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Abstract
Generative AI, particularly Large Language Models (LLMs), has
revolutionized human-computer interaction by enabling the gener-
ation of nuanced, human-like text. This presents new opportunities,
especially in enhancing explainability for AI systems like recom-
mender systems, a crucial factor for fostering user trust and en-
gagement. LLM-powered AI-Chatbots can be leveraged to provide
personalized explanations for recommendations. Although users
often find these chatbot explanations helpful, they may not fully
comprehend the content. Our research focuses on assessing how
well users comprehend these explanations and identifying gaps in
understanding. We also explore the key behavioral differences be-
tween users who effectively understand AI-generated explanations
and those who do not. We designed a three-phase user study with
17 participants to explore these dynamics. The findings indicate
that the clarity and usefulness of the explanations are contingent
on the user asking relevant follow-up questions and having a moti-
vation to learn. Comprehension also varies significantly based on
users’ educational backgrounds.

CCS Concepts
• Information systems → Recommender systems; • Human-
centered computing → User studies.
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1 Introduction
Recommender systems reduce information overload by offering
personalized recommendations in entertainment and online shop-
ping [57]. These systems assess user-item interactions and supple-
mentary details like item descriptions, user profiles, and reviews
to estimate the chances of a user showing interest in particular
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items using machine learning or data-driven approaches [17]. The
recommendations generated could significantly improve the user
experience by providing pertinent recommendations, empowering
people to make informed decisions on various aspects of their daily
lives, including high-stake healthcare decisions [28, 45]. However,
the internal logic of how the system makes or generates these rec-
ommendations is usually inscrutable or not transparent to its users,
causing criticism of the black box or lack of explainability issue,
which can undermine user trust and experience [1, 42].

Methods to increase the explainability of AI-driven recommender
systems are being developed in the research area of Explainable AI
(XAI) [5, 44]. These methods range from global or local explanations
(or interpretability) of AI models’ predictions [43, 55] to enhancing
human-centered XAI [44]. Many different types of explanations
have been proposed and studied for their effects on users, such as
feature-based [4, 29], example-based [11], counterfactual [48], con-
ceptual [21], and many others [40, 49, 51]. Numerous studies have
demonstrated the efficacy of these works across various aspects
of user perception and experience, encompassing trust [10, 52],
understanding [24, 46], usability [27, 41], and performance [16, 18].

An essential goal of explanation techniques is to foster users’
understanding of complex AI systems [14, 44]. User understand-
ing could be measured in two ways. The subjective understanding
represents a user’s own perception, usually measured by post-task
questionnaires [7, 23]. Previous research has revealed a paradoxi-
cal phenomenon wherein users can perceive the effectiveness of
AI-generated explanations yet struggle to comprehend their under-
lying meaning [14]. This lack of understanding is particularly pro-
nounced among non-experts or users with limited domain-specific
knowledge [22]. The objective understanding, a test to verify users’
understanding of a model’s inner workings, could be done through
proxy tasks inviting users to simulate the system behavior and
reproduce the output [7, 15]. Users’ performance on this task can
be used as a proxy for their understanding, but this method might
be limited to only simpler tasks and computable by humans [44].

Furnkranz et al. argues that comprehensibility in XAI systems
needs to be evaluated. Comprehension refers to how well users
grasp explanations and can apply them to new tasks [19]. Com-
prehensibility is a more complete cognitive process that can be
measured through three aspects: retention (understanding and re-
calling the AI model’s predictions), transfer (applying the gained
knowledge to further tasks), and recall (reproducing the knowl-
edge) [25]. To achieve this, users may need to adapt and build their
mental models interactively. According to Hoffman et al., [26], un-
derstanding users’ mental models is crucial for evaluating their
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comprehension of XAI, with several methods proposed for mea-
surement. Providing structure or scaffolding is crucial to support
users in explaining their thoughts and reasoning. This scaffolding
can take various forms, such as guided questions or tasks encour-
aging users to reflect on their understanding and articulate their
mental models. The primary goal of scaffolding is to help users
express their knowledge and reasoning processes more effectively.

LLMs with billions of parameters, have revolutionized fields such
as NLP [9]. These transformer-based models, trained on diverse
textual data, excel in language comprehension and generation, pro-
ducing more human-like responses [13]. LLMs also demonstrate
strong generalization and reasoning abilities, allowing them to
adapt to new tasks. Prompt engineering offers reusable solutions
to improve output generation and interaction with LLM, enabling
more accurate and context-specific responses, especially in conver-
sational AI [56]. To enhance the explainability of recommendations,
ashaduzzaman et al. [6] integrates LLMs’ conversational abilities,
enabling users to receive personalized suggestions alongside clear
explanations of the system’s reasoning. Users found these explana-
tions engaging and intuitive, valuing the transparency that fosters
trust and confidence in the system. However, concerns emerged
about whether users genuinely comprehend the provided explana-
tions, as their understanding appeared subjective, highlighting a
potential gap between perceived interest and actual comprehension.

