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Abstract 
This paper outlines the foundational importance of 

openness and transparency in the public sector to foster 

trust, accountability, and democratic principles. It 

discusses the potential of generative AI to enhance 

public sector services through content generation, data 

analysis, and personalized services, aiming to increase 

accessibility and efficiency. The study aims to address 

the research question: What design principles are 

needed to foster openness and transparency in the 

design of generative AI-platform solutions within public 

sector organizations? The open generative AI platform 

designed and implemented in this innovation project in 

the Sundsvall municipality, Sweden has already been in 

use. This action design research study aims to establish 

design principles for developing trustworthy, scalable 

generative AI solutions that promote openness, 

transparency, and collaboration across the public 

sector. 
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1. Introduction  

In today’s governance, the principles of openness 

and transparency within the public sector stand as 

foundational pillars, essential for fostering trust, 

strengthening accountability, and enhancing efficiency 

within democratic societies. Openness and transparency 

are intricately intertwined concepts. Transparency, 

defined as the openness and accessibility of information 

held by governing bodies, not only ensures citizens’ 

rights to information but also plays a pivotal role in 

reinforcing democratic principles. The significance of 

openness and transparency transcends access to 

information it serves as the foundation of democratic 

principles and good governance (da Cruz et al., 2016; 

Innerarity, 2017, Lyrio et al., 2018). 

Openness and accessibility in government ensure 

that citizens gain unimpeded access to a comprehensive 

understanding of the decision-making processes, 

actions, and financial allocations of their governance 

(Hood, 1991). This accessibility empowers citizens by 

providing them with the tools to hold their leaders 

accountable, make well-informed decisions, and 

actively participate in civic matters (Welch et al., 2004). 

Furthermore, transparency fosters a sense of trust, acting 

as the glue that binds the government and its 

constituents, ultimately enhancing social cohesion and 

reinforcing the legitimacy of governance (Megersa & 

Cassimon, 2015). 

Generative AI has the potential to significantly 

impact the public sector by offering capabilities such as 

content generation, data analysis, and personalized 

services, all of which can drive openness and 

accessibility in the public sector. By leveraging 

generative AI, public organizations can enhance 

efficiency, automate tasks, and improve service 

delivery, potentially leading to cost savings and better 

resource allocation. This, in turn, enables public 

organizations to provide efficient services accessible 

24/7 to citizens (van Noordt & Misuraca, 2022).  

However, the use of generative AI in the public 

sector also raises significant challenges and risks. These 

challenges include the potential misuse of generative 

AI, such as the generation of adversarial examples that 

could lead to incorrect classifications and decisions. 

Ethical and social risks associated with generative AI 

applications, including the potential for misinformation 

and the need for explainable AI to support decision-

making processes, are critical considerations in the 

public sector (Berryhill et al., 2019). The responsible 

integration of generative AI in the public sector 

demands careful consideration to avoid risks of 

automation bias, overdependence, and long-term 

staffing problems (Arora, 2020). Addressing these 

challenges hinges on the public sector exerting control 

over model selection and data curation processes. To 

maintain autonomy in modifying models and datasets as 
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needed, it is essential to avoid vendor lock-in. Given the 

current lack of commitment from AI practitioners in the 

industry towards transparency and explainability in AI 

solutions, as highlighted by Denford et al. (2024), the 

public sector cannot rely solely on the market. 

There are also concerns about the responsible use 

of AI that need to be considered. This includes the need 

for human-centered and sustainable AI approaches to 

ensure that AI applications align with societal values 

and contribute to ecological integrity and social justice 

(Wynsberghe, 2021). Generative AI not only requires 

substantial knowledge and understanding of AI 

solutions within an organization but also demands 

significant resources for training models and developing 

solutions. These are crucial to ensure that power and 

control remain within public sector organizations. In 

addition, to ensure the development of AI in the public 

sector is both economically sustainable and resource-

efficient, it is essential to adopt open and scalable 

solutions. These solutions should enable public 

organizations to collaborate and share the development 

Though there has been considerable number of 

discussions about potential and risks of generative AI 

use in the public sector, there is a lack of research about 

the actual implementation of AI tools in the public 

sector (Mergel et al., 2024). This action design research 

(ADR) study focuses on how to achieve openness and 

transparency through the design of the AI-platform 

solutions, and address the research question: What 

design principles are needed to foster openness and 

transparency in the design of generative AI-platform 

solutions within public sector organizations? 

