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Abstract 
This study explores the application of the retrieval-

augmented generation architecture for large language 

models in analyzing citizens' contributions from urban 

participation. Existing literature highlights the potential 

of large language models to streamline analytical 

processes. However, challenges regarding required 

functions, domain expertise, and transparency remain 

underexplored. This research addresses these issues 

through a design science research approach. We 

identified eleven issues with a systematic literature 

review and twelve expert interviews, formulated twelve 

meta-requirements, and derived four design principles 

on which we developed a web prototype. We evaluated 

it with 42 experts from a crowdsourcing platform. Our 

findings demonstrate that retrieval-augmented 

generation models can enhance efficiency in automated 

categorization, sentiment analysis, and summarization 

by focusing the model's attention. However, 

transparency limitations persist as an ongoing 

challenge. Our findings contribute to existing 

knowledge by illustrating how hybrid intelligent systems 

can improve urban experts' ability to analyze and 

interpret participation data in smart cities. 

 

Keywords: Citizen Participation, Data Analysis, 

Retrieval Augmented Generation, Large Language 

Model, and Design Science Research. 

1. Introduction 

The ongoing digitalization of urban spaces presents 

new opportunities for enhancing citizen participation in 

urban development (Smith & Martín, 2021). Citizen 

participation is often conducted in response to local 

tensions and community conflicts due to urbanization 

(Caragliu & Del Bo, 2022). Digital tools like 

participation platforms (Royo et al., 2020) and mobile 

applications are increasingly utilized to expand citizen 

participation and support their scalability, creating 

public value (Borchers et al., 2023). However, as these 

approaches expand, so does the volume of collected 

citizen contributions. This growth poses significant 

challenges for local authorities, urban planners, and 

decision-makers, who face difficulties in analyzing and 

evaluating large and heterogeneous amounts of textual 

data (Royo et al., 2020). The literature highlights the 

critical need for effective methods to process and utilize 

these vast quantities, as manual evaluation methods are 

increasingly impractical given the scale of citizen 

inputs, prompting the exploration of advanced 

computational approaches (Arana-Catania et al., 2021). 

One promising approach involves the deployment of 

Artificial Intelligence (AI), particularly Large Language 

Models (LLMs), and the newly emerging Retrieval 

Augmented Generation (RAG) techniques (Shi et al., 

2024). RAG extends LLMs with additional contextual 

data and has shown potential for automating the analysis 

of domain-specific textual data (Nikishina et al., 2025). 

While previous studies have explored Machine 

Learning (ML) methods for analyzing citizen 

contributions (Cai, 2021; Romberg & Escher, 2023), 

applying general-purpose LLMs remains underexplored 

(Williams et al., 2024), which is why we propose the 

following research question (RQ). 
 

RQ:  How should RAG-based IT artifacts be 

designed to support urban experts' analysis of 

participation data? 
 

We answer the RQ with a design-oriented approach 

(Peffers et al., 2007) and continue with the Related 

Work, Problem Identification, and Method sections. 
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Afterward, the issues are described in the Identification 

of the Problem section. Meta-requirements and design 

principles are elaborated in the Objectives of a Solution 

section. The development of the IT artifact is specified 

in the Design and Development section, and in 

Demonstration and Evaluation, we describe our 

evaluation. Afterward, we present our findings, discuss 

them, and then summarize the paper. 

2. Related Work 

Urban development is shaped by numerous factors 

that increasingly require integration into city planning. 

As urban areas and cities grow more complex, decision-

making becomes more challenging (Fu et al., 2023). To 

face that, active citizen engagement, through 

mechanisms known as citizen participation, is vital and 

today requires digital tools to increase effectiveness and 

efficiency (Cai, 2021). 

2.1 Citizen Design Science Model 

The Citizen Design Science Model integrates the 

three dimensions of Citizen Science, Citizen Design, 

and Design Science, serving as a tool to support citizen 

participation (Mueller et al., 2017). Each dimension is a 

combination of two areas of citizens, design, and 

science, as these are crucial and induce each other, as 

shown in Figure 1 (Torrecilla, 2019). 
 

