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A Hybrid Feature Selection Approach for Early Detection of
Alzheimer’'s Disease from Handwriting
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Abstract

The rapid increase in Alzheimer’s disease patients due to global aging poses a significant public health
concern, highlighting the urgent need for early diagnosis. This study proposes a hybrid feature selection
technique to address the high—dimensional feature problem of the DARWIN (Diagnosis AlzheimeR WIth
haNdwriting) handwriting dataset. The technique first extracts datasets with varying numbers of features
using pre-selected feature selection techniques, experiments with six classification techniques, and then
combines the two best-performing feature selection techniques into a hybrid approach. Experimental
results identified Mutual Information and SHAP as the two optimal techniques, which were then combined
to perform hybrid feature selection. Using the selected features, experiments demonstrated that the
proposed technique achieved an accuracy of 93% with only 82 features and 92% with as few as 44
features. Future research will focus on the clinical relevance of the selected features and related tasks.
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Table 1. hyperparameter search ranges for
classification algorithms using GridSearchCV

rEud sheol )
IR C: [0, 1, 10, 100]

solver: ['lbfgs’]
n_estimators: [100, 200, 300]
RF max_depth: [None, 5, 10, 20]
min_samples_split: [2, 5, 10]
learning_rate: [0.01, 0.1, 0.2]
LB max_depth: [3, 6, 10]
n_estimators: [100, 200]
learning_rate: [0.01, 0.1, 0.2]
XB max_depth: [3, 6, 10]
n_estimators: [100, 200]
n_estimators: [100, 200, 300]
ET max_depth: [None, 5, 10, 20]
min_samples_split: [2, 5, 10]
C: [01, 1, 10, 100]

SVM gamma: ['scale’, 'auto’]
kernel: ['rbf’]
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ol 13 3 29 Zo] M9 2007 5Ho= A 7beAE TIMeR F8 548 MY 4
TA9 dolgMloe] ET EdlolA BB 9254%, 2 F7H4 g3 (Max X/Y Extension), =49
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Table 2. accuracy performance by feature selection technique, feature count, and model

¢ | 33 | 52 | =a | #8= | ug= | 9= P44 | AUC
1 MI 200 ET 92.538 93.268 92.468 92.744 92.516
2 | SHAP | 200 ET 92.521 91.046 94.561 92.482 92.582
3 | SHAP 100 ET 92.521 91.046 94.444 92.563 92.582
4 MI 100 LB 91.966 93.268 91.856 92.38 91.928
5 PI 200 RF 91.966 93.333 91.542 92.302 91.961
6 PI 100 ET 91.966 91.046 93.601 92.106 91.993
7 RF 50 ET 91.966 89.935 94.496 91.908 92.026
8 MI 50 ET 91.95 91.046 93.667 91.998 91.993
9 MI 100 ET 91.95 91.046 93.203 92.063 91.993
10 | SHAP 50 ET 91.95 89.935 94.444 91.881 92.026
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Table 3. best hyperparameters for MI(200) and
SHAP(200) datasets
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Fig. 1. comparison of accuracy by feature selection technique, feature count and model

Method (Model)
Top: 0.9366 —— Proposed (ET)
£ -+ Proposed (RF)
= MI(ET)
~+- SHAP (ET)
~+- Proposed (LB)
=+ MI(LB)
-=+= PI (RF)
=== Pl (ET)
- RF (ET)
=== Pl (LB)
-+ SHAP (LB)
-== Pl (XB)
-+~ Proposed (SVM)
--+- Proposed (XB)
—+- MI(RF)
= SHAP (RF)
-=+- Proposed (LR)
=== Ml (SVM)
= Ml (XB)
==+ RF (RF)
- RF (XB)
==== Pl (SVM)
~e= MI(LR)
—+- RF (SVM)
-+- PI(LR)
==+ RF (LB)
-+~ SHAP (LR)
SHAP (XB)
-+ SHAP (SVM)
2830 350 8 100 200 7 RFUR)
Feature Count