2. Background 

2.1. Openness and transparency in the public 

sector 

Openness and transparency in the public sector are 

multifaceted concepts with profound implications for 

accountability, trust, and governance. In the context of 

public administration, from information related 

perspective, openness refers to availability of data and 

the readiness of public institutions to engage with 

citizens in a transparent manner (Janssen et al., 2012), 

and transparency is defined as information about 

government activities that are made available in a clear, 

accessible, and timely manner, ensuring that citizens can 

understand and evaluate the performance of public 

institutions (Grimmelikhuijsen et al., 2013). Openness 

and transparency have intersections and are dynamic 

forces that can either empower or complicate public 

administration, depending on their context and 

implementation. It is linked to technological 

advancements that have the potential to revolutionize 

the landscape of governance and accountability, help 

citizens keep an eye on, and build trust in, public 

services, encourage public employees to better serve the 

people, and ensure public services are efficient and 

responsible (Holzner & Holzner, 2006; Günal & Peçe, 

2022; Young & Yin, 2020).   

Technology is changing how transparency works. 

Modern technology can facilitate transparency in 

government and improve the planning and evaluation of 

public programs and services (Boudreau, 2020). 

Openness in technology is more than a symbol as it 

indicates a transformation of the relationship between 

citizens and authorities. As Maier-Rabler & Huber 

(2011) promotes, open systems not only suggest a 

mindset willing to share data and decision-making 

processes but also encompass actual designs that make 

such transparency possible. Open initiatives also have 

the potential to foster collaboration, knowledge sharing, 

and co-creation of data and software, leading to greater 

transparency and accessibility of public sector 

information (Linåker & Runeson, 2020). However, we 

should be careful when using advanced technology like 

generative AI, as it can bring transparency challenges 

that need to be properly managed (Bogner et al., 2021). 

Another challenge in achieving desirable 

transparency in public sector solutions is the tension 

between protecting private sector interests and the need 

for shared knowledge in the public sector (Garud et al. 

2002). This complicates matters – how can we facilitate 

open and transparent public sector operations if we rely 

on proprietary solutions? This places significant 

demands on public sector information systems 

procurement processes or forces the public sector to 

develop solutions by themselves when the market 

cannot meet the requirements. 

2.2. Generative AI adoption in the public 

sector 

The public sector holds significant potential to 

enhance governance and citizen services through AI 

adoption. Research suggests that AI can streamline 

public services, improve digital experiences, and 

enhance decision-making processes (Kuziemski & 

Misuraca, 2020). Batarseh & Freeman (2022) highlight 

the need for transparency in AI adoption to build trust 

among citizens and argue that being clear about AI’s 

intended use and its potential impacts is crucial for 

addressing concerns related to accountability, ethics, 

and privacy. 

Generative AI, especially platforms like OpenAI, 

has recently heightened interest in AI technologies and 

presents an opportunity for the public sector to leverage 

AI in ways that were previously impossible. With user-

friendly interfaces, generative AI tools can empower 
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public sector employees, often burdened with 

bureaucratic tasks, to enhance operational efficiency 

and effectiveness (Bright et al., 2024). 

However, the adoption of AI in the public sector is 

not without challenges. Technical challenges include 

integrating AI systems into existing IT infrastructures, 

ensuring data quality, and addressing security concerns. 

Legacy systems, common in the public sector, often 

struggle to support modern AI technologies, making 

integration complex (Batty et al., 2012). Social 

challenges revolve around public trust, ethics, and the 

digital divide. There is a risk that AI technologies could 

unintentionally worsen existing inequalities or erode 

public trust if not implemented carefully (Wirtz et al., 

2019). Public trust in AI must be informed, with citizens 

having influence over the conditions under which 

algorithms operate (Wilson & Van Der Velden, 2022). 

Political challenges include creating regulatory 

frameworks that keep pace with technological change 

and ensuring that AI initiatives align with public policy 

goals. Regulatory bodies must navigate the rapid 

evolution of AI technologies, requiring strong political 

will and leadership to ensure that AI adoption serves the 

public interest (Yeung & Lodge, 2019). 

As highlighted, openness and transparency are 

critical to foster accountability and public trust in AI. 

Ethical considerations and participatory governance are 

essential to ensure that AI technologies benefit the 

public and address societal concerns. However, there is 

a notable gap in research on the practical 

implementation of AI services in the public sector, 

particularly from a platform perspective. 

