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Abstract 
Open Government Data (OGD) initiatives aim to 

foster transparency and innovation, yet actual usage 

remains low due to limited user resources, low data 

literacy, and a lack of supportive tools. Adopting a 

Design Science Research (DSR) approach, this study 

explores how systems must be designed to enable non-

expert users to effectively interact with OGD. We 

propose a design theory comprising design 

requirements, design principles, and design features, 

which we instantiate in a prototypical system based on 

the ChatGPT platform. The core design integrates large 

language models (LLMs) with tool augmentation 

techniques to enable fully automated data retrieval, 

analysis, visualization, and interpretation through 

natural language interaction. Initial formative 

evaluations indicate that tool-augmented LLMs can 

substantially lower interaction barriers for non-expert 

users, while limitations in accuracy and reliability 

remain. Our study contributes prescriptive design 

knowledge and practical guidance for developing 

advanced natural language interfaces for OGD 

platforms. 

 

Keywords: open government data, chatbots, large 

language models, ChatGPT, tool augmentation 

1. Introduction  

Open Government Data (OGD) holds the potential 

to foster innovation and strengthen democratic values by 

enhancing transparency, accountability, and civic 

participation (Attard et al., 2015; Janssen et al., 2012). 

It encompasses data collected or generated by public 

institutions covering diverse domains such as 

population, transport, finance, health, and meteorology 

(Mutambik et al., 2023). Through dedicated OGD 

portals (Attard et al., 2015; Simonofski et al., 2022), 

OGD is made freely accessible for reuse to a broad range 

of actors – including citizens, researchers, and 

companies (Wilson & Cong, 2021). However, actually 

using OGD often proves to be a complex process –

involving the discovery, transfer, understanding, 

analysis, and interpretation of data (Lněnička et al., 

2021) – particularly for non-expert users with limited 

data literacy and tool experience. As a result, actual 

OGD usage remains low and falls short of expectations 

(Mutambik et al., 2023). 

Parallel to this, chatbot systems have seen rapid 

advancement in recent years, particularly driven by the 

widespread adoption of large language models (LLMs). 

These systems are now used across a broad range of 

domains – including education, research, and healthcare 

– for tasks such as summarization, translation, and code 

generation (Brown et al., 2020; Naveed et al., 2024; 

Song et al., 2025). While LLMs excel in text-centric 

applications, their capabilities in mathematical 

reasoning and analytical processing remain limited 

(Zhao et al., 2025). Nevertheless, promising approaches 

have emerged that enable the transformation of natural 

language into structured formats such as SQL, JSON, or 

executable code (Ait-Mlouk & Jiang, 2020; Attawar et 

al., 2023; Jarin et al., 2024). These outputs can be used, 

for example, to query datasets, generate visualizations, 

or trigger system functions. The latter can be extended 

through tool augmentation, where LLMs autonomously 

decide when to invoke external tools to perform specific 

tasks (Schick et al., 2023). The overarching aim is to 

minimize user complexity while fostering more intuitive 

and seamless interaction with systems and data. 

Initial studies have proposed chatbot-based systems 

to support interaction with OGD (Barcellos et al., 2023, 

2024; Cantador et al., 2021; Cortés-Cediel et al., 2023; 

Keyner et al., 2019; Mamalis et al., 2024; Porreca et al., 

2018). However, two main limitations can be identified: 

First, especially earlier approaches rely on rule- or 

template-based approaches, limiting flexibility and 

applicability. Second, most focus on isolated tasks such 

as dataset discovery rather than covering the full usage 

process. This reveals a critical research gap: Despite 

technological progress, recent advances have rarely 

been applied to OGD. There is a lack of systems that 

support users across the entire workflow – from 

discovery and exploration to analysis and interpretation 
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– in an integrated and accessible manner. Based on these 

considerations, we address the following research 

question: How must a system be designed to enable non-

expert users to work with open government data while 

mitigating current barriers to their use? 

To address this research gap, we adopt a Design 

Science Research (DSR) approach (Peffers et al., 2007; 

Vaishnavi & Kuechler, 2015) and aim to contribute 

knowledge on two levels: First, we develop a nascent 

design theory that provides reusable and transferable 

design knowledge in the form of design requirements 

(DR), design principles (DP), and design features (DF). 

Second, we demonstrate the applicability and utility of 

our design through a proof-of-concept prototype, which 

illustrates how such a system can lower existing barriers 

and substantially simplify the use of OGD – particularly 

for non-expert users. 

The remainder of the paper is structured as follows: 

After introducing key concepts related to chatbots and 

LLMs in the following section, we outline our 

methodological approach. Subsequently, we present the 

developed design theory, which comprises DRs, DPs, 

and DFs. We then demonstrate its practical application 

through a prototype. A preliminary evaluation provides 

initial insights into the system’s effectiveness. We 

conclude by discussing implications, limitations, and 

directions for future research.  

2. Background 

2.1. Chatbots and LLMs 

Chatbots are computer programs that enable 

human-computer interaction through natural language 

(Hussain et al., 2019; Mohamad Suhaili et al., 2021). 

They are applied in diverse domains such as customer 

service, education, healthcare and industrial and robot-

assisted scenarios (Adamopoulou & Moussiades, 2020; 

Wang, 2024). With regard to the design approach, 

chatbots can be categorized into rule-based, retrieval-

based, and generative-based systems (Hussain et al., 

2019). While rule- and retrieval-based chatbots rely on 

predefined answer sets, generative systems produce 

responses dynamically at runtime, allowing for flexible 

and context-sensitive interactions (Adamopoulou & 

Moussiades, 2020). Within this category, LLMs in 

particular have become popular in recent years. These 

are models pre-trained on extensive text corpora that can 

handle a variety of tasks such as summaries, 

translations, answering questions and code or text 

generation without additional fine-tuning (Brown et al., 

2020; Naveed et al., 2024; Song et al., 2025). Despite 

their performance, however, LLMs are subject to two 

key limitations: First, the knowledge embedded in an 

LLM is limited to the time of the last training and may 

therefore be outdated or insufficient for certain domains 

and tasks (Zhao et al., 2025). Second, while LLMs show 

strong performance in text-based tasks, they have 

limitations in precise mathematical operations and 

computations (Zhao et al., 2025).  

