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Abstract. As data privacy regulations, such as the EU AI Act and EU 
Data Act, become increasingly stringent, processing real user data for AI 
models like movie recommendation systems has grown more challenging. 
Moreover, the human-centric data collection and evaluation of Explain-
able AI (XAI) systems are often costly and time-consuming; making it 
hard to sustain. Hence, this study adopts the Synthetic Behavior Gen-
eration (SBG) approach, leveraging large language models (LLMs) to 
evaluate AI explanations while ensuring compliance with regulations and 
providing cost-effective solutions for human feedback. To assess the qual-
ity of these explanations, we utilize three different LLMs, which are fed 
synthetically generated user behaviors to evaluate explanations of an AI 
system as if they were real users. The evaluation focuses on key criteria 
such as convincingness, clarity, accuracy, and the impact on decision-
making, facilitating a thorough assessment of explanation effectiveness. 
The results indicated that LLMs can deliver structured and consistent 
evaluations based on the provided synthetic user behavior. 

Keywords: Synthetic Data Generation · Explainable AI (XAI) · 
Recommender Systems · Large Language Models (LLMs) · Explanation 
Evaluation 

1 Introduction 

The rise of Artificial Intelligence (AI) has influenced various fields such as health-
care and entertainment. One of the significant applications of AI is in the devel-
opment of recommendation systems such as movie or food recommendations. 
Since understanding and justifying recommendations are essential for user trust 
and system transparency [ 10, 23], the recent recommendation systems do not 
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only provide recommendations but also generate explanations for the reason-
ing behind them to enhance user experience and build rapport with their users 
[ 5, 29]. Here, one of the interesting research questions is how to evaluate the effec-
tiveness of the automatically generated explanations [ 13]. Typically, user studies 
are conducted where participants share their perceptions. However, real-world 
limitations such as time cost and financial expenses restrict researchers from 
performing exploratory analyses, AI system testing, and evaluation [ 11]. Key 
challenges include participant recruitment, experiment setup, and carrying out 
user surveys. To address these issues, we propose using large language models 
(LLMs), whose increasing popularity has positioned them as effective tools for 
explanation evaluation, to assess the generated explanations [ 4, 28]. 

In our proposal, we utilize large language models (LLMs) to simulate a syn-
thetic user seeking recommendations and explanations. To effectively mimic user 
behavior, these LLMs can be trained on either real users’ comprehensive data, 
which captures their preferences and interactions with the system, or synthetic 
user data. The emergence of privacy regulations, such as GDPR, the EU AI Act 
[ 19] and the EU Data Act [ 6], has posed significant challenges regarding the 
use of actual user data for training AI models. Consequently, our study empha-
sizes the generation of synthetic user behaviors, which serve as inputs for the 
LLMs, enabling them to function appropriately and assess AI systems. We pro-
pose a method for synthesizing realistic user behaviors in the domain of movie 
recommendations. This context provides a concrete use case where user prefer-
ences and interactions can be procedurally generated while preserving statistical 
properties of real-world datasets. The resulting recommendation system is then 
enriched with the generated synthetic data. Furthermore, certain segments of the 
generated behaviors could be utilized as a test set to gain insights into how well 
the recommendation systems align with these synthetic behaviors. By assessing 
the quality of generated explanations in terms of convincingness, clarity, accu-
racy, and their impact on decision-making, we aim to clarify the dual roles of 
synthetic behavior generation and LLMs as both compliance-driven tools and 
enhancers of user engagement. This paper presents a preliminary study on the 
evaluation of explanation strategies using Synthetic Behavior Generation (SBG) 
and LLM-based assessment. 

The rest of the paper is organized as follows. Section 2 presents related work. 
Section 3 details our synthetic behavior generation and LLM-based evaluation 
framework, while Sect. 4 describes the experimental design and results. Finally, 
Sect. 5 concludes the paper with future directions. 

2 Related Work 

XAI has emerged as a critical field aimed at making complex machine learn-
ing models more transparent and understandable to both end-users and system 
developers [ 8]. While numerous approaches in XAI have been developed, includ-
ing model-agnostic methods such as LIME (Local Interpretable Model-agnostic 
Explanations) [ 24] and SHAP (SHapley Additive exPlanations) [ 17]. LIME is
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a technique designed to explain the predictions of complex machine learning 
models by approximating them locally around a specific instance using inher-
ently explainable surrogate models (e.g., decision trees). By perturbing input 
features and observing changes in the model’s predictions, LIME extracts the 
influence of individual features for specific predictions. On the other hand, SHAP 
borrows from the field of cooperative game theory to compute feature contribu-
tions, via Shapley values [ 17], by distributing the prediction outcomes among 
features according to their marginal contribution across all possible combina-
tions. Grad-CAM [ 25] operates by highlighting areas within an input image 
that significantly influence the model’s classification decisions. The algorithm 
highlights areas within an input image that significantly influences the model’s 
classification decisions. At each step, the gradients of the target prediction class 
are computed with respect to the feature maps from the previous convolutional 
layer. These gradients are then averaged to produce a weight for each feature 
map, which are then used to create a final heat map. Grad-CAM uses a visual 
approach to provide intuitive explanations to understand Convolutional Neural 
Network (CNN) outcomes. 