Figure 1. Citizens Design Science Model 
 

Citizen Science involves eliciting citizens' 

requirements, needs, and ideas, considering the existing 

contextual and local conditions of projects and the 

methods of participation employed (Nicolas et al., 

2021). This encompasses on-site (analog), digital, and 

hybrid participation modalities, such as interviews, 

workshops, and surveys (Mueller et al., 2017). 

Therefore, Citizen Science addresses how to include and 

enable participation in a representative and, depending 

on the objective, valid approach to ensure the elicitation 

of citizens' contributions (Mueller et al., 2017). Citizen 

Design determines how citizens actively contribute to 

the design of a project’s vision during participation. This 

can address the development of buildings, parks, 

districts, and communities where social interactions, 

places, and factors like safety, openness, and new living 

projects are relevant. The possibilities for citizens to 

contribute their ideas and requirements vary from 

simple text to 2D and 3D approaches (Munz et al., 

2023). In terms of scalability, Citizen Design is 

influenced by Citizen Science, which defines how 

citizens can express themselves and impacts Design 

Science through the analysis of collected data (Mueller 

et al., 2017). Design Science delineates the 

methodology of analyzing citizen contributions into 

actionable insights to support architects and urban 

planners in developing projects (Altrock, 2022). 

Empirical evidence from prior research shows that 

converting these contributions into specific project 

goals is very complex (Cai, 2021). It underscores the 

necessity of establishing the requirements for urban 

initiatives and the technical frameworks for 

participatory engagement and data analysis before 

initiating participation activities to ensure the process's 

feasibility (Repette et al., 2021). Typical data formats 

are Excel, CSV, JSON, and GEOJSON. Depending on 

the amount, AI or ML-based approaches are required to 

support feasible, cost-efficient, and comprehensible 

data analysis (Borchers et al., 2024), which directly 

relates to our RQ. 

2.2 LLMs and RAG for Citizen Participation 

The increased application of LLMs promise a 

paradigm shift in supporting citizen participation and 

data analysis in urban planning (Gao et al., 2024). LLMs 

are trained on vast natural language corpora and can be 

used to perform tasks such as sentiment analysis, topic 

detection, summarization, and translation with 

increasing accuracy (Fu et al., 2023). In the context of 

citizen engagement, LLMs, especially RAG, could 

support the automatic evaluation of thousands of 

contributions, assisting experts in grouping and 

prioritizing issues, identifying key themes, and 

assessing the overall sentiment of public opinion 

(Cranefield & Pries-Heje, 2023). 
 

 
Figure 2. Basic Retrieval Augmented Generation 

(RAG) Architecture 
  

The RAG architecture may facilitate information 

control by integrating a domain-specific corpus, such as 
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participatory processes, as part of a processing pipeline, 

as shown in Figure 2 (Li et al., 2022). Therefore, RAG 

systems combine the generative power of LLMs with 

retrieval mechanisms by including a domain-specific 

knowledge corpus. This must be predefined and could 

include expert knowledge about analyzing participation 

data. Additionally, it is possible to incorporate 

knowledge about the project, such as local names for 

various places, restaurants, museums, points of interest, 

and geographic characteristics (Fu et al., 2023). This 

hybrid approach could enable more effective and 

efficient data analysis compared to pure LLM-based 

analysis tools (Kandpal et al., 2023). 

3. Method 

As we follow a design-oriented approach, we 

conduct a Design Science Research (DSR) project. DSR 

is a well-known paradigm in systems science, which can 

be used to gain knowledge by developing justified IT 

artifacts based on derived design principles (Hevner et 

al., 2004). DSR is an iterative approach that leads to new 

design theories and practical solutions addressing real-

world problems (Kuechler & Vaishnavi, 2008). We 

implemented the DSR activities for this work according 

to Peffers et al. (2007), as shown in Figure 3. 

The introduction section explains and argues the 

problem and its relevance, leading to the RQ. To 

explicitly define issues, we conducted a systematic 

literature review (Cooper, 1988). In the second activity, 

we conducted expert interviews to formulate meta-

requirements and derive design principles to specify a 

solution (Peffers et al., 2007). Afterward, the core 

artifact is developed and integrated into a web prototype 

(Shi et al., 2024). We hosted the prototype on a web 

server to enable the demonstration and the systematic 

evaluation, which was conducted by experts acquired 

through a crowd-sourcing platform. The evaluation 

process adheres to the guidelines by Venable et al. 

