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Abstract—Depressive disorder (DD) in youth is a 

significant, yet underrecognized mental health issue, often 

accompanied by psychomotor retardation. Handwriting 

analysis provides a non-invasive and measurable method for 

detecting such symptoms. This study explores feature selection 

approaches to improve machine learning-based classification 

of DD using kinematic features from a task—repetitively 

writing the lowercase cursive letter “l”. From 177 extracted 

features, 40 were retained through statistical filtering and 

further refined using five selection approaches. Logistic 

regression models were trained and evaluated using subject-

wise leave-one-out cross-validation. In this paper, a 

comparison of different feature selection approaches 

(Recursive Feature Elimination, Sequential Forward 

Selection, SHapley Additive exPlanations, Minimum 

Redundancy Maximum Relevance, and Feature Importance) is 

presented, considering the occurrence of optimal feature sets as 

well as the binary classification accuracy of subjects into the 

DD and control groups.  

Keywords— depression, handwriting, graphic tablet; 
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I. INTRODUCTION  

Depression is among the most prevalent affective 
disorders worldwide [1]. Its global impact has been 
increasingly severe, with the number of cases rising steadily 
in parallel with population growth [2]. Clinical definition of 
DD pertains to a persistent low mood and/or anhedonia 

lasting at least two weeks, accompanied by symptoms such 
as fatigue, sleep disruption, cognitive impairment, and 
changes in appetite [3, 4]. Importantly, behavioral markers 
such as psychomotor disturbances provide a potentially 
objective basis for diagnosis [5, 6].  

Assessment methods of psychomotor retardation include 
clinical scales, objective movement analyses, and reaction 
time tests [5, 7–9]. Notably, drawing and handwriting tasks 
offer a low-cost, quantifiable, and sensitive way to detect 
motor abnormalities in depression [7, 8, 10]. Handwriting, 
long studied in graphology [11], has demonstrated utility in 
identifying traits related to personality and cognitive 
disorders, including neuroticism, learning difficulties, and 
dyslexia [12, 13]. Given the close relationship between 
motor behavior and affective state, handwriting analysis 
holds promise for detecting mood disorders such as 
depression. Studies report slower and less forceful 
handwriting in individuals with DD—both adults [14] and 
youth [15]. 

Although handwriting data have been used in depression 
research, most studies rely on traditional statistical methods 
to identify significant features [10, 15–18]. Few studies [8, 
19–21], to our knowledge, have combined statistical filtering 
with machine learning to explore the predictive potential of 
handwriting features in determining depressive disorder. 
Moreover, research addressing machine learning-supported 
depression detection specifically in youth populations 
remains scarce [22]. 



Feature selection plays a critical role in machine learning, 
particularly in biomedical applications, by reducing 
dimensionality, mitigating overfitting, and enhancing model 
interpretability [23]. This work investigates several 
complementary feature selection strategies (Recursive 
Feature Elimination (RFE) [24], Sequential Forward 
Selection (SFS) [25], SHapley Additive exPlanations 
(SHAP) [26], Minimum Redundancy Maximum Relevance 
(mRMR) [27] and Feature Importance (FI) [28] in the 
context of machine learning-based recognition of 
psychomotor retardation in youth depression.  

II. METHODS AND MATERIALS 

A. Subjects 

The study included 40 youths divided into two groups: 20 
diagnosed with DD and 20 healthy controls. The dataset used 
in this study comes from our earlier study [15, 22]. In the DD 
group, 80% were female, with a mean age of 14.65 years 
(SD = 1.63), and 90% were right-handed. All were diagnosed 
according to DSM-5 criteria [3], and 55% had received 
antidepressant treatment (SSRIs or TCAs) for an average of 
15.8 weeks prior to the study. The control group included 
50% females, with a mean age of 15.9 years (SD = 0.45), and 
85% were right-handed, with no history of neurological or 
psychiatric disorders. The DD group was tested at the Clinic 
for Neurology and Psychiatry for Children and Youth in 
Belgrade, while the control group was tested at “Gimnazija 
Smederevo” high school in Smederevo, Serbia. All 
participants and guardians provided written informed 
consent, and the study was approved by the clinic’s ethics 
committee (Approval No. 21-79/02, 16 July 2018).  