To address the first problem, three key strategies 

have been established: (1) fine-tuning pre-trained LLMs 

with domain-specific data (Brown et al., 2020), (2) 

integrating retrieval augmented generation (RAG), 

where external knowledge is retrieved at runtime and 

incorporated into answer generation (Song et al., 2025; 

Zhao et al., 2025), and (3) using prompt engineering, 

where the model is enriched with domain- or task-

specific context through targeted prompts (Naveed et 

al., 2024). The latter represents a comparatively 

lightweight and resource-efficient approach, often 

implemented through techniques such as one-shot 

prompting (providing a single example to guide the 

model) (Brown et al., 2020) or chain-of-thought (CoT) 

prompting to support multi-step reasoning and enhance 

output quality (Zhao et al., 2025). 

Regarding the second issue, tool augmentation 

offers a promising approach. Here, LLMs are extended 

by external functionalities – such as code execution, 

search, or database access – which can be integrated via 

APIs (Schick et al., 2023). In a self-supervised process, 

models learn when tool calls are beneficial and can 

autonomously decide during inference whether and how 

to invoke external tools (Schick et al., 2023). Initial 

studies show that tool-augmented models not only 

outperform conventional LLMs but also enable smaller 

models to surpass larger non-augmented ones (Parisi et 

al., 2022; Schick et al., 2023).  

2.2. Interaction with structured data 

OGD is published in diverse formats, ranging from 

unstructured PDFs to structured formats such as XML 

and CSV. An analysis of the German OGD portal shows 

that nearly half of all datasets are provided in CSV 

format, underscoring the need for solutions that can 

process structured data beyond textual formats. 

The literature discusses several ways of interacting 

with structured data, most of which aim to transform 

natural language into formal structures, an approach 

often referred to as text-to-* or NL-to-* (natural 

language to *). Four central approaches can be 

distinguished: (1) Text-to-SQL transforms natural 

language user input into SQL queries for data retrieval 

and analysis (Attawar et al., 2023). (2) Text-to-

SPARQL pursues a similar goal for RDF-based 

knowledge graphs, especially for semantic querying of 

linked data (Ait-Mlouk & Jiang, 2020). (3) Text-to-code 

generates executable program code based on natural 

language user input to perform complex analyses or 
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create visualizations (Zan et al., 2023) and thus offers 

very high flexibility, but also requires high semantic and 

syntactic precision. (4) Text-to-JSON enables the 

automatic creation of structured JSON objects that can 

be used for API calls, for example (Jarin et al., 2024). 

Together, all of these approaches aim to simplify access 

for non-experts and enable a wide range of users to 

access data and the insights gained from it. While early 

attempts were mostly based on rule- or template-based 

approaches, LLMs in particular have immensely 

increased the possible applications and flexibility of 

these approaches in recent years. 

3. Methodology 

In this study, we adopt a DSR methodology, which 

is particularly suited for creating novel, innovative 

solutions for complex problems (Vaishnavi & Kuechler, 

2015). We locate our work in the “improvement” 

quadrant of the knowledge contribution framework 

proposed by Gregor & Hevner (2013), as we address a 

problem that is well documented in the literature – the 

overall low usage of OGD – but has so far been 

insufficiently solved. By using novel technologies, we 

aim to find an improved solution to this existing 

problem. Our research process was grounded in three 

targeted literature reviews: one on the challenges and 

adoption barriers of OGD, another on the capabilities of 

chatbots and LLMs, and a third on existing approaches 

for chatbot-based interaction with OGD. With this work, 

we aim to contribute design knowledge on two artifact 

levels (Gregor & Hevner, 2013). On level 2 (nascent 

design theory) we derive generalized, reusable DRs, 

DPs and DFs, while on level 1 (situated implementation 

of artifact) we develop a functional prototype.  

We primarily follow the methodology of Vaishnavi 

& Kuechler (2015) but extend it – based on other studies 

(e.g. Meth et al. (2015)) – to include a demonstration 

phase according to Peffers et al. (2007). In addition, we 

adopt the systematic mapping of DRs, DPs and DFs to 

the individual phases applied by Meth et al. (2015) as 

the conceptual core of our design theory. Figure 1 

provides an overview of the research process applied in 

this paper. It depicts the distinct phases, the specific 

methods and activities employed, and the artifacts or 

outcomes produced. 

In the scope of this paper, we conduct only the first 

DSR iteration. We initiate our research process with a 

structured literature review focusing on barriers and 

challenges associated with the use of OGD, with the aim 

of establishing problem awareness. The identified 

barriers are grouped into three categories and serve 

directly as the basis for deriving DRs, which articulate 

user-centered demands for effective and efficient 

interaction with OGD. Building upon these 

requirements, we formulate DPs that address the 

identified challenges through reusable solution 

strategies found in existing literature. These principles 

are not tied to a specific implementation but rather 

constitute transferable design knowledge that can be 

instantiated in various systems (Chandra et al., 2015; 

Vaishnavi & Kuechler, 2015). In the next step, we 

develop such instantiation by deriving DFs and 

implementing them in a prototypical system. The 

development is accompanied by formative micro-

evaluation (Vaishnavi & Kuechler, 2015) cycles which, 

although secondary to the main DSR iteration, 

contribute to refining the implementation and im-

proving system behavior. This iterative refinement is 

also indicated in our process model by the feedback loop 

from development to development. The resulting 

prototype was presented during a feedback session with 

local public data stakeholders responsible for publishing 

data on OGD portals. To illustrate its functionality, we 

further showcase selected system components and 

associated user interactions. In addition, we conduct a 

preliminary evaluation comprising a technical 

assessment and a small-scale exploratory user study. 