0.94

0.92

0.90

Accuracy

0.88

0.86

a8 2 Mot S3 Me 7| |E Jlgel 53 %, 2o ©e MEE 8D

Fig. 2. comparison of accuracy by proposed feature selection technique, feature count
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Table 4. selected features list by hybrid feature selection techniques according to performance degradation

tolerance
Bede | o
B gy 544
() A
0.99 10 total_timel3, total_time23, total_timel5, air_timel6, air_timel5, pressure_varl9,

total_time22, num_of_pendownl9, total_time9, air_time22

total_timel5, air_timel6, pressure_varl9, num_of_pendownl9, total_time23, air_timelb,
air_time22, total_timel3, total_time9, air_time23, total_time22, paper_time9, paper_time23,
disp_index23, total_timel7, total_timel6, pressure_meanZl, total_time6, mean_gmrtl?7,
0.95 44 mean_speed_on_paperl), — gmrt_in_air23,  air_timel7,  air_timel9,  gmrt_in_airl?7,
: pressure_mean9, total_timelQ, air_time2l, disp_index22, paper_timell, gmrt_in_air7,
mean_gmrt7, mean_jerk_in_airl7, total_time2, paper_timel5, total_time?25,
pressure_meanl9, pressure_meand, air_timed, paper_timeZ22, mean_acc_in_airl7,
air_time20, paper_time6, max_x_extensionl9, air_time6

total_timel5, air_timel6, pressure_varl9, num_of_pendownl9, total_time23, air_time22,
total_timel3, total_time9, air_timel5, total_time22, air_time23, paper_time9, disp_index23,
total_timel7, paper_time23, total_time6, total_timel6, pressure_mean2l, air_time?l,
mean_speed_on_paperl), mean_gmrtl7, gmrt_in_airl7, gmrt_in_air23, air_timel9,
air_timel7, pressure_mean9, total_timel0, total_timeZ2, mean_jerk_in_airl7, disp_index22,
paper_timell,  total_time25,  paper_timel5,  pressure_meand,  pressure_meanl9,
paper_timelQ, gmrt_in_air7, mean_acc_in_airl7, paper_time6, pressure_vard, paper_timeZ2,
0.90 32 mean_gmrt7, air_time20, mean_speed_in_airl7, max_y_extensionl9, mean_gmrtl4,
) air_time24, air_timed, air_timeZ2, max_x_extensionl9, total_timel8 total_time24,
mean_speed_in_air?23, air_time6, paper_time7, gmrt_on_paper10, air_timel3,
mean_speed_on_paper8, mean_gmrtl9, max_y_extension2l, mean_speed_in_airl9,
air_timell, paper_timel7, mean_speed_on_paperl9, mean_speed_on_paper7, paper_timel9,
mean_jerk_on_paperl9, pressure_mean?7, total_timel9, pressure_mean8, total_timeS,
paper_time25, pressure_meand, total_time7, disp_index6, paper_timel2,
mean_acc_on_paper2l, gmrt_on_paperl9, total_timell, total_time3, paper_time20,
pressure_meanl

E 5 Mot £F e J[EHat J[E 7|Hol &9 1070 HEtT H{W A3t

Table 5. top 10 accuracy results comparing proposed feature selection techniques with existing

techniques

| 32 | 53 | ma | gg= | ugs | U= | Fl-®4 | AUC
4l A N

1 Proposed 32 ET 93.6639 93.268 94.9206 94.1176 93.7862
2 Proposed 32 RF 93.6639 94.3791 93.9683 92.9412 93.9737
3 MI 200 ET 92.5378 93.268 92.4683 91.7647 92.7437
4 SHAP 200 ET 92.521 91.0458 94.5614 94.1176 92.4816
5 Proposed 44 ET 92.521 91.0458 94.4444 94.1176 92.5628
6 SHAP 100 ET 92.521 91.0458 94.4444 94.1176 92.5628
7 Proposed 32 LB 91.9664 92.1569 92.3323 91.7647 92.2161
8 MI 100 LB 91.9664 93.268 91.8561 90.5882 92.3803
9 PI 200 RF 91.9664 93.3333 91.5418 90.5882 92.3024
10 PI 100 ET 91.9664 91.0458 93.6013 92.9412 92.1064
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