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Abstract. Generative Al is becoming increasingly important in areas such as tax
law, where frequent legislative changes require up-to-date and accurate research.
However, challenges such as bias, transparency, and hallucination can undermine
user trust and hinder adoption. This paper explores trust as a critical factor for
effective human-GenAlI collaboration, focusing on a generative Al assistant for
the domain of tax law. Using a mixed methods approach, we conduct quantitative
questionnaires and qualitative expert interviews using two generative Al proto-
types. The results show that factors such as transparency, anthropomorphism and
compliance with social norms as well as moral standards positively influence
trust, which in turn increases the intention to use generative Al assistants. By
validating these trust determinants in a domain that requires rigorous accuracy,
this study highlights the need to integrate trust-building measures when develop-
ing human-Al collaborative systems and provides valuable insights for designing
more reliable and user-centered generative Al applications.
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1 Introduction

The rapid advancement of artificial intelligence (Al), particularly generative Al
(GenAl), fostered novel forms of human-Al collaboration across various fields, includ-
ing finance, medicine and manufacturing (Banh & Strobel, 2023; Z.-H. Chen et al.,
2021; Dellermann et al., 2019; Kunal et al., 2023; D. Wang et al., 2019). While GenAl
can produce novel content, it also empowers conversational assistants by leveraging
domain-specific knowledge and user-provided artifacts, thereby maintaining a con-
trolled level of creativity (Banh & Strobel, 2023). In particular, large language models
(LLMs) serve as powerful tools augmenting human capabilities, streamlining work-
flows, and reshaping human-performed tasks (Z. Chen & Chan, 2024; Eloundou et al.,
2024). By blending human and Al capabilities, advantages emerge in efficiency, qual-
ity, creativity, safety, and overall human satisfaction (Boussioux et al., 2024; Schleiger
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et al., 2024). However, challenges arise when applying GenAl in domains requiring
precision, such as law, engineering, and medicine (Banh & Strobel, 2023; Feuerriegel
et al., 2024). First, its outputs are often biased due to flaws in training data and algo-
rithms. Second, its reasoning lacks transparency, functioning as a “black box”, and its
creative nature can lead to hallucinations, generating outputs based on nonexistent
sources (Banh & Strobel, 2023; Feuerriegel et al., 2024). Thus, users’ trust in GenAl
capabilities and output is not guaranteed. Yet, a user’s trust in novel technologies is
essential for their adoption and effective use (Hasan et al., 2021; Yen & Chiang, 2021).
For example, trusting Al leads to cognitive, affective, and behavioral changes (Lacity
et al., 2024; Yang & Wibowo, 2022). Therefore, companies must understand how im-
plementing Al affects this trust and identify the factors influencing users’ confidence
in Al systems (Berente et al., 2021; Gkinko & Elbanna, 2023).

Thus, to investigate user trust in a previously unexplored domain, this paper focuses
on GenAl assistance in tax law. Tax law is characterized by dynamic developments,
such as frequent legislative changes and court rulings (Haufe, 2024). Here, GenAl as-
sistants offer improved knowledge sharing, despite concerns like hallucinations and
generic responses, across various domains (Kernan Freire et al., 2023; Lewis et al.,
2020). In the legal field, LLMs offer the possibility to enhance efficiency and accuracy
in tasks such as legal research, provided they are supported by specialized data, tools
to reduce biases, and methods to ensure transparency, and interpretability (Lai et al.,
2024; Nay et al., 2024; Sun, 2023). Through human-GenAlI collaboration, tax attorneys
could save valuable time, enabling them to work more efficiently while dedicating
greater focus to interpersonal engagement with their clients (Fagan, 2024). However,
the domain-specific adoption of such tools relies heavily on user trust (Choi &
Schwarcz, 2025). For instance, misplaced trust in a GenAl system in tax law can lead
to severe financial penalties for clients, malpractice litigation, and career-ending pro-
fessional sanctions for the attorney. Given these high-stakes outcomes, understanding
the trust dynamics between legal experts and GenAl is critical.

