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Abstract

Retrieval-Augmented Generation (RAG) systems are increasingly adopted in the legal domain
as Al tools are integrated into professional settings. Despite the increase in adoption, the legal
domain has concerns about whether it can trust and implement Al tools that appear to be
black boxes to them. This study investigates how acquiring practical insight into the retrieval
process of a RAG system influences law students’ trust in its outputs for legal research. Law
students participated in a hands-on experiment in which they manipulated the retrieval process
and conducted pre- and post-interviews to examine changes in trust. Results indicate that
the insight enables more calibrated trust and verification of outputs, while acknowledging the
efficiency benefits. These findings suggest that transparency through practical interaction may
not directly increase overall trust, but can foster more informed and appropriately calibrated
reliance on Al systems in legal research and support situational trust.
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1 Introduction

In recent years, there has been widespread use of Artificial Intelligence (AI)- based applications
across professional, educational and personal settings. In the legal domain, there was a 12% increase
in the use of Generative Al (GenAl) in 2025 | ]. One of the most used
Large Language Models (LLMs) is ChatGPT | ]. LLMs provide personalised
answers to user questions by generating tokens with statistical calculations based on the received
input. They can be characterised as probabilistic predictors that generate text | |. LLMs
enable everyday tasks to be automated and made easier. This allows users to be more efficient
with their time and focus on more important tasks. To further optimise the performance of LLMs,
researchers and developers continuously improve models and integrate them into newer systems,
such as a Retrieval-Augmented Generation (RAG) system. Through combining an LLM with a
retrieval component that provides relevant information to the LLM, RAG systems aim to reduce
factual hallucinations and biases and improve factual accuracy by grounding responses in retrieved
sources | ]. RAG systems are currently employed across various fields, such as law,
healthcare, finance, real estate, and others | , ].

Specifically for the legal domain, Al tools can assist with legal research, case law summarisation,
compliance monitoring, and risk assessment | |. Outside of these more specialised tasks,
people also use LLMs for more mundane tasks such as helping with written communication and
translating texts into a preferred language | ].

Despite their ability to help, risks such as biases and hallucinations arise while using the LLMs,
which may result in users’ trust decreasing. For instance, if lawyers present incorrect Al-generated
facts in court, consequences may have long-lasting effects on both clients and lawyers. Since users
cannot rely on LLMs to be correct, their trust in the systems may deteriorate. To mitigate this
issue, researchers have developed RAG systems to reduce the probability of generating inaccurate
information. Given these risks associated with legal information, users must be able to develop an
appropriate level of trust in these systems.

While no study has examined lawyers’ trust in GenAl, several reports have examined its adoption.
Thompons Reuters’ Institute reports an 8% increase among law firms in their report on GenAl in
professional services; law firms’ main reasons for disagreeing with Al adoption are concerns about
reliability and accuracy | ]. These reasons are echoed in the 2025 Law360
Pulse Al Survey, with additional recurring arguments addressing legal ethics and standards, client
confidentiality, security, data privacy, and the loss of institutional knowledge | ].
This suggests that some legal professionals do not trust GenAl.

Researchers Lee et al. have identified transparency, along with competence, benevolence, and
integrity, as factors that may influence users’ trust in Al systems, based on the interpersonal trust
relations | , |. In another study, Zhou et al. define transparency
as “Making RAG system processes and decisions clear and understandable to users, fostering trust
and accountability” | ]. This definition will also be used in the scope of this study.
Ravi and Sindhgatta have examined how transparency in high-stakes domains substantially improved
trust along with user understanding | |. In the field of Explainable AI
(XAI), research has continually sought to address the lack of transparency and understanding of
model decisions, defining XAI as the ability to solve trust issues in Al. For example, Guttikonda
introduces a framework of a RAG system with XAl enabling non-technical professionals to interpret
the outputs | .



As a result, understanding how the system retrieves information may influence trust in RAG
systems, as this is a major component of the system.
Therefore, given the increasing adoption of Al tools within the legal domain, understanding how
trust is formed is becoming increasingly important. Prior studies have examined trustworthiness
in Retrieval-Augmented Generation systems, such as Zhou et al. and Ni et al. | ,
|. However, Zhou et al. introduce a trustworthiness evaluation model for benchmarks,
whereas this study examines how people perceive and evaluate RAG systems in the legal domain.
As for the measurement of trust, explainability, fairness and other factors, which are identical to
the described factors concluded by Law360’s survey, are challenges to fostering trust in the legal
domain, as researchers Ni et al. concluded | |. Conversely, no research has examined
how trust in Al systems among the future generation of legal professionals is fostered.
The younger generation of legal professionals is currently familiarising themselves with the legal
domain. They represent future legal professionals and are continuously exposed to LLMs during
their education. Understanding how they develop trust in such systems may provide insight into
possible future adoption of legal AI technologies. For wide adoption within the legal domain, RAG
systems would need to be consistently accurate, ensure confidentiality, and adhere to existing and
proposed legal frameworks.
The objective of this study is to understand how non-expert users in a high-stakes professional
domain develop appropriately calibrated trust in RAG systems they cannot fully verify or control.
This thesis focuses on law students gaining hands-on insight into the inner workings and accuracy of
a RAG system. This might provide a more in-depth view of how RAG systems work, or, conversely,
confuse participants.
Guttikonda et al. argue that, within the field of XAI, explanations of models are limited to technical
users due to the models’ technical complexity | ]. This may also occur with
hands-on insight. If the explanations and RAG system are confusing, they might not make the
system understandable to non-technical users.
This study aims to examine the following question: Does acquiring practical insight into an RAG
system’s retrieval process affect law students’ trust in its outputs for legal research?

1.1 Thesis overview

This thesis follows the following structure. Chapter 1 introduces the research context and research
question. Chapter 2 reviews the relevant literature about trust and transparency. Furthermore, it
describes how perceptions of trust change as information about the inner workings of a RAG system
becomes available. Additionally, it will briefly discuss the limitations of RAG systems. Chapter
3 describes the methodology of the study, including the experimental design and data collection
process. Chapter 4 presents the results of the experiment, and 5 discusses the findings in relation
to the literature. Finally, Chapter 6 concludes the thesis and illustrates the limitations and future
directions for future research.



2 Background

2.1 RAG systems

RAG systems are architectures combining information retrieval with LLM generation. RAG systems
are developed to enhance LLMs by incorporating external knowledge sources, thereby improving
factual accuracy and reducing hallucinations. The architecture of a RAG system grounds outputs in
retrieved information and can reduce the likelihood of hallucinations and biases occurring (Section
2.6.1 and Section 2.6.2).

As a result, RAG systems are useful in high-stakes domains, as inaccurate or unsupported informa-
tion can have significant consequences. In the legal domain, inaccurate information can lead to
significant legal, financial, or societal consequences for an individual or organisation. With an RAG
implementation, the likelihood of inaccurate information is lower than if they were to use LLMs.
No empirical studies have examined the adoption or use of RAG systems specifically in the legal
domain; however, researchers studied this topic within the boundary of GenAl. Thomson Reuters
Institute researched GenAl in professional Services. They reported an increase in 2025 in the usage
of GenAl in the legal domain compared to 2024. Thomson’s highest reported implementation of
GenAl in the legal domain is in document reviews, legal research and document summarisation

[ J

2.2 Limitations of RAG

The earliest methodology has limitations, resulting in inconsistencies in accuracy within outputs
[ |. To address the limitations of previous systems, newer architectures introduce
methods that surpass the limitations of previous RAG types. However, limitations might still
occur, since the improvements do not eliminate them. Major differences occur in retrieval, indexing,
document processing, memory and more.
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Figure 1: The typical workflow of an LLM-driven RAG system | ]

Before implementing a RAG system, a user or developer adds external knowledge to the knowledge
base. The system cleans diverse text formats containing data, such as PDF or HTML, and extracts
raw data. It converts the data into a uniform plain-text format and segments it into smaller chunks
to accommodate language models’ limitations. An embedding model encodes the chunks into vector
representations and stores them in a vector database | ].
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A RAG system consists of two phases: the retrieval phase and the generation phase. In the first phase,
the retrieval phase, the retriever component retrieves relevant information from the knowledge base
(an indexed database, as illustrated in Figure 1). In the second phase, to correctly answer the user
query, a prompt constructor combines the retrieved information with the user task. Subsequently,
an LLM generates a response to the combined prompt | , ].

A single iteration, as illustrated by Figure 1, starts with the user prompt. This query is transformed
into a vector representation with the same encoding model used during the document processing
phase. After computing similarity scores between the query vector and the chunk vectors in the
indexed knowledge base, the system retrieves the top K chunks with the highest similarity score to
the query | ].

Using the retrieved chunks as context, the prompt generator combines the initial user prompt and
retrieved chunks into a prompt for the LLM. Subsequently, the user receives an answer to their

prompt | ]-
However, the retrieval phase often encounters problems with precision and recall. This leads to the
selection of irrelevant chunks and the absence of crucial information | ]. Furthermore,

during generation, the model may hallucinate (Section 2.6.1), producing text not supported by
the retrieved information. In addition to hallucinations, RAG systems may suffer from irrelevance,
toxicity, or bias (Section 2.6.2) in their outputs | |. Moreover, systems may experience
difficulties integrating retrieved information with the user task. Additionally, the systems may
excessively rely on the retrieved information. In both cases, this can result in disjointed or incoherent
outputs [ ].

Therefore, this might result in complications when implementing RAG systems’ outputs for legal
professionals. Since accuracy is inconsistent, system reliability diminishes. This might lead users to
trust the outputs improperly and, therefore, the consequences.

2.3 Transparency and Explainability in RAG Systems

The initial trust users might experience with RAG systems may develop into a more experienced
type of trust, as explained in Section (2.8.2. However, to properly develop trust, various factors have
a role, including transparency, which Section 2.8 will explain. When users use LLMs, they might
not understand the model’s inner workings. Developers of LLMs may refrain from maintaining
transparency regarding the system’s procedures, capabilities, and objectives to preserve competitive
advantages | ]. This results in a “black-box”.

The field of XAl attempts to make these black-box models understandable for humans. Hassija
explains that significant efforts are made to transform black-box models into more interpretable
models. These models with increased transparency are referred to as white-box models. These
terms are commonly used in contrast to one another | ]. With the conversion of
black-box models, XAI attempts to mitigate biases and hallucinations.

By attempting to explain the algorithm’s behaviour with (global) interpretability, i.e. com-
prehensibility, XAI aims to explain the behaviour in understandable terms to an individual
[ ]. By doing this, XAI aims to increase algorithmic literacy. Furthermore, this
can result in calibrated trust. This trust evolves through trust calibration. Okamura et al. state
that, to calibrate trust, a user has to adjust their level of trust based on the actual reliability of an
AT agent | ].

However, Renftle concludes that it may not be entirely possible to translate the behaviour into



comprehensible language for an individual. Stating that both the approximation and translation
of models will be challenging in future research | ]. Therefore, it might not be
possible to properly calibrate a user’s trust.

Furthermore, for each prompt tasked to an LLM, local interpretability is needed to explain the
outcome of a specific output | , |. This provides even more
insight into the specific reasoning behind the model’s behaviour for a single output.

While RAG systems have ensured more grounded outputs for users, ensuring transparency in how
retrieved information is selected and used in generation is an important factor for fostering trust
[ |. This is also extended to LLMs. By providing more insight into Al models,
XAI seeks to achieve a goal, such as trust | |. This is crucial for the integration
of Al, as greater trust in Al is associated with higher acceptance of Al technologies, which, in turn,
leads to more frequent use | ]

Moreover, Shin argues that alongside trust, the concept of FAT (Fairness, Accountability, and
Transparency) is important for Al adoption. Additionally, Shin explains that it should be expanded
to include Explainability in FATE. FAT(E) is a method for judging literacy in algorithms exploiting
AT while avoiding biased and discriminatory decisions. Shin describes how explainability, along with
the other FAT components, is a core component of algorithmic literacy and a direct antecedent to
credibility. This allows users to foster trust and to turn more towards Al without the burden of
doubt [ ].