Commonly, there is a distinctive shortcoming of experimental datasets 
with known ground-truth explanations, given the subjective nature of explana-
tions [ 1]. Evaluating the accuracy and reliability of explainable models depends 
on having known, interpretable baseline explanations against which their gener-
ated feature attributions can be compared to. Accordingly, the use of synthetic 
data generated with certain rulesets offers a promising solution to evaluate these 
models [ 1]. These XAI methods often rely on ground-truth data for validation 
so there remains a significant challenge in validating these explanations reli-
ably, often due to the absence of ground-truth interpretability data. Although 
datasets like Netflix Prize and MovieLens [ 3, 12] are widely used in recommender 
systems, they lack detailed behavioral context such as mood, time, and view-
ing environment. This gap limits their suitability for evaluating explanation 
methods that depend on rich user behavior signals. Previous research leveraging 
synthetic datasets has demonstrated their utility in systematically explanation 
generation methods [ 7]. In the research, the SBG facilitates controlled exper-
imentation by generating synthetic data based on predefined context parame-
ters, user profiles, and probabilistic models, enabling large-scale simulations for 
training deep learning models and from the models explanations are generated. 
Additionally, synthetic datasets have facilitated the quantitative assessment of 
the accuracy, understandability, and comprehensibility of various interpretability 
techniques [ 20]. 

Furthermore, recent research within the field sought to incorporate LLMs into 
the generation and evaluation of self-explanatory mechanisms [ 15, 16, 22, 27]. For 
example, Ludos et al. blends the concepts of XAI and the linguistic power of 
LLMs [ 16]. Specifically, their approach involves three key steps: (i) the classical 
feature importance methods (e.g., SHAP) extract the important features and 
quantify their relevance; (ii) these extracted features are then given as input 
to a transformer-based LLM (e.g., GPT models), which generates human inter-
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pretable explanations detailing how these features interact with the predictions; 
and (iii) further interactive interfaces powered by the same models to allow users 
to respond with customized queries and receive explanations accordingly in a dia-
logic manner. In order to evaluate the effectiveness of the LLM-generated expla-
nations, Wang et al. adopt both subjective and objective evaluation metrics [ 26]. 
Subjectively, they employ human-grounded evaluations, utilizing a 5-point Likert 
scale to assess dimensions such as understandability, satisfaction, completeness, 
usefulness, and trustworthiness. Objectively, accuracy metrics measure the cor-
rectness of model decisions made by human evaluators when aided by LLM-
generated explanations compared to traditional explanations. Their research 
reveals that LLMs can effectively judge the quality of explanations, particu-
larly within the context of subjective assessments. However, objective evalua-
tions show that there is a high degree of variability, where the LLM evaluations 
may still differ significantly from human judgments in certain contexts; thus, 
highlighting a limitation of automated evaluators. This variability could further 
be assessed using synthetic data, given that the synthetic data could further 
be personalized to reduce the gap. Accordingly, Francesco et al. offer further 
evaluation of explanations through the use of LLMs utilizing synthetic data in 
their evaluation bench [ 4]. They evaluate the alignment of LLM responses with 
human judgments across different experimental conditions (e.g., high versus low 
domain familiarity scenarios). LLM-generated results were summated under var-
ious conditions (with or without memory, aggregated vs. individual responses) to 
assess the consistency and reliability of their responses. The findings show that 
LLM based systems can reliably replicate human conclusions in tasks requiring 
straightforward prediction from provided explanations, while showing discrepan-
cies in subjective tasks, such as confidence assessment. To mimic human evalu-
ation process, they utilize synthetic data and structured prompts to guide LLM 
interactions. Their results highlight the potential for LLM-based evaluations to 
address scalability and reproducibility challenges that arise in human-user stud-
ies, with similar limitations to the latest literature, such as potential model train-
ing biases and constraints in generalizing findings across broader XAI methods 
and domains. 

