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Abstract

Public participation is a central element of democratic decision-making processes, but it
often faces challenges within planning approval procedures due to problems of understand-
ing and accessibility. This paper aims to counteract these challenges through the conceptual
development, prototypical implementation and validation of a chatbot. The chatbot is
designed to facilitate access to planning documents and improve the participation process
as a whole. After presenting the theoretical foundations of chatbots and large language
models (LLMs), three central use cases are described. The main tasks of the chatbot are to
simplify the language of complex planning documents, find documents and information,
and answer frequently asked questions. The underlying architecture of the prototype is
based on the concept of retrieval augmented generation (RAG) and uses a vector database
in which the information is embedded and stored as vectors. To evaluate the developed
prototype, four focus workshops were conducted with professionals affiliated with road
and rail infrastructure administrations at both state and federal levels in Germany. Dur-
ing these workshops, participants tested the core functionalities and assessed the system
using both quantitative and qualitative criteria. The results indicate a strong potential for
improving the handling of standard inquiries. By improving access to complex planning
documents, the system may also contribute to a reduction in objections. At the same time,
the evaluation emphasizes the importance of limiting hallucinations through appropriate
technical safeguards and clearly indicating the use of AI to users. The insights gained
from this study will be incorporated into the prototype developed within the BIM4People
research project, funded by the German Federal Ministry of Transport. The aim therefore
is to implement additional use cases and continuously optimize the functionality of the
system through an iterative development process.

Keywords: public participation; chatbot; planning approval process; artificial intelligence
(AI); large language models (LLMs); retrieval-augmented generation (RAG)

1. Introduction
1.1. Starting Point and Objective

Public participation is a key element of democratic decision-making processes [1]. It
enables citizens to contribute their interests to political and administrative procedures. At
the same time, it is an important tool for increasing transparency and acceptance. In the
case of construction projects, it can make a significant contribution to the quality, cost and
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speed [2]. Protracted delays, for example, due to legal disputes, and the associated cost
increases can be avoided through successful public participation [3].

However, participation is currently proving to be challenging for many citizens. Proce-
dures are often complex, technical language is difficult to understand, and the provision of
relevant information is confusing [4]. This can result in citizens only exercising their right
to participate to a limited extent.

These difficulties are particularly evident in the planning approval process of major
infrastructure projects. In this context, technical planning documents for infrastructure
projects are made available to the public for a limited period of time during which they can
raise objections. “According to Section 73(3), sentence 1 of the Administrative Procedure
Act (VwVfG) in Germany, citizens have a period of four weeks during a so-called planning
permission procedure (the German term: Planfeststellungsverfahren), an approval process
for large infrastructure projects, to review the documents and determine whether they
are affected.”

However, due to the large volume and complexity of the documents, reviewing
them can be considered demanding in terms of both time and content [5]. This results in
comprehension problems and difficulties in finding relevant documents [5].

The aim of this study is to conceptually develop, prototypically implement, and val-
idate a chatbot to support citizens in the context of the planning approval process. The
primary objective is to improve access to complex planning documents, enhance trans-
parency and reduce barriers to understanding, thereby enabling citizens to more effectively
exercise their participation rights. By supporting informed engagement and facilitating
the identification of personally relevant information, the chatbot seeks to contribute to
higher-quality participation.

1.2. Procedure and Structure

First, the theoretical foundations are presented, including the definition and classifi-
cation of chatbots as well as an overview of existing applications in public participation
(Section 2). In addition, this section discusses the theoretical foundations of Retrieval-
Augmented Generation (RAG) and of keyword and semantic search approaches, which
form the basis of the subsequent prototype implementation. Building on challenges iden-
tified in the literature regarding the review of planning documents, specific use cases for
deploying a chatbot in the planning approval process are developed (Section 3). The presen-
tation of these use cases is based on Cockburn (2001) [6], who recommends modeling the
interactions between the stakeholders and the system. This is followed by the prototypical
implementation based on planning documents from a planning approval procedure for
the construction of a road tunnel located in southern Germany, which was submitted for
public inspection in 2025 and comprised 84 documents (Section 4).