B. Experiment description 

The handwriting experimental protocol included 3 tasks 
[29]: drawing single semicircles, drawing composite figures 
and repetitive handwriting of the lowercase cursive letter “l” 
within two rectangles of different sizes (40 x 160 mm and 9 
x 160 mm). This study focused on the analysis of the third 
task realized within the smaller rectangle. Tasks were 

performed on A4 templates affixed to a digital tablet. 
Handwriting data were collected using a Wacom® Intuos 4 
XL tablet and cordless pen (sampling at 200 Hz, ±0.25 mm 
accuracy, 2048 pressure levels). Signals recorded included 
pen position (X(t), Y(t)) and pen pressure (p(t)), using 
custom LabHand 0.7 software [30]. 

C. Feature dataset 

In this study, we used features extracted from recorded 

pen position and pressure signals (X, Y, p) by the pipeline 

presented in detail in our previous research [22]. This 
pipeline includes: 1) segmentation of individual instances of 

the letter “l,” 2) extraction of 177 kinematic handwriting 

features from segmented instances (165  statistical features 

and 12 “letter” features that describe the shape and 

dynamics of each individual letter segment) and 3) reduction 

of the number of features using statistical approach that 

combines Bartlett’s test [31] for retaining features with 

similar variances across groups and Mann–Whitney U [32] 

test with Bonferroni correction [33]. The list of the reduced 

feature dataset is presented in Table 1. 

D. Feature selection and classification 

The feature selection and machine learning analysis were 

performed using a Jupyter notebook written in Python 3.11.4 

programming language. The input dataset consists of a 

reduced feature dataset (40 features, Table 1). To evaluate 

the model, subject-wise leave-one-out cross-validation 

(LOOCV) was used, splitting the data into training and test 
sets accordingly. The optimal feature subset was identified 

using one of the following feature selection approaches 

applied to the training set: RFE, SFS, SHAP, mRMR and FI. 

Logistic regression (LR) was used as the estimator for RFE, 

SFS, SHAP and FI. To prevent overfitting in the LR model, 

the regularization technique ElasticNet, which combines L1 

and L2 penalty terms, was used. All subset sizes N (N  [1, 

40]) were evaluated, resulting in 40 different optimal feature 

subset lengths. 

TABLE I.  FEATURE DATASET 

Variable Derivative variable Feature 

X position, X(t) 

Velocity per x-axis, Vx(t) 

Acceleration per x-axis, Ax(t) 

Jerk per x-axis, Jx(t) 

cv, max, pct75, pct90 

med, pct90 

med 

Y position, Y(t) 

Velocity per y-axis, Vy(t) 

Acceleration per y-axis, Ay(t) 

Jerk per y-axis, Jy(t) 

std, max, min, pct10, pct75, pct90 

min, pct10 

std, max, pct25, pct75, pct90 

Total 

Total velocity, V(t) 

Total acceleration, A(t) 

Total jerk, J(t) 

med, min, std, max, pct25, pct75, pct90 

std, pct25, pct75, pct90 

med, min, pct10, pct25, pct75, pct90 

Pressure, p(t)  min, pct10 

Letter feature n.a. LS 

Total features = 40 

 

cv—coefficient of variation, max—maximum value, pct75—75th percentile, pct90—90th percentile, std—standard deviation, 

min—minimum value, pct10—10th percentile, med—median, pct25—25th percentile,  LS—letter of drawing speed



LR classifier was performed on test sets for the binary 

classification of valid “letters” into DD and control groups 

using the obtained optimal feature subsets for each N.  

Individual “letter” classification accuracy was calculated 

across all test sets obtained via subject-wise leave-one-out 

cross-validation (LOOCV), hereafter referred to as Letter 

Accuracy. These results were aggregated to compute Subject 

Accuracy, defined as the percentage of subjects correctly 

classified into either the depressive disorder (DD) or the 

control group. A subject was deemed correctly classified if 

at least 50% of their letters were predicted correctly by the 

model. 

III. RESULTS 

Fig. 1 presents the comparison of letter classification 
accuracy obtained by the LR for all five feature selection 

approaches across the range N  [1, 40]. Black vertical lines 
highlight three optimal feature subset sizes where the 
maximal accuracy or “stable” accuracy was obtained. The 
total elapsed time required for feature selection and letter 

classification across the range N  [1, 40] was measured for 
each approach. Total elapsed times were as follows: RFE - 
1063 s, SFS - 55018 s, SHAP - 163 s, mRMR - 2237 s, and 
FI - 115 s. 

