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Abstract. Existing learning analytics approaches in higher education provide
limited insight into students’ incremental academic growth and its underlying
mechanisms. To address this gap, we propose an explainable value-added learn-
ing analytics framework, which contributes a residual-based value-added model-
ing paradigm, along with a cross-level interpretability mechanism for explaining
student growth. It first constructs a structured learner representation that fuses
heterogeneous digital trace data into a unified analytical space spanning behav-
ioral, process, and performance dimensions. To quantify students’ academic
growth, we build an elastic net-based estimator to model expected outcomes un-
der high-dimensional and collinear predictors, enabling the derivation of individ-
ualized value-added scores as adjusted indicators of net learning progress. To
enhance interpretability, we further develop Bi-Lens, a bidirectional explanatory
framework that couples SHAP-based global attribution with LIME-based local
diagnosis, supporting cross-level explanatory coherence and strengthening the
identification of factors associated with value-added learning outcomes. Experi-
ments on two real-world courses demonstrate competitive performance (R? =
0.541 and 0.368) and stable, well-separated value-added estimates, while yield-
ing interpretable insights for student development.

Keywords: Learning Analytics, Value-Added Evaluation, Explainable Learn-
ing, Elastic Net.

1 Introduction

With the widespread adoption of computer-aided online learning platforms, such as
Learning Management Systems (LMS), Intelligent Tutoring Systems (ITS), and Mas-
sive Open Online Courses (MOOCs), large volumes of heterogeneous digital footprints
are continuously generated throughout learners’ learning processes [1, 2]. While these
data provide rich evidence for understanding learning behaviors and performance, they
also make meaningful evaluation increasingly challenging due to their scale and com-
plexity [3, 4]. In higher education, the key issue is not merely to describe learning be-
haviors or predict outcomes, but to assess students’ incremental academic growth under
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different prior learning performance [5]. In this regard, value-added evaluation is es-
sential because it focuses on learners’ progress rather than absolute achievement [6],
thus supporting a fairer and more development-oriented assessment. However, alt-
hough Learning Analytics (LA) has been widely applied in education [1], most existing
studies remain centered on descriptive analysis and predictive modeling [7], with in-
sufficient attention to value-added evaluation and the factors underlying learning im-
provement. Consequently, they are limited in capturing learners’ true developmental
gains and explaining how such gains are achieved.

In higher education, in particular, LA research has primarily focused on learning
outcome visualization, performance comparison, risk detection, and personalized inter-
vention [2, 8, 9]. While these approaches provide valuable insights into students’ cur-
rent performance and learning processes, they pay relatively limited attention to stu-
dents’ developmental progress over time. Value-added evaluation offers a complemen-
tary perspective by measuring students’ growth after accounting for prior learning per-
formance [10]. This approach has been explored through input-adjusted outcome
measures, economic value-added indicators, and multilevel models [6]. Although these
studies underscore the importance of development-oriented assessment, they are
largely oriented toward institutional performance or traditional statistical evaluation,
with limited use of heterogeneous online learning footprints and little attention to inter-
pretability [9, 11]. Therefore, existing research remains insufficient for capturing stu-
dents’ incremental improvement and explaining the factors that drive such improve-
ment within learning analytics settings.

Despite the rapid development of LA in higher education, several challenges remain.
Existing research still lacks structured learner modeling for value-added analysis. Edu-
cational data are often scattered across heterogencous platforms such as LMSs,
MOOCs, and intelligent tutoring systems, making it difficult to construct a unified rep-
resentation of learners’ behavioral, process, and performance features from heteroge-
neous digital footprints [11]. Although some studies have explored open learner models
[12], they primarily focus on visualization and comparison of knowledge states rather
than structured support for fine-grained growth analysis [8]. Meanwhile, current LA
research provides limited support for robust value-added evaluation. Most existing
studies focus on descriptive statistics, group comparison, or risk prediction, rather than
measuring learners’ incremental academic growth after accounting for prior learning
performance [4]. In addition, the interpretability of value-added results remains inade-
quate, as many existing methods still face a black-box dilemma and produce abstract
evaluation scores without clearly explaining why learners exhibit different levels of
growth [13]. These limitations weaken the usefulness of LA for educational diagnosis
and intervention, and highlight the need for explainable value-added analysis.