Subsequently, the prototype will be evaluated in four focus group workshops with a
total of 25 participants (Section 5). For this purpose, the methodological approach will first
be presented, followed by a presentation of the key findings. The experts hail from German
road and rail construction authorities who are confronted with the display of plans for
infrastructure projects as part of approval procedures that are based on mandatory public
participation. The focus groups were designed based on Henseling (2006) [7]. Focus groups
are an established qualitative method in which “discussion groups are assembled according to
specific criteria (e.g., milieu- or actor-specific) and stimulated to discuss a specific topic through
information input” [8]. According to Bär et al. (2020), they are particularly suitable for
generating ideas and reviewing concepts and their acceptance [9]. Compared to individual
interviews, focus groups enable a broader, more diverse, and in some cases, more creative
discussion [7].
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The conclusion consists of a summary of the key findings and an outlook on future
research activities (Section 6).

2. Theoretical Foundation
2.1. Definition and Classification of Chatbots

A chatbot is a software-based dialogue system that communicates with human users
using natural language [10–12]. The aim of a chatbot is to simulate human-like conversation
and help solve tasks or answer specific questions [12–15]. The chatbot responds to inputs,
processes the transmitted information and generates context-related responses [14]. Tech-
nologically, a chatbot is usually based on natural language processing (NLP) methods and
either works on a rule-based basis with predefined responses or response patterns, or uses
learning systems [13,16–18]. Chatbots are used in many different areas where automated
and interactive communication is required [13,19].

Earlier versions of chatbots faced a number of challenges that limited their acceptance
in widespread use. The primary challenges included, in particular, a limited understanding
of contextual relationships and rigid, heavily scripted interactions with users [20,21]. With
the introduction and use of large language models (LLMs), significant progress has been
made in the further development of chatbots [22]. LLMs have now become a central
component of modern chatbots, as they contribute significantly to the realization of human-
like interactions between bots and users [20]. LLMs represent a class of artificial intelligence
(AI) models that are trained on very large amounts of data to analyze language and generate
natural, coherent responses to free-text inputs. In contrast to earlier rule-based or intent-
based chatbots, which generate responses based on predefined rules or response templates,
large language models produce responses dynamically by recognizing associations between
tokens and estimating probability distributions over possible responses [23,24].

2.2. Added Value of Chatbots

Chatbots have a wide range of applications and offer diverse added value in various
areas. Their basic function is to answer user queries, provide information and automate
simple tasks [25]. In everyday contexts, chatbots are used, for example, to control smart
home systems [12,15].

A key added value of chatbots lies in their ability to provide information in a struc-
tured manner while responding to individual enquiries [12,15,26]. This means they can
be used in areas such as education, to answer frequently asked questions or as a tool for
gathering information. Furthermore, the potential of chatbots is particularly evident in the
public sector and, to some extent, already in the context of public participation [25,26]. In
public institutions, they are used not only for general information dissemination but also
for the provision of public services. These include appointment management and schedul-
ing, responding to citizen enquiries, and the orderly provision of public administrative
data [25,27].

The potential of chatbots to promote willingness to participate is particularly interest-
ing for urban planning and public participation [25,26]. They can be used at different levels
of participation. Chatbots can offer significant added value, particularly at the information
and consultation levels [12]. For example, they can provide planning information in an
understandable form or contribute specifically to shaping citizens’ opinions. In this context,
chatbots act as intermediaries between specialist administrations and the population [26].
This makes planning processes more transparent and inclusive [26]. By providing relevant
data in real time, on the basis of which objections can potentially be drafted, the quality of
decisions in planning processes can be improved in the long term [26].
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Another added value of chatbots lies in their constantly improving user-friendliness
and continuous availability. Intuitive dialogues, easy accessibility and understandable
response formats enable them to reach a wide audience [26]. At the same time, chatbots not
only provide information to the public but also generate valuable data themselves. Their
interactions can serve as a basis for analyzing citizens’ interests and patterns. These insights
can be extremely relevant for both public administration and specialist planners [26].

2.3. Chatbots in Public Participation

The use of chatbots in public participation in the context of new planning projects is
an innovative but as yet largely unexplored field [25,28]. While chatbots are increasingly
finding their way into administrative contexts, their use in participatory planning processes,
especially in the field of urban planning and the associated public participation, has hardly
been tested to date [27,28]. There are only a few studies in the scientific literature that
explicitly deal with the benefits or application of chatbots in the public sector, and even
fewer in the context of active public participation [25]. The majority of systems or chatbots
currently in use or being tested are limited to administrative services, such as answering
frequently asked questions about administrative processes and are therefore not directly
relevant to planning procedures [26,27].