Finally, we derive initial theoretical and practical 

implications from the first iteration.  

 

Figure 1. Our research process (adapted from 
Vaishnavi & Kuechler (2015) & Peffers et al. (2007)) 

4. Developing a design theory  

4.1. Problem awareness 

Despite numerous published data in recent years, 

usage – especially by non-expert user groups like 

citizens – remains low. The reasons for this are manifold 

and are summarized in Table 1. Addressing these 

problems is crucial for two reasons. First, they entail the 

risk of deepening the digital divide, as only part of the 

potential users is actually able to use OGD (Whitmore, 

2014; Zuiderwijk & de Reuver, 2021). Second, OGD 

usage is a prerequisite for realizing the diverse political 

and social, economic, and operational and technical 
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benefits of OGD (Janssen et al., 2012). Therefore, we 

propose a system that simplifies interaction with OGD 

and supports the entire usage process. 

Table 1. Causes for low OGD usage. 

Problem Examples References 

D
a
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-r

e
la

te
d

 

C
h

a
ll

e
n

g
e
s 

- High data complexity 

- Heterogeneous data 

formats 
- Complex data 

representations 

- Missing contextual 
information 

Attard et al. 

(2015), da Silva 

Craveiro & 
Albano (2017), 

Janssen et al. 

(2012), Mutambik 
et al. (2021) 

T
o
o

l-
r
e
la

te
d

 

C
h

a
ll

e
n

g
e
s 

- Absence of analytical 

tools 
- Lack of interpretation or 

visualization tools 

- Fragmented tool 
landscape 

da Silva Craveiro 

& Albano (2017), 
Janssen et al. 

(2012), Mutambik 

et al. (2021), Park 
& Gil-Garcia 

(2022), Zuiderwijk 

& de Reuver 
(2021) 

U
se

r
-r

el
a

te
d

 

C
h

a
ll

e
n

g
e
s 

- Limited time availability 

to make use of data 
- Insufficient technical 

resources 

- Insufficient technical 
expertise 

- Inadequate statistical 

knowledge 

Janssen et al. 
(2012), Ruijer et 

al. (2024), 

Whitmore (2014), 
Zuiderwijk & de 

Reuver (2021) 

4.2. Design requirements 

In this section, we derive five central DRs that 

address key challenges in OGD interaction and translate 

them into user-centered functional and qualitative 

demands, thus bridging the gap between problem 

awareness and the design of a purposeful solution. 

Currently, users must navigate a variety of 

fragmented tools to extract insights from OGD (Janssen 

et al., 2012). These media discontinuities increase 

cognitive load and require technical skills to operate 

different applications and user interfaces. While OGD 

portals provide centralized access to data (Attard et al., 

2015), they lack functionalities supporting subsequent 

phases of the usage process (Janssen et al., 2012). This 

highlights the need for integrated, user-friendly 

solutions that enable intuitive interaction. Therefore, we 

formulate DR1 – Intuitive and Unified Interaction: 

The system should enable seamless and intuitive 

interaction through a unified interface that integrates 

core processes and functionalities, in order to lower 

entry barriers and enhance overall usability.  

Many users lack the technical and analytical skills 

required to interact with OGD effectively (Janssen et al., 

2012; Ruijer et al., 2024). While providing data in raw 

form aligns with core OGD principles (Attard et al., 

2015), it limits accessibility, increases usage barriers, 

and reduces adoption among non-expert users. A 

solution is needed that abstracts from tool-specific 

operations and required skills, enabling diverse user 

groups to access and derive insights from OGD on equal 

terms. Therefore, we formulate DR2 – Complexity 

Shielding: The system should handle a wide range of 

technical processes in the background to shield users 

from complexity and enable smooth interaction without 

requiring technical or analytical expertise. 

OGD users are highly heterogeneous, with 

substantial variation in prior knowledge and technical or 

analytical skills – both across and within different user 

groups (Lněnička et al., 2021). As a result, merely 

presenting results is insufficient. To enable meaningful 

interpretation and informed usage, information must be 

tailored to the user’s needs and presented in a clear, 

comprehensible manner. This includes, for instance, 

contextual explanations or adaptive levels of detail. 

Therefore, we formulate DR3 – Understandable and 

User-Adaptive Results: The system should present 

results in a simple and understandable way, while 

adapting the level of detail to the user's prior 

knowledge, in order to support effective interpretation 

and application of the information. 

Another barrier to the use of OGD is the lack of 

time for in-depth work with the data (Janssen et al., 

2012). As typical OGD use cases for non-experts like 

citizens are related to everyday life or specific decision-

making processes, users often focus on the efficiency of 

information retrieval. In existing, predominantly 

manual usage scenarios, gaining usable insights from 

OGD requires a considerable amount of time. Therefore, 

we formulate DR4 – Fast Information Access: The 

system should provide information and results quickly 

and with minimal interaction effort in order to enable 

efficient and user-friendly utilization of OGD. 

In the context of OGD, the accuracy and reliability 

of system-generated information are essential. Users 

must be able to trust that responses are based on actual 

data and are both correct and comprehensible (Barcellos 

et al., 2022). Inaccurate or speculative outputs can lead 

to misinformed decisions and erode trust not only in the 

system but also in public institutions (Lněnička et al., 

2021). Ensuring data-based and verifiable responses is 

therefore critical to fostering long-term trust in OGD 

applications. Therefore, we formulate DR5 – High-

Accuracy and Reliable Output: The system should 

generate accurate, data-based, and comprehensible 

responses in order to foster trust in both the system and 

the OGD it relies on. 

