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Abstract

This study investigates how collaboration between bureaucrats and experts shapes the
development and application of Large Language Models (LLMs) in the Chinese public sector.
The existing research has increasingly focused on how artificial intelligence (Al) drives
transformations in public services, while our study investigates the less-explored but equally
important aspect of how the AI’s role and functionality are shaped by the dynamic interactions
and negotiations among cross-sector stakeholders. Drawing on institutional logic theory, this
study examines the interplay of state and professional logics in shaping Al applications, using a
case study of LLM adoption by a Chinese local government. We identified key
challenges—model selection, data security, censorship integration—and strategies to navigate
these issues. Our findings highlight how bureaucratic priorities for safety and stability contrast

with expert-driven innovation, creating tensions that require negotiation and compromise.
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Introduction

Artificial intelligence (AI) has become a cornerstone of technological innovation, driving
transformation across numerous sectors, including public administration (Legner et al. 2017,
Misuraca, van Noordt & Boukli, 2020; Mikalef, Fjeortoft & Torvatn, 2019; Hjaltalin &
Sigurdarson, 2024). Governments worldwide are leveraging Al for tasks ranging from data
analysis and resource optimization to citizen engagement and decision-making support (Wirtz,
Weyerer & Geyer, 2019; Dwivedi et al. 2021; Nasseef et al. 2022). This growing adoption has
sparked extensive debates about the promises and perils of Al in public governance (Mikalef et
al. 2023).

Existing literature on Al adoption in the public sector often focuseson factors influencing
whether Al is adopted, such as political will, technological infrastructure, and budgetary
constraints (De Vries, Tummers & Bekkers, 2018; Dwivedi et al. 2021; Wang, Zhang & Zhao,
2022; Madan & Ashok, 2023). While these studies provide valuable insights into the
prerequisites for Al adoption, they frequently overlook the critical collaborative processes that
shape the design and deployment of Al applications. This oversight is particularly significant
given that Al systems in public administration are not static technological tools but evolving
socio-technical systems shaped by the interactions between government actors, technical experts,
and embedded institutional frameworks. Understanding how these interactions influence the
design and functionality of Al systems is essential for ensuring their alignment with public value

and service delivery effectiveness.

Moreover, much of the existing literature on Al in public administration focus on traditional Al
techniques, such as classical machine learning and predictive analytics, which primarily aim to
automate routine tasks and enhance operational efficiency (Vogl et al., 2020; Dhungel et al.,
2021). However, the emergence of advanced AI models, particularly large language models
(LLMs) like those developed by OpenAl, have introduced new possibilities for complex,
context-sensitive applications. These models, with their ability to process and generate nuanced
textual data, hold particular promise for enhancing decision-making processes in governance.
Yet, the unique challenges and opportunities presented by LLMs in public sector contexts remain

underexplored. For instance, how can public institutions effectively integrate LLMs while



addressing issues such as transparency, accountability, and equity? How do collaborative
dynamics between government actors and Al experts influence the design of these cutting-edge
systems? These questions are particularly pressing given the heightened expectations

surrounding LLMs compared to earlier Al technologies.

In addition to these technological considerations, the literature often portrays Al adoption as a
unidirectional process, where technology reshapes bureaucratic processes (Davenport & Ronanki
2018; Androutsopoulou et al. 2019; Kuziemski & Misuraca, 2020; Shareef et al. 2021; Ranerup
& Henriksen, 2022; Nasseef et al. 2022; Schiff, Schiff & Pierson, 2022; Ahn & Chen, 2022).
This perspective neglects the socio-technical nature of this relationship (Rinta-Kahila et al.,
2022; Sanina, Balashov & Rubtcova, 2023)—how institutional logics, governance frameworks,
and stakeholders interactions actively shape Al functionalities. Public administration, with its
unique ethical, legal, and operational imperatives, requires a more nuanced understanding of how
Al technologies are co-designed by governments and technical experts to meet specific public
sector needs.

This study addresses these gaps by examining how government bureaucracies and expert
collaborators shape the functionality of Al applications in the public sector, with a particular
focus on LLMs. Using a case study of a Chinese local government's adoption of Al technologies,
this research applies the theoretical lens of institutional logic to explore the interaction types
between government officials and technical experts. Our findings reveal several challenges and
tensions that emerged during the development of LLM services for the Chinese public sector.
Key issues include fundamental model selection, content security, user privacy, and functional
versatility, each reflecting broader concerns around cost, ethics, and performance. These
challenges illustrate the interplay between different institutional logics, as university researchers
prioritized innovation and long-term digitalization while government officials emphasized safety,
cost-efficiency, and adherence to political directives. Through strategies such as open dialogue,
perspective-taking, and technical adaptations, the university team sought to bridge multiple
perspectives with their government counterparts, ultimately persuading officials to adopt
LLM-based solutions over traditional approaches like knowledge graphs. These efforts highlight
the intricate negotiation processes necessary to align advanced Al capabilities with institutional

priorities and public service requirements.



Additionally, our study demonstrates how collaborative strategies address both technical and
institutional concerns. Privacy concerns were addressed through robust anonymization and
encryption measures, fostering greater willingness among officials to share data essential for
effective model training. The decision to use open-source LLMs reflected a pragmatic
compromise between performance, cost, and accessibility, while debates over incorporating
sentiment analysis for prioritizing requests underscored ongoing ethical and practical dilemmas.
Together, these findings illuminate the dynamic socio-technical negotiations involved in adapting

cutting-edge Al to the complex demands of public administration.