Despite these advancements, current literature has not fully explored how 
varying the complexity and characteristics of synthetic datasets impacts the per-
formance and perceived usefulness of explanation methods. This paper aims to 
bridge this gap by systematically investigating how synthetic data configurations 
influence the effectiveness and interpretability of XAI techniques, contributing 
to both theoretical insights and practical guidelines for future research. 

3 Methodology 

The proposed systematic approach aims to achieve the objectives of generat-
ing synthetic behavior data for recommendations, evaluating the interpretability 
of the recommendation model, and assessing the quality of explanations using 
LLMs in order to reduce human-centric costs associated with data collection,
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evaluation, and decision-making processes in the development of personalized 
recommendation systems; and provide transparent and understandable explana-
tions. Hence, the research is divided to 4 key phases; (1) synthetic behavior data 
generation, (2) model training and evaluation, (3) explanation generation, and 
(4) explanation evaluation using an LLMs. 

The system can be shown in Fig. 1, begins with generating synthetic behav-
ior data that simulates user interactions, including features such as liked genre, 
spoken language, movie duration, and so forth, designed to mimic real-world 
behavior while enabling controlled experimentation. The data is grouped by user 
and split into training and test sets for personalized model training and evalu-
ation. AI-Powered model generates recommendations according to the training 
input. Explanation Generator creates the proper explanations thanks to train-
ing data and feature importance values that are then calculated to interpret 
predictions and identify key features, which are used to generate natural lan-
guage explanations linking feature importance, values, and outcomes. Finally, 
the explanations are evaluated by considering historical user data, recommenda-
tions via LLMs to assess their convincingness, understandability, accuracy, and 
impact on decisions. 

3.1 Synthetic Behavior Data Generation 

The process of user generation follows a probabilistic modeling approach, where 
attributes are assigned to each user based on predefined distributions. This 
ensures that the simulated users resemble real-world audience demographics, 
behaviors, and preferences. Each user is uniquely identified and has a set of 
attributes defining their demographics, geography, lifestyle, movie preferences, 
and behavioral constraints. 

User Generation. Each generated user is assigned a unique identifier (userID), 
name, surname, and a collection of attributes that define their demographics, 
geographic location, language proficiency, lifestyle, preferences, and constraints. 

Fig. 1. Proposed System Architecture.
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Demographic attributes form the foundation of user profiles in the synthetic 
dataset. These attributes define age, gender, ethnicity, marital status, employ-
ment status, and lifestyle. Each demographic attribute is assigned based on 
weighted probability distributions, ensuring some groups are more prevalent 
while maintaining variability. This approach allows the dataset to mimic pop-
ulation trends and regional differences, improving the reliability of behavioral 
simulations. 

– Gender: Male, Female, Not Mentioned 
– Age Range: Users are grouped into eight age categories: Under 13, 14–17, 

18–24, 25–34, 35–44, 45–54, 55–64, 65+ 
– Ethnicity: Non-Hispanic White, Hispanic, Black, Asian, Mixed, Other 
– Marital Status: Single, Married, Divorced, Widowed 
– Employment Status: Employed, Student, Unemployed, Retired 
– Lifestyle: Active, Sedentary, Balanced, Busy, Relaxed 

Additionally, attributes have dependencies to maintain realism. Logical 
dependencies include: 

– A person under 18 must have “Single” marital status or “Student” employment 
status. 

– A person aged 65+ is likely to be “Retired.” 
– A person aged 18-24 is more likely to be a “Student” than in other employment 

categories. 

Geographic and linguistic attributes play a crucial role in defining user pro-
files, influencing content accessibility, cultural preferences, and viewing habits. 
The framework integrates country of origin, living country, current location, and 
spoken languages as key attributes. A user’s country of origin is probabilisti-
cally assigned based on global population distributions. Migration tendencies 
are modeled, allowing a portion of users to relocate with controlled probabili-
ties, reflecting real-world mobility trends. A user’s current location is determined 
based on their living country, with major cities assigned according to urban pop-
ulation densities. Language familiarity significantly impacts content accessibility 
and user engagement. Users are assigned spoken languages based on their country 
of origin’s official languages, with additional probabilities accounting for multi-
lingualism due to regional influences. For example, a user from Spain is more 
likely to know Italian than a user from Turkey, reflecting linguistic similarities 
and geographical proximity. 

To model diverse user behaviors, the framework incorporates genre prefer-
ences, aversions, and award sensitivity, ensuring meaningful distinctions in taste 
and selection patterns. Some users consistently watch a narrow set of genres, 
while others explore a broad variety. 