Therefore, we investigate the role trust in generative Al plays in this human-GenAl
collaboration by leveraging GenAl as the foundation for a digital tax advisor, focusing
on delivering transparent, unbiased, and hallucination-free results to support tax attor-
neys in their daily work. We expect the accuracy and reliability of information to be
crucial in relation to trust in AI (Abdallah et al., 2023; Bartels, 2023). Hence, the central
research question of this paper is:

Which trust factors shape effective human-AI collaboration between tax attorneys
and a generative Al-based tax advisor?

The intended outcome is to enhance the understanding of trust in human-AlI collab-
orations and the use of generative Al This involves exploring the potential adoption of
Al technologies into tax attorneys’ workflows. To achieve this, we first delve into the
domain of tax law and how it can be assisted with GenAl-based information systems.
Next, we outline our research methodology, i.e., the development of two software pro-
totypes used in experiments and the evaluation in a mixed-method user study (a quan-
titative questionnaire followed by qualitative expert interviews) with tax attorneys. We
present our findings and discuss their theoretical and practical implications. Finally, we
conclude our work and provide an outlook on future research.



2 Computer-assistance for Tax Law

Tax law is a cornerstone of the economic framework, shaping financial flexibility
through tax burdens while providing essential funding for public services. Tax law both
influences and is influenced by other legal domains, such as civil and social law (Tipke
etal., 2021). It is particularly advisable for businesses to involve a tax law expert, such
as a tax advisor, in the preparation of tax declarations, as incorrect tax filings constitute
a legal violation and can result in criminal prosecution in countries like Germany or the
USA (Bundesfinanzministerium, 2024; Bundesministerium der Justiz, 2024; Internal
Revenue Service, n.d.). To achieve optimal tax law assistance, the lifecycle of legal
documents proposed by Pietrosanti and Graziadio (1999) serves as a guideline. Three
key steps are essential: drafting legal documents, capturing supplementary information
like cross-references and classification concepts, as well as navigating legal databases.

Information retrieval systems can support this process but, unlike generic question-
answering systems, must ensure high quality and reliability, as their responses directly
impact legal case outcomes (Abdallah et al., 2023; Sansone & Sperli, 2022). Existing
tools and services already in use include legal databases and legal expert systems (van
Opijnen & Santos, 2017). Thus, Abdallah et al. (2023) emphasize the need of precise,
legally substantiated answers with proper references, presented in a formal, structured
language. These systems require expertise in laws, rulings, statutes, and regulations,
along with frequent updates to address the complexity and dynamic nature of the legal
landscape. Additionally, strict security measures are required to protect confidential
data and comply with privacy laws.

GenAl’s capabilities to analyze and understand natural language texts as well as to
act as an assistant through chatbot interactions in various domains (Banh & Strobel,
2023; Feuerriegel et al., 2024) are promising for applications in the legal domain. This
can involve either specially trained or general-purpose LLMs (Lai et al., 2024; Sun,
2023). The continuously improving reasoning abilities of LLMs, combined with data
actuality ensured through Retrieval-Augmented Generation (RAG), can provide a ro-
bust foundation for legal expertise (Deroy et al., 2024; Nay et al., 2024; Savelka, 2023).
Prompt engineering techniques enable formally structured and precise language, in-
cluding proper citations (Yu et al., 2022, 2023). In combination with the aforemen-
tioned system requirements for legal IS, GenAl offers novel opportunities to support
legal practitioners. Yet, an open question remains how a GenAl-based assistant must
be designed to ensure adoption and usage by tax attorneys and what role factors such
as trust play in this process.

3 Research Method

To identify the key factors influencing trust in human-GenAl collaboration and their
impact in the context of tax law, we adopt a mixed-method approach following the six
steps proposed by Venkatesh et al. (2013; 2016). The mixed-methods approach is
highly appropriate as it collects a diverse set of quantitative and qualitative data to ex-
pand insights, confirm findings, and compensate the scarcity of available experts in the



tax law domain. The study’s strategy aims to test the conceptual framework of Yang
and Wibowo (2022) through confirmatory analysis. Adhering to the phases of concep-
tualization, investigation, and inference (Venkatesh et al., 2016), we employ a sequen-
tial mixed-methods design involving experiments with two prototypes to collect quan-
titative questionnaire data followed by qualitative interview data and subsequent anal-
yses, valuing both data sources and benefiting from each research paradigm (Figure 1).
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Figure 1. Research Design based on Venkatesh et al. (2013; 2016)