2.4 User Understanding of RAG Systems

Various cases illustrate negative interactions with algorithms, LLMs or other GenAI models’ outputs,
such as Eslami et al.’s case. In this study, the authors concluded that prolonged or passive use
of algorithmic systems did not necessarily lead to understanding of the underlying algorithmic
processes. Instead, users required explicit interventions to understand how the algorithm operated
[ ]. Moreover, since users were aware of the algorithm, they drew incorrect
conclusions about their relationships while using the News Feed. Therefore, to stop users from
drawing incorrect conclusions, hidden algorithms, including their effects, should be explained to
them.

In the media, more negative interactions with LLMs are reported, such as news articles about
the Mata v. Avianca case. Two lawyers submitted six hallucinated law cases by ChatGPT
[ , ]. Or in the following news article: Glenda Raap reports how
some clients send in legal documents that are generated with Al, and Danny Vesters states
that lawyers spend increasingly more time reading through these documents to fact-check what
information is useful | ].

Besides LLMs being viewed negatively, these cases also show users may not understand the risks of
inaccuracies with black-box outputs. As for RAG systems, they can be more transparent than LLMs,
since their architectures are usually provided. However, how the LLM generates the responses is
not explained. Additionally, users may still not understand their behaviour, such as why documents
are retrieved or how relevance is determined.



2.5 RAG: Transparency through Practical Insight

To increase appropriately calibrated trust in RAG systems, XAI suggests making aspects of the
system more understandable to users. In the context of RAG systems, a form of transparency could
be to provide insight into the system’s architecture, and more specifically, the retrieval process.
Explaining how the system selects relevant information and incorporates it into the generated
response may help users better understand how the response is generated, enabling them to
evaluate its reliability in depth. These explanations may improve algorithmic literacy and help
users distinguish between situations in which the system is likely to be reliable and those in which
additional verification is required. Despite numerous studies on the trustworthiness of RAG in the
legal domain, there has been no research on whether providing users with practical insight into an
RAG system’s retrieval process actually influences their trust. This thesis will therefore investigate
whether exposing users to the retrieval process changes their trust in an RAG system.

2.6 Problems

RAG systems need to be reliable to be implemented within the legal domain. This section discusses
problems occurring in RAG systems and LLMs.

LLMs have multiple problems, resulting in hallucinations and biases appearing in outputs. Moreover,
some LLMs are presented as black-box models | |, leading to uncertain reasoning about
why these outputs occur.

RAG systems implement these LLMs into their architecture. This can result in RAG systems
outputs also containing hallucinations and biases. Furthermore, researchers have identified several
emerging issues with RAG systems. Particularly, there is concern about the static knowledge
base. Moreover, retrieval mechanisms may struggle to retrieve the most relevant information, and
integration between retrieval and generation may fail in practice.

Further, apart from the technical challenges, the application of RAG systems raises important
ethical and legal concerns. In particular, regarding confidentiality and accountability.

The law requires legal professionals to maintain the confidentiality of their clients. When using
RAG systems or other Al tools, external providers may process sensitive documents, increasing
the risk of data breaches or unauthorised access. To protect personal data, the General Data
Protection Regulation (GDPR) governs the processing of personal data and imposes obligations on
data controllers and processors | ].
Concerning Al, the current legislation is still evolving. The Al Act is the EU’s AT legislation. It
is a risk-based framework that distinguishes between providers and deployers of Al systems. It assigns
providers additional responsibilities to help protect deployers |

However, there is also other legislation that applies to Al systems, such as the GDPR and the Data
Service Act.

Despite this, clear liability rules for damages caused by Al systems remain under development
and are therefore unclear. A proposed Al Liability Directive aims to address these challenges
by adapting existing liability rules and easing the burden of proof for individuals harmed by Al
systems, [ |. However, it has not yet been adopted.

Furthermore, uncertainty persists about who is ultimately responsible for incorrect or misleading
Al-generated outputs, posing significant challenges for the adoption of Al in high-risk areas, such
as the legal field. These aspects may discourage lawyers from implementing and trusting RAG

?



systems and other Al tools.

2.6.1 Hallucinations

Text generation in LLMs occurs token by token, using statistical calculations to determine what
is most likely to follow, resulting in arbitrary outcomes. Thus, the model may produce outputs
not grounded in facts. “Hallucinating” arises when a model generates text that misleads users
by presenting inaccurate outputs as factual and reliable information | , ,
.
A model’s architecture, prompt design and domain specificity may influence these hallucinations
[ ]. They may take different forms, such as incorrect facts, fabricated
sources, flawed reasoning, or misinterpretation of context | .
When the LLM starts hallucinating, the resulting output might appear to be applicable and relevant
despite lacking legitimacy. Even though the generated content is unusable, considering it is not
factually correct | -
Epistemology provides an analytical framework for understanding the implications of hallucinations
in LLMs. As a branch of philosophy, epistemology examines the nature and justification of knowledge
[ |. This perspective is relevant to LLMs because their responses are generated
through statistical prediction rather than mechanisms that verify factual correctness or justify
their claims. Consequently, hallucinated outputs may appear coherent and authoritative despite
lacking truth and evidential support. From an epistemological perspective, these outputs represent
failures of knowledge production rather than merely incorrect information, as they fail to meet the
epistemic standards of truth and justification despite appearing to be reliable knowledge.
This epistemic limitation is problematic in the legal domain, where justification, traceability and
reliability are essential to validating legal reasoning | |. Legal arguments must be
supported by verifiable sources and factual reasoning. When hallucinated outputs are presented
without factual grounding or justification, they undermine epistemic standards required for legal
reasoning and decision-making.

2.6.2 Bias

Kordzadeh et al. defined algorithmic bias as the phenomenon of producing discriminatory results
violating norms of justice and equality, adversely impacting particular people or communities
in workplaces or society | |. They can emerge in Al models,
including RAG systems, for various reasons | |. Training data may contain social biases.
The selection of algorithmic design with respect to features, weights, and the objective function
may also lead to algorithmic biases | |.

Throughout the entire Al model pipeline, the Sources of Harm in Machine Learning identified seven
types of biases | ]. Suresh et al. constructed a pipeline of two distinct phases:
data generation and model building. During data generation, historical, representation, and measure-
ment biases can be embedded in the collected data. Throughout model building and implementation,
learning, evaluation, aggregation and deployment biases may occur | .
Researchers define data containing social biases as flawed. Flawed data as non-representative,
lacking information, historically biased or otherwise “bad” data [ ]. The embedded biases
lead the model to produce unfair outcomes and amplify pre-existing biases in the data | ).



The amplification may occur through a feedback loop, where the biases can dynamically evolve.
With the deployment of an Al system, the post-deployment data and decision-making processes
may also reinforce and amplify the pre-existing biases, in addition to reflecting them | ].
Furthermore, Al models may identify patterns in unbiased training data based on correlations
rather than causations. This causes the model to fail to filter on the intended factors | .
Biases in training data also manifest in proxy data, which Al systems utilise as substitute
variables for protected traits, such as gender | |. However, these proxies may un-
intentionally or deceptively correlate with the sensitive attributes they are meant to replace.
This results in the AI model “learning” incorrect correlations, allowing bias to arise in outputs
[ ]

Moreover, Al models that process Natural Language (NL) often contain more implicit rather than
explicit biases. As a result, the embedded biases are in associations rather than direct statements
[ |. As LLMs learn statistical relationships between words and concepts from training
data, their generated outputs can reflect societal stereotypes. As a result, biased outcomes may
arise through subtle associations between groups and specific attributes or roles | ].
In addition, evaluation bias occurs when an algorithm’s results are interpreted based on subjective
perceptions rather than the objective findings. Consequently, although an algorithm may be impartial
and based on data, the implementation of its outputs might nevertheless result in discriminatory
consequences | .

Apart from biases embedded in data, algorithmic design may also introduce bias. Programming
errors may unknowingly transfer into the system. Developers may apply weighting to reduce bias
by adjusting the data to better reflect the population. It can inadvertently introduce bias and
inaccuracy through improper weights. Another possibility is for developers to intentionally or
unintentionally implement algorithms with subjective rules based on their biases. Biased outputs
may lead to direct or indirect discrimination, reinforcing social inequalities and resulting in unequal
treatment of individuals or groups | .

These concerns of bias are relevant to RAG systems as well. Even though RAG enhances factual
grounding by incorporating external knowledge during text generation, it does not necessarily elimi-
nate algorithmic bias. Bias may already be present in the underlying LLM, while the documents in
the indexed database may contain historical, societal, or other biases. Furthermore, during retrieval,
depending on the algorithmic design, particular sources or perspectives may be favoured through
ranking algorithms or indexing strategies. This may potentially reinforce existing biases in generated
responses. Consequently, RAG systems may produce discriminatory or unfair outputs despite their
improved retrieval capabilities. This is especially a concern in the legal domain, as biased outputs
may influence legal decisions and risk legitimising unfair structures | ].

2.6.3 Black-box

A “black-box” model in XAI often has the internal workings and reasoning behind the predictions
unavailable to the user.

Therefore, these systems are commonly referred to as “black box algorithms” | ]
or “black-box models” | |. Due to this lack of transparency, the sources of
generated outputs are unverifiable. This results in increased caution towards Al adoption, particularly
in high-stakes domains. In the legal domain, where legal outcomes can heavily influence an
individual’s life, such uncertainty may influence judicial decision-making and, consequently, case



outcomes.

2.6.4 Limitations Introduced by External Knowledge Bases in RAG Systems

Whilst RAG systems are developed to mitigate hallucinations and biases, they still have limitations.
RAG systems are very dependent on their external database, as it justifies the reasoning behind
the generated outputs. Yet, RAG systems may become obsolete since the database is static
[ ]. Subsequently, responses may become inaccurate over time | .

2.6.5 RAG: Retrieval Mechanisms and Integration

If the retrieval mechanisms fail to retrieve the most relevant information or the integration between
retrieval and generation fails in a RAG system, the output will be ineffective for the user.

In addition, if the RAG system were to fail while the user presumes the outputs are correct, the
user would accept inaccurate information and might apply it to their work.

In the legal domain, the same consequences may occur as with hallucinations (Section 2.6.1), as
the output used in the legal domain would not pass the analytical framework.

2.7 Solutions
2.7.1 Hallucinations

Researchers attempt to mitigate hallucinations and biases by transforming black-box models into
white-box models. White-box models allow insight into the behaviour behind the outputs. However,
a limitation is that human capability to interpret transparent information from Al is a prerequisite
for transparency to increase trust | ]. With this information, hallucinations and
biases could be mitigated, as it may increase algorithmic literacy and provide insight into what
needs to be adjusted | ].

RAG systems mitigate hallucinations and biases by grounding their outputs in factual information.
Additionally, by fine-tuning a RAG system for a specific domain, such as the legal domain, it can
achieve exceptional levels of accuracy and reliability | ].

2.7.2 Bias

Explicit biases are generally easier to detect and mitigate, as they manifest as conscious attitudinal
tendencies | |. They are typically more observable, and once identified, can be
addressed through direct interventions, such as adjusting model weights or modifying decision
thresholds.

In contrast, implicit biases pose a greater challenge as they reflect unconscious automated cognitive
processes that operate through associations rather than explicit statements | ].
However, there are various pre-, in- and post-processing methods to improve the data, such as
human-in-the-loop approaches.

In RAG systems, it is also easier to locate the explicit biases in the data. This allows the outputs
to remain neutral and non-discriminatory. However, in the LLM’s training data, this is more
complicated because the LLM is integrated into the RAG system. This could result in the biases
being removed from the RAG’s knowledge base, yet the possibility that the biases are present in the



LLM might still influence the RAG. Therefore, it has consequences similar to those of hallucinations
in the legal domain (Section 2.6.1).

2.7.3 RAG: Knowledge Base

Users or developers of the RAG system can periodically update the external database during
deployment to avoid using outdated information. Additionally, it can mitigate possible biases or
hallucinations.