4.3. Design principles 

To support the development of suitable systems, we 

derive reusable and implementation-independent DPs 
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that translate the defined DRs into actionable design 

knowledge and allow for multiple instantiations. In line 

with the guidelines proposed by Chandra et al. (2015), 

each DP includes a material property, a supported user 

activity, and boundary conditions. 

DR1 and DR2 highlight the need for a central, user-

friendly access point to OGD that supports all phases of 

data use. Dialogue-based interactions, typically 

implemented via natural language interfaces, have 

proven effective in lowering technical access barriers 

and enabling interaction in everyday language (e.g., 

Attawar et al., 2023). Studies show that such interfaces 

can surpass traditional GUIs in efficiency after minimal 

training and reduce challenges like complex navigation 

and data handling (Bagnasco et al., 2000). Therefore, we 

formulate DP1 – Dialogue-based Interaction: Provide 

the system with a dialogue-based interface to enable 

users to intuitively formulate requests in natural 

language without technical knowledge, given that target 

groups include non-expert users unfamiliar with data 

formats or query languages. 

DR2 and DR4 emphasize the need to relieve users 

from tasks such as data access, preprocessing, and 

analysis. Working with raw data or APIs is often not 

feasible for non-expert users, and tutorials merely shift 

complexity to the user. Instead, systems should 

autonomously handle technical steps in response to user 

queries to reduce effort and improve usability – factors 

that may increase user adoption (Mutambik et al., 2023). 

Therefore, we formulate DP2 – Automated Data 

Handling: Provide the system with automated 

mechanisms for data access, processing, and output 

generation so that users can work with data without 

manual handling or tool switching, given that users 

often lack technical skills and expect integrated data 

workflows. 

To ensure accessibility and comprehension (DR3), 

system outputs must go beyond a single modality such 

as plain text. Users differ in cognitive preferences – 

some process visual content better, others prefer text 

(Lee et al., 2020). Multimodal output formats (e.g., text, 

tables, visualizations) can enhance interpretability, 

reduce cognitive load, and support faster information 

access (Lee et al., 2020) (DR4). Tailoring presentation 

formats to user needs improves both understanding and 

the reuse of OGD. Therefore, we formulate DP3 – 

Multimodal Output: Provide the system with 

multimodal output capabilities so that users can 

understand and apply insights in the format most suited 

to their needs, given that users have diverse preferences, 

tasks, and cognitive styles. 

In order to make data and results not only accessible 

but also usable, users must be supported in 

understanding data, processes and results. Generic help 

functions are insufficient, especially for non-experts. 

Instead, systems should provide context-sensitive and 

adaptive explanations that align with individual user 

requirements (DR3). Generative systems that generate 

answers dynamically at runtime offer a promising 

solution for meeting these requirements. Moreover, they 

can support downstream processing tasks such as 

transforming user queries into executable formats (e.g., 

code or JSON). Based on these insights, we formulate 

DP4 – Generative AI: Provide the system with 

generative AI components for interpreting input, 

supporting downstream processing, and generating 

context-sensitive and adaptive responses in order to 

help users understand data and act on it with minimal 

effort, given that OGD users vary in their prior 

knowledge as well as technical and analytical expertise. 

Despite their strengths in NLP, generative models 

struggle with logical or numerical tasks and tend to 

hallucinate (Zhao et al., 2025). However, accuracy and 

reliability are particularly important in OGD usage 

(Barcellos et al., 2022), as users must be able to trust the 

system’s outputs for information retrieval and decision-

making. A promising solution lies in hybrid system 

designs that combine LLMs for natural language 

interaction with deterministic modules for critical 

operations such as calculations. (Parisi et al., 2022; 

Schick et al., 2023). This not only enhances accuracy 

and reliability but also reduces technical complexity for 

users, thereby supporting both DR5 and DR2. 

Therefore, we formulate DP5 – Tool Augmentation: 

Provide the system with tool-based modules to perform 

accuracy-critical operations so that users receive 

reliable, error-free results not subject to hallucination, 

given that generative models can produce incorrect 

outputs for logic- or computation-intensive tasks. 

4.4. Design features 

To operationalize the previously defined DPs, we 

introduce a set of concrete DFs that serve as functional 

components. These features are implemented in our 

prototype, which is detailed in the following section. 

Each DF addresses one or more of the identified DPs. 

DF1 – Conversational AI platform. An existing 

conversational AI platform serves as the central access 

point to enable dialogue-oriented and intuitive 

interaction, thereby realizing DP1. Users primarily 

interact via natural language, ensuring access to system 

functionalities without technical expertise (Attawar et 

al., 2023). The platform acts as a unified interface that 

integrates tools and processes, ensuring seamless, low-

threshold access. To fulfil this role, it must support 

flexible prompt handling, effective component 

management to integrate downstream functionalities, 

intuitive user interfaces, and multimodal output 

presentation. 
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DF2 – Large Language Model. An advanced 

LLM is used to interpret natural language user input and 

generate natural language output, code snippets and API 

calls. This DF primarily realizes DP4 by using LLMs to 

process and respond to complex user queries, while also 

forming the technical basis for DP1 and contributing to 

DP3 through diverse output formats – such as text 

responses, text-to-JSON for API calling or text-to-code 

(e.g., Python) for further analyses. To fulfil this role, the 

LLM must handle multi-turn dialogue, capture 

contextual dependencies, and provide adaptive, 

structured responses. 

DF3 – OGD Portal Integration. The system 

connects directly to an OGD portal via API to access 

relevant datasets based on user input. This integration 

enables dynamic and automated data utilization, which 

always considers the latest available data and allows the 

system to autonomously decide when such access is 

beneficial, thereby enhancing its capabilities (DP5). The 

portal must provide interfaces that support both dataset 

discovery and data transfer to the system’s workspace. 

The integration of the OGD portal operationalizes DP2: 

Manual dataset search, download, and import by users 

are eliminated, significantly reducing interaction effort. 