Next, we develop research hypotheses based on the Al trust framework by Yang and
Wibowo (2022) (Table 1). The research model with its dependencies between the hy-
potheses is illustrated in Figure 2. H1, H2, and H3 propose transparency, anthropo-
morphism, and compliance with social norms and moral standards positively influence
trust in Al, while H4 suggests trust in Al positively impacts the intention to use Al/Al
collaboration. To test our propositions, we develop two Al-supported tax law advisor
prototypes based on our hypotheses and a requirements analysis of relevant literature.
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Figure 2. Research Model based on Yang and Wibowo (2022)
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To collect and analyze study data, we employ a sequential mixed-methods sampling
strategy, involving a within-subjects design with the same participants in both quanti-
tative and qualitative phases (Venkatesh et al., 2016). The aim of the study is to manip-
ulate the factors of our research hypotheses, so they are less pronounced in one proto-
type and more pronounced in the other. We collect quantitative data through a stand-
ardized questionnaire and gather qualitative data via semi-structured expert interviews.



All participants take part in experiments including the usage of both prototypes (in ran-
domized order), completing identical questionnaire sections, and participating in fol-
low-up interviews. The study focuses on tax advisors and legal practitioners experi-
enced in legal research from adjacent legal domains, with at least as many tax law ex-
perts as non-tax law participants to maintain validity within the tax law context. To
derive integrated conclusions and synthesize results (i.c., developing meta-inferences),
the study uses a deductive approach focusing on evaluating hypotheses from mixed-
methods results (Venkatesh et al., 2016). To assess the quality of our results and to
address threats, quality criteria guide the presentation of results and conclusions, in-
cluding a critical evaluation of limitations and a discussion of potential remedies.

Table 1. Hypotheses of Our Research Model

ID Focus Description Theoretical Basis
H1 Transparency Higher transparency of the Kawakami et al. (2022),
Al assistant positively influ- Vdssing etal. (2022), Yang

ences trust in Al and Wibowo (2022)
H2  Anthropo- Higher anthropomorphism of Yang and Wibowo (2022),
morphism the Al assistant positively in-  Yen and Chiang (2021), J.-
fluences trust in Al. C. Lee and Chen (2022)

H3 Social and Ethi- Recognizable social and eth- Yang and Wibowo (2022)
cal Compliance ical compliance by the Al as-
sistant positively influences
trust in AL
H4 Trust and Be- Higher trust in Al positively Hsiao and Chen (2022),
havioral Inten- influences the intention for Yangand Wibowo (2022)
tion continued Al collaboration.

3.1 Prototype Conceptualization

Before developing the two prototypes, we first identify the requirements for tax law
research systems based on the foundations in Section 2. These are (R/) ensuring every
response is supported by relevant sources, including laws, rulings, legal commentaries,
statutes, and regulations; (R2) accessing specialized, up-to-date tax law data reflecting
expertise in laws, jurisprudence, commentaries, statutes, and regulations; and (R3)
providing precise, reliable, and contextually relevant responses to complex legal ques-
tions, adhering to the formal and structural conventions of legal language.

Next, the relevant manipulation factors for the experiments (Figure 2) are addressed,
which will differentiate the prototypes. The previously mentioned requirements relate
to the factor of transparency. Additionally, anthropomorphism and social and ethical
norm compliance will also be manipulated. However, the factor A/ affinity cannot be
influenced through the prototype development. Table 2 provides an overview of how
these factors are manipulated. Prototype Variant 1 (lower trust) excludes a greeting,
displays only the current question and answer, identifies itself as an GenAl-powered
tool, and omits source citations. In contrast, Prototype Variant 2 (higher trust) includes



a greeting with a brief self-introduction, shows a chat history of questions and answers,
identifies itself as a GenAl-powered personal tax advisor, and provides context sections
with source titles.

We develop our prototypes in Python, using RAG with the LangChain framework
to provide source-supported answers. We use the embedding model multi-lingual-e5-
large (L. Wang et al., 2024) for vector computation, with ChromaDB as the vector
database. After testing and rejecting various LLMs due to incompatibility with the Ger-
man language or poor linguistic quality, the focus shifted to the multilingual LLM mix-
tral-8x7b-instruct-v0.1 by Mistral Al. This model outperforms leading LLMs like
Llama 2 70B and GPT-3.5 in most benchmarks at the time of its release (Jiang et al.,
2024). To build a comprehensive dataset, we incorporate a well-regarded German trade
tax manual as an authoritative source (Sternkiker, 2023). This reference is essential for
equipping the generative Al tax advisor with reliable and accurate insights.