This study contributes to the growing body of literature on Al in public administration by
addressing critical gaps in understanding the socio-technical and institutional dynamics
underlying the development of LLM-based services in government. Existing research on
traditional Al adoption frameworks (De Vries, Tummers & Bekkers, 2018; Dwivedi et al., 2021;
Madan & Ashok, 2023) often neglects the collaborative processes that shape Al system design
and functionality (Rinta-Kahila et al., 2022; Sanina et al., 2023). Our findings extend this
discussion by examining how the interplay between government actors and technical experts,
operating under divergent institutional logics, influences the co-design of LLM applications in
the public sector. This perspective highlights the socio-technical negotiations required to align
innovative Al capabilities with the operational and ethical imperatives of public administration

(Thornton et al., 2012; Reay & Hinings, 2009).

By situating our analysis within the context of China’s public sector, this study also expands the
institutional logic framework, traditionally applied in democratic settings, to an authoritarian
governance context (Zhou et al., 2017; Vogel et al., 2022). We demonstrate how the state’s
unique incentive structures and relational dynamics shape the resolution of challenges related to
cost, security, privacy, and functional performance in LLM adoption. Furthermore, we identify
and theorize multiple collaborative strategies—such as addressing cognitive dissonance,
implementing censorship, and negotiating data-sharing protocols—as interrelated approaches for
overcoming these challenges (Emerson, 2012; Bryson et al., 2006). These insights offer a

nuanced understanding of cross-sector collaborations and institutional logics in the design of



generative Al-based public services, providing actionable implications for both scholars and
practitioners in governance and technology adoption (Boxenbaum & Jonsson, 2017; Greenwood

etal., 2011).

Literature Review

Artificial Intelligence (AI) technologies are increasingly integrated into public services,
including machine learning (Pan et al., 2017), computer vision (Sun et al., 2022), reinforcement
learning (Kwak et al., 2021), robotics and automation (Abdi et al., 2018). Despite scholarly
attention to these Al technologies, large language models (LLMs) have experienced recent
breakthroughs such as the Transformer architecture (Vaswani et al., 2017), the Generative
Pre-trained Transformer (GPT) models (Brown et al., 2020), LLMs may revolutionize
government services by offering advancements beyond the capabilities of traditional chatbots,

but this crucial domain remains underexplored.

LLMs surpass traditional rule-based chatbots in handling complex queries and generating
natural, context-aware responses. Traditional chatbots rely on rule-based or limited machine
learning frameworks, using predefined rule sets or decision trees to parse user inputs and provide
corresponding responses (Zhen, Zhao & Stylianou, 2020). While effective for structured queries,
these systems often falter when faced with complex or unanticipated user inquiries. In contrast,
LLMs employ deep learning and natural language processing techniques to understand and
generate human language. By training on extensive text datasets, LLMs develop a broad
understanding of language and robust generative capabilities, enabling them to address diverse
user needs and produce more natural, human-like responses (Rahwan et al., 2019). Moreover,
LLMs can be fine-tuned for specific tasks, allowing them to engage in highly context-aware and

nuanced dialogues, further enhancing their practical utility (Dong et al., 2023).

Governments across the globe are integrating large language models (LLMs) and generative Al
into public service systems, aiming to enhance efficiency and innovation. In the United States,
the General Services Administration (2023) has introduced policies to facilitate access to

generative Al technologies, supporting their integration into public service delivery. Similarly,



China’s State Council (2024) emphasizes the transformative potential of emerging technologies,
including big data, blockchain, and artificial intelligence, advocating for a shift from manual
processes to human-computer interaction and from experiential judgment to data-driven
decision-making. On a more localized level, the Anhui Provincial Government (2023) has
unveiled plans to advance LLM adoption through extensive training programs, public awareness
campaigns, and strategic research facilitated by government procurement. Additionally, Anhui
aims to construct intelligent computing centers, including specialized government platforms, to
support these technological advancements. These initiatives highlight a global trend toward

leveraging LLMs to revolutionize governance and public administration.

In the realm of public services, research has extensively compared large language models
(LLMs) to traditional chatbots, focusing on their differences in versatility, privacy, efficiency,
and cost. Among these, LLMs such as GPT-3 stand out for their exceptional versatility in
addressing diverse public service applications. Leveraging their ability to comprehend and
generate natural language, LLMs can handle a wide array of tasks, from automating responses to
public inquiries to drafting complex policy documents. Rahwan et al. (2019) underscore LLMs’
adaptability to various contexts and tasks—an advantage far beyond the limited, predefined
responses of traditional chatbots. For instance, when equipped with relevant data and minimal
prompting, pre-trained LLMs have demonstrated the ability to perform highly specialized
functions, such as detecting inconsistencies in legal frameworks (Nay et al., 2024) or resolving
disputes in online settings (Westermann et al., 2023). These capabilities highlight LLMs’
potential to revolutionize public service delivery, setting them apart as a transformative tool in

governance and administration.

Also, privacy preservation remains a critical concern in the use of LLMs for public service,
highlighting both risks and emerging solutions compared to traditional chatbots. Peris et al.
(2021) highlight the significant privacy risks associated with LLMs, including their tendency to
memorize and potentially disclose sensitive information. This characteristic raises concerns
when deploying LLMs in contexts where confidentiality is paramount. In contrast, traditional
chatbots, with their limited functionality and narrower scope, inherently reduce the likelihood of

such breaches, as they process and store less complex data. However, recent advancements in



privacy-preserving technologies, such as federated learning and differential privacy, are
beginning to address these challenges. These techniques allow LLMs to perform their functions
without directly accessing or storing sensitive information, creating a pathway to harness their
powerful capabilities in public service while minimizing privacy risks (Adnan et al., 2020). By
integrating these safeguards, governments and organizations can confidently explore LLMs as

tools for innovation in public administration.