DF4 – Code Execution Environment. A secure, 

isolated environment executes LLM-generated code, as 

the text-to-code approach offers greater flexibility and 

functional breadth than fixed workflows or templates. 

This DF operationalizes DP5 by enabling stable, 

deterministic, and reproducible execution outside the 

LLM (Schick et al., 2023). Equipped with standard 

libraries for data processing and visualization, it 

supports typical analysis tasks – such as filtering, 

aggregation, and visualizations – thereby contributing to 

DP2. The environment also enables the generation of 

different output formats, such as texts or diagrams, 

which supports DP3. The generated results can be 

returned to the user directly or used as input for further 

processing within the system. 

DF5 – Prompt Engineering. Prompt engineering 

methods – particularly CoT and one-shot prompting – 

are applied within a system prompt to define required 

processing steps and to guide the LLM in generating 

structured, comprehensible, and context-sensitive 

responses. This includes specifying content-related and 

stylistic aspects such as response length, linguistic 

complexity, output format, and tool invocation 

conditions (Zhao et al., 2025), thereby operationalizing 

DP4 and DP5. In contrast to fine-tuning or RAG, this 

lightweight approach requires no additional training or 

architectural extensions, yet allows precise control over 

output quality. The results are thus not only accurate but 

also comprehensible and accessible to diverse users – 

without requiring any prompt engineering expertise on 

their part. 

Building on the developed DFs, Figure 2 presents 

the system architecture, emphasizing the interaction 

flows among the DFs and their orchestration within the 

overall system. Figure 3 then consolidates this 

perspective by outlining the design theory in its entirety, 

illustrating the interrelations among DRs, DPs, and DFs. 

 

Figure 2. System architecture. 

 

Figure 3. Linkage of DRs, DPs and DFs.  

5. Prototype instantiation 

For our prototype, we used the ChatGPT platform 

(DF1) and created a dedicated Custom GPT. DF2 and 

DF4 are inherently supported by the platform itself, as 

it provides the corresponding functionalities such as 

LLMs (GPT-4o) and code execution environment 

(Python). To implement DF3, we used the API 

documentation of Dortmund’s OGD portal to generate 

an OpenAPI schema, which was then integrated into our 

Custom GPT for structured API access. DF5 was 

implemented by developing a system prompt that 

centrally governs the chatbot’s behavior and represents 

the core of the development effort. Following general 

guidance on building Custom GPTs (OpenAI, 2025), 

our instructions consist of three main components: 

1. Context definition: The chatbot is assigned a 

specific role, and its intended function is described 

concisely to establish the overall interaction frame. 

2. Trigger-instruction pairs: We identified five 

typical user intents in interactions with OGD-based 

chatbot systems that require separate handling: 

system guidance, dataset search, dataset details, file 

upload, and analysis/visualization. For each of 

these intents, we developed corresponding 

instructions comprising two to seven steps that 

define the chatbot’s actions, outline the process 

flow, and specify the expected output structure and 

format. The development of the instructions was 

iterative and closely linked to the development 

phase and associated micro-evaluations. During 
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this phase, we applied various prompt engineering 

techniques, in particular CoT and one-shot 

prompting, which significantly improved behavior 

and response quality. 

3. General guidelines: These include overarching 

instructions that define the chatbot’s tone, behavior, 

and overall interaction style – such as using citizen-

friendly language, avoiding technical jargon, and 

relying exclusively on available data. 

The developed prototype can retrieve relevant datasets 

from Dortmund’s OGD portal and perform data 

analysis, visualization, and interpretation. The system 

enables natural language interaction through a chatbot 

that supports multi-turn dialogues and encourages 

engagement with OGD via proactive suggestions. 

Figure 4 shows exemplary sections of user interactions. 

A current limitation is that, due to platform constraints, 

datasets cannot be loaded automatically: users receive a 

download link and must upload the CSV file manually. 

In addition, maps cannot be displayed directly within the 

chatbot interface but are instead opened in a separate 

browser tab. Both limitations hinder the full realization 

of DP2, as they require manual steps and tool switching, 

undermining seamless and automated data handling. 

6. Pre-evaluation  

As part of a preliminary evaluation phase, we 

conducted initial assessments from both a technical and 

user-centered perspective. On the technical side, the 

system was iteratively tested and refined during 

development, with micro-evaluations helping to identify 

and address functional weaknesses (e.g., unstable file 

upload handling, illegible axis labels). The final internal 

test confirmed stable API communication, useful 

suggestions, and the successful generation of diverse 

visualizations (e.g., bar charts, time series, maps). 

However, limitations remain regarding the automatic 

loading of datasets, the handling of ambiguous input, 

and the factual accuracy of generated interpretations. 

Complementing the technical review, a small-scale 

pilot user study was conducted with four students (aged 

20–25), all familiar with ChatGPT but without prior 

experience using OGD portals. Participants explored the 

prototype in a realistic usage setting and provided open-

ended qualitative feedback. The interaction was 

perceived as intuitive and well-structured, with users 

highlighting the assistant’s contextual awareness and 

clear guidance. Participants particularly praised the 

variety and quality of the visualizations as well as the 

assistant’s ability to suggest relevant datasets and 

meaningful analyses. Areas for improvement include 

inconsistent handling of spelling errors, occasional 

confusion in term selection, and limited trust in the 

accuracy of visualizations and explanations. These 

initial findings will inform subsequent iterations and the 

design of a more systematic summative evaluation. 

7. Discussion 

7.1. Summary and implications 

This study examines how socio-technical systems can 

be designed to reduce existing barriers in the interaction 

with OGD for non-expert users. Following a DSR 

approach, we contribute a design theory that integrates 

generative AI and tool augmentation as core 

mechanisms, enabling low-threshold structured data 

interaction and mitigating data-related hallucinations 

through deterministic modules. A prototypical 

Figure 4. Excerpts from chatbot interactions (Intents: left – dataset search, right – visualization). 
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instantiation and its formative evaluation provide initial 

evidence for feasibility and relevance, yielding 

actionable implications for both research and practice. 