Table 2. Differentiation between Prototype Variants and Relating Trust Factor

Area of Prototype Factors
Difference | Variant 1 Variant 2 F1 F2.1 F2.2
Greetings of | No greeting Greetings and introduction | v v
the Al of abilities and guidelines

Presentation | Current question Chat history of current and v v
of Dialog and answer past questions and answers

User Presented as an Presented as Al-powered v
Interface Al-powered tool  personal tax advisor

Citation of | No citation Citation of relevant context v

Sources sections with source titles

3.2 Study Design

Questionnaire: The aim of the experiment study is to measure quantitatively in which
prototype the participants have higher trust by asking them to complete job-related re-
search tasks. Tasks include determining when a company becomes liable for trade tax,
identifying companies exempt from trade tax, assessing the effects of conversions, mer-
gers, or divisions on trade tax, and evaluating the trade tax implications of relocating a
company’s headquarters to another municipality. Our questionnaire collects demo-
graphic data, incorporates the General Attitudes towards Artificial Intelligence Scale
(GAAIS) by Schepman and Rodway (2023), and uses Korber’s (2019) Trust in Auto-
mation questionnaire in its German version, as Al is treated as a form of (work) auto-
mation in this study. After each experiment, participants assess their perceived tech-
nical competence and faith based on the Human-Computer Trust questionnaire (Mad-
sen & Gregor, 2000). The questionnaire concludes with questions on behavioral inten-
tions to use technology, adapted from Woen et al. (2018), that are tailored to the Al-
supported tax law advisor prototypes. All scales are presented as 5-point Likert scales.



Expert Interview: The qualitative expert interview design follows Recker (2021)
and employs explanatory interviews. This format is chosen to verify whether our pre-
sumed relationships and causal connections between trust in GenAl concepts are ob-
served, perceived, or experienced by participants in our experiments (Schultze & Avi-
tal, 2011). Hence, this approach supports the study’s goal of gathering data to test the
research hypotheses. A semi-structured format is used, offering flexibility while main-
taining sufficient structure for evaluating the hypotheses (Myers & Newman, 2007).
Finally, the interview data is coded and analyzed after the principles of grounded theory
(Gioia et al., 2013; Strauss & Corbin, 1996) to abductively derive in-depth insights
regarding influencing trust factors in generative Al-based tax law advisors.

33 Procedure

The study was conducted virtually via Zoom in an online experiment (Fink, 2022).
First, the study’s framework and procedure were explained to the participants. They
then received a link to the questionnaire hosted on LimeSurvey. Participants began by
completing the first part of the questionnaire before proceeding with the first experi-
ment. Task descriptions for both experiments were embedded in the questionnaire, with
hyperlinks directing participants to the respective prototypes. For the second experi-
ment, participants switched to the second prototype with guidance from the study in-
structor. Apart from a preview image included in the task description, participants en-
countered each prototype for the first time in-vivo during the experiments. After the
first experiment, participants completed the second part of the questionnaire. The sec-
ond experiment followed, using the second prototype. Upon completing the second ex-
periment, participants proceeded to the third part of the questionnaire.

Finally, participants engaged in an expert interview, conducted by the study instruc-
tor and recorded via Zoom using its native recording function. This enabled transcrip-
tion, analysis, and precise citation of participant responses for further examination.

4 Results

This section first presents the results of the quantitative experiment study, followed by
the presentation of findings from the qualitative interview study. Then, the results will
be discussed in light of our hypotheses. In total, six legal experts (n = 6) participated
between May and June 2024 in our experiment study, including survey and interview.
All participants have professional specializations in a legal field, with 50 % having a
tax law background. The group comprised 66.67 % women. On average, the partici-
pants had four years of experience (SD = 2.608) in a (tax) legal field and 3.67 years of
experience (SD = 2.066) in (tax) legal research.

