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Abstract. Open data is widely recognized for its potential positive impact on
society and economy. However, many open data sets remain underutilized because
users, such as civil servants and citizens, lack the necessary technical and analyt-
ical skills. Additionally, existing open data portals often fall short of providing
user-friendly access to data. Although conversational agents equipped with Large
Language Models have emerged as a promising solution to address these chal-
lenges, it is unclear how to design Large Language Model based open data assis-
tants that allow users to formulate their information needs in natural language and
ultimately use open data effectively. To address this gap, we undertake a Design
Science Research project guided by the theory of effective use. In this first cycle
of the project, we present meta-requirements and propose initial design principles
on how to design a Large Language Model based open data assistant for effective
use. Subsequently, we instantiate our principles in a prototype and evaluate it in a
focus group with experts from a medium-sized German city. Our results contribute
design knowledge in the form of design principles for open data assistants and
inform future design cycles of our Design Science Research project.
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1 Introduction

“Everyone has the right to [...] seek, receive and impart information” [34, Art. 19]. Free-
dom of information is recognized as a fundamental right in democratic states. Therefore,
legislative frameworks have been established in many countries to speed up the opening
of data to the general public, e.g. in the EU [8] or the US [25]. These open data initiatives
are motivated by the objective of increasing openness and transparency, enabling par-
ticipation in the democratic process, and thus strengthening democracy [22]. Beyond its
positive impact on society, open data can also benefit the economy by laying the foun-
dation for innovative digital services and the development of new business models [29].
The European Commission estimates that open data could boost the European economy
by €40 billion annually [7].
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Open data is typically published on open data portals on different levels, e.g. on the
level of cities, municipalities, states, or state unions such as the EU [22]. As an example,
the open data portal of the EU contains over 1,600,000 data sets [9]. Yet, open data is not
limited to government data but includes all data “that can be used, studied, and modified
without restriction” [24, p. 1]. In order to leverage the potential of open data, it must
also be used. Open data usage refers to “the activity that a person or an organization
conducts to view, understand, analyze, visualize or in other ways use a dataset that has
been provided to the public” [44, p. 429].

Although the benefits of open data are widely acknowledged, various challenges
impede users from using and leveraging its potential [1, 5, 26, 43]. First, the user base
of open data portals is diverse, encompassing citizens, journalists, activists, researchers,
employees of private companies, and civil servants [32]. This diversity results in a wide
range of skill sets and domain knowledge among users. Thus, many users lack the tech-
nical and analytical skills or the domain knowledge required to effectively utilize open
data portals [38]. Second, amplifying these issues, open data portals often have complex
user interfaces with challenging navigation structures and inadequate search capabili-
ties, hindering the identification of relevant datasets [26]. Consequently, many datasets
available on open data portals remain unused by the public [27]. Nevertheless, there is a
demand for public information captured by open data. Public offices increasingly receive
requests for public information leading civil servants to retrieve relevant open data [11].
However, this creates additional workload and leads to a bottleneck. For example, Frag-
DenStaat, a German website facilitating citizens’ requests for public information, reports
an average response time of 43 days for these requests [10].

Amidst these challenges, conversational agents (CAs) emerge as a potential solution
providing accessible interfaces through natural language [23]. According to the theory
of effective use [3], transparent interaction is a key dimension for effectively using
Information Systems (IS). Indeed, Ruoff et al. [30] demonstrate that conversational
interfaces can significantly enhance the effective use of IS, particularly in the context of
dashboards, by achieving heightened levels of transparent interaction. Moreover, Burton-
Jones and Grange [3] identify representational fidelity, and informed action as additional
dimensions influencing the efficiency and effectiveness of IS usage.