To address the above limitations, this paper proposes EVA-LA, an explainable
value-added learning analytics framework for higher education. Centered on value-
added evaluation, the framework captures learning gains as deviations from expected
performance. Specifically, we construct a structured learner model that integrates het-
erogeneous digital footprints from multiple educational platforms into a unified repre-
sentation, providing a process-complete basis for fine-grained growth analysis. On this
basis, value-added evaluation is formulated as a regression task, where an elastic net
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model is employed to estimate expected academic performance from high-dimensional
features. Learning gains are then quantified as residual differences between observed
and predicted outcomes, enabling a more robust and individualized assessment of aca-
demic progress [14]. To enhance interpretability, we further develop Bi-Lens, a dual-
perspective explanation framework that combines SHapley Additive Explanations
(SHAP) -based global attribution with Local Interpretable Model-agnostic Explana-
tions (LIME) -based local explanations. By linking cohort-level feature importance
with instance-level contributions, Bi-Lens provides cross-level consistency in explain-
ing learning gains, facilitating the identification of both common drivers and individ-
ual-specific factors underlying student development [15, 16]. Overall, EVA-LA im-
proves both the robustness and interpretability of value-added evaluation, offering a
principled and actionable basis for educational diagnosis and targeted intervention.

The main contributions of this paper are as follows:

(1) We define a learner model for value-added learning analytics, which transforms
heterogeneous digital footprints from multiple educational platforms into a unified and
process-aware representation, thereby supporting fine-grained characterization of stu-
dents’ developmental trajectories.

(2) It formulates value-added evaluation as a regression-based paradigm that esti-
mates expected academic performance and defines learning gains as residual deviations
from this baseline, advancing value-added analysis from descriptive comparison to-
ward more rigorous growth measurement.

(3) We propose Bi-Lens, a dual-perspective explainer that integrates SHAP-based
global attribution with LIME-based local explanations. By establishing a consistent
linkage between cohort-level patterns and instance-level evidence, we enhance the in-
terpretability of factors associated with learning gains.

The paper is structured as follows. Section 2 presents the related work of this study.
Section 3 presents the proposed explainable value-added learning analytics framework.
Section 4 presents the experimental and analysis results. Finally, the conclusion is in
Section 5.

2 Related Work

2.1  Learning Analysis

Learning analytics (LA) has emerged as a rapidly growing field that applies data anal-
ysis techniques to understand and optimize learning processes. Li et al. conducted a
comprehensive survey on predicting at-risk students through LA, highlighting the
field’s evolution from descriptive analysis toward more sophisticated predictive appli-
cations [7]. Almalawi et al. reviewed educational predictive models, revealing increas-
ing use of machine learning to predict at-risk students and academic outcomes for early
intervention [9]. Pan et al. reviewed LA-integrated instructional interventions on learn-
ing management systems, finding descriptive analysis dominant and failure prediction
also widely studied [17]. These capabilities position LA as a promising foundation for
advancing more sophisticated assessment approaches that capture both learning pro-
cesses and outcomes.
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2.2 Value-Added Evaluation in Education

Value-added evaluation, as an assessment approach emphasizing learning progress, has
established a relatively mature theoretical and practical foundation internationally. Ery-
ilmaz et al. conducted empirical comparisons of various statistical models for value-
added evaluation, providing references for methodological selection in value-added as-
sessment [18]. Basileo et al. validated the effectiveness of teacher evaluation models in
predicting value-added effects through state-level analysis [19]. However, Amrein-
Beardsley et al. identified methodological concerns regarding the validity, reliability,
and bias of existing value-added evaluation systems [20]. Recently, researchers have
begun to explore predictive machine learning models for value-added evaluation. Li et
al. indicated that methods such as tree-based models and neural networks outperform
traditional statistical models in capturing nonlinear relationships in the learning process
[21]. Almalawi et al. demonstrated that regularization-based regression models can ef-
fectively reduce estimation errors and enhance the stability and reliability of value-
added scores when processing high-dimensional longitudinal educational data [9].
These studies provide methodological support for constructing value-added evaluation
models within a regression-based framework.