4.1 Quantitative Analysis

For the upcoming data analysis, we consider mean values, standard deviations, and
standard errors, evaluating the hypotheses based on paired t-tests with a focus on effect



sizes and statistical significance. The interpretation of the paired t-test results and cal-
culation of effect sizes follow the approach of Field and Hole (2003), utilizing Cohen’s
(1992) benchmark scale: small effect (» > 0.10, explaining 1 % of variance), medium
effect (r>0.30, explaining 9 % of variance), and large effect (» > 0.50, explaining 25 %
of variance). Additionally, we assess whether the ¢-value exceeds the critical t-value of
2.015 for 5 degrees of freedom at a 5 % significance level.
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Figure 3. Trust Metrics Across Experiments

Trust in Automation: The first analysis focuses on participants’ attitudes and trust
in Al (Figure 3). In terms of the subscale Trust in Automation, the comparison between
the two experiments revealed significant differences. Trust was notably higher after the
second experiment (M = 4.0, SD = 0.3162) compared to the first (M = 3.333, SD =
0.8756), with a one-sided p-value of 0.041 and a large effect size (T(5) = 2.169, r =
0.696). On the subscale Developer Intention, the results also indicated a significant im-
provement following the second experiment (M = 4.4167, SD = 0.3764) compared to
the first (M =3.9167, SD = 0.8612). The one-sided p-value of 0.038 and a large effect
size (T(5) = 2.236, r = 0.7071) demonstrated the statistical significance of this differ-
ence. Similarly, the subscale Reliability/Competence showed higher scores after the
second experiment (M = 3.5278, SD = 0.4524) versus the first (M = 3.0833, SD =
0.5244), with a p-value of 0.049 and a large effect size (T(5)=2.039, »=0.6738). These
findings underscore a significant increase in perceived reliability and competence. For
the subscale Comprehensibility/Predictability, the second experiment (M = 4.125, SD
= 0.6072) achieved higher scores than the first (M = 3.75, SD = 0.7906), but the differ-
ence was not statistically significant (p =0.129, T(5) = 1.275, r = 0.4953). Overall, trust
in automation was significantly higher after the second experiment (M = 3.6551, SD =
0.1777) compared to the first (M = 3.3241, SD = 0.4813). With a p-value of 0.038 and
a large effect size (T(5) = 2.222, r = 0.705), this result confirms the observed increase
in trust was unlikely due to chance. However, despite the significance of most sub-scale
results, the 95 % confidence intervals for effect sizes included 0, indicating some un-
certainty about the true effect sizes.
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Figure 4. Boxplots for Perceived Technical Competence, Faith and Behavioral Intention to Use

Perceived Technical Competence and Faith: The perceived technical competence
scale (Figure 4) showed a significant increase after the second experiment (M =3.7333,
SD =0.432) compared to the first (M = 3.2667, SD = 0.3933), with a one-sided p-value
of 0.049 and a large effect size (T(5) = 2.038, r = 0.6736). For the Fuaith scale (Figure
4), the average score was higher after the second experiment (M =3.1333, SD=0.3011)
compared to the first (M = 2.6333, SD = 0.9584). However, this difference was not
statistically significant (p = 0.097), despite a large effect size (T(5)=1.499, r=0.5568).
The #-value below the threshold suggests the difference may be due to chance, and 95 %
confidence intervals including 0 indicate effect size uncertainty.

Behavioral Intention to Use: The analysis of the Behavioral Intention to Use scale
(Figure 4) revealed no statistically significant difference between the second experi-
ment (M = 3.875, SD = 1.02164) and the first experiment (M = 3.0417, SD = 1.177),
with a one-sided p-value of 0.072. Although a large effect size was observed (T(5) =
1.73, r=0.6119), the z-value did not exceed the critical threshold, indicating the differ-
ence in means could be due to chance. Additionally, the 95 % confidence interval for
the differences [-0.4047; 2.0713] includes 0, confirming no significant mean difference
and reflecting uncertainty in the results.

Correlation: The analysis of the differences between experiments for the overall
Trust in Automation scale and the Behavioral Intentions to Use scale revealed a Pearson
correlation coefficient of » = 0.680, indicating a tendency for increased trust in Al to
align with a greater intention for continued human-GenAl collaboration. However, this
interpretation is constrained by the one-sided p-value of 0.069, which exceeds the
study’s significance threshold of p < 0.05 (Field & Hole, 2003). Thus, we find no sig-
nificant correlation between 7rust in Automation and Behavioral Intention to Use.