2.7.4 RAG: Retrieval Mechanisms and Integration

Various strategies have been implemented, including pre- and post-retrieval techniques such as
prompt rewriting, to ensure that the retrieval component works.

2.8 Trust

Blobaum expresses how Mayer et al. define trust as the willingness of a trustor, or trusting party, to
be vulnerable to the actions of a trustee, or trusted party | ], whilst the trustee is to
perform a specific action | |. While Mayer’s original model was for organisational
trust, it has become a widely used model of trust | |. This model is widely adopted
in the Trust in Automation (TiA) community and has also been extended to the Al community
[ , ]

According to the model, trust can be interpreted as a person’s assumption regarding another
party’s future behaviour. There is a subjective belief called benevolence, described in section 2.8.1,
where a trustee will exhibit reliable behaviour to maximise the trustor’s interest under uncertainty
of a specific situation based on the subjective assessment of past experiences with the trustee
[ ]. As a consequence of this subjective belief, people become reliant on external
entities —whether people, organisations or tools —and must accept the risks associated with this
reliance [ ].

Justwan et al. illustrate this reliance as a willingness to be vulnerable | ]. The
trustor assumes that the delivered product is suitable for their intentions; if this condition is not
met, the outcome may be pernicious to the trustor | |. In the legal domain, this

is illustrated by a lawyer’s willingness to use the output of a RAG system. They will assume that
the given output is the most relevant to their prompt. However, if the output is incorrect, this will
have consequences for their work and their client.

To distinguish among different forms of trust, Séderstrom identifies “organisation trust” (organi-
sational trust), person trust (interpersonal trust) and “technology trust” (technological trust) in

her research | ]. More recently, researchers have argued that users of LLMs apply
interpersonal trust to these systems, as they parallel aspects of the trust humans place in one
another | |. This is because trust is based on antecedents such as perceived

ability, benevolence, and integrity (section 2.8.1), while chatbots can create personalised interactions
through tailored responses. As a result, users may anthropomorphise these systems and perceive
them as social actors with human-like characteristics rather than merely technical tools.

In addition, an entire market has formed from these human-like chatbots. Multiple cases describe
users developing emotional or romantic relationships with such companion-oriented chatbots, such
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as Replika, entrusting them with personal information | , , .
These cases demonstrate that users can anthropomorphise conversational AI. Although RAG systems
are primarily designed as information retrieval tools, they also display conversational characteristics.
This may change users’ perceptions, leading them to view them more as an anthropomorphic
system. Consequently, interpersonal trust frameworks may also apply to RAG systems.
Furthermore, the following section (Section 2.8.1) will provide insight into how we evaluate the
trust types in Section 2.8.2.

2.8.1 Evaluation of Trust

Factors of Perceived
Trustworthiness
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Figure 2: Trust model based on Mayer, Davis and Schoorman 1995 | ]

Figure 2 is a formative trust model created based on Mayer, Davis and Schoorman |

Within this model, Ability, Benevolence, and Integrity form the baseline of a model on how to
foster trust and are supported by Trustor’s Propensity. The three factors: Ability, Benevolence
and Integrity, are considered factors that cause the trustor to trust the trustee and therefore are
factors of perceived trustworthiness between humans | ]. In addition, Séllner et
al. applied the framework to research large language model-based coaching | ).
Sollner demonstrated the applicability of this trust model for AI. This research uses the same
dimensions. However, in this study, ability will be the primary focus. Benevolence and Integrity are
outside the scope of this study, as they reflect the extent to which the trustee is believed to assist
the trustor and the trustee’s adherence to the trustor’s beliefs.

In the AT and RAG context, benevolence and integrity may be less applicable, since prior research
suggests that some artificial agents may not be perceived as having intentions or self-directed
goals | |. However, it may still be applicable as the trustor holds this perception.
Moreover, Integrity captures adherence to moral and ethical principles. Whilst it can be argued
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that these also apply to RAG systems working in the legal domain, this study examines whether
increasing transparency in the retrieval component of an RAG system influences their beliefs about
the system’s accuracy and inner workings. Since this research only allows practical insight into the
retrieval component, Benevolence and Integrity of the system fall beyond the scope of this thesis.
Accuracy and transparency may solidify Ability, the third factor in trust. Shin attempts to increase
algorithmic literacy and help towards credibility through the concept of FAT(E) | |. High
accuracy may indicate the system’s ability to perform effectively and, consequently, its reliability.
Therefore, transparency and accuracy influence perceived trust in a system and can be argued to sup-
port that trust. Lee et AL. show that transparency can positively influence perceived trustworthiness
by strengthening perceptions of the above-mentioned dimensions | ].

By showing insight into the retrieval component of the RAG system. This study aims to increase
participants’ algorithmic literacy and enable them to calibrate trust appropriately. The participants
will be able to visualise how accurate the retrieval process is and what influences it. Therefore,
their experience will ground their calibrated trust rather than in a belief about whether the RAG
system is working as intended.

However, in addition to these three dimensions, the Trustor’s Propensity influences how the
changes affect an individual’s trust. It is an expectancy to be able to rely on the promises or
statements of others | ]. This expectancy is held by either an individual or a
group | |. This variable shows how it influences an individual; some individuals
allow their perceptions to adjust with less new information, whilst others require more information
to adjust their trust and perceptions.
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2.8.2 Interpersonal Relations of Trust
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Figure 3: Trust relations, Soderstrom

Soderstrom divided person trust into two categories: initial trust and experience-based trust, as
shown in Figure 3. Initial trust refers to the trust that formed before interaction with the other
party, in this case, a RAG system. This is often influenced by reputation, prior knowledge about the
technology, general attitude towards technology or the designer. Experience-based trust develops
with repeated interaction with the system and is shaped by perceived behaviour, consistency,
and reliability. Additionally, competence trust, information-based trust and situational trust are
examined. Although Soderstrom classifies these under a different type of trust, they are directly
influenced by, or influence, person trust. Therefore, they are more connected to people’s perceptions
than to the organisation [Soderstrom, 2009]. In the context of this study, these trust types provide
additional information on how users form trust.

These different relations encompass the types of interpersonal trust this study will apply when
discussing RAG systems. Competence trust refers to the expectation that the other party can
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execute the stated requirements competently | |. Cognitive trust is similar to
this; it refers to the expectations and first impressions a person holds of the other party.

In the context of the study, this implies that cognitive trust is a tentative expectation that a RAG
system will retrieve the correct information, and competence trust develops when the RAG system
consistently retrieves the correct information. This is strongly influenced by the system’s ability
and, therefore, its accuracy | ].

Competence trust relates to information-based trust through another form of trust—goodwill
trust, which reflects benevolence | |. However, this lies outside the scope of this
study. Information-based trust is the prediction of behaviour after collecting information, when
beginning direct interaction | .

The following example illustrates this: A user attempts to use a RAG system for the first time.
Throughout their session, the user becomes familiar with how the system answers in the chat.
They form an initial belief about how the system will behave. As interactions increase, the
information-based trust develops into knowledge-based trust. When repeated interactions develop
it into knowledge-based trust, the user knows what to expect from the system and can predict its
behaviour after many interactions.

Cognitive trust is indirectly influenced by individuals’ broader worldviews and moral values,
which shape their perceptions of a system’s integrity and trustworthiness | . In
the context of RAG systems, transparency and integrity play important roles in this process. By
providing insight into how the system retrieves and generates information, users can better assess
whether the behaviour aligns with their expectations and ethical and moral principles.

Information-based and knowledge-based trust are more strongly correlated with transparency, as
information-based trust involves gathering information about a prospective partner, which develops
into knowledge-based trust when partners become familiar through repeated interaction and
therefore understand each other’s strengths and weaknesses. In terms of Al, information-based
trust involves finding information about the AI tool, understanding what the product does, and
how to apply it in a professional setting. Gradually, the user can test the tool and apply it in their
work, developing knowledge-based trust. It will then become clear where the Al tool can assist and
where it becomes a hindrance.

Additionally, outside of these “external” relations, situational trust plays a significant role in
utilising Al. Situational trust is shaped by several factors, such as the task, risk, and past outcomes
[ |. There are situations in which a user places their trust in the Al, and others in
which that trust is withdrawn for specific reasons | |. Such situations can occur
when an Al tool repeatedly returns incorrect information or is unable to assist. Therefore, trust is
neither static nor linear; it can increase or decrease depending on the situation, reflecting calibrated
trust.

2.8.3 Previous Studies on Trust

As prior research and this study show, a central assumption in XAI is that increasing the trans-
parency of Al systems can foster trust. In their study of ChatGPT, Lee and Cha found that
transparency positively influenced trust, even though trust is not solely reliant on transparency
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[ |. In addition, accuracy reduces distrust when interacting with functionality and
helpfulness | ]. Therefore, Lee and Cha argue that the relationship between trust
and transparency is dynamic and that understanding the mechanisms underlying this relationship
is essential for designing trustworthy Al systems [ |. This view is also reflected
in the 2025 KPMG Global Trust in Al report, which identifies trust as a key prerequisite for Al
acceptance and adoption. Although Al use continues to increase globally, only 46% of respon-
dents reported being willing to trust Al systems, underscoring the need to improve transparency,
governance, and Al literacy to support informed reliance on Al technologies | ]. This
view is also reflected in the 2025 KPMG Global Trust in Al report, which identifies trust as a
key prerequisite for Al acceptance and adoption. Although AI use continues to increase globally,
only 46% of respondents reported being willing to trust Al systems, underscoring the need to
improve transparency, governance, and Al literacy to support informed reliance on Al technologies
[ .

In contrast, other studies argue that the effect of transparency is heterogeneous and depends on
how users interpret the information they receive. Eslami et al. show that providing users with expla-
nations of the Facebook News Feed algorithm did not uniformly increase trust | .
On the contrary, the same transparency intervention yielded varied outcomes depending on users’
perceptions and interpretations of the algorithm’s intentions. Some users reported greater under-
standing and trust; others became more sceptical after learning how the content was filtered and
prioritised [ .

This finding is relevant to RAG systems, where retrieved documents are similarly selected based on
relevance criteria that are often unknown to users.

Furthermore, Kizilcec also found that greater transparency does not necessarily translate into
greater trust. Even though explanations can increase users’ understanding and sense of control, they
may also expose them to the complexity and arbitrariness of algorithmic decision-making, leading
some users to become less trusting despite the increased information available | ].
These studies suggest that transparency does not increase trust but rather influences it through
users’ existing beliefs, expectations, and interpretations (the Trustor Propensity in Section 2.8.1).
This raises the question of whether exposing users to the retrieval process and components of a
RAG system will increase, decrease, or recalibrate trust.

2.9 Research Statement

Mayer’s theoretical model assumes that by improving the perceptions of the system’s ability through
transparency, users’ trust will also increase. From this perspective, understanding how the RAG
system’s retrieval component works should increase trust in the system.

However, other research, as shown in Section 2.8.3, has shown that this relationship is less straight-
forward than Mayer’s model implies. The research indicates that transparency on its own does not
consistently increase trust.

Instead, it relies on other factors such as accuracy and risk perception, as well as the Mayer’s
trustor’s propensity. However, transparency may improve trust calibration rather than increasing
trust overall. This helps users distinguish when reliance on RAG systems is appropriate and when
it is not.

In the legal domain, the distinction on when to apply RAG systems is important during the legal
decision-making process. Legal professionals may rely on RAG systems to aid them. However, many
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users utilise these systems without understanding how they work. This incomplete understanding
may lead to miscalibrated trust, in which users blindly rely on RAG systems. This can have
significant consequences for the legal professionals and their clients.

Existing studies have examined trust in RAG among legal professionals. However, researchers have
not examined professional novices such as law students. Whilst they are still learning to navigate
through the legal domain, they have access to GenAl throughout their education; however, they
do not have in-depth knowledge of AIl. Furthermore, researchers have not examined hands-on
engagement with the retrieval mechanism among this participant group. Therefore, it remains
unclear whether acquiring practical, hands-on insight into the retrieval process of a RAG system
influences how these users calibrate their trust in its output.

