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Counterfactual Fairness and XAI-based Bias
Attribution in Academic Performance Prediction
Using Multivariate Sensitive Features
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This study aims to quantitatively evaluate the fairness of predictive models using counterfactual
instances and to identify potential sources of bias through interpretable attribution analysis
focused on sensitive attributes. Unlike prior studies that merely assess disparities in prediction
outcomes, this research analyzes whether a model reverses its prediction (i.e., Flip) in response
to changes in sensitive attributes and visualizes their contributions near decision boundaries

using explainable Al techniques, such as Counterfactual SHAP and iBreakDown.

These analyses offer empirical grounds to enhance the accountability and trustworthiness of
data-driven algorithms, particularly in formulating higher education policies and preventing
early student dropouts. Among several AutoML-based machine learning models tested to
predict university students” academic outcomes (Graduated, Dropout, Fnrolled), the Stacked
Ensemble model demonstrated the highest predictive performance and was adopted as the

reference model. The sensitive attributes were defined as parental education and occupation.

In counterfactual experiments involving top-n (n=3) combinations across 20 samples, the
Flip rate was measured at 16.9%, with 'Father’s Qualification’ emerging as a key variable
contributing to prediction reversals. Furthermore, SHAP and iBreakDown analyses revealed
that this attribute exerted approximately 1.5 times greater impact compared to other features,
indicating its decisive role in altering model outputs. These findings suggest the effectiveness
of counterfactual analysis as a diagnostic tool for detecting algorithmic bias and enhancing

fairness in predictive modeling.

Keywords Counterfactual Fairness, Explainable Artificial Intelligence (XAl), Academic
Achievement Prediction, Sensitive Attribute Contribution Analysis, AutoML-based

Ensemble Learning
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Table 2. Academic outcome class distribution

Class Label Class Meaning | Sample Count | Proportion (%)
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2 Graduate 1,767 50.0

2 floje] NEx 3709 st 23t i~ (Dropout,
Enrolled, Graduate)2 FAJE o] glow, A Bx=
Table 29} Zt}. GraduateZe A7} AA|o] oF
A 5= R, o
A FEE ] At ol EdF 2 s
3870l IFE & 4 A7] "o,
per class error, MSE, RMSE 52| A &£E

3k, REAMAE A4 7|Hte] Mg i x4 HE 7t
S48 AEskqct

7} HlAE AZo| it &3 oo] (X _train)ollA] s
0)7k 40 197F 23FS 7|Hto 2 st R E ] A=
S A5, o]E AutoMLES &8 =54 21 s 23
o fd=sto] ol & At s} o .5 7ttt

w

NI

o= 2E 2 74 % 35

¥ 2de H209 AutoML 7|52 &85te] 535t
27 stol] 3712 9] =ell(Random Forest (RF), XGBoost,

Stacked Ensemble (base: RF + XGB))& &<5A17] 1,
149] 458 Bel wel 1715 Table 37} o] M4}
AutoML ol A= tha3F 22 2318 AA 3
Table 3. Performance evaluation metrics
Mean
Model ID per class | LogLoss | RMSE MSE
error
StackedEnsemble_
BestOfFamily_2_ 0.293 0.548 0.423 0.179
AutoML_1
StackedEnsemble_
AllModels_1_AutoML_1 0.293 0.543 0.421 0.177
StackedEnsemble_
AllModels_3_AutoML_1 0.293 0.545 0.421 0.177
StackedEnsemble
BestOfFamily_4_ 0.294 0.546 0.422 0.178
AutoML 1
StackedEnsemble
BestOfFamily_3_ 0.297 0.544 0.422 0.178
AutoML 1
StackedEnsemble
BestOfFamily_1_ 0.299 0.546 0.423 0.179
AutoML 1
StackedEnsemble_
AllModels 2 AutoML_1 0.299 0.543 0.421 0.177
XGBoost_grid_1_
AutoML_1_model 2 0.301 0.568 0.424 0.180
XGBoost_grid_1_
AutoML_1_model 3 0.301 0.567 0.423 0.179
GBM_5_AutoML_1 0.301 0.554 0.424 0.180

o] Ao = thF 2L B £AIo B4 =T
Fol BEE Dfslol 45 W7t A XS FHekic

7} A
RMSE, MSE

- ZFA| A} 1 5-fold cross-validation

Mean per class error+ 2 22|49 £/ 2F&2 ¥
oo AET, FUL B oA el HdrbAQl
Bee w@ WA BHE 4 vk £ IFelA= AUCPR
Al s A EE AutoML HE 7|Fo2 A&kl
LogLosst Z&o] of| 535t FejA &E 22| 4= g
7bote A RE, oS0l AA| S Lol 7PkeE Aol
SHolXIth. RMSE+ oS4t AAIgh Aolo] gat2]Ql @4t

: Mean_mean_per_class_error, logloss,

CHzE miZh

—a

I

A 7]k SRS A BIlo} XAl 7IHS BB i StelaHE ool Yt 2

43



THE JOURNAL OF KOREAN ASSOCIATION OF COMPUTER EDUCATION Volume 29, Issue 3, 2026

ok
EL
El

4. 4% 2

Results)

24 A3 (Experiments and

AAH 2|11 /35 2(StackedEnsemble_BestOfFamily_2_
AutoML_1)9] HIAE dlo]g] 7]|& 78%2] AT E 7|25}
RNoH, Fig. 19 E53H Ao} Table 49 A ARE
Sl L ATe el 4 AT

Z2j 2% Fl-score= Dropout 0.78, Enrolled 0.49,
Graduate 0.872, Graduate Z@20lA 7P £ o=
d58 Hth ¥ Enrolled SefAe Adizoz e
Fl-score(0.49)5 7|1&3loH, ol AMZ 4o E#3(159
71) 9 o2 Fejacte] AA B35 Aol 7|Q1gk ZIo R 4

Weighted B Fl-score: 0.77%, £3] MZ 47}
Graduate 222 (44271)2] o] ¥HgH A2 &
tt. ol2|gt A 7F A Abol= FF 3443 !

A 7|9 w7} A Seslojof & 28 Q4R AFgTh

5 36

True label

0 1
Predicted label

Figure 1. Confusion matrix of the best AutoML mode

A
do] HAE dojeof tis] el £7 45 AEE 2°F
Sk Zlojtt. MA| A& 0.782, 3712 e A(Class 0:
Dropout, Class 1: Enrolled, Class 2: Graduate)oll T3]
w Fel ¢S dsS Beloh

Table 4. Confusion matrix of the best—performing model

Class Precision | Recall | Fl-score | Support
Class 0 (Dropout) 0.82 0.75 0.78 284
Class 1 (Enrolled) 0.54 0.45 0.49 159
Class 2 (Graduate) 0.82 0.91 0.87 442
A& (Accuracy) 0.78 885
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Table 5. Summary of performance metrics (cross—validation)

Metric Value

Logloss 0.547
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mean_per_class_accuracy 0.704
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