This study seeks to fill that gap by exploring how 

openness and transparency can be designed into AI 

systems. It responds to the call for more research on 

implementation and public service management related 

issues in AI, as highlighted by Mergel et al. (2024). By 

focusing on the intersection of technical and social 

aspects, this research aims to provide actionable insights 

for the responsible adoption of AI in the public sector, 

ensuring that these technologies are implemented in 

ways that are ethical, transparent, and aligned with 

public interests. 

3. Methodology 

The first author is the chief IT architect in the 

municipality and has been participating in the solution 

design activities throughout the project. His high level 

of involvement enabled us to study in situ the design and 

development of the AI platform. In what follows, we 

describe the research setting as well as the initiative, and 

explain our methodological choices around data 

collection and analysis. 

3.1. ADR approach 

To investigate how generative AI platforms can be 

designed and built to facilitate openness and 

transparency and to cater to collaboration, reuse, and 

scalability, we conducted an ADR study in the 

municipality of Sundsvall, Sweden.  

ADR is a research approach that integrates action 

research and design science to address complex 

organizational problems and develop innovative 

solutions. ADR aims to not only understand and explain 

organizational phenomena but also to intervene and 

bring about change (Sein et al., 2011). This approach 

allows researchers to actively engage with practitioners 

and stakeholders, co-create knowledge, and develop 

practical solutions and can be compared with Design 

Science Research (DSR) which surfaced as a method for 

developing artifacts grounded in academic theory.  

Action Research (AR) (Coughlan & 

Coghlan, 2002) is an iterative research method where 

researchers intervene in the real world to solve 

practitioners’ problems and to gain scientific knowledge 

(Avison et al., 1999). AR always involves user 

participation throughout the creation of artifacts, while 

in DSR users may be assumed by the researcher during 

the design process (Peffers et al., 2007). 

ADR combines AR and DSR to focus on artifact 

development while taking into consideration user 

participation and feedback during the experimentation 

with different versions of the artifact. It considers the 

artifact development and organizational impact 

assessment at the same level, with the artifacts being 

shaped by the organizational context throughout their 

development and use. The ADR method as described by 

Sein et al. (2011), is an iterative method divided into 

steps 1) Problem Formulation, 2) Building, 

Intervention, and Evaluation (BIE), 3) Reflection and 

Learning, and 4) Formalization of Learning. It involves 

close collaboration with practitioners, aligning with the 

participatory nature of the approach, which emphasizes 

the involvement of stakeholders in the research process 

(Becker et al., 2019). This collaborative aspect is 

essential for developing and evaluating tools and 

solutions in real-world settings. It results in an artifact, 

in the context of this study, the artifact is an IT 

architecture with specific material properties. 

The research contributions are delivered as DPs, 

capture the knowledge “… about creating other 

instances of artifacts that belong to the same class” 

(Sein et al., 2011) and are statements that guide or 

constrain actions (Hevner & Chatterjee, 2010). In this 

study, the DPs have been derived primarily from 

justificatory knowledge. The scope of justificatory 

knowledge is broader than that of kernel theory, which 

refers to “any descriptive theory that informs artifact 
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construction” (Gregor & Jones, 2007). Justificatory 

knowledge also includes informal knowledge from the 

field and the experience of practitioners (Gregor & 

Hevner, 2013). This type of knowledge is important in 

this ADR research, especially considering that 

designing generative AI platforms in the public sector is 

pioneering work in the field. 

3.2. Research context 

As mentioned, this ADR study focuses on an 

innovation project in the municipality of Sundsvall, 

Sweden with the aim to investigate the possibilities of 

creating an open generic platform for establishing and 

scaling generative AI solutions. The municipality of 

Sundsvall has about 100,000 residents and is a relatively 

big municipality, given that the median size 

municipality in Sweden has about 20,000 residents. 

With around 8,000 employees, the municipality 

organization is the largest employer in the area, and its 

primary objective is to provide services and welfare to 

meet the needs of residents.  

Sundsvall municipality is an intriguing case for 

analysis as it is well-known for its digitalization efforts 

nationally and is recognized as one of the forerunners in 

digitalization in of Sweden’s municipality sector. In 

December 2023, the municipality’s IT director was 

given a great responsibility as the only representative of 

the municipal sector in the Sweden government’s AI 

commission (Sveriges Riksdag (the Parliament of 

Sweden), 2023). Also, the project owner is a 

representative of an AI council for Swedish 

municipalities. 

