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Abstract

The rapid proliferation of digital education platforms has fundamentally transformed the landscape of modern learning
paradigms. As online learning portals accumulate vast repositories of educational content, users increasingly confront
severe information overload, necessitating the deployment of automated recommender systems. However, traditional
algorithmic models operate as opaque mechanisms, severely limiting user comprehension and subsequently degrading user
trust. This paper presents a comprehensive field experiment designed to evaluate the impact of explainable recommender
systems on user trust within a large-scale online learning portal. Over a longitudinal period, participants were randomly
assigned to either a baseline recommendation environment or a treatment environment featuring multifaceted algorithmic
explanations. The study meticulously captures both self-reported psychometric data and granular behavioral interactions.
The empirical evidence demonstrates a substantial, statistically significant improvement in multidimensional user trust
when transparent, explainable recommendations are provided. Furthermore, the findings reveal that the provision of
explanations not only enhances cognitive and affective trust but also significantly increases behavioral engagement,
manifested through higher course enrollment rates and prolonged system interaction. This research contributes foundational
empirical data to the intersection of artificial intelligence and human-computer interaction, offering critical insights for the
architectural design of future educational technologies. The results unequivocally advocate for the integration of transparent
explainability mechanisms as a primary design requirement in educational recommender systems.
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1. Introduction
1.1 Background on Online Learning Portals

The contemporary educational ecosystem has witnessed an unprecedented structural shift toward digital environments,
fundamentally altering how knowledge is disseminated, accessed, and assimilated. Online learning portals, ranging from
institutional academic repositories to global massive open online course platforms, have emerged as the primary
infrastructure for lifelong learning and professional skill acquisition. This digital transformation has democratized access
to high-quality educational resources, enabling learners from diverse socioeconomic and geographic backgrounds to
engage with curricula that were previously inaccessible. However, the exponential growth of available content on these
platforms has generated a profound operational challenge commonly identified in human-computer interaction literature
as information overload. When users log into comprehensive educational portals, they are immediately confronted with
thousands of potential learning paths, diverse instructional modules, and varying pedagogical approaches [1]. The cognitive
burden associated with manually navigating this immense volume of information often leads to decision fatigue, diminished
learning motivation, and ultimately, platform abandonment. To mitigate this critical bottleneck, platform architects have
increasingly relied upon automated computational mechanisms to curate and personalize the content presented to individual
users. These algorithmic curation tools, generally classified as recommender systems, have become indispensable
infrastructural components of modern digital learning environments, continuously analyzing historical user data to predict
and suggest the most relevant educational materials for each learner.

Despite their operational necessity, the integration of advanced recommendation algorithms into educational contexts
introduces complex sociotechnical challenges. In contrast to e-commerce or entertainment platforms where the cost of a
suboptimal recommendation is relatively trivial, educational recommendations carry significant long-term implications for
a user's intellectual development and career trajectory. Consequently, the mechanisms by which these systems generate
suggestions must be scrutinized. Traditional recommendation engines, particularly those leveraging deep neural networks
or complex ensemble methods, function as highly opaque entities [2]. Users receive a list of suggested courses but are
entirely insulated from the computational logic that produced these suggestions. This opacity prevents users from
evaluating whether a recommendation aligns with their specific learning objectives, pedagogical preferences, or current
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competency levels. As educational portals continue to scale, the reliance on these opaque systems creates a fundamental
disconnect between the algorithmic intent and user comprehension, highlighting a critical vulnerability in the widespread
adoption of automated educational curation.

1.2 The Role of Explainable Recommender Systems

The inherent opacity of advanced algorithms has precipitated a profound crisis of user trust within digital ecosystems.
Trust, in the context of human-computer interaction, is a multifaceted construct that dictates the willingness of a user to
rely upon a computational system in situations characterized by uncertainty and vulnerability. When an online learning
portal suggests a comprehensive curriculum requiring months of dedication, the user must inherently trust that the system
has accurately assessed their current knowledge state and identified an optimal learning trajectory [3]. However, when the
rationale behind such recommendations is obscured, users frequently exhibit skepticism, questioning whether the algorithm
is optimizing for their educational benefit or for alternative platform-centric metrics, such as maximizing user retention or
promoting sponsored content. This lack of transparency severely inhibits the establishment of a robust, trusting relationship
between the learner and the platform. To directly address this algorithmic trust deficit, the academic community has
increasingly pivoted toward the paradigm of explainable artificial intelligence. Explainable recommender systems are
specifically engineered not merely to output personalized suggestions, but simultaneously to generate human-
understandable justifications detailing exactly why a specific item was recommended [4].

