error bars;
interpretation of
results

Reporting effect
sizes (e.g.,
regression
coefficients, R2)
and significance
tests for
associations
between model
predictions and
outcome
variables;
interpretation of
results

Grimmer et al.
(2022)

Robustness Checks

Next to the three types of validation evidence outlined above, the ValiText framework also recommends the continuous test of robustness checks to
assess the impact of researchers’ degree of freedom on the measurement outcome. On a general note, one could see robustness checks as additional
means to test whether decisions regarding the measurement design might have a sustainable effect on the measure’s outcome.

Performance

Source /
Criteria References

Construct Definition and O];)enrltionalization— |

Considerations

ID Validation Step Documentation

IV.1 | Rerunning the Rerunning the analysis with Observing (Samory et al.,
analysis using alternative text-based significant 2021)
alternative text methods, such as a baseline changes in the
models model validation output,

e.g., macro-F1
scores (see I11.1)

IV.2 | Rerunning the Rerunning the analysis with Observing (Arnold et al.,
analysis using alternative hyperparameter significant 2023)
different settings changes in the

validation output,
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hyperparameter
settings

e.g., macro-F1
scores (see I11.1)

Rerunning the
analysis using
different cutoff
thresholds

Rerunning the analysis with
alternative cutoff thresholds

Observing
significant
changes in the
validation output,
e.g., macro-F1
scores (see I11.1)

Grimmer et al.
(2022)

Rerunning the
analysis using

Rerunning the analysis with
alternative text preprocessing

Observing
significant

different text steps changes in the
cleaning and validation output,
preprocessing e.g., macro-F1
steps scores (see III.1)

Grimmer et al.
(2022)

Rerunning the
analysis using
different prompts

We apply two different prompt designs and display all results next
to each other (zero-shot and few-shot prompting, see Appendix F)

Rerunning the analysis with
alternative prompt designs

Observing
significant
changes in the
validation output,
e.g., macro-F1
scores (see IT11.1)

(Gilardi et al.,
2023)
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4.8.1 Appendix: Test Units

text expected_label
Ich bin einfiihlsam, zeige echtes Mitgefiihl. emp
Ich zeige Verstindnis fiir Bediirfnisse benachteiligter Menschen. emp
Ich bin mitfiihlend, warmherzig. emp

Ich bin eher hart, kaltherzig.

None (opposite pole of Empathy &
Compassion)

Ich zeige wenig Verstindnis und Mitgefiihl fiir Schwiichere.

None (opposite pole of Empathy &
Compassion)

Ich bin gegeniiber Benachteiligten herablassend, abwertend.

None (opposite pole of Empathy &
Compassion)

Ich bin machthungrig, erhebe den Fiihrungsanspruch. dur
Ich bin durchsetzungsstark, dominant. dur
Ich bin eine geborene Fithrungsperson. dur

Ich bin z6gerlich, halte mich im Hintergrund.

None (opposite pole of Assertiveness &

ganz anders aus.

Will to Take control)

Ich bin in Diskussionen unaufdringlich, zuriickhaltend. None (opposite pole of Assertiveness &
Will to Take control)

Ich bleibe lieber in der zweiten Reihe. None (opposite pole of Assertiveness &
Will to Take control)

An Kolleginnen nervt mich nichts. none

Ende April schloss er die Nutzung der nagelneuen Gasleitung Nord Stream 2 [ none

endgiiltig aus.

Aber es ist halt so, wir leben im Risiko und wir konnen uns schiitzen. none

Und dann fange ich an mit den weiteren Nutztierarten Schritt fiir Schritt. none

Und das war noch nicht mal so, Blunt. none

Schaut man sich bei unseren europiischen Nachbarn um, sieht die Situation dort [ none
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4.9.1 Appendix: Personality and Ideology

A potential concern in our study is that, instead of measuring personality, our approach
might inadvertently capture ideological positions. To address this, we compared our
codebook for the personality trait “communion” with the codebook for the right—left
position (RILE) score of the Manifesto Project (Lehmann et al., 2024). The rile score
is an aggregate measure consisting of different categories outlined in Figure 9. We
included this comparison to directly assess the extent of conceptual and textual overlap
between personality- and ideology-based measures. This step allows us to demonstrate
that, while certain ideological categories contain language relevant to communion, our
codebook also captures personality-specific cues that are clearly independent of

ideological positioning.

Figure 19: Screenshot of the Respective Codebook Section for the Rile-Score

rile Right-left position of party as given in Michael Laver/Ian Budge (eds.):
Party Policy and Government Coalitions, Houndmills, Basingstoke,
Hampshire: The MacMillan Press 1992:

(per104 + per201 + per203 + per305 + perd01 + perd402 + perd07 +
perdl4 + per505 + per601 + per603 + per605 + per606)

- (per103 + perl05 + perl06 + perl07 + per403 + perd404 + per406
+ perd12 + perdl13 + per504 + per506 + per701 + per202).

We acknowledge that some categories clearly target communion-related perspectives,
such as Peri1os5 Military: Negative, which includes negative references to the
military or to the use of military power to solve conflicts, as well as references to the
“evils of war.” Another example is Per106 Peace, which encompasses any declaration
of belief in peace and peaceful means of solving crises, without reference to the

military.

However, other categories such as Per404 Economic Planning, referring to
favourable mentions of long-standing economic planning by the government, and
Per406 Protectionism: Positive, which includes favourable mentions of extending
or maintaining the protection of internal markets (either by the manifesto country or
other countries), cannot be meaningfully linked to communion-related concepts and

clearly target their distinct ideological perspective.
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This argument is further strengthened as some themes associated with right-wing
positions could also be linked to communion — even though, theoretically, these
should oppose each other if we were measuring the same construct (e.g., our
personality-based measures vs. ideology). Examples include Per201 Freedom and
Human Rights, which contains favourable mentions of the importance of personal
freedom and civil rights, and Per606 Civic Mindedness: Positive, which refers to
appeals for national solidarity and the need for society to see itself as united, as well as

calls for solidarity with and help for fellow people, both familiar and unfamiliar.
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4.9.2 Appendix: Sensitivity Analysis for Agency and CHES Dimensions
Figure 20: Correspondence of Aggregated Agency Politicians’ Shares
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4.9.3 Appendix: Distribution of Agency and Communion across Data

While agency scores are relatively consistent, speeches exhibit slightly higher levels. In
contrast, communion is most pronounced in Facebook posts, with notably lower levels

in interviews.