Sundsvall municipality is particularly suitable for 

investigating how to foster openness and transparency 

in the design of generative AI-platform solutions within 

public sector organizations, as the municipality puts a 

great emphasis on openness and transparency in public 

sector operations. This is evidenced, for example, by 

Sundsvall’s strategy for sustainable digital 

development, “Openness and transparency are 

important both for democracy but also for increased 

cooperation between business, the public sector, and 

society” Translated from Swedish, A strategy for 

sustainable digital development, Sundsvall 

Municipality (2022). 

3.3. Data collection 

Apart from actively participating in the project, we 

used documents, reports, pre-studies, project 

descriptions, solution descriptions, and public 

communication related to the project in the study 

(several of which the first author contributed to). This 

information, though scattered throughout the different 

stages of the project, is important to be included, as it 

can be part of justificatory knowledge. The archival data 

consists of documents like; the project descriptions and 

basis for decisions to invest in the project (phase 1 

decided in April 2023 and phase 2 decided in January 

2024), the API Strategy in the municipality of Sundsvall 

(decided in September 2020), the municipality of 

Sundsvall opens accessible information on several 

aspects of AI (October 2021 – June 2024), and solution 

descriptions from the project evolved in iterations 

during the project’s timeline (May 2023 – June 2024). 

We also conducted interviews with key personnel 

involved in the project. The first round of interviews 

was conducted in October and November 2023 and 

lasted approximately 60 minutes on average. Follow-up 

interviews with a selected set of interviewees were 

conducted in May 2024 and lasted approximately 30 

minutes on average. The interviews were recorded with 

the interviewees’ consent and transcribed for analysis. 

The interviewees were; the project owner at the 

Sundsvall municipality (also member of the Swedish 

municipalities AI Council) (2 interviews), a senior IT 

project manager at Sundsvall municipality (2 

interviews), an IT security expert representing one of the 

municipalities owned companies (1 interview), and the 

CEO and the Technical Lead from the vendor company 

(a start-up company sprung from a world-leading 

academic institution) building the solution (1 

interview). 

4. The ADR project 

The project core team in the municipality 

comprised a project owner, an IT project manager, and 

an IT security expert. The project IT architect, 

participating in the design phases, is also the first author 

of this article and acts as both the practitioner and the 

researcher in the ADR project context. The project team 

is lean while highly competent with experienced expert 

competencies in all roles, a success factor for 

maintaining the innovative approach. The project also 

involves employees at different departments in the 

municipalities, while they are not part of the project core 

team and are mainly users of the different use cases for 

the generative AI platform. 

The vendor selected as a partner in the project had 

a clear vision to make AI tools adaptable to various 

public sector processes, ensuring that domain experts 

can influence AI behavior and outcomes, and focused 

on building an AI framework that emphasizes 

transparency, flexibility, and domain expertise 

integration for public sector applications. 

Phase 1 of the project (below referred to as the first 

iteration of the ADR project) started in May 2023 and 

delivered results in December 2023. Phase 2 of the 
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project started in January 2024 and will span over 

several iterations in the whole year of 2024 (where the 

first iteration in phase 2 of the project maps to the 

second iteration of the ADR project). As of May 2024, 

the platform has been put into use with real use cases, 

such as a public assistant for adult education services, 

an assistant for domestic services employees, and a 

support services assistant for the municipal internet 

services provider. 

4.1 Problem formulation  

Problem formulation is a crucial step in the design 

of the IT artifact. Identifying problems and formulating 

goals will shape the outcome of the project, in this case, 

both the generative AI platform (the artifact) and the 

DPs. The overall vision stated by the project owner for 

how to scale the use of generative AI in the municipality 

is to establish an open AI platform that supports various 

future use cases while ensuring thorough consideration 

of data privacy and ethical concerns. Below, we 

introduce the themes that emerged from the analysis of 

our interviewee’s sharing about the problems that need 

to be addressed and the aims of the project. 