However, some developments in Germany and internationally demonstrate the great
potential of these chatbots. CityLAB Berlin, for example, has initiated several chatbot
projects, including Parla and BärGPT [29]. On the one hand, these projects aim to make
internal administrative processes more efficient through automated information processing
and, on the other hand, they offer citizens the opportunity to ask questions that are
answered on the basis of information and documents stored in the chatbot. This facilitates
interaction with administrations, which could also be transferred to public participation in
the context of planning processes in the future [30].

Initial attempts to integrate chatbots into participation processes have also been made
in research. For example, Tavanapour et al. (2019) present a concept for a chatbot that
can support citizens during such a process [28]. The chatbot is designed to answer simple
questions about participation formalities either with the help of pre-formulated answers
or, in the case of inappropriate enquiries, by forwarding them to a responsible contact
person [28]. In practical application, however, this chatbot often had problems correctly
interpreting users’ questions, which led to incorrect or inappropriate answers [28]. Accord-
ing to the authors, these results highlight the need to further develop such bots, as, despite
the errors and existing technical challenges, they offer enormous potential as a supportive
tool in planning processes and public participation [26,28,31,32].

2.4. Retrieval-Augmented Generation

Retrieval-Augmented Generation (RAG) refers to a method for improving the re-
sponse quality of LLMs by incorporating relevant information from external, trustworthy
sources during generation [33–35]. The method aims in particular to reduce a weakness
of LLMs known in the literature as hallucination [33,36,37]. Hallucinations refer to the
tendency of language models to produce content that appears coherent and plausible
but is in fact incorrect or completely fabricated [38–40]. This is often caused by outdated
or incomplete training data, which limits the model’s knowledge spectrum [38,39]. By
supplementing the model with up-to-date and reliable external knowledge, RAG helps to
generate answers based on verifiable sources rather than on model-internal assumptions or
inventions [33,34,37].

A RAG system can basically be divided into three functional components, two of
which function as higher-level memory structures. A parametric and a non-parametric
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memory [35]. The parametric memory is represented by the generator, which also rep-
resents the underlying LLM. Its task is to formulate the final answer based on the user
query and the retrieved external information [35,41]. Non-parametric memory is provided
by the retriever. For each query, the retriever extracts the documents from the external
knowledge base that are most relevant for subsequent response generation. This is based
on the vector representation of the input, which was previously generated by the query
encoder [35,37,41].

The query encoder is the third core component and is used to transform the user query
into a semantic vector that can be processed within the vector database [33,35,37,41]. The
retriever then uses this vector to identify the most similar documents in the external sources
and pass them on to the LLM [37].

The typical process of an RAG system comprises three steps: indexing, retrieval and
generation [35,37,42]. Indexing describes the preparation of the external knowledge base.
Raw data is first converted into a uniform text form, then segmented into smaller units
(chunks), and finally converted into vector form using an embedding model before being
stored in a vector database [37,42]. The retrieval step involves retrieving this data. Here,
the user query is vectorised using the same embedding model and compared with the
stored text vectors using a similarity comparison, typically based on cosine similarity. The
most similar chunks are passed to the LLM as context [37,42,43]. Finally, in the generation
step, the context-relevant text passages are combined with the original user query to form a
prompt and sent to the LLM, which generates the response based on its internal parametric
knowledge and the external information [37,42,43]. The entire process, as well as the core
components of RAG systems, is visualized in Figure 1.

 

Indexing Raw data gets segmented and transformed into 

vector form using the same embedding model as 

the query encoder

Vector database

Retrieving

Retriever

Comparing query vector with external data

Generator - LLM

Generation

User Query
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Transforms query into vector

Most similar 

chunks get 

passed to

Retrieving 

external data

Query vector

Stored in

Legend

Output

Transformation 

into vector form

Core component

Generate

Figure 1. Components and process of RAG systems.

2.5. Keyword and Semantic Search Approaches

Keyword-based search and semantic search represent two fundamental paradigms of
information retrieval that differ primarily in how user queries are interpreted [44]. While
both approaches aim to provide access to relevant information, they are based on distinct
conceptual principles and exhibit specific advantages and limitations.

Keyword-based search retrieves information by matching explicit search terms with
corresponding keywords in documents and therefore operates on a syntactic level [44,45].
A central limitation of this approach is that it does not account for the actual meaning
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of the terms used in a query or the semantic relationships between them [44–46]. As
a result, keyword-based search can yield imprecise results or return a large number of
documents that are formally similar but irrelevant to the user’s underlying search intent [44].
This limitation becomes particularly evident when queries are complex, ambiguous, or
formulated using varied terminology.