Figure 21: Mean Levels of Agency and Communion across Communication Formats

Agency Communion

0.05

Share of Predicted Cues

0.00

Facebook Interviews Speeches Facebook Interviews Speeches
Source

Error bars represent 95% confidence intervals generated via binomial distribution

4.9.4 Appendix: Personality Scores and Gender Across Parties

Figure 9 displays the Boxplot of the Distribution of agency and communion scores by
politician and gender for our German Sample. Female politicians (left) generally show
higher levels of communion compared to their male counterparts (right). Agency
scores vary more widely within each gender group. Boxplots indicate the interquartile
range and median, while individual dots represent politician-level means, colored by

party affiliation.
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Figure 22: Distribution of Scores by Gender
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5. Framework Application 2:
Geographic Representation

This chapter introduces the second application chapter of the framework: a
study on the validation of measures of politicians’ geographic representation. Rather
than following a conventional construct classification pipeline, the study focuses on
validating location references directly, using techniques such as named entity
recognition and data linkage.

This chapter is based on the following publication: Birkenmaier, L., Stroppe,
A.-K., Wurthmann, C. L., & Saltzer, M. (2025). Between Home Turf and Hinterland:
Directly Elected MPs Focus More on Local and Deprived Places than List Candidates

on Social Media. Working Paper. Currently under review in Research & Politics
5.1 Introduction

Spatial divides, such as urban—rural and center—periphery cleavages, remain
defining features of democratic politics. Urban centers concentrate economic activity,
political institutions, and cultural capital, whereas peripheral and rural areas often
perceive themselves as neglected or “left behind.” Electoral institutions have
historically evolved to balance these inequalities by ensuring that geographically
distinct communities gain political voice and representation (Back & Debus, 2018;
Cramer, 2016; Rodriguez-Pose, 2018; Smrek, 2023). In most democracies,
representation is organized through territorially defined constituencies that tie elected
officials to specific places and create incentives to demonstrate local responsiveness
(Norris, 2004).

However, it remains unclear how such institutional arrangements influence
equal territorial representation. Mixed-member electoral systems (MMES) offer a
valuable setting to examine this question, as they combine single-member districts
with proportional party lists, generating two distinct representational logics. While
directly elected members of parliament (MP) depend on geographically bounded
constituencies, list MPs derive their mandates from parties and are accountable to

broader regional or national electorates (Haffert, 2021; Patzelt, 2013).
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These institutional incentives shape politicians’ communication and which
places they choose to highlight. Constituency salience, i.e., the explicit mention of
places, serves as a key indicator of local responsiveness (Schiirmann & Stier, 2022;
Zittel et al., 2019)in. Naming a place signals attention and commitment, particularly in
decentralized and personalized environments such as social media, where politicians
decide whether to emphasize their home district, regional ties, neglected areas, or
nationally salient locations.

Recent research has broadened the focus to more diffuse and strategic forms of
territorial representation (Harmening et al., 2025; Nyhuis et al., 2025; Pratas et al.,
2025). Nyhuis et al. (2025) introduce an automated cross-national approach using
Wikipedia and Geonames to detect geographic references in parliamentary questions,
while Pratas et al. (2025) show that MPs concentrate attention on large cities and small
rural localities, neglecting medium-sized and suburban areas. At the local level,
Harmening et al. (2025) demonstrate that geographic references align closely with
electoral strongholds, especially under district-based systems. Despite recent
advances, many approaches still rely on manually curated location lists or proprietary
tools like the Google Places API that limit scalability and reproducibility. Building on
Schiirmann and Stier (2023), we apply named entity recognition (NER) to extract place
references from MPs’ posts and link them to Wikidata via the Wikidata Query Service,
enabling matching places with all corresponding characteristics in the Wikidata
database.

We furthermore extend previous approaches of identifying places by developing
continuous measures of localness, i.e., the distance of referenced locations from an
MP’s constituency, and deprivation, i.e., the distance from essential public services.
These indicators capture two modes of political responsiveness: proximity to
constituencies for local engagement and attention to “left-behind” areas to signal
inclusion.

Analyzing over 50,000 tweets and 190,000 Facebook posts by all members of
the 19th Bundestag (2017—-2021), we find a clear mandate effect: directly elected MPs
more often reference places within or near their constituencies, while list MPs mention
locations 20—40 kilometers farther away on average. Directly elected MPs also refer
more frequently to deprived areas, suggesting an additional effort to acknowledge

underserved communities.
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Overall, the findings underscore how electoral incentives and representational
responsibility shape communication and how social media serves as a key arena for

signaling local rootedness, or its absence.
5.2 Spatial Representation

Representation is a cornerstone of democracy, linking citizens to political
institutions and ensuring accountability, legitimacy, and political support (Arnesen
and Peters 2018; Norris 2004). Territorial representation, in particular, anchors
citizens’ interests in geographically defined constituencies rather than centralized
structures. This territorial link brings regionally specific concerns, such as economic
disparities, infrastructure, and cultural particularities, to the political agenda,
connecting spatial inequality to questions of voice and responsiveness.

Electoral institutions enhance accountability by creating a direct and traceable
link between representatives and the communities they serve (Cramer 2016).
Representatives must justify their actions to a defined electorate, fostering
responsiveness to local concerns and strengthening legitimacy (Norris 2004). Spatial
representation thus institutionalizes accountability both vertically, between citizens
and representatives, and horizontally, by integrating territorially distinct interests into

the political system (Arnesen & Peters, 2018).