The transition from opaque to explainable recommendation architectures represents a fundamental paradigm shift in user
interface design and algorithmic deployment. In educational settings, explanations can take numerous forms, ranging from
simple relational statements to complex visual representations of a user's skill gaps. By providing transparent insights into
the decision-making process of the algorithm, explainable systems theoretically empower users to make informed,
critical judgments regarding their educational pathways [5]. Despite the strong theoretical foundations supporting
explainable artificial intelligence, there remains a conspicuous scarcity of rigorous, large-scale empirical evidence
validating its efficacy in real-world educational domains. The majority of existing literature relies on controlled, artificial
laboratory experiments that fail to capture the longitudinal dynamics of user trust in authentic learning environments. This
paper addresses this critical research gap by presenting comprehensive field experiment evidence assessing the impact of
explainable recommender systems on user trust within a fully operational online learning portal. By systematically
evaluating both subjective trust perceptions and objective behavioral metrics, this research aims to conclusively determine
the functional value of algorithmic transparency in digital education.

2. Literature Review and Theoretical Framework
2.1 Evolution of Recommender Systems in Education

The historical trajectory of recommender systems within educational environments reflects a continuous progression from
simplistic, rule-based heuristics to highly sophisticated, data-driven machine learning architectures. Early iterations of
educational recommendation engines primarily utilized collaborative filtering methodologies. These foundational systems
operated on the premise of user similarity, analyzing historical interaction matrices to identify patterns among learners with
comparable profiles. If a specific cluster of users successfully completed a particular programming module, the system
would automatically recommend that module to new users exhibiting similar initial behaviors [6]. While collaborative
filtering provided a rudimentary level of personalization, it suffered from severe limitations in educational contexts.
Specifically, it failed to account for the prerequisite knowledge structures inherent in academic curricula and frequently
struggled with the cold-start problem, wherein new courses or new learners could not be accurately integrated into the
recommendation matrix due to an absence of historical interaction data. To address these deficiencies, subsequent
architectures incorporated content-based filtering techniques. These systems analyzed the specific metadata and semantic
content of the educational materials, mapping them directly against explicitly stated user preferences or dynamically
generated learner profiles [7].

As the volume and complexity of user data expanded, the architectural focus shifted toward hybrid systems and, more
recently, toward deep learning models. Advanced neural network architectures have demonstrated unprecedented accuracy
in predicting user preferences by capturing intricate, non-linear relationships within massive datasets. These models can
simultaneously process diverse data streams, including textual course descriptions, video engagement metrics, assessment
scores, and temporal interaction patterns, to generate highly optimized personalized learning pathways. However, the
integration of deep learning into educational portals has fundamentally altered the epistemological nature of the
recommendations. The mathematical complexity of deep neural networks renders their internal decision boundaries entirely
inscrutable to both end-users and system developers [8]. This phenomenon, widely characterized as the black-box problem,
means that while the predictive accuracy of the system is maximized, the interpretability of the system is entirely sacrificed.
In educational platforms, where pedagogical alignment and cognitive readiness are paramount, this lack of interpretability
constitutes a severe architectural flaw. Learners are provided with highly accurate course suggestions but are deprived of
the contextual information necessary to understand how those suggestions correspond to their unique educational journey.
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2.2 Trust and Explainability in Artificial Intelligence

Understanding the interaction between human users and algorithmic systems requires a robust theoretical framework
conceptualizing trust in automation. Trust in computational entities is generally theorized as a multidimensional construct
comprising cognitive, affective, and behavioral components. Cognitive trust relates to the user's rational evaluation of the
system's competence, reliability, and technical capability. Affective trust encompasses the emotional response to the
system, heavily influenced by perceived benevolence and the system's apparent alignment with the user's best interests.
Behavioral trust is manifested through observable actions, specifically the user's actual reliance on the system's outputs and
their willingness to engage with recommended materials [9]. In opaque recommendation environments, cognitive trust is
frequently compromised because users cannot verify the system's competence, while affective trust is undermined by the
suspicion of hidden platform agendas. To systematically rebuild these dimensions of trust, the implementation of
explainable artificial intelligence serves as a critical intervention.