– Liked Genres: Each user has up to 3 preferred genres. 
– Disliked Genres: Each user has up to 3 disliked genres (mutually exclusive 

with liked genres).
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– Award Sensitivity: A binary trait indicating whether a user prefers criti-
cally acclaimed movies. Approximately 20% of users are labeled as “Award 
Hunters,” affecting behavioral constraints and satisfaction scores. 

Hard constraints define strict rules restricting what a user can watch under 
specific circumstances. These constraints ensure realistic behavior patterns, pre-
venting unlikely or unrealistic viewing scenarios. Each user has a 20% probabil-
ity of receiving a hard constraint, assigned based on demographic attributes in 
Table 1. 

Table 1. Filtering constraints and their rules 

Constraint Filtering Rule 
under_13_constraint Excludes NC-17 and R movies, if user is under 13 
13_17_constraint Excludes NC-17 movies, if user’s age in between 13 and 17 
no_morning_thriller_horror Excludes Thriller and Horror movies in the morning 
no_long_movie_constraint Excludes movies longer than 2 h, if lifestyle is “Active” or “Busy” 
strict_award_hunter Includes only award-winning movies 
only_known_languages Includes only movies in the user’s spoken languages 
no_constraint All movies available 

Beyond demographic, geographic, linguistic, preference-based attributes and 
hard constraints, each user is also assigned individualized probabilistic tendencies 
that influence their movie-watching behaviors. These probabilities dictate when, 
where, and how users engage with movies, ensuring that behavior generation 
remains realistic and personalized. Each user is assigned five key behavioral 
probabilities, a numerical score (1 to 5) for the tendency of the watch and weights 
that will be used to calculate satisfaction score: 

– Companion Preferences: Determines how often the user watches alone, 
with friends, family, partner, or group. 

– Seasonal Preferences: Indicates if a user prefers watching movies more in 
certain seasons; winter, spring, summer, autumn. 

– Day-of-Week Preferences: Defines whether a user is more likely to watch 
movies on days of week. 

– Time-of-Day Preferences: Dictates if a user prefers watching movies in 
the morning, afternoon, evening, or at night. 

– Location Preferences: Determines where a user is most likely to watch 
movies (home, cinema, public transportation, workplace, and community cen-
ter). 

– Watch Tendency: A numerical  score (1 to 5) that affects how  persistent  a  
user is in attempting to watch a movie. 

– Satisfaction Weights: Each user is assigned a unique set of satisfaction 
weights that influence how different factors contribute to their perceived 
enjoyment of a movie. These weights probabilistically determine the impact of 
genre compatibility, disliked genres, language familiarity, IMDb ratings, user 
mood, rewatch history, and award recognition on the final satisfaction score.
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By allowing individual users to prioritize different aspects of a movie, this 
component ensures a more nuanced and user-specific satisfaction evaluation. 

By assigning each user personalized and unique probabilistic profiles, the 
framework ensures that; user behaviors are diverse rather than deterministic, 
seasonal, weekly, and daily preferences shape behavior dynamically and loca-
tion, companionship, and persistence vary per user, preventing unrealistic uni-
formity. These user-specific probabilities directly influence movie-watching deci-
sions, ensuring that generated behaviors align with real-world tendencies. 

Behavior Generation and User Satisfaction Estimation. The behavior 
generation phase simulates user interactions with movies over a defined period, 
incorporating personal preferences, contextual influences, and predefined con-
straints. This approach ensures that the generated behaviors align with real-
world movie-watching tendencies. Additionally, a user satisfaction estimation 
model quantifies how well a selected movie aligns with user expectations. 

The process consists of three main stages: Initialization, Behavior Decision, 
and Behavior Recording. This structured methodology enables the creation of 
realistic user behavior data, capturing the complexity of human decision-making 
in movie-watching scenarios. Before simulating user behavior, the system ini-
tializes key components, including user profiles, preferences, and movie data 
preparation. User and preference data are generated as described in Sect. 2. The  
movie dataset is then preprocessed into filtered subsets, ensuring that all hard 
constraints (e.g., age restrictions, language preferences) are accounted for. The 
simulation is based on a day-driven framework, where each user’s movie-watching 
decisions are evaluated on a daily basis over the defined period. This time-driven 
approach enables the model to capture temporal variations such as seasonality, 
day-of-week preferences, and other time-dependent factors. To facilitate this, a 
day-mapping mechanism systematically assigns each simulation day to a corre-
sponding season and day of the week. 