In addition, efficiency is a key advantage of LLMs in public service, encompassing both the
speed and contextual accuracy of their responses compared to traditional chatbots. Kumar et al.
(2023) demonstrate that LLMs can produce high-quality responses more rapidly, streamlining
interactions in public service contexts. This efficiency extends beyond speed, as LLMs excel in
generating relevant, contextually appropriate responses—a critical feature for handling the
diverse and complex inquiries often encountered in public administration. Zhang et al. (2023)
emphasize the importance of contextual understanding in public service applications, where the
ability to process nuanced language and provide precise answers can drastically improve user
satisfaction and operational effectiveness. By integrating LLMs into public service systems,
governments and organizations can achieve the dual benefit of faster service delivery and

enhanced response quality, positioning LLMs as a transformative tool for modern governance.

LLMs incur high initial costs, their scalability and multitasking capabilities position them as a
cost-effective solution for public service in the long term. For instance, GPT-4’s training cost
over $100 million (Meyer, 2024). Treviso et al. (2023) further detail the considerable expenses
associated with data acquisition, processing time, storage, and energy requirements for training
LLMs. Deploying pre-trained LLMs in public services also incurs ongoing costs, such as
maintaining computational resources, conducting training, and supporting operations. In contrast,
traditional chatbots demand less computational power and are generally more cost-effective for
narrow, task-specific applications. However, the scalability and multitasking capabilities of
LLMs can offset these initial expenses by reducing redundancy and improving operational
efficiency over time. Mani et al. (2023) argue that this long-term cost-effectiveness makes LLMs
a viable and transformative investment for governments aiming to modernize public service

delivery.



The comparative analysis underscores both the advantages and challenges of deploying LLMs in
public services, presenting a compelling case for their transformative potential despite certain
trade-offs. Technological advancements, such as privacy-preserving techniques, and strategic
planning, like optimized resource allocation, can effectively mitigate privacy concerns, ensuring
secure implementation. Moreover, while the initial deployment of LLMs entails substantial costs,
their long-term efficiencies and scalability significantly offset these expenses, offering economic
profitability that traditional chatbots cannot achieve. These comparisons demonstrate that LLMs
hold considerable promise for application in public services, providing governments with a
powerful tool to enhance operational effectiveness and citizen engagement. By carefully
balancing incentives and concerns, the deployment of LLMs emerges as a promising and

innovative direction for modern governance.



Dimension Large Language Models (LLMs) Chatbots

Deep learning using Transformer neural Rule-based, retrieval-based, or simple machine
Algorithm networks learning models
Versatility High Low
Privacy More privacy concerns Fewer privacy concerns
Efficiency Efficient for simple and complex tasks Less efficient, insufficient for complex tasks
Cost per Substantial for deployment, low for Low for deployment but substantial for
request long-term adjustment long-term adjustment

Table 1. Comparison between LLMs and Chatbots

While existing research has focused on enhancing the technical performance and cost-efficiency
of LLMs, their practical application in public sector contexts remains underexplored. Existing
studies often evaluate the social application of LLM within controlled laboratory environments,
relying on technical metrics such as Fl-scores, precision, and recall as benchmarks for success
(Costello et al., 2024; Luo et al., 2024; OpenAl, 2023). While these studies provide valuable
insights into the technical potential of LLMs, they do not fully capture the complexities and
unpredictable challenges of real-world implementation, particularly in the public sector. The
sanitized conditions of laboratory settings may overlook critical factors such as diverse user
needs, policy constraints, and integration with legacy systems. Consequently, the tangible impact
of embedding advanced LLMs into public sector mechanisms remains insufficiently understood,

highlighting an urgent need for empirical research in real-world public service contexts.

Al in Government Globally

The adoption of Al in public sectors has accelerated in recent years, encompassing a diverse
range of transformative applications. These advancements include Al-driven process automation
systems, virtual agents, cognitive robotics, and autonomous systems designed to streamline

operations and enhance efficiency (Ahn & Chen, 2020; Wirtz et al., 2019). Beyond these



foundational technologies, Al adoption also extends to recommendation systems and intelligent
digital assistants that improve decision-making and service delivery. Moreover, Al is
increasingly applied in critical sectors such as public safety, healthcare, education, and urban
planning, where its potential to analyze data, predict outcomes, and optimize resources is
transforming traditional approaches(Wirtz et al., 2019; Dwivedi et al. 2021; Nasseef et al. 2022).
This multifaceted integration underscores the growing reliance on Al as a key driver of public

sector innovation, paving the way for more efficient, accessible, and effective governance.

Governments worldwide are leveraging Al to enhance governance while grappling with its
ethical challenges and implications for accountability. Governments are increasingly adopting Al
to bolster administrative capacity, streamline decision-making, and enhance citizen-government
interactions (Medaglia et al., 2023; Medaglia & Tangi, 2022). Al's transformative potential offers
significant benefits to public governance, from automating routine tasks to providing data-driven
insights for policy decisions. However, as a double-edged sword, Al also raises pressing ethical
concerns. These include fears of human replacement in critical roles, the opacity of Al-driven
decision-making, and questions about accountability for decisions made by autonomous systems
(Boyd & Wilson, 2017). Given these complexities, government agencies must approach Al
adoption strategically, balancing its advantages against potential risks. This requires
implementing robust regulatory frameworks, fostering transparency in Al systems, and ensuring

that ethical considerations are integral to their deployment.

The adoption of Al in the public sector is accompanied by unique legal, ethical, technical, and
societal challenges, distinct from those of earlier IT innovations. Research indicates that many
obstacles to Al adoption mirror those encountered during the introduction of earlier information
technology (IT) innovations, as both can introduce uncertainty and disrupt established
governance processes (Selten & Klievink, 2024; Meijer, 2015). However, Al differs from
traditional IT innovations in its capacity for autonomous behavior, often encapsulated by the
“black box” phenomenon, which obscures the inner workings of Al systems and complicates
monitoring and regulation (Radanliev & De Roure, 2023; Burrell, 2016). This opacity brings a
tension between exploiting Al’s capabilities and exploring its implications, amplifying concerns

related to transparency, accountability, data security, and ethical governance (Grimmelikhuijsen



& Meijer, 2022; Selten & Klievink, 2024). Addressing these unique challenges requires a
nuanced approach that balances innovation with safeguards to maintain trust and accountability

in public administration.

