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Abstract

Early identification of at-risk students is crucial for timely pedagogical intervention. De-
termining which assessments instructors should prioritize is complicated by the fact that
different eXplainable-Al (XAI) methods can produce conflicting rankings for the same
predictive model. We develop a framework combining a sequential GRU model with two
complementary XAl techniques, Gradient SHAP (attribution) and DiCE (counterfactuals),
and evaluate it in a foundational Data Structures and Algorithms course. The framework
produces predictions and explanations for every prefix length throughout the semester and
quantifies inter-method agreement and intra-method stability using three disagreement
metrics. Intersecting the top-k features identified by both methods isolates a compact sub-
set of assessments whose predictive role is confirmed across two fundamentally different
explanation mechanisms. We interpret this cross-method agreement as a heuristic that
increases confidence in identified features relative to single-method results, though not as
evidence of causal validity. For individual students, the framework uses the intersection
of the two types of explanations when it is non-empty; otherwise, the instructor chooses
between SHAP’s diagnostic view and DiCE’s prescriptive view, with an optional check
against the top-k list. The resulting guidance is less susceptible to method-specific biases
than analyses relying on a single method.

Keywords: student performance prediction; explainable artificial intelligence;
explanation disagreement

1. Introduction

Understanding how learning analytics can enhance educational outcomes is increas-
ingly essential for stakeholders (Alsariera et al., 2022; Rehman et al., 2024). While conven-
tional Al models prioritize predictive performance, understanding prediction rationale is
equally important for evidence-based decision-making. Combining model prediction with
interpretability through eXplainable Artificial Intelligence (XAI) enables more informed
instructional strategies (Garcia-Martinez et al., 2023). Post-hoc methods achieve this by
explaining prediction models externally: a model is first trained, then post-hoc methods
interpret its decision-making process (Schwalbe & Finzel, 2024).

In educational contexts, machine learning models have successfully processed time-
series datasets containing chronologically organized records like grades, attendance, and
assignment completion rates. Both recurrent architectures (e.g., GRU, RNN) (He et al.,,
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2020) and non-recurrent models (Adnan et al., 2022) have proven effective for early iden-
tification of at-risk students. Numerous studies have applied diverse predictive models
alongside XAI techniques such as SHAP, LIME, and counterfactual explanations to inter-
pret predictions of student performance across various educational settings, including
individual courses (Alwarthan et al., 2022; Jang et al., 2022; Smith et al., 2022), first-year
programs (Albreiki et al., 2022; Cagliero et al., 2021), virtual learning environments (Chen
et al., 2022; Ujkani et al., 2024), and massive open online courses (Swamy et al., 2022).

However, post-hoc explanations often appear counterintuitive or ambiguous due to
data complexity, model capability, method design, and implementation decisions. For
instance, Hoq et al. (2023) found SHAP revealed unexpected patterns requiring additional
mixture model analysis. More broadly, different explanation methods can yield conflicting
results: Swamy et al. (2022) reported significant variations in feature importance rankings
across five XAl methods, while Jang et al. (2022) observed substantial divergences be-
tween global and local SHAP interpretations. These disagreements extend beyond a single
method family. Kommiya Mothilal et al. (2021) explored both attribution-based methods
(SHAP, LIME) and counterfactual explanations (DiCE, WachterCF), finding frequent dis-
agreements in feature importance rankings while emphasizing the complementary nature
of these approaches. Pawlicki (2023) further demonstrated that SHAP explanations are
sensitive to data perturbations such as feature shuffling, missing values, and Gaussian
noise, raising concerns about reliability when data quality fluctuates. In a comprehensive
investigation, Krishna et al. (2025) documented widespread explanation disagreements
across both perturbation-based and gradient-based methods, finding that practitioners
frequently relied on ad hoc heuristics to resolve conflicts, and advocated for principled
quantitative frameworks to assess explanation discrepancies.

Among existing work, Tiukhova et al. (2024) is the closest related study. They combine
drift analyses with SHAP-based feature-importance rankings to assess the stability of
student-success prediction models across multiple academic years and to identify predictors
that remain stable across cohorts. However, their analysis relies on a single attribution-
based explanation approach and does not evaluate sequential explanation stability, meaning
whether explanations remain consistent as additional assessments become available over
time, nor does it benchmark SHAP against alternative explanation approaches, such as
counterfactual explanations, to quantify cross-method disagreement. Two related questions
therefore remain underexplored in the prior studies we have reviewed: how different types
of explanation methods agree or diverge on sequential educational data under expanding-
input settings, and how each method’s own rankings stabilize as additional assessment
information arrives.

The consequences of this gap are not purely methodological. In educational con-
texts, feature-importance rankings are used to decide where instructors focus limited
attention—which assessments receive additional review, which students receive targeted
tutoring, and how curricula are revised across semester offerings of the same course. When
two equally reasonable explanation methods disagree on which assessments matter most,
interventions grounded in one method’s output may be systematically misdirected relative
to interventions grounded in the other. Understanding the degree and structure of this
disagreement is therefore a prerequisite for the responsible use of learning analytics in
teaching practice, not only a technical question about explanation algorithms. This study
treats the reliability of explanations as itself an educational concern, and the framework we
develop is designed to support actionable, student-specific guidance for timely intervention
with at-risk students, with the choice of target assessments grounded in agreement between
two explanation methods rather than in any single method’s output.
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We address this gap through three design choices. First, we adopt an expanding-input
setting in which the model is evaluated at every prefix length from 5 to 42, producing a
trajectory of feature rankings across the semester rather than a single ranking at the final
prediction point. This design is dictated by the structure of early at-risk identification,
where the model must produce predictions and explanations from each partial assessment
sequence available during the semester, and where the usefulness of an intervention
depends on how early it can be issued. Second, we quantify explanation consistency from
two complementary perspectives. Inter-method agreement measures whether Gradient
SHAP and DiCE identify the same influential assessments at each prefix; intra-method
stability measures whether a ranking derived from a partial semester survives the arrival of
later evidence. Both are computed using three disagreement metrics (Feature Agreement,
Rank Agreement, and Rank Correlation) introduced by Krishna et al. (2025), and both
speak to a concern that instructors face in practice: whether an explanation produced
from incomplete information will continue to hold as the semester progresses. Third, we
translate cross-method verification into a concrete pedagogical workflow for individual
student intervention. When the two methods” explanations agree for an at-risk student,
the shared assessments carry both diagnostic and prescriptive interpretations and serve
directly as intervention targets. When they disagree, the framework treats the two views
as complementary rather than competing, and provides a fallback procedure in which the
instructor selects one view and may optionally cross-reference it against the global-level
top-k list. Because the overall workflow is built on both methods rather than either alone,
the resulting guidance reflects features less susceptible to the method-specific biases that
single-method analyses cannot detect.

In implementing these design choices, we predict student success or failure in a computer
science course using assessment score sequences from four semesters. We tune a GRU model
through exhaustive grid search and apply Gradient SHAP (Lundberg & Lee, 2017) and DiCE
(Wachter et al., 2017-2018). Pairing the two follows Kommiya Mothilal et al. (2021), who treat
attribution and counterfactual methods as methodologically complementary. When both
methods identify the same assessments as influential, we read their agreement as increased
confidence in those assessments relative to either method alone. We do not treat it as
evidence that the assessments causally determine outcomes. Two explanation methods can
converge because of shared statistical patterns in the data rather than because the identified
assessments actually drive student success or failure.

These considerations motivate three research questions that organize the remainder of
this study:

* RQl. How do inter-method agreement between Gradient SHAP and DiCE, and intra-
method stability within each method, evolve as additional assessment scores become
available during the semester?

*  RQ2. Which assessments are consistently identified as most influential by both explana-
tion methods, and how robust is this identification to the choice of explanation method?

* RQ3. How can the explanations from Gradient SHAP and DiCE be combined to
support per-student guidance—for instructors planning intervention and for stu-
dents tracking their own progress—both when the two methods agree and when
they do not?

The contributions of this study are threefold:

*  Sequential explanation-agreement analysis: We characterize how inter-method agree-
ment and intra-method stability evolve with prefix length, extending the XAI
disagreement framework of Krishna et al. (2025) from fixed-input to expanding-
input settings and treating intra-method stability as an analysis distinct from
cross-method comparison.
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*  Empirical comparison of explanation methods in an educational setting: Using three
complementary disagreement metrics, we quantify the agreement between Gradient
SHAP and DiCE applied to a GRU model of student outcomes, and we use the
resulting intersection of top-ranked features to identify assessments whose predictive
role is robust to choice of explanation method.

* Pedagogical framework: We translate the dual-method approach into per-student
guidance for at-risk students, supporting both instructor-led intervention and student
self-tracking. The framework prescribes intervention targets from the intersection of
the two explanations when it exists, and provides a single-view fallback otherwise,
with optional cross-reference to the global-level top-k list.

2. Materials and Methods

This section outlines the datasets, preprocessing, modeling, and evaluation procedures.
It also describes the explanation methods (Gradient SHAP and DiCE) and the feature-
selection strategy used to assess explanation agreement.

2.1. Dataset Description

This study uses interaction data from CompSci 351 (Data Structures & Algorithms)
at the University of Wisconsin—-Milwaukee, collected across four consecutive semesters
and comprising 244 student sequences in total. The course is a required component of
the Computer Science and Computer Engineering undergraduate curricula. As a concep-
tually demanding gateway course whose outcomes affect students’ progression through
later coursework, it is a setting where early, explainable prediction of at-risk students is
practically valuable, which motivates its choice for this study.

The course was taught by the same instructor across all four semesters, using the same
syllabus, the same set of assessment categories (Homework, Online Activity, Lab Exercise,
Midterm, Final), the same category weights, and the same release schedule relative to the
semester timeline (i.e., each assessment was released in the same week of the term across
semesters). Course topics are summarized in Table 1, and the weekly release schedule
together with category weights is summarized in Table 2. Within each assessment slot,
the problems were equivalent in substance across semesters, testing the same concepts
at the same difficulty level against the same grading rubric. For Homework and Lab
Exercise assessments, which are predominantly programming tasks, this equivalence is
particularly tight: problems sharing the same specification require essentially the same
solution structure, with variation limited to inputs, test cases, and problem wording. Such
surface-level modifications were used across semesters to mitigate answer-sharing while
preserving the underlying task.