Our study focuses on addressing two key research questions.
First, we aim to determine whether users comprehend the explana-
tions provided by the AI-Chatbot integrated into the recommender
system and towhat extent this comprehension occurs (RQ1). Under-
standing the depth and accuracy of user comprehension is critical
for evaluating the effectiveness of AI-generated explanations. Sec-
ond, we seek to identify the key behavioral differences between
users who successfully comprehend these explanations and those
who do not (RQ2). Exploring these differences will provide valu-
able insights into user interactions with AI systems, helping to
design more effective and user-centered recommender systems.
To objectively evaluate users’ understanding of recommender sys-
tem explanations, we introduce a novel three-phase user study
framework that systematically evaluates user comprehension of AI-
generated explanations by employing scaffolding techniques, such
as think-aloud problem-solving and structured interviews, to cap-
ture users’ mental models, an approach that is rigorous and difficult
to replicate. In the first phase, users interact with the recommender
system without LLM explanations to establish baseline knowledge.
In the second and third phases, LLM explanations are introduced to
evaluate their impact on user understanding. In each phase, users
first interact with the recommender system, either with or without
the chatbot, followed by a quiz assessing their knowledge of the
system. After the quiz, a post-quiz interview is conducted to capture
users’ mental models. Our key findings indicate that users compre-
hend explanations more effectively when they can ask the right
follow-up questions. Additionally, explanations should be tailored
to the user’s background knowledge, as novice users tend to spend
more time understanding the system’s core concepts, while more
knowledgeable users are better equipped to grasp the concepts.

2 Related Work
Providing clear and understandable justifications for recommenda-
tions, even if they are not perfectly accurate, can increase user trust
and overall system acceptance [20]. Kouki et al. [30] offers design
guidelines for hybrid interfaces that integrate multiple explanation
styles (e.g., textual, visual) that enhance user understanding and sat-
isfaction with recommender systems. Explanation strategies should
align with user preferences, knowledge, and expectations. Tailoring
explanations to individual users increases engagement and satis-
faction. Shokeen et al. [47] highlights the integration of social data,
such as user relationships and interactions, to enhance personal-
ized recommendations. The research focuses on the importance
of explainability, ensuring that recommendations are interpretable
and socially relevant.

Explanation techniques aim to enhance users’ understanding of
recommender or ML systems, distinguishing between subjective
understanding (perception-based, measured via questionnaires) and
objective understanding (actual comprehension, assessed through
proxy tasks) [44]. Subjective understanding often relies on post-task
questionnaires, using standardized or adapted methods to gauge
users’ perceived clarity of explanations [15]. Objective understand-
ing employs tasks like forward simulation (predictingmodel output)
[3], relative simulation (choosing the highest prediction score) [8],
and manipulation tasks (adjusting inputs to achieve specific out-
comes) [48]. These tasks test users’ ability to interpret a model’s
inner workings. Additionally, user studies can assess users’ under-
standing of explanations, serving as a sanity check to verify the
clarity and intelligibility of conceptual explanations [21].

In the XAI context, a mental model reflects a user’s understand-
ing of an AI system, inferred through empirical evidence and guided
methods [26]. These include Think-Aloud problem-solving tasks,
where participants verbalize their thought process during a task [2];
concurrent question-answering [36]; retrospection tasks, where
users reflect on their reasoning post-task [39]; structured inter-
views that expand retrospection with guided questions [32]; and
prediction tasks, where users forecast outcomes and justify their
reasoning [3]. These approaches rely on the researcher’s skill in
question design and interviewing to probe specific aspects of users’
mental models effectively.

Miller et al. [38] advocates for incorporating social science re-
search into explainable AI, emphasizing that solving computational
challenges alone won’t address trust issues in AI. It suggests that
while early work in AI explanation is valuable, newer theories
relevant to social psychology can enhance the design and imple-
mentation of intelligent agents capable of explanation. The authors
[25] conclude that while explainability is important, it does not
guarantee comprehension. XAI techniques like SHAP can bridge
the gap, but more research is needed to explore other XAI methods
and their impact on user understanding.

Mavrepis et al. [37] concludes that Large Language Models, such
as x-[plAIn], can significantly enhance the accessibility of XAI
methods by providing audience-specific, simplified explanations.
Wu et al. [54] proposes Polyjuice, a tool for generating counterfac-
tual explanations using GPT-2. Li et al. [31] shows how explanations
generated by LLMs can improve smaller models’ reasoning abili-
ties. Yang et al. [33] leverages GPT-3 to generate factual sentences
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used for bottleneck models in image classification. Cambria et al.
[12] focuses on discussing XAI issues related to LLMs. Turpin et
al. [53] discusses the unpredictability of LLMs and the need for
better interpretability as these models scale. Liu et al. [34] surveys
how LLMs align with human values and intentions, covering ar-
eas like reliability, safety, fairness, and robustness. The study by
Ashaduzzaman et al. [6] leverages LLMs to provide engaging, trans-
parent explanations for personalized recommendations, fostering
user trust, but notes a potential gap between perceived interest
and actual comprehension. This work addresses the limitation of
subjective user comprehension by introducing a rigorous three-
phase user study framework that evaluates genuine understanding
of LLM-generated explanations, identifying behavioral differences
and providing actionable design implications for transparent, user-
centered recommender systems.