Additionally, the political context is curcial in shaping the adoption and governance of Al, as
countries align technological strategies with national priorities and global competitiveness. Both
developing and developed countries recognize Al's potential to enhance administrative efficiency
and secure a competitive edge in the global economy. For instance, China and the United States
have made significant investments in Al-driven governance, leveraging its capabilities to
improve public services while simultaneously solidifying their leadership in the global Al race
(Wirtz et al., 2019). Similarly, Europe has carved out a strategic approach by emphasizing the
use of data from enterprises and government entities to fuel Al innovation, positioning itself as a
key player on the global stage (Groth & Straube, 2021). These examples illustrate how the
intersection of technological advancement and political priorities shapes Al adoption, reflecting

broader national goals and international aspirations.

Political structures and cultural values significantly influence the determinants and approaches to
Al adoption, shaping distinct pathways across different regions. For example, research shows
that individualism culture is positively associated with the development of open government data
initiatives, which is closely associated with how Al systems are adopted (Zhang et al., 2023).
Similarly, public expectations and trust in data-driven technologies in England are conditional,
with a strong emphasis on transparency, inclusiveness, and accessibility (Wong et al., 2023). In
China, prior studies highlight that vertical administrative pressure, driven by directives from
higher levels of government, and horizontal competition pressure among local governments are
key factors influencing technological innovation (Wang et al., 2022). Conversely, in Europe, the
integration of Al within government sectors is shaped by a complex interplay of environmental,
organizational, and contextual factors, underscoring the importance of high-quality data as well
as interconnected institutional dynamics (Mikalef et al., 2023). From a cultural perspective, the
policy cycle further illustrates how deeply embedded societal values impact Al governance. In
the United States, the Protestant ethic emphasizes individual responsibility and decentralized

innovation, influencing technology policies to prioritize autonomy and market-driven



advancements. In contrast, China’s Confucian ethics, central to its development strategy,
advocate for centralized authoritarian guidance, balancing the push for Al innovation with the
imperative to maintain social stability (Hine & Floridi, 2024). These variations demonstrate how
political and cultural contexts create divergent strategies for integrating Al into governance,

reflecting broader societal goals and priorities.

Institutional Logic Perspective

Cross-sector collaboration has been long discussed as an effective way of improving the quality
of public service (Bryson et al. 2006; Emerson 2012; Quélin et al. 2017). Different stakeholders
own different resources and knowledge, and the cooperation between multiple sectors enables
resource integration and functional extension (Gary 1985; Gray and Purdy 2018; George et al.
2024). Cross-sector collaboration has also recently been recoginzed by the existing studies about
technology adoption in the public sector (Wirtz et al. 2019; Mikhaylov et al. 2018; Charles et al.
2022; Williams et al. 2023). In a nutshell, the lack of government in the knowledge of computer

science provides an incentive for effective cross-sector collaboration.

The cross-sector collaboration has the potential to integrate multiple advantages but also leads to
new problems of coordination and conflicts between different sectors. Different stakeholders
have different values (Lounsbury 2007), priorities and risk management strategies (Klijn &
Teisman 2003). For instance, public organizations bear responsibility towards their service
recipients as well as the broader public community, whereas private entities primarily answer to
their shareholders (Nutt 2006). The involvement of multiple stakeholders can also lead to the
failure of technology adoption projects in the public sector (Gauld 2007). In a similar vein, the
ignorance of coordination difficulty between multiple stakeholders in overall planning renders
ineffective budget and time control (Anthopoulos et al. 2016). Also, effective and fair
negotiation was undermined by the unequal power relationship between different stakeholders

(Curtis 2008).

Institutional logic provides a helpful framework for us to understand the sources of conflicts
between the stakeholders from different sectors (Baxter et al 2023). The perspective of

institutional logic facilitates our comprehension of organizations by examining the interrelations



between individuals, organizations, and society within the confines of an institutional
environment (Friedland 1991). These logics not only underscore the interconnectedness that
promotes collective goals and solidarity across an organizational landscape but also highlight the
inherent diversity, as manifested through the presence of simultaneous, competing paradigms
(Reay and Hinings 2009). The binding of different logic also deeply affects the quality of the

cooperation process and the eventual outcome of the project.

Some adaption is required when contextualizing? this theory to analyze the cross-sector
collaboration in China. Despite a few exceptions (Zhou et al. 2017; Zhu et al. 2021), the
institutional logic theory has predominantly focused on the institutional logic of democratic
governments within developed nations (Thornton et al. 2012; Ma et al. 2022). As Vogel et al.
(2022) suggest, the framework of governmental logic is tailored to democratic systems and does
not universally apply to authoritarian regimes. China is an authoritarian state, and the logic of
government is political incentive rather than the incentive of bottom-up accountability. To note, it
does not mean the Chinese government is not responsive, as suggested by the previous studies
(Chen et al. 2016), but rather indicates that state actors in authoritarian states may share different
sources of legitimacy with their counterparts in democracies. Second, given the primacy of
inter-personal relationships/connections? (or guanxi) in Chinese society (Yan 1996), the
communication and trust-building process may also vary from the situation in Western society

and the importance of relational leadership should be further emphasized (Kinder et al. 2021).

