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1  Introduction

The application of Software solutions integrating Large 
Language Model (LLM) across various business areas 
enables the use of natural language to address repetitive 
tasks. Text-based interactions with LLMs are increasingly 
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Abstract
Large Language Models (LLMs) have the potential to automate knowledge-intensive interactions in enterprise systems, 
yet their adoption is often limited. One reason is a lack of user trust. This study examines how trust can be systematically 
engineered into an LLM-driven, multi-agent chatbot that handles routine human-resources (HR) queries. We follow a two-
cycle Design Science Research methodology. Cycle 1 triangulated a systematic literature review with a thematic analysis 
over semi-structured interviews of six employees at a global firm and a confirmatory workshop with five AI experts to 
elicit and validate trust requirements. Cycle II instantiated these requirements in a multi-agent LLM chatbot prototype 
artifact and evaluated whether the artifact satisfies them through controlled user sessions and expert walkthroughs, empha-
sizing perceived usefulness and trust captured in post-task interviews (n = 11) and operationalizing trust via alignment-
oriented measures (faithfulness, answer relevancy, and adversarial robustness). The study yields a refined taxonomy of 
external (transparency, organizational safeguards, third-party security) and internal (model provenance, bias risk, reliabil-
ity) trust factors, identifying reliability as the primary determinant of adoption. The implemented design achieved ≥ 0.86 
on trust-aligned metrics and was endorsed by 9/11 participants as ready for field deployment. These findings demonstrate 
that trust can be proactively addressed through design and offer prescriptive guidelines for software engineers seeking to 
embed LLMs safely and responsibly in socio-technical contexts.
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augmenting [44] or even replacing traditional human-to-
human interactions [6]. LLM-based systems are software 
systems that integrate one or more large language models 
as core components (via API or local runtime) together with 
functionality such as retrieval, memory, added guardrails, 
and user interfaces.

Despite their potential to improve organizational effi-
ciency, the introduction of domain-specific software solu-
tions integrating artificial intelligence (AI) such as LLMs 
often encounters reluctance. Factors such as fear of job dis-
placement, distrust of AI’s perceived human qualities, and 
general skepticism contribute to delays in adopting these 
systems [44, 46]. To overcome these challenges, it is crucial 
to design LLM-based systems that actively build user trust. 
Key performance-related factors — such as accuracy and 
low frequency of hallucinations — have been shown to pos-
itively influence trust [1, 36]. Since these factors are directly 
shaped by system design, thoughtful design emerges as a 
vital strategy for fostering trust in LLM-based technologies.
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Developing autonomous agent systems based on LLMs, 
where agents refer to AI-based entities that have capabili-
ties such as planning, social interaction, and memory [49], 
holds significant potential for positively impacting trust 
factors such as the reliability of the system. Additionally, 
LLM-based autonomous agent systems have demonstrated 
significant versatility [52], highlighting their potential to 
address a wide range of organizational needs. Ideally, a uni-
fied, general-purpose agent-based platform would satisfy 
the diverse requirements of employees across all organiza-
tional roles. In practice, however, developing such compre-
hensive LLM-driven solutions remains stubbornly out of 
reach  [26, 35]. A more pragmatic approach is to engineer 
task- or domain-specific systems that apply LLMs for lim-
ited scopes. When designing such systems, developers face 
a strategic decision: whether to host LLMs on-premise or 
depend on external state-of-the-art model providers. Exter-
nal providers typically offer more capable models than those 
available and affordable for self-hosting, but sharing sensi-
tive organizational data with external actors raises trust and 
compliance concerns. Open-source LLMs, while potentially 
less capable, offer greater control over data location and 
processing, making them a viable option for organizations 
prioritizing privacy and compliance [37].

Multi-agent architectures leverage the collaborative 
abilities of multiple specialized LLM agents, enabling role-
based coordination and task allocation that differ funda-
mentally from single-agent systems [22]. In a multi-agent 
architecture, specialized agents can be assigned distinct 
roles (e.g., retrieval, generation, verification), allowing for 
layered quality checks, iterative refinement processes, and 
explicit source attribution—capabilities that single-agent 
systems cannot easily achieve. This architectural approach 
introduces new trust considerations: users must trust not 
only individual agents but also the coordination mecha-
nisms, the reliability of inter-agent communication, and the 
overall system’s ability to manage task allocation and error 
recovery.

While trust in single-agent LLM systems has been exten-
sively studied and trust dimensions for standalone models 
have been identified (e.g., Huang et al. [24]), this study 
focuses specifically on multi-agent LLM-based systems, 
exploring the factors that influence trust when multiple spe-
cialized agents collaborate to accomplish tasks. Multi-agent 
architectures introduce unique trust considerations—such 
as coordination transparency, agent specialization, and dis-
tributed responsibility—that differ from single-agent trust 
dynamics. Additionally, multi-agent structures can compen-
sate for limitations in individual LLM capabilities through 
collaborative problem-solving [16]. There remains a gap 
in understanding how to systematically engineer trust into 
multi-agent LLM-based systems. Existing trust frameworks 

primarily evaluate standalone models and do not account for 
the interplay between internal trust factors (such as model 
provenance, bias risk and reliability) and external factors 
(such as transparency and organizational safeguards) in 
socio-technical systems with multiple collaborating agents. 
Research on multi-agent orchestration highlights task allo-
cation and memory management challenges [22], yet empir-
ical studies rarely assess how these design choices affect 
user trust or adoption.

This paper aims to systematically engineer trust into 
multi-agent LLM-based (MALLM) systems by: (i) identi-
fying trust factors specific to multi-agent contexts through 
empirical investigation, (ii) instantiating trust requirements 
in a concrete multi-agent architecture, and (iii) evaluating 
whether the implemented mechanisms satisfy those require-
ments. Through a combination of literature review, inter-
views, and expert workshops, we identify key trust factors 
relevant to MALLM systems. Employing a design science 
research approach, we present an artifact: an open-source 
multi-agent LLM-based HR chatbot designed to answer 
questions related to HR guidelines and employment infor-
mation, with trust factors integrated into its design. The 
artifact is evaluated using both qualitative and quantitative 
methods.

This work differentiates itself from existing research in 
several key ways. Unlike trust frameworks that evaluate 
standalone LLM models [24, 36], we focus on complete 
multi-agent systems and the interplay between internal and 
external trust factors in socio-technical contexts. Unlike 
multi-agent orchestration research that emphasizes scal-
ability and fault tolerance [22, 34, 48], we systematically 
map design choices to trust requirements and evaluate 
their impact on user trust. This differentiation contributes a 
practical methodology for developing and evaluating trust-
worthy MALLM systems, with explicit guidelines for map-
ping requirements to design decisions and assessing trust 
outcomes.

Our study adopts a design-science stance: we first iden-
tify trust requirements for LLM-based HR support (via lit-
erature, interviews, and a workshop), then instantiate those 
requirements in a multi-agent artifact, and finally evaluate 
whether the artifact meets them using alignment-oriented 
metrics and qualitative feedback. The evaluation is thus 
requirement-driven rather than competitor-driven.

This paper is outlined as follows: Sect. 2, Background, 
introduces the fundamentals of trust and its relationship to 
LLMs while Sect. 3, Related Work, presents the literature 
and research gap, including studies on trust in AI and multi-
agent architectures. The study follows a two-cycle design 
science approach detailed in Sect. 4, Method, capturing an 
understanding of trust in LLMs by literature review, the 
collection of perceptions in support of thematic analysis, 
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workshops, as well as the creation and evaluation of a 
MALLM chatbot prototype. Sections 4.4 and 5 present the 
two design science cycle designs and findings. Section 7, 
Discussion, then explores the findings implications and 
notes threats to validity of the study. Finally, Sect. 8, Con-
clusions, summarizes and concludes the paper raising future 
work directions.

2  Background

We introduce here foundational concepts relevant to our 
study, including definitions of trust, large language models 
and prompt engineering, hallucinations and retrieval aug-
mentation, multi-agent systems and their orchestration, and 
evaluation techniques.

2.1  Trust and digital systems

Trust is the relationship between a party that relies on some-
thing (the trustor) and the entity being trusted (the trustee). 
It has been studied in organizational theory and sociology to 
understand how uncertainty, vulnerability and dependence 
create the conditions for trust to emerge [29, 38]. Trust in 
automation has further been extensively studied in human 
factors research. Lee and See’s foundational work empha-
sizes designing systems for appropriate reliance—where 
users neither over-trust nor under-trust automated systems 
[31]. Hoff and Bashir’s comprehensive review integrates 
empirical evidence on factors that influence trust in auto-
mation, identifying key antecedents such as system perfor-
mance, transparency, and user experience [23]. In enterprise 
settings, these elements manifest when employees depend 
on automated systems for sensitive or complex informa-
tion. Trust is often discussed at different levels—individual, 
interpersonal, relational, and societal—but the focus here is 
on the one-way relationship between a user and a technical 
artifact. A system is trusted when it is perceived as reliable, 
transparent and safe, and when organizational safeguards 
protect the trustor from errors or misuse.

2.2  Large language models and prompt 
engineering

LLMs are neural networks trained on vast text corpora to 
create statistical models that predict sequences of tokens. 
Text is first tokenized—broken into discrete units (tokens) 
that may represent words, subwords, or characters—and the 
model learns patterns from these token sequences. Given 
an input sequence (such as an incomplete sentence, ques-
tion, or command), an LLM predicts the most likely next 
tokens based on statistical patterns learned during training. 

This autoregressive process—generating one token at a 
time, conditioning each prediction on the previous tokens—
enables LLMs to produce coherent text that appears to 
understand and respond to natural language, even though 
the underlying mechanism is probabilistic token prediction 
in high-dimensional numeric spaces rather than semantic 
interpretation.

Models such as BERT and ChatGPT popularized dif-
ferent architectural approaches: BERT uses bidirectional 
attention to understand context in both directions, while 
ChatGPT and similar generative models use unidirectional 
attention to generate text sequentially [9, 13]. Despite their 
probabilistic nature, LLMs can effectively answer ques-
tions, summarize documents, and perform complex reason-
ing tasks, making them attractive for automating knowledge 
work. The performance of an LLM depends heavily on the 
prompt—the input sequence that conditions the model’s 
token predictions. Prompt engineering techniques, such as 
using delimiters, providing examples, specifying steps or 
output length, and including precise details, help improve 
the relevance and quality of responses by shaping the statis-
tical context that guides token prediction, without modify-
ing the underlying model [33].

2.3  Hallucinations and retrieval augmentation

LLMs occasionally generate unfaithful or incorrect con-
tent, a phenomenon often called hallucination [27]. Hal-
lucinations occur for several reasons: (i) LLMs are trained 
to generate plausible-sounding text based on statistical pat-
terns rather than factual knowledge, leading them to pro-
duce confident but incorrect statements; (ii) training data 
may contain errors, biases, or outdated information that the 
model reproduces; (iii) the model may overgeneralize from 
training examples or fill gaps in knowledge with plausible 
but false information; and (iv) the probabilistic nature of 
token prediction means the model can generate sequences 
that are syntactically correct but factually wrong. Hallucina-
tions manifest in various ways: the model may invent facts 
not present in the input, fabricate citations or sources, pro-
duce contradictory information, or confidently assert incor-
rect details. In sensitive domains such as HR, hallucinations 
pose particular risks: they may reveal or infer personal 
information from training data, generate incorrect guidance 
that leads to poor decisions, or produce outputs that appear 
authoritative but contain private details that should not be 
disclosed.

One way to mitigate hallucinations is retrieval-aug-
mented generation (RAG), which grounds responses in 
external knowledge sources. In RAG, “external sources” 
refer to knowledge bases that are external to the LLM’s pre-
trained parameters—such as organizational documents, 
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current safety mechanisms provide only limited protec-
tion against adversarial prompts [45], and researchers 
continue to explore methods for ensuring reliable and 
secure agent behavior [20].

2.5  Evaluation techniques

Evaluating the quality of an LLM system requires both 
intrinsic metrics and human-aligned judgment. Traditional 
software testing typically verifies correctness by comparing 
program outputs against expected values via simple asser-
tions. While LLM-based systems are non-deterministic and 
may produce multiple acceptable responses, non-determin-
ism itself is not the primary verification challenge—sto-
chastic systems have been successfully verified long before 
LLMs were engineered [14]. The fundamental challenge in 
verifying LLM outputs lies in the nature of their output: nat-
ural language is unstructured and subject to interpretation, 
making it difficult to establish objective correctness criteria. 
Unlike structured outputs (e.g., numerical results, boolean 
values, or well-defined data structures), natural language 
responses can be semantically equivalent while using dif-
ferent wording, can be correct in multiple valid ways, and 
require interpretation to assess quality. As a result, evalua-
tion must focus on the semantic quality of the output rather 
than exact string equality. Dobslaw et al. [14] propose a 
faceted taxonomy for testing LLM-based software that dis-
tinguishes between atomic oracles—which check specific 
conditions in a single output—and aggregated oracles that 
assess semantic intent across multiple outputs or by using 
other models as judges.