(2016), combining both practical tests and theoretical 

validation. All collected results were analyzed 

inductively-deductively, according to Mayring & Fenzl 

(2019), to validate and elaborate on the derived design 

principles. Finally, all results are communicated in this 

paper. 

4. Problem Identification 

For the identification of the issues (ISS), we 

conducted a literature review according to Cooper 

(1988) and defined the (1) focus, which the RQ and the 

domain of citizen participation define. The (2) goal is to 

identify issues. The (3) kind of representation, which is 

neutral and well-founded, and the (4) coverage, which 

lies on the pivotal central, as LLM and especially RAG 

systems, are quite new. Regarding the (5) organization 

of the review, we focus on conceptual works, and the (6) 

audience consists of specialized scholars and 

practitioners. For the literature review, we used the 

following search string and focused on the databases of 

the AIS and ScienceDirect. 
 

• „large language model“ AND urban planning 

AND citizen participation AND data analysis 
 

The initial search yielded 171 results, from which 

we excluded 29 due to a lack of access, 126 due to a lack 

of relevance based on the abstract, and three due to 

quality issues, so that 19 papers remained, which 

revealed several issues. One of these issues (ISS1) is the 

lack of intuitive analytical tools (Bono Rossello et al., 

2024; Fürstenau et al., 2021). The literature highlights 

that current solutions do not offer user-friendly 

interfaces that enable non-technical users to interpret 

and explore large datasets. Automated and efficient 

analysis tools also have a significant deficiency (ISS2). 

Tasks such as categorizing citizen contributions or 

filtering large volumes of responses remain 

predominantly manual, laborious, and time-consuming, 

which hampers scalability (Bhattarai et al., 2023; Hao et 

al., 2024). Furthermore, the capacity for real-time data 

assessment (ISS3) is absent (Huang et al., 2025; Ludzay 

& Leible, 2022). The literature emphasizes that timely 

evaluation of ongoing participation, such as early 

detection of misinformation or emerging themes, is 

crucial for adaptive and responsive processes. 

Figure 3. Applied Design Science Research 
Activities 
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Multilingual processing (ISS4) challenges these issues, 

as urban populations often speak multiple languages 

(Moats & Ganguly, 2025). There are also significant 

challenges related to the analysis of textual data, 

specifically in semantic search and understanding 

(ISS5). Conventional keyword searches prove 

inadequate when dealing with large datasets filled with 

indirect descriptions (Cai, 2021). The lack of automatic 

sentiment analysis (ISS6) further hampers 

understanding of public mood (Cranefield & Pries-Heje, 

2023). Additionally, the automatic categorization of 

textual contributions (ISS7) remains an unmet need 

(Borchers et al., 2024; Moats & Ganguly, 2025). 

Manual classification is inefficient and inconsistent, but 

LLM automation could enhance scalability and 

consistency. Recognizing key themes and patterns 

(ISS8) also remains challenging without automated 

summaries (Borchers et al., 2024; Graf-Drasch et al., 

2023; Hughes et al., 2023). This also applies to 

extracting meaningful insights from vast textual 

information (ISS9), which is hindered by the volume 

and complexity of citizen contributions (Becker et al., 

2022; De Vreede et al., 2021; Rehm et al., 2022). The 

issues of transparency and accountability (ISS10 and 

ISS11) are equally critical. The literature expresses 

concerns about the opacity, the so-called "black box" 

nature, of LLMs and other AI models, which 

complicates the validation and verification of results 

(Díaz-Rodríguez et al., 2023; Dwivedi et al., 2023; 

Huang et al., 2025). This lack of explainability 

diminishes trust, especially when the outcomes 

influence public or political decisions. Many urban 

experts worry that the inability to trace how models 

reach conclusions undermines legitimacy and hampers 

acceptance by political stakeholders and citizens 

(Mohammed et al., 2024). 