Fig. 1. Letter accuracy for each feature selection approach 

TABLE II.  ACCURACIES FOR OPTIMAL FEATURE SUBSET SIZES  

N Approach The optimal feature set 
Occurrence  

[%] 

Letter Accuracy 

[%] 

Subject 

Accuracy 

[%] 

3 

RFE Vy_std, Vy_pct75, V_pct25 95 76.7 82.5 

SFS Vy_std, Vy_pct75, V_pct25 47.5 72 77.5 

SHAP Vy_pct90, Vx_max, Vy_pct75 60 71 72.5 

mRMR Vy_pct75, Jp_min, Vx_cv 100 68 75 

FI Vy_pct90, Vx_max, Vy_pct75 72.5 72.5 75 

6 

RFE Vx_max, Vy_std, Vy_pct75, V_std, V_pct25, FS 47.5 75.8 77.5 

SFS Vy_std, Vy_pct75, V_mean, V_max, V_pct25, Ax_pct90 7.5 72.3 80 

SHAP Vy_max, Vy_std, Vx_pct90, Vy_pct90, Vx_max, Vy_pct75 25 71.2 70 

mRMR Vy_pct75, Jp_min, Vx_cv, Ax_med, Vy_pct90, Jx_med 50 72 80 

FI Vx_pct90, V_std, Vy_std, Vy_pct90, Vx_max, Vy_pct75 30 73.4 80 

8 

RFE Vx_max, Vy_std, Vy_max, Vy_pct75, V_std, V_max, V_pct25, FS 25 74.9 77.5 

SFS Vy_std, Vy_pct75, V_med, V_mean, V_max, V_pct25, Ax_med, Ax_pct90 5 73.6 80 

SHAP 
V_pct25, V_pct90, Vy_max, Vy_std, Vx_pct90, Vy_pct90, Vx_max, 

Vy_pct75 
20 74.3 77.5 

mRMR Vy_pct75, Jp_min, Vx_cv, Ax_med, Vy_pct90, Jx_med, A_pct25, J_pct75 50 70.7 77.5 

FI V_pct25, Vy_max, Vx_pct90, V_std, Vy_std, Vy_pct90, Vx_max, Vy_pct75 30 74.7 77.5 



Table 2 summarizes the classification results obtained 
using five feature selection methods across three optimal 

feature set sizes (N ∈ {3, 6, 8}). For each method, the most 
frequently selected feature subset and its occurrence in 
percentage across all 40 folds is reported (Occurrence), 
together with the Letter Accuracy and Subject Accuracy 
resulting from this approach. 

RFE approach for N=3, 6, 8 consistently gave the highest 
Letter Accuracy among all approaches - 76.7%, 75.8%, 
74.9%, respectively (with Subject Accuracies 82.5%, 77.5%, 
77.5%, respectively). Therefore, for each N, the feature 
subset most frequently selected by RFE is bolded in Table 2. 
Features from this subset that appear in subsets of other 
feature selection approaches are bolded.  

The Occurrence of the predominantly selected optimal 
subset decreases as N increases, with the mRMR approach 
consistently achieving the highest selection Occurrence 
among all approaches for each N reported in Table 2. 

IV. DISCUSSION 

This study evaluated the effectiveness of multiple feature 

selection strategies for distinguishing youths with depressive 

disorder (DD) from healthy controls based on kinematic 

features extracted from a handwriting task.  

Fig. 1 illustrates how classification performance, 

expressed as Letter Accuracy, varies with the number of 

features selected (N) across five feature selection 

approaches: RFE, SFS, SHAP, mRMR, and Feature 

Importance (FI). The RFE approach achieves a peak Letter 

Accuracy of 76.7% at N = 3, outperforming others for low N 

values, up to N = 8. SHAP, mRMR and FI approaches 

resulted in the highest Letter accuracies at N=8. For N=6, 

the LR began maintaining “stable” accuracy when using the 

SFS approach. “Stable” accuracy was defined as 

classification performance that remained consistent over at 

least three consecutive values of N.  