Implications for research. The study advances 

theoretical understanding in two ways. First, it 

synthesizes prior work on chatbot systems and various 

approaches to interacting with structured data through 

natural language, applying them systematically to the 

barriers identified in the context of OGD. Recent 

advancements in generative AI enable systems that 

support users throughout the entire data usage process – 

from discovery and exploration to analysis and 

interpretation – through free-form interaction. This 

integrated support has the potential to significantly 

reduce existing barriers, foster broader adoption of 

OGD, and thereby contribute to unlocking its political, 

social and economic value. Second, the study provides 

prescriptive design knowledge in the form of a design 

theory, composed of DRs, DPs, and DFs. Although 

developed in the context of OGD, this theory can be 

adapted, extended, and applied to other data-intensive 

domains, such as enterprise environments. While our 

core principles are largely transferable, domain-specific 

adaptations (e.g. access control mechanisms, privacy 

requirements) will be required to address contextual 

constraints. Depending on the underlying systems, this 

may involve integrating alternative natural language 

interfaces such as text-to-SQL for relational databases 

or text-to-SPARQL for knowledge graphs. Ultimately, 

facilitating low-threshold interaction may empower a 

broader range of users to access data-driven insights, 

thereby fostering data democratization. 

Implications for practice. For practitioners, the 

study highlights that with comparatively little 

implementation effort, systems based on LLMs and tool 

augmentation can make OGD truly usable for non-

expert users. The proposed design theory serves as a 

practical blueprint for developing such systems, while 

our prototype demonstrates their feasibility in real-

world contexts. At the same time, we highlight critical 

limitations – such as the unreliable handling of 

ambiguous inputs or factually incorrect interpretations – 

that early adopters should address through targeted 

mitigation strategies. Finally, we would like to draw 

attention to two well-known challenges that persist on 

the provider side. First, effective dataset discovery 

depends on powerful search functionalities provided by 

OGD portals, ideally accessible via APIs. While 

semantic search methods, such as vector-based retrieval, 

have proven to improve the relevance and quality of 

results (Mamalis et al., 2024), many portals still rely on 

basic keyword searches, limiting usability and 

integration potential. Second, high data quality remains 

a critical requirement (Attard et al., 2015; Zhang et al., 

2022; Zuiderwijk & de Reuver, 2021) as syntactic errors 

can disrupt processing and undermine the reliable 

functioning of automated systems. In addition, 

dialogue-based systems can reveal data issues more 

easily, but non-expert users may lack the data literacy to 

identify or assess them appropriately. Therefore, data 

providers should prioritize advanced search 

functionalities and high data quality to enable reliable 

system development and operation. 

7.2. Limitations and future work 

This study is subject to several limitations. First, the 

DRs were derived solely from barriers identified in 

existing literature, without drawing on additional 

empirical sources. Second, the evaluation was primarily 

formative (Venable et al., 2016), focusing on system 

feasibility and identifying strengths and weaknesses. Its 

scope was limited: the technical evaluation relied on 

internal testing and author observations, and the user 

study involved only four participants, all familiar with 

ChatGPT. Both aspects limit generalizability. 

Moreover, the evaluation addressed the artifact as a 

whole, preventing conclusions about the isolated impact 

of individual DPs, and covered only relatively simple 

tasks. Third, the study comprises only a single DSR 

iteration, leaving the design theory at an early stage of 

maturity. The prototype also exhibits technical 

limitations, including the absence of automated data 

loading, incomplete integration of all actions into the 

chatbot interface, support restricted to CSV files, and 

occasional misinterpretations. 

Based on our findings and limitations of this study, 

several directions for future research emerge. First, we 

plan to conduct further design iterations to refine both 

the design theory and the artifact. These iterations may 

include the integration of additional features, such as 

traceability mechanisms that improve the transparency 

and explainability of system outputs (Barcellos et al., 

2022). We will further conduct summative evaluations 

(Venable et al., 2016) to comprehensively assess 

usability in terms of effectiveness, efficiency, and 

satisfaction. Our strategy builds on difficulty-based task 

variation and phase-specific time tracking to generate 

more fine-grained insights into user performance. This 

will not only allow us to validate hypotheses on 

accuracy and efficiency gains and identify critical 

phases that benefit most from tool support, but also 

extend the evaluation to more complex tasks, thereby 

guiding targeted design refinements. Future work 

should also examine how the proposed approach can be 

transferred to other domains, adapting it to domain-

specific requirements and broadening its applicability 

beyond the OGD context. Second, we chose the 

ChatGPT platform as the basis for our prototype due to 

its technical maturity, widespread adoption, and support 
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for low-code or no-code development via Custom 

GPTs. This made it a suitable choice for prototyping and 

demonstrating the design theory. However, the 

implementation revealed several structural limitations 

that hinder broader practical adoption. These include the 

lack of control over the underlying LLM, limited 

interaction design options due to a single instruction 

block, and a user-centric billing model that prevents 

providers from covering usage costs. To overcome these 

issues, future work should explore the design of open 

and modular chatbot platforms that support flexible 

model integration, hybrid interaction architectures, and 

developer-side deployment options. Third, while linked 

data represents a core principle of OGD (Attard et al., 

2015), our prototype is limited to isolated datasets and 

cannot autonomously identify semantic relationships. 

Future systems should incorporate automated linking 

and mapping strategies to fully leverage the value of 

interconnected datasets (Janssen et al., 2012). Fourth, 

while the prototype lowers usage barriers and simplifies 

access to OGD, it remains unclear whether this will lead 

to broader adoption. Key factors such as awareness of 

OGD and its benefits (Attard et al., 2015; Mutambik et 

al., 2021) are not addressed by our system, which 

instead assumes that relevant datasets are available and 

users are inherently interested in using them – an 

assumption that is only realistic to a limited extent. 