The analyzed student populations differ across semesters. The majority of students in
each semester took the course for the first time, with a small minority of returning students
who had previously been enrolled. Each semester’s enrollment is therefore largely a fresh
sample of the undergraduate population taking this course.

Each student record consists of a sequence of 42 chronological assessment scores
(Online Activities, Lab Exercises, Homework items, Midterm, and Final) together with a
final letter grade (A through F with plus/minus modifiers). Table 2 illustrates the temporal
relationships among assessments and their categories. The dataset uses a “wide” layout in
which each row represents one student’s complete assessment sequence, differing from the
traditional time-series “long” format.
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Table 1. Typical Schedule of Topics in Recent Semesters.

Week Number Topic
1 Abstract Data Types
Dynamic Arrays
3 Iterators
4 Linked Lists
5 Linked List Variations
6 Generics, Linked Iterators
7 Stacks and Queues
8 Midterm Exam
9 Binary Search Trees
10 Navigating Trees
11 Maps
12 Hashing
13 Graphs
14 Sorting
15 Heaps
16 Review and Final Exam

Table 2. Data Schema. The table uses a folded layout to clearly illustrate the relationships among
assessments, such as the week each assessment was released and its corresponding category.

Category Online Activity =~ Lab Exercise Homework Exam
Weight (%)
10 10 40 40
Value Type
Nonnegative Int. Nonnegative Int. Nonnegative Int. Nonnegative Int.
Maximum
10 10 30 200
Week Number
1 Lab Exercise 1 Homework 1
2 Activity 2 Lab Exercise 2 Homework 2
3 Activity 3 Lab Exercise 3 Homework 3
4 Activity 4 Lab Exercise 4 Homework 4
5 Activity 5 Lab Exercise 5 Homework 5
6 Activity 6 Lab Exercise 6 Homework 6
7 Activity 7 Lab Exercise 7 Homework 7
8 Midterm
9 Activity 8 Lab Exercise 8 Homework 8
10 Activity 9 Lab Exercise 9 Homework 9
11 Activity 10 Lab Exercise 10 Homework 10
12 Activity 11 Lab Exercise 11 Homework 11
13 Activity 12 Lab Exercise 12 Homework 12
14 Activity 13 Lab Exercise 13 Homework 13
15 Activity 14 Homework 14
16 Final

Final Course Outcome Levels/Labels: A, A—,B+,B,B—,C+,C,C—,D+,D,D—, F

2.1.1. Data Preprocessing

Following standard machine learning pipelines, we performed essential data prepro-
cessing to understand the dataset and prepare it for model development. Although typical
preprocessing may involve extensive integration, imputation, cleaning, transformation, and
feature engineering, our dataset is relatively small, collected over a short time span, and
contains simple data types with no missing records. We therefore adopted a streamlined
preprocessing strategy consisting of the following steps:

1. Creation of the categorical target variable:

To formulate the problem as binary classification, we defined a response variable
“Pass/Fail,” which indicates whether a student is likely to pass (assigned a value of “1”)
or fail (assigned a value of “0”). We grouped the final grades into two categories: stu-
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dents with a final grade of C or higher were classified as “Pass,” while those with grades
lower than C were classified as “Fail,” following conventional pass-fail boundaries'.
Retention of numeric scores:

We retained all numerical assessment scores (Online Activities, Lab Exercises, Home-
work items, Midterm, and Final) and omitted the final categorical grades from the
feature set.

Feature scaling:

Before exploratory data analysis (EDA) and model building, we applied min-max
scaling to normalize all feature values to the range [0, 1]. This scaling aids EDA meth-
ods and benefits algorithms such as neural networks that are sensitive to variations in
feature scales.

Data splitting:

For model training and evaluation, we used a temporal splitting strategy. Data from
the first three semesters (Spring 2021, Fall 2021, and Spring 2022) comprised the
training and validation datasets, while data from the fourth semester (Fall 2022)
was reserved as the testing set. This approach simulates real-world conditions in
which models are applied to unseen data from a new semester. The validity of
pooling the first three semesters into a single training-and-validation set is examined
in Section 3.2.3, where a two-way mixed ANOVA tests whether mean scores differ
systematically across semesters.

Assessment of class imbalance:

Our dataset exhibits a moderate imbalance, as the “Pass” category is the majority
and the “Fail” category is the minority. We computed the binary imbalance ratio (IR),

defined as
_M

=N

where Nj is the number of “Pass” cases and N is the number of “Fail” cases. As

IR (1)

shown in Table 3, the IRs for both the training and evaluation datasets are low,
indicating that class imbalance is not a substantial issue (Silva & Zanchettin, 2015). We
therefore did not apply any data-level, sampling-based imbalance handling methods
such as SMOTE (oversampling minority groups) (Chawla et al., 2002) or Tomek Links
(undersampling majority groups) (Tomek, 1976).

Table 3. Dataset Summary: Total counts, outcomes, and imbalance ratios (IR) for the entire dataset
as well as for training, validation, and testing splits. “Fail” here follows the classification defined
in Section 2.1.1: final grades below C, reflecting sub-competency performance rather than formal

institutional course failure.

Dataset Set Count Pass Fail IR
4 Semesters Total 244 163 81 2.01
For Grid Search and Final Training

. Training 159 108 51 2.12
First 3 Validation 18 12 6 2.00
Semesters Subtotal 177 120 57 2.11
2022 Fall Testing 67 43 24 1.79

2.1.2. Exploratory Data Analysis Procedure

To characterize relationships among assessment scores and to surface properties
relevant to later modeling and explanation, we conducted three exploratory analyses.
First, we computed pairwise Pearson correlations and mutual information to summarize
relationships among assessments. Second, we evaluated the degree of multicollinearity
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by applying two complementary diagnostics, the Variance Inflation Factor (VIF) and the
Condition Index (CI), described in Section 2.1.3, since severe multicollinearity can degrade
predictive accuracy and compromise feature-importance explanations. Third, we conducted
a two-way mixed-design ANOVA (Hocking, 1973) with assessment as the within-subjects
factor and semester as the between-subjects factor, to test for significant differences both
across specific assessments and between academic terms. The ANOVA results are reported
in Section 3.2.3.

2.1.3. Feature Dependence Analysis Procedure

Multicollinearity arises when two or more input features are strongly linearly corre-
lated, and it can undermine both Shapley-based and counterfactual explanation methods.
In Shapley-based approaches like Expected Gradients (Erion et al., 2020), attributions are
computed by marginalizing one feature at a time under an implicit separability assump-
tion; when features are dependent, this assumption fails and attribution scores may be
distorted (see Equation (13)). Counterfactual explanations seek the smallest change to a
single feature that changes a prediction; under multicollinearity, the recommended inter-
vention may target a correlated proxy rather than the true causal factor (see Equation (19)).
Consequently, any feature importance ranking derived from these explanations can become
unreliable. To quantify the degree of multicollinearity in our training data, we applied
two complementary diagnostics: the Variance Inflation Factor (VIF), which measures how
much a predictor’s coefficient variance is inflated by its correlations with other variables,
and the Condition Index (CI), which assesses overall collinearity within the feature matrix.

For a set of k features, the VIF for predictor X; (j = 1,..., k) is defined as

1

R A X
]

()

where RJZ- is the coefficient of determination from regressing X; on the other k — 1
predictors (Marcoulides & Raykov, 2019).
The CI diagnostic is given by

cr = | Amax ©)

where {)\j};?zl are the eigenvalues of the predictors’ correlation matrix and Amax = max; A;
(Callaghan, 2008).

2.1.4. Statistical Testing Procedure Across Semesters and Assessments

We transformed the assessment data into a long format, in which each row corre-
sponds to a student’s score on a specific assessment. Each student’s scores were arranged
in 42 consecutive rows in chronological order, and the complete dataset was formed by con-
catenating these rows vertically. To support the statistical analysis, we added two identifier
columns: “Semester”, indicating the offering term, and “AssessmentName”, indicating the
assessment type. The rows were then sorted by “Student_ID” and “AssessmentName” to
preserve temporal ordering while maintaining separate blocks for each semester.

Using this long-form dataset, we performed a two-way mixed ANOVA with “Assess-
mentName” as the within-subjects factor and “Semester” as the between-subjects factor.
Our inference focused on three key statistics: the unadjusted p-value, the p-value corrected
for repeated-measures effects (Abdi, 2010), and the partial eta-squared effect size 77;2, (Pierce
et al., 2004). These statistics allowed us to determine whether (a) different assessment
types yielded statistically distinct mean scores within students, and (b) overall performance
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shifted across semesters. The second test bears directly on our decision to pool data from
the first three semesters into a single training-and-validation set (Section 2.1.1, preprocess-
ing step on data splitting): a non-significant “Semester” main effect would support treating
the pooled semesters as samples from distributions that do not differ systematically in
mean score.

2.2. Formulation, Modeling, Training, and Evaluation

To identify at-risk students early, we employed a bidirectional Gated Recurrent Unit
(GRU) model to predict whether a student would pass the course by the end of the semester.
The model accepts input sequences of variable length. Specifically, for the first k assessments
of a student, the input consists of assessment scores x1, x, . . ., X¢, and the output is a binary
label vy indicating “Fail” (0) or “Pass” (1). Formally,

0, k=0
hy =

f(Xk, hx_1), otherwise 4)
Yk = 8()

where hy is the hidden state at time k, g(hy) is the function mapping the hidden state to
the prediction vy, and X} = x; with k < 42. Here, yj represents the predicted final course
outcome after considering only the first k assessments. The formula (4) can also be seen as
a function of the prefix length k—the number of earliest assessments available at prediction
time. At prefix length k the model receives the partial sequence to predict the final course
outcome of the student without access to later scores xy.1, Xk 12, .- ., X42.

2.2.1. Grid Search for Model Architecture and Training Configurations

We conducted a grid search on a fixed pair of training and validation (hold-out)
datasets (obtained by stratified data splitting) to identify an optimal model architecture and
training configuration set. Given our relatively small dataset, we constrained the search
space as follows:

¢ Number of Hidden Layers: 1 to 3 layers.
*  Number of Neurons (per Hidden layer):

- For multi-layer networks: 8, 12, 16, and 24 neurons.
- For single-layer networks: 56, 64, 72, 96, and 128 neurons.

e  Activation Functions: ReLU and Tanh.
¢  Training Configurations: varying batch sizes, epochs, optimizers, multiscale learning
rates, and L;- and Ly-norm regularizers with multiple penalty factors.