For each simulated day, the system iterates over every user to determine 
whether they will watch a movie. This event decision is guided by a multi-step 
process that begins with computing the base probability of watching a movie, 
which is derived by the user’s seasonal, day-of-week and time-of-day probabilities 
for that particular day. The Watch Tendency Mechanism acts as a persistence 
factor, enabling multiple attempts—up to the assigned watch tendency value—if 
the initial probability does not immediately result in a movie-watching decision. 
Hence, if the watch probability is exceeded during any of the attempts, a movie is 
selected from the movie subset according to the user’s hard constraint; otherwise, 
no behavior is recorded for that user. 

Once a user decides to watch a movie, contextual factors (e.g., location, 
companion, etc.) are assigned based on predefined probabilities. Thus, the output 
format can be show in the Table 2. 

After completing all the movie watching event information, the system cal-
culates the user’s satisfaction score using a weighted function that integrates 
multiple factors via Eq. 1. The significant factors are:



LLM-Based Evaluation Methodology of Explanation Strategies 93

Table 2. User Behavior Data 

Column Name Description Example Value 
day_number Number that represent day 0 
date The simulated calendar date for the recorded 

behavior 
2025-01-01 

season The season corresponding to the given date Winter 
day_of_week The day  of  the week Wednesday 
time_of_day The specific period of the day when the user 

watched the movie (Morning, Afternoon, 
Evening, Night) 

Evening 

userId Unique identifier assigned to the user U0016 
movieId Unique identifier of movie watched M00780 
location The location where the user watched the movie 

(Home, Cinema, Workplace, etc.) 
Home 

companions The group with whom the user watched the 
movie (Alone, Partner, Friends, Family, Group) 

Friends 

user_mood The emotional state of the user before watching 
the movie (Happy, Neutral, Sad) 

Sad 

satisfaction_score The computed satisfaction score (0 to 1) 
representing the user’s experience 

0.56 

– Genre Compatibility: Positive influence from liked genres, negative influ-
ence from disliked genres. 

– Language Match: Whether the movie language aligns with the user’s known 
languages. 

– IMDb Rating: Movies rated below 5.5 are penalized, while higher-rated 
movies contribute positively. 

– User Mood: Satisfaction is adjusted based on mood (higher for happy users, 
lower for sad users). 

– Rewatching Factor: If a movie is rewatched more than one by other users, 
it has a good impact on candidate user. 

– Award Bonus: If an “Award Hunter” user watches an awarded movie, an 
additional boost is applied. 

satisfaction = (liked_genre_match_score × wliked_genre_match)+ 

(disliked_genre_match_score × wdisliked_genre_match)+ 

(language_match × wlanguage_match)+ 

(imdb_rating_normalized × wimdb_rating)+ 

(user_mood_score × wuser_mood)+ 

(min(number_of_rewatches, 3) × wrewatch_factor)+ 

(award_bonus × waward_bonus) 

(1)
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While preprocessing the generated data, Jaccard Similarity was utilized to 
quantify the alignment between user preferences and movie attributes [ 2]. Specif-
ically, Jaccard scores were calculated for language, liked genres, and disliked 
genres, capturing the degree of similarity between a user’s preferences and a 
movie’s characteristics. To illustrate, a user likes “Horror” and “Action” as gen-
res; a movie’s genres are “Horror” and “Comedy”. Then, the Jaccard Similarity 
would be equal to 1/4. These similarity scores were then incorporated as features 
in the tree-based models. 

Lastly, the “recommended” column is created to personalize movie sugges-
tions based on user satisfaction score. For each user, movies with a satisfaction 
score above their average are marked as 1 (recommended), while others are 
marked as 0. This ensures recommendations are user-specific rather than based 
on a fixed threshold. 

3.2 Model Training and Feature Importance 

The model training phase involved developing personalized recommendation 
models for each user using their synthetic behavior data. Decision trees offer 
inherent advantage of interpretability due to its hierarchical structure and clear 
decision-making logic [ 5]. When combined with feature importance values, the 
explainability is further enhanced by providing a fair contribution of each feature 
to the prediction [ 18]. Each user’s data is partitioned into training and testing 
sets, and recommender models are trained on user-specific datasets. Afterwards, 
each tree’s predictions are interpreted by using feature importance values, which 
quantify the contribution of each feature (e.g., movie duration, companion) to 
the recommendation outcome. To ensure clear and persuasive explanations, the 

Fig. 2. Example Feature Importance Bar Chart for user “U0099”.
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top five most important features are utilized for generating explanations as in 
the Fig. 2. 

3.3 Explanation Generation 

This research introduces a Post-Hoc explanation generation method to enhance 
the understandability, transparency, and user engagement of a recommender 
system, improving the clarity of recommendations. The combination of Decision 
Trees and feature importance values aids in understanding the impact of features 
in machine learning models, unlike other complex models [ 14]. The extracted 
feature importance values from the model, and the five most significant features 
are selected for explanation. 