In addition, prototypes of “open data assistants” have been introduced in literature
to facilitate access and utilization of open data [13, 18, 37]. The ascent of Large Lan-
guage Models (LLMs) has further expanded possibilities, as their extensive capabilities
in natural language comprehension can be leveraged to create powerful CAs [39]. Recent
literature has showcased the potential of LLLMs for reasoning and solving complex tasks
through self-generated chain-of-thought [40]. Additionally, attention has been given to
enhancing LLMs’ capabilities for answering domain-specific questions by utilizing var-
ious external knowledge sources [21]. This effort extends to structured data through
the generation and execution of SQL queries [16, 28]. These advancements demon-
strate promise for the development of open data assistants that not only assist users in
understanding the data but also provide insight into how answers to their questions are
generated. However, there is limited research on the application of LLM-powered CAs
for open data. This raises the following research question: How to design an LLM-based
open data assistant for effective use?
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To address this question, our research follows the Design Science Research (DSR)
paradigm proposed by Hevner et al. [12]. DSR aims to solve a real-world problem by
suggesting an innovative solution. We conduct our DSR project in a real-world envi-
ronment in cooperation with a medium-sized German city that already runs an Open
Data portal and is faced with the challenges introduced above. Thus, from a stakeholder
perspective we include both civil servants and citizens. This paper encompasses the first
design cycle of our larger DSR project. Our research is grounded in the theory of effec-
tive use (TEU) as kernel theory [3]. Guided by interviews, focus groups, and a review of
existing literature on the barriers of open data, we identify several meta-requirements for
an LLM-based open data assistant. In response to these requirements, we formulate three
initial design principles to guide the implementation of our artifact. The artifact, along
with its underlying design principles, undergoes evaluation in a focus group comprising
civil servants from our partner city. Through this, we successfully demonstrate how an
LLM-based open data assistant can support the utilization of open data portals by users
with varying technical and analytical skills. This contribution extends design knowledge
in the form of design principles for open data assistants, providing actionable guidance
for the creation of such assistants and offering valuable insights for future design cycles.

2 Foundations and Related Work

2.1 Conversational Agents and Large Language Models

Conversational User Interfaces (CUIs) enable users to interact with IS in written or
spoken natural language [23]. “Conversational” refers to all types of spoken interaction
supporting the use of spontaneous language and often displaying human-like charac-
teristics [23]. Research on CUIs has a long history with ELIZA being the first chatbot
developed in the 1960s [41]. Since then there has been a large interest in research on
CUIs in the form of chatbots and CAs in different contexts [6]. Recent literature has
investigated the influence of CAs on effective use in the context of dashboards showing
that CAs can complement traditional graphical user interfaces [30].

Large Language Models (LLMs) have rapidly reshaped the landscape of natural lan-
guage processing (NLP) and CAs [39]. The self-attention mechanism of the underlying
transformer architecture enables the models to capture and understand the relationship
between different words of an input sequence [35]. ChatGPT made LLMs available to
the general public and became the fastest growing consumer application in history [14].
Since then, LLMs have shown remarkable capabilities in code generation tasks, such
as generating SQL queries, showcasing their versatility beyond conventional language
understanding [28].

To address challenges like hallucinations, research has extended LLM functional-
ity with Retrieval-Augmented Generation (RAG) integrating the models with external
knowledge sources and enabling them to answer domain-specific questions [21]. Addi-
tionally, the explicit prompting of chain-of-thought has emerged as a strategy to guide
LLMs in solving complex tasks [40]. These developments have facilitated the imple-
mentation of LLM-powered agents with extensive capabilities consisting of a reasoning
engine and access to different external tools and knowledge bases [17, 42].
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2.2 Theory of Effective Use

To achieve maximum benefits from IS, they need to be used effectively [3]. Burton-Jones
and Grange define effective use as “using a system in a way that helps attain the goals for
using the system” [3, p. 633]. They define a hierarchy of three dimensions that influence
the effective and efficient use of IS: (1) transparent interaction, (2) representational
fidelity, and (3) informed action [3]. Each dimension is a requirement for the higher-
level dimension. A user needs to be able to transparently interact with an IS to obtain a
faithful representation of the underlying domain (representational fidelity) in order to be
able to take an informed action [3]. Transparent interaction is defined as “accessing the
system’s representations unimpeded by its surface and physical structures” [3, p. 642].
The surface structure refers to the user interface of the IS and the physical structure
to devices in the physical world that are used to interact with the IS (e.g. mouse and
keyboard).