This introduces the following research question. RQ: How does acquiring practical insight into the
retrieval process of an RAG system affect the trust of law students in its outputs for legal research?
With the following hypotheses:

e Hj: Acquiring practical insight into the retrieval process of a RAG system does not significantly
affect the trust of law students in its outputs for legal research.

e Hi: Acquiring practical insight into the retrieval process of a RAG system significantly affects
the trust of law students in its output for legal research.

3 Research Design

3.1 Research Approach and Participants

This study will measure law students’ trust level before and after the interactive experiment
using both an initial and a follow-up interview. The experiment is a within-subjects design; this
allows individuals to be examined without requiring a large sample size for an between-subjects
comparison.

The experiment uses a pre-post design, which allows evaluation of treatment effectiveness by
comparing results measured before and after an intervention. To ensure a proper evaluation of trust,
both quantitative and qualitative data are collected. As trust is a complex construct, limiting the
data collected to only quantitative measures would erase the different perspectives participants may
hold on the topics discussed. By allowing participants to provide both data types, the data will not
lose any context, and the quantitative data enables measurements to compare the gathered data.
Participants are assured that the RAG system is designed to help them and is free of malicious
intent or human error. This is intended to prevent participants’ beliefs about Benevolence and
Integrity from influencing the experiment.

For this experiment, the participants will consist of nine third-year bachelor’s Rechten students
and a first-year master’s student who graduated from the bachelor’s in the previous academic
year. Participants will be recruited using snowball sampling. Since the students are Dutch, the
answers provided by the participants were either in their native tongue, English or a combination
of them. The experiment was carried out in English unless additional explanations were requested
in Dutch. After data collection, all responses in Dutch or a combination of Dutch and English
were translated into English. They were manually transcribed and translated, with assistance from
DeepL for translating certain Dutch legal terms and expressions | ].
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During their education, the students develop the foundation of their legal expertise. Yet with the
rise of Al in the past year, more students have been utilising LLMs. This provides the participants
with a position of familiarity with Al and the legal domain during their education. This gives them
a different perspective from that of experienced lawyers. With this perspective, the experiment will
examine how trust in RAG systems changes after gaining insight into the retrieval component and
its outputs.

3.2 Measurement Framework

The interviews are split up into several thematic groups: accuracy, transparency and overall trust.
For each of these groups, several Likert-Scale questions were constructed in the same format as
in the study of Meywrith et al. | ]. This way, the statements had their own
indicator, and together they provided insight into it, allowing for structured questioning that
ensured all important factors were tested. The indicators of this study are the thematic groups.
While accuracy and transparency align with a dimension that fosters trust, as discussed in the
implemented framework, overall trust does not. Yet it was included to provide a clearer assessment
of participants’ trust levels and perceptions of the RAG system.

The initial interview begins with two Likert-scale questions to assess participants’ propensity for
trust. Then the interview continues with a series of open-ended questions to establish a baseline
of participants’ experiences with LLMs or chatbots. In this study, it is assumed that most law
students have not heard of RAG systems, as they are presented as chatbots, and a user would
require in-depth knowledge of RAG systems to classify them. This is not expected of them, since
their education is not in a technical or technical-related field.

Moreover, both pre- and post-experiment interviews follow with the themes discussed. For each
theme, participants are asked to rate several Likert-scale statements to provide quantitative data
for analysis, followed by open-ended questions that elicit the reasoning behind their responses. The
Likert-scale questions are rated on a scale of 1 to 5, with 1 indicating the most negative and 5
the most positive. Conducting interviews both before and after the experiment enables assessment
of changes while understanding the reasoning behind them. This enables students to effectively
convey their perceptions before and after gaining hands-on experience with a RAG system.

This interview structure is applied to accuracy, transparency and overall trust. Accuracy is used
as an indicator of ability, transparency is applied to itself, and overall trust is used to see how
accuracy and transparency influenced participants’ trust. In all cases, Likert-scale responses provide
quantitative measures, while the open-ended questions explore participants’ reasoning. Furthermore,
any changes depicted by the quantitative data might contradict the participants’ thoughts. Therefore,
the qualitative data might provide insight into their actual views regardless of the values in the
quantitative data.

Whilst neither benevolence nor integrity is a specific theme in this experiment, some of the questions
may indicate the participants’ perception of them. However, RAG systems are built as a tool and
are not intended to be something humans form an emotional bond with. Therefore, benevolence or
integrity will not be tested in this study.

After the experiment, the qualitative data will be analysed and categorised through inductive
coding. By reading through the interview transcripts, patterns in the answers emerge and can be
grouped into a singular term, which becomes an applied code in this study.
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3.3 System Configuration

The experiment will be conducted on a self-hosted server running RAGFlow | ].
RAGFlow is an open-source project on GitHub that allows people to deploy their own servers and
utilise Retrieval-Augmented Generation with agents | ]

The researcher uploaded and processed case law in the system prior to the experiments. The general
template divides documents into consecutive chunks based on a predefined token limit, as described
in the RAGFlow documentation | |. An alternative approach is to parse the
document using the law template. However, there is limited documentation for this template, and
several attempts to parse the document using the law template produced impractical results or
could not be configured successfully. In addition, two file formats were considered: PDF and TXT.
However, because the TXT file removes all structure from the text, it produces incoherent chunks.
Consequently, the parsing configuration was reverted to the general template and PDF as the file
format.

During document processing, several chunk sizes are considered. Initially, smaller chunk sizes
ranging from 100 to 256 tokens are evaluated. This results in fragments that are often too short,
cut in the middle of a paragraph or lack sufficient context to preserve the meaning of the legal text.
During testing, retrieval with these chunk sizes often yielded incorrect answers. However, a chunk
size of 512 produces more coherent segments while maintaining adequate contextual information.
Consequently, this limit was set, along with the delimiter \n\n set to ensure that chunks are
separated at the paragraph boundaries rather than splitting individual paragraphs. In an attempt
to preserve as much context as possible. Finally, the system is configured to use the following
embedding model, nnomic-embed-text, and the LLM, llama3.2:latest. These models are chosen since
they are locally deployable via Ollama, enabling reproducibility, and they are freely available.

The retrieval mechanism is controlled by two primary system parameters: the similarity threshold
and the vector similarity weight. These are used to calculate three retrieval metrics: term similarity,
vector similarity and hybrid similarity. The system displays these scores above each retrieved chunk,
as each chunk receives its own set of calculated values | |. Based on these scores, the
system decides whether or not to retrieve the chunk as an answer. These two primary parameters
are the variables that the participants in the experiment will manipulate to gain hands-on insight.
Term similarity and vector similarity are directly related through the vector similarity weight. If the
vector similarity weight is represented by z, then the corresponding term similarity weight is equal
to I-z | |. The term similarity measures the degree of keyword overlap between
the user’s query and a text chunk. More specifically, it evaluates the extent to which the keywords
extracted from the query correspond with the associated retrieved chunks | .
Conversely, vector similarity measures the semantic relevance of a chunk to the query. Rather than
relying on exact keyword matches, it evaluates the similarity in meaning between the query and
the chunk based on their vector representations | |. The hybrid similarity score is
then calculated as a weighted sum of term similarity and vector similarity. The vector similarity
parameter determines the weights, with a default sum of: 0.7 xterm similarity+0.3 x vector similarity
[ ]

No additional functionality was applied during the experiment, such as a reranking model, cross-
language search, or a knowledge graph. Consequently, RAGFlow operated using its default retrieval
strategy, which combines weighted keyword similarity with weighted vector cosine similarity
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[ ]. The cross-language search was disabled as the experiment was conducted
exclusively in English. The knowledge graph was disabled to avoid introducing additional retrieval
mechanisms that may influence the results and complicate the evaluation of the selected parameters

[ J

3.4 Experiment Procedure

The experiment will proceed as follows: The examinees will be presented with a physical copy of the
case France v. Menneson (ECtHR) | |. This case is chosen because it is relatively
concise and has been studied in depth in consultation with a legal professor, enabling the researcher
to provide consistent procedural guidance and accurately interpret participant interactions during
the experiment.

The researcher prepared this case law in advance using the specific configurations described in
Section 3.3. Subsequently, they will receive an explanation of how the system processed this
document and the retrieval testing page. After familiarising themselves, they are shown how the
information retrieval works with two example questions listed in the appendix (Section 8).

They will be informed that term similarity correlates with syntax and, therefore, the exact wording
of the text. Vector similarity refers to the meaning, semantics, of the chunk. Lastly, the hybrid
score comprises these two metrics, prioritising term similarity. The hybrid score is calculated with
the following formula: 0.7 X term similarity + 0.3 x vector similarity.

With these parameters, the system user can manipulate retrieval. The official explanation of the
parameters given by RAGFlow is as follows:

The similarity threshold is the lower bound for retrieving text chunks. Therefore, it seeks a closer
match between the chunks. If a chunk of text has a lower score than the chosen threshold, the
system will filter it out and not return it. The parameter ranges from 0.0 to 1.0. With a default
setting of 0.2] ]

The vector similarity weight influences how much the semantic meaning of a text is considered
during testing. By default, it will be 0.3. This parameter is also tied to the term similarity weight

[ J

The two parameters, as specified, manipulate the retrieval of this RAG system. These parameters
are tied to the hybrid, term, and vector similarity scores, and, based on these scores, the system
decides which chunks to retrieve.

As stated before, the similarity threshold is the lower bound for retrieving text chunks. This means
it is responsible for the number of chunks the system will present to the user after retrieving
information. The vector similarity weight controls the influence of semantics in retrieval, rather
than the semantics themselves, and therefore affects the order of the retrieved chunks. The task of
the examinees will be to try to get the correct chunk that holds the answer to the top. They will
be presented with 2 questions, where scenarios 1 and 2 occur.

With this experiment, they will be met with three possible scenarios, as scenario 3 is shown to
them with the first example question

e Scenario 1: the right chunk will appear at the top immediately with the default values on
both metrics
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e Scenario 2: the right chunk will appear at the top after some playing around with the values
of both metrics

e Scenario 3: the right chunk will never appear at the top, no matter what is done with the
values of both metrics.

Based on these results, the examinee can obtain a better understanding of the system, its accuracy,
and that optimising the system is not possible by making both metrics super strict, and that having
strict metrics does not guarantee accuracy. For instance, they will be able to understand whether a
chunk is relevant or irrelevant according to the system | ].

The three scenarios are designed to expose participants to different levels of retrieval effectiveness
that may occur during implementation. Scenario 1 and Scenario 2 represent successful retrieval.
In Scenario 1, the relevant chunk is ranked first without requiring any system manipulation. In
Scenario 2, participants must manipulate the parameters, similarity threshold and vector similarity
weight to improve retrieval results and obtain the correct answer. Scenario 3 represents unsuccessful
retrieval: the system cannot rank the most relevant chunk first, despite adjusting the retrieval
parameters. This demonstrates the limitations of the retrieval component, allowing the participants
to gain a clear overview of all possible situations.

All scenarios together illustrate to the participant that there is no single correct answer about
which values must exist for the metrics to ensure the system gives the right answer at the top.
Therefore, the system cannot guarantee accuracy.