In this study, we focus on the collaboration between the government and experts in developing
an innovative pattern for resolving the public’s complaints by using generative Al, and more
specifically, the Large Language Model. Depart from cross-sector collaboration largely focuses
on public-private sector collaborations (Petrescu 2019), here we examine the interplay between
the government and the expert in the public service upgradation process. As an exploratory
study, we do not aim to illustrate all the potential challenges, but to explore how the different
logics of the government and experts interact and jointly shape the resolution of prominent
challenges. Several strategies were also indicated by the previous studies as effective ways of
facilitating cross-sector collaborations, such as the cultivation of Facilitative leadership (Day et

al. 2014), social capital (Smith et al. 2004), shared objectives (Boyne and Chen 2007) as well as



knowledge gathering and sharing (Chen and Lee 2021). While these strategies have been
identified as powerful catalysts for cross-sector collaboration, their implementation is not
universally straightforward or feasible in all contexts. This paper delves into the specific
challenges and nuances of applying these approaches within the Chinese context, highlighting
the complexities of building effective cross-sector collaborations in developing generative

Al-based service projects in the public sector.

The development of Language Model (LLM)-based services in the public sector is influenced by
the coexistence of state and professional logic. These dual logics often generate both synergies
and tensions, influencing the strategic choices of government agencies (Thornton et al., 2012;
Scott, 2008). Unlike private organizations, government bodies do not merely respond to
institutional logic; they are pivotal in shaping this logic, wielding both regulatory powers and the

responsibility of public service (Waardenburg et al., 2020; Greenwood et al., 2011).

State logic typically prioritizes governance, regulatory compliance, and public accountability,
aligning closely with bureaucratic principles that emphasize control and standardization (Meyer
& Rowan, 1977). On the other hand, professional logic in the context of LLM services
champions innovation, technical excellence, and adaptability, often driven by advancements in
artificial intelligence and computational linguistics (Pache & Santos, 2013). The tension between
maintaining regulatory standards and fostering innovation is a central challenge in this domain

(D1 Domenico et al., 2010; Gray & Purdy, 2018; Ma et al., 2022).

Faced with institutional pressures rooted in single or multiple logics, the actors still own the
autonomy to select different strategies to respond. Oliver (1991) identifies five strategic
approaches that organizations may adopt when confronted with external pressures: acquiesce,
compromise, avoid, defy, and manipulate. The “acquiesce” strategy involves full compliance
with external demands or norms, reflecting a passive acceptance. In contrast, “compromise|”
denotes a negotiation process where the organization seeks a middle ground to partially satisfy
both its interests and external expectations. The “avoid” strategy is characterized by efforts to
circumvent the necessity of conforming, such as concealing non-compliance or buffering the

organization from external scrutiny. The strategy “Defy” represents an open challenge to external



pressures, where the organization actively resists or rejects imposed demands. Lastly, the
“manipulate” strategy entails attempts to influence or control external institutions or stakeholders

to align them with the organization’s objectives.

Research on decoupling strategies suggests that government agencies might symbolically adopt
innovative practices to satisfy professional logic while substantively adhering to state logic to
maintain legitimacy and compliance (Boxenbaum & Jonsson, 2017). However, an emerging
strategy is the integration of these competing logics. This approach not only enhances the
legitimacy of government initiatives but also ensures that innovations are robust and compliant

with established norms (Lounsbury, 2007).

Professionalization within government entities that manage LLM-based services is also critical.
This involves adopting strategic planning, independent evaluations, and rigorous standards to
align with both state and professional logic (Hwang & Powell, 2009). Such professionalization is
essential to navigate the complexities of implementing technically advanced services that meet

both administrative mandates and evolving technological standards.

Research Design

As one of the most advanced algorithms, LLM still has not been widely adopted in the
government sector. Thus, we selected a single-case approach to provide detailed insights into a
specific instance of collaboration between bureaucrats and experts in LLM adoption in public
service. This case is suitable for a single-case study because it represents a pioneering effort to
deploy LLMs for public service within a unique institutional and governance context, combining
the practical challenges of authoritarian governance with the technical complexities of Al
adoption. Single-case studies are commonly used in public administration research to explore
rare, noteworthy, or particularly illustrative phenomena. This case is uniquely positioned to
contribute because it captures both the political and technological nuances of LLM adoption in a
moderately developed region, offering insights that extend beyond high-profile cases in
developed nations. This case, a partnership between a Chinese local government and experts
offers an opportunity to explore how the complexity of differing institutional priorities influences

the adoption of LLMs.



Case Description

The case focuses on the development of an LLM-based public service platform aimed at
improving the classification and response to citizen complaints . The project involved multiple
phases of collaboration between government officials and technical experts, highlighting distinct
institutional priorities and negotiation strategies. The case is particularly relevant for
understanding the challenges and strategies of integrating LLMs into public administration
within an authoritarian governance context in the Global South. This collaboration is
contextualized in a small city J in a province of moderate development in China. J is located in
the north of China with a gross domestic product (GDP) per capita (2023) of around 13,300 US

dollars and a population of 4.67 million.

In our case, the development of the LLM application is driven by a multi-stakeholder
collaboration involving officials, a university professor, experts, and government technicians
with varying interests and responsibilities. The project is initiated by officials who define
strategic objectives, allocate resources, and provide endorsement. Then, a university professor
introduces its students to this task and ensures coherence in project objectives and resource
allocation. As experts in this field, the professor’s graduate students translate government
requirements into actionable solutions, including requirement analysis, feasibility assessment,
LLM development, and validation. Finally, government technicians oversee the technical
implementation and ensure alignment with the government’s demand. Upon project completion,
they assess security, risks, and quality. Overall, this multi-stakeholder collaboration reflects
diverse institutional interests that collectively shapes the adoption of LLMs in public service,

which can be understood through the perspective of institutional logic.

This study employed a combination of semi-structured interviews, participant observation, and
document analysis. First, 26 semi-structured interviews were conducted with government
officials and technical team members to explore their perspectives on the evolving collaboration.
These interviews focused on several key aspects of LLM application development and
deployment, such as safety, compliance, and efficiency, as well as technical concerns, including

model performance, hallucination mitigation, and censorship integration.