2.3  Explainable Artificial Intelligence in Education

The application of explainable Al (XAI) in education has grown rapidly, focusing on
opening the “black box” of predictive models to better understand learner behavior and
cognition. Wong et al. employed SHAP value analysis to examine token contributions
in collaborative problem-solving diagnosis, highlighting the risk of models relying on
spurious correlations for decision-making in educational applications [22]. Larasati et
al. employed SHAP to compare predictive drivers of student success between disabled
and non-disabled learners, revealing that key influencing factors differ significantly
across groups, underscoring the importance of fairness in learning analytics [23].
Ouared et al. proposed the XAI-Profile framework, which integrates explainable ma-
chine learning with interactive visualization to transform raw learning data into inter-
pretable and actionable learner profiles, enhancing educators’ trust and usability [24].
Similarly, Maathuis et al. evaluated multiple XAI methods in higher education predic-
tion, demonstrating that glass-box models achieve comparable performance to black-
box models while providing greater interpretability [12]. These studies collectively
highlight the growing role of XAl in supporting transparent and equitable educational
decision-making.

3 Explainable Value-Added Learning Analytics Methodology

This section presents the proposed EVA-LA framework, which integrates a structured
learner model, elastic net-based value-added evaluation, and a Bi-Lens explainer to
support interpretable academic analysis.
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3.1 The Framework of EVA-LA

As shown in Fig.1, this paper proposes the explainable value-added learning analytics
framework. Based on the learner model, we introduce elastic net regression to achieve
precise value-added calculation and construct a Bi-Lens explainer to enable interpreta-
tion of value-added sources, thereby providing a comprehensive solution that combines
robust growth measurement with transparent diagnostic insights.

Structured Learner Model Value- Added Evaluation Based on Elastic Net
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Fig. 1. The Framework of Explainable Value-Added Learning Analytics

3.2 The Structured Definition of the Learner Model

The Learner Model is used to structurally describe learners’ static attributes, learning
objectives, and learning process trajectories [25]. Its formal definition is: LM = {LAs,
LOs, LTs}, with each attribute set described as follows:

LAs (Learner Attribute Sef): A set of learner attributes.

LOs (Learning Objective Set): A set of learning objectives for knowledge components.
LTs (Learning Trace Set): A set of learning trajectories.

Learner attribute: The learner attribute includes information such as school regis-
tration, classes, and majors. As education is targeted at all learners, the universal learner
model should not only include individual learners but also cohorts. Therefore, we de-
fine three granularities of learners: individual learner, class learner, and major learner.
The attributes of different granularity learners are:
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Individual learner attributes’ L4 = {name, student ID, gender, class, birthplace},

Class learner attributes’ LA = {class ID, student set, major},

Major learner attributes’ LA = {major ID, class set}.

Learning objectives: Learning objectives are the learning tasks and guiding princi-
ples for learners, providing a crucial benchmark for assessing learning outcomes. These
objectives set the knowledge components that learners must master and the required
mastery degree. This article sets learning objectives on a per-course basis.

Learning Objectives LO = {Courseld, KCs, Level}.

Where CourselD is the ID of the course, KCs is a collection of knowledge components
within the course, and Level describes the cognitive level that learners need to achieve
for each knowledge component.

KCs= {kci, i=12..n},

Level = {lei | leie(Memory, Understanding, Mastery, Analysis, Creation...), i = 1,
2, .., n}.

Where kci and lei refer to the ith knowledge component of a course and its cognitive
level that the teaching objective requires learners to achieve. # is the total number of
knowledge components in the course.

Learning Trajectory: The learning trajectory documents the entire learning process
of a learner over time, providing the most direct description of the learning behavior.
On a per-course basis, the learning trajectory encompasses learning objects, learning
actions, learning outputs, and time.

Learning trajectory LT ={CourselD, LTas, LActs, LAccs, LTs}.

Where LTas is learning tasks, LActs is learning actions, LAccs is the completion status
of learning tasks, and L7 is the start and end times of tasks.