Burton-Jones and Grange state two major types of actions to improve effective use:
adaption and learning. Adaption is “any action a user takes to improve (1) a system’s
representation of the domain of interest; or (2) his or her access to them” [3, p. 644].
They further define learning actions as “any action a user takes to learn (1) the system
(its representations, or its surface or physical structure); (2) the domain it represents; (3)
the extent to which it faithfully represents the domain (i.e., its fidelity); or (4) how to
leverage representations obtained from the system” [3, p. 644].

2.3 Related Work

Several conversational assistants for open data have been proposed in the literature,
including for the city of Aragon [13], Austria [18], and Shanghai [37]. However, del
Hoyo-Alonso et al. [13] conclude that traditional intent-based CAs can assist users
interacting with open data, but require extensive implementation effort to satisfy all
possible user questions. They suggest extending the capabilities of open data assistants
with LLMs. Yet, they also raise concerns regarding the generation of hallucinations by
these models and stress the need to ensure the validity of the information provided to the
user [13]. In addition, initial practical solutions are also offered: ZurichGPT, an LLM-
based agent for exploring open data of the city of Zurich, was published recently [4].
They focus on providing the sources of retrieved information with the generated answer.
However, they also explicitly state that users should always check information on the
official website of the city [4].

Nevertheless, current research rapidly develops the capabilities of LLMs further. The
explicit prompting of chain-of-thought [40] and provisioning of external knowledge [21]
enables the development of LLM-powered agents with extensive problem-solving capa-
bilities [17, 42]. These could answer questions more reliably and even answer questions
regarding complex tasks. For example, Bran et al. developed a chemistry agent by aug-
menting an LLM with chemistry tools enabling it to automate several chemistry-related
tasks [2]. However, limited research exists on theory-guided design for LLM-based
agents. Additionally, the works on open data assistants we found either excluded users
from their evaluation or the assistants lacked LLM capabilities. We therefore argue that
there is limited knowledge of what design principles should guide the development of
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LLM-based agents. We address this gap using a DSR approach to design and evaluate
an LLM-based open data assistant for effective use in a real-world environment.

3 Methodology

Our research is guided by the DSR paradigm [12] and follows the DSR method described
by Kuechler and Vaishnavi [19]. This paper encompasses the first design cycle of our
DSR project. To understand the challenges faced with open data we undertook an ini-
tial literature review, conducted two focus groups with citizens, and interviewed civil
servants responsible for the open data portals of five different German cities. Based on
the identified issues related to the use of open data we derived meta-requirements and
proposed three design principles. Our research is grounded in the TEU as the kernel the-
ory [3]. To complement this, we draw prescriptive knowledge from existing literature.
Specifically, Ruoff et al. [30] propose the adaption of dashboards with conversational
interfaces achieving higher levels of transparent interaction leading to enhanced effi-
ciency and effectiveness. Furthermore, we rely on existing knowledge on the creation
of LLM-based agents [17, 42] and providing them with access to external knowledge
sources [21]. We instantiated our design principles in a prototype, an LLM-based open
data assistant, and equipped it with access to open data from our partner city. The city
is a medium-sized city in the south of Germany. It inhabits around 250.000 people
and employs over 4.000 people in its city administration. Furthermore, in 2020 the city
started a large smart city project sponsored by the German Federal Ministry for Housing,
Urban Development and Building. This showcases its commitment to innovation and
technological advancements, making it a promising candidate for collaboration on our
DSR project.