One of the project’s goals, to address the “big 

problem with transparency in AI” (as stated by the 

project owner) and how to achieve a satisfying level of 

transparency was one of the most important and 

complex areas of discussion. We adopted the definition 

of transparency as a “human-level understanding of the 

inner workings of the model” (Belle & Papantonis, 

2021). Every time an AI is asked a question or to 

perform a step in a process, the AI model makes a form 

of a decision by providing an answer. “We have to be 

able to be 100% transparent with our citizens and say 

that this answer comes from this set of rules or this 

description or whatever” (IT project manager).  

Transparency is even more important in use cases 

that involve decision-making about citizens. “What if 

we must analyze a large data set about how an 

individual is behaving …, could be an indication that the 

individual needs more help to cope with their everyday 

business? … transparency will be a much more 

important factor in those use cases”. (Project owner) 

Control is raised as another important requirement, 

and it is considered closely linked with transparency. 

Control is exhibited in various dimensions, including 

the selection of models to utilize, control over data, and 

oversight of the operations within AI tools. “The control 

is very much based on the principle of transparency. As 

we all know, AI has a quite large problem, a big problem 

with transparency. The models, the processes, there's a 

lot of black boxing in this industry where we just use 

services, where we send our data and we get the 

response, but we have no idea what happened in there 

between.” (Project owner) 

Because the municipality offers various services to 

citizens (e.g., building permit application, welfare 

decision making), and owns different companies (e.g., 

water company, energy company), they hope the AI 

platform can enable them to provide AI solutions to 

different scenarios. Scalability and versatility are 

considered important requirements. 

“It’s more infrastructure or platform where we 

basically could have hundreds or several hundreds of 

use cases in the future that we run on the same 

infrastructure. … So that’s why we must think and build 

for a much broader perspective than a single use case.” 

(Project owner) 

Furthermore, the solution shall also be scalable in 

the sense that “more municipalities can use it” (Project 

owner), and “makes it possible to share … knowledge 

that is built up between municipalities” 

(Projektbeskrivning Utforskande av AI – Project 

description Exploring AI). 

4.2 First iteration 

The main goal of the first iteration was to test if 

technology in the market was ready to deliver on this 

vision and whether it was feasible to develop an open 

digital platform for AI. The platform should be scalable 

from a performance perspective (that you can add more 

use cases and users without affecting response times), 

from a perspective of the amount of information (that 

you can add the amount of information that is needed), 

and from a security perspective (that you can configure 

the solution to be able to handle more sensitive data). It 

should provide a solution demonstrating that a more 

open and scalable digital platform enables increased 

collaboration between municipalities in the field of AI 

and lowers the thresholds for adopting new technology. 

The idea was that open and scalable digital platforms 

that support open models make it possible to share 

model training and the knowledge that is built up in 

different municipalities. 

Due to the innovative nature of the project in the 

public sector, there are limited prior examples to draw 

from. To the best of our knowledge, there is no 

overarching theory that can guide the project. However, 

we found literature on public sector information systems 

and digital transformation that shed light on issues we 

also aim to address, such as over-reliance on external 

suppliers and vendor lock-in (Welby & Tan, 2022), lack 

of access to data, and loss of data ownership (Persson et 

al., 2024), as well as organizational siloing resulting in 

a lack of collaboration among departments (Øvrelid, 

2023). The project team also engaged in multiple rounds 

of discussions regarding how to address these problems. 
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4.2.1 Building, intervention, and evolution 

Two real-life use cases were proposed to be 

implemented in the first iteration. The user cases make 

it possible to evaluate the solution with real-life data. 

The first use case was general, it used the municipality 

website sundsvall.se as a data source, and a chatbot was 

developed to answer questions about the services 

provided by the municipality. This use case was tested 

with a wide set of questions, such as “How do I apply 

for a building permit?”, or “When is the bathhouse open 

on Sunday?”, to verify the solution’s functionality. The 

other use case was more specific and covered advanced 

support questions for a municipality-owned Internet 

service provider. If the evaluation proves successful, 

these use cases would be candidates for the first 

Minimum Viable Product (MVP) to set into production. 

 
Figure 1. High-level solution architecture. 

 

Guided by these discussions, the solution 

architecture (the artifact, illustrated in Figure 1) was 

designed including the following components: user 

interfaces and processes that integrate via APIs exposed 

in a central API gateway, the AI engine/application 

managing and configuring the AI platform (e.g., 

configuration and function for indexing/joining data 

sources with information, permission management, 

logging, configuration of language models, etc.), the 

data sources that the project team chooses to us and the 

language models (each application built on the platform 

can use any language model of choice). 