LTas = { tai | tai€ {teaching videos, assignment, experiments, tests, ...}, 0 <i <m};

LActs = { acti | acti€ (watching, browsing, querying, submitting), 0 <i <m};

LAccs = {( scorei or accomi, duti) | scorei € [0,100] or accomi € {0,1}, duti €R, 0
<i<m};

LTs = {(tib, tie) | tib<tie, 0 <i < m}.

Where m is the total number of learning tasks for a course. By nature, task i has two
possible completion statuses: its score (scorei) or whether it is completed (accomi). duti
represents the duration of task i’s completion, /b represents the start time of task 7, and
tie represents the end time of task i.

3.3  Value-Added Evaluation based on Elastic Network

Value-added evaluation aims to measure students’ academic growth by isolating the
influence of prior learning performance. In this study, we formulate value-added eval-
uation as a regression task, where a student’s expected performance is estimated based
on their prior learning features. The value-added score is defined as the residual be-
tween the actual performance and the predicted expectation. Based on both teacher ex-
perience and the correlation coefficient matrix calculated from the courses, we observe
that certain course grades exhibit high correlations. This collinearity issue is further
exacerbated when integrating data from multiple learning platforms, which signifi-
cantly increases the feature dimension. To address this issue, we employ Elastic Net
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regression, which introduces both L1 and L2 regularization [26]. This enables it to iden-
tify key prerequisite courses by performing feature selection. At the same time, it
smoothly shrinks the coefficients of correlated feature groups, effectively mitigating
multicollinearity. These properties align well with the modeling demands of value-
added evaluation scenarios. Based on this formulation, we construct the Elastic Net-
based value-added evaluation model as follows.

We define the input dataset as D = {(x,-,yj)}, i € 1,2,...,N, where x; is the feature of
learner 7, y, € [0,100] is his score, and N is the number of samples. The features consist
of prerequisite course grades and some learning data from the current course.

For the given features, the Elastic Net regression model estimates coefficients S
through a combination of L1 and L2 regularization, with the objective function shown
in Equation (1):

L= 5550, 43 [l B 1 BIE] ®

where 4 > 0 controls the regularization strength, & €[0,1] balances the ratio between L1
and L2 and 7 denotes the transpose operation. We employ coordinate descent to solve
this optimization problem. For the j-th coefficient ﬁj, with other coefficients fixed, the
partial derivative is given by Equation (2):

ar 1 ~( .
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where x;; denotes the j-th feature value of learner i and )’/\l.(/): Dk Xib, is the prediction

excluding feature j. Setting the partial derivative to zero yields the soft-thresholding
update formula presented in Equation (3):
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where S( ziv Y, xi(v, — y”i(f)) ,Aa) is the soft-thresholding operator. We iteratively update

all coefficients until convergence to obtain optimal estimates f *. Based on the estimated
Elastic Net model, the theoretical score of learner i is predicted as shown in Equation

(4):
7.=B,+xIf 4)

where 8 is the estimated intercept term. The value-added score VE; is defined as the
residual between the actual score and the predicted score, as presented in Equation (5):

VE; =y, —y; (5)

i

3.4  The Bi-Lens Explainer

Although elastic net regression can accurately quantify value-added scores, its “black
box” nature makes it difficult to interpret the results. To this end, EVA-LA proposes a
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Bi-Lens explainer, which integrates SHAP for global feature contribution analysis and
LIME for local instance-level explanation. This design enhances the transparency and
actionability of evaluation results, providing both macro-level insights into key growth
drivers and fine-grained diagnostic evidence for individual students.

SHAP is an explainability method derived from Shapley values in game theory [27].
Its core logic involves calculating the marginal contribution of each feature to the
model’s prediction, enabling globally consistent and axiomatically verifiable explana-
tions. Its advantage lies in the independent calculation of each feature’s contribution,
unaffected by other features, thus providing more precise explanations. For the value-
added prediction model f{x), SHAP constructs an explanatory model g(x) that satisfies
the additivity axiom. The model prediction value for sample x, as explained by SHAP,
is given by Equation (6). In the value-added evaluation context of this study, SHAP can
compute the average feature contribution across all samples to obtain global importance
rankings, identifying the key factors that most significantly impact learners’ overall
value-added.

g =¢,+ 2,9 (6)

where ¢, is the average of the prediction values for all training samples, ¢, is the SHAP
contribution value of the i-th feature to the prediction value of the current sample, and
p is the total number of input features.