Venable et al. [36] suggest multiple formative and summative evaluation episodes
for DSR. In our first cycle, we undertook a formative and qualitative evaluation to
evaluate our artifact. This evaluation occurred within an expert focus group comprised
of eight civil servants (ranging from 28 to 57 years old, with 2 females and 6 males). The
participants are all stakeholders in the open data portal of the city with diverse technical
skills and domain knowledge. They serve various roles, either as active users of the
portal or as contributors to its development and content.

Moving forward, our research plan includes another design cycle informed by the
insights gained from the initial evaluation. This iterative process aims to refine both the
design principles and the implemented artifact. In the subsequent evaluation, we intend
to conduct a summative quantitative evaluation episode to shed light on the impact of
our refined design principles on the effective use of our open data assistant.

4 Designing the LLM-Based Open Data Assistant

4.1 Awareness of Problem

In the upcoming section, we will address the issues identified in existing literature on
open data usage, as well as insights obtained from our focus groups with citizens and
interviews with civil servants. Our approach involves aligning the findings from literature
with the statements gathered during the focus groups and interviews. Subsequently, we
derive three meta-requirements informed by our kernel theory TEU (see Sect. 2.2).
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First of all, open data portals serve various users with a wide range of different
skill sets [32]. Many lack the technical and analytical skills or the domain knowledge
to effectively use open data [38]. Furthermore, open data portals often come with poor
usability and do not “take the user’s perspective into account” [15, p. 256]. The par-
ticipants of our focus groups criticized the insufficient search capabilities of open data
portals and struggled to identify “what data is available and where to find it”. This issue
is reinforced by the large amount of heterogeneous open data initiatives and portals
available [1]. Additionally, open data portals often contain raw data and information
is fragmented across different files [43]. The participants found that “downloading and
analyzing CSV files is not feasible” for them. Even though some data was presented
with visualizations and reports, finding relevant information was still challenging for
the participants due to multiple layers of menus and sub-menus. Lastly, poor (meta-)
data quality further impedes users trying to find relevant information [31]. The partici-
pants of our focus group complained about the “confusing and inconsistent labeling of
data” that makes the identification of relevant information unnecessarily difficult. Our
findings were confirmed through the conducted interviews. According to insights gath-
ered from civil servants, open data portals primarily serve as a resource for city internal
sources. Despite the availability of visualizations and reporting tools on numerous open
data portals, these features often go underutilized due to their perceived complexity.
Consequently, many users, encompassing citizens, researchers, and journalists, prefer
to directly request information from the respective departments within the city.

To derive meta-requirements (MRs) for a system solving these identified issues we
draw existing knowledge from the theory of effective use (TEU) [3]. To effectively use
an IS, the user must have unimpeded access to the system’s representations [3]. We
showed that users of open portals often struggle to identify relevant data and extract
information thus not being able to interact transparently with the system. One approach
to improve the transparent interaction is to adapt the system’s surface structure (e.g. its
user interface) [3]. Natural language can be used to interact more naturally with open
data portals independent of the user’s skills and the interface of the portal [30]. Therefore,
we propose our first MR:

MR1: The system should allow users to ask questions about and interact with open data
using natural language to help them achieve higher levels of transparent interaction.

The second level in the hierarchy of TEU is representational fidelity, the extent to
which a user can obtain a faithful representation of the underlying domain by the system
[3]. Learning the fidelity of the system’s representation is one way to improve this.
Enabling the user to comprehend how the system concludes its answer enables them to
recognize if the system faithfully represents the underlying domain, e.g. gives a correct
answer. Therefore, when obtaining an answer from the system based on open data, being
presented with the steps of how the system came up with this answer helps the user to
achieve higher levels of representational fidelity. We propose our second MR:

MR2: The system should augment its responses with information about its internal
reasoning process to help users achieve higher levels of representational fidelity.

The final dimension of TEU is the informed action the user performs based on the
information obtained through the system’s representations [3]. Users accessing open data
usually have some information needs they want to satisfy. This information is then used
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to make data-driven decisions, may it be in their private or professional life. Providing
false information would hinder the user from taking such an informed action. Therefore,
we propose our third MR as follows:

MR3: The system should avoid provisioning responses that contain false or fabricated
information in order to enable users to take informed action.