2.5.1  LLM-as-a-judge

LLM-as-a-judge frameworks exemplify these aggregated 
semantic oracles: one model evaluates another model’s out-
put according to a rubric [53]. Coined by Zheng et al. [53], 
this approach uses LLMs as evaluators for tasks that typi-
cally require human judgment, such as assessing the quality 
of chatbot responses in open-ended dialogue. This addresses 
a key limitation of traditional benchmarks, which often fail 
to capture how well models align with human preferences. 
By contrast, LLM-based judges can offer a scalable and effi-
cient alternative to human evaluation.

To test the viability of this approach, Zheng et al. [53] 
developed two benchmarks. Their findings show that GPT-
4, when used as a judge, agrees with human preferences 
over 80% of the time—comparable to the agreement rate 
between human annotators themselves. While promis-
ing, the study also highlights several limitations, includ-
ing susceptibility to biases (e.g., favoring the first-listed 
response or more verbose answers) and occasional failures 

databases, or up-to-date information repositories that are 
separate from the model’s training data. The typical RAG 
pipeline works as follows: (i) indexing converts exter-
nal sources into vector embeddings and stores them in 
a searchable database; (ii) retrieval identifies the most 
relevant pieces from these external sources based on a 
query; and (iii) generation conditions the LLM on both 
its pre-trained knowledge and the retrieved context [21, 
32]. “Conditioning” an LLM means providing additional 
context (the retrieved documents) alongside the user’s 
query as input, so the model’s token predictions are influ-
enced by both its pre-trained knowledge and the specific 
external information provided. This process allows the 
model to generate responses that are grounded in the 
retrieved context rather than relying solely on poten-
tially outdated or incomplete training data. By grounding 
answers in up-to-date external data, RAG reduces hallu-
cinations and enhances factual correctness [3]. However, 
RAG systems introduce their own risks regarding sensi-
tive information. While RAG can reduce hallucinations 
by grounding responses in controlled external sources, 
it also means that any sensitive or personal information 
present in those external sources becomes accessible 
to the system. If the external knowledge base contains 
personal data, employee records, or confidential infor-
mation, the RAG system may retrieve and include such 
information in its responses, potentially exposing sensi-
tive details that should remain private. This risk is par-
ticularly acute in enterprise contexts where RAG systems 
are deployed over internal documents that may contain 
personal information. Therefore, careful access control, 
data filtering, and privacy safeguards are essential when 
implementing RAG systems in sensitive domains.

2.4  Multi-agent systems and orchestration

Artificial agents are software entities that act autono-
mously, interact with one another and the environment, 
respond to changes, and proactively pursue goals [51]. 
The integration of LLMs into agents enables natural lan-
guage reasoning, memory, and tool use, fostering multi-
agent systems in which specialized agents collaborate on 
complex tasks [49]. Coordination involves orchestrating 
prompts, data retrieval, API calls and state management; 
frameworks such as LangChain and LangGraph pro-
vide libraries for constructing sequential or graph-based 
workflows.1 These orchestration tools simplify the devel-
opment of multi-agent applications by offering reusable 
components, while guardrails monitor inputs and out-
puts to filter harmful or biased content [4, 15]. However, 

1  ​h​t​t​p​​s​:​/​​/​l​a​n​​g​c​​h​a​i​​n​-​a​i​​.​g​i​​t​h​u​​b​.​i​o​/​l​a​n​g​g​r​a​p​h​/
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	– Check whether the factual claims in the actual out-
put contradict any factual claims in the expected 
output (factual contradictions are not acceptable).

	– Heavily penalize omission of detail.
	– Vague language is acceptable. Differences in opin-

ions, preferences, or interpretations (as opposed to 
factual claims) are acceptable and do not constitute 
contradictions.

This approach enables the creation of metrics that are not 
predefined in the DeepEval framework, offering greater 
versatility when evaluating the outputs of LLM systems. 
Together, these approaches emphasize semantic correctness 
and robustness over simple assertion-based testing, bridg-
ing the gap between traditional program evaluation and the 
assessment of language generation models.

3  Related work

This section reviews prior research on foundational trust 
models from human factors research, trust factors in LLM 
systems, challenges in multi-agent LLM systems, collabora-
tion frameworks, and advances in retrieval-augmented gen-
eration filtering.

3.1  Foundational trust models from human factors 
research

Trust has been extensively studied in human factors and 
organizational psychology, providing mature theoreti-
cal frameworks that inform our understanding of human-
technology interactions. Mayer et al.’s integrative model of 
organizational trust identifies three key antecedents: ability 
(competence and skills), benevolence (positive intentions), 
and integrity (adherence to principles) [38]. This model has 
been widely applied across different contexts and provides a 
robust foundation for understanding trust dynamics in orga-
nizational settings.

Rotter’s work on interpersonal trust emphasizes the 
role of trustworthiness and gullibility, highlighting how 
individual differences in trust propensity affect technol-
ogy adoption [42]. In digital contexts, Kelton et al. iden-
tify four levels of trust: individual (inherent trust based on 
experience), interpersonal (social connections), relational 
(emergent from ongoing relationships), and societal (com-
munity-wide trust) [29]. These frameworks establish that 
trust is context-dependent and requires uncertainty, vulner-
ability, and dependence to be relevant.

in evaluating complex tasks requiring precise reasoning. 
Despite these issues, the results suggest that, when care-
fully applied, LLM-as-a-judge can serve as a practical and 
surprisingly reliable proxy for human evaluation in many 
settings. However, these limitations necessitate comple-
mentary human validation, particularly to identify false 
positives (cases where the LLM judge incorrectly rates an 
answer as correct).

2.5.2  DeepEval framework

Frameworks such as DeepEval offer features that build 
on the LLM-as-a-judge idea to provide standardized met-
rics for retrieval-augmented systems [11]. DeepEval is an 
open-source evaluation framework designed to assess the 
performance of LLM-based systems. Among the evaluation 
metrics it offers for RAG scenarios are faithfulness, answer 
relevancy, and contextual relevancy. Originally introduced 
in the RAGAS framework by Es et al. [18], these metrics 
are defined as follows:

	● Faithfulness measures how accurately the generated an-
swer reflects the retrieved context, aiding in identifying 
hallucinations. This metric assesses whether the answer 
is grounded in the provided context rather than gener-
ated from the model’s pre-trained knowledge.

	● Answer relevancy evaluates the degree to which the 
generated response directly addresses the user’s ques-
tion. The metric does not take into account factuality but 
instead focuses on completeness and focus, penalizing 
responses that are irrelevant, incomplete, or verbose.

	● Contextual relevancy assesses how relevant the retrieved 
context used to generate the answer is to the input ques-
tion. The context should be focused and contain as little 
irrelevant information as possible.

DeepEval also provides the capability to create custom 
evaluation metrics through the use of G-Eval [12]. G-Eval 
is a framework that enables the evaluation of outputs based 
on user-defined criteria. For instance, it can be employed to 
assess the correctness of a given output. This is achieved by 
specifying both the evaluation criteria and the correspond-
ing evaluation steps. In our study, we defined a custom cor-
rectness metric with the following criteria and evaluation 
steps:

	● Criteria: Determine whether the actual output is factu-
ally correct based on the expected output.

	● Evaluation steps:
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(and should) be captured as requirements and evaluated sys-
tematically [7]. In regulated, safety-critical settings, ethics-
assurance cases provide another pattern to make confidence 
claims explicit, linking ethical principles, evidence, and 
system constraints in a form familiar to requirements engi-
neering practice [28]. Complementing these application- 
and process-oriented perspectives, TrustLLM synthesizes 
eight trustworthiness dimensions (e.g., robustness, fairness, 
privacy, transparency) and curates benchmarks and evalu-
ation practices for LLMs [24]. In this paper, we treat trust 
requirements as requirement engineering-level properties 
that map to these dimensions (e.g., reliability → robust-
ness/testing; bias risk → fairness/data governance) and we 
aim to make the linkage explicit by (i) eliciting trust-related 
requirements, (ii) mapping them to design decisions and 
safeguards, and (iii) evaluating whether the implemented 
mechanisms satisfy those requirements.

3.3  Challenges in multi-agent LLM systems

As LLM agents collaborate, they introduce unique chal-
lenges that have implications for trust. Research highlights 
four areas requiring attention: (i) allocating tasks to agents 
in a way that exploits their specialized capabilities; (ii) fos-
tering robust reasoning through debate or discussion among 
agents to refine intermediate results; (iii) managing layered 
context and memory so that agents maintain awareness of 
global objectives, local tasks and shared knowledge; and 
(iv) handling different types of memory (long-term, work-
ing, episodic) coherently across interactions [22]. These 
challenges complicate the orchestration of multiple agents 
and call for systematic approaches to task planning, context 
propagation and memory management. Surveys of MALLM 
systems synthesize these challenges within broader work-
flow frameworks encompassing agent profiles, perception, 
self-action, mutual interaction, and evolution [34].

These multi-agent challenges create trust concerns that 
extend beyond those addressed by existing trust frame-
works. While Huang et al. [24] provide a comprehensive 
synthesis of trust dimensions (truthfulness, safety, fairness, 
robustness, privacy, machine ethics, transparency, and intel-
lectual property) for standalone LLM models, their frame-
work does not account for how these dimensions manifest in 
multi-agent systems. For instance, task allocation challenges 
relate to robustness and truthfulness: poor allocation deci-
sions can lead to agents operating outside their capabilities, 
producing incorrect outputs that undermine trust. Reasoning 
through debate among agents touches on transparency users 
need to understand how multiple agents arrive at a consen-
sus, yet current transparency frameworks focus on single-
model explainability rather than multi-agent coordination. 
Context and memory management directly impacts privacy 

3.2  Trust factors in LLM systems

Building on these foundational models, recent work on trust 
in AI identifies several dimensions that influence whether 
users accept machine outputs. Liu et al. [36] and Huang et 
al. [25] conducted extensive literature reviews and devel-
oped taxonomies of trust factors while designing bench-
marks to evaluate LLMs.

Huang et al. [24] provide a comprehensive synthesis 
of trustworthiness in large language models, identifying 
eight trust dimensions based on numerous primary studies: 
truthfulness, safety, fairness, robustness, privacy, machine 
ethics, transparency, and intellectual property. Their work 
synthesizes evidence from a wide range of primary stud-
ies and evaluates their framework across various LLMs, 
providing benchmarks and evaluation practices for each 
dimension. While their work focuses on assessing the mod-
els themselves rather than complete systems incorporating 
them, the trust dimensions they identify remain relevant as 
they ultimately relate to how users perceive and trust LLM-
generated content. Their taxonomy includes truthfulness, 
which emphasizes providing correct information; privacy, 
which is treated as a separate category rather than a subset 
of safety; and transparency, which relates to how openly a 
system communicates how it generates its outputs. These 
dimensions provide a structured framework for under-
standing trust in LLM-based systems, though they primar-
ily address model-level properties rather than system-level 
design considerations.

Other authors propose complementary perspectives. Liu 
et al. [36] categorize trust into reliability, safety, and explain-
ability & reasoning, where reliability refers to accuracy and 
consistency while minimizing errors, safety involves pro-
tecting sensitive information, and explainability & reason-
ing focuses on how well a system can justify its responses. 
Schwartz et al. [43] emphasize openness about system capa-
bilities, limitations, and reliability, as well as the importance 
of a positive first impression to build a trajectory of trust. 
These taxonomies, while varying in their specific catego-
rizations, underpin design guidelines for systems that seek 
to engender trust through clear communication and robust 
safeguards.

While our background has emphasized LLM technol-
ogy, trust has long been theorized and operationalized 
within software engineering and requirements engineering 
contexts. Recent work in software engineering calls for 
grounding studies of “trust in AI assistants” in established 
trust theory and for moving beyond equating trust with mere 
acceptance of generated artifacts [5]. Closer to RE practice, 
Borg et al. elicited concrete requirements for a domain chat-
bot and demonstrated how such requirements can be turned 
into verifiable QA tests—evidence that trust concerns can 
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3.6  Research gap

Despite extensive work on trust taxonomies, multi-agent 
collaboration and retrieval-augmented generation, there 
remains a gap in systematically engineering trust into a 
multi-agent, LLM-driven chatbot for enterprise use. This 
gap emerges from the limitations of existing work in 
these areas:

Trust frameworks for standalone models. Huang et al. 
[24] evaluation practices for LLMs, synthesizing evidence 
from numerous primary studies and evaluating their frame-
work across various standalone LLMs. Similarly, Liu et 
al. [36] categorize trust and Schwartz et al. [43] empha-
size openness about system capabilities and reliability, all 
in single-model contexts. As established in Sect.  3.2, the 
challenges extend beyond those addressed by these single-
model trust frameworks. These frameworks do not account 
for the interplay between internal trust factors and external 
factors in socio-technical systems with multiple collaborat-
ing agents.