3 Methodology
3.1 Advisor Recommender System and Dataset
We developed an advisor recommender system integrated with an
AI-Chatbot to explain recommendations. Designed for prospective
graduate students, the system matches students with potential su-
pervisors based on shared research interests and publications. By
streamlining the search process and aligning students with com-
patible mentors, it fosters more effective and fulfilling research
collaborations. We adopted a similar system architecture but ad-
dressed the limitations of the previous work [6]. Our enhancements
include displaying advisors’ affiliations and publication lists along-
side recommendations, offering clear user instructions, and refining
prompt design with data retrieval generation (RAG) to deliver more
coherent recommendation explanations.

Our proposed system generates recommendations using data
from the Citation Network Dataset [50]. This dataset includes de-
tails on conference papers, authors, and attendees, such as names,
publications, affiliations, and positions. For our research, we ran-
domly selected data from 2,500 researchers, focusing on names, IDs,
affiliations, research keywords, and paper titles. Limiting the dataset
ensures quick system responses and avoids complexity, aligning
with our goal of delivering clear and explainable recommendations.

Figure 1 showcases the user interface of the Advisor Recom-
mender System, where users enter their name and research interest
keywords, with suggested options provided. Upon submission, text
and topic similarity models generate the top three advisor recom-
mendations for each model. Results are organized into two tabs:
the "Text Similarity" tab lists advisors with affiliations and publi-
cation details based on the text similarity model, while the "Topic
Similarity" tab displays recommendations based on the topic sim-
ilarity model. Each table cell is clickable for extended details. An
AI-Chatbot integrated at the bottom in phases 2 and 3 provides ex-
planations for recommendations and addresses user queries via an
LLM-powered API (gpt-4o-mini). The app and associated resources
are hosted on GitHub and deployed through Streamlit Cloud. The
GitHub repository is available at 1.

1https://github.com/asadayon/Advisor_Recommendation

Figure 1: User interface of the Advisor Recommender System.

3.2 Recommendation Models and Explanations
3.2.1 Preference elicitation. The text similarity model uses count
vectors from publication keywords to represent textual data, apply-
ing cosine similarity to compare user-input keywords with those
from authors’ publications. The top three authors with the highest
similarity scores are recommended as advisors, aligning research
interests for meaningful collaborations.

For the topic similarity model, Latent Dirichlet Allocation (LDA)
categorizes publication keywords into 30 topics, creating thematic
profiles for authors based on their involvement probabilities in each
topic. User input keywords are matched to these profiles using the
gensim library to recommend the top three authors with closely
aligned research themes. This approach ensures recommendations
based on thematic relevance.

3.2.2 Generating Explanations. Prompt engineering involves craft-
ing and refining input prompts to guide model responses, ensuring
accuracy, relevance, and coherence [35]. In the proposed prompt
engineering architecture, three roles are defined: system, assistant,
and user. Mavrepis et al. [37] developed prompt designs for en-
hancing XAI using Chain of Thought techniques. Building on their
guidelines, we developed prompts for the system role, as shown in
Table 1. These prompts define the expected input, the system’s ap-
proach to explaining recommendations, and how to address follow-
up questions. To enhance user interaction, contextual details such
as the user’s name, research interests, recommendations from both
models, advisors’ research interests, similarity scores, publication
titles, and affiliations are integrated into the prompts. This retrieval
augmentation ensures that the generative model has relevant and
factual input to guide its outputs. The user role captures user in-
put or queries, while the assistant role serves as an intermediary
between the user and the system (see figure 2) for a conversation
between user and the AI-Chatbot.
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Table 1: Prompts for the ‘system’ role for advisor recom-
mender system explanation

Objective: Provide explanations of the reasoning behind advisor
recommendations based on text similarity, and LDA topic similarity.
The goal is to enhance users’ technical comprehension of how their
research interests align with those of the recommended advisors.
Input: You are given a username and three recommended advi-
sor names to the user based on each model. You are also provided
with user research interests, and research interests of three recom-
mended advisors.
Retrieved Info: {User name + User research interest keywords +
Top 3 recommended advisor list, ranking, affiliation, publication
titles, similarity scores based on Text and Topic similarity.}
Expected Outcome: Users should gain a clear understanding of
why specific advisors were recommended, with explanations tai-
lored to their research interests. Users should be able to grasp the
concepts of cosine similarity, topic similarity via LDA, and accu-
rately interpret recommendation scores.
Guidelines: Do not provide overly technical jargon unless asked
by the user. Do not give lengthy explanations; keep responses short,
concise, and user-friendly. Do not assume the user understands
complex mathematical concepts; provide examples when necessary.

Figure 2: Example of LLM enhanced explanation of Machine
Learning related advisor by AI-Chatbot.

Figure 3: Study Design for Evaluating User Comprehension
of AI-Driven Advisor Recommendations.

3.3 User Study Design
This study employed a Within-Subjects design to evaluate user
comprehension of AI-driven advisor recommendations provided
by an Advisor Recommendation System integrated with an LLM-
powered chatbot. The experiment was divided into three phases
(see figure 3), each designed to assess participants’ understanding of
the system progressively. Below are the details of the study design:

3.3.1 Phase 1: Baseline Knowledge. Participants began by interact-
ing with the Advisor Recommendation System through a web page
where they input a username and research interest keywords related
to computer science. The system used a text and topic similarity-
based model to generate a list of academic advisors. Participants
reviewed these recommendations, noting any questions or obser-
vations to establish their baseline understanding of the system’s
recommendations.