5.2.1 Electoral Institutions and the Logic of Representation

Accountability to voters is achieved through electoral connection, i.e., the
system of incentives linking representatives to their constituents (Norris 2004). These
incentives motivate politicians to address local concerns and to engage in symbolic
representation, for instance by adopting regional references or invoking local
traditions (Back and Debus 2018; Schiirmann and Stier 2023; Nyhuis et al. 2025). The
strength and nature of this connection depend on the institutional design that defines
how representatives are elected and to whom they are accountable.

Electoral law reflects normative ideas about how interests are formed and
represented. While most democracies rely on single-member districts to ensure
geographically grounded representation, some combine different representational
logics within the same framework. MMES deliberately balance two democratic goods:
territorial responsiveness, achieved through district-based mandates, and

proportional fairness, achieved through party lists (Shugart, 2005). MPs who win a
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constituency seat represent a specific district (district MPs), while list MPs enter
parliament on behalf of their state or national party. This institutional distinction
creates two types of electoral dependency, direct and list mandates, resulting in a

mandate divide (Wurthmann & Saltzer, 2025).

5.2.2 Representing the Local

Constituency MPs derive their legitimacy from a geographically defined
electorate, generating strong expectations of responsiveness to local interests. List
MPs, by contrast, owe their mandates to proportional representation and are expected
to prioritize programmatic and national concerns. The consequences of this divide are
well documented, shaping both parliamentary behavior (Back & Debus, 2018;
Gschwend & Zittel, 2018) and candidate communication (Schiirmann and Stier 2023;
Wurthmann and Siltzer 2025). It also manifests in how politicians balance
constituency responsiveness with party alignment, particularly regarding the
geographic dimension of representation (Zittel et al. 2019). Accordingly, district MPs
are incentivized to win votes in their constituencies, focusing representational behavior

on places close to their electoral district.Therefore, we argue that

H1: Nominally elected MPs are more likely to mention places closer

to their constituency than MPs elected via party lists.

5.2.3 Representing the Deprived

While single-member districts provide a territorial anchor, the political
relevance of a place depends on the salience assigned to it by political actors.
Geographic representation manifests not only in role perception but also in practice,
for instance, when MPs publicly reference their constituencies in political
communication (Schiirmann and Stier 2023). Such references serve as signals of
attentiveness and authenticity, linking representatives to the lived realities of their
voters. They are particularly meaningful where citizens perceive neglect by political
elites (Cramer 2016; Rodriguez-Pose 2018). Limited access to public services and

economic deprivation fuel these perceptions, as the visibility of state institutions serves
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as a tangible indicator of political inclusion (Cremaschi et al., 2024; Nyholt, 2024;
Stroppe, 2023).

From an electoral perspective, district MPs must attend to deprived areas even
when they are sparsely populated, while list MPs can focus on populous urban centers
where electoral returns are higher (Gschwend and Zittel 2018). Yet, directly elected
MPs perceive these places as part of their representational responsibility. Following
role theory (Patzelt 2013), they are guided not only by electoral incentives but also by
a sense of appropriateness linked to their territorial mandate. They see themselves as
advocates for the entire district, including its most deprived and disadvantaged areas.
By publicly referencing such places, they demonstrate attentiveness, empathy, and
territorial inclusion.

Perceptions of neglect are not merely material but closely tied to recognition
and symbolic inclusion. Voters value representatives who acknowledge their concerns
and reward those who do (Cramer 2016). Hence, these localities are not only
normatively relevant but also strategically meaningful for directly elected MPs, who
depend on visible signals of local connectedness and care of marginalized

communities. Therefore, we expect that:

Hz2: Nominally elected MPs are more likely to mention places that

are located farther from public service facilities.

5.3 Research Design

5.3.1 Case and Data Selection

We focus on Germany because its mixed-member proportional system uniquely
combines single-member districts with party lists, allowing us to disentangle the
distinct incentives arising from each mandate type for geographical representation
(Norris 2004; Haffert 2021). Our analysis covers the 19th legislative term (October 10,
2017—0ctober 10, 2021) and draws on data from the public Twitter (now X) and
Facebook accounts of all German MPs. These platforms play a central role in
contemporary political communication, enabling personalized and targeted outreach.
Their interactive nature allows political elites to strategically emphasize proximity and
small-scale linkages to their constituencies (Gilardi et al., 2022).

Twitter: The raw Twitter dataset consists of 6.7 million tweets from elected

officials published by 485 active accounts in the 19th legislative period. The data was
153



collected in 2021 using the academic Twitter API and includes tweets from MPs elected
through party lists as well as direct candidates from Germany’s 299 constituencies.
Facebook: The raw dataset comprises 3.4 million posts published by 573 active
accounts during the 19th legislative period. We obtained these data from the Facebook
pages collected by Stier et al. (2020) and retrieved all historical posts via Meta’s
CrowdTangle platform. As the platform’s terms of use limit access to public pages
rather than private profiles, our sample includes only posts from public accounts—an
appropriate restriction, since members of the Bundestag typically communicate

through public pages
5.3.2 Place Identification

We applied a step-wise procedure to identify locations within our sample of

social media posts. Figure 23 visualizes the full workflow.

Figure 23: Computational Workflow

Social Media Named Entity Wikidata Text Enrichment Enriched
Dataset Recognition (NER) Linkage (optional) Dataset
MP Tweets from Detecting Scraping of location Conducting text Geographic MP
2017-2021 geographical characteristics with classification or Tweets
Twitter: 6,7 Mio. mentions public data further data linkage Twitter: 50k
Facebook: 3,4 Mio. Facebook: 188k
Locations Wikfdata
Dataset « @ Place ID
(n=17k)
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First, we applied named entity recognition (NER) to detect geographical mentions in
the initial corpus of Twitter and Facebook data. We rely on the transformer-based
model "German NER” (Akbik et al., 2018). The model was trained on the CoNLL-2003
German dataset (Sang & Meulder, 2003)reaching state-of-the-art performance for the
German language while also being publicly available on Huggingface38. We preprocess
the social media posts by removing all URLs and mentions of accounts from the posts.
Ultimately, we feed the data into the model and receive a list of locations for each post.
Wikidata Linkage: For each location identified through named entity recognition,
we match and link the location to its corresponding entry in the Wikidata database
(Wikimedia Foundation 2024), a comprehensive knowledge base for Wikipedia with
over 100 million records. Due to the non-deterministic nature of the matching process,
where different locations may share the same name or be referred to by different
names, we initially store the three most likely matches for each location in a list (see
Appendix for an example). We then gather relevant information for each identified
location from the Wikidata database, such as geographic coordinates or the type of
location, and store this data in a separate dataset containing 17,685 distinct locations.
Following this setup, we query each identified location for each social media post to
determine if the location lies within the electoral borders of the MP’s constituency. The
rationale for this approach is that if multiple locations with the same name exist (e.g.,
there are 12 different locations named Hausen in Germany), the MP is likely referring
to the location within their constituency. If the location is not located within the
constituency, the most likely match determined by the query is finalized and linked as
the corresponding Wikidata entry.