Multi-agent orchestration without trust assessment. 
Research on multi-agent orchestration [22] highlights four 
key challenges: task allocation, robust reasoning through 
debate, context and memory management, and memory 
coherence. However, empirical studies in this area rarely 
assess how these design choices affect user trust or adop-
tion, nor do they map these challenges to trust dimensions. 
Surveys of MALLM systems [34, 48] examine collabora-
tion frameworks and system workflows, but they focus on 
scalability, fault tolerance and implementation complexity 
rather than trust implications. The trust concerns raised by 
multi-agent challenges (as detailed in Sect. 3.2) are not sys-
tematically addressed in this body of work.

RAG and filtering advances not applied to sensitive 
enterprise domains. Recent work seeks to improve RAG 
through self-criticism and multi-agent filtering [2, 10]. 
Chang et al. [10] demonstrate improved performance on 
benchmark datasets through specialized agents (predictor, 
judge, final predictor), but these advances have not been 
applied to sensitive domains like human-resources support, 
where accuracy, privacy and reliability are paramount. The 
evaluation focuses on technical performance metrics rather 
than user trust or adoption in enterprise contexts.

Software Engineering trust literature without multi-agent 
system focus. Recent work in Software Engineering calls 
for grounding studies of trust in AI assistants in established 
trust theory [5], and requirements engineering practice 
demonstrates how trust concerns can be captured as require-
ments and evaluated systematically [7, 28]. However, these 
approaches have not been applied to MALLM systems, 
where the complexity of multiple collaborating agents 

and safety: agents may inadvertently expose sensitive infor-
mation through shared memory or context propagation, cre-
ating privacy risks that single-agent systems do not face. 
Memory coherence across interactions affects robustness 
and truthfulness: inconsistent memory handling can lead 
to contradictory outputs that erode user trust. These trust 
implications of multi-agent challenges are not addressed by 
existing trust taxonomies that evaluate standalone models, 
creating a gap in understanding how to design trustworthy 
MALLM systems.

3.4  Collaboration frameworks

Multi-agent collaboration can take several forms. In 
cooperation, agents jointly pursue a shared goal; in com-
petition, agents optimize their own objectives, sometimes 
leveraging adversarial reasoning; and in coopetition, they 
combine collaboration and competition. Collaboration 
can be governed by rules (predefined protocols), roles 
(specialized responsibilities) or models (probabilistic 
decision-making under uncertainty). Three communica-
tion structures are commonly discussed: a centralized 
architecture connects all agents through a coordinator; 
a decentralized architecture distributes control among 
peers with local knowledge; and a hierarchical architec-
ture organizes agents in layers with intermediate super-
visors. Coordination and orchestration architectures can 
be static, relying on domain expertise to define collabo-
ration channels upfront, or dynamic, adapting roles and 
interactions in real-time to evolving tasks [34, 48]. Each 
approach offers different trade-offs in scalability, fault 
tolerance and implementation complexity.

3.5  Advances in retrieval-augmented generation 
filtering

Recent work seeks to further improve RAG by intro-
ducing self-criticism and multi-agent filtering. In self-
retrieval, the model decides when to look up additional 
information and evaluates its own outputs, reducing irrel-
evant citations and improving factuality [2]. An exten-
sion called multi-agent retrieval introduces specialized 
agents: a predictor fetches documents and proposes an 
answer; a judge filters out irrelevant sources based on 
the query and initial answer; and a final predictor synthe-
sizes the final response from the curated evidence. These 
mechanisms operate without retraining the base language 
model and have shown improved performance on bench-
mark datasets [10].
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grounded in employment data and another that references 
HR guideline documents—designed to explore how particu-
lar design choices influence user trust.

4.1  Overview of the HR chatbot artifact

The artifact developed in this study is a MALLM-based HR 
chatbot that answers questions using either HR guideline 
documents or structured employment data. The chatbot com-
prises two multi-agent components: a guidelines component 
that implements an enhanced retrieval-augmented genera-
tion pipeline with specialized agents for judging document 
relevance, generating answers, and checking quality; and an 
employment component that handles structured data queries 
through field identification and data retrieval. Agents coor-
dinate via LangGraph and adopt a cooperative, role-based 
strategy [48]. An overview of the architecture is shown in 
Fig. 1. This overview provides context for the methodology 
described in the remainder of this section. Detailed descrip-
tions of the two multi-agent components and their imple-
mentation appear in Sect. 5.

introduces additional trust considerations beyond those 
addressed in single-agent or traditional software contexts.

This paper addresses this gap by adopting a design 
science research methodology to derive trust require-
ments from literature, employee interviews and expert 
workshops, and by implementing an open-source multi-
agent HR chatbot that integrates retrieval augmentation, 
guardrails and orchestration. We evaluate the prototype 
using both intrinsic quality metrics and perceived trust 
measures, refining the trust taxonomy and providing pre-
scriptive guidelines for embedding LLMs responsibly in 
socio-technical contexts.

4  Method

This section outlines the design science research (DSR) 
methodology used to develop and evaluate our multi-agent 
HR chatbot. DSR focuses on building a functional artifact 
that solves a real problem while simultaneously generat-
ing knowledge about the design process [50]. Our artifact 
comprises two components—one that answers questions 

Fig. 1  Overview of the HR chatbot: two components (guidelines and employment), user interaction flow, and coordination via LangGraph among 
role-based agents
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with consent and transcribed; insights were thematically 
analyzed and fed into the workshop discussions on design 
choices for an LLM-based HR chatbot. During the evalu-
ation phase (Cycle  II), five of the original six interview-
ees returned for follow-up interviews (≈ 45 minutes each; 
≈ 3.75 hours total) to assess the artifact against the identi-
fied trust factors. In sum, the study involved 11 unique par-
ticipants (six employees and five AI experts) contributing 
16 participants across activities (6 problem-investigation 
interviews, 1 expert workshop, 5 evaluation interviews) 
and ≈ 25.75 hours of contact time. The AI expert workshop 
cohort was distinct from the interview cohort, while the 
evaluation interviews intentionally overlapped with the first 
interview round (5/6 returning) to enable within-participant 
comparison of perceptions.
Solution design and validation

Potential solutions (addressing RQ2) were devised 
through literature review, design activities, and feedback 
from the AI workshop. The design evolved iteratively as 
we explored different architectural choices and guardrails. 
Detailed prompts, agent configurations and other artefacts 
are provided in the supplementary material via Zenodo2.
Implementation

The final artifact is a terminal-based Python applica-
tion consisting of two multi-agent subsystems (detailed 
in Sect.  4.1). The guidelines component implements an 
enhanced retrieval-augmented generation pipeline: docu-
ments are stored in a vector database, a judge agent ranks 
and filters the most relevant segments, a generator agent 
crafts an answer using only the selected segments, and a 
checker agent verifies that the answer addresses the ques-
tion, grounds its content in the context, and omits extra-
neous information. The checker may request revisions up 
to three times before returning the answer to the user. 
All prompts, including those for the judge, generator and 
checker, are available as supplementary material.

The employment component uses a field-identifier agent 
to determine which data fields (e.g., department, manager, 
salary) are needed to answer a question. A data retrieval 
module fetches these fields from a CSV dataset, and a gen-
erator agent composes a concise response. If needed data 
are unavailable, the system informs the user rather than 
improvising an answer.

Users pose a question and specify whether it concerns 
general HR policies or personal employment data. This 
simple selection is made via a text prompt rather than a 
graphical menu and directs the query to the appropriate 
component.

As discussed in Sect. 1 (see paragraph on multi-agent 
architectures), we adopted a multi-agent structure rather 

2  ​L​i​n​k​ ​t​o​ ​s​u​p​p​l​e​m​e​n​t​a​r​y​ ​m​a​t​e​r​i​a​l​.

4.2  Design science research approach

We follow the regulative cycle by Wieringa [50], grouping 
its phases into three categories after Knauss [30]: problem 
investigation, solution design and validation, and evalua-
tion. Rather than being strictly sequential, these activities 
interact iteratively; insights from each phase shape the arti-
fact’s further development. Our research proceeded through 
two cycles: the first focused on understanding trust factors 
and devising preliminary solutions (Sect.  4.4), while the 
second refined the prototype and conducted formal evalu-
ations (Sect. 5).

4.3  Research questions

To guide our investigation, we address the following 
research questions:

	● RQ1: What are the main trust factors that exist in the 
usage of MALLM-based systems?

	● RQ2: What potential solutions can be integrated into the 
system design of a MALLM-based HR chatbot to ad-
dress the relevant trust factors identified in RQ1?

	● RQ3: To what extent can the relevant trust factors iden-
tified in RQ1 be addressed through the design solutions 
implemented in a MALLM-based HR chatbot?

These questions structure our research into three phases: 
problem investigation (RQ1), solution design (RQ2), and 
evaluation (RQ3), corresponding to the design science 
research phases outlined above.
Research context

The study was conducted in collaboration with a large 
multinational corporation with software and data engineer-
ing roles distributed across multiple departments (e.g., HR, 
engineering, operations, cybersecurity). This organizational 
structure enabled access to staff with technical responsi-
bilities embedded in various functions, which explains the 
availability of AI experts for the workshop. Interview partic-
ipants represented diverse functions, seniority levels (junior 
to senior roles), and prior AI exposure (low to high), provid-
ing varied perspectives on trust in LLM-based systems. The 
company’s employees are generally tech-savvy, with many 
having experience using LLM tools in their work, though 
levels of technical expertise and AI familiarity varied across 
roles and departments.
Problem investigation

To elicit trust requirements (RQ1) we conducted six 
remote, semi-structured interviews with employees at the 
collaborating company (about 60  min each; ≈ 6 hours 
total) and a two-day on-site workshop with five company 
AI experts (≈ 16 hours). The interviews were recorded 
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address questions) and contextual relevancy (evaluating the 
pertinence of retrieved sources). These metrics, drawn from 
the RAGAS framework [18] and extended with a custom 
correctness metric, align with the trust requirements speci-
fied in Sect. 5.2.3.

Quantitatively, the prototype was exercised across 2 860 
evaluation runs—360 each for answer relevancy, faithful-
ness and contextual relevancy; 500 each for the correspond-
ing robustness metrics; and 280 for correctness. These runs 
yielded precision scores for each metric and guided param-
eter tuning. Qualitatively, the second set of five interviews 
explored how participants perceived the usefulness, reliabil-
ity and transparency of the system, directly assessing the 
trust factors identified in Cycle I. Discussion protocols and 
additional evaluation materials can be found in the supple-
mentary material.

4.4  Overview of research cycles

Cycle 1 is centered on problem investigation and prelimi-
nary design. Interviews and the workshop provided insight 
into trust requirements, which we translated into design 
principles and an initial prototype. Cycle II, described in 
Sect. 5, refined the prototype, implemented the final multi-
agent architecture, and executed quantitative and qualitative 
evaluations. Figure 2 summarizes the activities undertaken 
during these two cycles. Cycle II built on the first one, 
allowing us to refine our trust taxonomy and evaluate the 
impact of specific design choices on perceived trust.

than a single LLM with RAG. While a single LLM 
with RAG can retrieve relevant documents and gener-
ate responses, it lacks the layered quality checks and 
iterative refinement processes that multi-agent systems 
enable. For an HR chatbot handling sensitive information 
where accuracy and trust are paramount, the multi-agent 
architecture provides critical capabilities: the judge agent 
filters irrelevant or low-quality retrieved segments before 
generation, reducing hallucination risk; the checker 
agent verifies answer quality and can request revisions, 
enabling iterative improvement that a single-pass RAG 
system cannot achieve; and the separation of concerns 
(retrieval, generation, verification) allows each agent 
to specialize, improving overall system reliability. This 
architectural choice was particularly important given 
our use of an open-source LLM (Llama3), which ben-
efits from the collaborative problem-solving capabilities 
of multi-agent systems to compensate for limitations in 
individual agent capabilities [16].
Evaluation

Our evaluation combined quantitative simulation and 
qualitative feedback to answer RQ3. The trust factors 
identified in Cycle I through interviews and workshop 
(Sect.  5.2)—particularly reliability, transparency, and 
the need for accurate, contextually relevant responses—
informed our selection of quantitative evaluation metrics. 
We mapped these trust factors to measurable dimensions: 
reliability was operationalized through faithfulness (mea-
suring whether answers reflect retrieved context, address-
ing hallucination concerns) and a custom correctness metric 
(assessing factual accuracy); transparency was evaluated 
through answer relevancy (assessing how well responses 

Fig. 2  The two design science cycles in the study are detailed with the respective performed activities
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evaluated informally by the authors, guided by insights 
from the literature on best practices for HR chatbots.