For each hyperparameter combination, we conducted a single training and evaluation
using a predetermined training—validation split, repeating the process five times with
different random initializations. Each training instance used the full 42-element assessment
sequences for all students in the training set, but the supervision signal was applied
incrementally rather than only at the full-sequence level. Specifically, within each training
epoch, the model was updated once at every prefix length t € {1,2,...,42}. For a given ¢,
the input sequence was truncated to its first ¢ assessment scores before being processed by
the bidirectional GRU, so that both the forward and the backward pass of the recurrence
operated only on positions 1 through ¢. The model produced a prediction from the hidden
state at position t, the binary cross-entropy loss was computed against the student’s final
Pass/Fail label, and a gradient step was taken. This prefix-expanded training procedure
means that across an epoch, the model received 42 gradient updates per student, each
targeting predictive accuracy at a specific prefix length, rather than a single gradient update
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based only on the full sequence. Subsequently, we evaluated the model separately on
the training and validation datasets at each prefix length t =1, ...,42, producing paired
accuracy curves—one for training, one for validation—that reflect how well the model
predicts final outcomes from progressively longer partial sequences.

Unlike conventional grid search methods that use cross-validation across multiple
splits, our approach directly selects the model architecture-configuration pair that achieves
the highest overall mean validation accuracy. This overall mean was computed by av-
eraging the prediction accuracy scores obtained at each incremental input length on the
fixed split. Employing cross-validation at this stage would have unnecessarily complicated
subsequent analyses, as the model was later retrained on the same split and only a single
model instance was preserved for subsequent prediction explanation on the test dataset.
Consequently, we required that the chosen model demonstrate learning potential on the
fixed split so that its prediction accuracy curve would serve as a baseline for further training
attempts in the next stage.

2.2.2. Final Model Training and Selection Using the Gompertz Function

Once the optimal model architecture and training configuration were identified, we
retrained the model on the same fixed training—validation split. This retraining was
repeated 20 times; for each run, a small-magnitude positive or negative adjustment was
applied to the selected regularization penalty values while all other training configurations
remained constant. The resulting pool of 20 candidate models shares a common architecture
and training configuration but differs in the specific regularization strengths applied
during training, providing a set of similarly-configured candidates from which a final
model is chosen.

After each training run, we calculated the average prediction accuracy over the
training—validation split separately for each prefix length t = 1,2,...,42, producing a
pair of prefix-indexed accuracy curves (one for training, one for validation) per candi-
date. We then filtered out candidates whose overall mean prediction accuracy on both the
training and validation sets was below 80%, ensuring that the remaining candidates had
demonstrated at least baseline predictive competence. The selection problem that followed
was to choose, from among the surviving candidates, a single model for subsequent test-set
evaluation and post-hoc explanation.

Standard scalar aggregations of the prefix-indexed accuracy curve, such as mean
validation accuracy across prefixes, are ill-suited to this selection problem. Mean accuracy
collapses the full trajectory into a single number and is insensitive to the shape of the curve:
two candidates with identical mean accuracy may differ substantially in their usefulness
for early prediction. One candidate’s curve may oscillate between low and high values
across prefixes, while another’s may rise smoothly from a moderate initial accuracy to a
high plateau; only the latter is a viable early-prediction system, yet mean accuracy cannot
distinguish them. Similarly, a candidate whose accuracy rises quickly to a high asymptote
is more useful for timely intervention than one whose accuracy rises slowly to the same
asymptote, but this difference in growth rate is also invisible to mean accuracy. Because
our application—early identification of at-risk students—depends on how the model’s
predictive power evolves with accumulating assessment information, the selection criterion
must be sensitive to the shape of the accuracy curve, not only its average level.

To capture these trajectory-shape properties explicitly, we fitted the training accuracy
curve of each surviving candidate to a parameterized Gompertz function (Waliszewski &
Konarski, 2005). The Gompertz function is a smooth, monotonically non-decreasing para-
metric form that is widely used to describe growth trajectories in biological and learning-
curve contexts. In our application, it serves as a compact summary of three properties of an
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accuracy curve simultaneously: the asymptotic value to which the curve converges, the
initial value of the curve at prefix length zero, and the rate at which the curve approaches
its asymptote. The first corresponds to the accuracy plateau a well-trained model reaches
given sufficient input; the second corresponds to the model’s baseline predictive capacity
with minimal information; and the third corresponds to how rapidly the model improves
as additional assessment scores become available. A well-trained sequential model for
early prediction should exhibit approximately monotonic improvement with accumulating
information, and the Gompertz parameters encode the key features of such a trajectory.
The smooth parametric fit tolerates local deviations from strict monotonicity—which are
expected in practice due to finite-sample estimation noise—while rewarding the overall
upward trend.
The Gompertz function is defined as

f(t) = aexp[—bexp(—ct)], (5)

where a > 0 represents the curve’s asymptotic maximum accuracy for large t, b > 0 (in
conjunction with a) determines the initial value f(0), and ¢ > 0 governs how quickly the
function approaches a. The parameters were estimated by non-linear least squares on the
prefix-indexed accuracy values t = 1, ..., 42 for each candidate.

In selecting the final model, we prioritized candidates whose fitted Gompertz function
on the training accuracy curve yielded a higher c-value, and among those we chose the
candidate with the largest a-value”. This two-stage rule implements a preference for models
that rise quickly to a high accuracy plateau, which is the behavior most relevant to early
at-risk identification: a higher ¢ indicates that the model reaches useful predictive accuracy
at earlier prefixes, enabling intervention earlier in the semester, while a higher a indicates
that the model’s eventual performance is also high. The ordering of the two criteria—c
first, a second—reflects the primacy of early-availability over late-plateau accuracy in
this application; an institution with different priorities could reverse the ordering or use
a weighted combination, and the same candidate pool could be re-ranked accordingly
without re-running the selection procedure.

Although the procedure above is non-standard, its non-standardness reflects a prop-
erty of the problem rather than a departure from methodological norms: standard scalar
aggregations (e.g., mean accuracy) are not designed to represent trajectory-shape pref-
erences, and selecting for such preferences requires a criterion that parameterizes the
trajectory explicitly. The procedure is specifically designed for settings in which a single
final model must be chosen for subsequent analysis and in which the model’s behavior
across the full range of partial inputs is itself the property of interest.

The chosen model defines the predictive component of the pipeline, but two oper-
ational decisions remain before it can be used to identify at-risk students and support
explanation. First, a single prefix length must be identified as the anchor point for threshold
selection and subsequent evaluation (Section 2.2.3). Second, the decision threshold that con-
verts predicted probabilities into binary Pass/Fail classifications must be set (Section 2.2.4).
We address these two decisions in turn.

2.2.3. Anchor Prefix Selection

The anchor prefix is the specific t at which threshold selection is performed and at
which the final model’s test-set performance is reported. Identifying this prefix is a different
methodological decision from the Gompertz-based model selection in Section 2.2.2: the
Gompertz criterion governs which candidate model to retain based on the shape of its
full accuracy trajectory, whereas the anchor prefix selection described here identifies a
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specific point on the already-selected model’s trajectory at which downstream decisions
can be anchored.

We adopted a learning-saturation criterion: the anchor prefix is defined as the smallest ¢ for
which the model’s training-set AUC reaches 99% of its maximum value over the full prefix range,
with the 99% value itself a contextual choice that a different deployment setting could reasonably
adjust. AUC is appropriate here because it is computed from prediction scores and evaluates
how students are ranked by risk without requiring a fixed decision threshold, and because
it is invariant to which class is designated positive—so the prefix-selection decision reflects
the model’s overall discriminative capability rather than sensitivity to Fail specifically, and the
Fail-positive framing enters only at the threshold-selection step (Section 2.2.4). Saturation of
the training-set AUC therefore indicates that the model has extracted nearly all of the ranking
information the training data can provide, so that additional assessment scores beyond that
point contribute little further discriminative value and the criterion identifies the earliest prefix
at which learning from the observed sequence is essentially complete.

The selected prefix is used to determine the prediction threshold (Section 2.2.4), which
is then fixed for the subsequent evaluations and analyses.

2.2.4. Decision Threshold

Although the model encodes Pass as 1 and Fail as 0, the practical event of interest is
course failure. We therefore treat Fail (at-risk) as the positive class and Pass (non-at-risk) as
the negative class; under this convention, recall measures correct identification of at-risk
students and specificity measures correct identification of non-at-risk students.

The decision threshold is a deployment choice rather than a model property. A
common default is T = 0.5, appropriate when the two classes are roughly balanced, and
the costs of the two error types are approximately equal. Neither condition is guaranteed
in an intervention-oriented application, so we treat the threshold as a parameter selected
against the actual costs the institution faces in deploying the model.

At-risk identification has two error types: missing a student who ultimately fails and
therefore receives no intervention, and flagging a student who would have passed, generating
unneeded outreach. When the cost of the first is taken to exceed the cost of the second, a
natural response is to shift the threshold to increase recall. We accept this asymmetry—the
consequences of missing a student headed toward course failure are real—but argue that in
our deployment context it does not translate directly into a recall-maximizing threshold.

The binding constraint is not diagnostic sensitivity but instructional capacity. The course
is supported by one instructor with 3 weekly office-hour hours and 2 teaching assistants each
offering 3 weekly hours, totaling 9 h of scheduled support per week—sulfficient for reactive
support but not for proactive outreach to a large flagged set. Spreading that fixed capacity
over a larger flagged set does not reach more students effectively; it only dilutes the depth of
help each receives. A specificity-favoring threshold, therefore, concentrates scarce instructional
resources on students for whom the model is most confident, trading a small reduction in
population-level recall for preserved per-student intervention depth.