The consistent superiority of RFE in lower dimensions 

supports its ability to identify highly discriminative features 

with minimal redundancy. This is in line with findings from 

previous studies that emphasized the utility of recursive 

elimination in small-sample, high-dimensional biomedical 

data [22, 34]. The plots reveal that RFE and FI maintain 

relatively stable Letter accuracies for N ≤ 10, followed by a 

slight decline. In contrast, SFS exhibits a modest but steady 

increase in Letter accuracy for larger N, reaching a 

secondary local peak at N = 35. However, this improvement 

comes at the cost of increased feature set complexity and 

reduced interpretability. 

When examining the total elapsed time required for 

feature selection and letter classification, SHAP and FI 

demonstrated a clear computational advantage. This 

suggests that, particularly in the context of large datasets, 

these methods may offer significantly faster processing 

times with marginal compromises in classification accuracy 

in comparison to RFE. In contrast, SFS was found to be 

highly time-inefficient, rendering it impractical for real-

world applications where scalability and efficiency are 

critical. 

Among all tested methods, RFE consistently 

demonstrated superior performance across all feature set 

sizes reported in Table 2. For the subset size (N = 3), RFE 

achieved the highest Subject Accuracy of 82.5% and Letter 

Accuracy of 76.7%, correctly classifying 33 out of 40 

individuals. Notably, the same three-feature subset (Vy_std, 

Vy_pct75, V_pct25) was also most frequently selected by 

SFS, pointing to the robustness and discriminative value of 
these specific features. These features primarily capture 

variability and quantiles in vertical velocity and total speed, 

which aligns with the known psychomotor slowing in 

depression [6, 14, 19, 22, 35]. 

The performance of the models showed a slight decline 

or plateau as the number of features increased, with larger 

subsets not necessarily resulting in improved classification. 

This highlights a well-known phenomenon in high-

dimensional spaces—the curse of dimensionality—where 

irrelevant or redundant features may dilute predictive power 

and lead to overfitting. Additionally, as the subset size 

increased, the frequency of consistent subset selection 
decreased for most approaches, indicating greater variability 

and model instability at higher dimensions.  

While RFE led in classification performance, the mRMR 

approach yielded the most consistent feature subsets across 

folds, achieving a 100% selection Occurrence for N = 3 and 

maintaining the highest Occurrences at N = 6 and N = 8, 

indicating strong internal agreement. Nevertheless, its 

predictive performance remained consistently lower than 

that of RFE and SFS. This suggests that while mRMR 

optimally balances relevance and redundancy at a statistical 

level, it may be less effective in capturing task-specific, 

nonlinear interactions critical to psychomotor assessment. 

The SHAP and FI methods, both rooted in model 

interpretability, performed moderately well but showed 

greater variability in subset composition and lower selection 

frequencies. While useful for post hoc model explanation, 

these techniques may be less stable for small-sample feature 

selection when used in isolation. 

The primary limitation of this study pertains to the 

representativeness of the sample used for analysis. The 

dataset comprised 40 subjects, which, while comparable to 

sample sizes in other handwriting-based clinical studies [8, 

18], has the data density advantage by using “letter” 

segments. Expanding the sample in future research would 

enhance the generalizability, robustness and external 

validity of the results. 

V. CONCLUSION 

Beyond reducing model complexity, effective feature 

selection enhances performance, interpretability, and 

generalizability, especially in small-sample studies where 

overfitting is a primary concern. The finding that a small, 

well-chosen subset of features can yield high classification 

accuracy emphasizes the potential of digital biomarkers 

such as vertical stroke dynamics for supporting objective, 
non-invasive screening tools in youth depression. Among 

the evaluated methods, wrapper-based approaches like RFE 

proved especially effective in identifying concise, high-

performing feature sets, making them particularly well-



suited for the constrained sample sizes typical in clinical 

research. SHAP and IF achieved slightly lower classification 

accuracy but offered substantially faster execution times. 

Future studies could incorporate larger and more 

demographically diverse samples to improve the 

generalizability and clinical applicability of the models. 

Exploring deep learning models, especially those capable of 

learning directly from raw handwriting trajectories (e.g., 

autoencoders, LSTM-based encoders), may uncover 

nonlinear relationships and latent features that are difficult 

to capture through handcrafted feature engineering. The 

comparison could clarify trade-offs between interpretability 

and performance. 
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