5. Objectives of a Solution 

For the formulation of the meta-requirements 

(MR), which are also based on the issues and derivation 

of design principles (DP), we conducted twelve expert 

interviews, as shown in Table 1, with an average 

experience (Exp.) of 11.3 years. The phrasing of the 

design principles was conducted according to Gregor et 

al. (2020), who define that these should include the 

recipient, context, aim, and a short rationale. ISS1 

highlights a deficiency in intuitive analysis tools, which 

necessitates MR1 to ensure natural interaction, enabling 

experts to communicate with the system using human 

language. This aims to mitigate usability barriers and 

promote an intuitive analysis (E1, E2, and E5). MR2 is 

formulated to ensure the IT artifact can consider past 

interactions to support a continuous conversational flow 

(E1, E2, and E5). Thus, MR3 explicitly states that the 

Figure 4. Overview of Issues (ISS), formulated Meta-requirements (MR), and derived Design Principles (DP) 
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artifact should enhance operational efficiency by 

reducing manual effort and streamlining workflows for 

urban experts, as based on ISS2, E2, E3, E4, E7, E8, and 

E11. ISS2 also supports MR4, which demands process 

integration in existing workflows (E1, E4, E6, E9, E10, 

and E11). Together, MR1 to MR4 lead to DP1: "The IT 

artifact should increase efficiency and enable 

integration in existing processes to support urban 

experts in analyzing participation data." 
 

No.  Exp. Role Type 

E1 18  Employee Company 

E2 7  Urban Planning Expert Company 

E3 4  Junior Data Analyst Company 

E4 17  Urban Planning Expert Public Service 

E5 21  Communication Expert Public Service 

E6 10  Urban Planning Expert Public Service 

E7 2  Participation Expert Company 

E8 18  Participation Expert Public Service 

E9 20  Participation Expert Company 

E10 4  Participation Expert Company 

E11 6  Developer Public Service 

E12 9  Urban Project Manager Public Service 
 

Table 1. Overview of Expert Interviews 
 

ISS3 highlights the absence of real-time data 

analysis capabilities, posing a significant obstacle to 

making timely decisions during participation. To 

address this challenge, MR5 is formulated to facilitate 

the evaluation of large textual datasets, providing urban 

experts with immediate insights (E1, E2, E3, E4, E5, E7, 

E10, E11, and E12). Furthermore, ISS4 points to the 

deficiency in processing multiple languages, which 

restricts the application of IT artifacts in diverse urban 

contexts. In response, MR6 specifies linguistic diversity 

(E3, E6, E9, and E10) and, together with MR5, leads to 

DP2: "The IT artifact should be able to extract 

knowledge from different languages in real-time to 

support urban experts in analyzing participant data." 

ISS5 highlights the lack of semantic searches, which is 

why we formulate MR7 to ensure that the IT artifact 

supports the automated processing of textual data (E1, 

E2, E9, E10, E11, and E12). Building on this, ISS6 

highlights the lack of automatic sentiment analysis. 

Therefore, MR8 emphasizes that the system should 

enable the evaluation of textual data based on sentiment 

(E2, E3, E4, and E11). ISS7 identifies the absence of 

automated categorization, supporting MR9 (E1, E2, E3, 

E7, E8, E9, E10, E11, and E12). ISS8 points to a 

deficiency in recognizing underlying topics within texts, 

which is essential for inductive topic recognition and 

clustering (MR10) to identify key content areas and 

conceptual groupings (E1, E2, E3, E7, E8, E9, E10, E11, 

and E12). ISS9 lacks insight recognition, uncovering 

latent connections and overarching narratives (MR11), 

and providing context-aware analysis (E1, E3, E5, E9, 

E10, and E11). In combination, MR7 to MR11 led to 

the derivation of DP3: "The IT artifact should be able to 

understand textual data and its semantics regarding 

various requests to enable the extraction of different 

topics, recognizing clusters and insights with and 

without their sentiment to support urban experts in 

analyzing participation data." MR12 development is 

directly informed by ISS10 and ISS11, which identify 

critical shortcomings related to transparency and 

accountability. ISS10 highlights the lack of clear 

information regarding the origins of data and analytical 

outputs. Similarly, MR12 is formulated based on all 

experts’ opinions, except E3 and E9, to ensure that the 

IT artifact provides clear sources of information for all 

data and analyses. This requirement mandates that the 

system explicitly indicate where data originates, leading 

to DP4. 