Summary: The manipulation of trust factors in the experiments revealed statistically
significant large effects, as confirmed by t-tests, supporting the research hypotheses
HI1, H2, and H3. These hypotheses propose increased levels of transparency, anthro-



pomorphism, and compliance with social norms and moral standards by the Al assis-
tant positively influence trust in AI. Additionally, the positive, though not statistically
significant, Pearson correlation coefficient between trust in automation and behavioral
intentions to use provides partial support for H4, which suggests higher trust in Al pos-
itively impacts the intention for continued Al collaboration.

4.2  Qualitative Analysis

The subsequent expert interviews explored individual preferences between the proto-
types and provided insights into (generative) Al trust factors and their implications.
Experts were also asked to suggest improvements and to assess the prototypes’ suita-
bility for tax law research. The coding and analysis process for the expert interviews
follows the structure of Gioia et al. (2013) for grounded theory and combines both an
inductive and a deductive approach (i.e., abductive). The deductive approach consists
of defining the variables transparency, anthropomorphism, and compliance with social
norms and moral standards as second-order themes, which are used to measure frust in
an Al tax law advisor, representing the third-order dimension. First-order concepts are
identified inductively through coding of the experts’ statements.

Transparency: The experts collectively emphasize the clear and helpful citation of
sources in the second prototype, supporting hypothesis H1. One expert linked this fea-
ture directly to trust, noting “the second system is definitely more trustworthy, precisely
because the sources have been specified” (expert 2, translated from German). This pos-
itive feedback stemmed from factors such as access to supplementary information, fa-
cilitation of further research, and time savings. All in all, the importance of transpar-
ency and availability of legal sources for fostering trust in Al-generated content was
emphasized. Participants also preferred the second prototype for its ability to display
conversation history. Additionally, clear communication of system capabilities and
limitations was noted as a trust-enhancing feature, further supporting hypothesis H1.
Suggestions emphasized the need for explicit section references and clear source type
identification, as their absence hindered trust.

Anthropomorphism: The experts enjoyed the appealing design of human-like sym-
bols and the personalized introduction or greeting by the Al tax advisor. Furthermore,
one expert noted the human-like communication increased their sympathy for the Al
tax advisor: “/...J through the different layout, such as in the form of a chat or a normal
conversation, you felt more familiar and better supported” (expert 3, translated from
German). Another expert even attributed increased trust in the second prototype to its
communication design, specifically highlighting the question-and-answer format.

Compliance with social norms and moral standards: The Al tax advisor’s greet-
ing, which included references to its ethical guidelines, honesty, capabilities, and lim-
itations, was positively highlighted. The disclosure of system limitations in handling
legal questions was also perceived favorably. Additionally, warnings regarding the
complexity of legal matters were interpreted positively, particularly due to the poten-
tially serious consequences of legal misinformation. However, dissatisfaction was ex-
pressed regarding the system’s lack of flexibility when dealing with incomplete inputs.
As one participant noted: “And with the second [prototype], I once typed in bullet



points. It said it couldn’t find a result, and then I reformulated it as a sentence, and a
result came out” (expert 5, translated from German). This suggests the positive impact
of adhering to social norms and moral values may depend on how well the system meets
user expectations regarding its capabilities.

Summary: The experts emphasized their willingness to use a GenAl tax law advisor
depending on its perceived trustworthiness and they would not blindly trust Al. Their
greater trust in the second prototype complemented by their preference for working
with it supports H4. The respondents unanimously agreed that the second prototype
was better suited for tax law research. The analysis also revealed usage intentions are
influenced not only by trust but also by the convenience offered by the Al tax advisor.

5 Discussion

Both quantitative and qualitative analysis results support hypotheses H1-H4, subject to
statistical significance discussed in Section 4.1. Yet, the evidence is reinforced by the
qualitative results and their high degree of convergence, which enhances the plausibil-
ity of the quantitative findings. Particularly noteworthy are the complementary, inde-
pendently derived statements from the interviewed experts, who suggested the manip-
ulated features of the second prototype were responsible for their increase in trust.