For our analysis, we define a place as a local municipality within Germany.
Municipalities represent the most relevant geographic units because they allow
politicians to signal proximity to their constituency and reflect the everyday
environments in which voters live. Following this definition, we exclude posts
referencing state, national, or international entities, as well as street-level locations or
institutions that may cause ambiguous matches. Our analysis thus focuses on cities,
towns, districts, and villages.

Measurement

38 https://huggingface.co/flair/ner-german
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Once all place references have been identified in MPs’ social media posts, we process
the data in R using the sf package (Pebesma & Bivand, 2023). MPs with fewer than ten
identified places are excluded from the analysis.

Before testing our hypotheses, we validate our workflow using different
strategies, including comparison with human annotations. In addition, we replicate
established findings of geographic representation showing that nominated (district)
candidates are more likely to mention places within their constituencies than list
candidates (Schiirmann and Stier 2023). To do so, we create a measure of constituency
salience indicating whether each referenced place lies within an MP’s constituency
(Ho).39 For constituencies located in major cities, a place is also coded as an exact
match if it falls within another constituency of the same city (see Appendix). We then
compute the share of unique places within constituency borders for each MP.

To measure district distance (H1), we calculate the mean distance of all
referenced places from the outer border of each MP’s constituency. To measure service
distance (H2), we compute the average distance from each place centroid to the nearest
general practitioner, pharmacy, elementary school, train station, post office, and
supermarket. Location of service facilities stem from Deutsche Bahn’s Open Data
Portal and the “Points of Interest” dataset curated by the Federal Agency for
Cartography and Geodesy (BKG).

5.3.3 Analysis

We use multivariate regression analysis to test our hypotheses. The main independent
variable, mandate mode, is not randomly assigned: district and list MPs systematically
differ in electoral success, communication focus, and other characteristics that may
confound the relationship between mandate type and attention to local geography. We
therefore refrain from making causal claims. Our goal is to derive correct descriptive
inferences while adjusting for potential confounding factors. To this end, we account
for constituency-specific and individual characteristics. Because the distance from the
constituency center is naturally constrained by district size, we include a control for
constituency area to avoid bias stemming from geographical variation. District size also
correlates with population density—cities contain more districts and, hence, more
directly elected MPs—which could otherwise attenuate the estimated relationship. In

addition, we control for list position, incumbency, and demographic factors such as age

39 Figure 28 in Appendix visualizes this process.
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and gender, as these may influence both mandate type and communication behavior.

A list of all variables with descriptive statistics is displayed in

5.4 Results

5.4.1 Measurement Validation

We validate our computational workflow for detecting and linking places in political
communication using different strategies4°.
First, we compare both the NER and Wikidata linkage, i.e., the process of matching a

place with its corresponding unique Wikidata ID, with human annotations (see Table

14).

Table 14: Validation - Comparison with Human Annotations

Step Precision Recall F1 Score
NER .86 .88 .87
Wikidata Linkage .87 .03 .00

For NER, we hand-coded a subsample of 1000 randomly selected social media posts
and calculated the recall (i.e., how many of the places identified using human coding
were also detected by NER) and precision (i.e., how many of the places identified by
the model were correctly identified), resulting in satisfactory metrics (precision = .86,
recall= .88, F1 = .87)4.. For Wikidata linkage, we further hand-coded a selection of 500
places with their Wikidata ID. We again reached sufficient congruence (precision = .87,
recall = .93, F1 = .90), giving us confidence that the places we identified were matched
correctly with their corresponding Wikidata entry.

Second, we also inspect the distribution of places across our data. To do so, we carefully
screened the most often mentioned 200 places that were matched in our final dataset
(see Appendix ). For each of these places, we screened the first 10 social media posts

that contained the place. Except for one place42, the places were correctly matched.

40 For a detailed overview of all validation steps, see the checklist downloaded from the ValiText framework
(Birkenmaier et al. 2023, 2024), in Appendix

4! For the NER, we were primarily interested in a high recall (“flagging all potential places even if they turn out
to be wrong at the end), as false positives could be filtered out at a later stage of the analysis

42 We only removed one place” Thuringenhausen”, which was predominantly missmatched to the German state
”Thiiringen”
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Third, we inspect the predictive validity of our measure by replicating established
findings of constituency salience, i.e., politicians who are directly elected by their
constituency being more likely to refer to places within their constituency than list
candidates (Schu"rmann and Stier 2023; Zittel et al. 2019). Figure 24 presents

predicted values from a multivariate regression analysis, using the share of places

Figure 24: Predicted Values for Mandate Mode and District Match.
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located within a politician’s constituency as the dependent variable.43

The Figure shows that in both datasets, directly elected candidates are more likely to
mention places that are within the constituency of the MP compared to list candidates.
On Twitter, the predicted probability is 0.58 for directly elected MPs versus 0.42 for
list MPs, while on Facebook it is

0.40 versus 0.26.

Taken together, the validation steps in this chapter demonstrate that our
computational approach to identifying and linking places yields a valid measure, which

we can confidently employ in the subsequent analysis.