After this interaction, participants completed a multiple-choice
quiz to evaluate their comprehension of the recommendations and
the system’s logic. The quiz was hosted on a separate platform,
prohibiting the use of external resources to ensure accuracy. Feed-
back was provided for each question after completion of the quiz,
indicating whether the selected answers were correct or incorrect,
but the correct answers were not revealed for incorrect responses.

Finally, participants were interviewed to gather qualitative in-
sights into their understanding of the recommendations. The inter-
view also assessed their educational background in areas such as
machine learning, statistics, or mathematics and explored any gaps
between their expressed understanding and the actual workings of
the recommendation system.

3.3.2 Phase 2: Comprehension After Interaction with the AI-ChatBot.
In the second phase, participants interacted with an enhanced ver-
sion of the Advisor Recommendation System integrated with an
AI-ChatBot. After entering their username and research keywords,
the system displayed the same recommendations as in Phase 1, sup-
plemented by natural language explanations from the AI-ChatBot.
These explanations clarified the reasoning behind the recommen-
dations and provided summaries of each. Participants were encour-
aged to ask follow-up questions about the recommendations and
the underlying model’s logic.

After this interaction, participants completed a randomized ver-
sion of the samemultiple-choice quiz from Phase 1 to mitigate order
effects and reduce the potential for memorization. This allowed for
the assessment of changes in comprehension resulting from the
chatbot interaction. A post-quiz interview followed, focusing on
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how the chatbot interaction influenced participants’ understand-
ing, any challenges encountered, and their evolving perceptions of
the system. Feedback was collected on how the chatbot improved
comprehension and how it could be further enhanced.

3.3.3 Phase 3: Comprehension After Interaction with AI-ChatBot
and Quiz Questions. In the final phase, participants interacted with
the recommendation system and chatbot again, but this time, they
were informed of specific quiz questions they would need to answer
afterward. This adjustment aimed to engage participants more
actively by encouraging them to seek out relevant information
during their interaction. Following this interaction, participants
completed a final multiple-choice quiz designed as a cumulative
assessment of their understanding after all system interactions.

A final interview was conducted to reflect on participants’ learn-
ing journey, including how their comprehension evolved, their
confidence in interpreting AI-driven recommendations, and the
learning strategies they employed. Participants also provided feed-
back on how the system and chatbot integration could further
support user learning and enhance educational systems. The post-
experiment interview was not a task assigned to the participants,
but rather aimed at collecting and understanding user feedback
and experience.This Within-Subjects Design allowed for repeated
assessments of participants’ comprehension across different interac-
tion levels, providing valuable insights into the effectiveness of the
Advisor Recommendation System and the integrated AI-Chatbot
in improving user understanding.

3.4 Data Collection and Analysis
3.4.1 Post-studyQuiz. The quiz consists of 22multiple-choice ques-
tions designed to evaluate users’ understanding of text similarity
and topic similarity in the context of an advisor recommender
system. The quiz questions were categorized into three levels of dif-
ficulty to reflect the cognitive demands and complexity of the topics
covered. The Foundational Knowledge Group, comprising 6 ques-
tions, tested basic concepts such as the purpose of text similarity-
based models and the significance of cosine similarity scores. These
questions primarily required direct recall and minimal cognitive
processing, emphasizing foundational understanding. The Appli-
cation and Integration Group, consisting of 11 questions, focused
on intermediate complexity, challenging participants to apply theo-
retical knowledge to practical scenarios. These included tasks like
calculating cosine similarity between vectors or determining pre-
processing steps for text similarity analysis. The Advanced Analysis
Group, with 5 questions, represented the highest difficulty level,
requiring deep analytical reasoning and algorithmic understanding.
These questions involved interpreting LDA outputs and address-
ing topic modeling challenges, reflecting advanced reasoning and
problem-solving skills.

Each user is required to complete the quiz three times, with each
attempt featuring a randomized order of questions and options.
The quiz is administered through a web application built using
Streamlit, providing a seamless and interactive experience for the
users. The scoring system provides immediate feedback upon com-
pletion of the quiz. Users are prompted to enter their username
and attempt number before submitting their answers. Once sub-
mitted, the application displays all the questions along with the

selected answers. Correct answers are highlighted in green with
a tick mark, while incorrect answers are highlighted in red with a
cross sign. Additionally, a percentage-based horizontal bar graph
visually represents the user’s performance, with green indicating
the percentage of correct answers and red indicating the percentage
of incorrect answers. The total number of correct answers out of
the total number of questions is also displayed, offering users a
clear overview of their performance. This quiz design aims to rein-
force users’ understanding of key concepts by providing multiple
attempts and detailed feedback, thereby enhancing their learning
experience.

3.4.2 Interviews. The interviews were conducted via Zoom meet-
ings, with participants consenting to keep their cameras on, and
were integral to gathering qualitative insights throughout the study.
Conducted in a semi-structured format, the interviews took place
after each of the three quiz phases, with additional questions asked
during the interaction stages. In the first interview, participants
were asked about their familiarity with recommender systems and
relevant background knowledge. The second interview focused
on their experience with the integrated AI-Chatbot, assessing the
helpfulness of explanations, satisfaction levels, any encountered
difficulties, and their learning process. The final interview explored
how participants’ understanding evolved, their overall learning
experience, the usefulness of quiz questions, challenges in obtain-
ing desired answers, and their perceptions of the AI-Chatbot as a
co-learning agent.