4.2 Suggestion

To address these MRs we formulate three initial DPs. We draw from existing prescriptive
knowledge regarding the design of CAs for effective use and LLM-based agents. To
enable the user to use natural language when interacting with the assistant (MR 1) requires
aCA [30]. Serving a large number of different requests by users not knowing the domain-
specific terminology the CA should have extensive language comprehension capabilities.
Del Hoyo-Alonso et al. [13] therefore suggest providing the assistant with an LLM-
powered agent. Thus, to address our first MR we formulate our first DP:

DP1: Provide the open data assistant with an LLM-based agent to increase its language
comprehension and generation capabilities.

Enabling the user to understand the internal reasoning process of the assistant is
supposed to achieve higher levels of representational fidelity (MR2). LLM-powered
agents generate a sequence of actions. Based on the observation resulting from the
previous action the agent decides which action to take next until it solves their task. This
sequence of actions is often called chain-of-thought [40]. Providing the user with this
chain-of-thought could enable them to understand the agent’s reasoning process. We
therefore address our second MR by formulating the following DP:

DP2: Enable the open data assistant to present the chain-of-thought the conversational
agent generates to increase transparency of the system for the user. To reduce halluci-
nations and provisioning of false answers (MR3) by LLMs, RAG proved as a viable
strategy [21]. Providing the LLM-based agent with access to data available on the open
data portal and explicitly prompting it to base its answer on this data achieves this.
Therefore, we formulate our last DP:

DP3: Provide the open data assistant with the capabilities to access available open data
and restrict it to only use this data for generating responses.

4.3 Development

As the next step of our design process, we instantiated the design principles in a prototype
to evaluate the proposed design. We developed an LLM-based open data assistant using
two high-level Python frameworks: Langchain [20] for the implementation of the LLM
agent and Streamlit [33] for the web-based interface of the application. As LLM we
relied on the OpenAl API using the GPT-3.5 Turbo foundational model. Figure 1 shows
the architecture of our prototype system.

The prototype offers a CA that enables the user to chat with the open data assistant
through natural language (DP1). The users’ input is forwarded to the Langchain agent
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Fig. 1. Overview of the schematic architecture of our prototypical implementation

running in the back. We followed the ReAct approach [42] for the design of the agent.
It is equipped with access to an SQL database comprising 42 diverse datasets sourced
from the open data portal of our partner city (DP3). Four different tools enable the agent
to interact with the database: (1) retrieving the five most relevant datasets for the users’
input, (2) querying the SQL schema for a specific dataset, (3) assessing the syntactical
and semantic correctness of a provided SQL query, and (4) executing a SQL query and
retrieving the resulting data. Upon receiving user input, the agent dynamically selects
the appropriate tool and input. Subsequently, based on the observed response from the
chosen tool, the agent determines whether to provide an answer directly or invoke another
tool. This chain-of-thought (tool, input, and observation) is transparently displayed in
the Streamlit UI throughout the interaction (DP2). Upon completion of the sequence of
actions, the Ul provides a comprehensive display of executed SQL queries and relevant
tables employed during the process. This ensures transparency and traceability of the
agent’s decision-making process. Figure 2 shows the web-based Streamlit UI with an
exemplary user question.

FR.ITZ Open Data Assistant

Welcome to the FR.ITZ open data assistant! The chat assistas

Current Query

Current Dataset

Fig. 2. Screenshot of the prototypical implementation of our LLM-based open data assistant
answering an exemplary user question

The UI features a chat window that provides a brief description of the open data
assistant. Upon sending a message, the agent’s reasoning process is revealed on the left,
showcasing the chain of thought. Further details about specific actions can be accessed
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by expanding the individual thoughts, revealing natural language descriptions and the
observed return values. When data is queried from the knowledge base, both the query
and results are presented below. The complete dataset is also visible, with an option for
the user to expand the table view for more in-depth examination.