6. Design and Development 

The web prototype was developed using Python, 

employing the Flask web framework to facilitate its 

deployment as a web application. The front-end 

leverages web technologies including HTML, 

JavaScript, and CSS. The design of the prototype is 

based on the design principles (cf. Section 5) and the 

RAG architecture (cf. Section 2.2), utilizing OpenAI's 

GPT-4 model as its foundation. We chose that model 

because it is already quite capable and can understand 

text on a high level. Thus, the explicit knowledge corpus 

can be free from semantic limitations that a less capable 

model would have, negatively affecting the usage 

experience. The prototype considers DP1, opting for an 

intuitive design and chatbot solution, recognizing that 

this could also be integrated into existing solutions, 

which we do not have access to. The interactions with 

data are ensured, as the user can upload one or more 

datasets, such as Excel, CSV, or txt files. Using RAG 

ensures real-time evaluation, which, depending on the 

amount of data, can still require a few seconds (DP2). 

Two chat modes are revealed. Completions API and 

Assistant API (cf. Figure 5, top left). The first supports 

the interaction in which text is uploaded and analyzed 

based on submitted requests, enabling semantic 

searches and more general interaction (DP3). The 

Assistant API enables specific tasks and is based on an 

explicit knowledge corpus to support classification, 

clustering, and sentiment requests (DP3). For both 

approaches, we also extend the prompt with a role 

description for the model to ensure that it behaves in a 

professional, objective, and understandable way. 

Accordingly, the role description, selected parts of the 

knowledge corpus, and the uploaded data are processed 

for each prompt to obtain a comprehensible and accurate 

response (cf. Figure 5). This also considers DP4 as the 

role description, which strongly emphasizes the 
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transparency of the statements by communicating 

examples, the file names, and the lines on which they 

are based. In cases where queries lead to highly explicit 

information, this can be implemented in a technically 

convincing manner. However, this is more difficult for 

requests that lead to summaries because the sources are 

more semantic and extensive, which can aggravate 

transparency, unless reduced to specific parts of citizens' 

data. 

7. Demonstration and Evaluation 

For the prototype's demonstration and evaluation, 

we hosted it on a web server, allowing external experts 

to inspect and explore it. To receive feedback, we 

recruited urban experts, data analysts, and architects 

from the Prolific crowdsourcing platform and 

compensated them for their participation.  

 
Figure 6. Evaluation Procedure 

 

The demonstration and evaluation were two-fold. 

All participants received a weblink, a description of a 

task, and two example data sets from past citizen 

participation from a larger city, which they should use 

to achieve and explore the prototype and its function 

(Venable et al., 2016). All participants had 15 minutes 

for that. In the second part, all participants completed a 

survey that required an additional 15 minutes. The 

questionnaire included statements that participants had 

to answer according to a 6-point Likert scale (Hartley, 

2014) and an open-ended question, where they were 

asked to describe their experience and provide feedback 

on the prototype. We acquired 47 participants from 

Prolific, who successfully explored and answered all 

questions. We excluded five, as they failed the attention 

checks that were part of the questionnaire (n = 42). The 

data analysis was conducted by paraphrasing similar 

textual statements regarding the design principles 

(Mayring & Fenzl, 2019). 

8. Findings 

All participants (n = 42) rated their expertise in 

citizen participation, urban planning, data analysis, and 

AI using a 6-point Likert scale, ranging from 1 (lowest) 

to 6 (highest). The average (AV) expertise score for 

citizen participation is 4.02 with a standard deviation 

(SD) of 1.62, 3.90 for urban planning (SD = 1.69), 4.79 

for data analysis (SD = 1.35), and 5.05 for AI (SD = 

1.15). The above-average values indicate that 

participants generally considered themselves 

knowledgeable, particularly in AI, which supports the 

credibility of the subsequent findings. Regarding DP1, 

the answers show that the prototype was perceived as 

very efficient overall. The tool was rated as timesaving 

compared to traditional citizen contribution analysis 

Figure 5. Overview of the Prototype and its Functions 
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methods (AV = 4.90, SD = 1.39). Its learning curve was 

seen as moderate (AV = 4.55, SD = 1.52), though with 

relatively high variance. Integration into existing 

workflows (AV = 4.71, SD = 1.11) was approved 

positively, even if it was evaluated as a standalone 

prototype. Overall, these results indicate high practical 

usability for participation experts and urban planners. 