The taxonomy of explainability in recommender systems is highly diverse, encompassing various methodological
approaches to rendering algorithmic logic transparent. Explanations can be broadly categorized based on their functional
orientation and presentation modality. [tem-based explanations justify a recommendation by linking it to items the user has
previously interacted with, utilizing historical anchoring to establish relevance. User-based explanations highlight
similarities between the target user and an aggregated cohort of successful peers. Feature-based explanations dissect the
recommendation by explicitly displaying the specific attributes of the course that align with the user's recorded skill
deficiencies or stated goals [10]. Despite the proliferation of theoretical frameworks surrounding these explanation types,
empirical validation remains highly fragmented. Previous investigations into explainable systems have predominantly
utilized simulated environments, where participants are asked to evaluate hypothetical recommendations without any
genuine stake in the outcome. Such studies consistently report positive correlations between explanations and perceived
transparency, but they intrinsically fail to measure the durable, long-term establishment of trust [11]. The transition from
perceived transparency in a laboratory to actionable trust in a genuine educational setting represents a substantial cognitive
leap. Consequently, there is an urgent imperative for rigorous field experiments capable of continuously monitoring user
interactions, psychometric shifts, and behavioral adaptations in response to explainable algorithms within authentic, high-
stakes learning portals.

3. Field Experiment Design and Methodology
3.1 Research Context and Participant Selection

To rigorously investigate the impact of explainable recommender systems on multidimensional user trust, a comprehensive
field experiment was deployed within a prominent, large-scale online learning portal. This specific platform caters to a
diverse population of adult learners seeking professional development, technical certifications, and advanced academic
coursework. The portal features an extensive repository of over ten thousand distinct educational modules, rendering the
utilization of a recommender system absolutely essential for successful user navigation. Prior to the initiation of the
experiment, all research protocols and data handling procedures were thoroughly reviewed and approved by the
institutional ethical oversight committee to ensure the protection of user privacy and data integrity [12]. The participant
pool for this study was randomly selected from the platform's active user base, ensuring a representative sample of
individuals exhibiting varying levels of technical proficiency, educational backgrounds, and prior platform engagement.

The sampling methodology utilized a stratified randomization technique to allocate participants into distinct experimental
conditions while maintaining demographic and behavioral equivalence across groups. The stratification variables included
the frequency of prior system logins, historical course completion rates, and the stated primary objective for utilizing the
platform. A total of one thousand seven hundred and seventy-one participants were successfully enrolled in the study and
randomly assigned to either the control group, which interacted with the baseline opaque recommender system, or the
treatment group, which was exposed to the transparent, explainable recommender system. The experimental observation
period spanned a continuous duration of twelve weeks, allowing for the comprehensive assessment of both immediate
cognitive reactions and long-term behavioral adaptations. To prevent cross-contamination and ensure the integrity of the
experimental design, robust technical safeguards were implemented at the session management layer, guaranteeing that
users consistently experienced only their assigned recommendation interface throughout the entirety of the longitudinal
study.

Table 1: Participant Demographic Characteristics and Group Assignment

Demographic Category Control Group Baseline Treatment Group Explainable ‘ Total Sample Population
Male Participants 452 448 900
Female Participants 430 441 871
Age Under 25 310 325 635
Age 25 to 35 400 385 785
Age Over 35 172 179 351
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Demographic Category Control Group Baseline Treatment Group Explainable ‘ Total Sample Population
Prior Platform Experience 512 509 1021

3.2 System Architecture and Experimental Conditions

The core recommendation engine driving the online learning portal utilizes an advanced, deep-learning-based collaborative
filtering architecture integrated with continuous sequential modeling. This underlying predictive algorithm remained
entirely identical for both the control and treatment groups, ensuring that any observed variations in user trust and behavior
were exclusively attributable to the presence or absence of explanations, rather than disparities in the baseline accuracy of
the recommendations. For the control group, the system generated a standard, ordered list of educational modules presented
under a generic interface heading. No supplementary context, rationale, or algorithmic justification was provided to these
users, accurately reflecting the standard operational paradigm of conventional opaque recommender systems.