5.4.2 Descriptive Statistics

Figure 25 presents the descriptive statistics for both measures, district distance (DV

H1) and service distance (DV H2), differentiated by mandate mode (IV).

43 Errorbars represent 95% confidence intervals.
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Figure 25 shows clear differences between the two groups in the types of places they
reference. The top row (H1) illustrates district distance: directly elected MPs
predominantly mention locations within or near their constituency, whereas list

candidates are more likely to refer to distant

Figure 25: Distributions of District Distance and Service Distance
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places. The bottom row (H2) depicts service distance: directly elected MPs talk more
about places with lower levels of service accessibility, while list candidates tend to focus
on well-served localities. This pattern is pronounced in the Facebook dataset but less

evident in the Twitter data.
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5.4.3 Hypotheses

Figure 26 displays the scaled regression coefficients for both outcomes: District

Distance (H1, left panel) and Service Distance (H2, right panel).

Figure 26: Regression Coefficients
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Orange estimates refer to communication on Twitter, while green estimates represent
communication on Facebook. For H1, we observe that nominally elected MPs are more
likely to mention places closer to their constituency compared to party list candidates,
supporting our expectations. Yet, the confidence intervals lie close to zero, particularly
in the Twitter dataset, where they are comparatively wide (p = .04). For H2, the effect
of mandate mode also aligns with our expectations: Nominally elected MPs are more
likely to mention deprived places, i.e., places that lack access to public services.
However, the size of the estimates differ between the two datasets, with stronger effects
in the Facebook data. Overall, the results provide consistent, though not uniform,
support for our hypotheses across platforms.

To assess the robustness of these findings, Figure 27 presents results based on

alternative operationalizations of service deprivation.
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Figure 27: Robustness Checks
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Including all types of services, such as supermarkets, may introduce bias in the
measurement due to low spatial variability and inflate correlation within the index.
Two additional specifications were tested: (1) maximum variance, indicating a measure
based on hospitals, train stations, and secondary schools, which captures greater
spatial variation in service availability; and (2) minimum correlation, indicating a
measure based on hospitals, train stations, and elementary schools, which reduces
inter- service correlations while incorporating a more evenly distributed type of
service. Across both measures, the results remain consistent, reinforcing the

robustness of the observed effects.

5.5 Discussion and Conclusion

Our analysis aimed to shed light on the institutional motivation for geographical
representation in an MMES. We developed a new method designed to detect places in
political communication and applied it to a social media dataset of elected MPs. Our
results show that the mandate mode has a significant and strong impact on geographic
representation on social media. Our analysis extends previous research by matching,
linking, and geolocating places using the Wikidata database. We showcase the
advantage of our method by deriving the distance of places from constituency and

deprivation in terms of access to everyday necessities. As expected, nominally elected
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MPs are more likely to mention places located within or near their constituency, as well
as places that lack access to essential services. This suggests that they follow, compared
to list candidates, two modes of geographic representation: first, attending to locations
within or close to their constituency to win the votes of their constituents; and second,
signaling attentiveness and symbolic inclusion of underserved areas.

Our method will allow for a more thorough and detailed understanding of
geographic representation. By linking places to a variety of characteristics, including
economic, social, and other indicators, we can improve insights into the mechanisms
driving geographic representation. Future research might explore the factors that
affect how politicians perceive and communicate certain places. Is "Washington” or
“Berlin” just a meeting place, a constituency, or a symbolic swamp” of corruption? Can
we detect stereotypical depictions of places that serve political agendas (Haffert 2021)?
Do politicians’ statements about geographic entities align with the actual
characteristics of these locales, whether they are depicted as ”crime hotspots” or "left-
behind places”? Unpacking these mechanisms of geographic representation could
enhance our understanding beyond the mere mentioning of places in political
discourse.

However, our analysis also comes with limitations. On the one hand, our
definition of places is limited to municipalities and does not include broader
geographic references or street-level entities, such as neighborhoods, culturally or
territorially defined regions, and cultural landmarks and institutions. Nevertheless,
our method generally supports detailed handling and filtering of places based on their
properties in the Wikidata database. For example, researchers can adapt the query in
the matching process to also include "metropolitan regions” or “cultural landmarks”.
This will be particularly useful for researchers with domain knowledge who are
interested in specific regions or policy contexts and wish to incorporate various forms
of place into their analysis.

While we recognize that signaling behavior on social media plays a crucial role for
geographic representation (Zittel et al. 2019), we still lack sufficient knowledge on the
overall impact of constituency salience on voters’ perception of politicians and their
electoral reward. Therefore, additional research is necessary to investigate the
consequences of signaling on the demand side of the politician-voter relationship,
specifically how voters perceive and evaluate geographic representation from their

elected officials.
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5.6 Appendix

5.6.1 Appendix: Exemplary SPARQL Query

You can click on the link below to get to the API Query Interface.

https://query.wikidata.org/#SELECT%20%3Fitem%20%28 COUNT%28%3Fsitelink
%29%20AS%20%3Fsites%29%20WHERE%20%7B%0A%20%20SERVICE%20wikib
ase%3Amwapi%20%7B%0A%20%20%20%20bd%3AserviceParam%2owikibase%3A
api%20%27EntitySearch%27%20.%0A%20%20%20%20bd%3AserviceParam%20wi
kibase%3Aendpoint%20%27www.wikidata.org%27%20.%0A%20%20%20%20bd %3
AserviceParam%2omwapi%3Asearch%20%27ahrtal%27%20.%20%23hier%2o0kanns
t%20du%20die%20suchbegriffe%20ab%C3%A4ndern%2C%20die%20top%203%20
ergebnisse%20kommen%20dann%20in%20der%2o0tabelle%20unten%0A %20%20%
20%20bd%3AserviceParam%20omwapi%3Alanguage%20%27de%27%20.%0A%20%
20%20%20%3Fitem%20wikibase%3AapiOutputltem%20mwapi%3Aitem.%0A%20
%20%7D%0A%20%20%3Fsitelink%20schema%3Aabout%20%3Fitem.%0A%20%20
%3Fitem%20wdt%3AP625%20%3FcoordinateLocation.%20%20%23%20Ensure%20
item%20has%20a%20coordinate%20location%20%28indirectly%20filtering%20for
%20places%29%0A%20%20MINUS%20%7B%3Fitem%20wdt%3AP31%20wd%3AQ
4167410.%7D%0A%7D%20GROUP%20BY%20%3Fitem%200RDER %20BY%20DES
C%28%3Fsites%29%20LIMIT%203

SELECT ?item (COUNT(?sitelink) AS ?sites) WHERE { SERVICE wikibase:mwapi {
bd:serviceParam wikibase:api ’EntitySearch’ . bd:serviceParam wikibase:endpoint
‘www.wikidata.org  bd:serviceParam  mwapi:search  ’ahrtal’ .  #example
bd:serviceParam mwapi:language 'de’ .