4.2.2 Reflection and learning 

Overall, the first iteration of the project was 

evaluated as successful, delivering a solution that 

representatives from different parts of the 

municipality’s organization could evaluate in a real-life 

work environment.  It demonstrated the feasibility of 

introducing an open AI platform that allows a 

municipality to continuously develop AI services with 

different requirements. The collaboration with the 

vendor resulted in a solution that will be released as 

open source. The level of transparency was also 

satisfying – “we know exactly what is happening in the 

process as a whole ... we know exactly what model is 

being used” (project owner). 

Highlighted in the project report for the first 

iteration, are the following as important factors for a 

long-term sustainable solution for generative AI. First, 

as a municipality, there is a need to be able to create AI 

services for different use cases with simple means. 

Implementing separate solutions for each requirement is 

impractical, so the municipality needs a platform 

capable of accommodating a variety of use cases over 

time. Second, the municipality needs a platform that can 

keep pace with technological advancements, such as 

adopting newly developed language models. Otherwise, 

it will be difficult to fully harness the benefits of AI in 

the long term. Third, every application of AI must 

comply with regulatory requirements and offer 

transparency right down to how the data was processed 

during a decision to exactly which models were used at 

the time of the decision. Fourth, the municipality needs 

secure solutions that allow it to implement certain use 

cases that do not have personal data via certain language 

models and other use cases with sensitive data through 

other language models. Language models can be run in 

a municipalities own data center, so the municipality has 

control over data in the AI platform. Furthermore, the 

municipality must be able to share what it is developing 

with other municipalities, and the municipality also 

wants to be able to take part in what other municipalities 

are developing. This sharing applies both in the form of 

source code, but also around concrete AI applications. 

4.3 Second iteration 

4.3.1 Building, intervention, and evolution 

The goal of the second iteration of the project is to 

roll out the use of the solution in the municipality, and 

in parallel continue to evolve the platform adding 

features, especially concerning transparency, in 

iterations. The project found a solution that should 

enable full transparency in exactly what was the basis 

for the conclusion the AI service reached. If every 

interaction with the AI service generates and logs a data 

package in the background, this package should 

describe exactly which conditions were the basis for the 

conclusion reached by the AI service. 

At a minimum, the question asked/task given to the 

AI service, the prompt that was sent in the question or 

given as input to a task, the settings in the AI service 

(e.g., setting for temperature), the embedding model 

used to transform the question/task into a vector, the 

source that the model identified as containing the 

answer, the data set that the model identified as 
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containing the answer, the language model used to 

translate the response and the final answer/conclusion 

that the language model translated the answer into 

should be available for each response or decision. 

The first external AI assistant for citizen use, an 

assistant for adult education services, was released in 

early May alongside several internal AI assistants used 

for a variety of purposes. All these assistants were 

designed to assist the user in specific contexts using 

specific sets of data with varying efficiency depending 

on the use case. The next planned assistant will help 

officials create official letters, as required by laws and 

regulations, estimated to save 50% of the time for 

administrative tasks. 

4.3.2 Reflection and learning 

The second iteration demonstrates that the platform 

is prepared for scaling and that it is possible to support 

transparency to a certain extent in the platform. The 

reflection and learning during the second iteration were 

integrated with that from the first iteration and are 

presented in the formalization of learning below. 

5. Formalization of learning 

Based on the learnings from the two ADR project 

iterations, a set of DPs guiding the design of open, 

transparent, and shareable AI solutions for the public 

sector is defined. We first introduce the DPs and then 

discuss their implications. 

5.1 Design principles (DPs) 

We integrated expert knowledge with prior 

literature and developed the following DPs using the 

schema created by Gregor et al. (2020). DPs can be 

formed as “For Implementer I to achieve or allow for 

Aim A for User U in Context C, employ Mechanisms M1, 

M2, … Mn involving Enactors E1, E2, … En because of 

Rationale R”. The schema involves several components: 

actors such as Implementers, Users, and Enactors. In the 

context of this project, the enactor and implementer 

overlap, so we omit the enactor from the DPs. 

Mechanisms are broad and can be “actions, the use of 

artifacts characterized by a specific form, shape, or 

architecture” (Gregor et al., 2020). The rationale is the 

justification for the design principle and is provided 

following the DPs.  

