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Abstract

Background This study aimed to determine whether handwriting patterns are altered in individuals experiencing
depressive episodes. Additionally, we developed a model for the recognition of major depressive disorder (MDD)
based on electronic handwriting in psychological tasks.

Methods A total of 130 patients and 117 healthy controls completed 21 psychology-related handwriting tasks. The
electronic tablet recorded several handwriting characteristics, including horizontal and vertical coordinates, nib pres-
sure and speed, and inclination angle. The statistical indicators for each handwriting characteristic were calculated.
Statistical analyses, including differential analysis, were performed to identify predictors of depression. Furthermore,
logistic regression and machine learning models were developed to discriminate MDD.

Results The study included 130 patients with onset depression (mean (standard deviation (SD)) age, 2042 (5.21))
and 117 healthy controls (mean (SD) age, 20.54 (2.60)). The t-test and logistics analysis results indicated that depressed
patients exhibited a higher minimum of handwriting pressure, an elevated median of handwriting speed, and greater
pen tip jitter. The LightGBM machine learning model exhibited satisfactory performance, with a cross-validated area
under the receiver operating curve of mean 0.90 (SD, 0.01). The analysis of variance revealed that the negative ques-
tion—answer task model exhibited superior performance compared to the neutral and positive task models.

Conclusions The present study indicates that depressed patients exhibit modal handwriting changes and developed
a cost-effective, rapid, and valid model for identifying MDD. This finding established a strong foundation for develop-
ing multimodal recognition models in the future.
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Background

Major depressive disorder (MDD) is a prevalent men-
tal disease that is associated with significant physical
and emotional harm [1], negatively affecting the lives of
many people worldwide. The 2017 global estimate from
the World Health Organization indicates that the num-
ber of individuals with MDD worldwide exceeds 300
million and has been on the rise for the past decade [2].
The morbidity rate of MDD in China is higher than the
global average, which results in frequent suicides among
adolescents [3]. Given that earlier diagnosis, prompt psy-
chosocial interventions, and medical care can efficiently
alleviate and even cure MDD, it is imperative to enhance
the efficiency of identifying adolescents with MDD [4].

In clinical practice, it may be challenging to establish
a successful diagnosis and the corresponding effective
treatment due to the significant heterogeneity of MDD.
A significant factor contributing to the delayed or under-
diagnosis is the absence of accepted objective criteria for
evaluating MDD [5]. Therefore, multiple studies started
to investigate the efficacy of objective biomarkers for
depression diagnosis in adolescents. Magnetic resonance
imaging of the brain [6-8], monoaminergic [9-11], and
immune and endocrine systems [12—14] have all been
associated with depression in adolescents. However,
meta-analyses suggest these candidate biomarkers have
limited clinical predictive value [15]. In addition to scale
scores and biomarkers, objective measures, including
voice [16—19], heart rate variability [20-22], and facial
expressions [23-25], have been the focus of research in
recent years. These measures could serve as impartial cri-
teria to facilitate MDD identification. The present study
employs a novel approach to identify MDD through
handwriting features, which presents a quantitative index
of psychomotor symptoms of MDD, including slowed
thought processes, physical restlessness, and severe
retardation in gross and fine body movements [26].

A significant correlation has been observed between
physical activity and MDD [27]. Recent studies have sug-
gested that individuals experiencing fatigue are more
likely to suffer from depression, with fatigue itself being
a strong predictor of depression [28, 29]. In biological
studies, T.M. Gao et al. reported reduced ATP levels in a
mouse model of depression [30, 31]. As handwriting can
be described as a fine body movement, ATP reduction
can affect handwriting activities. Furthermore, Multiple
Code Theory [32], a general theory of emotional informa-
tion processing, can explain the strong interrelatedness
among bodily activation, symptoms, and how individu-
als communicate their emotional experiences [32-34].
A recent study established a correlation between the
speed of speech and writing in patients with depression
[35]. These findings suggest that depressed people could
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have altered handwriting patterns during handwriting
activities.

In 2002, Oliver Tucha found that before and after tak-
ing medication, patients with depression exhibited
changes in handwriting behavior, including handwrit-
ing speed and acceleration of the pen movement [36]. A
2004 study by R. Mergl and colleagues compared hand-
writing speed in patients with depression and healthy
controls and found that patients with depression wrote
significantly slower [37]. In 2010, Sara Rosenblum and
colleagues found that older patients with mild depres-
sion had significantly altered handwriting patterns. The
depression and control groups exhibited significant dif-
ferences in the speed at which they wrote, the duration
of time they left the pen unused, and the strength of the
pen [38]. Additionally, Jeremia Heinik and colleagues
reported that individuals with mild depression exhib-
ited distinct patterns in areas such as pen pressure dur-
ing handwriting compared to normal controls [39]. These
studies indicated that people with depression could have
differences in handwriting speed, strength, and font size
compared to healthy people. However, previous stud-
ies primarily focused on middle-aged [36, 37] or elderly
populations [38] [39], with small sample sizes (n<50)
and a lack of comprehensive handwriting features. This
study focused on the adolescent population, with a large
sample size (n>100) and more comprehensive indicators,
including writing coordinates, writing pressure, speed,
and inclination in several psychological tasks.

In this study, we aimed to determine whether dis-
tinctive alterations in handwriting characteristics were
present in adolescent individuals with depression and
develop a rapid, cost-effective, and valid model of depres-
sion identification based on handwriting characteristics.