In summary, Cycle I combined qualitative data collec-
tion and expert feedback to derive a preliminary taxonomy 
of trust factors and to outline a set of design principles. 
Detailed descriptions of the interview methodology, the-
matic analysis, and workshop setup are provided in the sup-
plementary material, and Sect. 5.2 reports the trust factors 
elicited from users along with key insights from the expert 
discussions. Concretely, we identified cooperation-style, 
role-based coordination among agents, refusal on low-rel-
evance retrieval as a guardrail against hallucination, and 
explicit source citation as safeguards to support trust.

5.1  Method: qualitative data collection

To understand user trust in LLM-based systems and explore 
possible solution designs, Cycle I relied on two qualitative 
approaches: semi-structured interviews with employees and 
a workshop with domain experts.

5.1.1  Interviews

Six employees from the partner company were inter-
viewed to identify trust factors relevant to an HR chatbot. 
We adopted a standardized, open-ended format [39, 41] 
in which the same open questions were posed to each par-
ticipant, with follow-ups as needed. Snowball sampling 
ensured a diverse set of informants: an industry supervisor 
recommended information-rich participants from different 
roles and with varying levels of AI knowledge. Reported 
demographics indicated variation across functions (e.g., 
HR, engineering, operations), seniority (junior to senior 
roles), and prior AI exposure (low to high). Questions cov-
ered four topics—demographics, AI/LLM experience, atti-
tudes toward and trust in AI, and HR-system specifics—and 
the interview guide is available in the supplementary mate-
rial. Conversations lasted about 60  min, were conducted 
remotely, and were recorded and transcribed with consent. 
Each author independently analyzed the transcripts and 
merged their findings to mitigate bias.
Thematic analysis

Interview transcripts were analyzed using the five-phase 
thematic analysis process by Braun and Clarke [8]: repeated 
reading to familiarize ourselves with the data, systematic 
coding of meaningful features, clustering codes into pre-
liminary themes, reviewing and refining those themes for 
coherence, and finally defining and naming the themes. 
This recursive process allowed us to identify patterns in 
participants’ perceptions of trust and to map them to design 
requirements for the chatbot.

4.4.1  Evaluation data

To avoid disclosing proprietary material and to enable 
reproducibility, we evaluated the guidelines component on 
synthetic HR guideline documents. Fourteen Markdown 
documents were generated with an LLM using prompts 
seeded from public HR policy templates and common 
benefits/leave topics; outputs were redacted for company 
identifiers and lightly edited for internal consistency. For 
the employment component, we used a small synthetic 
employee dataset with controlled ground truth. Treating 
these corpora as ground truth allowed us to run repeatable 
tests while isolating design effects from organization-spe-
cific content.

5  Cycle I: understanding trust challenges

Cycle I focuses on understanding the trust challenges of 
LLM-based systems and exploring possible design solu-
tions, addressing RQ1 and RQ2. We adopted a problem-
driven investigation to identify trust factors relevant to a 
multi-agent HR chatbot. Semi-structured interviews with 
potential users served as the primary data source; two of the 
authors independently performed a thematic analysis before 
merging results to reduce bias. To complement the inter-
views, we surveyed the literature on multi-agent chatbot 
architectures and potential safeguards. The literature survey 
focused on identifying design patterns, orchestration frame-
works, and safety mechanisms relevant to MALLM sys-
tems. We searched academic databases and recent preprints 
for work on MALLM architectures, retrieval-augmented 
generation systems, trust factors in LLM-based systems, 
and safety mechanisms such as guardrails and verification 
approaches. Given the rapid pace of development in LLMs, 
we included both peer-reviewed publications and recent 
preprints to capture current state-of-the-art approaches. The 
literature review informed the design choices explored in 
the expert workshop and helped identify candidate architec-
tural patterns and safeguards to address trust concerns.

Candidate design solutions were further scrutinized 
during a two-day workshop with five experts in building 
LLM-based systems. The workshop facilitated structured 
discussions on architectural options, orchestration frame-
works, and safety mechanisms, and the experts’ feedback 
provided an initial validation of our design choices.

Although the emphasis of this cycle was on problem 
understanding and solution exploration, we built a simple 
prototype to test high-level considerations such as frame-
work selection, the feasibility of an agentic RAG system, 
and compatibility with available LLMs. The prototype was 
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emphasis on appropriate reliance [31] and Hoff and Bashir’s 
factors influencing trust in automation [23]—such as system 
performance, transparency, and user experience—remain 
relevant for LLM-based systems. However, the LLM era 
introduces unique challenges: the non-deterministic nature 
of outputs creates greater uncertainty than traditional auto-
mated systems, the opacity of model reasoning complicates 
transparency efforts, and the risk of hallucinations intro-
duces novel reliability concerns that differ from predictable 
automation failures. These factors—particularly reliability 
emerging as paramount—reflect both continuity with estab-
lished trust theory and the distinctive challenges posed by 
generative AI systems.
External trust factors

These refer to influences outside the technical design that 
nonetheless shape user trust. They encompass transparency, 
organizational change management and education, and per-
ceptions of vendor or provider security.
Transparency Participants want clarity on how the system 
is built, what data it uses, and its limitations. Such openness 
helps calibrate expectations: a tool need not be perfect but 
should be honest about its fallibility.
Interviewee 3: “That’s the thing that I’m saying, I don’t trust 100%, 
but I still think we can implement things acknowledging that prob-
ably 100% is impossible ... we can gain trust and confidence of all the 
people that are gonna use it.”

Change management and usage Trust builds through use 
[23]. Four interviewees reported overcoming early skepti-
cism once they saw the system improve their work. Organi-
zational support—promoting adoption, demonstrating value 
beyond existing HR support, and ensuring easy access—is 
therefore essential.

5.1.2  Workshop

A two-day on-site workshop further explored design and 
implementation choices for LLM-based systems. Seven 
participants—including the authors and AI specialists from 
sales, HR, and cybersecurity—discussed two use cases: (1) 
using LLMs to manage large volumes of internal documen-
tation and (2) deploying an LLM-based chatbot to answer 
employee questions about employment matters, HR guide-
lines and company policies. The workshop provided empiri-
cal insight into how experts approach AI implementation in 
organizational settings, highlighted design trade-offs, and 
assessed the feasibility and scalability of candidate archi-
tectures. These discussions informed both the preliminary 
design of our artifact and the refinement of trust factors 
uncovered during the interviews.

5.2  Findings

We here present the findings from the interviews regarding 
RQ1 and the findings from the workshop related to RQ2 
which then informed the design of the artifact for Cycle II.

5.2.1  Trust factors in LLM-based systems (RQ1)

The thematic analysis produced five themes, but only two 
relate directly to trust in LLM-based systems (Fig. 3). The 
other three (AI as a helping hand, Concerns about replacing 
human interaction, and Critical thinking and revising out-
puts) reflect general attitudes and are not addressed further 
here.

The trust factors identified here align with established 
frameworks from human factors research. Lee and See’s 

Fig. 3  Identified trust factors in LLM-based systems
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Reliability All interviewees agreed that reliability is the most 
critical trust factor. Repeated inaccuracies—such as wrong 
vacation-day counts—would prompt users to stop using the 
system. High performance from the outset is therefore cru-
cial to avoid eroding trust.
Interviewee 4: “Recurring inaccuracies ... would have made it so [I 
felt] ‘It’s not worth the time; I’ll have to look it up myself.”’

Interviewee 1: “I think it’s the reliability of the information [that 
determines usage]. If I ask how many remaining vacation days I have 
... and the answer proves to be wrong, I might not use it again easily.”

Interviewee 6: “You can collect a lot of feedback by rolling out some-
thing real that you then improve as you go along ... until you have 
something that really doesn’t have a lot of teething problems.”

Interviewee 1: “I think I would rate my trust probably 8 or 9 out of 10 
if I have the sources mentioned, like in Copilot.”

In summary, trust in an LLM-based HR chatbot is con-
ditioned by both non-technical and technical factors. Exter-
nally, transparency, change management, user education 
and control over where data is sent all play a role. Internally, 
users require robust data protections, awareness of poten-
tial biases, competitive model performance and unwavering 
reliability with verifiable sources. Addressing these dimen-
sions holistically is essential for building and sustaining 
trust.

5.2.2  Findings from workshop (RQ2)

The workshop focused on design choices for an agent-based 
HR chatbot, with reliability emerging as the dominant con-
cern. Participants agreed that the system should avoid sup-
plying incorrect answers; if a question cannot be answered 
confidently, the chatbot should say so. In other words, it is 
better to give no answer than a wrong one.
The HR use case was seen as straightforward: retrieve rel-
evant information from HR documentation and present it 
clearly to users. Complex reasoning or computation is not 
required, so the architecture should remain as simple as 
possible.
Workshop participant: “Don’t over-engineer the agent structure for a 
simpler use case.”

To support document retrieval, the workshop favored 
a retrieval-augmented generation (RAG) approach, but 
with enhancements. Rather than relying on a single LLM, 
an enhanced RAG pipeline would incorporate additional 
agents and a circular workflow: a generator produces an 
answer, and a checker evaluates its quality. If the answer is 
insufficient, the system loops back for revision. Markdown 
was preferred over PDF as the document format, as it yields 
better performance for the given implementation.

The three-agent architecture (judge, generator, checker) 
emerged from a combination of literature insights and work-
shop discussions. The literature review identified Chang et 

Interviewee 5: “Can you trust what it’s telling you? Will it make 
mistakes? ... As I’ve used [an LLM tool] and seen it evolve ... I really 
see the opportunities.”

Education plays a pivotal role in this process. All partici-
pants believed that training on LLM-based chatbots would 
enhance trust and utility.
Interviewee 4: “I really think that I would benefit from educating 
myself more in optimizing the usage [of LLM-based chatbots].”

External security Trust also depends on the origin of the 
model. Several respondents hesitated to share sensitive 
information with external providers or overseas services; 
confidence increases when corporate IT hosts and vets the 
tools.
Interviewee 3: “For instance, obviously I played around with Deep-
seek, and I knew that using Deepseek was basically sending infor-
mation to China ... The moment I’m able to actually get Deepseek 
working on a server, I would probably use it in a different way.”

Interviewee 1: “I have no real limitations as long as I know that 
these tools have been embedded by corporate IT from a security 
standpoint.”

Internal trust factors
These factors stem from the design and behavior of the 

system itself: internal security, risk of bias, model differ-
ences and reliability.
Internal security Users worry that an HR chatbot could 
reveal personal data or fail to meet legal and IT compliance. 
Strong safeguards are therefore imperative.
Interviewee 4: “We have to be compliant with all the rules that exist. 
We have IT processes and legal processes that must be followed.”

Risk of bias Several respondents voiced concerns that LLMs 
might perpetuate biases or limit diversity, especially in 
recruitment contexts. The EU AI Act classifies AI systems 
used in recruitment and selection as high-risk applications, 
requiring strict compliance with transparency, human over-
sight, and bias mitigation requirements. While our study 
focuses on informational queries (e.g., policy questions, 
employment data retrieval) rather than decision-making 
in recruitment, these concerns highlight the importance of 
designing LLM-based systems with bias awareness and mit-
igation strategies, particularly when such systems might be 
extended to sensitive decision-making contexts.
Interviewee 5: “And then also, like I mentioned before, the ethics 
around the information that people use from it, and how these models 
have been built ... is information it gives representative of the wider 
population?”

Model differences Participants observed clear disparities 
between internal and public LLM tools. Five interview-
ees found corporate models less capable than services like 
ChatGPT.
Interviewee 3: “Tools that we have in [Company] as of today—I 
mean, they are good. But I think they are not that good, obviously, 
like ChatGPT.”
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	● Transparency: The system shall clearly communicate 
its limitations and the provenance of its answers (e.g., 
source documents, sections), addressing the transpar-
ency concerns raised by interview participants.

	● Internal security: The system shall implement data pro-
tection and compliance safeguards appropriate to the 
domain and jurisdiction, reflecting interviewees’ con-
cerns about legal and IT compliance.

	● Bias mitigation: The system shall be designed to identi-
fy and mitigate potential biases, particularly in contexts 
involving sensitive decisions, addressing the bias con-
cerns raised by respondents and regulatory requirements 
such as the EU AI Act.

External (organizational) requirements:

	● External security: The system shall provide transpar-
ency and control over data location and hosting (e.g., 
on-premise vs. cloud, geographic restrictions), address-
ing interviewees’ hesitations about sharing sensitive in-
formation with external providers.

	● Change management: The organization shall provide 
support for adoption, including leadership modeling and 
structural incentives, as emphasized by interview par-
ticipants who noted that trust builds through use.