LIME is a model-agnostic local explainability method [28]. Its core approach in-
volves approximating the prediction results of the original complex model within the
local neighborhood of the sample to be explained, employing a simple, interpretable
linear model to generate specific explanations for individual samples. For the target
sample, the optimal local explanation model is obtained through the following equation
(7). In the value-added evaluation context of this study, LIME can provide targeted
explanations for typical individual learners, such as those with high or low value-added,
uncovering personalized factors affecting these learners’value-added. This compen-
sates for the limitation of SHAP’s global explanations in capturing individual-specific
features, thereby providing a more precise basis for personalized teaching interventions.

¢(x)=arg {gneig L(f, g, m) + g) @)

Where G represents the set of interpretable models, fis the original complex model,
wdefines the neighborhood around samplex, L(f, g, z,)measures how well g approxi-
mates f in that neighborhood, and £(g) penalizes the complexity of g to ensure inter-
pretability.

4 Experimental Results and Discussion

4.1 Datasets

The dataset is a real learning performance dataset from the School of Computer Science
at Shenyang Aerospace University. It comprises comprehensive undergraduate course
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records for all students enrolled from the 2019 cohort to the 2023 cohort. Each student
has multiple pieces of information, including the student number, class, name, course
names, and grades. In total, the dataset contains 106,087 pieces of data for 359 subjects.
We encrypt the student IDs to protect privacy.

4.2  Value-Added Evaluation Model Settings

To comprehensively evaluate the performance of the proposed model, the dataset is
split 8:2 for training and testing, with 10-fold cross-validation employed. This section
describes baseline methods and evaluation metrics used in the comparative experi-
ments.

Baseline Models. Five regression methods are selected for performance compari-
son. (1) Ridge Regression employs L2 regularization to mitigate multicollinearity. (2)
Lasso Regression utilizes L1 regularization to perform feature selection. (3) Elastic Net
is the method proposed in this study, which combines L1 and L2 regularization. (4)
XGBoost is a gradient boosting ensemble that captures nonlinear relationships. (5) Ran-
dom Forest is a bagging ensemble that enhances prediction stability.

Evaluation Metrics. Model performance is evaluated from two perspectives. (1)
Prediction Accuracy: Root Mean Square Error (RMSE) measures deviation between
predictions and actual values; Mean Absolute Error (MAE) measures the average ab-
solute error; and the Coefficient of Determination (R?) quantifies the explained vari-
ance. (2) Residual Analysis: Residual Standard Deviation (RSD) evaluates the predic-
tion residual stability.

4.3  Value-Added Evaluation Model Performance Validation

This section aims to validate the performance of the proposed Elastic Net-based value-
added evaluation model. Two courses with distinct disciplinary attributes are selected
for experimentation: Course one is Operating System (OS), and Course_two is Theo-
retical Development (TD). Based on correlation analysis, we identify the prerequisite
courses for OS as Principles of Computer Organization (PCO), Data Structures and
Algorithms (DSA), Principles of Computer Networks (PCN), Discrete Mathematics
(DCM), Basic Programming A (BPA), and Advanced Programming A (APA). For TD,
the prerequisite courses include Theoretical Frontiers (TF), Basic Principles (BP), and
Introduction to Principles (IP). As illustrated in Figure 2, the correlation coefficient
between PCN and OS reaches 0.61, and that between BP and TD is 0.48, indicating
strong feature correlations among the prerequisite courses for both target courses.



10 F. Author and S. Author

BPA
APA- 0.
DSA- 0.
PCO-
DCM -

PCN- o.

OS- o. 0.46

BPA APA DSA PCO DCM PCN OS

(a) Course_one (b) Course_two

Fig. 2. Correlation Coefficient Heatmap of Prerequisite Course Grades on two courses

The performance evaluation consists of two parts: prediction accuracy and residual
analysis. The prediction accuracy results are shown in Table 1, and the residual analysis
results are shown in Figure 3.