5 Evaluation

5.1 Method

In collaboration with eight experts from our partner city, we organized a focus group to
evaluate our prototype and conduct a SWOT analysis. The expert group comprised indi-
viduals from various departments, namely (1) two IT department employees responsible
for developing the city’s open data portal, (2) two employees from different specialized
city administration departments, and (3) four employees from the statistics department,
tasked with providing reports and addressing data-specific inquiries from both internal
city departments and external requests. These participants, being stakeholders of the
open data portal, represent diverse perspectives and skill levels.

Our primary objective was to gather feedback from both technical and nontechni-
cal users of the open data portal. The IT department, characterized by high technical
proficiency, primarily focuses on data provisioning through the portal. Contrarily, the
specialized departments represent the data consumer side, possessing significant domain
knowledge but limited technical and analytical capabilities. Acting as intermediaries, the
statistics department combines technical and analytical skills with domain knowledge,
preparing reports, data, and responses for various city administration departments and
external entities, including citizens, journalists, and researchers.

Following a brief introduction, we presented our prototype to the experts, showcasing
examples and explaining distinct design features. Subsequently, each expert accessed
the system from their respective devices, enabling them to explore the prototype. We
then gathered feedback in a discussion to understand their opinions on the prototype. To
further analyze the gathered insights, we conducted a SWOT analysis wherein the par-
ticipants documented their comments, later categorized into the SWOT dimensions. In
the next section, we will discuss the results of this evaluation, highlighting the identified
strengths, weaknesses, opportunities, and threats.

5.2 Results

The results of our focus group evaluation indicate an overall positive reception of our
prototype. The participants acknowledged the usefulness and utility of the system for
both the internal use of the city’s civil servants and citizens. However, there are still
some issues where data is misinterpreted by the open data assistant. Nevertheless, the
experts in our focus group praised our approach and gave valuable feedback on further
improvements.

Strengths. The experts liked the robust natural language understanding of the pro-
totype. The system demonstrated a capacity to accurately comprehend and interpret
queries, even when questions were imprecise or contained erroneous terminology. One



Designing an LLM-Based Open Data Assistant for Effective Use

participant emphasized this point, stating, “knowing the exact keyword that is used for
the relevant dataset is typically necessary for finding specific data”, but not with our
system. The system’s capability to allow users to articulate their information needs in
natural language was highlighted, particularly for non-technical users. A participant
noted that many of their colleagues are unaccustomed to handling data and found that
“formulating a question in natural language eases the access to the data.” Furthermore,
commendation was given to the system’s rapid accessibility of information. A participant
remarked that under normal circumstances, it would take several minutes to locate the
correct dataset and subsequently analyze the data for the required information. However,
they identified our system “as definitely the fastest way to extract information.” Lastly,
participants expressed appreciation for the transparent display of the chain-of-thought.
This feature was acknowledged for aiding the understanding of the data utilized in gen-
erating responses, making it simple to determine the correctness of dataset usage and
the accuracy of data queries.

Weaknesses. Despite the notable strengths observed in our system, the expert identi-
fied several weaknesses, particularly in the prototype’s occasional misinterpretation of
data. Instances were noted where the agent erroneously presented values from incor-
rect columns or aggregated columns when such computation was unnecessary. Conse-
quently, these misinterpretations led to incorrect answers, posing a potential challenge
to the system’s reliability. While displaying the chain-of-thought enables users to ver-
ify the relevance of queried data the participants expressed their concerns. Firstly, they
highlighted the practicality issue, as most users may not undertake the time-consuming
task of double-checking every response. Moreover, participants expressed worries about
the potential harm to the assistant’s credibility and the decline in user trust. One par-
ticipant emphasized the current perception of the system as more of an “expert tool,”
primarily due to the display of executed SQL queries and data tables. Despite acknowl-
edging the transparency inherent in this design principle, participants desired a more
direct approach to displaying the chain-of-thought. A suggestion was made to “sup-
ply the relevant actions for retrieving the information directly with the answer through
natural language,” enhancing the user’s understanding of the system’s decision-making
process. Furthermore, experts articulated the need for additional information about the
data. For instance, inquiring about the number of employees might not encompass civil
servants, self-employed individuals, and marginal employees in the count of socially
insured people. Supplying such context was considered essential to assist users in verify-
ing agent’s responses, particularly for users lacking domain-specific knowledge. Lastly,
concerns were raised regarding the sustainability of utilizing OpenAl’s language model,
encompassing environmental impact, future operational costs, and the security of users’
data.