3.4.3 Data Analysis. The interviewswere recorded through Zoom’s
cloud system, where they were automatically transcribed by the
platform. The first author reviewed the transcriptions and made
slight adjustments for clarity and readability, ensuring the accuracy
of participants’ responses. Both authors then conducted a thematic
analysis of the data, systematically reviewing the transcripts to
identify emerging themes and patterns relevant to the study’s fo-
cus on user comprehension of AI-driven recommendations. The
analysis process involved multiple rounds of coding and discus-
sion to ensure a thorough interpretation of the data within the
context of the research. A MySQL database server logged quiz in-
teractions for each participant, capturing user IDs, phase count,
timestamps, selected answers for each question, and overall scores.
Repeated Measures ANOVA was employed to evaluate differences
in quiz scores across the three phases. This method was chosen as
it accounts for repeated measurements on the same participants,
controlling for individual variability and reducing error variance.
Assumption checks for normality (Shapiro-Wilk test) and sphericity
(Levene’s test) were conducted to ensure the validity of the analysis.

3.4.4 Participants. 17 graduate students from four different uni-
versities in the United States were recruited for this study through
email advertisement. Participants voluntarily agreed to take part in
the study and signed informed consent forms prior to participation.
The group consisted of individuals from diverse educational back-
grounds, including Computer Science, Data Science, Management
Information Systems, and Pharmaceutical Sciences. The partici-
pant pool was composed of 13 males and 4 females, representing a
racially diverse group, with an age range of 25 to 38 years. Sixteen
participants completed the entire study, while one participant did
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not finish. The user studies ranged from 60 to 111 minutes per par-
ticipant, with an average duration of 89 minutes. As compensation
for their time, each participant received a $20 Amazon gift card.
This study received ethical approval from the Institutional Review
Board (IRB) at our university, ensuring that it adheres to the highest
standards of academic integrity and respect for human subjects.

4 Findings
4.1 Quantitative Findings
Firstly, we assessed the progression of participants’ knowledge
with the interaction of chatbot across three phases during the user
study. Repeated Measures ANOVA revealed significant differences
in quiz scores across phases (F = 22.52, p < 0.001), with paired
t-tests confirming significant improvements between each phase.
The post-hoc Tukey’s HSD test showed no significant difference
between Phase 1 and Phase 2 (p = 0.0503) but did reveal a signifi-
cant difference between Phase 1 and Phase 3 (p = 0.0004). However,
paired t-tests indicated a statistically significant increase in quiz
scores from Phase 1 to Phase 2 (t = -3.52, p = 0.0031), suggesting
that while the knowledge gain from the first treatment was smaller,
it was still meaningful. Assumptions of normality (p = 0.26) and
sphericity (p = 0.135) were met, validating the results. The analysis
shows that participants’ knowledge significantly improved across
the three phases of the study. Both the Repeated Measures ANOVA
and the paired t-tests demonstrated that quiz scores increased over
time, particularly between Phase 1 and Phase 3. While there was
a noticeable improvement from the baseline (Phase 1) to the sec-
ond treatment phase (Phase 3), the results suggest that the first
treatment (Phase 2) had a smaller but still significant impact on
knowledge. The assumptions of normality and sphericity were met,
supporting the validity of the ANOVA results.

Figure 4: Users’ score changes over the phases

Figure 4 illustrates the percentile score improvements of partici-
pants across the three phases of the study. The percentile scores,
calculated as the ratio of a participant’s quiz score to the total
possible score (22), show a clear upward trend in knowledge acqui-
sition. In Phase 1 (Baseline), the median score was 52.27%, with a

wide interquartile range (30.68% to 65.91%), reflecting lower overall
performance and high variability among participants. In Phase 2
(Treatment 1), the median score increased significantly to 72.73%,
with a narrower interquartile range (56.82% to 82.95%), indicat-
ing improved performance and more consistent knowledge lev-
els. Phase 3 (Treatment 2) demonstrated the highest performance,
with a median score of 86.36% and most participants scoring above
71.59%, with reduced variability. These findings demonstrate the
effectiveness of AI-driven interventions in facilitating knowledge
improvement, with Phase 3 yielding the most substantial gains and
uniformity in participant performance.

Participant performance analysis revealed clear trends across the
three difficulty levels of the quizes. In the Foundational Knowledge
Group participants demonstrated the strongest performance, with
an average accuracy rate of 88.57%. This indicates a solid under-
standing of basic concepts and definitions. The Application and
Integration Group saw amoderate drop in accuracy, with an average
success rate of 68.17%. This reflects the increased cognitive demand
of applying theoretical knowledge to practical scenarios, such as
calculating cosine similarity or selecting preprocessing steps. The
most challenging category, the Advanced Analysis Group had the
lowest accuracy, with an average success rate of just 50.00%. These
questions required advanced reasoning, highlighting the need for
deeper algorithmic understanding among participants.

4.2 Qualitative Findings
4.2.1 Theme 1: The Approach. This theme reflects the strategies
and best practices users employed to enhance their learning and
comprehension when interacting with the generative AI-powered
social recommender system. A key takeaway from participants’
experiences is the importance of iterative learning and refining the
way they ask questions to achieve more accurate and insightful
responses.