The strategy for generating user-specific explanations is outlined in Algo-
rithm 1. First, a model is trained with user data in (Line 2), then calling 
the function to get prediction from recommendation which is the data that 
needs to be explained (Line 3). The most important five feature importance 
values are extracted by calling function of model (Line 4). The system eval-
uates the prediction (Line 5), determining whether a content was suggested 
(label = 1) or not (label = 0). Next, feature importance values are analyzed 
to assess their influence on the recommendation (Line 6). If a user’s feature 
aligns negatively with a highly influential attribute (feature importance value 
less than 0) and recommendation behavior’s feature matches with the nega-
tive effect (Line 7), a negative explanation is generated using predefined nega-
tive explanation templates (Line 8). Lastly, the final sentence is selected from 
“NOT_RECOMMENDATION_MAPPING” to explain behavior is not recom-
mended (Line 11). Same feature importance analysis is applied if prediction is 
equal to 1- (Line 12-13). Conversely, if an influential feature is positively con-
tributes to the recommendation (feature importance value greater than 0) and 
recommendation behavior’s feature has positive impact (Line 14), a positive 
explanation is selected from the corresponding positive explanation vocabulary 
(Line 15). Finally, a sentence about pointing the recommendation is added (Line 
18). 

Determining whether a feature value has a positive influence is straightfor-
ward for binary columns. However, for some numeric features; Jaccard Similarity 
for language, liked and disliked genres—the impact is less explicitly defined. To 
address this, a threshold-based approach is applied: if the Jaccard Similarity 
for a feature is greater than 0, it is considered positive; otherwise, it is treated 
as negative. This method ensures a consistent interpretation of similarity-based 
features within the recommendation model. For other numeric features, values 
below the user’s average are considered negative, while values above are positive. 
For example, if a duration is 60 min, but the user’s average preferred duration 
is 100 min, 60 min is classified as a negative value. An explanation is retrieved 
for each feature and once this process is completed for five features, the final 
explanation is constructed. This process repeats for each user until all test data 
is processed, making the explanations ready for LLM evaluation.
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Algorithm 1. Generate Explanations for Recommendations 
Require: training_data: A dataset containing user-specific behavior 

recommendation: A single behavior that needs to be explained 
Ensure: explanation 
1: Initialize an empty list explanations 
2: model = GenerateUserModel(training_data) 
3: prediction = model.predict(recommendation) 
4: feature_importance = model.GetTop5FeatureImportance() 
5: if prediction == 0 then 
6: for each feature in feature_importance do 
7: if feature["FeatureImportanceValue"] < 0 AND recommendation[feature] == 

False then 
8: Select a negative explanation from EXPLANATION_VOCAB 
9: end if 

10: end for 
11: Append a negative sentence to explanation from 

NOT_RECOMMENDATION_MAPPING 
12: else 
13: for each feature in feature_importance do 
14: if feature["FeatureImportanceValue"] > 0 AND recommendation[feature] == 

True then 
15: Select a positive explanation from EXPLANATION_VOCAB 
16: end if 
17: end for 
18: Append a positive sentence to explanation from RECOMMENDA-

TION_MAPPING 
19: end if 
20: return explanation 

3.4 LLM-Based Evaluation 

The evaluation of the generated explanations is a critical and novel step in 
assessing the effectiveness and usability of both synthetic behavior data and 
recommendation, since human surveys and participation for data collection and 
evaluation are time consuming and expensive [ 4]. The research that compares 
cost of human LLM shows that dramatic difference in expenses [ 28]. In addition 
to broad domain knowledge, the fact that LLMs can be used as judge (LLM-as-
a-Judge) thanks to the prompt makes them valuable for this study. 

The LLM-based evaluation focuses on four key criteria: convincingness, 
understandability, accuracy, and decision impact. They all are designed to mea-
sure how persuasive, clear, accurate, and impactful the explanations are in the 
context of the recommendation system. The evaluation process begins with the 
preparation of inputs, where the historical behavior data of user, recommended 
behavior and generated explanations are formatted into a structured input for 
the LLM. The goal of passing historical data is that LLM behaves like the real 
user and evaluate the explanation. Additionally, detailed instructions, input and 
output format and examples, evaluation criteria questions are passed in the 
Prompt for Evaluating Movie Recommendations.
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Prompt for Evaluating Movie Recommendations 
You are an AI evaluator tasked with analyzing movie recommendations for 
a user. You will be provided with the following data for each test case: 
– Historical Behavior Data: A DataFrame containing the user’s past 

behavior (e.g., movies watched, liked, disliked, etc.). Contains whether 
the user actually liked (1) or disliked (0) the movie 

– Recommendation: A recommended behavior from AI-Powered Rec-
ommender. 