Future research should explore how systems can not 

only improve interaction but also promote awareness. 

In conclusion, this study contributes to the field of 

OGD by providing a structured design theory for 

chatbot-based interaction systems, supported by a 

prototypical implementation and initial formative 

evaluation. By addressing key barriers and 

demonstrating the feasibility of generative, tool-

augmented systems, our work offers both conceptual 

guidance and practical impulses for future 

developments. We aim for this study to stimulate future 

research on human-AI interaction with structured data 

and to inspire the design of accessible and intelligent 

assistants across different domains. 

8. Acknowledgements 

Financial support from the German Federal Ministry for 

Housing, Urban Development and Building (BMWSB) 

and the Kreditanstalt für Wiederaufbau (KfW) as part of 

the “Model Project Smart City (MPSC) Dresden” is 

gratefully acknowledged. 

9. References  

Adamopoulou, E., & Moussiades, L. (2020). Chatbots: 

History, technology, and applications. Machine Learning 

with Applications, 2, 100006. 

Ait-Mlouk, A., & Jiang, L. (2020). KBot: A Knowledge Graph 

Based ChatBot for Natural Language Understanding 

Over Linked Data. IEEE Access, 8, 149220–149230. 

Attard, J., Orlandi, F., Scerri, S., & Auer, S. (2015). A 

systematic review of open government data initiatives. 

Government Information Quarterly, 32(4), 399–418.  

Attawar, A., Vora, S., Narechania, P., Sawant, V., & Vora, H. 

(2023). NLSQL: Generating and Executing SQL Queries 

via Natural Language Using Large Language Models. 

2023 International Conference on Advanced Computing 

Technologies and Applications (ICACTA), 1–6.  

Bagnasco, C., Cappelli, A., Magnini, B., & Zamatteo, D. 

(2000). Natural Language Access to Public 

Administration Data: the TAMIC-P System. In E. 

Lamma & P. Mello (Eds.), AI*IA 99: Advances in 

Artificial Intelligence (pp. 249–260). Springer Berlin 

Heidelberg. 

Barcellos, R., Bernardini, F., & Viterbo, J. (2022). Towards 

defining data interpretability in open data portals: 

Challenges and research opportunities. Information 

Systems, 106, 101961. 

Barcellos, R., Bernardini, F., Viterbo, J., & Zuiderwijk, A. 

(2023). Hippolyta: a framework to enhance open data 

interpretability and empower citizens. Proceedings of the 

24th Annual International Conference on Digital 

Government Research, 191–198.  

Barcellos, R., Bernardini, F., Zuiderwijk, A., & Viterbo, J. 

(2024). Exploring Interpretability in Open Government 

Data with ChatGPT. Proceedings of the 25th Annual 

International Conference on Digital Government 

Research, 186–195.  

Brown, T. B., Mann, B., Ryder, N., Subbiah, M., Kaplan, J., 

Dhariwal, P., Neelakantan, A., Shyam, P., Sastry, G., 

Askell, A., Agarwal, S., Herbert-Voss, A., Krueger, G., 

Henighan, T., Child, R., Ramesh, A., Ziegler, D. M., Wu, 

J., Winter, C., … Amodei, D. (2020). Language models 

are few-shot learners. Proceedings of the 34th 

International Conference on Neural Information 

Processing Systems. 

Cantador, I., Viejo-Tardío, J., Cortés-Cediel, M. E., & 

Rodríguez Bolívar, M. P. (2021). A Chatbot for 

Searching and Exploring Open Data: Implementation and 

Evaluation in E-Government. Proceedings of the 22nd 

Annual International Conference on Digital Government 

Research, 168–179.  

Chandra, L., Seidel, S., & Gregor, S. (2015). Prescriptive 

Knowledge in IS Research: Conceptualizing Design 

Principles in Terms of Materiality, Action, and Boundary 

Conditions. 2015 48th Hawaii International Conference 

on System Sciences, 4039–4048.  

Cortés-Cediel, M. E., Segura-Tinoco, A., Cantador, I., & 

Rodríguez Bolívar, M. P. (2023). Trends and challenges 

of e-government chatbots: Advances in exploring open 

government data and citizen participation content. 

Government Information Quarterly, 40(4). 

da Silva Craveiro, G., & Albano, C. (2017). Open data 

intermediaries: coproduction in budget transparency. 

Transforming Government: People, Process and Policy, 

11(1), 119–131. 

Page 2061



Gregor, S., & Hevner, A. (2013). Positioning and Presenting 

Design Science Research for Maximum Impact. MIS 

Quarterly, 37, 337–356.  

Hussain, S., Sianaki, O., & Ababneh, N. (2019). A Survey on 

Conversational Agents/Chatbots Classification and 

Design Techniques (pp. 946–956).  

Janssen, M., Charalabidis, Y., & Zuiderwijk, A. (2012). 

Benefits, Adoption Barriers and Myths of Open Data and 

Open Government. Information Systems Management, 

29(4), 258–268.  

Jarin, A., Santosa, A., & Yaniasih, Y. (2024). Using LLM to 

Convert Bahasa Indonesia Commands into JSON 

Structures for GIS System API. 2024 International 

Conference on Computer, Control, Informatics and Its 

Applications (IC3INA), 394–399.  

Keyner, S., Savenkov, V., & Vakulenko, S. (2019). Open Data 

Chatbot. https://arxiv.org/abs/1909.03653 

Lee, T. D., Lee-Geiller, S., & Lee, B.-K. (2020). Are pictures 

worth a thousand words? The effect of information 

presentation type on citizen perceptions of government 

websites. Government Information Quarterly, 37(3).  

Lněnička, M., Machova, R., Volejníková, J., Linhartová, V., 

Knezackova, R., & Hub, M. (2021). Enhancing 

transparency through open government data: the case of 

data portals and their features and capabilities. Online 

Information Review, 45(6), 1021–1038.  