In contrast, semantic search focuses on understanding the meaning, context, and intent
of user queries rather than relying solely on exact keyword matches [44–46]. By capturing
semantic relationships, this approach enables more accurate and context-aware retrieval of
information [44,45]. Semantic search has been shown to be more effective and user-friendly
than keyword-based search, particularly for complex queries, as it can resolve ambiguities
and identify conceptually related content even when different wording is used [44,46].
Consequently, semantic search typically produces more relevant results and improves user
efficiency by reducing the need to manually filter irrelevant documents [44].

Despite these advantages, semantic search also presents challenges, particularly with
regard to explainability. While keyword-based search allows matched terms to be high-
lighted within documents, making it transparent why a specific text passage was retrieved,
semantic search lacks a comparable level of interpretability. It is generally not immediately
apparent why a document or text passage is classified as semantically similar to a query.
This reduced transparency may lead users to perceive certain results as irrelevant or to
question the completeness of the retrieved document set [47].

Overall, both search paradigms address different user needs. Keyword-based search
offers transparency and traceability, whereas semantic search provides clear advantages
in terms of relevance and usability, especially in complex and heterogeneous document
collections such as planning and approval documents.

3. Use Cases for a Chatbot in the Planning Approval Process
Access to planning documents within public participation processes plays a central

role in the context of planning approval procedures. However, numerous studies indicate
that citizens face substantial barriers when engaging with planning approval documents,
particularly in the context of large infrastructure projects. These barriers can be system-
atically grouped into three central user needs identified in the literature: (1) the need for
understandable language, (2) the need for efficient access to relevant information and
(3) the need for timely clarification of recurring questions.

First, planning documents are predominantly written in highly technical and legal
language, which limits their comprehensibility for a non-expert audience [4,5,31]. This
linguistic complexity makes it difficult for citizens to assess their own level of concern and
to meaningfully participate in the process. The literature therefore highlights the need for
tools that support the translation of technical content into more accessible language.

Second, planning documents of infrastructure projects are created on the basis of
legal requirements and guidelines. However, these requirements contribute to the doc-
uments generally being extensive and complex, resulting in additional difficulties for
citizens [4,48,49]. The complexity and scope of the documents make it difficult to find
relevant documents or specific information within them [50,51]. This creates a clear user
need for targeted guidance and information retrieval support.

Third, the complexity of the content of the planning documents and the technical
language used in them can raise questions among citizens that need to be addressed to the
relevant authorities or case workers [4,51–53]. In traditional participation formats, however,
such inquiries often lead to long processing and waiting times, which can frustrate citizens
and overburden administrative staff [54,55]. The literature therefore points to the need for
more efficient mechanisms to address standard inquiries.
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Based on these three user needs identified in the literature, Figure 2 illustrates three
concrete chatbot use cases aimed at supporting citizen participation in planning approval
procedures. The following sections provide a detailed description of each use case.

 

1. Simplification of language

2. Finding documents and information 

3 Answering standard questions

Use cases





Examples

Translate the following text into 
understandable language: ….

Of course. Here is the text in everyday 
language: „“

Where can I find information about 
land acquisition?

Information on the land acquisition 
can be found in Part B – Document 10 

Click here to be redirected there.

When are you entitled to passive noise 
protection?

If the emission limits specified in 
Section 2 of the 16th Federal 

Immission Control Ordinance 
(BlmSchV) are exceeded,…

1

In accordance with 
Section 47(5) of the 
VwVfG planning 
approval procedure,.

Complicated Simply explained

The effects are…

„Find environmental report“



Fundamental 
questions

Pre-formulated 
standard response

!?

2

3

Figure 2. Use cases for a chatbot in the planning approval process.

3.1. Simplification of the Language Used in Planning Documents

The first use case addresses the need for improved comprehensibility of planning
documents. Its objective is to support citizens by presenting complex and technical content
in simplified language. LLMs can be used to convert linguistically complex technical texts
into a simplified form of expression. This makes it possible to provide key content in a more
accessible way. In particular, it makes it easier for people without a technical background
to access the relevant information. At the same time, it reduces misunderstandings that
could otherwise lead to additional inquiries or objections.

3.2. Locating Documents and Information

The second use case relates to the targeted localization of documents and information.
Citizens often face the challenge of locating relevant information within a large number of
planning documents. A chatbot is well-suited to act as an intelligent search engine. It can
answer queries such as ‘Where can I find information on noise pollution?’ and provide the
relevant documents. This should facilitate access to documents in the planning approval
process that are currently perceived as complex and improve information retrieval for
private individuals.