Participants highlighted the iterative nature of asking questions
as crucial for improving comprehension. As Participant 1 remarked,
"If you don’t know the right questions to ask, you’re probably not going
to get the right answers." This realization underscores the necessity
of adjusting one’s approach and gradually learning how to phrase
inquiries more effectively to achieve clearer answers. Participant
6 echoed this sentiment, emphasizing that "once I actually under-
stood what the real answers were and how to adjust my questions
for answers, and how to refine what I was asking, it became clearer,"
reflecting a learning curve in interacting with the system.

Additionally, participants stressed the value of following along
with the AI’s reasoning process. Participant 3 described how "show-
ing the steps in a calculation" allowed them to track where things
might go wrong, which is essential for verifying the system’s out-
put. This aligns with the broader idea that the more transparent the
AI’s reasoning is, the easier it is for users to verify and trust the out-
put. Consequently, many users adopted the practice of requesting
explanations or step-by-step breakdowns to ensure correctness. As
Participant 3 emphasized, "I should always ask it to show the work"
to verify whether the system’s output is accurate.

The ability to layer knowledge by asking follow-up questions
and building on previously provided information also stood out as
a powerful strategy. Participant 3 noted, "You learn a base concept,
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and then you can immediately ask a follow-up or clarification, and
it gives you more knowledge." This incremental learning process
fostered a sense of progression and satisfaction, as described by
Participant 11, who stated that "being able to dive deeper with the
chatbot can really enhance the learning experience."

Finally, users appreciated how the chatbot could break down
complex calculations or provide specific details on why recommen-
dations were made, as Participant 13 noted: "Explaining what each
score was kind of helped me visualize that better because I prefer
numbers." This deeper dive into numerical reasoning offered users
a richer context for understanding the system’s decisions, allowing
for more meaningful engagement with the recommendations.

4.2.2 Theme 2: Design Needs. The user studies revealed a clear
need for design elements that promote user comprehension and en-
gagement with AI-driven social recommender systems. Participants
emphasized the value of reminders, confirmations, and real-time
prompts to support their understanding, particularly when they
encounter uncertainty or knowledge gaps.

Participant P1 described the desire for a conversational system
that could guide users through their thought process when they
arrive at incorrect answers. This dialectical system would provide
explanations and corrections, enabling users to better grasp the
logic and learn more effectively. P1 explained, “You got this an-
swer wrong. Okay, why did you get that answer wrong? Here’s what
my thought process was. Then it would be able to say, ‘Okay, I un-
derstand why you’re thinking that way. But here’s where the logic
goes wrong. Here’s what you need to think instead because this logic
is more fluid and accurate.’ And this is why it’s the right answer.”
Such feedback would not only correct mistakes but also encourage
deeper cognitive engagement, helping users develop more fluid,
accurate reasoning. Participants like P2 highlighted the importance
of immediate feedback, suggesting that AI should assist in pinpoint-
ing gaps in understanding without delay. P2 said, “It will be helpful
for identifying where we are missing something, so you don’t have
to wait for hours to find out what’s missing. It will assist you right
away.” This real-time support would streamline learning, reducing
the time spent on confusion and enhancing the learning experience.
Participant P3 envisioned a co-learning agent that could provide
real-time definitions or explanations during lectures, allowing users
to remain engaged and avoid missing key concepts. According to
P3, “If you’re sitting in class and the teacher says a word you don’t
know, it would be helpful if a bot was listening with closed captioning
on. You could click on the word, and the definition would pop up. That
way, you wouldn’t fall behind or miss anything because you didn’t
understand a term.” By offering quick, accessible information at
the point of need, AI could prevent knowledge gaps from growing,
helping learners stay on track.

The need for comprehensive responses was emphasized by P12,
who expected AI-Chatbots to deliver complete, detailed answers to
queries. P12 noted, “If I want to know something and there’s a lot of
similarities, I expect the AI-Chatbot to give me all the information I
need when I type a query. If it only provides a little bit of information,
there might be some details I don’t know.” Partial responses could
leave users with lingering confusion, underscoring the necessity
for thorough explanations that cover all relevant information. Fi-
nally, participants like P13 and P15 reflected on the importance of

active learning techniques, such as writing down information to
reinforce memory, and the need for AI systems to help with recall
and decision-making when faced with uncertainty. P13 mentioned,
“If I had written things down, it probably would have been a lot more
helpful, instead of just reading and trying to memorize, because mem-
orization doesn’t always work.” Similarly, P15 expressed, “I could
remember tokenization and vector normalization, but I wasn’t sure
about stop word removal. That’s why I was thinking it should be all of
the above.” They indicated that AI should provide both reminders
and contextual prompts to guide users through complex topics, en-
suring they can make informed decisions without second-guessing
their understanding.

4.2.3 Theme 3: The Evidence. This theme highlights how users’
comprehension improved through interactions with AI-generated
explanations, particularly by asking follow-up questions to clarify
their understanding. Participants described how compression of
information, combined with logical deductions and iterative ques-
tioning, helped them navigate the AI system’s recommendations
more effectively. Their responses indicate a gradual improvement
in understanding, with the AI providing additional layers of context
as needed.