DP1. Transparency: For the development team 

(implementer) to achieve open models and transparent 

data processing (aim) for the public sector (user) in data 

processing and response generation (context), the 

solution shall support open models, provide information 

about data processing and response generation 

procedures (mechanisms). The call for transparency 

aims to help hold governments accountable and build 

trust in institutions (Young & Yin, 2020). AI 

practitioners, in general, are not yet invested in 

providing transparency and explainability in AI 

solutions (Denford et al., 2024) though, hence the 

importance of this DP, 

DP2. Model Independence: For the development 

team (implementer) to achieve flexible model 

management and query control (aim) for the public 

sector (user) in data analysis and decision-making 

(context), the solution shall be model-independent 

through modular design and APIs (mechanisms). A 

modular design supports the ability to update and 

modify individual modules without affecting the entire 

system like the choice of LMM, which is critical for 

adapting to changing models and diverse analysis needs 

over time (Albers et al., 2019). This DP addresses 

diverse analysis needs and empowers the public sector 

to control and select the appropriate model for specific 

queries. 

DP3. Open Source: For the development team 

(implementer) to achieve an open, scalable digital 

platform (aim) for the public sector (user) in data 

management and decision-making (context), the 

solution shall be delivered as open-source software 

(mechanisms). This DP helps prevent vendor lock-in 

(Persson et al., 2023), provides public sector 

organizations greater control over their data and 

systems, enhances decision-making processes, and 

allows for more flexible and scalable digital solutions 

(Ahlawat et al., 2021). 

DP4. Data Ownership: For the development team 

and data managers (implementer) to achieve (data and 

knowledge ownership (aim) for public organizations 

(user), regarding data and knowledge management 

(context), the solution shall ensure ownership of data 

built up by the public organization and guarantee 

ownership of knowledge generated with the 

organization’s training (mechanisms). Data ownership 

ensures that public organizations retain full authority 

over their data, preventing unauthorized usage or 

changes (Asswad & Gómez, 2021), and prevent vendor 

lock-in (Persson et al., 2023). 

DP5. Interoperability: For the development team 

(implementer) to achieve interoperability (aim) for the 

public organization (user) in software integration and 

automation (context), the solution shall ensure all 

functionality in the solution is executable via APIs, 

adhering to OpenAPI specifications (mechanisms). 

OpenAPI facilitates automation, code generation, and 

consistent API design, making it easier to integrate and 

maintain systems across different projects (Dwayo blog, 

2023). 
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5.2 Implications of the DPs  

Below we explain the implications of the DPs. We 

start with a specific use case, in which citizens can ask 

a generative AI-powered chatbot for questions about 

preschool services. The data provided as input to the AI 

tool includes web pages describing preschool services 

and other publicly available documents.  

The following is an example of how an answer 

generated by an AI service might appear when exported 

(i.e., in a relatively “raw” format), providing the end 

user with comprehensive insight into the factors 

influencing the decision made by the AI service at the 

exact time the decision was made (“LLM” means Large 

Language Model). 

LLM SOLAR-0-70b-16bi  

LLM settings Temperature=0.4 

Embedding 

model 

multilingual-e5-large 

Question What are the opening hours at 

Solskenet’s preschool? 

Prompt You work at Sundsvall Municipality as 

an assistant and guide to residents and 

visitors in Sundsvall Municipality 

helping them by answering their 

questions. 

Data source sundsvall.se/solskenet 

Data Solskenet’s preschool 

Address road 123, 123 45 Sundsvall 

Opens: 06.00, Closes: 18.00 

LLM  

translation 

The opening hours at Solskenets 

Preschool are 06.00-18.00. 

Table 1. Example of data included in a decision 
package from the AI service. 

 

As shown in this example, guided by DP1 

Transparency, the platform provides information about 

which LLM model is used for the generation of the 

answer, what is the LLM settings, what are the data 

sources, and how the data is presented as the answer. 

There are design considerations and implications 

that beyond what this simple output can illustrate. 

Guided by DP2 Model Independence, DP3 Open 

Source, and DP4 Data Ownership, in addition to giving 

users information about the components and settings of 

the process, the AI platform allows designers to design 

the process that specific AI tools work and have control 

over models and where data is processed.  