By doing this experiment and allowing them to understand how the system works and why the
system cannot ensure accuracy, they can see how this affects them as the system’s transparency
becomes clearer. Its accuracy is called into question throughout the examinee’s interactive part.
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4 Experiments Results

4.0.1 During the Experiment

Retrieval Testing

ontent for the LLM. If you have adjusted the default settings, such s ight or similarity threshold, to achieve the optimal results, © that thess I not be automaticall s em to yc assistant settings or the

Test Results

concerned demand full recognition thereof. Not only was the relationship between the third and fourth applicants and their biological father not recognised
when registration of the details of the birth certificate: quested, but formal recognition by means of a declaration of paternity or adoption or through the
effect of de facto enjoyment of civil status would fall foul of the prohibition established by the Court of Cassation in its case- law in that regard ... The Court
considers, having regard to the consequences of this serious restriction on the identity and right to respect for private life of the third and fourth applicants,
that by thus preventing both the recognition and establishment under domestic law of their legal relationship with their biological father, the respondent State
overstepped the permissible limits of its margin of appreciation. 101. Having regard also to the importance to be given to the child's interests when weighing up
the competing interests at stake, the Court concludes that the right of the third and fourth applicants to respect for their private life was infringed. 3. General
conclusion 102. There has been no violation of Article 8 of the Convention with regard to the applicants'right to respect for their fam :
Use knowledge graph been a violation of that provision with regard to the right of the third and fourth applicants to respect for their private life. FOR THESE REASONS, THE COURT,
UNANIMOUSLY, 2. Holds that there has been no violation of Article 8 of the Convention with regard to the appi ct for their family life; 3.
Holds that nas been a violation of Article 8 of the Convention with regard to the third and fourth apy es private life; Done in
French, and notified in writing on 26 June 2014, pursuant to Rule 77 diek President Registrar

Rerank model ©

between a child and a couple who had lawfully contracted an agreement with a surrogate mother was not contrary to inter
mended quashing the judgmer
d abroad or a foreign decision lawfully delivered by a foreign court could not be prevented from tal
jould infringe a principle, a freedom or a right guaranteed by an international convention ratified by
What was the general conclusion? France. He noted in particular that in Wagner and J.M.W.L. v. Luxembourg (no. 76240/01, 28 June 2007)the Court had taken account, in its examination of the
case under Article 8 of the Convention, of an “effective family lfeand “de facto family ties"between a single mother and the child she had adopted in Peru,
without attaching any importance to the fact that the former had gone abroad in search of a legal system which would allow her to obtain what the law of her
country of origin refused her. I the advocate-general's opinion, if the same rationale were applied in the present case, even where domestic law had been
circumvented, a legal relationship lawfully created abroad could not be prevented from producing the relevant legal effects where it concerned an effective
fourth applicants had been living in France for ten years and “[were beinglbrought up there by genetic and intended parents in a de facto family unit in which
[they were receivinglaffection, care, education, and the material welfare necessary to their developmentand that this effective and affective family unit fully
lawfulin the eyes of the law of the country in which it had originated ~ [was]“legally c! e children having no civil status recognised in France and
no parent-child refationship r s va e a . the advocate-
o register the birth
particulars I inconsequential and does a a e, whic a mere formality and It s therefore
difficult to see any major obstacle in the circumstances to recording the detalls of certificates with such minimal legal effect that it s inconceivable that they
are capable in themselves of shaking the foundations of our fundamental principles and seriously contravening public policy (since they do ot intrinsically
contain any mention of the nature of the birth)

stake, the margin allowed to the State will normally be restricted (see, in particular, S.H. and Others v. Austria, cited above, §94). 78. The Court observes in the
present case that there is no consensus in Europe on the lawfulness of surrogacy arrangements or the legal recognition of the relationship between intended
parents and children thus conceived abroad. A comparative-law survey conducted by the Court shows that surrogacy s expressly prohibited in fourteen of the

thirty-five member States of the Council of Europe other than France -studied. In ten of these it s either prohibited under general provisions or not tolerated,

expressly authorised in seven member States and appears to be tolerated in four others. In thirteen
recognition of the parent-child relationship between the intended parents and the children conceived
jacy agreement legally performed abroad. This also appears to be possible in eleven other States (including one in which the possibility may
only be available in respect of the father-child relationship where the intended father is the biological father), but excluded i the eleven remaining States
(except perhaps the possibility in one of them of obtaining recognition of the father-child relationship where the intended father is the biological father). ..79.

Figure 4: The retrieval testing page that the participants were seeing.

While the participants were performing the experimental tasks, their behaviour was observed. Most
participants initially engaged in exploratory behaviour, testing different values at random to better
understand the system. For some participants, this behaviour persisted throughout the experiment.
However, certain participants appeared to make use of the information provided during the
explanation. Rather than aimlessly searching for the correct parameters, these participants reflected
on the system’s underlying linguistic mechanisms, using the language in the question to reason
about the values of the similarity threshold and vector similarity weight. By applying this knowledge,
they were able to obtain the correct answer faster than other participants.

4.1 Descriptive Statistics

Both the before-and-after interviews collected quantitative and qualitative data. Quantitative data
consisted of participants’ responses to Likert-scale questions, while qualitative data were obtained
through open-ended interview questions. In addition, during the interactive part of the experiment,
the participants described their behaviour and interactions with the retrieval mechanisms.

4.1.1 Trustor’s Propensity: Pre-experiment Interview

At the start of the interview, participants were asked to evaluate two questions about their beliefs
concerning technology in general. The questions are in the appendix: question 1 statements a and b
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(Section 8). Most participants indicated hesitation to trust new technology tools without personal
experience, with responses ranging from 2 to 4 on the Likert scale and a mean of 2.7 (SD = 0.97).
With 1 indicating "I strongly disagree” and 5 indicating "I strongly agree”. The second question
showed responses, scaling from 1 to 4, to whether they believed that the technology would work as
intended, resulting in a mean of 2.3 (SD = 1.16). As Table 1 depicts.

Table 1: Descriptive statistics for general technology and LLMs

Label Mean SD

1-TG1 2.7 0.95
1-TG2 2.3 1.16
1-T1 2.7 0.95

The majority of participants were not familiar with chatbots in the legal sector or had only heard
of them, except for one participant who had limited experience with them. Nevertheless, the
participants were familiar with general-purpose LLMs. 8 participants reported using various LLMs
for academic tasks. The most common LLMs were ChatGPT and Gemini, with occasional additions
of Claude and some others. During the deployment of these LLMs, the participants generally
described having limited to moderate familiarity with these tools. Some used Al regularly for their
academic work, while others had little to no experience.

Participants reported using LLMs for summarisation and supporting tasks (e.g. writing feedback,
drafting assistance and explaining legal concepts). They emphasised the need to verify the out-
puts because of concerns about inaccuracies and hallucinations. Additionally, the participants
reported mixed experiences regarding the accuracy of the LLMs; many reported incorrect answers,
hallucinations, and inconsistent performance.

In addition to the more general questions, the participants were asked about their understanding
of how LLMs function. Again, the responses ranged from 2 to 4, on a scale of 1 indicating "no
understanding” to 5 indicating ”complete understanding”. This resulted in a mean of 2.7 (SD =
0.95) on the five-point Likert scale (Table 1). Furthermore, to evaluate the baseline of participants’
perceptions, the questions were divided into three thematic groups for both the before- and after-
experiment interviews: Transparency (T), Accuracy (A), and Overall Trust (OT). The questions
are found in the appendix (Section 8)

4.1.2 Intervention: Post-experiment Interview

In the follow-up interview, the theme Intervention (I) was introduced. For each theme, Likert-
scale questions were asked, followed by corresponding open-ended questions. In addition to these
questions, participants were asked several more open-ended questions on the same themes.

Question Mean  SD

2-11 4.4 0.97
2-12 3.0 0.94

Table 2: Interventions: Mean and Standard Deviation
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Distribution of responses for posterior intervention questions
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Figure 5: Distribution of responses for posterior intervention questions

Table 2 and Figure 5 present the intervention question results. Both questions were on a Likert
scale of 1 to 5. For the first question, the scale ranged from ”decreased significantly” to ”increased
significantly”. The first question in this theme assesses whether participants’ understanding of
the retrieval process improved compared to before the experiment. The results showed a high
mean score of 4.4 and an SD of 0.97. This indicates that interacting with the system significantly
contributed to their understanding, as the scale’s upper bound is 5. Participants’ understanding of
the retrieval component increased significantly. Except for one participant, who indicated that the
adjustable parameters, the vector similarity weight and similarity threshold, increased confusion
rather than improving their understanding.

The second intervention question was regarding the participants’ confidence in the system’s accuracy.
This question received a lower mean score of 3.0 from the participants, with an SD of 0.94. The
participants stated that their confidence in accuracy lessened, while others stated that their
confidence increased. 6 participants understood why it produced the output, while others became
more confused. One participant stated: “Like I said, confusing metrics. I already had low trust
in these systems, and it only got worse”. As Figure 5 shows, participants were divided into two
groups, with two outliers in the middle. One group ranked lower at a score of 2, and another group
ranked higher at a score of 4. This indicates that the intervention did influence their view and
understanding of the RAG’s retrieval component.

4.1.3 Transparency

Question Mean  SD Question Mean  SD
1-T2 2.3 1.16 2-T2 3.7 0.82
1-T3 2.2 1.03 2-T3 3.3 0.67
1-T4 2.3 1.49 2-T4 3.5 1.27

Table 3: Pre-experiment Transparency: the  Table 4: Post-experiment Transparency: the
mean and SD mean and SD
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Table 5: Transparency questions: the mean and SD

Transparency Scores Prior to Experiment
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Figure 6: Participants’ perceptions of transparency before the experiment

During the pre-experiment interview, participants received a brief explanation of the concept before
being questioned about RAG systems. The explanation is included in the interview script in the
Appendix (Section 8). All participants expressed having no familiarity with RAG systems. The
responses to the Likert questions varied among participants, and Figure 6 shows these responses.
The first and third transparency questions had a mean of 2.3, and for the second question, it was
2.2, as illustrated in Table 3. The first question illustrates the participants’ estimation of their
understanding of a RAG system. Some participants described it as similar to an LLM: “I think
it won’t be that different from, like, the LLM, so I think I understand it pretty well”, with other
participants offering similar explanations. Whilst others highlighted that they had never heard
of it. Furthermore, one participant stated they understood the RAG system solely based on the
explanation incorporated with their knowledge of LLMs. This question has a larger SD of 1.16, as
Figure 6 reflects.

The second question (1-T3) describes how participants understood the retrieval mechanism of RAG
systems. The mean for this question is 2.2, indicating that several participants did not understand
how it worked. This is supported by Figure 6, where 6 participants rated this question 1 or 2,
and the higher ratings are mainly 3, with one outlier on 4. During the explanations, participants
repeatedly expressed the same answer in various ways: “I have no idea how it works”. Whilst some
participants attempted to imagine how it could work, they were unable to form a clear idea. Some
of these attempts were based on the input, a combination of input, human behaviour, algorithms
and exact wording.

The third question (1-T4) assesses how well participants understood RAG systems in order to
evaluate whether the outputs were trustworthy. The SD on this question is 1.03, and the mean is
the same as question one; Figure 6 illustrates how participants indicated that they either knew
enough about the inner workings of an RAG system or thought they knew barely anything to
evaluate how trustworthy the outputs were.

The median was similar for the first two questions and significantly lower for the last, suggesting
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that participants believed they could not evaluate whether the outputs would be trustworthy.
Furthermore, looking at participant-level averages revealed notable variation. Participants 2 and
7 exhibited the highest expectations for transparency with a mean of 3.67, while Participants 1
and 9 exhibited the lowest mean of 1.0, shown in Figure 8. Furthermore, 7 participants reported
uncertainty regarding how RAG systems functioned before the experiment.

Table 6: Question 1-TB1: How well do you believe that you understand a RAG system, including
the explanation provided?

Rating Freq
2 - Limited understanding 1
3 - Moderate understanding 1
4 - Good understanding 6
5 - Complete understanding 2

During the pre-experiment interview and after following a more in-depth explanation of the
RAG process, participants indicated that the majority were unfamiliar with Retrieval-Augmented
Generation before the study. Only a small number had previously encountered the concept, and only
one participant had experience using a RAG-based system. Notably, the participant was unaware
that the AI used RAG technology. Their experience with the system was limited to observing that
it tended to produce longer responses, yet its accuracy remained as inconsistent as that of other Al
systems.