– Explanation: The explanation provided by the model for the predic-
tion. 

For each test case, answer the following questions: 

1. How convincing is the explanation to watch/not watch the 
movie? Rate between 0 and 10, where 0 is not convincing at all and 10 
is extremely convincing. 

2. How easy is the explanation to understand? Rate between 0 and 
10, where 0 is very difficult to understand and 10 is very easy to under-
stand. 

3. How accurate is the explanation according to your desire? Rate 
between 0 and 10, where 0 is completely inaccurate and 10 is completely 
accurate. 

4. Does the explanation affect your decision to change your real 
decision? Answer as "Yes", "No", or "Same". 

Example Input: 

– Historical Behavior Data: A DataFrame with columns like "movieId", 
"duration", "genres", "language", etc. 

– Test Behavior Data: A DataFrame with columns like "movieId", "dura-
tion", "genres", etc. 

– Predictions: [1, 0, 1] 
– Explanations: [ "The movie’s genre matches your preferences, which 

increased the likelihood of recommendation.", "The movie’s duration 
is too long, which decreased the likelihood of recommendation.", "The 
movie has won awards, which increased the likelihood of recommenda-
tion." ] 

– Real Values: [1, 1, 0] 

Example Output: 
[ 

[7, 9, 8, "Same"], 
[9, 9, 8, "Yes"], 
[3, 7, 5, "No"] 

]
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4 Results 

The purpose of this section is to present the outcomes of our approach tailored 
for the movie domain case study. 100 users are generated by SBG with unique 
4893 samples. Tree-based model, SHAP values are determined as recommen-
dation model and feature importance illustration respectively for personalized 
movie recommendation system and explanation generation. To handle explana-
tion evaluation, three LLMs are selected; deepseek-r1 [ 9], gpt-4o-mini and gpt-
3.5-turbo [ 21]. Expectation from LLMs is answering the evaluation questions 
below: 

– How convincing is the explanation to watch/not watch the movie? Rate 
between 0 and 10, where 0 is not convincing at all and 10 is extremely con-
vincing. 

– How easy is the explanation to understand? Rate between 0 and 10, where 0 
is very difficult to understand and 10 is very easy to understand. 

– How accurate is the explanation according to your desire? Rate between 0 
and 10, where 0 is completely inaccurate and 10 is completely accurate. 

– Does the explanation affect your decision to change your real decision? Answer 
as “Yes”, “No” and “Same”. 

To determine the most suitable tree-based model for personalized movie rec-
ommendations, three different models are evaluated: CatBoost (max_depth=5, 
learning_rate=0.1), Decision Tree (max_depth=5), and Random Forest 
(max_depth=5, n_estimator=50). Table 3 illustrates a comparative analysis of 
their performance across Accuracy, Precision, Recall, and F1 Score. 

Table 3. Comparison of Tree-based Models for Movie Recommendation 

Model Accuracy Precision Recall F1 Score 
CatBoost 0.75 0.63 0.68 0.58 
Decision Tree 0.78 0.67 0.69 0.65 
Random Forest 0.75 0.68 0.71 0.65 

This comparison was made using the entire dataset. The Decision Tree model 
achieved the highest accuracy (0.78) while maintaining a balanced trade-off 
between precision (0.67) and recall (0.69), resulting in an F1 score of 0.65. 
Although the Random Forest model exhibited slightly higher precision and recall, 
the Decision Tree was selected due to its superior accuracy, lower computational 
complexity, and enhanced interpretability. 

Since the users have different amounts of test data, they are classified into 
“Small”(1 to 3 sample), “Mid”(4 to 6 sample), and “Large” (7 and above) Scale 
Data groups. Consequently, the further evaluations were answered based on these 
data categories.
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Table 4. Comparison of User Groups with Decision Tree Model 

User Groups Accuracy Precision Recall F1 Score 
Small 0.40 0.39 0.40 0.40 
Medium 0.65 0.64 0.65 0.65 
Large 0.88 0.61 0.88 0.88 

Table 4 compares four average performance metrics of Decision Tree Model— 
Accuracy, Precision, Recall, and F1 Score—across three user groups of different 
sizes. For the Small group, the model shows relatively low performance, sug-
gesting that limited user data hinders the model’s ability to correctly identify 
and classify positive instances. In contrast, the Medium group exhibits moder-
ate improvements in all metrics (Accuracy = 0.65, Precision = 0.64, Recall = 
0.65, F1 = 0.65), indicating that increased data contributes to more reliable pre-
dictions. Notably, the Large group achieves a high Accuracy (0.88) and Recall 
(0.88), as well as an elevated F1 Score (0.88), which implies that extensive user 
data substantially enhances the model’s ability to correctly identify true pos-
itives. However, Precision (0.61) is lower relative to Recall (0.88), suggesting 
that while the model captures most relevant cases, it also predicts more posi-
tives that may not be correct. Overall, these results underscore the importance of 
data availability for achieving robust and well-balanced predictive performance. 