We implemented this reasoning through a specificity-targeted selection rule applied
on the validation set at the anchor prefix from Section 2.2.3. Among candidate thresholds
in (0,1), we retained those achieving at least 80% specificity on validation data, then
selected from that subset the threshold with the highest recall for Fail. The chosen threshold
was applied unchanged to all subsequent test-set evaluations and to the counterfactual
explanation pipeline (Section 2.3). Gradient SHAP explains the model’s output scores
rather than a thresholded decision and is unaffected by this choice; DiCE counterfactuals
depend on the target-class threshold and use the selected value.
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The 0.80 specificity target is a contextual choice reflecting our instructional-capacity
constraints; other deployment settings—larger teaching-assistant pools, dedicated early-
alert staff, automated outreach systems—could reasonably apply the same procedure with a
different target. What we retain is the principle that the threshold should be chosen against
the institution’s actual cost structure rather than defaulted to 0.5, and that the choice be
transparent so the reported metrics can be interpreted in light of it.

2.3. Explanation

The modeling and selection procedures in Section 2.2 produce a single trained model,
an anchor prefix at which its behavior is evaluated, and a decision threshold that governs
how its predictions are converted into Pass/Fail classifications. These components define
the predictive system but do not reveal which assessments drive its predictions or how
those predictions would change if individual assessment scores were different. To answer
these questions, we generated post-hoc explanations using two complementary techniques:
Gradient SHAP (Lundberg & Lee, 2017) and Diverse Counterfactual Explanations (DiCE)
(Mothilal et al., 2020). Gradient SHAP was selected for its computational efficiency and
smooth attributions on high-dimensional neural networks, leveraging model gradients to
approximate Shapley values. DiCE generates diverse, minimally perturbed instances that
flip the model’s prediction, providing actionable insights into required feature changes.
The two methods address complementary questions—Gradient SHAP asks how each
feature contributes to the predicted probability, while DiCE asks what combinations of
feature changes would flip the prediction—and their differing relationship to the decision
threshold is relevant for our analysis: Gradient SHAP attributions are computed from
model gradients and are independent of the threshold, whereas DiCE counterfactuals
depend on the threshold and use the value selected in Section 2.2.4.

2.3.1. Gradient SHAP

Gradient SHAP attributes each feature a scalar value reflecting its contribution to the
model’s predicted probability for a given instance, grounded in the classical Shapley value
from cooperative game theory but adapted for continuous input spaces and differentiable
models. The discrete Shapley value fairly allocates a model’s output to individual features
by averaging each feature’s marginal contribution across all coalitions. To extend this
idea to continuous input spaces, Integrated Gradients (IG) accumulates gradients along a
straight-line path from a baseline input to the point of interest (Sundararajan et al., 2017).
Expected Gradients generalizes IG by averaging over a distribution of baselines, thereby
producing attributions that converge to Shapley values in expectation (Sundararajan et al.,
2017); this algorithm is implemented in the SHAP library as Gradient SHAP (in short,
Grad-SHAP). In what follows, we discuss the closed-form expressions for the Shapley
value, IG, and Expected Gradients from the aspect of XAl and then we derive the local-
and global-importance vectors used in our analysis.

1. Shapley Value (Shapley, 1953) Let N = {1,...,n} index the full set of features, and
let any subset S C N denote a coalition of features. Let v : 2N s R be a worth
function that assigns a scalar value to each coalition, with v(@) = 0 by convention.
The Shapley value for feature j is

g =y SHEBEIEUE s Uy - ue)) ©

SCN\{j}
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where v(N) is the worth (or gain) of the grand coalition N that considers all features.
One of four properties of the Shapley value is efficiency:

Y ¢i(v) =v(N) —v(2), )

where (@) serves as the attribution baseline. In the classic SHAP, given specific instance
x = x*, v(S) is evaluated as follows (Lundberg & Lee, 2017; Olsen & Jullum, 2024):

v(S) = E[f(x)|xs = x3] ®)
= E[f(x35,xs)|xs = xg] )

where x5 = {x;[j € S C N} and x5 = {x/|j ¢ S \j € N}. Efficiency in this context is
analogously expressed as

i@wwszw—MﬂM] 10)
2

Integrated Gradients (Sundararajan et al., 2017) The idea of Integrated Gradients
corresponds to the Aumann-Shapley (Aumann & Shapley, 1974) cost-sharing principle
for differentiable models. For a baseline x’ and an input x, define the straight-line
path y(a) = x" 4+ a (x — x’), with a« € [0,1]. The attribution for feature j is

Lof(v())

ax; da. (11)

o) = (—xp) |

If model f is differentiable almost everywhere, then efficiency is expressed as
- 1G / /
Y90 (xx) = fx) = f(x). (12)
j=1

Expected Gradients (Gradient SHAP) (Erion et al.,, 2020; Sundararajan & Na-
jmi, 2020) Expected Gradients (EG) approximates Shapley values by averaging
Integrated-Gradient samples over multiple baselines x’ ~ D and path points
a~U(0,1):

_ p Of (& +a(x —x))
PFS(f,%) = B (27— %)) ) (13)
And efficiency is expressed as
Y97 (fx) = f() ~ELf ()] (14)
=

Local and Global Importances via Gradient SHAP For each instance i at prefix length
t € {1,...,42} (ie, truncated to its first ¢ features), denoted X; , the local importance
of feature j is the absolute Expected Gradients attribution:

W= 0P (X, =12t as)

Collecting these values yields the local importance vector

Hj, = [h},tf y hzt,t] . (16)
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We then define the global importance over the dataset D by averaging:
j L&
"o = 1o 1:21 g0
(17)

Hlaj,t = [h}D,tl R htD,t}f

HYy = {H}, | t=56,...,42},
wherej =1,2,...,t and the superscript a indicates Gradient SHAP.

2.3.2. Diverse Counterfactual Explanations

Given the final model f and an input x, a counterfactual c is any perturbation such
that f(c) # f(x), with f(c) equal to the desired flipped outcome. DiCE (Mothilal et al.,
2020) generates a diverse set of k counterfactuals Cy = {cy, ..., ¢} by solving

k k

C*(x) = argrr&n{% ; L(f(c)y) + 2 ;d(cz,x) — A div(ck)]. (18)

Here:

*  L(f(cz),y) is aloss function that encourages f(c;) = y.
e d(cz, x) (e.g., the L1 or L, norm) measures proximity to x, weighted by A;.
e div(Cy) quantifies pairwise distances among the {c; }, weighted by A, to promote diversity.

Objective function (18) generates multiple, minimally altered yet distinct counterfactu-
als that satisfy the flip constraint while remaining actionable.

Kommiya Mothilal et al. (2021) defined the necessity of a feature to obtain the current
prediction as the fraction of times that changing the feature leads to a valid counterfactual
example. For a single instance i at prefix length ¢, X;; the local importance of feature
j€{1,...,42} evaluated on k counterfactuals Cy is defined as

. k . .
W= YAl £ X, A fle) # £ (19)
z=1

The local importance vector H,, global importance vector H l%,t’ and global importance
set H ,”3 are defined similarly as in Equations (16) and (17), with a different superscript b
referring to DiCE.

2.4. Determine Important Features

To identify the most influential features, we convert global importance vectors into
global rank vectors. For each explanation method m € {a,b} (where a denotes Gradient
SHAP and b denotes DiCE) and each prefix length t € {5,...,42}, let

Hgl,t = [thl/t' M ’htDl,t] (20)

be the global importance vector on the test set D;. We define the corresponding global
feature rank vector
Rp ;= rank(Hglrt) = [V}Dl,t" ..,rfjlrt], (21)

where 1’{31 ; is the rank of feature j among the first  features (a lower value indicates higher
importance). Collecting these for t =5, . ..,42 gives
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B={Rpt=5,...,42}, (22)

a set of 38 rank vectors. For the case of local importance vector H}};, we can define local

feature rank vector R}, similar to (21) and local feature rank vector set R}" similar to (22).
Next, for each feature j € {1,2,...,41}, we gather its ranks across all Rgpt with t > j.

To quantify both central tendency and stability, we compute the median rank and rank

standard deviation for each j < 41:

M = median{réjl,t |t >}, (23)
. 1 & 2
i = B Z(rw - M )5, (24)

i=j

omitting the case of j = 42 for computing standard deviation because only one rank exists.

An important feature should have both a low median rank (frequently top-ranked) and
a low standard deviation (stable importance across different prefix situations). However,
early features appear in more frequently—potentially biasing their statistics; their broader
sampling nonetheless yields more precise estimates. Because our goal is early identification
of at-risk students, we downweight any feature j whose M]m or S]m exceeds that of the
midterm feature (at prefix length j = 21). To ensure fairness, we compute M]m and S]m for
features available at or before the midterm only over horizons t > 21 (i.e., at prefix length
t =21,...,42), so that each considered feature is evaluated over identical sequence lengths,
with all considered features present in those sequences. In this case, we require that an
important feature j must satisfy the condition M;” + S;” < Mp.

2.5. Explanation Agreement

To assess consistency, we compare feature rankings from Gradient SHAP (method a)
and DiCE (method b), both within each method over time (intra-method agreement) and
between methods at the same prefix length (inter-method agreement). We employ three
quantitative metrics originally introduced by Krishna et al. (2025): feature agreement (FA)
and rank agreement (RA), both bounded in [0, 1], and rank correlation (RC), implemented
via Kendall’s T and ranging in [—1, 1].

Notation and Setup
Let
S = (alraZI cee /0(42)

be the sequence of features in order of first availability. For each method ¢ € {a,b} and
prefix length t € {1,...,42}, define the rank vector for data instance i in test set D;

c _T,1 t
R, = [ripoatiy],
where 7/ is the rank of a; (a lower value means that a feature is more important). Addi-

tionally, when we compare rank vectors or rankings at two prefix lengths t and T, we by
default truncate both vectors to their first

k = min(t, T)

elements, unless a common prefix length is explicitly specified for the comparison.
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The unordered top-k feature set is
TE(R, k) ={aj€S|je{l,..., IR} AY € RAY <k}
The rank-lookup operator is
Rank(R, &j) = .
To obtain an ordered top-k list, we define
TR(R,K) = (1, Be),
where {B1, ..., Br} = TF(R, k) and
Rank(R, B1) < Rank(R, B3) < --- < Rank(R, Bi).