For example, Participant 1 reflected on their learning process,
noting significant growth in comprehension over time. Initially,
their understanding was minimal, relying largely on guesswork:
“If I look back and compare my progress, the first time around it was
all guesswork, with 0% understanding. I just made logical assump-
tions and deductions.” However, by asking targeted questions, their
ability to comprehend the material improved: “The second time, I
was able to answer based on the limited number of questions I could
ask, using quite a bit of logic—maybe around 50%.” They noted that
their understanding eventually reached “about 80% compared to
when I first started.” This highlights the role of iterative inquiry
in deepening understanding, especially when initial explanations
were insufficient.

Participant 8 underscored the value of clarification in their un-
derstanding of technical concepts: “I asked this question to confirm if
it’s the same question about how cosine similarity would be calculated.
So, that’s why I asked, and yes, it’s the same thing. Based on this, I
think I now understand how it will be calculated.” This demonstrates
the importance of follow-up questions to validate assumptions and
achieve clarity.

Participant 11 emphasized how detailed responses from the AI
reinforced their existing knowledge. They felt that the system pro-
vided comprehensive descriptions of concepts they were already
familiar with: “It gave me a more detailed description of something I
thought I knew the answer to, while also verifying if the AI system’s
response matched mine in my area of expertise.” The overlap between
the AI’s recommendations and the participant’s domain knowledge
further enhanced their understanding: “Even without reading the
full articles, I could see there was a lot of overlap with [..] .”

Similarly, Participant 13 reported a better grasp of the underlying
mathematical principles after interacting with the system: “I have
a better understanding of the math and calculations going on behind
the scenes regarding the similarities in topic and text that I didn’t
have complete context on before.” The system provided much-needed
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context, which improved their understanding of why specific rec-
ommendations were made.

Lastly, P16 highlighted the importance of clarity in understand-
ing the strength and ranking of recommendations. By asking what
specific scores meant and where they originated, the user was able
to gain a clearer picture of the logic behind the recommendation:
“When I asked what that particular score means and where it comes
from, it made things a lot clearer to me.” This improved their trust
in the system, underscoring the significance of transparency in AI-
generated explanations and how it enhances user comprehension.

4.2.4 Theme 4: User Mental Models. The user study revealed how
participants’ mental models were influenced by their prior knowl-
edge, particularly in mathematical concepts and technical termi-
nology, and how they adapted these models when interacting with
the AI-driven recommendation system.

Participants with a background in statistics or technical fields
leveraged their existing knowledge to make sense of the recommen-
dations. For example, P3 mentioned using their “statistical back-
ground" to logically eliminate options in a multiple-choice format,
relying on intuition and prior experience to make the most rea-
sonable choice. Similarly, P13 described using a rough estimation
approach to interpret numerical outputs, stating that “"closer to 1
means a perfect match" and using this understanding to navigate
the recommendations.

However, participants without prior familiarity with certain tech-
nical terms, like P7, found themselves needing additional support.
P7 noted that “technical jargons" made the process challenging, but
acknowledged the AI bot’s role in bridging the gap: “the AI bot
helped me to a greater extent within a shorter span of time." This
demonstrates how generative AI can assist users in rapidly devel-
oping an understanding, even in areas they are unfamiliar with.

Several participants, including P15 and P16, actively sought to
expand their mental models by researching unfamiliar concepts.
P15, for instance, encountered terms like cosine similarity, which
they didn’t understand initially. By searching for explanations and
then returning to the AI bot for further clarification, P15 was able
to grasp the underlying concept, stating, “I searched for it, learned
exactly what it is." Similarly, P16 expressed a desire to comprehend
the recommendation process in greater depth, initially assuming
that it was based solely on keyword matching but later discovering
the more complex data science principles involved.

5 Discussion
The ANOVA results and boxplot analysis of participants’ percentile
score improvements across the three phases, based on quantita-
tive findings, suggest that users’ comprehension improved over
time with increased interaction with the AI chatbots and a better
understanding of the explanations (RQ1). The qualitative findings
further support this conclusion, revealing that participants who
actively refined their questioning strategies and sought clarifica-
tions were better able to understand complex recommendations.
As reflected in themes such as The Approach and The Evidence, it-
erative questioning, combined with layered learning, allowed users
to progressively build their knowledge. Participants highlighted
the importance of tailoring questions to extract clearer explana-
tions and engaging with the reasoning process behind the AI’s

recommendations. For instance, Participant 3’s remark, “I should
always ask it to show the work,” illustrates how prompting the AI for
transparency fostered a clearer understanding of the system’s logic.
Thus, comprehension appears to be an outcome of both interacting
with the AI-Chatbot and the ability to ask effective questions, con-
firming that users’ active participation is essential to understanding
AI-driven recommendations.