The Fig. 3a demonstrates the average convincingness scores across LLMs and 
three user groups. Across all models, an increase in the scale of data groups 
correlates with an improvement in the convincingness score. In other words, 
larger datasets lead to higher-quality, more persuasive explanations with a solid 
background, likely because the model has more information to learn patterns and 
make more informed decisions. As a comparison of LLMs, gpt-4o-mini provides 
more persuasive explanations when ample user data is available. In contrast, 
gpt-3.5-turbo displays relatively lower scores across all user groups, implying 
that its explanations are generally perceived as less convincing compared to the 
other models. Meanwhile, deepseek-r1 exhibits a steady and moderately high 
performance, maintaining balanced convincingness across different user group 
sizes. 

As a next metric, the clarity score is evaluated across various models and 
user groups. From the Fig. 3b , it can be observed that deepseek-r1 achieves the 
highest clarity for the Small (8.00) and Mid (8.17) groups, indicating that its 
explanations are perceived as more comprehensible when user data is relatively 
limited or moderate. However, gpt-4o-mini attains the highest clarity (8.37) in 
the Large group, suggesting that it provides clearer explanations when substan-
tial user data is available. In contrast, gpt-3.5-turbo exhibits lower clarity scores 
(ranging from 7.00 to 7.34) for all user group sizes. Similar to the Convincingness, 
high amount of data provides more clear explanations to the LLMs. 

The Fig. 3c illustrates that accuracy finding via LLMs. In general, each 
model’s accuracy increases with user group size, indicating that more extensive
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Fig. 3. LLM Evaluation Metrics. 

user data enhances recommendation precision. gpt-4o-mini achieves the highest 
score (7.66) in the Large group, deepseek-r1 maintains a steady improvement 
from 6.74 (Small) to 7.49 (Large), while gpt-3.5-turbo starts lower (5.79) but 
rises to 7.02, emphasizing the role of sufficient user data in boosting accuracy. 

The last metric is about how often users reported that an explanation caused 
them to change their real decision (“Yes”) across different language models. In 
this Fig. 3d , The gpt-3.5-turbo model yields the highest count of “Yes” responses 
for all user groups comparing with the other models. Meanwhile, other models 
records few or zero “Yes” responses, it means that they are more attached to 
their own preferences. 

5 Conclusion 

The increasing impact of data regulations, such as EU Data Act and EU AI 
Act, has needed innovative approaches to AI model development and evalua-
tion. Our study explored a novel approach to evaluating explainable AI systems 
thanks to LLMs using SBG without using human-centric data. There are two 
crucial findings, one of them underscores that the potential of SBG effectively 
simulate coherent user behavior from various user background. Using synthetic 
data significantly reduces time and financial costs compared to real datasets
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while offering a practical and efficient alternative. Secondly, LLMs as an evalua-
tor provide structured, consistent evaluations of explanation quality, focusing on 
crucial aspects such as convincingness, clarity, accuracy, and impact on decision-
making like a real user behaved. 

By giving LLMs synthetic user behaviors, we found that LLMs are able to 
provide detailed and accurate evaluations, much like human evaluators do with a 
moderate amount of data. The capability of LLMs to analyze and interpret syn-
thetic data, and evaluate explanations, represents a significant advancement in 
the development of trustworthy AI. This methodology not only eases the evalu-
ation process but also provides a robust framework for sustainable improvement 
on AI applications. Especially, this advantage is particularly beneficial for the 
sectors that privacy concerns are prior such as healthcare, education. 

As future work, extending this approach to other domains, such as health-
care or e-commerce, and developing standardized metrics for explanation qual-
ity will further advance the field. In this work, a Decision Tree is employed as 
the AI model due to its simplicity and interpretability; however, more advanced 
implementations, such as Neural Networks, can also be utilized for improved per-
formance. Different prompting techniques or fine-tuned LLMs that specialized 
for a user might improve the user engagement and satisfaction. Finally, hybrid 
approaches combining LLM evaluations with targeted human feedback could 
balance scalability with feedback, brings us to more robust and trustworthy AI 
systems. 
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