Feature Agreement (FA) Feature agreement measures the overlap in the top-k
features (unordered):

TE(RS,, k) N TF(RS_, k
FA(RS,, RY.) _ [TERE, B p (Rix )|. (25)

Rank Agreement (RA) Rank agreement considers how many shared top-k features
share the same ranks:

Q(R;t, RS k)

1,7/

8y —
RA(RS,, RS ) = . ,

itr

(26)

where the numerator

- ‘{ae (TF(RS,, k) N TF(RS ,k)) | Rank(R¢, &) = Rank(RS a)}’. 27)

1,7/ 1,7/

The function Q (Rf,t, Rf o k) denotes the cardinality (or size) of the set of features that
(i) appear among the top-k in both local rack vectors R}, and R§ - and (ii) occupy
identical rank positions in the corresponding two rankings. In other words, Q counts
how many of the shared top-k features also match exactly in their ordinal rankings.
Rank Correlation (RC) Rank correlation uses Kendall’s T (Kendall, 1938) on ordered
top-k sequences. We adapt the definition introduced by Tiukhova et al. (2024), which
is originally presented in Krishna et al. (2025).

Let

A =TR(R{, k), B=TR(RS_k). (28)

i,/
Define

* P =number of concordant pairs between A and B,
. Q = number of discordant pairs,

. T = number of ties only in A,

¢ U =number of ties only in B.

Then

¢ RS )= P-Q
RC(Ri Rio) VP+Q+T)(P+Q+U) @)
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3. Results
3.1. Experiment Setup

All experiments were implemented in Python, using version 3.9 for post-hoc explana-
tion and 3.10 for all other stages. Data preprocessing and exploratory data analysis were
performed with scikit-learn 1.6.1, statsmodels 0.14.4, and pingouin 0.5.5, and our GRU
models were developed with PyTorch 2.6. Hyperparameter optimization was managed
via Weights & Biases (wandb 0.19.8) to conduct our grid searches. For explanation, we
employed the SHAP library’s GradientExplainer® without modification.

DiCE 0.11 was written against specific versions of NumPy and Pandas that predate
the current releases of those libraries*, and running it against newer versions can produce
import errors or unexpected behavior. To restore the library’s documented behavior, we
pinned NumPy and Pandas to the versions specified in the DiCE repository’s requirements
file; no modifications were made to the DiCE algorithm itself. The exact pinned versions
are recorded in the “requirements.txt” file in our code repository, which allows readers to
reconstruct the Python environment used in this study.

To support methodological reproducibility—the application of our procedures to
other datasets—our code repository includes the full training and selection pipeline, the
explanation-generation scripts for both Gradient SHAP and DiCE, and the post-hoc analysis
tools used to produce the figures in this paper. For the Gompertz-based model selection
described in Section 2.2.2, the repository provides the global random seed for deterministic
training, the sweep configuration for varying regularization penalties across retraining runs,
and the Gompertz fitting routine with its initial parameter values and convergence settings.

The source code and environment specification described above are provided in the
Supplementary Materials.

3.2. Exploratory Data Analysis
3.2.1. Correlation and Mutual Information

We computed Pearson correlation and mutual information for all pairs of assessment
features. To facilitate comparison, we organized the features into three categories: Activity
& Exam, Homework & Exam, and Lab Exercise & Exam. Pearson correlation captures
linear association on a scale from —1 to +1. Mutual information, in contrast, quantifies
the reduction in uncertainty (in nats or bits) one variable provides about another through
entropy, thereby detecting both linear and nonlinear relationships.

The top row of Figure 1 shows that homework scores are more tightly interrelated
than both activity and lab exercise scores. Pre-midterm homework correlates more strongly
with the midterm exam, and all homework items exhibit stronger associations with the final
exam. Lab exercises display the weakest pairwise associations and the lowest correlations
with both the midterm and the final, indicating a comparatively minor role.

The bottom row is consistent with these findings and adds detail: activity and lab ex-
ercise features remain predominantly linear in their relationships (high Pearson correlation
but low mutual information), whereas homework features also demonstrate relatively high
nonlinear dependence. Homework assessments additionally have higher entropy, reflecting
greater variability. Together, these results highlight the central importance of homework
assessments, which is consistent with Homework’s grading weight in Table 2, and con-
firm the promise or predictive potential of Homework assessments as early indicators for
identifying students at risk of course failure.

https:/ /doi.org/10.3390/aieduc2020017


https://doi.org/10.3390/aieduc2020017

Al Educ. 2026, 2,17

18 of 34

Homework 1
Homework 2|
Homework 3|
Homework 4|
Homework 5|
Homework 6|
Homework 7|
Homework §|
Homework 9|
Homework 10}
Homework 11
Homework 12}
Homework 13}
Homework 14|
Midterm|

Final
Pass/Fail

Lab Exercise 1
Lab Exercise 2|
Lab Exercise 3
Lab Exercise 4|
Lab Exercise 5|
Lab Exercise §|
Lab Exercise 7|
Lab Exercise §|
Lab Exercise 9|
Lab Exercise 10)
Lab Exercise 11}
Lab Exercise 12|
Lab Exercise 13}

Midterm

Activity 2
Activity 3]
Activity 4
Activity 5
Activity ¢
Activity 7]
Activity
Activity 9

Activity 10}

Activity 11

Activity 12}

Activity 13}

Activity 14}

Midterm|

Features

Features

Features

Final
Pass/Fail|

Finall
Pass/Fail

MaWOH
MaWOH
MaWOH
MaWoH

9 omawoy
MaWoH

£ liomawon|
8 JOMaWOH|

Features Features Features

(@) (b) (c)

Homework 1
Homework 2|
Homework 3|
Homework 4|
Homework 5|
Homework 6|
Homework 7|
Homework §|
Homework 9|
Homework 10}
Homework 11
Homework 12}
Homework 13}
Homework 14|
Midterm|

Finall
Pass/Fail

Lab Exercise 1]
Lab Exercise 2|
Lab Exercise 3]
Lab Exercise 4]

Activity 2
Activity 3
Activity 4
Activity 5
Activity
Activity 7]
Activity g
Activity 9

Activity 10|

Activity 11

Activity 12)

Activity 13

Activity 14}

Midterm|

Lab Exercise 5|
Lab Exercise §|
Lab Exercise 7]
Lab Exercise §
Lab Exercise 9|

Lab Exercise 10]

Features
Features

Features

Lab Exercise 11}
Lab Exercise 12
Lab Exercise 13]
Midterm

Final

Pass/Fail

Final
Pass/Fail
>

T somawoH|

Features Features Fealursso h
(d) (e) ()

Figure 1. Feature correlation (top row) and mutual information (bottom row) between each assess-
ment group and the midterm and final exams. (a—c) Correlation for activity, homework, and lab
exercise, respectively. In these heatmaps, lighter colors (yellow) indicate higher correlation values,
darker colors (dark blue) indicate lower correlation values, and green indicates intermediate values
within the range [0.35, 0.85]. (d—f) The corresponding mutual information heatmaps, where lighter
colors indicate higher mutual information and darker colors indicate lower values.

3.2.2. Feature Dependence Analysis

As introduced in Section 2.1.3, both Variance Inflation Factor (VIF) and Condition
Index (CI) can quantify multicollinearity among features. When two or more features are
strongly linearly correlated, it can compromise both Shapley-based and counterfactual
explanation methods. Figure 2a displays all VIF values: most predictors lie below the com-
mon threshold of 5, and only five features fall between 5 and 6. This indicates a moderate
level of collinearity for those predictors, while overall VIFs remain within acceptable limits
(Marcoulides & Raykov, 2019). Figure 2b plots the CI values in the original assessment
order. Here, most features exhibit CI below 10, while five lie between 10 and 15—a range
generally interpreted as indicating moderate collinearity (Callaghan, 2008). Together, these
diagnostics suggest that, although a handful of predictors show moderate interdependence,
the overall level of multicollinearity in our training data is unlikely to compromise model
stability or interpretability. These thresholds, however, address whether feature correlations
destabilize OLS coefficient estimates. That concern differs from whether such correlations
distort SHAP attributions or DiCE counterfactual targets, which we discuss in Section 4.
Whether SHAP and DiCE remain well-behaved at the VIF and CI levels we report is not
directly settled by these diagnostics, since they were calibrated against regression models
rather than against XAI methods applied to neural networks.

https://doi.org/10.3390/aieduc2020017


https://doi.org/10.3390/aieduc2020017

Al Educ. 2026, 2,17

19 of 34

e
8
w S e m..W..__ .
!
2
Ol_I)>|_I)>|_I)>I_IJ>I_I:(>l_I)>|_IZ)>|_I)>|_IJ>|_IJ>|_I]>|_I>|_I)>IT|
2032225 %32082200228%3082805222058%3 0830082830808 04005
M3 irASpaipasraipaczpifipacsvasopaczpasvacpazal
SR LSRR R R R R R R R R R A R R R R RS R R R R AR R LR RS
S x Mo ax®wdxHd a4 3 Nd 3 ®43Yda 353103 IR 2THLRER
® = o N o W [CIEN o wun ® o o N ® o ® O o = o = ® = o = =
— N w EN (4] o ~ ® © = © - = N = W »
o = N w
Feature
(a
x
Q
el
S
C
S
%
c
o
O
rI»C I»C_C I>»PCIPCIPCIPCIXTPCOCIPCOIP>PCOIPCOIPCOCIPCOCI>IOON
Y o3 202 2LogPLonYPOogYoOogPLoFa Lo Lo YOG YOG Lo Lo oS
P3ipiipiiniiviipiigifsigasipiioiipiipiipgiial
53 =<5 <3< 3:<3:s<L3:23<3:z<5:z<L353:z<p5:z<L35:z<5z:%<zs=
398nvM3g8wg3gsSesrzg8uvwgsoeogs g s 38 wg3g8=38+38=388 %3858
a ~ o~ o A o~ o A o~ o ~ o~ o A9 g AP HFANG A WH AR
o = o N o W (ORI o wun o o ® N o ® O o = o = o = o = =
= N w EN (4] o)) ~ e © = © = = N = W »
o Ll N w
Feature
(b)
Figure 2. Multicollinearity analysis. (a) Variance inflation factors (VIF) for each predictor.
(b) Condition indices (CI) assessing collinearity severity.
3.2.3. Statistical Significance Across Semesters and Assessments
Following the statistical testing procedure described in Section 2.1.4, the two-way
mixed ANOVA results are summarized in Table 4. The main effect of “Semester” does
not reach statistical significance (p = 0.160, 17%, = 0.021), indicating that mean scores did
not differ systematically among the four academic terms. By contrast, “AssessmentName”
exerts a highly significant effect, with pgg < 5 x 107!% under the Greenhouse-Geisser
correction for non-sphericity.
Table 4. Two-way mixed ANOVA table: Sum of squares (SS), degrees of freedom (DF1, DF2),
mean square (MS), F-statistic (F), uncorrected p-value (p-unc), Greenhouse-Geisser corrected p-value
(p-GG-corr), partial eta-squared (11%,), Greenhouse-Geisser epsilon (g), and sphericity assumption.
2 . e
Source SS DF1 DF2 MS F p-unc p-GG-corr My &  Sphericity
Semester 6.5474 3 240 2.1825 1.7388 0.1597 — 0.0213 — —
AssessmentName 1589293 41 9840 3.8763 59.3068 <0.0001 4.98 x 10°18 0.1981 0.4577 False
Interaction 69.6837 123 9840 0.5665 8.6678  <0.0001 — 0.0978 — —

The non-significance of the “Semester” main effect directly justifies the pooling de-
cision in the data-splitting step of Section 2.1: it establishes that the student populations
across the first three semesters, used jointly as the training pool, are not statistically distin-
guishable in terms of assessment performance. This is a precondition for treating them as a
unified training distribution rather than three heterogeneous populations.