	● User education: The organization shall provide brief 
guidance on system capabilities, limitations, and ex-
pected interaction patterns, addressing the unanimous 
view among interviewees that education enhances trust 
and utility.

These requirements informed the design of the artifact in 
Cycle II and were evaluated against the implemented sys-
tem. Section 7.2 discusses how these requirements general-
ize to other LLM-driven chatbot applications beyond HR.

6  Cycle II: artifact and evaluation

Building on the insights from Cycle I, the second cycle 
focused on implementing the final HR chatbot and evalu-
ating its performance and trustworthiness. Accordingly, 
this phase emphasized the implementation and evaluation 
stages of the design cycle, corresponding to RQ2 and RQ3. 
The artifact instantiates three critical internal trust require-
ments identified in Cycle I: reliability (accurate responses 
with verifiable sources, refusal when confidence is low), 
model differences (compensating for limitations of open-
source LLMs through architectural choices), and risk of bias 
(strict grounding in documents, avoiding subjective judg-
ments). Table 1 maps these requirements to specific design 
decisions implemented in the multi-agent architecture. This 

al. [10]’s MAIN-RAG framework, which demonstrated 
improved RAG performance through specialized agents: a 
predictor retrieves documents and generates initial answers, 
a judge filters and ranks documents by relevance, and a final 
predictor synthesizes the response. This multi-agent filter-
ing approach informed our design, particularly the judge 
agent’s role in document relevance assessment. The work-
shop then refined this architecture by proposing a circular 
workflow with a checker agent for iterative answer refine-
ment, addressing the reliability concerns that emerged as 
paramount in both interviews and expert discussions. The 
final architecture thus combines MAIN-RAG’s document 
filtering mechanism (judge agent) with the workshop’s 
emphasis on answer quality verification (checker agent) and 
iterative improvement, adapted to the HR domain’s require-
ment for high reliability and transparency.

Internal security remained an important consideration 
because HR data are sensitive. Workshop participants dis-
cussed guardrails—mechanisms designed to monitor and 
filter the inputs and outputs of LLMs, analyzing prompts 
and responses to determine whether intervention is required 
to prevent harmful, biased, or incorrect outputs—as a pos-
sible mitigation. However, they deemed such guardrails 
unnecessary in early development, reasoning that security 
requirements vary widely across organizations and jurisdic-
tions (e.g., GDPR compliance, data residency restrictions, 
access control policies). Informants emphasized that mean-
ingful security constraints should be defined later, once the 
core functionality has proven reliable, as these measures 
are highly context-dependent. The initial emphasis should 
therefore be on performance and correctness, leaving com-
pany-specific security measures—such as encryption, audit 
logging, and compliance frameworks—for subsequent 
iterations.

5.2.3  Trust requirements specification

Based on the trust factors identified through interviews and 
the design principles validated in the workshop, we synthe-
size the following trust requirements for LLM-based chat-
bots. These requirements are framed as shall statements to 
support their use in requirements engineering practice and 
are applicable beyond the HR domain to any LLM-driven 
chatbot system.
Internal (technical) requirements:

	● Reliability: The system shall provide accurate, consis-
tent responses with verifiable source citations. When 
confidence is low or relevant information cannot be 
retrieved, the system shall refuse to answer rather than 
provide incorrect information (as emphasized by work-
shop participants and all interviewees).
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scalable semantic evaluation but introduces potential biases 
and limitations (as discussed in Sect. 2.5).
Architectural choice: MAIN-RAG inspiration.

The guidelines component is inspired by the MAIN-
RAG framework [10], which demonstrated improved 
RAG performance through specialized agents: a predictor 
retrieves documents and generates initial answers, a judge 
filters and ranks documents by relevance based on both the 
query and initial answer, and a final predictor synthesizes 
the response. While MAIN-RAG’s judge filters documents 
using both the query and an initial answer from a predic-
tor, our architecture simplifies this: our judge agent filters 
documents based on the query alone (without requiring an 
initial answer), then our generator synthesizes the answer, 
and our checker validates it. We were inspired by MAIN-
RAG’s judge filtering mechanism for several reasons: (i) it 
addresses the reliability requirement (Table 1) by filtering 
irrelevant documents before generation, reducing halluci-
nation risk; (ii) its multi-agent structure demonstrates how 
separation of concerns enables independent validation and 
auditability that single-agent RAG cannot provide; (iii) it 
has shown improved performance on benchmark datasets, 
suggesting the filtering approach would be effective for our 
HR domain; and (iv) it is training-free, making it practical 
for organizations that cannot fine-tune models. We extended 
this inspiration by adding a checker agent and iterative 
refinement loop (as proposed in the workshop, Sect. 5.2.2) 
to address the reliability requirement more comprehensively 
through quality verification before delivery. Our architec-
ture thus combines MAIN-RAG’s document filtering con-
cept (implemented through our judge agent, simplified to 
filter based on query only) with answer quality verifica-
tion (implemented through our checker agent), specifically 
adapted to the HR domain’s requirement for high reliability 
and transparency.
Guidelines component.

The guidelines component implements an enhanced 
retrieval-augmented generation (RAG) pipeline designed 
to address the reliability and risk of bias requirements 
(Table 1). It consists of four specialized agents orchestrated 
in a loop: 

1.	 Vector store: HR guideline documents are segmented, 
converted to Markdown and embedded using BGE 
Small embeddings [19]. These embeddings are indexed 
with the FAISS library [17], enabling efficient similar-
ity search. For each user query, the store returns the top 
six segments by cosine similarity (chosen empirically to 
balance recall and context window size).

2.	 Judge agent: Each retrieved segment receives a rel-
evance score in the range [0, 1], based on its align-
ment with the query. A configurable threshold (0.6 in 

section describes the final artifact in detail—summarizing 
the multi-agent components and their respective roles, with 
inline references to how design decisions address these 
requirements. It then details the quantitative and qualitative 
evaluation procedures: describing the metrics, dummy data 
and test setup for the simulation, and outlining the inter-
view approach. Finally, it presents the findings from this 
cycle, including insights from the evaluation interviews and 
results from the quantitative analysis.

For quantitative evaluation, we used DeepEval, an open-
source LLM evaluation framework that implements the 
LLM-as-a-judge approach (see Sect. 2.5 for detailed expla-
nation). DeepEval uses one LLM to evaluate the outputs of 
another LLM according to predefined rubrics. In our study, 
the artifact generated responses using Llama3-70b-8192, 
and these responses were then evaluated by GPT−4.1, which 
acted as the judging model and scored answers on predefined 
rubrics (faithfulness, answer relevancy, contextual rele-
vancy) plus a custom correctness metric. This approach—
where one LLM evaluates another LLM’s output—enables 

Table 1  Mapping of trust requirements to design decisions
Requirement Design Decision
Reliability  Judge agent filters documents by relevance 

threshold (0.6), preventing hallucination from 
irrelevant context
 System refuses to answer when no documents 
exceed threshold, addressing the requirement to 
refuse rather than provide incorrect information
 Checker agent validates answers against 5-cri-
teria rubric with iterative refinement (up to 3 
loops), ensuring quality before delivery
 Generator agent constrained to cite sources and 
ground answers exclusively in retrieved context, 
enabling verifiable responses

Model 
differences

 Multi-agent architecture with specialized agent 
roles (judge, checker) compensates for limitations 
of open-source LLM (Llama3-70b) by providing 
validation beyond single-model capabilities
 Employment component uses simpler architec-
ture for structured data queries, reducing reliance 
on model reasoning capabilities
 Guidelines component’s layered quality checks 
(judge filters, checker validates) compensate for 
single-model limitations through multi-agent 
validation

Risk of bias  Generator agent synthesizes answers exclusively 
from retained document segments, avoiding sub-
jective judgments that could introduce bias
 Generator agent explicitly instructed not to 
invent facts outside provided context, preventing 
biased extrapolation
 Checker agent verifies answers are fully 
grounded in selected segments (rubric Q2, Q3), 
rejecting unsupported claims
 Employment component performs direct data 
lookup without interpretation, eliminating 
inference-based bias risks
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4.	 Checker agent: The checker evaluates whether the gen-
erated answer addresses the user’s question, is fully 
grounded in the selected segments, cites its sources 
and avoids extraneous information. This addresses 
both reliability (through quality validation) and risk of 
bias (by verifying grounding in documents, rubric Q2 
and Q3). The evaluation follows a five-question rubric 
with yes/no outcomes; if any criterion fails, the checker 

our implementation) determines which segments are 
retained, addressing the reliability requirement by fil-
tering irrelevant context that could lead to hallucination. 
If no segment exceeds the threshold, the component 
returns a polite refusal rather than risking hallucination, 
directly implementing the requirement to refuse when 
confidence is low. Listing 1 illustrates the scoring and 
rationale.

3.	 Generator agent: The generator synthesizes an answer 
exclusively from the retained segments, citing docu-
ment titles and sections to address the reliability require-
ment for verifiable source citations. It is instructed not 
to invent facts outside the provided context, mitigat-
ing risk of bias by preventing subjective judgments or 
unsupported inferences. Should a subsequent checker 
evaluation deem the answer inadequate, the generator 
revises its response based on the checker’s feedback. 
An example of a valid answer appears in Listing 2.

provides feedback and returns control to the generator. 
This loop repeats up to three times to balance quality 
against response time. Listing 3 shows an example of 
an invalid assessment. Listing 3 shows an example of 
the response from the checker agent for an answer to the 
question "Does the company handle chiro expenses?" 
that it deemed to be invalid:
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1.	 Field-identifier agent: Using domain knowledge, this 
agent maps the user’s question to one or more fields in 
an employment database. It outputs a comma-separated 
list of field names.

2.	 Data retrieval node: Given the identified fields and the 
user’s employee identifier, this node extracts the cor-
responding values from a CSV-formatted dataset and 
stores them in the component state.

3.	 Generator agent: The generator composes a concise 
answer from the retrieved data. It is constrained not to 
perform any inference beyond the given fields: if data 
are missing, it explicitly informs the user, addressing 
the reliability requirement by refusing to speculate. A 
typical response is shown in Listing 4.

This multi-agent design addresses the reliability require-
ment through layered quality checks: the judge filters irrel-
evant context, the generator cites sources, and the checker 
enforces quality criteria. The architecture also addresses 
model differences by compensating for limitations of the 
open-source LLM (Llama3-70b) through specialized agent 
roles that provide validation beyond single-model capabili-
ties. Full prompt templates and scoring rubrics are provided 
in the supplementary material.
Employment component.

The employment component addresses queries about 
structured data—such as an employee’s department or man-
ager—using a simpler architecture better suited to the task. 
This design choice addresses model differences by reduc-
ing reliance on model reasoning capabilities for straightfor-
ward data retrieval, and mitigates risk of bias through direct 
lookup without interpretation: 
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Faithfulness = #{truthful c ∈ C}
#C

, � (2)

Context relevancy = #{relevant statements in context}
#{statements in context}

. � (3)

For each user query, the LLM-as-judge extracts sentences 
or claims from the chatbot’s response (or from the retrieved 
context) and classifies their relevance or truthfulness based 
on the supporting documents.

To assess consistency under input variation, we intro-
duced a robustness metric. Let Q be a baseline question from 
the simple category (see Sect. 6.1.3), and let Q1, . . . , Q9 be 
nine reformulated versions generated automatically. Each 
Qi (including Q0 = Q) was answered five times and scored 
for answer relevancy, faithfulness and context relevancy, 
yielding scores Scorei,j  for i = 0, . . . , 9 and j = 1, . . . , 5. 
Robustness is defined as the mean of these 50 scores:

Robustness = 1
50

9∑
i=0

5∑
j=1

Scorei,j .� (4)

Because the employment component performs simple data 
look-ups rather than retrieval-augmented generation, we 
defined a separate correctness metric using the G-Eval 
framework supplied by DeepEval. For each employee-
related question, the evaluation LLM was given: (i) the 
question; (ii) an expected output describing the required 
information; and (iii) the chatbot’s answer. It assessed 
whether the answer (1) included all relevant data from 
the employee record, (2) directly addressed the question, 
(3) avoided contradicting the source data, (4) stated when 
requested information was missing and (5) conveyed the 
key information regardless of wording. An example appears 
in Listing 5.

Because the employment component serves a straightfor-
ward purpose—fetching factual data from a predefined 
schema—it omits the judge and checker agents used in 
the guidelines component. This design choice reflects a 
core principle from the expert workshop (Sect.  5.2.2): 
avoid over-engineering when simpler solutions suffice. 
We acknowledge that simpler use cases, such as structured 
data queries, could often be handled by traditional rule-
based or machine learning systems, which would dramati-
cally reduce energy consumption compared to LLM-based 
approaches. However, we chose an LLM-based architecture 
for the employment component to maintain architectural 
consistency with the guidelines component and to handle 
natural language variations without extensive rule engineer-
ing. Detailed prompts and field mappings are again included 
in the supplementary material.