The study identified key behavioral differences between users
who effectively comprehend AI-generated explanations and those
who do not (RQ2). The most pronounced difference is related to
the users’ approach to interacting with the chatbot. Users who
demonstrated higher comprehension levels were more likely to
engage in iterative questioning and actively seek clarification when
encountering ambiguities. Participants who lacked technical exper-
tise initially struggled to understand explanations but gradually
improved their comprehension by refining their questioning meth-
ods and exploring the reasoning behind the recommendations. This
iterative process, highlighted by several participants, is critical in
helping users develop an accurate mental model of the recommen-
dation system’s logic. Another behavioral difference is evident in
users’ approaches to understanding the technical keywords. Those
with less domain knowledge, such as P7 and P15, augmented their
understanding by researching unfamiliar terms and returning to the
chatbot for clarification. In contrast, participants who did not en-
gage in such practices or relied on surface-level answers exhibited
less improvement in their quiz scores and often struggled to make
sense of the recommendations. Additionally, participants with a
background in technical fields demonstrated greater ease in navigat-
ing the recommendations by applying prior knowledge to interpret
the AI’s outputs. For example, P3 used their statistical background
to make logical deductions when faced with multiple-choice ques-
tions, while P13 leveraged their knowledge of cosine similarity to
grasp the system’s ranking process. These users employed a mental
model that allowed them to comprehend AI explanations more eas-
ily, underscoring the importance of prior knowledge in enhancing
understanding. However, even participants without such expertise
were able to improve their understanding by engaging in clarifying
interactions with the chatbot, illustrating that comprehension is
achievable with appropriate support mechanisms. This behavior
highlights that users who are proactive in bridging knowledge gaps
through further interactions with the AI-Chatbot tend to achieve a
deeper comprehension of the explanations, emphasizing the impor-
tance of engagement and curiosity in enhancing understanding.

Design Implications The findings suggest several design im-
provements to enhance user comprehension in AI-driven social
recommender systems. First, the inclusion of real-time feedback
and prompts, as suggested by participants, can help users identify
and correct misunderstandings more efficiently. For instance, a
system that offers immediate feedback, as envisioned by P1, could
guide users through their thought process and correct logical errors
in real-time. Additionally, providing detailed step-by-step expla-
nations and context-aware prompts, especially for users without
technical backgrounds, can facilitate a more comprehensive un-
derstanding of recommendations. Participants also highlighted the
need for conversational features that allow users to follow along
with the AI’s reasoning, ask for clarification, and progressively
build their knowledge. Designing systems that encourage iterative
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questioning and offer layered explanations will likely improve com-
prehension, as evidenced by participants’ positive experienceswhen
using such strategies. Furthermore, the integration of active learn-
ing techniques, such as asking follow-up questions or visualizing
concepts through step-by-step breakdowns, could support users in
deepening their understanding of complex topics and AI reasoning
processes. In summary, we propose the following recommenda-
tions for designing systems that prioritize user comprehension and
engagement:

• Promote Active User Engagement: Encourage users to ask
relevant follow-up questions by designing chatbot interfaces
that prompt clarifying queries or provide examples of effec-
tive questions. This can enhance comprehension by fostering
an interactive dialogue tailored to the user’s needs.

• Adapt Explanations to User Backgrounds: Leverage user pro-
file data, such as educational background or familiarity with
AI systems, to dynamically adjust the complexity and tone
of explanations. For instance, users with limited technical
knowledge may benefit from simpler, more intuitive expla-
nations.

• Provide Contextual Cues: Include visual or textual cueswithin
the chatbot interface to highlight key aspects of the recom-
mendation rationale, such as the primary factors influencing
a suggestion. This can improve clarity and help users focus
on critical information.

• Evaluate Comprehension Iteratively: Integrate real-time com-
prehension checks, such as brief quizzes or feedback prompts,
to assess how well users understand explanations and refine
the system’s responses accordingly.

6 Conclusion
This study demonstrates that user comprehension of AI-generated
explanations is closely tied to the depth of interaction and engage-
ment with the system. Behavioral differences between users who
comprehend AI explanations and those who do not stem from the
iterative nature of questioning, AI-Chatbot utilization, and reliance
on prior knowledge. To enhance user comprehension, AI-driven
recommender systems should incorporate design elements that
encourage iterative learning, provide real-time feedback, and offer
comprehensive, context-aware explanations. These improvements
will not only foster better user understanding but also increase trust
in AI-generated recommendations, making such systems more ef-
fective for a broader range of users.

Our study provides valuable insights into the role of generative
AI in enhancing the comprehensibility of explanations in social
recommender systems, but several limitations must be acknowl-
edged. First, the small sample size of 17 participants limits the
robustness and generalizability of our findings. A larger and more
diverse sample is needed to strengthen the validity of the results.
Second, the study design introduces potential learning and order-
ing biases, as the incremental mixed-method approach may have
influenced participants’ performance across phases. Although our
preliminary study [6] justified a non-randomized order due to the
high cognitive demand of the task, we recognize that this may
introduce confounding factors. To mitigate memorization effects,
we implemented mechanisms such as shuffling the order of the

22 quiz questions and their answer choices across phases, along-
side incorporating chatbot interactions and follow-up interviews.
These measures facilitated observable knowledge improvement, as
supported by qualitative and quantitative data. However, learning
and ordering biases may still persist, and future studies employing
between-subject designs with larger sample sizes and randomized
conditions are necessary to obtain more definitive results. Third,
our findings are specific to social recommender systems, and their
applicability to other recommendation contexts may be limited.

Future research should focus on implementing and testing de-
sign strategies to enhance user comprehension in AI-driven recom-
mender systems by promoting active engagement through chatbot
interfaces that prompt clarifying questions, adapting explanations
to users’ educational backgrounds and AI familiarity for tailored
simplicity, incorporating visual or textual cues to highlight key rec-
ommendation rationales, and integrating iterative comprehension
checks like real-time quizzes or feedback prompts to refine system
responses.
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