Conversely, the treatment condition featured a sophisticated explainability layer structurally integrated into the user
interface. This explainable system was engineered to dynamically generate and display three distinct types of justifications
for every recommendation presented. The first type consisted of natural language textual explanations that explicitly
mapped the recommended course to the user's previously completed modules. The second type utilized a visual skill-gap
chart, dynamically rendering a comparative analysis between the competencies required for the user's target career profile
and their currently assessed proficiency levels, visually demonstrating how the recommended course would bridge this
gap. The third type involved peer-based contextualization, indicating the percentage of successful learners within the user's
specific professional cohort who had utilized the suggested resource [13]. By deploying a multi-modal explainability
strategy, the treatment condition comprehensively addressed various cognitive processing preferences among the diverse
learner population, ensuring that the rationale behind the algorithmic curation was maximally transparent and accessible.
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Figure 1: Comprehensive Schematic of the Explainable Recommendation Pipeline

3.3 Data Collection Procedures

The empirical evaluation of user trust required a meticulous, dual-channel data collection strategy encompassing both
objective behavioral tracking and subjective psychometric surveying. The behavioral data collection apparatus was deeply
embedded within the platform's infrastructure, continuously monitoring and logging granular interaction events in real-
time. This system captured highly specific metrics, including the frequency with which users clicked on recommended
courses, the duration of their active dwell time on the detailed course description pages, and their ultimate conversion into
formal course enrollments. Additionally, the tracking mechanism recorded system abandonment rates, operationalized as
sessions where users navigated away from the recommendation interface without engaging with any suggested content.
This continuous stream of interaction logs provided an objective, unmediated representation of behavioral trust,
reflecting the users' practical reliance on the system's curation capabilities over the twelve-week experimental period.

Complementing the behavioral metrics, subjective trust evaluations were systematically gathered through structured
psychometric instruments administered at multiple intervals throughout the study. These survey instruments were
specifically designed to quantify the cognitive and affective dimensions of trust that cannot be directly inferred from
clickstream data. Participants were prompted to complete a comprehensive assessment utilizing validated multi-item Likert
scales, measuring constructs such as perceived system competence, perceived algorithmic benevolence, and overall
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satisfaction with platform transparency [14]. The survey deployment was strategically timed, with an initial baseline
assessment conducted immediately following the first interaction with the experimental interface, and subsequent
assessments administered at the midpoint and conclusion of the twelve-week period. This longitudinal surveying approach
enabled the robust measurement of trust evolution, capturing not only initial reactions to the explainable interface but also
the enduring impact of algorithmic transparency on user perceptions over sustained, repeated interactions within the
educational platform.

4. Empirical Analysis of User Interactions
4.1 Quantitative Measures of User Trust

The analytical phase of the research commenced with a rigorous sanitization and preprocessing protocol applied to the vast
dataset accumulated during the twelve-week field experiment. Raw clickstream logs were systematically filtered to
eliminate anomalous activity generated by automated web crawlers and extraneous administrative interactions, ensuring
that the final analytical dataset exclusively represented genuine learner behavior. Missing data points within the
longitudinal survey responses were carefully evaluated; instances of minimal missingness were resolved through
sophisticated multiple imputation techniques, while participant records exhibiting substantial non-response patterns across
critical psychometric variables were entirely excluded from the final analysis to maintain analytical integrity. The
operationalization of the primary dependent variable, user trust, was structured around a composite index derived from the
validated psychometric survey instruments. This index aggregated user responses across the dimensions of perceived
competence, benevolence, and transparency, providing a holistic quantitative measurement of subjective trust [15].