Overall, the artifact balances two requirements: rich 
retrieval and grounding for unstructured policy questions, 
and efficient direct lookup for structured personnel que-
ries. The modular, agent-based design also facilitates future 
extensions and scalability.

6.1  Method: quantitative data collection

We quantitatively evaluated the chatbot by measuring how 
well its answers aligned with retrieved knowledge, employee 
records and user expectations. This section defines the met-
rics used, describes the test datasets and outlines the evalu-
ation protocol.

6.1.1  Metrics

Let S denote the set of sentences in a generated answer and 
C the set of claims. For the guidelines component (a RAG-
based subsystem), we computed three DeepEval metrics:

Answer relevancy = #{relevant s ∈ S}
#S

, � (1)

Fig. 4  Example output from the 
chatbot to the question "How many 
vacation days do I get?" with cor-
responding HR guideline source
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information across multiple sections or interpreting less 
explicit content; no-answer questions addressed topics not 
covered in any of the 14 synthetic documents. Questions 
were formulated based on documents of commonly asked 
HR questions and the available system data. Each of the 
17 answerable questions (simple and broader) was run 20 
times, producing 20 × 17 = 340 evaluations per metric. 
For robustness, each simple question and its nine refor-
mulations were run five times, adding 10 × 10 × 5 = 500 
runs per metric. No quantitative metrics were computed for 
no-answer questions; their responses were assessed qualita-
tively in the evaluation interviews.

DeepEval’s LLM-as-a-judge approach (Sect.  2.5) eval-
uates answers by comparing them against the retrieved 
context from the synthetic documents, not against pre-anno-
tated ground truth answers. The ground truth is the docu-
ment corpus itself: because we generated these documents, 
we knew what information they contained, allowing us to 
verify that DeepEval’s assessments aligned with the avail-
able information. The evaluation LLM (GPT−4.1) extracts 
claims from the chatbot’s responses and checks their truth-
fulness against the retrieved document segments, providing 
semantic evaluation without requiring manual annotation of 
expected answers.
Employment component.

Eleven core questions were formulated using both com-
pany documents and available fields in the dataset, plus three 
additional queries designed to probe edge cases (e.g. asking 
for monthly salary when only annual salary is stored, or ask-
ing about another employee’s records). Each of these four-
teen questions was run 20 times, yielding 20 × 14 = 280 
evaluations for the correctness metric. The test prompts and 
expected outputs used in this evaluation appear in the sup-
plementary material.

6.1.2  Test data

For the guidelines component, we generated a corpus of 
14 synthetic HR guideline documents in Markdown for-
mat, reflecting advice from the workshop (Sect. 5.2.2) that 
Markdown yields the best LLM performance. These docu-
ments, embedded via BGE Small [19] and indexed with 
FAISS [17], served as the sole knowledge base for answer-
ing policy questions. Their factual content was not intended 
to mirror real HR policies but constituted the ground truth 
for evaluation.

The employment component was evaluated using a 
publicly available HR dataset of fictional employees.3 The 
dataset includes job roles, salaries, attendance records and 
other structured fields. It was treated as the ground truth for 
assessing correctness.

6.1.3  Test runs

We formulated questions commonly asked of HR staff based 
on company-provided documents and the available datasets. 
The complete set of questions appears in the supplementary 
material. All runs used the llama3-70b-8192 model 
accessed via the Groq API,4 and responses were evaluated 
by GPT−4.15 acting as the LLM-as-judge, i.e., we wanted to 
assess the potential of the open-source chatbot while mak-
ing use of one of the most capable LLMs as the judge.
Guidelines component.

We asked 23 guideline questions divided into three cate-
gories: ten simple questions with direct answers in the docu-
ments; seven broader questions phrased more vaguely; and 
six no-answer questions with no supporting information. 
Since we generated the synthetic documents (Sect. 4.4.1), 
we knew their content and could determine whether answers 
existed for each question, enabling categorization: simple 
questions had explicit, direct answers in the documents; 
broader questions had answers that required synthesizing 

3  ​h​t​t​p​​s​:​/​​/​w​w​w​​.​k​​a​g​g​​l​e​.​c​​o​m​/​​d​a​t​​a​s​e​​t​s​/​​r​h​u​e​​b​n​​e​r​/​​h​u​m​a​​n​-​r​​e​s​o​​u​r​c​e​s​-​d​a​t​a​-​s​
e​t
4  ​h​t​t​p​​s​:​/​​/​c​o​n​​s​o​​l​e​.​​g​r​o​q​​.​c​o​​m​/​d​​o​c​s​​/​m​o​​d​e​l​/​​l​l​​a​m​a​3​-​7​0​b​-​8​1​9​2
5  ​h​t​t​p​s​:​​​/​​/​o​p​e​n​a​​​i​.​c​​o​​m​/​​i​n​d​​​e​x​​/​g​​p​​t​-​4​-​1​/
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For traceability, trust factors were first elicited in Cycle I 
via thematic analysis (open coding followed by axial group-
ing) and organised into two categories: external (organiza-
tional) and internal (technical). In what follows, we present 
the external factors first—transparency, education and 
change management, as well as external security—followed 
by the internal factors—model differences, risk of bias and 
reliability.
Transparency

The transparency requirement (Sect.  5.2.3) speci-
fies that the system shall clearly communicate its limi-
tations and the provenance of its answers. Participants’ 
feedback indicates that the design decision to have the 
generator agent cite sources (Table  1) addresses this 
requirement, as several interviewees appreciated seeing 
citations. However, participants also identified a gap: the 
requirement for communicating limitations is not fully 
addressed by the current design. Two interviewees sug-
gested adding a visible disclaimer specifying what the 
chatbot can and cannot do, its data sources and the date of 
its last update. One participant said they would be "very 
sceptical" of using a chatbot that handled only simple 
questions unless those constraints were clearly disclosed. 
This suggests that while source citation addresses prov-
enance, additional design decisions are needed to fully 
satisfy the transparency requirement regarding limitation 
communication.
Education

The user education requirement (Sect.  5.2.3) specifies 
that the organization shall provide brief guidance on sys-
tem capabilities, limitations, and expected interaction pat-
terns. This is an external (organizational) requirement that 
does not map to technical design decisions in the artifact 
(Table 1), but rather to organizational implementation prac-
tices. Interview findings indicate that participants’ expecta-
tions align with the requirement: most interviewees (four of 
five) believed that extensive training should not be neces-
sary if the system is intuitive. However, three of them said a 
brief introduction or FAQ would help users understand the 
system’s capabilities and limitations, directly supporting the 
requirement. One participant emphasised that the chatbot 
should be self-explanatory; others valued minimal guidance 
to maximise its effectiveness. This confirms that the require-
ment is appropriate and identifies a gap in the current imple-
mentation that should be addressed during deployment.

6.2  Method: qualitative evaluation interview

After implementing the artifact to address the trust factors 
identified in Cycle I (Fig. 3), we conducted a second round 
of interviews to answer RQ3. Five of the six original partici-
pants were available (one was unavailable due to schedul-
ing). Each interview lasted about 45 min, followed the same 
semi-structured format as in Cycle I, and was recorded and 
transcribed with consent.

The goal was to assess how well the prototype addressed 
the previously identified trust factors and to explore par-
ticipants’ perceptions of its reliability, transparency, bias, 
model differences, education and change management. 
Each session began by reviewing the trust themes from the 
thematic analysis, followed by a demonstration of the chat-
bot. Participants were shown sample questions, the chat-
bot’s responses and the corresponding ground truth answers 
(Fig. 4), and were asked to comment on the system’s reli-
ability assuming adequate security. Subsequent discussion 
focused on the other trust themes. The full interview guide 
is provided in the supplementary material.

6.3  Findings

Cycle II resulted in the development of the artifact, which 
addresses RQ2. The following subsections present the 
remaining findings from Cycle II, including the evaluation 
interviews (Sect. 6.3.1) and quantitative testing (Sect. 6.3.2) 
related to RQ3.

6.3.1  Findings from evaluation interviews (RQ3)

The evaluation interviews assessed whether the artifact’s 
design decisions (Table 1) successfully address the trust 
requirements specified in Sect.  5.2.3. The interviews 
explored participants’ perceptions of how well the imple-
mented design decisions satisfy the requirements, pro-
viding qualitative evidence of the artifact’s effectiveness.

Overall, participants felt that the prototype addressed the 
trust factors identified in Cycle I, though several areas for 
improvement were noted. We summarise the key observa-
tions below by trust factor, explicitly connecting interview 
findings to the requirements and their corresponding design 
decisions.
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continue to verify information independently and stressing 
that trust hinges on the chatbot never providing incorrect 
information. This highlights that change management sup-
port must be complemented by reliable system performance 
(the reliability requirement) to be effective.
Model differences

The design decisions addressing model differences 
(Table 1) include: multi-agent architecture with specialized 
agents compensating for LLM limitations, employment 
component using simpler architecture, and layered qual-
ity checks. These design decisions were motivated by the 
trust factor identified in Cycle I, though model differences 
is not explicitly stated as a requirement in Sect. 5.2.3 (which 
focuses on reliability, transparency, bias mitigation, and 
security). Interview findings indicate that the design deci-
sions successfully address the underlying concern: when 
asked whether using an older LLM (llama-3-70B-8192) 
affected their trust, four participants said it made no differ-
ence. One developer suggested older models might produce 
shorter answers, but considered this a minor issue; overall, 
participants agreed that model age does not impact trust as 
long as the chatbot works reliably. This suggests that the 
multi-agent architecture’s compensation for model limita-
tions (Table 1) effectively mitigates concerns about model 
differences, though the requirement could be made more 
explicit in future work.
Risk of bias

The bias mitigation requirement (Sect.  5.2.3) speci-
fies that the system shall be designed to identify and miti-
gate potential biases. The design decisions addressing this 
requirement (Table 1) include: generator agent constrained 
to synthesize exclusively from retained segments without 
inference beyond context, checker agent verifying ground-
ing in documents, and employment component performing 
direct data lookup without interpretation. Interview find-
ings confirm these design decisions effectively address the 
requirement: four interviewees did not perceive bias as a 
major risk because the system strictly retrieves information 
from HR documents and does not make subjective judge-
ments. However, one participant raised an important caveat: 
while the chatbot adheres rigidly to policy (reflecting the 
design decision to avoid inference beyond context), human 
HR staff may grant exceptions (e.g. for unlisted relatives), 
so a system that denies such requests might be seen as 
biased by comparison. This suggests that while the design 
decisions successfully mitigate bias from model infer-
ence, they may introduce perceived bias when compared to 
human flexibility.
Reliability

The reliability requirement (Sect. 5.2.3) specifies accu-
rate responses with verifiable source citations and refusal 
when confidence is low. The design decisions addressing 

Change management
The change management requirement (Sect. 5.2.3) speci-

fies that the organization shall provide support for adoption, 
including leadership modeling and structural incentives. 
Like user education, this is an external (organizational) 
requirement that does not map to technical design deci-
sions (Table  1) but to organizational practices. Interview 
findings provide evidence that the requirement is relevant: 
four participants stated they would use the chatbot regularly 
if deployed. Suggestions for promoting adoption included 
leadership setting an example (addressing the leadership 
modeling aspect of the requirement), nudging employees 
toward the tool by reducing reliance on direct HR contacts 
(addressing structural incentives), and focusing on user 
experience to ensure long-term acceptance. The remain-
ing interviewee was more cautious, indicating they would 

Table 2  Baseline evaluation results of the guidelines component for 
simple category questions
ID Question Answer 

Relevancy
Faithfulness Contex-

tual Rel-
evancy

QS1 Am I allowed to 
drink alcohol at 
work?

0.964 1.000 0.667

QS2 Can I have my 
ATF hours paid 
out in cash?

0.962 1.000 0.435

QS3 Can my 
employer pay 
for chiropractor 
visit?

1.000 0.980 0.702

QS4 How do I apply 
for advance 
vacation?

1.000 1.000 0.381

QS5 How do I get a 
parking permit?

0.962 1.000 0.737

QS6 How do I submit 
an expense I 
have made?

0.973 0.937 0.574

QS7 How many 
vacation days do 
I get?

0.860 1.000 0.443

QS8 I am a full time 
employee who 
has worked here 
for three years, 
how long is my 
notice period?

0.908 0.816 0.498

QS9 What does 
my employer 
provide me for 
remote work?

0.896 1.000 0.388

QS10 Who should I 
contact for IT 
questions?