3.3. Evaluation of Final Model

This section addresses RQ2—the identification of assessments consistently recognized
as most influential by both explanation methods. We first establish that the final model
achieves accuracy sufficient to support trustworthy explanations, then use two complemen-
tary rank-based analyses to identify the influential assessments themselves.
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The final GRU model comprised a single hidden layer with 56 ReLU-activated units.
We evaluated its accuracy separately on the training, validation, and test sets by computing
prediction accuracy at each prefix length x = 1,2, ...,42, generating three distinct curves.
Figure 3 plots accuracy versus prefix length (i.e., number of observed features) for the
training, validation, and testing datasets. The alignment of the training and test curves
demonstrates that the model generalizes well to unseen semester data. The validation
curve remains below the training curve, indicating that the model has not fully captured
the joint distribution of the first three semesters (the training set). This modest discrep-
ancy is expected, given the limited sample size and the intrinsic difficulty of modeling
diverse assessment-score trajectories of different students. Nonetheless, it suggests that
any overfitting is minimal.

Accuracy Curves —train — valid — test

10 15 20 25 30 35 40
Number of Features (Prefix Length)

Figure 3. Accuracy curves evaluated on training, validation, and testing datasets.

3.3.1. Anchor Prefix Selection and Decision Threshold

The downstream results in Sections 3.3.2 and 3.3.3 are evaluated at a fixed decision
threshold 7 applied across all prefix lengths. Selecting T requires first identifying a single
prefix at which to examine the validation-set trade-off between specificity and recall—the
anchor prefix defined in Section 2.2.3. This two-step structure separates the question
of where on the semester to calibrate from the question of how to convert the model’s
continuous scores into a binary decision there.

Applying the training-AUC saturation criterion from Section 2.2.3, we selected the
anchor prefix as the smallest x at which training-set ROC-AUC reaches 99% of its maximum.
Figure 4a plots the AUC trajectory across prefixes for the training, validation, and test sets;
the criterion yielded x = 24, marked by a star on the training curve.

With the anchor prefix fixed at x = 24, we next selected the decision threshold on
the validation set. Following the specificity-targeted rule of Section 2.2.4, we restricted
attention to thresholds achieving validation-set specificity of at least 0.80 and, within that
feasible set, chose the threshold maximizing recall for Fail. Figure 4b shows this trade-off at
the anchor prefix; the selected threshold was T = 0.793, with realized validation specificity
of 0.833.

At the operating point (x = 24, T = 0.793), the final model attained test-set recall
of 0.7917, specificity of 0.9767, F;-score of 0.8636, and accuracy of 0.9104. Figure 5 plots
each of these four metrics across all prefix lengths so that the anchor-prefix values can be
seen in context.
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Figure 4. Operating-point selection for the final model. (a) ROC-AUC as a function of prefix length
(denoted by x) for the training, validation, and test sets; the star marks the training-curve saturation
point at x = 24 (99% of peak), defining the anchor prefix. (b) Specificity vs. recall on the validation
set at x = 24; the star marks the threshold chosen by the specificity-floor rule (max recall subject to
specificity >0.80), yielding T = 0.793. Recall treats at-risk students (Fail) as the positive class.
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Metric = Accuracy = F1-Score for Fail = Precision for Fail =-Recall for Fail = Specificity

Figure 5. Classification metrics on the test set as a function of prefix length, evaluated at the selected
decision threshold T = 0.793. Precision, recall, and F;-score treat Fail (at-risk) as the positive class;
specificity is the recall of the Pass class; accuracy is class-symmetric and is reported without a
positive-class designation.

The test-set specificity of 0.9767 exceeds both the 0.80 validation target and the
validation-set realized 0.833, confirming that the specificity-floor rule generalizes beyond
the selection set. The complementary false-positive rate of approximately 0.023 corresponds
to a single false positive among the 43 actual-Pass students in the test set, while the recall
of 0.7917 indicates that 5 of the 24 actual-Fail students—approximately one in five—were
not flagged. This asymmetry is the intended output of the specificity-floor rule, which
prioritizes clearance of non-at-risk students. The nine weekly hours of instructional support
described in Section 2.2.4 comfortably absorb the 20 flagged students in this cohort (19 true
positives plus 1 false positive), satisfying the capacity constraint that originally motivated
the rule with a wide margin.
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The metrics reported at this operating point define the primary classification summary
for the intervention scenario studied here. The cross-prefix analyses in the remainder of
this subsection serve as sensitivity diagnostics showing how the model’s behavior evolves
across the full semester; they should be interpreted with respect to the anchor-prefix
operating point rather than as alternative deployment configurations.

3.3.2. Top-Rank Curves

As a first view of the influential assessments, we plot three separate “rank-k” curves
in a two-dimensional space where the x-axis denotes the number of features (i.e., prefix
length) and the y-axis indicates the chronological assessment category, tracking how the
top three features (as determined on the test set) shift when more assessments become
available. Figure 6 shows these curves based on Gradient SHAP explanations and on DiCE
explanations. In Figure 6a (Gradient SHAP), all three curves lie below the midterm exam
label (just above Activity 7 on the y-axis). Before x = 21 (the midterm cutoff), the curves
are relatively stable; after x = 21, they exhibit increased fluctuation as later assessments
become available. Although additional post-midterm scores introduce ambiguity into the
ranking, none of the top-3 curves crosses above the midterm mark. It indicates that the
three most influential features remain among the pre-midterm assessments.
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Lab Exercise 9
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Midterm
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Figure 6. Rank-k curves for k = 1,2, 3. (a) Gradient SHAP. (b) DiCE.

By contrast, in Figure 6b (DiCE), the rank-1 curve stabilizes after x = 11, while the
rank-2 and rank-3 curves oscillate between early homework (Homework 1 or Homework 2)
and later assessments (e.g., Homework 9, available from x = 27). These jumps imply that
DiCE attributes similar importance to those assessments when they first appear, though
this does not diminish their individual relevance.

Together, these analyses from both Gradient SHAP and DiCE confirm that the three
most critical assessments occur early in the semester and well before the midterm. It
supports the feasibility of early prediction of student course success or failure.
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3.3.3. Median Rank and Rank Standard Deviation

The rank-k curves give a prefix-by-prefix view; to refine the identification into a
single, aggregated answer, we examined each feature’s median rank and rank standard
deviation across prefix lengths, as introduced in Section 2.4. Figure 7a plots these two
statistics for every feature, with ranks derived from the absolute values of Gradient SHAP
attributions. A feature is possibly important when it possesses a low median rank value in
the importance ranking with a small rank standard deviation. The former characteristic
indicates frequent appearance near the top of the importance ordering, and the latter
characteristic reflects stable importance across various numbers of observable features (or
prefix lengths). Because early assessments appear in more rank vectors, their estimates are
both more precise and potentially overestimated. Using Midterm as a reference, we observe
in Figure 7a that nearly all homework assessments fall below and to the left of the midterm
marker, consistent with greater and more stable importance.

The experiment was repeated for the analysis under a fair comparison, where only
assessments available on or before the midterm are evaluated, and all ranks are recomputed
from a common set of explanations in which every such feature should be present. Even
after eliminating the sampling-frequency advantage, Homework 1-6 still occupy the region
of lowest median rank and smallest variability (Figure 7b).

Taken together, Figure 7a,b demonstrate that Homework 1-6 are consistently the most
influential assessments in predicting student outcomes.

Figure 7c presents the DiCE-based scatter plot analogous to Figure 7a. Here, feature
Midterm achieves a lower (better) median rank and a smaller rank standard deviation than
in the Gradient SHAP results. Moreover, every feature whose median rank and standard
deviation both fall below those of the midterm is a homework assessment, which indicates
that these consistently outrank the midterm in importance.

Figure 7d repeats this analysis but restricts consideration to assessments available at
or before the midterm (prefix lengths ¢ < 21). Under this constraint, the midterm’s rank
standard deviation drops to zero. This confirms that at least one assessment following
Midterm exceeds Midterm in importance, while the median rank value of Midterm remains
higher than several homework assessments. As in Figure 7b, all homework assessments
exhibit lower median ranks than the midterm and minimal variability.

The dominance of homework assessments in both methods’ rankings warrants closer
inspection, since homework carries the largest category weight (40%) in the course’s final
grade and might therefore be expected to dominate feature importance mechanically. The
course’s grading rubric, however, assigns equal weight to every assessment within a category:
all 14 homework items contribute equally to the final grade, as do all online activities and
all lab exercises. Pure recovery of this structure would produce roughly equal importance
within each category, but neither method does. Both Gradient SHAP and DiCE rank earlier
homework items generally above later ones, so early homeworks receive more effective weight
in driving the model’s predictions than their nominally equal grading weight would imply,
and the two methods disagree on the precise ordering. The same separation appears across the
two 10%-weight categories: DiCE consistently ranks Activities above Lab Exercises (Figure 7d),
with individual within-category deviations—Activity 2 sitting among Lab items, Lab Exercise
1 sitting near Activity items—confirming that the rankings reflect item-level predictive signal
rather than category-level grading weight. That this within-category differentiation emerges
under mechanisms as different as gradient-based attribution and counterfactual perturbation
argues against a shared structural artifact.