3.3. Answering Standard Questions

The third use case focuses on addressing frequently asked or recurring questions.
Automated responses to standard inquiries allow citizens to receive immediate feedback
without having to wait for manual responses from authorities or project developers. This
supports timely clarification of concerns and contributes to a more efficient participation
process. While this use case may also reduce administrative workload, its primary benefit
lies in improving responsiveness and accessibility for citizens.
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4. Prototype Implementation
4.1. Architecture

The underlying architecture is based on the described concept of RAG. The aim of
this approach is to identify the most relevant information from a large amount of data that
cannot be fully integrated into the context window of an LLM due to its size and to pass this
information on to the model [37]. By grounding the model’s responses in retrieved source
documents, as described in the theoretical foundations of this study, RAG reduces the like-
lihood of hallucinations by constraining the LLM to generate answers based on externally
provided and verifiable information rather than solely on its internal representations.

The relevant information is selected using a vector database. LLMs encode informa-
tion in vectors within multidimensional vector spaces. The similarity in content between
two vectors is reflected in their angular relationship. The more similar the angular rela-
tionship between two vectors is, the closer the meanings tend to be. For example, the
angular similarity between the two terms ‘fire’ and ‘hot’ is greater than between ’fire’ and
‘broccoli’ [56,57].

As part of the embedding process, the information is embedded in these vector spaces
by assigning corresponding vectors to it. These vectors, including the embedded informa-
tion, are stored in a database. To respond to a query, it is transformed into a vector space.
Based on the comparison, the vectors most similar to the query can then be determined.
The information stored with these vectors forms the result of the similarity search.

The information found by the similarity search and the original user query are then
integrated into a prompt, i.e., an instruction or input directed at an AI model, and passed
on to the LLM. The model then generates a response based solely on the information
previously identified and provided. The overall architecture of the approach, as well as the
underlying sequence, is presented in Figure 3. The detailed implementation is presented in
the following subsection.

User

Vector database (Chroma)

84 documents as planning documents

1 document with standard questions and answer

LLM (gpt-4.1-mini)

Query

Output

writes

vectorised and 

embedded into

most similiar chunks

are passed on

passed on

generates

Comparison by

cosine similiarity
passed onPrompt

vectorised

Figure 3. Architecture and sequence of the approach.

4.2. Detailed Implementation and Prototype
4.2.1. Used Data and Knowledge Base Construction

The prototype needs to be provided with specific external data in order to generate the-
matically appropriate answers. Accordingly, 84 documents and planning documents from
a planning approval procedure in southern Germany, as well as a supplementary document
containing standard questions and answers, were made accessible to the prototype. The
standard questions and corresponding standard answers are based on a study by Matthei
et al. (2025), which analyzed 828 objections from past planning approval processes between
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2005 and 2019 [58]. The standard questions and answers were compiled in a separate text
document and, like the planning documents, were accessible for the prototype.

Access to this externally stored data is made possible through the use of vector
databases and knowledge collections. Open WebUI allows PDFs to be inserted into a vector
database using knowledge collections [59]. To do this, the text content is first extracted
from the PDF documents and divided into overlapping text blocks. Each of these blocks is
then embedded in the vector database, including information such as the file name and
page number.

4.2.2. Technological Setup and Process Sequence

Open-source components and selected models from OpenAI were specifically used
for the technical implementation of the system. The technologies were selected based on
their availability and the development team’s familiarity with the respective tools and
frameworks. The central AI components of the presented approach consist of an LLM
and an embedding model, which are used in combination to enable the generation of
source-based responses.

The open-source web interface Open WebUI was used as the central interface between
the user interface and the vector database, which uses the open-source vector database
Chroma as standard. Within this architecture, the embedding model is responsible for
vectorizing both the content of external documents and incoming user queries and storing
these vector representations in the vector database. The text-embedding-3-small embedding
model from OpenAI was used for the semantic representation of the content and its storage
in the vector database [60]. This enables the conversion of textual content from PDFs into
numerical vectors, which are necessary for efficient similarity searches. The large language
model GPT-4.1-mini was used to respond to user queries and generate textual outputs [61].
Communication with the model took place via the Open WebUI API, which forwards
queries to the OpenAI interface.