The idea of combining automated analysis speed with 

human interpretation to enhance overall workflow 

received strong agreement (AV = 5.10, SD = 1.14). The 

application's assistance was also rated positively (AV = 

4.62, SD = 1.15). Regarding whether the application 

caused additional work, confusion, or errors, it received 

a moderate rating (AV = 4.05, SD = 1.65), indicating 

that while some disruptions occurred, they were 

relatively limited overall, approving DP1. DP2 was only 

noticed to a limited extent and was quickly taken for 

granted, as translations are widely known and a common 

functionality of LLMs. With the implementation and 

evaluation, the technical feasibility was proven, as the 

sample data also included a small number of other 

languages. However, no expert explicitly highlights this 

demand or complains about it. 
 

 
Figure 7. Fulfillment of the functional Requirements 

(A) and Accuracy of the generated Insights (B) 
 

Regarding DP3, the prototype’s ability to fulfill the 

functional requirements for evaluating citizen 

contributions was rated quite positively (AV = 4.76, SD 

= 1.25), as shown in Figure 7. Additionally, the AI’s 

responses to the queries received favorable evaluations 

in terms of summaries, insights, and overall content (AV 

= 5.10, SD = 1.21). The coherence and structure of these 

responses were also viewed positively (AV = 4.86, SD 

= 1.20), indicating that the system provides well-

organized and plausible outputs that support meaningful 

analysis (cf. Figure 7). The final design principle, DP4, 

focuses on providing sources and explanations to ensure 

trustworthy and explainable insights. Correspondingly, 

participants agreed that the concept of "Talking to 

Data,” implemented with RAG, is very useful for 

understanding large datasets (AV = 5.02, SD = 1.14). 

Additionally, participants rated their trust in the 

accuracy of the AI’s answers as moderately high (AV = 

4.64, SD = 1.16). They also found that the application 

provided a reasonable level of transparency in how 

outputs were generated, such as explaining conclusions 

or showing the analysis process (AV = 4.43, SD = 1.30). 

Nevertheless, just over half of the participants (57%) did 

not ask the RAG any questions specifically about the 

origin of its responses. Regarding potential 

improvements, three participants wanted faster 

responses from the RAG, while four emphasized the 

desire for more personalized responses. Overall, the 

desire for a better user interface and usability was 

mentioned 19 times, indicating a need for improvement. 

About 98% of participants agreed that human-AI 

collaboration brings more benefits than drawbacks. The 

statement that the application improves collaboration 

between citizen participation experts and urban planners 

was also rated positively on average (AV = 4.90, SD = 

1.21). Participants also expressed confidence in the 

application's potential for real-world integration (AV = 

5.05, SD = 0.94). 

9. Discussion 

To answer the RQ, "How should LLM-based IT 

artifacts be designed to support urban experts' analysis 

of participation data?" we identified 11 issues, 

formulated twelve meta-requirements, and derived four 

design principles. Our findings highlight the approval of 

the design principles and the implemented prototype. 

The implemented prototype is supportive and can also 

be integrated into existing processes, as many experts 

currently evaluate data manually using Excel and do not 

utilize existing tools, as the expert interviews at the 

beginning revealed (DP1). Besides that, three experts 

stated that faster AI responses are required, as well as 

increased usability. DP2 is feasible and was appreciated, 

as supported by the literature (Cai, 2021). DP3 specifies 

the functions of the prototype and was approved. 

However, the implementation was also criticized as 

experts expressed a desire to individualize responses 

further, not just based on the explicit knowledge base 

but also on personal preferences. In addition, experts 

suggested the possibility of giving and collecting 

feedback to further adjust and personalize the RAG, 

enabling it to act as a personal agent (Fu et al., 2023). 

Both lead to the following new design principles. 
  

DP5: The IT artifact should offer settings to urban 

experts, allowing them to individualize 

responses and terminology to increase 

interaction and usage explicitly. 

DP6:  The IT artifact should provide feedback 

options for urban experts to collect behavioral 
data, supporting the development of 

personalized assistance agents. 
  