(1) Prediction Accuracy Analysis. As shown in Table 1, Elastic Net achieves the best
comprehensive performance on both courses. On Course_one, Elastic Net attains the
highest test R? (0.541) and the lowest RMSE (9.12), while its MAE (7.19) is compara-
ble to that of the best-performing model. On Course two, Elastic Net outperforms all
other baseline models across all three metrics, with a test R? 0£0.368, an RMSE of 5.98,
and an MAE of 4.69. In comparison, Ridge Regression and Lasso Regression show
slightly inferior performance on certain metrics, while XGBoost exhibits significant
overfitting on both courses, and Random Forest demonstrates the weakest overall pre-
diction accuracy. These results indicate that Elastic Net maintains stable prediction ac-
curacy advantages across courses of different disciplinary types.

Table 1. Model Performance on Student Value-Added Evaluation on two courses

Course Model Train R? Test R? RMSE MAE
Ridge 0.501 0.541 9.13 7.18

Lasso 0.494 0.536 9.17 7.21

Course_one Elastic Net 0.502 0.541 9.12 7.19
XGBoost 0.575 0.522 9.31 7.37

Random Forest 0.463 0.476 9.75 7.53

Ridge 0.322 0.365 5.99 4.72

Lasso 0.311 0.349 6.07 4.86

Course_two Elastic Net 0.323 0.368 5.98 4.69
XGBoost 0.479 0.312 6.24 4.70

Random Forest 0.370 0.346 6.08 493
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(2) Residual Analysis of value-added scores. As shown in Figure 3, Elastic Net consist-
ently achieves the lowest residual standard deviation across both courses. On
Course_one, the residual standard deviation of Elastic Net is 9.095, lower than that of
Ridge Regression (9.101) and Lasso Regression (9.143), and significantly better than
that of Random Forest (9.269) and XGBoost (9.709). On Course_two, Elastic Net again
achieves the lowest residual standard deviation (5.952), outperforming all other base-
line models. This benefit stems from Elastic Net’s effective control of model complex-
ity through collaborative regularization constraints, thereby achieving more robust er-
ror performance while maintaining prediction accuracy.

=== Course_one
== Course_two

I 6.031

RandomForest XGBooét_Ligllt

Residual Std

Ridge Lasso Elastic Net

Fig. 3. Comparison of Residual Standard Deviation Across Different Models on two courses

In summary, Elastic Net demonstrates superior performance across prediction accuracy
and residual analysis, validating its effectiveness and cross-disciplinary applicability as
the core algorithm for value-added evaluation.

4.4 Interpretable Analysis of Evaluation Results

This section conducts interpretable analyses of the value-added evaluation results from
both global and local perspectives.

To facilitate subsequent differentiated analysis and interpretability modeling for dif-
ferent types of learners, this study classifies learners into levels based on their value-
added scores within each course separately. According to quartiles, learners are divided
into four levels:

Category A: Value-added scores in the top 25%;

Category B: Value-added scores between 25% and 50%;

Category C: Value-added scores between 50% and 75%;

Category D: Value-added scores in the bottom 25%.

Cohort-Level interpretable analysis. Based on the classification results, the SHAP
global feature importance analysis for the four types of learners is shown in Figure 4
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(Course_one) and Figure 5 (Course_two). Features are ranked by importance, with each
point’s position representing its impact on the classification result (i.e., SHAP value),
and color depth reflecting the magnitude of the feature value.
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Fig. 4. The summarized impact of all features on students in each category on Course_one

Category A students show the greatest contribution from PCN and PCO to their value-
added, with strong core foundations driving their academic growth beyond expecta-
tions. Advanced resources, such as operating system kernel development, should be
provided to further amplify their value-added advantages. Category B students show
prominent contributions from PCN, but DCM and DSA cluster near zero, indicating
that algorithmic foundations fail to provide effective support for their value-added. Ef-
forts should focus on strengthening these foundational areas to enhance their value-
added potential in subsequent courses. Category C students exhibit negative SHAP val-
ues for PCO, indicating that weak foundations in this prerequisite course drag down
their value-added. Prerequisite diagnostics and reduced project difficulty are needed to
mitigate the negative factors constraining their value-added. Category D students show
all features left-skewed with negative contributions, reflecting that systemic knowledge
deficiencies lead to the lowest value-added outcomes. Remedial instruction and tiered
academic support are required to fundamentally improve their learning foundations.
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Fig. 5. The summarized impact of all features on students in each category on Course _two