In conclusion, we demonstrated that GenAl models can effectively serve as Al tax
law advisors. Our study shows how (tax) law professionals favor the idea of collabo-
rating with a GenAl assistant. Addressing our research question, we found the factors
identified in Yang and Wibowo’s (2022) conceptual trust framework are equally rele-
vant in the tax law context. Specifically, social, technology-related, and user-related
factors were shown to positively influence trust in Al, which in turn enhances the col-
laboration with an Al tax law advisor. Thus, our findings align with the conceptual
framework proposed by Yang and Wibowo (2022) and extend the applicability for the
paradigm of generative Al in the tax law and legal research domain.

Implications: Our work strengthens the external validity of Yang and Wibowo’s
(2022) framework by confirming the findings in the previously unexamined use case
of tax law and legal research with the novel GenAl paradigm. Our work is also con-
sistent with findings from other examined domains (Hsiao & Chen, 2022; J.-C. Lee &
Chen, 2022; Vossing et al., 2022). However, regarding compliance with social norms
and moral standards, our observations differ from those of Vssing et al. (2022), who
found providing additional information about Al prediction uncertainty reduced ex-
perts' trust in the system and task outcomes. In contrast, our qualitative analysis re-
vealed that experts generally viewed the disclosure of system limitations positively. It
remains possible, however, that trust in specific Al-generated responses may have de-
creased, as this aspect was not explicitly measured. If differences from Vossing et al.’s
(2022) findings do exist, they may be attributed to variations in use cases and domains.
For instance, trust cues may be domain-sensitive and factors such as transparency could
matter more in law than anthropomorphism, whereas the reverse may hold in retail or
healthcare. This opens up opportunities for future research.



In terms of practical implications, the manipulations of trust factors should be con-
sidered as a basis for designing (generative) Al-based assistants, particularly the im-
portance of providing diverse sources and transparent citations, including explicit ref-
erences to text passages. For a GenAl-based tax law advisor, additional considerations
include referencing up-to-date sources, specifying the type of source, providing links
to statutes and legal rulings, and enabling referrals to related legal topics.

Limitations and Future Work: First, the qualitative analysis confirms the rele-
vance of all three factors to trust in Al yet it does not measure the degree of perceived
transparency, anthropomorphism, or social and ethical compliance. As a result, it re-
mains vague to what extent these factors differ between the two prototypes and how
much each factor specifically contributed to the increase in trust. Future research could
explore the contextual relevance of individual trust factors and develop a questionnaire
specifically designed to measure trust in GenAl. There is also a risk of misinterpreting
expert statements; however, this risk was mitigated by incorporating the perspective of
all authors of this paper. Second, the quantitative results suggest a statistical possibility
of chance in some observed effects. However, we employed robust statistical methods,
clear thresholds, and reliable interpretation scales to ensure confidence in the results
and conclusions (Venkatesh et al., 2016). Additionally, the expert interview evaluations
in our mixed-method design further validate and enrich the quantitative findings. Last,
the generalizability of the results is limited by the sample size, and the findings may
not fully represent the target population. Scaling the study for further evaluations (e.g.,
in-situ work settings with larger participant pools) could provide deeper insights into
adoption patterns and design knowledge. However, the convergence of results during
the qualitative analysis supports the quality of the experts’ opinions and strengthens the
overall validity of the meta-inferences and the study as a whole (Venkatesh et al., 2016).

6 Conclusion

This study demonstrates the successful employment of a generative Al-based tax law
advisor and its positive evaluation by experts. We hypothesized trust in Al as a key
factor influencing the intention to use Al, which is, in turn, positively affected by the
factors compliance with social norms and moral standards, transparency, anthropo-
morphism, and Al affinity. To test our assumptions, we designed and employed two
GenAl tax law advisor prototypes, manipulated based on the identified factors. These
prototypes were evaluated using experiments included in a mixed-methods approach.
The evaluation confirmed our hypotheses, validating the identified factors.

Thus, our study contributes to the theoretical foundation of human-GenAl collabo-
ration by demonstrating trust in Al plays a central role in the continued use of GenAl-
based systems. This highlights the need to integrate trust as a key component into the-
oretical models of human-GenAl interaction and emphasizes the importance of trust-
building measures as critical success factors. As GenAl becomes more prevalent in
regulated professions such as medicine or law, its adoption will ultimately depend on
how well its design fosters trust and aligns with professional standards.
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