Taken together, Figure 7 identifies Homework 1-4 and Homework 6 as the most influential
early assessments across both explanation methods. These five assessments emerge as
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Figure 7. Median Rank vs. Rank Standard Deviation. (a) Gradient SHAP, all assessments

= 21,...,42). (c) DiCE, all assess-
= 21,...,42). Feature categories:

A, Activity; H, Homework; L, Lab Exercise; M, Midterm.

3.3.4. RQ2 Summary

The intersected shortlist is robust to the choice of explanation method precisely be-

cause it is identified independently by an attribution-based method (Gradient SHAP) and a
counterfactual-based method (DiCE), and the agreement of two methods grounded in dif-
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ferent mechanisms provides stronger evidence for the predictive role of these assessments
than either method alone could provide.

3.4. Measuring Explanation Agreement

This section addresses RQ1—the evolution of explanation agreement as additional as-
sessment scores become available during the semester. RQ1 has two complementary facets,
each addressed in a separate subsection below. Intra-method agreement (Section 3.4.1)
measures whether each method’s rankings stabilize over time within the method itself;
inter-method agreement (Section 3.4.2) measures whether the two methods agree with each
other at any given prefix length. We quantify both by computing three metrics—Feature
Agreement (FA), Rank Agreement (RA), and Rank Correlation (RC)—for the Gradient
SHAP (method a) and DiCE (method b) explanations (see Section 2.5). Each metric captures
a distinct aspect of concordance between two feature-importance rankings aggregated
globally across test instances.

3.4.1. Intra-Method Agreement

Intra-method agreement addresses the first facet of RQ1: how reliably each method’s
rankings at early prefix lengths survive the arrival of later evidence. Concretely, for each
instance i from test set D; and prefix length t € {1,...,42}, we compare the partial rank
vector R, with the “final” rank vector R{ ;,. We then average over all | Dy | test instances

to obtain
1 1Pl

FA; = — ¢ ¢
FA; = D] ;FA(RM, 1) (30)

with analogous definitions for RA; and RC;, where ¢ € {a,b}. In what follows, we use “FA
curve,” “RA curve,” and “RC curve” for brevity.

In Figure 8a,b, FA for both methods rises quickly toward 1, indicating that early
partial rankings increasingly resemble the ultimate full-prefix ordering. This behavior
reflects the well-trained GRU’s inference capacity to capture stable feature patterns as more
information is provided. Gradient SHAP’s FA curve achieves above 0.5 at prefix length

x = 20, which mathematically means

1/|D1| ) [TF(R{,y,20) N TF(R 4, 20)| > 10.
iGDl

It indicates that generally, with the benefit of hindsight, one half of the first 20 assess-
ments in chronological order also appear in a student’s final top-20 assessment ranking
(see Figure 8a). Likewise, DiCE’s FA curve achieves approximately 0.5 at prefix length
x = 20, and we can give a similar interpretation.

Gradient SHAP’s RC begins near 0.2, which is substantially below DiCE’s, and then
climbs to a plateau around 0.4 from x = 15 onward. At the same time, it shows a narrow,
decreasing standard-deviation band, indicating a growing but moderate pairwise concor-
dance (Figure 8a). DiCE’s RC begins around 0.55 and oscillates mildly above 0.6, with a
broader but slowly contracting band, implying higher average pairwise concordance but
greater variability (Figure 8b).

DiCE’s RA initiates at approximately 0.38 and fluctuates modestly around this level un-
til prefix length x = 20 (Figure 8b). Thus, on average, about seven of the first 20 assessments
occupy the same positions in the final full-prefix ranking. Across the entire prefix range,
DiCE’s RA consistently exceeds that of Gradient SHADP, indicating that DiCE better pre-
serves the exact ranking positions of assessments within the top-k set. However, its wider
standard deviation band reveals greater inter-instance variability, implying that the subset
of early top-k assessments is less uniformly stable across students.
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Figure 8. Feature agreement (FA = FA;), rank agreement (RA = RA;), and rank correlation (RC = RC))
across prefix lengths. Shaded regions denote + one standard deviation around each mean trajectory.
(a) Gradient SHAP. (b) DiCE. (c) Inter-method comparison.

To further validate our earlier findings, we compute each agreement metric at a set of
fixed prefix lengths k € {5, 10, 15, 20, 25, 30}. For any two original prefix lengths t and 7,
we define the effective comparison length

m = min(k, t, T),

and calculate FA;, RC;, and RA; over the first m features. Like before, we compare the par-
tial rank vector Rf, ; with the “final” rank vector Rf, 1, and thus T = 42 (see Equation (30)).
This procedure allows us to assess ranking stability and consistency in the top-m member-
ship at regular checkpoints. Figure 9 shows the resultant curves, where we can observe a
clear difference between the performance of the two methods (without standard-deviation
shading for clarity).

Under Gradient SHAP, the curves FA_5, FA_10, FA_15, and FA_20 remain largely in-
distinguishable until after Midterm (prefix length x = 21), implying that reliable discrimina-
tion among feature subsets only emerges in later stages (Figure 9a). In other words, Gradient
SHAP exhibits limited confidence in ranking the assessments beyond the first five during
the early course phase, even though assessment scores become available incrementally.

By contrast, DiCE separates the FA_k curves much earlier. The FA_5 trajectory rises to
1 rapidly, indicating that DiCE identifies the eventual top-five assessments with a stronger
certainty from the outset (Figure 9d). Although decisiveness diminishes as the fixed prefix
length k increases, DiCE still outperforms Gradient SHAP: the FA_15 and FA_20 curves
branch away from the common trajectory well before their respective k-values are reached,
whereas the FA_25 and FA_30 curves diverge later.

A method with weak decisiveness would cause each FA_k curve to peel off precisely
at prefix length x = k; a method with complete decisiveness would keep all curves nearly
coincident. DiCE’s behaviour lies between these two extremes, demonstrating moderate
stability in retaining its core feature set across prefix lengths, which is generally superior to
Gradient SHAP.

The difference between Figure 9b,e is consistent with the gap in RC curves observed
in Figure 8a,b. Across all prefix lengths, DiCE’s RC_k curves remain consistently higher
than those of Gradient SHAP, indicating a more stable pairwise feature ordering.

Focusing on Figure 9¢c, we observe that all RA; curves remain low and nearly flat
across prefix lengths, except for a rise at x = 41 and x = 42 (and x = 42 is a redundant case,
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as it is a self-comparison). This pattern indicates weak consistency in Gradient SHAP’s
exact top-k rankings for every value of k. In contrast, Figure 9f reveals that DiCE displays
graded stability: the RA_5 curve stays highest throughout, showing that DiCE reliably
preserves both membership and ordering of the top-5 assessments even as additional
scores become available, while the RA_k curves for larger k values exhibit progressively
lower agreement.

In summary, the curves reveal that both methods converge in their overall feature
importance profiles (FA) at different rates, they diverge in stability at finer scales: as
additional assessments are added, Gradient SHAP and DiCE differ in how reliably they
maintain pairwise feature order (RC) and the exact rank positions of features within the
top-k set (RA). If we relax the requirement on exact positions and consider only whether a
feature belongs to the top-k, DiCE maintains higher agreement than Gradient SHAP across
all prefix lengths. It also demonstrates the greater robustness of DiCE in retaining the core
subset of important assessments even as rank positions change.
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Figure 9. Comparison of Gradient SHAP and DiCE across three ranking agreement metrics. Top
row: Gradient SHAP results for (a) feature agreement, (b) rank correlation, and (c) rank agreement.
Bottom row: DiCE results for (d) feature agreement, (e) rank correlation, and (f) rank agreement.
Each panel displays six curves corresponding to fixed prefix lengths k = 5, 10, 15, 20, 25, 30.

https://doi.org/10.3390/aieduc2020017


https://doi.org/10.3390/aieduc2020017

Al Educ. 2026, 2,17

28 of 34

3.4.2. Inter-Method Agreement

Inter-method agreement addresses the second facet of RQ1: whether Gradient SHAP
and DiCE identify the same influential assessments at any given prefix. Concretely, we
evaluate RA(RY,, R?t) and RC(R{,, Rf?/t) at each prefix length t € {1, ...,42}, then average
over i.

Figure 8c compares Gradient SHAP and DiCE rankings across prefix lengths with RA
and RC; FA is omitted because it equals 1 at every prefix. Both curves decline as additional
assessments are introduced, displaying growing divergence between the two explanation
methods. RA curve, reflecting complete-order concordance, decreases monotonically to
near zero by prefix length x = 42, denoting almost no agreement in overall rankings. RC
curve, capturing pairwise concordance, falls more slowly and plateaus near 0.2, indicating
persisting partial-order alignment. The nonzero RA values at early prefix lengths suggest
that both methods consistently recognize the initial top-ranked assessments, although they
diverge on the precise ranking positions of those assessments as more assessments are
incrementally added to consider.

3.4.3. Individual-Population Agreement

We computed both RA and RC at the full prefix length (t = 42, when all features
are available). For each test instance i € D;, we compared its local feature rank vector
R; 4, to the global rank vector R7, ,, for each explanation method ¢ € {a,b} (i.e., ranking
disagreement between individuals and population): RA(R{,, RS, 45), RC(R{ 45, R 45)-
Figure 10 plots the resulting RA and RC values, using different colors and markers to
indicate true positives (TP), false positives (FP), true negatives (TN), and false negatives
(FN), where the positive class is at-risk students (Fail); see Section 2.2.4.
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Figure 10. Rank Agreement vs. Rank Correlation. (a) Gradient SHAP. (b) DiCE. Markers indicate
prediction categories: blue circle = TN, red diamond = FN, green square = TP, and cyan cross = FP.
The positive class is at-risk students (Fail).

Under Gradient SHAP, RA values cover a relatively wide interval, reflecting a higher
variability in how individual feature rankings align with the global ranking; its RC values
occupy a slightly narrower range. By contrast, DiCE’s RA values form a nearly horizontal
band near 0.025, signifying that for virtually every instance, the exact rank positions of
features diverge almost completely from the global ranking. Meanwhile, RC values span
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a broader range than that of Gradient SHAP, revealing greater dispersion in pairwise
feature orderings across instances. These distinct stability profiles reflect the explainers’
fundamentally different mechanisms. Gradient SHAP derives attributions from model
gradients, whereas DiCE constructs counterfactual examples through feature perturbation,
a process that is inherently more sensitive to local variations in the feature space.