The prototype’s processing procedure begins with the input of a user query through
the user interface. Once the query is submitted, Open WebUI initiates a semantic similarity
search within the Chroma vector database. For this purpose, the user query is first trans-
formed into a vector representation using the embedding model and then compared to the
stored document vectors. The objective of this search is to identify the text blocks whose
vector representations show the highest semantic similarity to the user query. In addition
to free-text queries, the system supports the recognition of predefined standard queries.
If a user query sufficiently matches a stored standard query, it is automatically identified
through the similarity search and returned together with the corresponding predefined
standard response. This serves to realize use case 3.

The text passages identified during the semantic search constitute the contextual basis
for response generation by the large language model. Subsequently, a request is sent to
the LLM via the Open WebUI API. The prompt explicitly includes both the original user
query and the retrieved source documents. By embedding these elements directly into the
prompt, the system ensures that the model has access to all relevant contextual information
while preventing the use of external or unsupported knowledge.

Specific parameters were defined to control the language model. To ensure deter-
ministic response generation and enable identical responses to identical questions, the
temperature parameter was set to 0. The maximum number of tokens that can be generated
(max_completion_tokens) was limited to 2048 to allow sufficient space for detailed responses
and the inclusion of multiple quotations. The number of text blocks that serve as sources
for response generation in the course of a query is limited to a maximum of five in order to
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ensure adequate search performance. These parameter choices support the implementation
of use case 2 by enabling the retrieval of relevant documents and information.

The prompt sent to the LLM explicitly instructs the model to answer citizen queries
based solely on the source documents retrieved beforehand. In addition, it is required to
clearly indicate when requested information cannot be derived from the available docu-
ments in order to minimise the risk of hallucinations. The relevant sources are transferred
to the model in a structured form using Extensible Markup Language (XML).

The LLM processes the prompt in accordance with these predefined instructions and
generates a response using clear and understandable language. This aligns with use case 1,
which focuses on simplifying the language of planning documents to improve accessibility
and comprehension. The resulting output is returned in a structured JSON (The prototype
uses the OpenAI function ‘Structured Output’ for this purpose. In addition, a JSON schema
is specified, which the response should comply with) format. This output first contains
a list of the citations used, including source identifiers and, where necessary, corrected
references. The second part of the JSON structure contains the actual textual response
generated by the model. In the user interface, the response is displayed in a structured
manner, separating directly relevant text passages from the planning documents and a
summarized explanation independently formulated by the LLM.

4.2.3. User Interface

Figure 4 illustrates the user interface of the developed prototype. Users can enter
their query to the chatbot in the upper section of the interface. Once the chatbot and the
underlying technical infrastructure have generated a response, two text outputs appear
below the input field. The first is a response quoted directly from the planning documents,
with links to the relevant passages within these documents. Secondly, an AI-based summary
is presented, which is also based on the previously stored planning documents, but is
presented in a condensed and understandable form. The AI-based summary is preceded
by a note pointing out that the summary may be incomplete or incorrect and that only the
contents of the original documents are authoritative and binding. Below the answer areas,
all planning documents relating to an infrastructure project are also listed. This gives users
the opportunity to open these documents at any time and search for further information on
their own.

 

Figure 4. A prototypical interface for the chatbot of the planning approval process.
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It should be noted that the original project was conducted in German, and all prototype
elements, including the user interface, were developed in the German language. For the
purpose of this paper, the project has been translated and presented in English to ensure
clarity and accessibility for an international audience.

5. Validation
5.1. Methodology

Following Hensling (2006), the procedure of focus groups can be divided into three
stages [7]. The first stage involves defining the object of investigation, which includes
selecting the participant group and developing the discussion guide. In this study, the
focus groups were conducted online. This format was chosen because it reduces time and
cost requirements and generally increases participant availability [62].

In total, 25 participants were recruited for the focus groups. Of these, 12 participants
represented project developers acting as initiators of public participation processes and
were therefore responsible for preparing planning documents. Eleven participants repre-
sented planning approval authorities responsible for conducting public disclosures within
approval procedures. Two participants represented employees of the Information Technol-
ogy Center Bund (ITZBund), which serves as the central IT service provider for the German
federal administration. All participants were affiliated with road or rail infrastructure
administrations at both the state and federal levels in Germany.

The core component of the focus group workshops is the demonstration of the chatbot,
which participants can test via the developed user interface. To this end, participants are
invited to formulate and submit questions to the chatbot. This is followed by an assessment
of the presented use cases, consisting of a quantitative component in the form of a Likert
scale and a qualitative component in the form of a group discussion.

The second step involves conducting the focus group workshops. The online collab-
oration platform Miro is used for implementation and documentation [63]. This enables
collaborative work and individual coordination within the focus group workshops.