The platform also provides the organization with 

opportunities to integrate new models, which is 

particularly crucial given the rapid advancements in the 

field of AI. “One thing that everyone in (the field of) AI 

has observed, is that the release of models is occurring 

extremely rapidly. What we want to ensure with this 

framework is that customers don’t buy into one singular 

model or one singular implementation. We need to be 

able to swap out models.” (Company collaborator) 

Guided by DP2 Model Independence and DP5 

Interoperability, the platform allows for switching 

among different LLM models and allows for the LLM 

models to be connected to different input datasets 

seamlessly. This platform has revolutionized how IT 

projects are planned, especially in terms of time scale 

and the way of collaboration among the IT team and the 

user departments. “When I'm saying traditional 

approach, … we’re good at planning, we’re down to 

quarters, often we try to plan even longer period periods 

than a quarter. … (now) that the development is so much 

easier within AI. To develop a new assistant, we’re 

talking about hours, not weeks, not months. It's hours to 

develop a new AI assistant.” (Project owner) 

The interviewee shared that users can now 

approach the IT team with project ideas, such as 

designing an AI assistant to aid in answering citizens’ 

questions about preschool services, assisting internal 

staff with the IT security handbook (e.g., can I use my 

work email for private purposes?) or handling invoices. 

In this collaborative process, users share links to shared 

drives containing input data sources, and they can sit 

together with the IT team for several hours, together 

they try to “plug in” different LLM models and evaluate 

the results. They can assess the feasibility of project 

ideas and refine the assistant’s design on the spot. This 

collaborative approach relies on this open and scalable 

AI platform, without which such endeavors would be 

impossible. 

Despite our aim to achieve transparency, certain 

aspects remain beyond our reach. LLMs are typically 

trained by private companies that disclose limited 

information about their training data, and the algorithms 

themselves are inherently complex. Considering these, 

the sources of the data used to generate answers must be 

provided to users, enabling them to verify the answers. 

We shall point out that building an AI platform is 

more than just connecting the LLM model with the input 

dataset and output outlet. Many preparations are 

involved to make the data accessible. For example, it is 

important to engage domain experts who can together 

brainstorm about use case ideas, be involved in the 

design process, and evaluate the results. 

6. Discussion 

In this study, we examined the following research 

question: “What design principles are needed to foster 

openness and transparency in the design of generative 

AI-platform solutions within public sector 
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organizations?” To address the question, we conducted 

an ADR project on an innovation project at the 

municipality of Sundsvall. The innovation project 

designed and built an MVP for an open and transparent 

generative AI platform, producing an artifact in the form 

of an IT architecture, and developed five DPs. 

As noted in the literature review, though openness 

and transparency have received a lot of attention in 

current literature, most studies discuss openness and 

transparency from theoretical perspectives and focus 

more on their implications. There is a lack of research 

regarding how openness and transparency can be 

achieved in the actual implementation of AI applications 

in public sector. This study addresses the literature gap, 

and the proposed DP’s can guide the design of open and 

transparent generative AI applications in public sector 

with high scaling potentials. The DPs also provide a set 

of guidelines that future research in public sector AI can 

build upon. 
Previous works, such as those by Smit et al. (2020) 

and Weisz et al. (2023), primarily discuss DPs for 

generative AI applications with an emphasis on ethics 

and trust. Our study contributes to theory by defining 

DPs that instead concentrate on openness and 

transparency as key drivers for fostering cooperation 

and sharing. The ADR project also demonstrates how 

the DPs influence design choices and achieve openness 

and transparency in the AI platform and use cases.  The 

study highlights the importance of openness and 

transparency in the public sector and establishes a 

connection between these principles and the adoption of 

generative AI services. This connection underscores the 

need for transparency as a foundational element in 

ensuring accountability and trustworthiness in public-

sector AI implementations. 

The practical implications of our research are 

substantial. The artifact developed serves as a valuable 

example of open, transparent, and scalable generative 

AI applications for the public sector in general. The DPs 

of transparency, model independence, data ownership, 

open source, and interoperability are applicable in 

building generative AI solutions in various public sector 

domains, such as healthcare, education, governance, and 

social services. In practice, the open-source solution 

designed and built guided by these principles has the 

potential to be scaled up to support the organized 

sharing of generative AI components across all 290 

Swedish municipalities. This scalability is crucial for 

smaller municipalities with limited resources to 

leverage AI technologies. Scaling the generative AI 

platform to other municipalities is a project we continue 

to follow and study, with the aim to incorporating 

perspectives from a wider range of stakeholders such as 

citizens, policymakers, and AI ethics experts. 
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