Second, participant observation was employed to document real-time interactions during
meetings, technical development sessions, and feedback discussions. This approach provided
valuable insights into decision-making processes, the negotiation of competing priorities, and the
power dynamics inherent in the collaboration. Observations were recorded as detailed field
notes, which were periodically reviewed to identify patterns and themes. This method
complemented the interviews by capturing the subtleties of stakeholder behavior and

organizational culture that might not be explicitly articulated.

Third, document analysis further enriched the study by providing contextual and triangulated
data. Key documents, including policy guidelines, project progress reports, preliminary test
results, and meeting minutes, were analyzed to understand the institutional framework within
which the LLM was being developed. Document analysis also offered insights into the technical
specifications of the implemented models and recorded stakeholder feedback on the iterative
adjustments made during the project. This method ensured that the study was grounded in both
formal documentation and participants' narratives, enhancing the reliability and validity of the

findings.

Ethical considerations in this study centered on stakeholder engagement and data collection.
Government bureaucrats and university scholars provided informed consent after being briefed
on the study’s objectives, scope, and methodology. Participants were explicitly informed of their
right to withdraw at any stage without repercussion, ensuring voluntary participation.
Researchers addressed potential power imbalances by encouraging open communication and
valuing participants’ perspectives throughout the research. Moreover, confidentiality was
prioritized by anonymizing and securely storing sensitive data, such as complaint records and
internal documents. Respectful and constructive interactions were emphasized to align with
stakeholder expectations and institutional norms. Reflexivity was a guiding principle; the
research team critically examined their own roles and potential influences on the findings.
Finally, participants were regularly consulted and invited to review preliminary results, fostering

mutual accountability and bolstering the study’s reliability.

Collaboration Process



The collaboration process consists of four phases:

1. Planning (January—March 2023)

The collaboration began with the government seeking technical support to address an
overwhelming influx of citizen complaints related to post-pandemic urban challenges, such as
infrastructure inadequacies and consumer grievances. The initial goal was to automate and scale
the classification of complaints while ensuring compatibility with limited computational

resources.

2. Model Training I: Knowledge Graph-Based Model (March—June 2023)
The technical team proposed a knowledge graph-based classification model capable of efficiently
categorizing complaints in real time. This solution demonstrated satisfied performance in

high-demand scenarios and met government requirements for low-resource environments.

3. Model Training II: LLM-Based System Development (June-November 2023)

As the government’s needs evolved, the focus shifted to creating a large-scale, robust
LLM-based customer service system with enhanced generalization and user interaction
capabilities. The solution integrated the original classification model with a large language model

(LLM) to improve response accuracy and user experience.

4. Deployment and Evaluation (November 2023—March 2024)

The government evaluated the LLM’s performance, emphasizing data security, user privacy, and
content control. In response, the technical team implemented privacy-preserving measures,
refined the model to ensure legal and ethical compliance, and optimized it for efficient

deployment in resource-constrained environments.
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Findings

Through interviews with the project team from University A and the government officials they collaborated with,
our findings indicate several challenges in the different stages of developing LLM services in government:
fundamental model selection, generated content security, user privacy, and functional versatility. These challenges
reflect concerns about cost, ethics, and functional performance of the LLM project, revealing both sharedand
divergent perspectives due to different institutional logic. Our findings also demonstrate that multiple strategies can
be adopted by the project team to cope with the tensions between them and government officials. It is important to
note that these strategies should not be interpreted as separate prescriptions for individual challenges but rather as

intercorrelated approaches, as we will show later.
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Model Selection With Multiple Expectations

The lack of technical knowledge about LLMs left the government confused about appropriate techniques and

specific formats for government services based on LLMs. Initially, the government planned to develop a project to

automatically classify complaints into different categories. For example, the model could act as a telegraph recipient,

correctly sorting and sending the public’s requests to the appropriate government departments. For instance, the

model should be capable of sending a request like “Pothole on Main Street needs repair” to “Municipal Engineering

Administration.”



The government formulated an initial plan using WeChat small programming (#{5/)Nf£/¥) as a front-end interface
and a knowledge graph as back-end technology . They gathered examples of knowledge graph-based WeChat
chatbots from big cities such as Beijing and Shanghai, aiming to develop a similar service. Although government
officials are aware of recent technological breakthroughs in LLMs, they are reluctant to adopt LLMs in their service
due to concerns about data security and model hallucination. The government officials has explicitly expressed that

theyprioritize safety in public services.

The university team adopted a “challenge” strategy regarding the fundamental technology for the project. They
proposed using LLMs based on considerations of the government’s long-term digitalization strategy and their own
research needs. The university team agreed that the knowledge graph approach is more mature, stable, and
transparent than LLMs, with lower computational and latency costs when handling user inquiries, but they were also
aware of its weaknesses, particularly its lack of conversational capacity and versatility.Since the service will
eventually deal with complaints from the public, responsiveness is crucial for appeasing worries and increasing

public satisfaction.

Regarding service development costs, although the knowledge graph approach is cheaper than the LLM approach, it
cannot fully replace human staff working in the hotline system responsible for responding to public requests.
Therefore, the university team recognized the potential of LLMs to replace human staff as request recipients, with

the capacity to be easily upgraded with multi-modal data processing capabilities.

They recognized and acknowledged the government's concerns regarding the high costs associated with training
models using the LLM approach. By openly sharing and discussing these concerns, the university team
demonstrated their understanding and empathy towards the government’s position. However, the university team
highlighted the tradeoff between local and aggregate costs, noting that while the knowledge graph requires less
upfront cost, it cannot replace human receptionists. They also referenced documents issued by central and provincial
governments promoting Al to reinforce public services in persuading local officials. Since LLMs represent
significant Al breakthroughs, their adoption aligns with government directives to improve service quality through

Al

The university team emphasized that adopting LLMs could bring additional benefits for the local government, such
as evidence of their efforts to comply with upper-level authority directives and potential awards for leading in public
service delivery improvements compared to their peers. In summary, the increased performance, long-term cost
reduction, and potential demonstration of commitment to implementing top-down directives convinced the

government to eventually agree with the university team’s proposal to use LLMs.