The statistical evaluation of the psychometric data utilized multivariate analysis techniques designed to isolate the specific
effect of the explainable recommendation interface while rigorously controlling for potential confounding variables. The
analytical framework incorporated baseline demographic characteristics, prior platform experience, and initial domain
knowledge as control covariates. By systematically comparing the composite trust indices between the control and
treatment groups across the three distinct temporal measurement points, the analysis generated a highly detailed trajectory
of trust formation and maintenance. Furthermore, internal consistency checks were performed on the survey constructs to
guarantee high reliability coefficients, confirming that the analytical models were operating on statistically sound and
conceptually robust representations of human-computer trust dynamics within the specific context of the educational portal.
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Figure 2: Analytical Data Flow and User Interaction Assessment Framework

4.2 Assessing Engagement and Retention Metrics

Simultaneous to the psychometric evaluation, a comprehensive analysis of the objective behavioral engagement metrics
was conducted to ascertain the practical implications of enhanced algorithmic transparency. Behavioral trust, in the
operational context of an online learning platform, is fundamentally expressed through active user engagement with the
suggested materials [16]. Consequently, the analytical models focused on quantifying variations in daily system logins,
recommendation click-through rates, and finalized course enrollments. The raw interaction logs were aggregated at the
individual user level, generating cumulative behavioral profiles for every participant throughout the duration of the
experimental period. These profiles permitted a highly granular comparison of user reliance on the recommender system
between the opaque baseline condition and the transparent treatment condition.

Vol. 1, Issue 1 (2026) 27



Artificial Intelligence and Intelligent Systems Research | https://intellisci.org

Table 2: Descriptive Statistics of User Interaction Metrics over the Experimental Period

Interactl?n Metric Mean Baseline Score Mean Treatment Score Standard D_evmtlon Standard Deviation
Variable Baseline Treatment

Daily System Logins 2.4 3.1 0.8 0.9

Recommendation Clicks 4.2 7.5 1.5 2.1

Course Enrollments 0.8 1.4 0.3 0.5

Average Dwell Time 12.5 18.2 42 5.1

Minutes

Explicit Feedback

Provided 1.1 2.8 0.5 0.9

The statistical methodology employed for the behavioral analysis involved complex regression models tailored to handle
the specific distributional characteristics of user interaction data. Given the inherent positive skewness of metric counts
such as total recommendation clicks and course enrollments, appropriate distribution-specific models were utilized to
ensure the validity of the inferential statistics [17]. The analytical process systematically evaluated the primary effects of
the experimental condition on the frequency and duration of user interactions, while also exploring potential interaction
effects between user demographic profiles and their responsiveness to the explainable interface. By synthesizing the
quantitative findings from both the subjective psychometric evaluations and the objective behavioral metrics, the empirical
analysis provided an exceptionally comprehensive assessment of how algorithmic explainability fundamentally alters the
dynamics of user trust and engagement within a digital learning environment.

5. Results and Discussion
5.1 Main Findings on Trust and Explainability

The empirical results derived from the longitudinal field experiment present compelling, statistically significant evidence
supporting the efficacy of explainable recommender systems in fostering robust user trust within online learning platforms.
The psychometric analysis revealed a profound divergence in subjective trust evaluations between the experimental groups.
Participants operating within the treatment condition, who were exposed to the multifaceted algorithmic explanations,
reported dramatically higher levels of perceived system competence, benevolence, and integrity compared to the control
group navigating the opaque baseline interface. Specifically, the provision of explanations resulted in a highly significant
elevation in transparency satisfaction, confirming that users actively processed and valued the rationale provided alongside
the educational recommendations [18]. This enhancement in subjective trust was not merely a transient phenomenon
resulting from interface novelty; the longitudinal data indicated that the elevated trust levels within the treatment group
were sustained and even marginally increased throughout the twelve-week observation period, suggesting a durable
transformation in the user-system relationship.

Table 3: Statistical Results for Trust Dimensions Comparing Baseline and Explainable Systems

Trust Dimension F Statistic Value P Value Effect Size Confidence Confidence
Measured Significance Estimate Interval Lower Interval Upper

Perceived 4523 0.001 0.42 0.35 0.49

Competence

Perceived 38.15 0.001 0.38 031 0.45

Benevolence

Perceived Integrity 22.41 0.015 0.25 0.18 0.32

Transparency 88.67 0.001 0.65 0.58 0.72

Satisfaction

Intention to Return 55.34 0.001 0.48 0.41 0.55

The behavioral analysis strongly corroborated the psychometric findings, demonstrating that the augmentation of cognitive
and affective trust directly translated into observable increases in platform engagement. Users in the explainable condition
exhibited a fundamentally different interaction paradigm, characterized by significantly higher recommendation click-
through rates and substantially longer dwell times on course description pages. Most crucially, the presence of algorithmic
explanations led to a highly significant increase in finalized course enrollments. This metric represents the ultimate
expression of behavioral trust, as users demonstrated a willingness to commit substantial temporal and cognitive resources
based directly on the transparent suggestions provided by the platform. The synergy between the subjective survey data
and the objective behavioral logs provides unequivocal confirmation that explainability is not merely a theoretical aesthetic
enhancement, but a critical functional component that fundamentally drives user behavior and system utilization in
educational contexts.