The third step involves evaluating the results. There is no standard method for
evaluating focus groups [64]. Anything from simple transcripts to various scientific analyses
is conceivable [9]. In this study, the evaluation is based on a summary of key discussion
points in line with Ruddat (2012) [65]. Therefore, the key findings are summarized and
supported by key quotes from the recording.

5.2. Validation Results

The quantitative survey in connection with the evaluation of the individual use cases
for the chatbot in the presentation of planning documents shows that, according to the
workshop participants, for use case 3: “Answering standard questions” is the use case that
triggers the strongest improvement (Figure 5). The mean value of the scale survey is 1.9
and thus close to the scale value “marked improvement.”

The mean values for use cases 2 and 3 are also between the scale values “moderate
improvement” and “marked improvement.” The mean value for use case 2: Finding
documents and information is 1.8, and the mean value for use case 1: Simplification of
language is 1.6.

In connection with use case 1: “Simplification of language,” one workshop participant
notes that everything worked well for him and that “it is quickly and easily explained what
it is all about.” Another participant in the same workshop also praised the prototype
implementation, describing it as a “huge leap forward in terms of comprehensibility.” The
presentation was also described as appealing, combining simplified text with quotes from
the planning documents.
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Figure 5. Evaluation of the use cases for a chatbot in public participation.

Another workshop participant pointed out that simplifying the documents is necessary
and is already in demand. “So you have to make it understandable, and even when we get calls,
we sometimes simplify our legal language in this regard [. . .]”.

With regard to use case 2: “Finding documents and information,” one workshop
participant mentioned that “so far, there has been no assistance whatsoever” for the “often
very extensive documentation in the process.” Another participant in the same workshop
noted that finding documents was quite easy. However, he noted that he had expected a
different answer to his question. “I simply asked where I could find my property, and I received a
general response.”

Another workshop participant was more critical, criticizing the restriction of results
in the prototype implementation. The participant concluded that “only partial results are
provided at this point.”

In connection with use case 3: “Answering standard questions,” one workshop participant
emphasized that he had observed a “very significant improvement.” Another participant explained
that “answering standard questions is definitely a very important point.” This was confirmed by
another participant, who said that it reduced the number of “unnecessary objections.”

Overall, one workshop participant describes the chatbot as “very good.” He notes that
he asked “control nonsense questions” and found that no incorrect answers were generated.
He concludes: “I think it’s very good that such a filter works. That nothing is hallucinated or
anything like that.” Another workshop participant concludes that the user interface is very
clear and easy to understand.

An additional workshop participant notes that the generated summary was perceived
as too short. This participant also notes that “a lot of AI training” is still necessary so that “the
statements are, let’s say, more to the point.” As a possible extension, the workshop participant
suggests that the assistance system could follow up after generating a response by asking
whether the question was answered correctly or whether further information on the topic
is desired.

In addition, the EU AI Act was mentioned in the discussion. One workshop participant
asked whether legal requirements from this set of rules must be observed when applying
the approach.

6. Summary, Discussion and Outlook
The aim of this study was to conceptually develop, prototypically implement and

validate a chatbot to support public participation in planning approval processes for major
infrastructure projects. The primary objective was to improve access to complex planning
documents, enhance transparency and reduce barriers to understanding.

The study first discussed the theoretical foundations of chatbots and their application
in public participation, then developed specific use cases in the context of planning approval
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processes, which were subsequently implemented as prototypes based on a specific German
planning approval process. In the end, focus groups were conducted to validate the
prototype and the developed use cases.

The presentation of the theoretical foundations has shown that chatbots offer various
added values, such as the ability to provide information quickly and in a structured manner,
or their continuous availability. Despite these added values, chatbots have hardly been
used in public participation to date. However, the approach presented in this paper shows
considerable potential for significantly improving the quality of public participation.

Traditional public participation in planning approval procedures presents numerous
challenges, which are widely documented in the literature and significantly impede effec-
tive citizen participation. Three key use cases for the chatbot can be derived from these
shortcomings. Automated linguistic simplification (use case 1), finding relevant informa-
tion and documents (use case 2), and answering recurring standard questions (use case 3).
These application scenarios for the chatbot show considerable potential for counteracting
the existing problems in the participation process and optimizing it in the long term.