Lastly, the participants were asked to evaluate how well they believed they understood the RAG
systems, as shown in Table 6. Eight Participants believed they understood the RAG systems well.
The other two lower scores belong to participants 1 and 9.
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Figure 7: Distribution of responses for posterior transparency questions
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The post-experiment interview repeated Questions 1-T2 and 1-T4. Question 1-T3 was replaced with
a more specific question assessing whether participants could identify the cause of an unexpected
RAG response.

Even though questions 1-T3 and 2-T3 do not fully overlap, 2-T3 further specifies 1-T3 by asking
whether participants can identify why an unexpected output would be returned. This implies
whether participants can identify why an incorrect answer is returned.

The Likert-scale transparency questions asked after the experiment are presented in Table 7. All
transparency scores increased by at least one point compared to the pre-experiment interviews
illustrated in Table 5. Furthermore, the SD also decreased: for the first two questions, it decreased
by at least 0.3 (0.34 and 0.36), and for the last question, it decreased by 0.22. This indicates that
the answers are more clustered.

For all three questions, responses clustered around scores of 3 and 4 on the Likert scale. However,
the third question (2-T4) still shows greater variation among scores, as reflected in its SD of 1.27,
compared to the first question’s SD of 0.87 and the second question’s SD of 0.67. When participants
were asked whether there were any remaining uncertainties regarding the retrieval process. Six
participants reported no uncertainties, while four stated that uncertainties remained. Remaining
uncertainties included the similarity threshold and vector similarity weight in the coding.

During the open-ended questions, participants described the retrieval process in their own words.
One of the more in-depth explanations was: “You ask a question and then the system will retrieve
the information from the database with these parameters (Similarity threshold and Value similarity
weight), and then it will give you a couple of text pieces back where it thinks your answer is written
in.”. Another example is: “I guess it looks for similarities and word-vector meaning in general to
the database, and then it feeds me back depending on how high or low I let the vectors and how
many chunks it feeds me back. And then the lesser the chunks, the better; the greater the chances
I find the correct answer if I even put the correct prompts.”

All participants provided descriptions that reflected the basic principles of the retrieval process.
Furthermore, nine out of ten participants reported a change in their perception following the
experiment.

One of the participants with an increase reported the following: “Yes, before this I had no idea how
this works. I personally never had an explanation or looked for it myself, but now because of your
explanation and because of the interactive experiment, I understand what it is looking for and thus
how you can try things out with your own questions. So it is a lot more clear.” And the participant
without a change: “Not really, I already understood how it worked to a certain extent, and this was
just more in depth”

When asked which aspect of the retrieval process they found most surprising, participants most
often cited the use of semantic meaning in addition to the query’s syntactic wording. Although
participants offered suggestions about how they thought the RAG system retrieved information
prior to the experiment, none of them included semantics. While some did report the exact wording,
they had not thought of the meaning of a word and the relation to another word.
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Figure 8: Composite transparency mean score before and after the experiment

Except for Participant 7, the participants show an increase in their transparency, in Figure 8. This
figure shows the mean for participants across all three questions and how it changes before and
after the experiment. Participant 1 had the greatest change from before to after the experiment.

4.1.4 Accuracy

Question Mean SD Question Mean SD
1-A1 2.9 0.99 2-A1 3.2 0.79
1-A2 2.9 1.10 2-A2 2.4 1.07
1-A3 3.0 0.82 2-A3 3.1 0.74

Table 7: Pre-experiment Accuracy: the mean  Table 8: Post-experiment accuracy: the Mean
and SD and SD

Table 9: Accuracy questions: the mean and SD
In the pre-experiment interview, three questions assessed participants’ perceptions of the system
regarding accuracy. The questions were answered on a scale from 1 to 5. Where 1 indicates “I
strongly disagree” and 5 indicates “I strongly agree”.
The first two questions assessed their belief in the system’s ability to retrieve the most relevant
passage (1-A1) and to do so consistently (1-A2); variation in the answers is shown in Figure 9.
The mean for these questions was 2.9. The second question had the highest SD, indicating that
participants have different expectations about the system’s ability to consistently retrieve the most
relevant passage.
For the third question (1-A3), responses clustered around a score of 3 on the Likert scale with an
SD of 0.82. For this question, participants were asked whether they were confident that the retrieval
process would prioritise the information most useful for them. This resulted in a mean of 3.0.
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Figure 9: Participants’ perceptions of accuracy before the experiment
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Figure 10: Distribution of responses for posterior accuracy questions

The post-experiment interview showed a similar pattern for Questions 2-A1 and 2-A3, whereas
perceptions of retrieval consistency (2-A2) declined. All accuracy questions in the post-experiment
interview remained the same as 1-A1, 1-A2 and 1-A3.

Question 2-A1 and 2-A3 received similar mean scores of 3.2 and 3.1, respectively, with SDs of
0.79 and 0.74. These questions asked participants whether the system would retrieve correct and
relevant information for the user and prioritise the information most useful to them. Moreover, the
second question focused on the consistency of retrieval. This resulted in a lower mean of 2.4 and
had more diverse ratings, as shown in Table 8 and Figure 10.
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Although participants generally considered the system somewhat reliable, many also recognised
its limitations. Eight participants reported inconsistent retrieval accuracy during the experiment,
contributing to uncertainty about the system’s reliability. Consequently, nine participants stated
that the experiment made them more cautious when using RAG systems. One participant described
that the RAG system would be better than an LLM; however, it would still be Al, and therefore
they should be careful. Another participant described how the system can retrieve the correct
information; however, it is not possible to know whether it is correct without verification. The other
participant stated that it does not influence them as they would not like to use the RAG systems
or Al in general.
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Figure 11: Composite accuracy mean score before and after the experiment

In Figure 11, the changes in the accuracy are reflected. The figure shows the same change as in
Figure 8: the mean for participants across all three questions, along with its change before and
after the experiment.

Figure 11 presents the composite mean accuracy scores before and after the experiment. The
scores ranged from 1.00 to 4.00, with most participants reporting scores between 2.67 and 3.67.
Additionally, after the experiment, four participants showed an increase in their composite mean,
two showed no change, and four showed a decrease.

4.1.5 Overall Trust

Question Mean  SD Question Mean SD
1-0OT1 3.6 1.17 2-0T1 3.6 1.43
1-0T2 1.4 0.70 2-0T2 1.6 0.97
1-0T3 1.6 0.70 2-0T3 1.9 1.20

Table 10: Pre-experiment Overall Trust: the  Table 11: Post-experiment Overall Trust: the
mean and SD Mean and SD
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Table 12: Overall Trust questions: the mean and SD
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Figure 12: Participants’ perceptions of their overall trust before the experiment

The final group of questions in the pre-experiment interview examined the willingness to use a
RAG system during their research process. For these questions, the Likert scale ranged from 1 to 5,
from I strongly disagree to I strongly agree.

The first question reflects participants’ willingness to use a RAG system in their legal research.
Responses ranged on the higher end of the Likert scale, from 3 to 5, for this question, with a single
outlier in this range at 1 (Figure 12). The mean was 3.6, and the SD was 1.17.

The second question asked whether participants would trust the output of an RAG system enough
to implement it without manually verifying every result. For this question, there were various
qualitative negative answers which are also reflected in the quantitative data. The participant who
chose 3 said that while they would like to double-check, if it works properly, you can actually
trust it. However, other participants discussed ethical and professional concerns and the recurring
argument that it is AI. The mean was 1.4, with an SD of 0.7.

The last question in this thematic group reflected participants’ comfort level while relying on a
RAG system when there would be real legal outcomes. This received nine participants responding
with 1 or 2 and a mean score of 1.6 with an SD of 0.7.
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Figure 13: Distribution of responses for posterior overall trust questions

The overall trust after-experiment interview results are shown in Table 11 and Figure 13. After the
experiment, participants reported a relatively high willingness to use a RAG system in their legal
process, as reflected in the responses to the first question with a mean of 3.6 and an SD of 1.43.
However, this result did not differ from the pre-experiment mean score. Nine participants frequently
stated that they would verify the retrieved information before using it. Professional responsibility
also influenced participants’ willingness to trust the system. One participant gave accountability as
a reason: “... I wouldn’t trust it. Just because I'd rather that the blame falls on me instead of the
system”.

In the second question, which had a mean of 1.6 and an SD of 0.97, participants indicated that
greater trust would only be possible if they verified the outputs while familiarising themselves with
the system’s behaviour.

In the open-ended responses, all participants stated that they would not use the outputs without
verification, commonly repeating concerns about inconsistent accuracy. Nevertheless, if used as an
assistive tool, participants reported that it could increase efficiency and, therefore, they would still
use it. For example, a participant stated: “Yes, I think I would. You could implement it then as
a time-saving tool. By asking questions like, is this a legal rule from which judgement is it, and
then you’d get an answer from the RAG system, you could verify that really easily and continue
working”.

Furthermore, the last question in this thematic group received a mean of 1.9 with an SD of 1.20,
which addresses the use of the outputs for real legal purposes. Participants indicated that Al
increased the likelihood of errors and therefore they did not want to rely on an Al system; however,
if they are allowed to manually verify it, two participants would consider it.

Additionally, five participants estimated that their understanding of the system changed their
perception of it, four reported no change, and one was uncertain. Several participants provided
reasons for this change, with the most frequently mentioned factors being the adjustable parameters:
vector similarity weight and similarity threshold.
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Figure 14: Composite overall trust mean score before and after the experiment

The composite mean scores ranged from 1 to 3, as shown in Figure 14. Participant 8 has the
highest score, whereas participant 9 has the lowest score. Most participants ranged between 2 and
2.67. Finally, the most common reason reported was a lack of understanding of Al tools, either in
general or in their inconsistent accuracy.

4.1.6 Participant Changes

Participant Transparency Accuracy Overall Trust Reported change
Participant 1  +3.33 +2.33 +0.33 Increase
Participant 2 +0.33 -0.67 -0.33 Slight change
Participant 3  +2.33 -0.33 +0.33 Increase
Participant 4  +0.67 -0.67 -1.00 Same
Participant 5  +0.67 +0.33 0.00 Slight change
Participant 6  +1.33 -2.33 -0.67 Decreased
Participant 7 0.00 0.00 +1.00 Increase
Participant 8  +1.67 0.00 +0.33 Same
Participant 9  +1.67 +0.33 +0.67 Same
Participant 10 +40.33 +0.67 +1.00 Increase

Table 13: The changes in the participants’ scores before and after the experiment based on a scale
of 1 to 5. Added note: the participants did not indicate positive or negative with the label ”Slight
change”

Table 13 shows the differences between the composite mean score before and after the experiment.

These differences were also shown per category in each subsection in Figure 8, Figure 11 and Figure
14.
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The last column, Reported change, represents the qualitative responses participants gave when
asked about the experiment’s effect on their trust. In the table, six participants described how they
felt their trust evolved, and these specific changes are reflected in the data. In the other cases, the
qualitative and quantitative data differed.

A notable case is Participant 1, in which all quantitative data increased, with larger differences
than in the others. Furthermore, Participant 5 showed no change in Overall Trust. Although both
transparency and accuracy increased in the quantitative data, the participant indicated a change in
their trust.

Furthermore, if the Transparency and Accuracy score increased or remained unchanged, Overall
Trust did not decrease, according to the quantitative results. However, in three cases the Overall
Trust decreased if Accuracy also decreased.

Only Participant 3 was an outlier, in which Accuracy decreased, and Overall Trust increased.
However, Transparency increased significantly for this participant.

4.2 Wilcoxon and Paired T-test

For the statistical testing, two separate tests have been conducted: a standard paired t-test and a
Wilcoxon signed-rank exact test. The paired t-tests were initially conducted; however, due to the
small sample size (n = 10) and the ordinal nature of the data, the Wilcoxon signed-rank test was
considered the primary inferential test and is therefore highlighted while reporting the results. The
effect sizes were calculated using the rank-biserial correlation.

To conduct these tests, the composite mean scores have been calculated and are reflected in Table
14. The results of the paired t-tests and Wilcoxon tests are documented in Table 15.

