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2.2. Tounaruide: Explainable Al Framework for Multiclass University

Recommendations Using SHAP and Counterfactual SHAP
Abstract

This research aims to (1) develop a robust machine learning model for university
recommendations and ranking using advanced ensemble learning techniques, specifically
XGBoost, and (2) enhance model interpretability to support informed decision-making through
SHAP (Shapley Additive Explanations) and Counterfactual SHAP. These methods improve
transparency by explaining features that influence recommendations, ensuring alignment
between student profiles and appropriate universities. The model development process
involves five key steps: data collection from publicly available university admission data, data
preparation and feature engineering (including encoding, feature scaling, and class weighting),
testing various models for multiclass classification using GBT, XGBoost, LightGBM, CatBoost,
Random Forest, and Multi-Layer Perceptron, performance evaluation using confusion matrices
and ranking metrics, and hyperparameter tuning to optimize results. The final model achieved
an accuracy of 88.69%, with a Mean Reciprocal Rank (MRR) of 94.74% and a normalized
Discounted Cumulative Gain (nDCG) of 96.12% after hyperparameter tuning. By leveraging SHAP
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and Counterfactual SHAP, the model provides actionable insights into feature adjustments,
thereby improving outcomes and supporting equitable and informed decision-making based

on interpretable and reliable criteria.

Keywords: University Recommendations, SHapley Additive exPlanations, Counterfactual

SHapley Additive exPlanations, XGBoost Algorithm, Multiclass Classification
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® Machine Learning Theory and Model Design
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® Reinforcement Learning and Computing
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® |arge Language Models and Multimodal Language Processing
® Data Management and Information Security in Advanced Information
Systems
® |ntelligent Image Analysis and Visualization Technology
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® Deep Learning Theory and Application
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® | arge Language Models and Multimodal Language Processing
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Problem Statement and Motivation

* When selecting a unwersty, ¥ often lace challenges relatod to personal interests.
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Explainable Al Framework for Multiclass
University Recommendations
Using
SHAP and Counterfactual SHAP

Assoc. Prof. Dr. Walisa R,

=
L.t

WAL
May 25. 2028 (Ouline Rooes Al
Paper ID: CMI77

Main Contributions

* Development of a robust university recommendation model usin
XGBoost and other ensemble learning techniques, achieving 88 6!
accuracy, 94.74% Mean Reciprocal Rank (MRR), and 96.12% normalized
Discounted Cumulative Gain (nDCG)

* Integration of SHAP and Counterfactual SHAP (C-SHAP) for model
explainability

* Explain how festures affect individual predictions

* Suggest actionable changes for better outcomes

* Addressed class imbalonce using feature wes
weighting, ensuring fairness across different st

* Provides mteerablc Insights to support transparent and trustworthy
decision-making in the university selection process.
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XGBoost for Multiclass Classification
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SHAP dditive E C-SHAP (Counterfactual SHAP):
* Based on uoop-mm game theory ] wﬂl on SHAP by introducing “what
T oneghiyon contributes my the model
. di?vi the prediction %
put lestures ired different ou
. 5,‘:‘."“"%’ sach "g'a m’&"" * identifes the umlomp tn input
{ po-a mn \
| + Provides » clear, additive mﬂy usetul for decisit |
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Our Proposed Model
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Model Interpretation and University Ran!mg
for Selection
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Case 2 ‘
~Tm-munn-n§oandsemal-wbv ot CHULA Uniersy. which
thl ranking. The student’

ofile ncludes the blowv‘.‘ Oetads
Gender: Female. Addr Age. 16, G'Ax 29, TGAT: 12 TPATD. 18 A UL
An-,ums‘acumm-mwlmn Unves numOulAUmwu-w
Rank L Location Bangkok. No-Adma: 50 and Compe mon Rite:

N Wy Nesw | Dty Rembings  Proabiny

I KMUTN . LE) < 1
{ 3 — -

=B R /,’