Opportunities. Amidst these identified weaknesses, experts highlighted valuable
opportunities to enhance the prototype. First and foremost, they recommended incor-
porating a broader range of open data sources from the city into the assistant. One
participant suggested, “Enriching the answers with background information and meta-
data” as a means to mitigate data misinterpretation by both the agent and the user,
consequently reducing the potential for misinformation. Another proposed enhance-
ment involves the inclusion of existing analyses and reports conducted by civil servants.
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This addition could not only improve the agent’s overall performance but also contribute
to decreased query times, particularly when data is already preprocessed and evaluated.
Furthermore, experts advised simplifying the technical aspects of the explanation of the
chain-of-thought. This is seen as a means to enhance system accessibility, particularly
for non-technical users, thereby making the system accessible to a broader audience.
The final suggestion put forth was exploring on-premise open-source LLLMs as a poten-
tial alternative to the OpenAl models. While this could reduce dependence on OpenAl,
it could also decrease system performance. These opportunities present avenues for
refining the prototype and addressing its identified shortcomings.

Threats. The experts also named their concerns about potential threats to our system.
The primary concern expressed by the participants centered around the system providing
inaccurate answers. One participant emphasized the difficulty in detecting misinterpre-
tations of data by the system, noting that “supplying incomplete or false information
could be very harmful to users.” Consequently, the participants agreed that it is crucial
to prioritize the evaluation of erroneous results in the future to prevent the spread of
false information. In addition to this, participants recommended enabling users to more
easily detect false answers by simplifying the presentation of reasoning steps and under-
lying data. This approach is seen as essential in enhancing the system’s transparency and
facilitating user verification of responses. Furthermore, the dependence on OpenAl, pre-
viously identified as a weakness, was acknowledged as a potential threat. Concerns were
raised about the variability in model performance and the associated costs of maintaining
the service, which could pose obstacles to the sustained effectiveness of our system.

6 Discussion and Conclusion

This paper presents the first design cycle of our Design Science Research project, dedi-
cated to the design of a Large Language Model based open data assistant for effective use.
Based on interviews, focus groups, and a literature review we derived meta-requirements
and subsequently proposed three design principles grounded in the theory of effective
use. We instantiated the principles in a prototype and evaluated the artifact in a focus
group consisting of eight civil servants from a medium-sized German city. The over-
all feedback was very positive underscoring the potential of open data assistants. This
research contributes design knowledge in the form of three design principles and an
artifact. Our results provide valuable insights for future research on the design of Large
Language Model based open data assistants for effective use. Moreover, our work offers
practical guidance for open data providers and city administrations seeking to enhance
data accessibility.

It is crucial to acknowledge limitations of our study. This includes the small sample
size and the absence of a quantitative evaluation, both of which constrain the general-
izability and comprehensive understanding of the prototype’s impact on effective use
of open data. While recognizing these limitations, we believe that this initial design
cycle lays a robust foundation for subsequent iterations. Our study has shown promising
avenues for future research, such as enhancing the transparent representation of the sys-
tem’s reasoning process and advancing the interaction between the user and the assistant
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to support human-Al collaboration. Adapting the assistant to varying user skill levels
and facilitating mutual learning between users and the assistant could be an interesting
avenue for future research. Additionally, the development and evaluation of additional
DPs, supported by empirical evidence, would contribute further to the knowledge base
in this domain.
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