?item wikibase:apiOutputItem mwapi:item.

b

?sitelink schema:about ?item.

?item wdt:P625 ?coordinateLocation. MINUS {?item wdt:P31 wd:Q4167410.}

} GROUP BY ?item ORDER BY DESC(?sites) LIMIT 3
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5.6.2 Appendix: Geographical Matching

District and place do not match, Distance = 103 km

Figure 28: Matching Graph

Geographical Matching

5.6.3 Appendix: Constituencies
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5.6.5 Appendix: Descriptive Overview Places

Top Count of Places (Facebook)
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5.6.6 Appendix: Descriptive Overview Accounts

Table 15: Top 10 Accounts with no. Tweets

Last Name First Name Party No Tweets
Brandner Stephan Gu nther AfD 6534
Jung Christian FDP 2529
Steineke Sebastian CDU 2030
Wanderwitz Marco CDhU 966
D6 rner Katja GRUNE | 929
Domscheit-Berg | Anke Margarete LINKE 818
Bayram Canan GRUNE 789
Schipanski Tankred CDhU 760
Ru ddel Erwin Josef CDU 751
Wegner Kai CDhU 725

Table 16: Top 10 Accounts with no. Facebook Posts
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Last Name First Name Party No FB
Posts

Brandner Stephan Gu nther AfD 4342

Jung Christian FDP 3903

Knoerig Axel CDU 2623




Donth Michael CDhU 2044

Nissen Ulrike SPD 1839

Wiese Dirk SPD 1460

Oehme Ulrich AfD 1364

Schwabe Frank SPD 1243

Gastel Matthias GRUNE 1079

Schraps Johannes SPD 1019

5.6.7 Appendix: Descriptive Statistics
Table 17: Descriptive Statistics
Twitter
Variable N Mean St. Dev.  Min Max
District Match 364 0.429 0.266 0.000 1.000
District Distance 364 107 68 0 321
Service Distance 364 0.834 0.389 0.190 3.049
District Size 364 9,959 10,226 266 62,516
Place Density 364 1,762 1,230 131 13,205
Mandate (1=Direct 364 0.327 0.470 0 1
Candidate)
Gender (1=Male) 364 0.687 0.464 o) 1
Birthyear 364 1,970.242 9.382 1,044 1,992
List Number 338 7.459 10.097 1 63
Facebook

Variable N Mean St. Dev.  Min Max
District Match 545 0.287 0.184 0.000 0.913
District Distance 545 125 57 12 325
Service Distance 545 1.346 0.540 0.422 3.948
District Size 545 10,941 9,568 266 62,516
Place Density 545 1,247 715 237 5,532
Mandate (1=Direct 545 0.429 0.495 0 1
Candidate)
Gender (1=Male) 545 0.701 0.458 o) 1
Birthyear 545 1,068.802 9.627 1,042 1,992
List Number 492 9.577 11.739 1 64
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6. Conclusion

6.1.1 Main Findings and Contributions
6.2 Research Objectives

At the heart of this dissertation lies a key methodological challenge in social
science research: how can researchers ensure valid CTAM measures of social
constructs? To answer this question, this dissertation pursued three major research
objectives.

Following the introduction in the first chapter of this dissertation, Part 1 of this
dissertation set out with the first research objective of understanding
contemporary practices in the validation of CTAM measures of social
constructs. To this end, Chapter 3 reported on a systematic review of 96 CTAM
studies in the field of political communication and insights gained from expert
interviews. Results from the systematic review show that, in the majority of reviewed
studies, researchers did engage in some form of validation of CTAM measures of social
constructs, with only 14 per cent of studies reporting no validation. However, a closer
look revealed a tendency to prioritize external validation - such as comparison with
surrogate labels or human annotation - over internal validation. When internal
validation was conducted, it often included a variety of techniques aimed at assessing
both the statistical properties of the model and the interpretability or coherence of its
output. The qualitative interviews with experts in the field of computational text
analysis offered further insights into validation practices applied in the research
community. Experts consistently reported that they carried out additional validation
steps that were often not documented in their published work. These steps frequently
involved conceptual considerations, such as refining construct definitions, making
design decisions, as well as iterative practices like exploratory data analysis using
descriptive statistics and the qualitative examination of model errors. Importantly, the
empirical description of contemporary validation practices also laid the groundwork
for a preliminary taxonomy of validation steps. This taxonomy has been used and
explicitly referenced in recent work that measures constructs such as calls to action
(Achmann-Denkler et al., 2024), populism (Zehnter, 2024), or moral themes (Malik et

al., 2025).

168



Part 2 of the dissertation targeted the second research objective of developing
conceptual and practical guidance for CTAM validation. Hence, Chapter 4 of
this dissertation introduced the ValiText framework - a validation framework for
CTAM measures of social constructs. The framework builds on the findings of the
systematic review and a comprehensive assessment of methodological literature on
measurement and validation in related fields of social science. First, it identifies the
key types of validation evidence needed to ensure complementary approaches to
validation in computational text-based research. Second, it offers practical guidance
on which concrete validation steps researchers can consider when designing and
evaluating their text-based measures. Third, it includes a documentation template in
the form of a checklist that enables researchers to systematically record and
communicate validation efforts.