Table 14: Composite scores before and after the experiment

Transparency Accuracy Trust
Time Mean SD Time Mean SD Time Mean SD
Prior 247 1.03 Prior 293 0.81 Prior  2.20 0.59
Post 3.50 0.74 Post 2.90 0.67 Post 2.37 0.90

The transparency scores increased for nine out of ten participants after the experiment with the
RAG systems as shown in Table 13 and Figures 8, 11 and 14). The paired t-test indicated a
significant effect with a p-value of 0.014. Additionally, the Wilcoxon signed-rank test indicates a
significant effect (V = 2.0, p = 0.008). With a rank-biserial correlation also indicating a large effect
(r=1.00, 95% CI [1.00, 1.00]).

Neither the accuracy nor the overall trust scores showed a statistically significant difference between
before and after the experiment. The accuracy scores did not differ significantly between pre- and
post-test measures (V = 27.5, p = 0.906, r = -0.08), and the paired t-test of accuracy resulted in a
p = 0.931.

The results for the overall trust indicate no significant effect either. The t-test p-value was 0.453,
and the Wilcoxon test p-value was 0.356 (V = 17.5). The rank-biserial correlation (r = 0.36, 95%
CI [-0.32, 0.79]), indicating that the posterior scores tended to be higher than the prior scores, yet
there was no significant effect recorded, which is also reflected in the table and the figures.
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Table 15: Results of paired-sample t-tests and Wilcoxon signed-rank tests

Construct Mean Diff. t df p (t-test) V  p (Wilcoxon) r 95% CI
Transparency -1.03 -3.05 9 0.014 2.0 0.008 1 [1.00, 1.00]
Accuracy 0.03 0.09 9 0.931 275 0.906 -0.08 [-0.65, 0.55]
Overall Trust -0.17 -0.79 9 0.453 17.5 0.356  0.36 [-0.32, 0.79]

5 Analysis

5.1 Transparency

Familiarity with LLMs did not necessarily correspond to an understanding of their underlying
operations, nor did it explain their behaviour. Participants who regularly used GenAl or other Al
tools showed no greater technical comprehension than those who rarely used them. This dissociation
between usage and understanding suggests that familiarity alone is insufficient to develop the kind
of AT literacy that enables calibrated trust evaluation.

This finding is consistent with prior work on algorithmic transparency, where users often required
explicit interventions to understand how the algorithm operated | ].

Increased transparency increased understanding in the system, allowing participants to distinguish
between relevance and consistency. The experiment led participants to develop a more sophisticated
understanding of the RAG retrieval process, rather than seeing it as a black-box model.
However, participants did not always fully understand the technical side of the RAG systems.
Before the experiment, participants perceived the system as a black box. After gaining insight,
they found the use of semantic meaning in addition to syntactic wording difficult to understand.
Especially when combined with parameters that manipulate the retrieval process. This reflects a
limitation in XAI and can result in miscalibrated trust, where something is assumed to work a
certain way. However, it does not do so due to a technical misunderstanding.

5.2 Accuracy

Participants’ confidence in the systems’ accuracy did not increase trust in their reliability. On
the contrary, exposure to the retrieval components emphasised the system’s inconsistencies and
potentially unexpected outcomes. This reduced participants’ confidence in their consistency, leading
them to gain a more realistic understanding of the systems’ workings and limitations, thereby
calibrating their trust.

Throughout the interviews, concerns about accuracy, hallucinations and consistency emerged as
recurring themes. Additionally, ethical and professional concerns played a part, a recurring issue in
AT in general for the legal domain, as shown by Law360 Pulse | ].

Furthermore, participants distinguished between usefulness and correctness. They acknowledged
that RAG systems could improve efficiency. However, participants frequently emphasised the
importance of keeping a human in the loop and independently verifying outputs if they intended to
use them. This indicates that the participants acknowledged the inconsistencies in accuracy, yet
they were not severe enough to outweigh the perceived efficiency benefits of the systems.
However, this perception did not necessarily make them distrust the systems. Their propensity
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for trust and initial mental model influence how they take observed accuracy into account. This
supports the calibrated trust more; participants obtained a clearer view on when it is appropriate
to rely on the outputs, and when it can be used as an assistive tool.

The experiment solidified the opinion that the participants shared in the initial interview. Par-
ticipants observed that the LLMs were inconsistent in their accuracy. Through the experiment,
participants became more informed about the retrieval process and how the system operates. While
they still observed retrieval failures and inconsistencies, the participants concluded that RAG
systems could still be beneficial to them, provided that appropriate verification measures were in
place.

5.3 Overall Trust

The RAG system is not reliable as an authoritative decision-making resource; however, it is useful
as an assistive research tool. The willingness to rely on these systems was very low. Additionally,
participants did not want it to affect real-life cases. This implied that participants calibrated their
trust in the RAG system as an assistive tool. Furthermore, they preferred human oversight while
using the RAG system. This reflects recommendations within the explainable Al literature that
transparency should support accountability and informed human oversight | ]
The statistical analysis showed a significant increase in transparency but no significant change in
either accuracy or overall trust (Table 15). When considered together with the qualitative responses,
these findings suggest that participants developed and solidified a more calibrated trust in the
systems. In previous work, it was suggested that explainability should enable users to determine
when reliance on Al is appropriate, as trustworthiness is not a stable quality | .
The increase in transparency and accuracy resulting in an increase of overall trust is the most
common pattern. However, it is not always the case. This finding aligns with Shin, who argued
that explainability should not be viewed solely as a mechanism for increasing trust [ .
Participant 6 provides a clear example of this relationship. Although their understanding of the
RAG systems increased, their perceptions of accuracy and how they would implement it decreased
compared to the beginning of the experiment. Consequently, both their statistical overall trust and
their reported perception of trust declined. Demonstrating that increased understanding may not
lead to higher overall trust.

Furthermore, the discrepancies between the statistical data and reported perceptions may suggest
that quantitative measures alone do not fully capture all aspects of trust. The results suggest
that increases in overall trust are often accompanied by increases in transparency and positive
perceptions of accuracy; however, this pattern was not consistent across all participants.
Conversely, participant 7 represented an interesting exception. Their statistical scores showed no
change in either transparency or accuracy, yet their overall trust did increase by an entire point.
This increase correlates with their reported answers, which indicate increased trust. However, the
participant did not provide an additional explanation, making it difficult to identify the motivation
for the increase in trust. This illustrates how factors such as the trustor’s propensity or the perceived
usefulness might influence trust.

Overall, the findings in this study suggest that the experiment primarily improved participants’
ability to calibrate their trust rather than increasing trust itself. Participants became more knowl-
edgeable about how RAG systems operate and recognised their limitations. Consequently, they
viewed the systems as valuable assistive research tools, yet still required human verification before
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using their outputs, especially in the legal domain. These findings are consistent with prior research
on explainable AT | , ].

This study extends existing research by showing that transparency in RAG systems does not
increase trust; rather, it calibrates trust and improves Al literacy among law students. Furthermore,
it describes how law students are willing to use it even when it is not always correct, as the
implementation might still increase efficiency.

6 Discussion and Further Research

6.1 Limitations

This study relies on self-reported measures of trust, which are more susceptible to response biases
such as social desirability, acquiescence, and naysaying biases. Consequently, the reported trust
levels may not fully reflect the participants’ actual attitude or behaviour. This also applies during
the experiment, since it was an unconcealed experiment; participants’ behaviour may have changed
based on my reactions. Furthermore, due to the limited time period of the data collection, participant
recruitment and data collection were restricted, resulting in a smaller sample than would be ideal
for this study. Moreover, the study sample consists of only 10 participants. The statistical power is
limited, and the risk of undetected meaningful effects increases. Additionally, the sample might not
be a proper representative of the broader population, restricting its external validity.

The adopted theoretical framework in this study focuses on trust in RAG systems based on a limited
background theory of interpersonal trust relationships applied to RAG systems. Consequently,
broader perspectives from fields such as human-computer interaction are not examined in-depth.
Therefore, the findings of this study should only be interpreted based on the background theory
written in this study.

6.2 Future Research

To address the limited statistical power of the current study, future research could replicate the
same study on a larger sample size. This would increase the statistical power and improve the
generalisability of the findings. A larger sample size would be more likely to reflect the characteristics
of the population. Additionally, similar studies could implement alternative interaction methods
with RAG systems to investigate whether different interaction designs influence users’ perceptions
of trust.

Future research could investigate trust in RAG systems by using legal documents or cases that
participants are already familiar with, thereby creating a more personalised experimental setting.
Although such an approach would require additional facilities and a large participant pool to analyse
the data properly, familiarity with the source material may reduce uncertainty in understanding
the legal content. This would allow participants to focus more directly on evaluating the system’s
retrieval process, explanations, and outputs. In combination with their prior experience with the
materials, participants may be able to assess the system in areas they previously found challenging,
determine whether it retrieves the correct information, and assess whether its responses align with
their expectations and understanding of the material.

A second option for future research is to conduct a longitudinal study. This could be done by
allowing participants to become familiar with RAG systems over an extended period, for example,
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while completing a case-based assignment. This may provide insight into how trust develops through
repeated exposure and experience. Such a design could investigate whether increased familiarity
with the system, together with continued observations of its accuracy, influences perceptions over
time.

A third option would be to use a larger knowledge base by increasing either the number of documents,
the size of a single document, or both. This method would allow the participant to see more clearly
how information retrieval is applied in practice.

Collectively, these suggestions may provide a more comprehensive understanding of the various
factors influencing trust in RAG systems. Larger sample sizes would strengthen statistical findings
and better reflect the population; personalised experimental settings could improve trust assessments,
and longitudinal studies may indicate how trust develops through repeated use of RAG systems.

6.3 Conclusion

This research explored how law students’ practical understanding of a Retrieval-Augmented
Generation (RAG) system’s retrieval process impacts their trust in its legal research outputs.
Based on quantitative and qualitative analyses of law students’ responses, it can be concluded
that accuracy and transparency do not increase overall trust. The quantitative results indicate
that gaining practical insight into a RAG system’s retrieval process did not significantly affect law
students’ trust in its outputs for legal research.

The experiment illustrated how transparency and accuracy calibrate trust and increase Al literacy.
Depending on the model’s competence and the circumstances, users decide whether to rely on
the RAG system’s outputs. Therefore, calibrated trust becomes a condition for situational trust
observed in Soderstrom’s trust model.

Furthermore, concerns about accuracy and, therefore, the system’s ability remained. However,
concerns about the system’s usefulness did not influence Al adoption based solely on the system’s
ability. The calibrated trust was further adapted, with the potential for increased efficiency in
legal research. These findings demonstrate how explainability contributes to trust calibration and
adoption of a RAG system.

The participant established a context-dependent relationship in which trust was calibrated per
situation, accompanied by perceived risk, and remained dependent on human oversight.

This study contributes to existing research by demonstrating that explainability within a RAG
system’s retrieval component supports Al literacy and calibrated trust. Although practical insight
did not produce a statistically significant change in law students’ overall trust, the qualitative
finding indicated it influenced how students evaluated and would implement the system in their
professional setting. Rather than increasing trust, transparency enables users to better understand
both the capabilities and limitations of Al systems. Therefore, it allows them to make more informed
decisions about their use.

7 Declaration of Use of Generative Al

ChatGPT was used in this thesis to assist with LaTeX/Overleaf formatting of the tables, the
minipage template for the tables and Overleaf errors.
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8

8.1

Appendix

Interview Questions

8.1.1 Interview: Pre-experiment

1.

10.

11.

Can you please rate the following statements on a scale from 1 to 5, where 1 indicates I
strongly disagree, and 5 indicates I strongly agree

(a) In general, I tend to trust new technology tools before I have much experience with
them.

(b) I generally assume that a new tool will work as intended until proven otherwise
Are you familiar with chatbots or LLMs specifically made for the legal field?

Have you previously used legal-specific chatbots or LLMs for working with case laws or other
legal documents? (e.g. Legal GPT, LexisNexis, Legora)

Have you previously used general-purpose chatbots or LLMs for working with case laws or
other legal documents?