3.4.4. RQ1 Summary

Taken together, Sections 3.4.1 and 3.4.2 answer RQ1: both methods’ rankings stabilize
over time within themselves, but the two methods do not converge toward each other as
additional assessment scores arrive. Intra-method agreement rises with prefix length for
both methods, indicating that early partial rankings increasingly resemble full-sequence
rankings within each method. Inter-method agreement, by contrast, declines with pre-
fix length, indicating that Gradient SHAP and DiCE diverge more as more information
becomes available, even as each individually converges on its own final ranking. The
individual-population analysis in Section 3.4.3 complements this answer by showing that
within-method stability at the population level coexists with substantial individual-to-
population divergence, which is most pronounced for DiCE. This divergence is a separate
axis of agreement from the ones RQ1 addresses and is relevant to how population-level
explanations should be interpreted at the individual-student level.

4. Discussion

The disagreement problem in XAI, where different explanation methods produce
contradictory results for the same model, has been documented across multiple domains
(Brughmans et al., 2024; Krishna et al., 2025; Mitrut et al., 2024). Relying on a single
attribution technique can miss features that are either necessary or sufficient, and differences
in feature importance rankings grow with feature dimensionality (Kommiya Mothilal et al.,
2021). We therefore developed a dual-method filtering strategy that retains only assessment
features ranked highly by both an attribution method (Gradient SHAP) and a counterfactual
method (DiCE), following Kommiya Mothilal et al. (2021) in treating the two families as
methodologically complementary. We interpret cross-method agreement as a heuristic
that increases confidence in identified features relative to single-method results, not as
evidence of causal validity: two methods that rest on different mechanisms can agree
for reasons unrelated to the underlying causal structure, particularly when features are
statistically dependent.

Using either method alone is problematic for the decisions our framework supports.
Gradient SHAP achieves high feature agreement across prefix lengths (approaching 1)
but rank agreement near 0, indicating substantial re-ordering as new evidence arrives;
this volatility, driven by baseline shifts and input-dimensionality expansion, inflates the
apparent importance of early-visible assessments and can direct instructor attention toward
assessments whose rank position will not survive later evidence. DiCE has higher rank
agreement but only identifies features through which minimal perturbations can flip the
prediction, so assessments that predict outcomes in aggregate but fall outside minimal
counterfactual sets are systematically under-credited. SHAP describes what the model is
associated with; DiCE prescribes what can change its output. Intersecting the two at the
population level yields a global-level top-k shortlist more stable than SHAP’s standalone
rankings and broader than DiCE’s minimal counterfactual targets; this global shortlist
summarizes historical patterns across the student population and serves as a reference
against which individual explanations can later be cross-checked.

For individual at-risk students, DiCE prescribes minimal score changes that would flip
the predicted outcome, while SHAP’s complementary attributions, visualized through stan-
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dard waterfall or force plots, highlight which assessments most drive the current prediction.
Paired with incremental re-forecasting as new scores arrive, this supports an iterative inter-
vention loop: instructors direct tutoring and practice toward the assessments each method
identifies as pivotal for a given student, and subsequent prefix-level predictions indicate
whether the intervention has shifted the model’s assessment of that student’s trajectory. The
remaining question is which assessments, specifically, should guide intervention for a given
student at a given point in the semester. The answer depends on how the two methods’
explanations agree with each other at the individual level and with the global-level top-k
list. We can adopt the following procedure. For a given at-risk student, we first intersect
the SHAP and DiCE explanations; the intersection is non-empty when the two methods
share at least one influential assessment, and empty when they share none.

*  When the intersection is non-empty, the shared assessments carry both a diagnostic
and a prescriptive interpretation, and the instructor can direct intervention toward
them directly.

*  When the intersection is empty, the instructor chooses between SHAP’s attribution-
based explanation (diagnostic view) and DiCE’s counterfactual-based explanation
(prescriptive view), and may optionally cross-reference the chosen view against the
global-level top-k list when that list exists.

Intersecting the two explanations is the first step. It ensures that the counterfactual
prescriptions are derived from a model whose influential assessments have been indepen-
dently confirmed by an attribution-based method. The resulting guidance reflects features
less susceptible to method-specific biases than single-method analyses can detect. The
global-level top-k list plays a supporting role in the second branch, where it can further cor-
roborate the view the instructor has chosen. However, the list assumes the student follows
the population distribution, so its applicability to any particular student is a judgment the
framework defers to instructor expertise. With an appropriate user interface, the same out-
puts can also serve students directly: a student could track their current risk status as new
scores arrive, see from the SHAP attribution which past assessments most drive that status,
and see from the DiCE counterfactual which assessments offer the smallest-effort path
to reclassification (from at-risk to not-at-risk). This gives students concrete, self-directed
targets for improvement rather than a single pass-or-fail signal, and turns the framework
into a shared reference used by the instructor and students together.

4.1. RQ3 Summary

Taken together, the preceding paragraphs answer RQ3 through two complementary
mechanisms and a provision for the case in which they conflict. The dual-method procedure
directs intervention at the intersection of the SHAP and DiCE explanations when that
intersection exists for an at-risk student, and otherwise has the instructor choose one
view and optionally consult the historical global-level top-k list, subject to the population-
distribution caveat noted above.

4.2. Limitations

Several limitations constrain how these findings should be interpreted. First, our
study examines a single course with 244 student sequences across four semesters, and its
assessments, grading structure, and student population shape which specific homework
items emerge as influential. Therefore, the framework itself is scope-limited. It assumes
a course structured as ours is: semester-long, with multiple unequally-weighted assess-
ment categories released at known points across the term, and enough assessments to
yield informative prefix trajectories. Substantial adaptation would be needed for courses
with few scheduled assessments, such as project- or portfolio-based courses where the
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grade rests on one or two large submissions. Second, our feature-dependence diagnostics
place the data within a moderate-collinearity range that applied SHAP and counterfactual
studies routinely tolerate, though the implications of that range for SHAP attributions
and DiCE counterfactual targets in our setting are not directly established by these di-
agnostics. Dependence-aware Shapley variants (Aas et al., 2021; Olsen & Jullum, 2024)
and causally constrained counterfactuals (Mahajan et al., 2020) have been proposed as
partial remedies, but no single method has emerged as standard practice, and each in-
volves trade-offs between fidelity, computational cost, and the strength of assumptions
placed on the data-generating process. We did not use dependence-aware variants here
because they are less mature as tooling than the standard implementations, and substitut-
ing them asymmetrically (for example, pairing a dependence-aware SHAP with original
DiCE) would introduce a source of measured disagreement unrelated to the attribution-
versus-counterfactual contrast our framework is designed to isolate. A fully symmetric
substitution, using dependence-aware versions of both methods, is a natural direction for
future work. Third, our agreement analysis is descriptive: it measures whether two meth-
ods converge, not whether they converge on causally correct features, and counterfactual
explanations in an observational dataset with correlated assessments cannot by themselves
establish causal effects on student outcomes.

4.3. Future Work

Future work could extend the framework along four directions. A natural next step is
to apply the framework to data from other courses and institutions, indicating whether the
patterns observed here extend beyond the single course analyzed in this study. A second
direction is to incorporate dependence-aware explanation methods, such as conditional
Kernel SHAP, causal or asymmetric Shapley values, and causally constrained counter-
factual generators, which would allow the cross-method comparison to proceed under
less restrictive independence assumptions. Third, resampling-based stability selection
becomes feasible with larger datasets or faster counterfactual methods and would provide
a more principled complement to the midterm-referenced stability criterion we used; we
did not adopt it here because DiCE counterfactual generation is computationally expensive
relative to Gradient SHAP. Finally, evaluating real-world impact through instructor-led
interventions informed by the framework’s outputs would test whether cross-method
verification translates into improved student outcomes, a claim our descriptive analysis
cannot by itself establish.

5. Conclusions

This study applied a dual-method explanation framework, combining Gradient SHAP
and DiCE, to a GRU model predicting student course outcomes from incremental assess-
ment sequences in a foundational Data Structures and Algorithms course. Three findings
answer the questions posed at the outset. As the semester progresses, both methods’ rank-
ings stabilize internally, though to different degrees, while the two methods increasingly
disagree with each other on precise ordering (RQ1). A compact subset of early-semester
homework assessments is consistently identified as most influential by both methods (RQ2).
At the individual student level, the two explanations can be intersected to yield interven-
tion targets that carry both a diagnostic and a prescriptive interpretation; when no such
intersection exists, the instructor selects one view and may cross-reference it against the
global-level top-k list, producing guidance less susceptible to method-specific biases than
single-method analyses. With an appropriate user interface, the same outputs can also
serve students directly as a self-directed reference (RQ3).
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Notes

1

Combining explanation methods grounded in distinct principles increases confidence
in the identified features relative to single-method results, without establishing causal
validity. We view this cross-method verification as a step toward more responsible use of
learning analytics in teaching practice.
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Abbreviations

The following abbreviations are used in this manuscript:
XAI eXplainable Artificial Intelligence

SHAP SHapley Additive exPlanations

DiCE  Diverse Counterfactual Explanations
GRU  Gated Recurrent Unit

The “Fail” label here reflects competency-level performance rather than institutional academic failure. The institution’s formal

failing grade is F (scores below 60, i.e., below D—), and grades in the D range (D—, D, D+) are institutionally passing; however, a

D-range performance falls below the competency standard required to proceed confidently to subsequent courses that depend on

Data Structures and Algorithms as a prerequisite, which is the intervention-relevant criterion for our early-prediction framework.

A tiebreaking rule was not required in our 20-run pool, as all surviving candidates had clearly distinct ¢ and a values; should

ties arise in future applications, we suggest using mean prediction accuracy across all prefix lengths as a secondary criterion.

Additional implementation details are discussed in Section 3.1.
3 The version of the SHAP library we used is 0.47.0. See URL https:/ /github.com /shap/shap, accessed on 10 April 2025.

We cloned the DiCE repository for compatibility inspection during integration with our experiment scripts. See URL https://

github.com/interpretml/DiCE, accessed on 10 April 2025.
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