Incoporating Digital Censorship in The Service Al



The university team and the government initially had different understandings of model security. The university
team primarily focused on mitigating the model’s hallucinations and addressed this issue by adding an information
retrieval module before generating content. This module acts as a reference book for the LLM to consult when
queried by users, significantly improving the model’s classification accuracy compared to versions without this
module. Conversely, the government was concerned not only with content accuracy but also with political safety.
They questioned whether the content generated by the model would align with official ideology, especially on topics

related to China’s political system and leaders, and the guidelines issued by the central propaganda department.

The university team adopted an acquiescence strategy toward the government’s request to add a ‘censorship’
module. To avoid generating politically incorrect answers, the university prepared a dictionary of politically
sensitive words. If a user’s prompt includes any of these sensitive words, the model will not generate any related
content. For example, if a user asks, “How do you evaluate China’s political system?” the presence of the sensitive
term “political system” will prevent the model from generating a response, instead returning a message such as,

“Please try another topic.”

The university team recognized the drawbacks of blocking inputs containing sensitive words. In the short term, this
censorship decreases the service inclusiveness by excluding certain requests. Since the censorship is
dictionary-based, some reasonable requests containing sensitive words might not receive responses. This issue is
particularly pronounced in China, where the public often references central government documents and speeches by
top leaders when petitioning local governments (O'Brien & Li, 1999). In the long term, blocking parts of questions
reduces input diversity, which could jeopardize the quality of training data and potentially affect the model’s

capacity in future generations.

Despite these concerns, the university team eventually agreed to install the censorship module, considering the
government’s perspective on the service’s survival. Government officials persuaded the university team by
highlighting the ‘existential risk’ of generating improper content. They stressed that the service could be suspended
or even terminated if the model produced politically incorrect information, which could also jeopardize the careers
of the officials involved in the project. The university team agreed and prepared a comprehensive list of sensitive
words. In summary, the perspective-taking approach was effectively used by the government to convince the

university team to add a censorship module to the responsive service.

Securing Data Sharing for Effective LLM Training

The university team encountered another issue in the process of model training, specifically the government’s initial
reluctance to share large amounts of data. Although the necessary training data was fully owned by the single
department the university collaborated with, the government only provided 3,000 cases of request data for the
university team to build the model. However, the university team found it difficult to build an LLM with good

classification accuracy due to the lack of data diversity. When the university team communicated with government



officials to request more data, the government expressed concerns about data security, particularly regarding

potential data leaks.

The university team adopted a challenge strategy by addressing the government’s concerns by emphasizing the goal
of better model performance and the adoption of data and privacy protection measures. They shared the negative
evaluation results of the model trained only on 3,000 cases, which showed only 50% classification accuracy. They
also clearly demonstrated the gradual improvement in model performance with more data fed into the model. Based

on this solid evidence, the government realized that data scale is crucial for improving model performance.

The government’s willingness to share data further improved when the university team introduced additional
measures to remove personal private information before feeding data into the model. For example, they showed how
user information was anonymized before and after the data cleaning process. The university team also informed the
government about privacy protection measures implemented when the model was queried. The portal website

employs secure access controls and anti-scraping techniques to safeguard data access.

Open Source vs. Commercial Models for Government Services

The fundamental model for the service is an open-source LLM, based on a consensus between the government and
the university team. Using open-source or commercial models for building government responsive services comes
with distinct advantages and disadvantages. One key difference is performance. Compared to open-source models,
commercial LLMs generally exhibit more powerful capabilities in text generation, reasoning, and other aspects,
according to comprehensive evaluations. However, commercial LLM providers charge users for access to their most
advanced models, significantly raising costs if used as the foundation for government services. Additionally, the use

of LLMs poses risks related to data leakage, which can threaten the privacy of the general public’s request data.

Another challenge with commercial LLMs, such as those provided by OpenAl, is that they are banned in some
authoritarian states, making it difficult, if not impossible, for governments in these countries to develop their
services using OpenAl’s API. Even if the government could access OpenAl’s API using VPN techniques, it remains
highly unstable since OpenAl continuously monitors and bans API requests from prohibited countries, even those
disguised via VPN. The university team thoroughly introduced the advantages and disadvantages of both
open-source and commercial LLMs to the government. After careful consideration, both sides agreed to use an

open-source LLM.

Unsettled Debate: Ranking Requests Based on Emotion

The university team and government officials also had a disparity over the issue of prioritizing requests based on the
emotions expressed within them. Delivering public services to those in urgent need is an effective way of
administrative resource allocation, and urgency can be reflected through the emotional appeals within the text of

requests. Additionally, incorporating emotion enables the model to provide responses that address both the specific



requests and the emotional states, such as anger and anxiety, expressed by the users. The university team argued that
performing sentiment analysis on text is technically feasible and would not generate substantial costs by adding a

function to display the sentiment scores of citizens’ requests.

However, government officials expressed concerns about the potential negative effects of incorporating sentiment
analysis for ranking requests. They pointed out that using sentiment scores to determine priority could lead to a
moral hazard where users might exaggerate the urgency of their requests. Additionally, they noted that the emotion
in requests is not solely dependent on the issues reported but is also influenced by the tones of the request senders,
which is highly personalized. Although the government acknowledged the potential benefits of using emotion to

rank requests, they insisted it might not be suitable for implementation at the initial stage.

The university team and government officials adopted a strategic suspension approach regarding the issue of
emotional analysis. Both sides agreed that emotional analysis for priority ranking requires more research and
deliberation. More importantly, there are other ethical problems that both sides do not yet have agreed answers to,
which is similar to the debate about AI’s role in public administration decision making. However, the both sides also
concurred that these unresolved issues should not delay the project schedule, which was a shared consensus.
Furthermore, the university team plans to conduct more scientific research on this aspect by inviting government
officials to rank the requests and then training a machine learning model to predict priority ranking, an approach that

has been embraced by the government.