* A student has the

folowng pre Male Address: Bangkok. Age: 16, GPAX: 32

TGAT: 16, TPATS: 3L A-Math l‘ MI\ Score: 71.83, Max-Score: 8143, Score: 74,
: KMUTT, Uni Rank: 3. Location. Bangkok. No-Admit 40, and Compettion
Rate: 1288 He is interested in admesion to KMUTT
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Conclusuon and Future Work

Conclusion
* Universay selection & a complen challengs influenced by coth student and sstrtutional facton.
* Maching learrung offers an effective 30l by DACKING and (NG swiladie unswe e
* Owr mode! lnverages.
* XGBoow for nigh: sccuracy Muclass classdicaton (Accepted. Reected. Wadthated)
* Clwws weghts 10 ados das srCalance
* M twring 10 Boost
*  SHAP #nd C-5HAP sohance ramsparency by
* Explamng peeciction culcomes
* Rovnahng how feature aciustroents can ofuence resulty
Future Work
* Dovelop wser -fnendly ntedaces 10/ Rudents and unversey staf
+ Explore croms-doman snpicatons. such s ob recrumitent snd other TeCoMmencaton systems
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* The studant has a Score of 56 and 1 swneg bor acceptance at CHULA Unwevsdy which
hoids the top-1 unwersty ranking The students profile inchides the following detaily
Gender: Fomale, Addross: Bangeok.  Age: 16. GRAX: 2.0. TGAT. 12, TPATS. 16, A-Math: 14,
APy 12, M -Score: 6063, Max -Scote: 80 1. Score: S6.

Rank: 1, Location: Bangkok. No-Admut: 50 and Competition Rate 617

A Gty Yo L nondy Ronbing  Prababliey
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Thank you very much for your attention

* Assoc. Prof. Dr. Walisa Romsaiyud
« Email: walisa. rom@stow.ac th
* https://www.stou.ac th/link/MBAnNW
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Conclusion and Future Work

Conclusion

* UnWeriay selechon 1 3 SOmplen Chaterge Miuenced by DO Sy Sent and insUBON factorn.
* Machne leaerng offers 21 eilecive sokitoon by predecting and ranking s sble unvendtes
* Our model leverages.
= AGBoost lor tugh-securacy mumicias chaswication (Accepted. Reectes, Wandiated|
* Class weights 10 address data imbalance
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Sunday, May 25, 2025 (UTC+3) | ONLINE SESSIONS
<ONLINE ROOM A: 831 6554 7622>

}Online Session 1-Deep learning and federated learning

CM352 CM377 CM354 CM3049-A CM309 CM320 CM331 CM334 CM395 CM519

|

11:30-13:30 Ismk e
" |Online Session 3-Machine learning theory and application
Chairman: Assoc. Prof Gurwaj H L, Manipal University Bengaluru (Karnataka), India

CM3008 CM403 CM472 CM437 CM3036 CMA38 CM475 CM3004 CM358 CM3033
CMa77

13:30-16:15
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CMA72 - Julius... Tomas Navarro (... yu mingzhe Filippa Neri Adrian Cardona

UiO 2 Department of Informatics

ey o G VIROS focus areas
1.Privacy 2.Security 3.Safety
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Sensors Artificial Motors +
Intelligence Mechanics
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CM377-WALISA % : m Jianhua Zhang

UiO 2 Department of Informatics
University of Oslo

Techno-Ethical Considerations when Applying
Machine Learning in Real-world Systems

Jim Torresen
Research group Robotics and Intelligent Systems (ROBIN)
Department of Informatics and RITMO
University of Oslo, Norway
Email: jimtoer@ifi.uio.no

Keynote ICMLT-2025, 24th May
Helsinki, Japan

Centre for Computational
and Data Science
(dScience)
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CM377-WALISA ﬁ}’» ; Jianhua Zhang -... m‘ Adrian Cardona... (3)
Experiment: CNN-LSTM

1.1 Conv-pool 2 Conv-pool 3 Conv-pool4 Flattened

) . ) pattern
; et { 4 Output
’ = Feature maps / predicted
: | . ’ actions
Input image -

# B
GPS patternJ/ -
(72x256x3) g _,’{ 512 neurons | LSTM Layers

( Concatenation 2(@340 neurons

Wu & Weng AIEE 2024
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