Ultimately, Part 3 of the dissertation demonstrated the usefulness of the
framework for improving validation of CTAM measures of social
constructs in applied research. Toward that end, Chapters 5 and 6 presented
empirical applications of the framework in the field of political communication. On the
one hand, Chapter 5 presents a feasibility study that explores how politicians’ public
personality traits, i.e., agency and communion, can be measured using CTAM, drawing
on personality cues as indicators of the respective traits. The validation included
complementary types of validation evidence along substantive, structural, and external
validation, including comparison with human annotations, systematic tests, and
sensitivity analysis for partisan differences in German and US political contexts. The
analysis further revealed that a wide range of substantive research questions, such as
the impact of gender or partisan attitudes on the display of public personality traits,
can be answered using valid CTAM.44

On the other hand, Chapter 6 presents substantive research that assesses the
impact of the mandate mode on politicians’ geographic representation. The construct
“geographic representation” was operationalized through the mentioning of
geographic places, where the workflow of detecting these places automatically was
evaluated using different validation steps, including comparisons with human

annotations, descriptive analyses, and predictive validity checks by replicating

4 As outlined in Chapter 5, we present extensive exploratory analyses touching upon a range of novel substantive
research questions. However, because Chapter 5 presents a feasibility study based on a convenience sample and
focused on validating CTAM measures of personality traits rather than generating new substantive insights, we
refrain from making strong claims about our substantive findings and instead leave these questions for future
research.
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established findings on constituency salience from the literature. The analysis
furthermore revealed that electoral system design—specifically mixed-member
systems—affects politicians’ incentives to engage in geographic representation.
Directly elected politicians, in contrast to those elected via party lists, were more likely
to refer to geographically proximate locations and to areas characterized by service
deprivation, indicating responsiveness to local needs and strategic use of regional

signalling.
6.3 Contributions to the Research Community

In addition to the chapters addressing the three core research objectives, this
dissertation also contributes to the wider social science research community by
connected research as well as developing resources and datasets that can be used in
subsequent research.

As such, the dissertation has resulted in a novel dataset of German politician
public broadcast interviews (Birkenmaier, Sieber, et al., 2025), as well as publicly
accessible resources and tutorials that document and outline the computational
workflows applied. Specifically, these resources are the tutorial “ValiText - A Validation
Framework for Text-Based Measures of Social Constructs” in the GESIS toolbox,45 an
educational resource from the Competence Center for Data Quality (KODAQS) (see
Birkenmaier, 2024), and the tutorial “Linking Entities to the Wikidata Database” in
the GESIS Methods Hub,4¢ a collaborative online platform dedicated to advancing
social science research by sharing computational methods and related tutorials for
using, managing, and enriching digital behavioral data (see Birkenmaier, 2025).
Moreover, all trained models, code, and datasets are thoroughly documented and
reported in the respective chapters, with the exception of the social media material
used in Chapters 4 and 5, which - owing to confidentiality and platform restrictions -
can only be provided in aggregated form.

In addition to providing practical resources for validating CTAM measures of
social constructs, this dissertation has also generated several publications addressing
the issue of data quality. A persistent challenge in validating CTAM measures is
precisely this problem of low data quality. During the examination of this topic, it

became clear that a unified understanding of what constitutes data quality, particularly

4 Online available at: https:/kodags-toolbox.gesis.org/
46 Online available at: https://methodshub.gesis.org/
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for text data, but also for other forms of social science data, was lacking. To address
this gap, we conducted a systematic review (Daikeler et al., 2023) and proposed a
unified definition of data quality (Birkenmaier, Daikeler, et al., 2024), which
subsequently informed several chapters of this dissertation.

One highly relevant application of data quality research in the field of CTAM is
the use of synthetic training data for training, fine-tuning or prompting large language
models. In Birkenmaier, Roth, and Sen (2024), I systematically examine the potential
of theory-driven synthetic training data for advancing the measurement of social
constructs. Specifically, we investigate how established knowledge from social science
measurement instruments, such as survey scales or annotation codebooks, can be
transferred into the theory-driven generation of synthetic data. Our findings show that
this approach can substantially reduce the reliance on manually labeled data in

political topic classification, while maintaining performance with only minimal losses.
6.4 Limitations

In addition to the limitations outlined in the individual chapters, this
dissertation is subject to several overarching constraints that limit the generalizability
of this dissertation.

First, the rapidly evolving landscape of computational text analysis poses a
fundamental challenge to the timeliness and completeness of any methodological
contribution. Over the course of this dissertation, significant developments have
occurred in research using CTAM - most notably the shift from fine-tuning large
language models like RoOBERTa to prompting off-the-shelf LLMs, which now dominate
many contemporary applications (Trad & Chehab, 2024). At the same time, LLMs
themselves have grown increasingly powerful, with open-source alternatives such as
LLaMA, DeepSeek, and others offering high-quality performance and greater
accessibility (DeepSeek-Al et al., 2024; P. Huang et al., 2025). While these advances
open up exciting possibilities, they can also render certain techniques and examples
discussed in this dissertation provisional. For instance, although a particular prompt
design has been shown to yield the best results for identifying personality cues in
political texts (see Chapter 5), the same design may become outdated with newer
versions of the same model family or with other LLMs. Consequently, prompt-based
methods in particular raise novel questions about reproducibility, consistency, and

documentation—areas in which best practices are still evolving. The methodological
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decisions, such as model and preprocessing choices, presented in this dissertation
should therefore be interpreted in light of these ongoing technological developments.

Second, the validation framework developed in Chapter 3 offers only one
conceptual perspective to the validation of CTAM measures of social constructs.
Although the framework is grounded in conceptual reasoning and informed by
methodological traditions from disciplines such as psychometrics and political science,
it necessarily reflects a selective synthesis of existing knowledge. Other perspectives -
such as those focusing more explicitly on the convergence with human labels - may
yield different understandings of what constitutes valid measurement in
computational text analysis. Therefore, while the proposed framework aims to provide
conceptual clarity and practical orientation, it should not be regarded as exhaustive or
universally applicable.