5.2 Discussion of Unexpected Outcomes and Limitations

While the primary findings overwhelmingly advocate for the implementation of explainable recommender systems, the
granular analysis also illuminated several nuanced and unexpected outcomes that warrant comprehensive discussion. One
notable observation involved a differential response to the distinct modalities of explanation provided within the treatment
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condition. Detailed subgroup analysis indicated that participants consistently demonstrated a stronger behavioral response
to visual skill-gap representations compared to dense, natural language textual explanations. This suggests that the
cognitive efficiency of visual data communication significantly enhances the rapid assimilation of algorithmic rationale,
particularly within environments characterized by severe information overload [19]. Furthermore, the data revealed an
interaction effect concerning prior user experience; novice users exhibited the most dramatic increases in trust and
engagement when provided with explanations, whereas highly experienced platform users demonstrated a more moderate
baseline increase, likely due to their pre-existing familiarity with the underlying content architecture.

It is imperative to acknowledge the specific methodological boundaries and contextual limitations inherent in this field
experiment. The study was conducted exclusively within the domain of professional and academic online learning, which
intrinsically involves users possessing a baseline level of motivation and digital literacy. The specific dynamics of trust
formation observed in this context may not perfectly generalize to platforms focused on fundamentally different objectives,
such as short-form entertainment or hyper-casual content consumption, where the cognitive stakes and user investment are
substantially lower. Additionally, while the twelve-week observation period provided valuable longitudinal insights, the
permanent, multi-year effects of interacting with highly transparent algorithmic systems remain unknown. Future research
methodologies must expand upon this foundational data to explore the complex interplay between individual cognitive
styles, long-term algorithmic reliance, and the potential evolution of user expectations regarding system transparency
across diverse digital domains.

6. Conclusion and Future Directions
6.1 Summary of Contributions

This research provides a highly rigorous, empirically grounded investigation into the critical role of explainable artificial
intelligence within complex digital educational environments. By transitioning the methodological focus from artificial
laboratory simulations to a massive, genuine online learning portal, this study successfully captured the authentic dynamics
of algorithmic interaction and trust formation. The comprehensive analysis unequivocally demonstrates that replacing
traditional, opaque recommender systems with highly transparent, explainable architectures yields profound benefits across
all measurable dimensions of the user experience. The provision of clear, multi-modal justifications for suggested
educational pathways directly mitigates the algorithmic trust deficit, resulting in statistically significant enhancements in
perceived system competence, user satisfaction, and subjective benevolence. Furthermore, the robust behavioral data
definitively proves that this elevated psychological trust serves as a primary catalyst for increased practical engagement,
directly driving higher course enrollment rates, prolonged system interaction, and enhanced platform retention. This paper
establishes a definitive empirical link between computational transparency and behavioral reliance, contributing
foundational evidence to the academic discourse surrounding human-centric artificial intelligence.

6.2 Implications for Practice and Research

The findings presented in this study carry immediate and profound implications for the architectural design and operational
deployment of modern learning platforms. Software engineers, data scientists, and educational platform administrators
must fundamentally reassess the exclusive reliance on predictive accuracy as the sole metric of algorithmic success. The
empirical evidence dictates that explainability must be elevated to a primary, non-negotiable design requirement for any
system tasked with mediating critical user decisions. By integrating dynamic visual and contextual explanations into the
core interface, platforms can dramatically enhance the efficacy of their computational infrastructure while simultaneously
empowering learners to make informed, critical decisions regarding their intellectual development. Looking forward, the
academic trajectory must pivot toward the personalization of transparency itself. Future research endeavors should focus
on the development of adaptive explainability architectures capable of dynamically altering the complexity, modality, and
pedagogical depth of their justifications in real-time, responding intelligently to individual variations in user cognitive load,
specific learning styles, and evolving domain expertise.
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