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TabTransformer-based Model for Alzheimer’s Disease
Classification using EHR and Cohort-based Clinical Data

Jung-a Song*', Tachyeon Yun**, and Jihwan Ha*’
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Mild Cognitive Impairment (MCI) and Alzheimer’s Disease (AD) are prevalent neurodegenerative disorders that
impair memory and daily functioning, with incidence increasing alongside global population aging. As early diagnosis
and accurate stage classification have gained importance, machine learning - based approaches have been widely
explored. However, many existing methods depend on costly neuroimaging modalities such as Magnetic Resonance
Imaging (MRI), limiting clinical applicability. In this study, we propose a TabTransformer-based deep learning
framework that leverages structured clinical tabular data derived from Electronic Health Records (EHR) and cohort
information. Binary classification was conducted among cognitively normal, MCI, and AD groups. Using stratified
10-fold cross-validation, the proposed model achieved over 90% accuracy across all tasks and outperformed a baseline
Multilayer Perceptron (MLP). Permutation importance analysis further identified Clinical Dementia Rating (CDR) and
Mini-Mental State Examination (MMSE) scores as the most influential features.
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deep learning, TabTransformer, Alzheimer’s disease, EHR, cohort
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Table 3. Hyperparameter in ML and MLP

o o SHERMLYZY A% Hla
o Hlw 2de HA AL T23y] 93 1o Models Hyper parameters Values
’ - n_estimators 1000
A A)(Grid searchyE &3+ stolH2trH Fd& 3 Fandom max_depth 10
gl or, HF AeH sto|HgdrHe te & . min_samples_split 2
33 2+ min_samples_leaf 2
H]_]_ﬂ_ E’_E]E]% 9:]1/\] OE]‘]?J:Q_ /%]18__ 3t 94_ :(‘5"7(515} EH ClaSS_Weight balanced
- N - n_estimators 1000
TE 2Ag FYsA ALt 53 AR 7 S learning_rate 0.1
(Data leakage)E HA3t7] Hal Ats}, Jd=ZW, & min_child_weight 6
B2 7hEA A, slolngely A28 5 mE oot i
’ early_stopping_rounds 10
;ﬂ;(]-g] AR AA deolelAlo] opd 7 & (Fold) embedding_dim 16
9] 3k HlolHTES V|Fo 7 FYPAS R S5 Q] e dropout_rate 0.1
T} ol A= ulolge EA ARV} s FA hidden layers 232, 32)
/\]_;q Oﬂ H]_O:]E]}E 3]:_% %47_:11.5.] i}‘%@'giyﬂ, Etj‘:] activation relu and sigmoid
I 4 REo ME(MET, AUC, FI M=, MBI, MUE)
Table 4. Performances of models(Accuracy, AUC, F1 Score, Recall and Precision)
(@) CN vs. MCI (b) MCI vs. AD (c) CN vs. AD
TabTransformer 0.9618 + 0.0208 0.9275 = 0.0194 0.9983 + 0.0034
AccUrac MLP 0.9589 + 0.0135 0.9200 + 0.0171 0.9965 + 0.0080
y Random Forest 0.9606 + 0.0096 0.9275 + 0.0199 0.9983 + 0.0035
XGBoost 09491 + 00133 09208 + 0.0336 09974 + 00040
TabTransformer 0.9933 + 0.0044 0.9743 £ 0.0136 1.0000 * 0.0001
AUC MLP 0.9932 + 0.0026 0.9743 + 0.0077 0.9999 + 0.0003
Random Forest 0.9911 + 0.0034 09729 + 0.0127 1.0000 = 0.0000
XGBoost 09888 + 0.0057 09693 + 00181 1.0000 + 0.0000
TabTransformer 0.9654 * 0.0195 0.8771 £ 0.0315 0.9974 £ 0.0052
F1 Score MLP 0.9630 + 0.0125 0.8670 + 0.0222 0.9947 + 0.0122
Random Forest 0.9654 + 0.0080 0.8736 + 0.0351 0.9974 + 0.0052
XGBoost 09542 + 00121 0.8628 + 0.0578 09961 + 0.0060
TabTransformer 0.9674 + 0.0453 0.9042 + 0.0845 0.9974 + 0.0129
Recall MLP 0.9662 + 0.0283 0.9035 + 0.0824 0.9921 + 0.0256
Random Forest 0.9875 *+ 0.0112 0.8818 + 0.0504 1.0000 = 0.0000
XGBoost 09593 + 00262 08739 + 00633 1,0000 £ 0,0000
TabTransformer 0.9634 + 0.0226 0.8516 + 0.0458 0.9974 + 0.0076
Precision MLP 0.9598 + 0.0127 0.8333 + 0.0568 0.9973 + 0.0081
Random Forest 0.9446 + 0.0193 0.8680 = 0.0455 0.9949 + 0.0103
XGBoost 0.9500 + 0.0189 0.8541 + 0.0660 09923 + 0.0118
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Table 5. Result of Feature ablation study in TabTransformer
(a) CN vs. MCI (b) MCI vs. AD (c) CN vs. AD
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Table 7. Permutation importance
(a) CN vs. MCI
Baseline accuracy: 0.9618 + 0.0208
No. Feature Importance
1 CDRSB 0.4221
2 GENDER 0.0093
3 FAQTOTAL 0.0081
4 MMSCORE 0.0075
5 BMI 0.0035
(b) MCI vs. AD
Baseline accuracy: 0.9275 + 0.01%4
No. Feature Importance
1 MMSCORE 0.1203
2 CDRSB 0.0972
3 FAQTOTAL 0.0157
4 GENDER 0.0060
5 PULSE 0.0015
(c) CN vs. AD
Baseline accuracy: 0.9983 + 0.0034
No. Feature Importance
1 CDRSB 0.1677
2 MMSCORE 0.0868
3 FAQTOTAL 0.0790
4 APOE4 0.0017
5 AGE 0.0008
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