How familiar are you with the use of chatbots or LLMs for legal assistance or retrieval of
legal information?

To what extent do you trust chatbots or LLMs to assist with your legal academic work? Why,
and in what way, do you believe that?

What are your primary reasons for not having used chatbots or LLMs for legal academic
work?

e Was a concern regarding accuracy a factor?

e Did a lack of understanding of how the system operates make you less inclined to use it?

e Was it a combination of factors, or were there other reasons?
What legal tasks have you used chatbots for in the context of your academic studies?

What has been your experience regarding the accuracy of LLM-generated responses (or
chatbots-generated responses)?

On a scale from 1 to 5. Where 1 indicates no understanding, and 5 indicates complete
understanding. How well would you estimate you understand how a chatbot or LLM functions?
Please explain your rating.

Can you please rate the following statements on a scale from 1 to 5, where 1 indicates I
strongly disagree and 5 indicates I strongly agree. And please explain your rating.

a) I understand how a system decides which information to return in response to a
I understand h RAG system decid hich inf tion to ret i t
question.

(b) Tunderstand how a RAG system decides what information to retrieve from the documents.
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(c) I feel like I have enough information about how RAG systems work to evaluate whether
their outputs are trustworthy.

12. Do you currently have any uncertainty about how RAG systems work?

13. Can you please rate the following statements on a scale from 1 to 5, where 1 indicates I
strongly disagree, and 5 indicates I strongly agree. And please explain your rating.

a elieve a system would return correct and relevant information in response to a
I beli RAG syst Id ret t and rel t inf tion i t
legal question.

(b) T think a RAG system would consistently retrieve the most relevant passage from a legal
document.

(c) T am confident that a RAG system’s retrieval process would prioritise the information
most useful to me.

14. TIs there anything specific that concerns or reassures you about the accuracy of RAG systems?

15. Can you please rate the following statements on a scale from 1 to 5, where 1 indicates I
strongly disagree, and 5 indicates I strongly agree. And please explain your rating.

(a) I would be willing to use a RAG system as part of my legal research process.

(b) T would trust the output of a RAG system enough to use it without manually verifying
every result.

(¢) T would feel comfortable relying on a RAG system when preparing work that could affect
real legal outcomes.

16. What is the main reason for your decisions you just described?

17. Are you familiar with Retrieval-Augmented Generation (RAG) systems, either within the
legal field or more generally?

18. To your knowledge, have you previously used a RAG system in the context of your academic
work?

e (If yes) How would you describe your experience using the system?

19. On a scale from 1 to 5. Where 1 indicates no understanding, and 5 indicates complete
understanding. How well do you believe that you understand a RAG system, including the
explanation provided? Please explain your rating.

8.1.2 Interview: Post-experiment

1. Can you please rate the following statements on a scale from 1 to 5, where 1 indicates I
strongly disagree, and 5 indicates I strongly agree. And please explain your rating.

(a) I understand how a RAG system decides which information to return in response to a
question.
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(b) If a RAG system returned an unexpected answer, I would be able to identify why.
(c) I feel like I have enough information about how RAG systems work to evaluate whether
their outputs are trustworthy.

2. Do you currently have any uncertainty about how RAG systems work?

3. Can you please rate the following statements on a scale from 1 to 5, where 1 indicates I
strongly disagree and 5 indicates I strongly agree. And please explain your rating.

(a) I believe a RAG system would return correct and relevant information in response to a
legal question.

(b) T think a RAG system would consistently retrieve the most relevant passage from a legal
document.

(c) T am confident that a RAG system’s retrieval process would prioritise the information
most useful to me.

4. Is there anything specific that concerns or reassures you about the accuracy of RAG systems?

5. Can you please rate the following statements on a scale from 1 to 5, where 1 indicates I
strongly disagree, and 5 indicates I strongly agree. And please explain your rating.
(a) I would be willing to use a RAG system as part of my legal research process.

(b) I would trust the output of a RAG system enough to act on it without manually verifying
every result.

(¢) T would feel comfortable relying on a RAG system when preparing work that could affect
real legal outcomes.

6. What is the main reason for your decisions you just described?

7. Compared to before the experiment, my understanding of how the retrieval process works
has ...

a) Decreased significantly

(a)

(b) Decreased slightly

(c) Stayed the same

(d)
)

d

(e) Increased significantly

Increased slightly

8. Seeing the retrieval process directly influenced my confidence in the system’s accuracys,...

a) It made me much less confident

(
(b
(c

(d) It made me somewhat more confident

It made me somewhat less confident

No change

)
)
)
)
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10.

11.
12.

13.

14.

15.

16.

17.

18.

19.

20.

8.2

(e) It made me much more confident

After experiencing how the retrieval process works, how would you describe in your own
words how the system selects the information it returns?

Has your perception of how the system works changed compared to before the experiment? If
so, what specifically changed, and if not, what did not change?

Was there anything about the retrieval process that surprised you, or that you did not expect?
How do you feel about the accuracy of the results you saw during the retrieval process?

We discussed that the retrieval will not behave in the same way with different questions.
And that there are multiple ways to find the correct values and get the correct chunk as the
highest-ranking result, if this is even possible. What did that tell you about the system’s
reliability?

Knowing that the accuracy cannot be guaranteed regardless of how the system parameters
are set, does this influence your approach to using the system? And how would it influence
you?

Has your overall level of trust in this system changed compared to before the experiment?
What influenced the change? Or what kept it the same?

Would you be willing to use the output of this system without manually verifying the
information yourself? And please explain your decision.

e What role did accuracy play in that direction

e What role did your understanding of how the system works play in that decision?

Would you be willing to use it as an assistive tool if you could manually verify the retrieved
information yourself? Please explain your decision.

Does knowing how the retrieval process works change your answer compared to what you
might have said before?

Was there anything specific about the experiment that particularly affected your current
understanding and feeling about the system, either positively or negatively?

Is there anything else about your experience today that you feel is relevant to how much you
would trust or use a system like this?

Interactive Experiment

8.2.1 Example Questions

1.

2.

What was the conclusion in the case of Mennesson v. France?

What was the general conclusion?
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8.2.2 Task Questions

1. Who are the applicants in this case?
e Correct chunk holds the word: PROCEDURE
2. What role did the “will of the French people” play in the Government’s argument?

e Correct chunk begins with: actual extent

8.2.3 Script

Prior to the start

Alright, first off, I want to thank you so much for doing this. I have an information sheet here
with more information about what this study is about and what will happen with the data. I
will not collect any personal data or identifiable information. And all data will be used only in
this thesis and deleted from my personal devices as well. I do want to ask if you are comfortable
with my voice recording this session? The voice recording will be deleted the moment I document
your answer on paper for my thesis. Again, there is no identifiable information, just the answers
to the questions, and they are mostly how you feel about chatbots, your experience with them,
your possible experience with RAG systems and afterwards your experience and belief in this RAG
system, which we will be doing in the interactive part.

If you feel uncomfortable at any point, you can always stop with the experiment. If you wish for
me not to use the data, you can tell me up to 1 month later, and I will delete all the data of your
participation. As said before, I will be voice recording this, so I can listen back to it and make sure
I wrote it down properly.

Interview PT1.

I ask questions 1 - 10 of section 8.1.1
The respondent will answer So, a Retrieval Augmented Generation system, or otherwise called the

RAG system, retrieves information from a document about a specific situation. And uses that
information to answer a user’s question.

For example, if I wanted to know something about guitars, I could upload a document about guitars
and then when I ask questions about them, the RAG system will use the information from the
document to answer.

I ask questions 11 - 16 of section 8.1.1
The respondent will answer

So now, I'll explain the RAG system a bit more in-depth.
I will show the graph

This is an RAG system. So it works as we can see in the graph in 2 phases. The retrieval phase
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and the generation phase. When the user asks a question, the retriever will try to find the correct
information. Retrieving the information based on a question you asked. And using that information
to answer your question. It retrieves the information from a database. The user provides the
documents to this database, so that’s how the system will have documents on that specific topic.

I ask questions 11 - 13 of section 8.1.1
The respondent will answer

Interactive part

Now we will continue with the interactive part of this experiment. I will explain a bit more in-depth
how the system works, and then I will give you a task for you to try out.

I show a physical copy of the case law

This is the case law of Menneson v. France. Have you heard of it before? Well, this is the document
that we will be using during this experiment. This case law is about a couple in France who used
a surrogate mother in California and wanted to bring the baby back to France. But surrogacy is
forbidden in France, so the baby was not allowed to go home with the parents. And because of
that, the parents argue that Article 8 of the European Convention on Human Rights (the right to
private and family life) was violated.

I show the chunks on the screen
This text has been processed by this RAG system. The system has split the text into pieces of
around 500 characters. These pieces of text are called chunks. During the retrieval of information,

the system is retrieving these chunks. So far, clear? Or do you have any questions?

The respondent will answer
I answer and switch the screen out for the retrieval testing page

This is the retrieval testing page. So that is this step.

I point on the graph

I will explain how it works with 2 example questions, and then you can try it on your own.

I input example question 1 into the text input and press on test

Alright, we have two sliding bars here that we are going to be adjusting during this experiment,
and we can then see what effects this will have on the results. On the right, you can see which
specific chunks have been retrieved, with the chunks that the system considers best at the top and

downwards. First, we have the similarity threshold, which manipulates how many chunks you will
retrieve based on the hybrid similarity score, which you can see attached to each chunk. If the value
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of the chunk is higher than the threshold, it will be retrieved; it won’t be retrieved. And then we
have the vector similarity weight, which basically tells the system how much you would like the
meaning to influence the rating.

What I mean by that is the following. As we can see, each chunk has 3 scores. The hybrid similarity,
term similarity and vector similarity. The term similarity rates on how similar the wording is. So
in this case, it can not find a good match within this text chunk. The vector similarity rates the
meaning. And the hybrid similarity is a combination score between the meaning and the exact
wording, but with a preference for the exact wording. So with the vector similarity, we can adjust
how much influence the meaning will have. So if we set the vector similarity weight to a higher
value, the meaning will count more, and the hybrid score will adjust to this.

Just a small recap: the similarity score manipulates how many chunks you retrieve, and the vector
similarity weight adjusts the order of the chunks as the meaning of the text becomes more or less
important. Alright so far, okay? Or do you have any questions?

The respondent will answer
I answer

Then this question, the right answer to this question is written in the following chunk CTRL + F:
Unanimously. As you can see, it is not the top result. And I adjusted the metrics beforehand, trying
to get it to be the top result, except no matter how you adjust the values, it will never appear as
the top result. And because of this, the designers of the system made sure to never only use the
top result. The default is the top 8 results. Otherwise, the system would never be able to answer
correctly.

I input example question 2 into the text input and press on test

However, with this question, which is almost the exact same question, you do immediately get the
right chunk as the top result. In this case, you would not like to use the other chunks, and a stricter
similarity threshold would be better. Is this all understandable? Do you have any questions?

The respondent will answer
I answer
I give them a list with the questions

Now, I want you to try this for yourself. I'm going to give you 2 questions, where you have to try to
get the correct chunk as the top result or at least as high as possible. And to get back little amount
of chunks as possible. I will give you the identification to know which chunk is the right one. And
while you try this out, I want to ask you if you can say aloud why you are adjusting that metric.
And just as a small reminder, after all this information. The similarity threshold manipulates how
many chunks you are retrieving, and the vector similarity weight will adjust how much the meaning
influences the chunks. And if you adjust both, it will be a combination. I have a sheet here with
the task again, what the metrics mean and the questions.

I wait and discuss with them
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Note: make it explicitly clear that there are multiple ways to get question 1 to the
top with different values
Alright, that was the interactive part!

Interview PT2.

Then lastly, I want to ask a couple of last questions about your experience with the RAG system,
and then we are all done!

I will ask all questions of section 8.1.2

The respondent will provide an answer to each of the questions
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