The architecture of the developed prototype follows the concept of retrieval-
augmented generation (RAG). The Chroma vector database uses angle comparison to
identify the most relevant information, which is then transferred to the model together
with the user’s query in the form of a prompt. The model then generates a response based
exclusively on the sources provided. The database consists of 84 planning documents for a
German infrastructure project and an additional document containing frequently asked
standard questions. All of the documents were stored in the vector database in advance.

The developed use cases were validated through focus group workshops involving a
total of 25 participants using both quantitative and qualitative evaluation criteria. These
workshops enabled professionals affiliated with road and rail infrastructure administrations
at both state and federal levels in Germany to explore the chatbot prototype and to provide
informed assessments of the underlying approach.

Overall, participants attributed a moderate to high potential for improving the partici-
pation process across all use cases. The results suggest that the system can significantly
enhance the handling of standard inquiries. By improving access to complex planning
documents, it may also contribute to a reduction in objections.

In addition to these opportunities, several key challenges must also be considered.
The legal and regulatory framework, as highlighted in the focus groups, plays a crucial
role in the deployment of chatbots and other AI-based applications. In particular, compli-
ance with the General Data Protection Regulation (GDPR) (in German DSGVO) must be
observed and ensured. Furthermore, the requirements of the EU AI Act are expected to
become increasingly relevant for the future implementation of chatbot systems. The AI
Act introduces a risk-based classification of AI applications that divides them into three
categories. This classification distinguishes between prohibited systems, systems subject
to strict regulatory requirements, and those permitted with minimal obligations [27,66].
However, as the EU AI Act has not yet been transposed into national law, there are currently
no clear or binding legal guidelines that specifically regulate the use of chatbots in the
context of public participation [66]. Consequently, no concrete or standardized system
requirements can be derived at this stage. While future regulatory developments may
introduce more detailed technical and organizational requirements for such systems, these
remain largely speculative at present.

At the current stage of implementation, the system primarily relies on a warning
within the user interface that alerts users to the possibility of incorrect or misleading
content generated by the chatbot. This measure, however, cannot be considered a sufficient
legal safeguard on its own. A more in-depth legal assessment will be required before
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drawing any definitive conclusions regarding compliance obligations or deriving concrete
system requirements from existing or forthcoming legislation.

Another key challenge is ensuring the accuracy and reliability of AI-generated re-
sponses and summaries. Users may receive incomplete or incorrect information by using
chatbots [31]. This can impact the effectiveness of the system. A related challenge is the
social acceptance of AI applications, as studies indicate that parts of the population remain
skeptical about their use [67–69]. Addressing public trust is therefore essential for the
successful development of AI-based systems.

In the context of planning approval processes, specific legal requirements apply to
planning documents [70]. To address these challenges, the prototype was designed to
clearly distinguish between the original planning documents and AI-generated summaries.
Each summary is accompanied by a note indicating that it may be inaccurate and that only
the official planning documents are legally binding. Despite these precautions, further
measures are needed to mitigate risks. A legal review is required to assess whether these
safeguards adequately protect project developers and planning authorities from potential
liability. Additionally, ongoing user education and transparency regarding the system’s
limitations are crucial to enhance trust and social acceptance.

Another challenge is the potential for hallucinations in chatbots. Several measures
have been implemented in the RAG-based chatbot to reduce this risk. For example, the
model is restricted to perform only formatting corrections, and each text passage is linked
to a unique ID. The prompt also instructs the model to explicitly state when no clear or
sufficient information is available in the provided sources. The validation workshops
indicate that these safeguards are largely effective. However, participants still expressed
concerns that hallucinations could limit the chatbot’s usefulness in public participation
processes. Overall, the risk persists, particularly when using semantic vector search instead
of keyword-based search.

To further mitigate this risk, future work will focus on (i) introducing automated
validation steps, such as similarity checks between original and cleaned text passages, and
(ii) improving the underlying text extraction pipeline to reduce the need for LLM-based
cleaning altogether.

In summary, the approach presented for using a chatbot demonstrates a way to in-
crease the comprehensibility of planning documents for major infrastructure projects. In
particular, the three use cases address key challenges that citizens often face in traditional
participation formats. The validation indicates an improvement compared to the current
situation from the perspective of initiators of public participation processes. However, fur-
ther development and testing are needed to fully exploit this potential. The results of these
evaluations should provide new insights into the chatbot’s performance and reliability,
while also serving as a foundation for expanding it with additional functionalities. Further-
more, in this study, the chatbot’s functionality was examined exclusively in German, which
opens up opportunities for future research to investigate its performance and applicability
in other languages.
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