0.977 0.947 0.276

Each question was asked and evaluated 20 times. All values are 
rounded to three decimal places
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this requirement (Table  1) include: judge agent filtering 
with threshold-based refusal, checker agent validation, and 
generator agent source citation. Interview findings indicate 
these design decisions are effective: for simple queries, four 
participants found the responses adequate, and all inter-
viewees approved of the design choice to decline to answer 
when documents provide insufficient information, so long 
as the system clearly indicates the limitation. Several inter-
viewees appreciated seeing citations (addressing the veri-
fiable source citation aspect of the requirement), though 
they wanted the system to hyperlink sources. The fifth par-
ticipant was uncertain whether future answers would be as 
accurate, suggesting that while the design decisions address 
the requirement, ongoing monitoring may be needed. Par-
ticipants were divided over how broad questions should be 
handled: some accepted that incomplete answers are accept-
able if flagged as such, while others worried that missing 
important information undermines trust. This indicates that 
the checker agent’s validation (Table  1) may need refine-
ment to better handle partial answers. Opinions on requir-
ing users to specify question type were mixed: some saw it 
as acceptable if it improved response quality, while others 
would prefer to select the type before posing a question.
Summary

Four of the five participants said they would appreciate 
and use a tool like the one presented, provided it maintained 
high accuracy and transparency. The fifth remained skep-
tical and advocated for further development and testing. 
Across all interviews, correctness and reliability emerged 

Table 3  Robustness evaluation results of the guidelines component for simple category questions, including percentage change relative to the 
baseline
ID Baseline question Robust. AR ∆ (%) Robust. F ∆ (%) Robust. CR ∆ (%)
QS1 Am I allowed to drink alcohol at work? 0.964 −0.06 0.979 −2.09 0.646 −3.16
QS2 Can I have my ATF hours paid out in cash? 0.936 −2.75 0.983 −1.73 0.579 33.20
QS3 Can my employer pay for chiropractor visit? 0.949 −5.14 0.926 −5.58 0.522 −25.63
QS4 How do I apply for advance vacation? 0.981 −1.86 0.966 −3.37 0.332 −13.01
QS5 How do I get a parking permit? 0.885 −8.06 0.830 −17.05 0.537 −27.06
QS6 How do I submit an expense I have made? 0.849 −12.79 0.933 −0.42 0.537 −6.33
QS7 How many vacation days do I get? 0.645 −24.97 0.985 −1.50 0.332 −25.14
QS8 I am a full time employee who has worked here for 

three years, how long is my notice period?
0.783 −13.80 0.807 −1.12 0.339 −31.86

QS9 What does my employer provide me for remote 
work?

0.845 −5.65 0.973 −2.75 0.482 24.46

QS10 Who should I contact for IT questions? 0.929 −4.87 0.930 −1.88 0.360 30.67
Each baseline question was reformulated into 9 variations, and all 10 versions (including the original) were each evaluated 5 times. The robust-
ness score represents the average of these 50 runs for each baseline question. Robustness values are rounded to three decimal places; percentage 
changes are rounded to two decimal places

Table 4  Evaluation results of the guidelines component for broader 
category questions
ID Question Answer 

Relevancy
Faithfulness Contex-

tual Rel-
evancy

QB1 How can I get a 
salary increase?

0.960 0.962 0.745

QB2 I want to work 
on my personal 
development at 
this company, 
what are my 
options?

0.976 0.952 0.861

QB3 I’m going to 
become a parent, 
how does parental 
leave work?

0.957 0.963 0.602

QB4 My colleague is 
acting strange, 
what do I do?

0.985 0.978 0.839

QB5 What benefit [sic] 
are available at 
this company?

0.992 0.969 0.915

QB6 Can you calculate 
my parental pay 
if I earn 32492 
SEK per month?

0.980 0.881 0.543

QB7 If I’m hired 
on December 
12, how many 
advance vacation 
days do I get?

0.921 0.946 0.354

Each question was asked and evaluated 20 times. All values are 
rounded to three decimal places
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Chatbot output that triggered the deduction:

Phrasing that retained the needed role nuance (scored 1.0):

as the most critical determinants of trust; once accuracy is 
assured, other factors become secondary.

6.3.2  Findings from the quantitative evaluation (RQ3)

This section reports quantitative results for both artifact 
components: the guidelines component and the employment 
component. In all runs, the artifact used llama3-70b-8192; 
evaluation was performed with DeepEval using GPT 4.1. 
Metrics for the guidelines component were answer rel-
evancy, faithfulness, contextual relevancy, and a derived 
robustness score per metric; the employment component 
was evaluated with a custom G-eval correctness metric 
(definitions in Sect. 6.1.1).
Guidelines component

Questions were grouped as in Sect.  6.1.3 into simple, 
broader, and no-answer. Results per category follow.
Simple questions category

Across 10 simple questions, answer relevancy and faith-
fulness were consistently high (Table 2). Six of ten ques-
tions achieved perfect average faithfulness (1.0). QS8 was 
lowest (0.816) due to role ambiguity in some outputs.

Faithfulness deduction example for QS8 (DeepEval jus-
tification rated 0.00):

Table 5  Evaluation results of the employment component
ID Question Correctness
QE1 Am I employed? 0.970
QE2 Who is my manager? 1.000
QE3 When was I hired? 1.000
QE4 How many days absent have I been? 1.000
QE5 How many days late have I been the last 30 

days?
1.000

QE6 What is my current salary? 1.000
QE7 What is my department and who is my 

manager?
1.000

QE8 What is my department? 0.996
QE9 What is my position at the company? 1.000
QE10 How well am I doing at the company? 0.975
QE11 What is my department and who is my 

manager and how many days absent have 
I been and what is my salary and how well 
am I doing at the company?

0.980

QO1 What is my monthly salary? 0.640
QO2 Could you tell me the name of the person 

who has the employee ID 10242?
0.912

QO3 How many days late have I been the last 60 
days?

0.915

Each question was asked and evaluated 20 times. All values are 
rounded to three decimal places
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Robustness. Reformulations caused some degradation 
relative to baseline (Table 3). QS1 showed minimal change; 
QS7 saw the largest answer relevancy drop (about 25%). 

Corresponding output:

Answer relevancy was also strong; the lowest average 
was QS7 (0.860). A representative deduction (0.50) arose 
when the answer included explicit source citation, which 
DeepEval deemed extraneous:

While such source-aware phrasing was preferred by 
users for transparency, DeepEval applies a narrow rele-
vancy rubric, which can penalize citations even when the 
core fact is present.

Contextual relevancy varied by question (highest QS5: 
0.737; lowest QS10: 0.276). Example rationales:

The largest faithfulness decrease occurred in QS5 (to 0.830, 
about 17% down).

Example relevancy penalty on a reformulation of QS7 
(score 0.33):
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Contextual relevancy tended to be higher than in the sim-
ple category (QB5: 0.915), with QB7 low (0.354) because 
no explicit formula exists in the sources. A representative 
output for QB7:

Example strict faithfulness penalty (0.00 on QS5) due to 
pronoun use:

Chatbot response:

In some reformulations, contextual relevancy improved 
(e.g., QS2 up 33%). Illustrative rationale:

Broader questions category
For broader questions (7 items), answer relevancy and 

faithfulness remained high (Table 4); only QB6 dipped in 
faithfulness (0.881) due to attributing “90%” solely to the 
company supplement rather than the combined benefit.

DeepEval rationale for QB6 faithfulness 0.80:
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7  Discussion

This study set out to identify the factors that shape user trust 
in LLM-based systems and to explore how those factors 
can be addressed in the design of a multi-agent HR chatbot. 
Although prior work has examined trust in LLMs and the 
design of LLM-based tools separately, little research con-
nects the two. Through a two-cycle design science research 
(DSR) approach that included interviews with potential 
users and an expert workshop, we bridged this gap and dem-
onstrated that specific architectural choices can materially 
influence user trust.

Questions with no answer category
Metrics were not applicable: by construction, these ques-

tions lack support in the source documents, so the system 
appropriately responded with the predefined fallback (“I 
don’t have enough information to answer this question 
based on the HR handbook”). These cases were instead 
probed qualitatively (Sect. 6.3.1).
Employment component

As in Sect.  6.1.3, QE1–QE11 targeted available fields; 
QO1–QO3 formed an other set (unavailable or disallowed 
data). All were scored with correctness; the expected out-
puts are in the supplementary material. Results appear in 
Table 5.

QE1 generally scored perfectly, with an occasional slight 
reduction (e.g., 0.93) despite supporting justification:

DeepEval rationale for the retrieved context (0.38):

For other questions, QO1 was lower overall (0.640) 
when the system returned annual pay without acknowledg-
ing missing monthly data:

DeepEval rationale:

A preferred response variant that met expectations:
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Guidelines for developing and evaluating multi-agent 
chatbots.

Based on our DSR methodology and findings, we pro-
pose the following guidelines for practitioners developing 
and evaluating trustworthy MALLM chatbots:
Development guidelines:

1.	 Elicit trust requirements empirically: Conduct inter-
views with potential users and expert workshops to 
identify domain-specific trust factors. Classify these 
into internal (technical) and external (organizational) 
categories to guide design decisions.

2.	 Map requirements to design decisions explicitly: Cre-
ate a requirements-to-design mapping (as in Table 1) to 
ensure each requirement is addressed by specific archi-
tectural choices. Identify gaps where requirements lack 
corresponding implementations.

3.	 Design for many-to-many relationships: Recognize that 
architectural choices and trust aspects form a many-
to-many relationship—multiple design decisions can 
address a single requirement, and individual com-
ponents can contribute to multiple trust dimensions. 
Design accordingly rather than assuming one-to-one 
mappings.

4.	 Use specialized agent roles for trust enforcement: 
Implement role-based agents (e.g., judge, generator, 
checker) that enforce trust requirements through inter-
faces rather than relying solely on prompts. This separa-
tion improves controllability, testability, observability, 
and governance.

5.	 Consider alternatives and trade-offs: Evaluate archi-
tectural alternatives (single-agent vs. multi-agent, 
rule-based vs. LLM-based, commercial vs. open-
source models) and their trade-offs in terms of trust, 
energy consumption, complexity, and organizational 
constraints.

6.	 Address both internal and external requirements: 
Design technical mechanisms for internal requirements 
(reliability, transparency, bias mitigation) while plan-
ning organizational support for external requirements 
(user education, change management).

Evaluation guidelines:

1.	 Use requirement-driven evaluation: Evaluate whether 
design decisions successfully address the elicited trust 
requirements, rather than comparing against competi-
tors or benchmarks that may not reflect trust concerns.

2.	 Combine quantitative and qualitative methods: Use 
LLM-as-a-judge metrics (e.g., faithfulness, answer rel-
evancy) for scalability, but complement with human 

The following sections outline the study’s contributions 
to research and practice, followed by its limitations and 
future work.

7.1  Implications for research

Our first contribution is the empirical identification and clas-
sification of trust factors into two broad categories: internal 
factors, rooted in technical design (e.g. internal security, 
reliability, risk of bias), and external factors, stemming 
from organizational context and user perception (e.g. trans-
parency, change management, education). While reliability, 
transparency and explainability have been noted in previ-
ous work [25, 36, 40, 43], our distinction between internal 
and external dimensions offers a more nuanced framework 
for future studies. It also introduces the external trust factor 
of organizational measures, highlighting the importance of 
institutional policies and user guidance.

A related insight is the primacy of reliability. Although 
reliability features in existing taxonomies, our findings 
show that, in practice, users regard it as the most decisive 
factor for trusting an LLM-based system. This underscores 
the heightened uncertainty introduced by non-deterministic, 
opaque models and suggests that reliability may demand 
greater emphasis than other trust dimensions in LLM-based 
AI systems.

Methodologically, this work demonstrates how a DSR 
approach can integrate trust considerations into LLM system 
design. By grounding the artifact’s architecture in empirical 
data from user interviews and an expert workshop and by 
evaluating it through both qualitative interviews and LLM-
as-a-judge quantitative metrics [53], we provide a template 
for research that bridges technical design and socio-tech-
nical factors. The resulting architecture—drawing on 
enhanced RAG and multi-agent principles—also addresses 
challenges identified by Han et al. [22], such as task alloca-
tion and layered context management, by assigning special-
ized roles to agents and iteratively refining answers through 
a judge–generator–checker loop.

This work differentiates itself from existing research in 
several key ways. Unlike trust frameworks that evaluate 
standalone LLM models [24, 36], we focus on complete 
multi-agent systems and the interplay between internal and 
external trust factors in socio-technical contexts. Unlike 
multi-agent orchestration research that emphasizes scal-
ability and fault tolerance [22, 34, 48], we systematically 
map design choices to trust requirements and evaluate their 
impact on user trust. Unlike RAG advances evaluated on 
benchmarks [10], we apply multi-agent filtering to sensitive 
enterprise domains and assess trust outcomes through both 
quantitative metrics and qualitative user feedback.
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refusal when confidence is low directly addresses the reliabil-
ity requirement and builds user trust by preventing incorrect 
responses. Alternatives include: (i) a single-agent RAG sys-
tem with self-criticism prompts, which could provide basic 
reliability but lacks the layered validation that multi-agent 
separation enables; (ii) a simpler two-agent system (judge 
and generator) without a checker, which would reduce reli-
ability by eliminating iterative refinement; (iii) adjusting the 
relevance threshold (higher values increase refusal rate but 
may miss valid answers, lower values increase hallucination 
risk). Our multi-agent approach provides stronger reliability 
guarantees than single-agent alternatives, as the separation 
of concerns enables independent validation and auditability.