Students in Category A show high positive SHAP values for IP and BP, indicating that
strong foundational knowledge drives their high value-added growth. They should be
provided with advanced in-depth modules to further tap their academic potential. Cat-
egory B students gain moderate support from Average Prerequisite, but other courses
contribute little to their value-added. Consolidated foundational training is needed to
enhance their value-added potential. Students in Category C are negatively impacted
by weak prerequisite knowledge across all courses, which drags down their value-
added. Prerequisite diagnostics and reduced learning difficulty are required. Students
in Category D receive no positive contributions from any courses, reflecting systemic
deficiencies that result in the lowest value-added outcomes. Stratified track-based
teaching is needed to rebuild foundational competence.

Individual student’s interpretable analysis. This study adopts a paired case analysis
method for both courses. On Course_one, controlling for actual grades, typical cases
with identical grades but significant value-added differences are selected from each
learner category. LIME local interpretation is used to compare prediction logic and di-
agnose value-added sources, as shown in Figure 6. The same analysis is applied to
Course_two, as presented in Figure 7.
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Fig. 6. LIME Local Interpretation Comparison for Four Learner Categories on Course one

The student in Category A shows positive contributions only from PCN. The model
gives a low prediction based on weak foundations, and the student achieves a high
value-added. The student in Category B shows negative contributions from PCN and
PCO balanced by positive compensation from DCM and DSA, resulting in modest
value-added. The student in Category C shows high impacts from PCN and PCO, push-
ing the prediction upward, but actual performance is lower, leading to negative value-
added. This student may have relied on rote memorization for exams. The student in
Category D shows positive contributions from all prerequisite courses, yet actual per-
formance is low, resulting in deeply negative value-added. This student may reflect
test-taking skills rather than genuine competence.
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Fig. 7. LIME Local Interpretation Comparison for Four Learner Categories on Course_two

The student in Category A has only TF as a slight positive contributor, while the re-
maining features contribute negatively, lowering the model’s prediction and resulting
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in high added value. This suggests that the student possesses a certain ability to transfer
knowledge. For the student in Category B, IP has the most significant negative impact,
outweighing the positive effect of BP and leading to high added value. It is recom-
mended that this student strengthen their foundational knowledge in prerequisite
courses to improve. The student in Category C shows that IP is the strongest positive
contributor, with only BP exerting a minor negative pull. It is suggested that this student
target and address specific knowledge gaps. For the student in Category D, all features
contribute positively, consistently driving up the model’s prediction. However, their
actual academic performance is low, resulting in negative added value. This student
may be facing issues related to test-taking strategies or exam anxiety.

Across both courses, students with traditionally high performance yet negative
value-added are identified, alongside students with weak prior foundations who
achieved unexpectedly high value-added gains. This demonstrates that value-added
evaluation focuses on learners’ progress rather than absolute achievement, thereby sup-
porting fairer and more development-oriented assessment. Furthermore, SHAP global
analysis and LIME individual analysis form a cross-level mutual validation mechanism,
where cohort-level patterns are consistently corroborated at the individual level. This
bidirectional validation constructs a value-added evaluation interpretation system that
possesses both internal consistency and external transferability.

5 Conclusion

This study proposes the EVA-LA framework to achieve explainable value-added learn-
ing analytics, addressing issues such as imprecise value-added quantification and diffi-
culty in interpreting evaluation. We construct a structured learner model, develop the
Elastic Net-based value-added evaluation to separate prior foundations from net learn-
ing gains, and build a Bi-Lens explainer to achieve multi-level transparency of evalua-
tion results. Experimental results on two real-world courses validate the framework’s
effectiveness in both robust growth measurement and interpretability, demonstrating its
ability to identify key growth drivers across learner categories and to provide individ-
ualized diagnostic insights. This method realizes scientific assessment and personalized
explanation of students’ academic growth, effectively supporting the intelligence and
fairness of educational decision-making. Future work will explore the integrated anal-
ysis of multimodal educational data to promote the development of educational evalu-
ation systems toward greater intelligence and transparency.
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