Discussion

This study highlights the evolving interplay between bureaucrats and experts in the design and deployment of LLM
based AI application in Chinese public sector. The collaborative development process revealed both synergies and
tensions stemming from institutional logic differences. While LLMs offer tremendous versatility and efficiency in
automating public service functions, the study found significant challenges in areas such as model security, data

sharing, and alignment with government priorities.

By leveraging the theoretical lens of institutional logic, our findings address key gaps in the literature. Specifically,
while existing studies have predominantly focused on the technical and infrastructural prerequisites for Al adoption
(De Vries, Tummers & Bekkers, 2018; Dwivedi et al., 2021), this research highlights the collaborative processes that
shape the socio-technical design of LLM applications. The study underscores the role of state and professional
logics in influencing decision-making, thereby advancing academic discussions on cross-sector collaboration

(Thornton et al., 2012; Reay & Hinings, 2009).

The findings also challenge the traditional notion of AI adoption as a unidirectional process, wherein technology
reshapes bureaucratic functions (Davenport & Ronanki, 2018; Androutsopoulou et al., 2019). Instead, this study

reveals a bidirectional relationship, where institutional priorities and collaborative negotiations actively shape Al



functionality. For instance, the government’s preference for data security and political stability required
compromises in the technical design, such as integrating censorship modules, which reflect broader socio-political
imperatives. By situating this discussion in the context of LLM adoption, the study provides a nuanced

understanding of how socio-technical negotiations underpin public sector innovation.

In addition, this study reveals the intricate interplay of institutional logics in shaping the adoption of LLMs in the
public sector. Our analysis demonstrates that state logic, characterized by a focus on safety, compliance, and political
stability, often contrasts with professional logic, which emphasizes innovation, technical excellence, and
adaptability. This tension manifested in various stages of the project, such as the negotiation over model selection,
where the government’s cautious approach to data security conflicted with the experts’ push for leveraging
cutting-edge LLM technologies. Ultimately, these negotiations resulted in pragmatic compromises, such as the
adoption of open-source LLMs and the integration of privacy-preserving measures. These findings contribute to the
broader literature by illustrating how competing institutional logics can be reconciled through collaborative
strategies (Lounsbury, 2007; Pache & Santos, 2013; George et al., 2024), including open dialogue,

perspective-taking, and evidence-based decision-making.

Our case also suggests that the adoption of LLMs in public services raises important social and ethical
considerations. First, the automation of administrative functions may reduce demand for certain roles, such as
human request handlers, while creating opportunities for higher-skilled positions. The inclusion of censorship and
sentiment analysis highlights ethical concerns about fairness and bias in algorithmic decision-making. Sensitive
word blocking may exclude legitimate requests, reducing the inclusiveness of public services. In addition, the
reliance on digital infrastructure for LLM services risks marginalizing populations without adequate access to
technology or digital literacy. Ensuring that Al decisions are explainable and accountable remains a significant

challenge. The study emphasizes the importance of regulatory frameworks to monitor and address these risks.

This research underscores the need for robust policies and governance models to support LLM integration. The
governments may need to create guidelines to address ethical concerns, such as censorship and bias, while fostering
innovation. Transparent standards for Al in public administration are critical to maintaining public trust. Effective
integration requires standardized protocols across departments and agencies. Open-source LLMs offer flexibility but
necessitate collaboration to achieve consistent implementation. The interplay between state and professional logics
demonstrates the importance of balancing regulatory compliance with technical excellence. The decoupling and

integration strategies identified here offer valuable insights into navigating these tensions.

Despite providing valuable insights into bureaucrat-expert collaboration on LLM-based public services in China,
several limitations are noteworthy. First, the research is focused on a single case study within a specific local
government setting in China, limiting the extent to which the findings can be extrapolated to other contexts,

particularly in democracies or countries with different institutional logics. The unique political and cultural



environment of China, including its emphasis on centralized authority and ideological alignment, may not reflect the
dynamics in more decentralized or pluralistic governance systems. Second, the study relies heavily on qualitative
data from interviews, which, while rich in detail, may be subject to biases from participants’ perceptions and
interpretations. This approach also limits the ability to draw causal inferences or establish robust patterns across
broader samples. Third, the exploratory nature of the study, while appropriate for uncovering initial insights, does
not allow for a comprehensive analysis of all potential challenges or solutions in adopting LLMs in the public sector.
Finally, the rapid pace of technological development in Al means that some findings may become outdated as new
capabilities and applications of LLMs emerge. These limitations suggest the need for further research across diverse
governance contexts and with mixed-method approaches to strengthen the external validity and applicability of the

findings.

The integration of LLMs into public services requires more research endeavors. A key direction involves exploring
the long-term impacts of LLM adoption on public service delivery, particularly in transformative applications like
real-time citizen engagement and policy drafting. Additionally, unresolved ethical issues demand sustained attention,
especially concerns about inclusivity, fairness, and the implications of censorship modules in Al-driven services.
Addressing these issues is crucial to ensuring that LLM implementations remain equitable and socially responsible.
In addition, it is also imperative to examine the the generalization of our findings; future studies should assess how
insights from this case study can inform LLM applications in diverse governance contexts, including those of
democracies with differing institutional logics. Furthermore, innovative applications of LLMs, such as emotional
analysis, multi-modal data integration, and enhanced citizen feedback mechanisms, present promising avenues for
enhancing public sector responsiveness and efficiency. While challenges persist, the integration of LLMs offers
transformative opportunities. Collaborative strategies that reconcile competing institutional logics, address ethical

considerations, and prioritize scalable solutions are essential for unlocking the full potential of Al in governance.
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