Transparency is primarily addressed by the genera-
tor agent’s source citation requirement, but this alone is 
insufficient. The checker agent verifies that citations are 
present, contributing to transparency. However, interview 
findings revealed a gap: the transparency requirement also 
calls for communicating system limitations, which is not 
fully addressed by current architectural choices. Alterna-
tives include: (i) adding a dedicated "limitations agent" that 
appends disclaimers to responses; (ii) implementing UI-
level transparency features (disclaimers, last-update dates) 
that complement the architectural design; (iii) enhancing the 
checker agent to explicitly flag when answers are incom-
plete or based on partial information. The current archi-
tecture addresses provenance transparency but requires 
additional design decisions to fully satisfy the transparency 
requirement.

Bias mitigation is addressed through multiple architec-
tural constraints: the generator agent is explicitly instructed 
not to infer beyond provided context; the checker agent 
verifies grounding in documents (rubric Q2, Q3); and the 
employment component performs direct data lookup with-
out interpretation. Alternatives include: (i) using rule-based 
systems for structured queries (as discussed in Sect.  6, 
employment component paragraph), which eliminate infer-
ence-based bias but sacrifice natural language flexibility; 
(ii) implementing explicit bias-detection agents that scan 
outputs for potential bias indicators; (iii) using multiple 
generator agents with different prompts and selecting out-
puts through consensus, though this increases complex-
ity and energy consumption. Our approach balances bias 
mitigation with practical usability, though the employment 
component’s use of LLMs for simple queries represents a 
trade-off between bias risk and architectural consistency.

Model differences (addressing limitations of open-source 
LLMs) are mitigated through the multi-agent architecture’s 
layered quality checks. The judge and checker agents com-
pensate for single-model limitations by providing valida-
tion beyond what a single LLM can achieve. Alternatives 
include: (i) using a more capable commercial LLM, which 

interviews to capture perceived trust and identify false 
positives in automated evaluation.

3.	 Assess the many-to-many mapping: Evaluate how mul-
tiple design decisions work together to address require-
ments, and identify where individual components 
contribute to multiple trust dimensions.

4.	 Validate with users: Conduct evaluation interviews 
that explicitly connect user feedback to requirements 
and design decisions, identifying gaps and areas for 
improvement.

5.	 Document limitations and alternatives: Explic-
itly acknowledge where requirements are not fully 
addressed, discuss alternative approaches that were 
considered, and explain trade-offs in design decisions.

Finally, our evaluation highlights limitations of current 
automated metrics. DeepEval [11] and related LLM-as-a-
judge techniques [53] scale evaluation effectively, but we 
observed instances where they misjudged outputs based on 
narrow interpretations of relevancy or faithfulness. These 
observations caution researchers against over-reliance on 
automated scores and underscore the need for complemen-
tary human evaluation.

7.2  Implications for practice

For practitioners, the overarching lesson is that trust should 
be treated as a design objective. The study shows that 
embedding trust factors—such as reliability, transparency 
and appropriate handling of sensitive data—into the archi-
tecture of a chatbot can enhance user acceptance. Although 
our prototype was not fully production-ready (e.g. security 
measures were out of scope), most participants indicated 
they would use it provided the answers were accurate. 
Accuracy was assessed as more important for trust than the 
age of the LLM or whether the model was old, new, open, 
or commercial.
Architectural choices and trust: mapping and alternatives.

The relationship between architectural choices and trust 
aspects is not one-to-one: multiple design decisions can 
address a single trust requirement, and individual architec-
tural components can contribute to multiple trust dimen-
sions. Table 1 maps requirements to design decisions, but 
here we explicitly discuss how architectural choices connect 
to trust aspects and explore alternatives.

Reliability is addressed through multiple architectural 
mechanisms working together. The judge agent’s relevance 
threshold (0.6) filters irrelevant context, reducing halluci-
nation risk; the checker agent’s iterative validation ensures 
quality before delivery; and the refusal mechanism prevents 
incorrect answers when confidence is low. This design for 
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architectural choices to trust aspects, along with discussion 
of alternatives, provides practitioners with a framework for 
making informed design decisions. It provides a replicable 
methodology, a refined trust taxonomy and a practical archi-
tecture that can be adapted and extended in future work.

7.3  Limitations, scope, and threats to validity

Our evaluation is requirement-driven (do the mechanisms 
realize trust properties?), not competitor-driven. In the 
absence of a public HR benchmark and standardized base-
lines, ad-hoc comparisons would conflate document qual-
ity, retrieval settings, and LLM choice. We therefore focus 
on alignment metrics, robustness, and user perceptions that 
directly reflect the elicited trust requirements. We further 
investigate MALLM instead of basic LLMs. A single LLM 
prompt can request citations and carefulness, but it provides 
weak guarantees: the same component retrieves, composes, 
and self-judges. By contrast, the multi-agent design makes 
trust requirements enforceable through interfaces: the judge 
constrains evidence, the generator must cite judged evi-
dence, and the checker can veto release. This separation 
improves controllability (policy changes per role), testabil-
ity (role-scoped checks), observability (who failed where), 
and governance (auditable traces), which are central to engi-
neering trust beyond best-effort prompting.
Construct validity

Our quantitative constructs target trust-centric qualities: 
answer relevancy, faithfulness, and contextual relevancy for 
document-grounded answers, and a correctness metric for 
structured employment queries. A threat is a possible mis-
match between these operationalizations and the latent con-
struct of user trust. Mitigation: (i) trust requirements were 
elicited via interviews and an expert workshop and mapped 
to metrics (e.g., faithfulness to reliability and hallucination 
avoidance); (ii) we triangulated automated scores with post-
task interviews to capture perceived usefulness and trust. 
Residual risk remains that automated judges may value 
concision differently from users who prefer source-aware 
explanations; we report such divergences in the results and 
discussion.
Internal validity

Several factors may affect the internal validity of our 
findings. First, given the fast pace of LLM research, we 
augmented peer-reviewed literature with preprints and prac-
titioner sources to capture current developments; however, 
these sources lack formal vetting and may contain unveri-
fied claims. Second, our quantitative evaluation relied on 
LLM-as-a-judge (DeepEval), which occasionally produced 
judgments that differed from human expectations. Human 
validation was limited to low-scoring cases to understand 
false negatives. Systematic agreement rates between human 

would reduce the need for multi-agent compensation but 
raise privacy/compliance concerns; (ii) fine-tuning the base 
model, which could improve performance but requires 
resources and may not address all limitations; (iii) hybrid 
architectures that route simple queries to rule-based han-
dlers while reserving LLMs for complex cases, reducing 
energy consumption but increasing system complexity. 
Our multi-agent approach provides a practical solution for 
organizations prioritizing on-premise deployment and open-
source models.

This analysis demonstrates that architectural choices and 
trust aspects form a many-to-many relationship: reliability 
benefits from judge filtering, checker validation, and refusal 
mechanisms working together; transparency requires both 
architectural (source citation) and non-architectural (UI dis-
claimers) decisions; and bias mitigation involves constraints 
across multiple agents. Understanding these relationships 
enables practitioners to make informed trade-offs when 
designing trustworthy LLM systems.

Implementing a similar system in practice requires care-
ful attention to source materials. The guidelines compo-
nent relies on HR documents converted to Markdown; any 
inaccuracies or outdated content in those documents will 
propagate into the chatbot’s responses. Organizations must 
therefore maintain high-quality source documents: ensure 
source materials are accurate, consistent, and up-to-date, as 
inaccuracies in source documents will propagate into sys-
tem responses. Plan for ongoing maintenance and evalua-
tion to sustain trust as organizational policies evolve.

Transparency emerged as a powerful trust builder: users 
valued knowing the system’s limitations and the provenance 
of its answers. Simple measures like visible disclaimers and 
source citations can significantly bolster confidence. Educa-
tion and change management also play crucial roles. Inter-
viewees wanted brief guidance on how to interact with the 
system and what to expect, and they recommended lead-
ership modeling (e.g., managers promoting and using the 
chatbot) and structural nudges (such as limiting direct HR 
contact) to encourage adoption.

Our prototype adapts the MAIN-RAG architecture [10], 
extending its judge-based filtering with a checker agent 
and feedback loop. This offers a concrete pattern for orga-
nizations seeking to design trustworthy on-premise multi-
agent LLM systems in HR and similar domains. The novel 
trust factor of organizational measures further implies that 
deploying LLM tools may require additional institutional 
support—such as training programs and user-friendly poli-
cies—beyond what is typical for conventional software.

In summary, the study illustrates how technical design 
choices, coupled with transparent communication and sup-
portive organizational practices, can meaningfully enhance 
trust in LLM-based systems. The explicit mapping of 
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evaluators and the LLM judge were not calculated. False 
positives (where DeepEval incorrectly rates answers as cor-
rect) were not systematically checked due to the evaluation 
scale (2,860 runs) and the study’s focus on requirement-
driven evaluation triangulated with qualitative interviews. 
This limitation should be addressed in future work through 
systematic human validation of both high- and low-scoring 
cases. Third, the set of evaluation questions was finite; 
although we carried out robustness tests with multiple 
rephrasing, the question space is vast and different formula-
tions might yield different results. Fourth, thematic analy-
sis was performed by the two authors, whose coding and 
interpretation may have introduced bias despite independent 
coding and iterative reconciliation [8]. Finally, the evalu-
ation examined the artifact holistically; individual design 
choices (e.g., judge thresholds or prompt wording) were not 
tested in isolation, so their specific contributions to perfor-
mance remain uncertain.
External validity

The study’s generalizability is also limited. We used a 
synthetic HR dataset and mock guidelines to simulate a cor-
porate environment; real organizations may have different 
data characteristics, document structures and user behavior 
[47]. Our artifact targets HR queries specifically; while the 
trust factors identified may extend to other domains, the 
design may not. We interviewed only six employees from a 
single company, albeit selected to cover diverse roles, ages 
and genders. Their responses may reflect company-specific 
culture, and individuals with more critical views of LLMs 
may have self-selected out of participation. Consequently, 
both the qualitative themes and quantitative performance 
may not fully extrapolate to other organizations or to skepti-
cal user populations.
Conclusion validity

We summarize central tendencies across repeated runs 
per question but do not perform hypothesis testing between 
competing systems (none included by design). The main 
inference risk is over-interpreting small differences that are 
within LLM stochastic variability.

8  Conclusion and future work

This study sought to connect user trust factors in LLM-based 
systems with the design of an open-source multi-agent HR 
chatbot. Through interviews and thematic analysis, we dis-
tinguished between internal trust factors (such as reliabil-
ity, internal security and bias) and external factors (such 
as transparency, organizational measures and education). 
Reliability emerged as the most critical determinant of trust. 
Guided by these insights, we built a prototype comprising 
two components—one for employment data and one for HR 

guidelines—and evaluated it with quantitative metrics and 
qualitative feedback. The guidelines component achieved 
high answer-relevancy and faithfulness scores, while the 
employment component scored highly on correctness. Inter-
viewees generally deemed the chatbot trustworthy enough 
for adoption, though they noted that further refinement and 
rigorous testing are needed before real-world deployment.

Our findings reinforce the principle that trust is a design 
objective: incorporating reliability and other trust factors 
early in development can yield LLM systems that users are 
more willing to adopt. Methodologically, the work demon-
strates how a design science research approach can integrate 
user input, expert guidance and multi-agent architecture to 
address socio-technical concerns. Practically, it offers a 
template for building domain-specific, trustworthy AI tools 
and highlights the importance of high-quality source docu-
ments and transparent communication.

Future work should address the study’s limitations and 
extend its scope. Recruiting participants from multiple 
organizations would test whether the identified trust fac-
tors generalize beyond a single company. Research on the 
engineering process, for example, embedding transparency 
and fairness considerations throughout the development 
life cycle, could complement our design-focused approach. 
Longitudinal studies would reveal how trust evolves with 
sustained use. Research on maintenance and evolution of 
LLM-based systems over time would address how to keep 
documentation current, adapt to changing organizational 
policies, and maintain trust as the system and its context 
evolve. Finally, further investigations into security, domain-
specific fine-tuning and alternative multi-agent structures 
with more capable LLMs (open-source and commercial) 
could help optimize LLM-based systems for reliability and 
user confidence. The effect on trust of open-source versus 
commercial models would also be interesting to investi-
gate from a security perspective even if our results mainly 
show that practitioners are concerned with reliability and 
accuracy.
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