Third, the process of validation itself demands a high degree of flexibility and
contextual sensitivity - qualities that resist rigid standardization. Determining when a
computational measure is “valid enough” is not a straightforward matter. For instance,
performance metrics like the F1 score offer a commonly used benchmark: values above
0.8 are often interpreted as strong, while those below 0.5 may be deemed inadequate.
However, such cut-off points are not absolute. Their meaning depends heavily on the
nature of the construct being measured, the complexity of the classification task, the
quality of available data, and the goals of the analysis. Researchers must therefore be
able to interpret performance metrics in light of their specific measurement design,
potentially using relative benchmarks such as comparisons with prior studies or
internal model selection criteria. This situational judgment, while necessary,
introduces an element of subjectivity that cannot be entirely eliminated.

Finally, the dissertation is primarily grounded in the context of social science
research, which may limit its scope and generalizability. While this focus provides a
strong foundation for discussing the measurement and validation of social science
constructs, it may overlook important trends and methodological advances from
adjacent fields, particularly computational linguistics and natural language
processing.47 Traditionally, these fields often orient validation along maximizing
performance metrics, but recently the field also engages extensively with critical issues

for the measurement of social constructs such as annotation subjectivity, dataset bias,

47 For more information on current debates in the field of computational linguistic, a good starting point is the
Association for Computational Linguistics (ACL) available at: https://aclanthology.org/
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and model evaluation (Plank, 2022; Rottger et al., 2022; Shankar et al., 2024; Zhou et
al., 2023). Incorporating these perspectives more fully could enrich future work and
help bridge the gap between subfields of empirical research on human behavior.
Taken together, these limitations underscore the importance of continued
dialogue, reflexivity, and methodological pluralism in the development of

computational text analysis as a tool for measuring social constructs.
6.5 Further Directions for Research

Given the limitations of this dissertation, several directions for further research can
be identified.

Including Subjectivity & Uncertainty in Computational Text Analysis
Research: Any attempt to measure social science constructs in text is inevitably
associated with uncertainty. This is, most prominent, visible in the variability of human
annotations on the same text: even when obvious labeling errors like fatigue or lack of
concentration are accounted for, differences in interpretation remain both plausible
and widespread (Plank, 2022). These differences are not just noise; rather, they can
reflect the fact that multiple, sometimes plausible interpretations of the same text can
coexist, particularly in cases with low inter-annotator agreement (Nie et al., 2020).
CTAM, despite its sophistication and growing role as an alternative to manual coding,
inherits this fundamental uncertainty. Yet, this uncertainty is often masked in
computational text analysis - both in the labeled datasets used for training and
evaluation, and in the outputs of the models themselves, where predictions are
typically collapsed into the single most likely class.48 Acknowledging uncertainty not
as a nuisance but as an inherent characteristic of CTAM measures of social constructs
requires a shift in research practice that moves beyond binary notions of capturing the
presence or absence of social constructs. Instead, researchers should explicitly
integrate uncertainty in their research, whether in annotation (e.g., by encouraging
contrasting annotation paradigms and label sets (Rottger et al., 2022)) or in model
training (e.g., by deliberately developing models that reflect diverse annotator

perspectives or sociodemographic backgrounds (Fleisig et al., 2024; Ni et al., 2025)).

48 The inherent ambiguousness in measurement of social constructs is not unique to computational text analysis:
all methods that seek to capture latent constructs in the social sciences carry inherent uncertainty. Textual analysis,
however, deserves special attention because text is usually collected passively, leaving fewer possibilities for
applying error-mitigation strategies compared to e.g., survey-based measurement approaches (see Total Survey
Error Framework (Groves et al., 2011) or similar.
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Interpretability: Validating CTAM measures of social constructs requires
methodological tools that allow researchers to critically reflect on both their research
design and the specific CTAM they employ. In this context, explainable AI (XAI)
methods can serve as a crucial bridge between CTAM and human semantic
understanding (Das & Rad, 2020; Linardatos et al., 2020). Given the rapid
developments of CTAM, validating CTAM measures of social constructs calls for
stronger methodological innovation and the further integration of XAI methods in the
social science research process. Hence, science research must engage with these
emerging tools to critically assess research designs, uncover potential sources of
misunderstanding, and strengthen substantive validation of CTAM applications
(Swamy et al., 2025).

Integration of substantive research context: A unique advantage of social
scientists who rely on CTAM measures of social constructs is their expertise in the
contexts in which these constructs are studied. Measuring abstract constructs like
“populist language” through CTAM approaches alone can only reveal part of the
picture. To understand how populism takes root and evolves, one also needs to know
the stories behind the numbers: the historical experiences of countries, their political
institutions, and the cultural meanings attached to populist rhetoric. For instance, the
same phrase may carry very different connotations in Spain, Hungary, or Germany,
depending on national histories and public debates. This is where social scientists’
contextual expertise becomes indispensable. They can situate abstract constructs
within broader theoretical traditions, connect them to historical and political
developments, and identify the specific facets of populism that matter in a given case
(see Zehnter, 2024). In this way, their research not only measures populism but also

explains why it resonates differently across societies.
6.6 Concluding Remarks

Looking back, this dissertation set out to answer a deceptively simple question: how
can researchers ensure valid CTAM measures of social constructs? Along the way, it
has become clear that this question is not only about improving methods, but about
strengthening the foundations of how we connect computational tools with social
meaning. The work has shown that validation is neither a purely technical step nor a
static checklist, but rather a continuous process of reflection, testing, and learning. By

outlining conceptual guidance, shared terminology, and practical tools, this
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dissertation hopes to make that process more transparent, systematic, and
collaborative.

I therefore end this dissertation with a simple call to action: to treat validation not
as an afterthought, but as part of the creative and critical core of research that makes
research truly meaningful. When researchers take validity seriously, not as a burden,
but as a shared responsibility, the quality and credibility of our findings improve, as
does our understanding of the social world they aim to represent. If this dissertation

contributes, even in a small way, to that ongoing effort, then it has achieved its goal.
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