Experts also approved DP4, but the ideas of how to 

reach transparency differ, as pure textual descriptions of 

data sources are limited, which is why visual 

representations should be examined. In summary, the 

prototype achieved good results, as reflected in general 
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satisfaction, evaluated quality and performance, as well 

as usability and interaction design. Additionally, we 

want to emphasize that 83% of participants preferred 

collaboration with AI over fully automated analysis, as 

indicated by a very high level of agreement among 

participants that AI will play a central role in data-

intensive tasks in the future (AV = 5.64, SD = 0.58). The 

strong consensus, reflected in both the high mean and 

the low standard deviation, underscores a consistently 

high perception of AI's potential. 
 

 
Figure 8. Positioning the Design Principles in the 

Citizen Design Science Model 
 

We also want to elaborate on our results regarding 

the citizen design science model (cf. section 2.1). The 

six design principles are arranged as shown in Figure 8. 

While DP2 and DP3 focus on analyzing data from 

citizen design, DP4 to DP6 specify the interaction 

between RAG and urban experts, as well as how 

information can be queried, read, and utilized to extract 

design for urban projects as part of the model. Rules 

from design science can be considered, as the interaction 

with the RAG is up to the experts (Mueller et al., 2017), 

and operationalizing these rules is only necessary for 

automating the evaluation, which the experts have 

spoken out against. With the derived principles and 

implemented prototypes, we contribute to theory and 

practice. While the prototype can serve as an explicit 

orientation for practitioners, including the meta-

requirements and issues, the design principles extend 

the knowledge bases and shift the urban informatics 

literature in the direction of individualized LLMs, e.g., 

RAG and personal agents (Cai, 2021). The arrangement 

of design principles in the context of citizen design 

science extends their applicability and enhances 

operational usage and framework development. 

However, our findings have some limitations. In DP1, it 

remains unclear to what degree efficiency is increasing, 

which would require comparative studies. These should 

be considered as an outlook to quantify this in 

percentage terms in the context of governmental 

activities, as well as companies and business models that 

offer data analysis as a service. Additionally, DP5 and 

DP6 should be further investigated in the context of the 

human-in-the-loop model and participation processes 

(Wiethof & Bittner, 2022). Moreover, both could also 

aggravate DP4 as the RAG responses are becoming 

increasingly difficult to compare when they are 

individualized, which should be considered in the 

second DSR cycle. 

10. Conclusion 

In this paper, we presented the first cycle of our 

DSR project, exploring the development of LLM-based 

IT artifacts by following the RAG architecture to 

support urban experts in analyzing citizen participation 

data. This is necessary due to the increasing complexity 

and volume of citizen contributions that challenge 

manual analysis. Following the DSR methodology 

outlined by Peffers et al. (2007), we systematically 

identified eleven key issues through a structured 

literature review and expert interviews, formulated 

twelve meta-requirements, and derived four initial 

design principles. These were instantiated in the 

development of a web-prototype, enabling intuitive, 

real-time, multilingual, and semantically rich data 

analysis (Shi et al., 2024). The prototype was evaluated 

in a two-step process by 42 experts in urban planning, 

AI, and data analysis, whose feedback validated the 

fulfillment of the core design principles, particularly 

regarding efficiency, usability, and AI-based functions. 

Based on their inputs, two additional design principles 

regarding individualization and feedback mechanisms 

were derived. Our findings extend both theory and 

practice in the fields of urban informatics, citizen design 

science, and AI-driven participatory platforms 

(Borchers et al., 2024). The proposed design principles 

not only provide orientation for practitioners developing 

similar tools but also contribute to the theoretical 

foundation of AI in citizen participation (Cai, 2021). At 

the same time, the results highlight ongoing challenges 

such as measuring efficiency gains quantitatively, 

advancing individualization without compromising 

transparency, and integrating human feedback 

(Romberg & Escher, 2023). Looking ahead, future 

research should include comparative efficiency studies, 

further investigation into personalization and 

explainability trade-offs, and the operationalization of 

human-in-the-loop models for participatory processes. 

With this and the findings presented in this paper, an 

important step toward enabling more effective, efficient, 

and transparent data analysis through citizen 

participation is possible. 
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