Mamalis, M. E., Kalampokis, E., Karamanou, A., Brimos, P., 

& Tarabanis, K. (2024). Can Large Language Models 

Revolutionalize Open Government Data Portals? A Case 

of Using ChatGPT in statistics.gov.scot. Proceedings of 

the 27th Pan-Hellenic Conference on Progress in 

Computing and Informatics, 53–59. 

Meth, H., Mueller, B., & Maedche, A. (2015). Designing a 

Requirement Mining System. Journal of the Association 

of Information Systems, 16, 799–837. 

Mohamad Suhaili, S., Salim, N., & Jambli, M. N. (2021). 

Service chatbots: A systematic review. Expert Systems 

with Applications, 184, 115461. 

Mutambik, I., Almuqrin, A., Liu, Y. D., Halboob, W., Alakeel, 

A., & Derhab, A. (2023). Increasing Continuous 

Engagement with Open Government Data: Learning 

from the Saudi Experience. Journal of Global 

Information Management, 31(1).  

Mutambik, I., Nikiforova, A., Almuqrin, A., Liu, Y. D., Floos, 

A., & Omar, T. (2021). Benefits of Open Government 

Data Initiatives in Saudi Arabia and Barriers to Their 

Implementation. Journal of Global Information 

Management, 29(6). 

Naveed, H., Khan, A. U., Qiu, S., Saqib, M., Anwar, S., 

Usman, M., Akhtar, N., Barnes, N., & Mian, A. (2024). 

A Comprehensive Overview of Large Language Models. 

OpenAI. (2025). Key Guidelines for Writing Instructions for 

Custom GPTs. OpenAI Help Center. Retrieved May 18, 

2025, from https://help.openai.com/en/articles/9358033-

key-guidelines-for-writing-instructions-for-custom-gpts 

Parisi, A., Zhao, Y., & Fiedel, N. (2022). TALM: Tool 

Augmented Language Models. 

Park, S., & Gil-Garcia, J. R. (2022). Open data innovation: 

Visualizations and process redesign as a way to bridge 

the transparency-accountability gap. Government 

Information Quarterly, 39(1). 

Peffers, K., Tuure, T., Marcus A., R., & and Chatterjee, S. 

(2007). A Design Science Research Methodology for 

Information Systems Research. Journal of Management 

Information Systems, 24(3), 45–77. 

Porreca, S., Leotta, F., Mecella, M., Vassos, S., & Catarci, T. 

(2018). Accessing Government Open Data Through 

Chatbots. In I. Garrigós & M. Wimmer (Eds.), Current 

Trends in Web Engineering (pp. 156–165). Springer 

International Publishing. 

Ruijer, E., Dymanus, C., van Kesteren, E.-J., Boeschoten, L., 

& Meijer, A. (2024). Open data work for empowered 

deliberative democracy: Findings from a living lab study. 

Government Information Quarterly, 41(1). 

Schick, T., Dwivedi-Yu, J., Dessì, R., Raileanu, R., Lomeli, 

M., Zettlemoyer, L., Cancedda, N., & Scialom, T. (2023). 

Toolformer: Language Models Can Teach Themselves to 

Use Tools. 

Simonofski, A., Zuiderwijk, A., Clarinval, A., & Hammedi, 

W. (2022). Tailoring open government data portals for 

lay citizens: A gamification theory approach. 

International Journal of Information Management, 65. 

Song, Z., Yan, B., Liu, Y., Fang, M., Li, M., Yan, R., & Chen, 

X. (2025). Injecting Domain-Specific Knowledge into 

Large Language Models: A Comprehensive Survey.  

Vaishnavi, V. K., & Kuechler, W. (2015). Design Science 

Research Methods and Patterns: Innovating Information 

and Communication Technology, 2nd Edition (2nd ed.). 

CRC Press, Inc. 

Venable, J., Pries-Heje, J., & Baskerville, R. (2016). FEDS: a 

Framework for Evaluation in Design Science Research. 

European Journal of Information Systems, 25(1), 77–89. 

Wang, K. (2024). From ELIZA to ChatGPT: A brief history 

of chatbots and their evolution. Applied and 

Computational Engineering, 39, 57–62. 

Whitmore, A. (2014). Using open government data to predict 

war: A case study of data and systems challenges. 

Government Information Quarterly, 31(4), 622–630. 

Wilson, B., & Cong, C. (2021). Beyond the supply side: Use 

and impact of municipal open data in the U.S. Telematics 

and Informatics, 58. 

Zan, D., Chen, B., Zhang, F., Lu, D., Wu, B., Guan, B., Yongji, 

W., & Lou, J.-G. (2023). Large Language Models Meet 

NL2Code: A Survey. In A. Rogers, J. Boyd-Graber, & N. 

Okazaki (Eds.), Proceedings of the 61st Annual Meeting 

of the Association for Computational Linguistics 

(Volume 1: Long Papers) (pp. 7443–7464). Association 

for Computational Linguistics. 

Zhang, H., Bi, Y., Kang, F., & Wang, Z. (2022). Incentive 

mechanisms for government officials’ implementing 

open government data in China. Online Information 

Review, 46(2), 224–243. 

Zhao, W. X., Zhou, K., Li, J., Tang, T., Wang, X., Hou, Y., 

Min, Y., Zhang, B., Zhang, J., Dong, Z., Du, Y., Yang, 

C., Chen, Y., Chen, Z., Jiang, J., Ren, R., Li, Y., Tang, 

X., Liu, Z., … Wen, J.-R. (2025). A Survey of Large 

Language Models. 

Zuiderwijk, A., & de Reuver, M. (2021). Why open 

government data initiatives fail to achieve their 

objectives: categorizing and prioritizing barriers through 

a global survey. Transforming Government: People, 

Process and Policy, 15(4), 377–395. 

Page 2062