Methods

Subjects

The study included 130 outpatients with onset MDD
recruited from the Southern Medical University, the
Zhujiang Hospital, and the Baiyun Mental Health Hos-
pital in Guangzhou. All participants provided written
informed consent before inclusion. The study was reg-
istered at the Chinese Clinical Trial Registry with the
number ChiCTR2400083328. Our study followed the
Transparent Reporting of a Multivariable Prediction
Model for Individual Prognosis or Diagnosis (TRIPOD)
reporting guidelines.

The authors asserted that all procedures contribut-
ing to this work complied with the ethical standards of
the relevant national and institutional committees on
human experimentation and the Helsinki Declaration of
1975, as revised in 2013. All procedures involving human
subjects/patients were approved by the Health Research
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Ethics Committee of the Southern Medical University
(NFYKDXO003).

The inclusion criteria included patients who had a
score higher than 7 on the 17-item Hamilton Depres-
sion Rating Scale (HAMD-17), which indicates a mild to
severe depressive episode [40]. Patients were screened
with the Mini-International Neuropsychiatric Interview
[41]. All patients met the criteria for MDD according to
the International Statistical Classification of Diseases
and Related Health Problems; a specialist in psychiatry
confirmed the Tenth Revision code and the MDD diag-
nosis. None of the participants received any sedative or
hypnotic medication. The exclusion criteria included
acute suicidal ideation or psychosis, other primary Axis
I psychiatric disorder, alcohol or substance use disorder
or dependence, severe somatic illness, history of severe
brain injury, no fluency in Chinese, failure to complete
all tasks, and current or planned pregnancy or breast-
feeding. A total of 152 patients were enrolled in the trial;
however, 22 were excluded due to non-compliance.

Furthermore, 131 healthy controls with no Axis I
psychiatric disorder were recruited from the South-
ern Medical University, Zhujiang Hospital, or an online
recruitment site. The healthy control group was age- and
sex-matched as closely as possible to the patient group
following the inclusion and exclusion criteria. However,
the healthy individuals did not have a current diagnosis
or a history of mental illness. Besides, 14 participants
were excluded from the study due to failure to complete
the tasks.

Record of handwriting features

In real time, we extracted and recorded the hand-
writing  characteristics from a  digital tablet
(Hanvon-100040774427, Beijing, China) and saved them
as a file in CSV format. There were six handwriting

Table 1 Description of handwriting tasks and features
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characteristics, including the horizontal and vertical
coordinates of the handwriting nib position (sampling
frequency 200 Hz, hereinafter referred to as x and y
coordinate), instantaneous handwriting speed (sampling
frequency 200 Hz), instantaneous handwriting pressure
(18192 degrees, sampling frequency 200 Hz), instan-
taneous tilt of the nib X-axis (0—90 degrees, sampling
frequency 200 Hz, hereinafter referred to as angle 1),
and instantaneous tilt of the nib Y-axis (0—90 degrees,
sampling frequency 200 Hz, hereinafter referred to as
angle 2). The experiment consisted of 21 handwriting
tasks (Table 1) in which subjects wrote their answers on a
digital pad (Additional File 1: Fig. S1). To accurately rep-
resent the subjects’ emotional state, there was no prede-
termined completion time. Most subjects could complete
all the tasks within 20—30 min.

Statistics

A total of 13 basic statistical values were calculated for
the six handwriting characteristics in each task, includ-
ing the sum value of all data points (Sum), the number
of data points (Len), mean, median, upper quartile, lower
quartile, maximum (Max), minimum (Min), extreme
deviation (Range), interquartile range, standard devia-
tion (SD), variance (Var), and coefficient of discretion
being recorded (Table 1). This resulted in 78 variables for
each task. In each task, the following statistics strategy
was used. Numeric variables are presented as mean + SD,
while categorical variables are presented as counts and
frequencies. The chi-square (y°) test was used to com-
pare categorical data between the two groups. For con-
tinuous variables, an independent sample ¢-test was used
as appropriate. To identify MDD predictors, variables
passing Bonferroni correction (p,gjsteq<0.05/78) were
included in univariate logistic regression. Furthermore,
variables from the univariate analysis passing Bonferroni

Tasks/variables

Description

Task 1

Task 2—-5

Task 6—8

Task9—-11

Task 12—-14

Task 15-17

Task 18—-21
Handwriting features
Basic statistical values

Name writing task

Number-related tasks

Vocabulary transcription tasks

Negative question and answer tasks

Neutral question and answer tasks

Positive question and answer tasks

Picture description tasks

x coordinate, y coordinate, speed, pressure, tilt of the x-axis, and tilt of the y-axis
The sum value of all data points, the number of data points, mean, median,

upper quartile, lower quartile, maximum, minimum, extreme deviation, inter-
quartile range, standard deviation, variance, and coefficient of discretion

Six handwriting features were recorded for each task, and 13 basic statistical values were computed for each handwriting feature. This resulted in 6 x 13 =78

parameters for each task. Details of the 21 tasks are provided in Additional File 1
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correction p,gjea<0.05 and |B|>0.01 were included in
the multivariate logistic regression to identify independ-
ent determinants of MDD. Significant variables (p <0.05)
in multivariate logistics analysis were used to construct a
new logistic regression model for each task. The receiver
operating characteristics curve was used to indicate the
sensitivity and specificity of the model. If there were no
significant variables in the multivariate analysis, all pre-
dictors in the univariate analysis were included in the
new logistics model to predict MDD. Moreover, posi-
tive predictive value (PPV) and negative predictive value
(NPV) were calculated to evaluate models’ performance.
Data processing and analysis were performed using R
(version 4.3.0; 2023-04-21), GraphPad Prism (version
9.0.0), and Storm Statistical Platform (www.medsta.cn/
software).

Machine learning model construction

The lightweight variant of the gradient boosting decision
tree algorithm (LightGBM), which Microsoft developed,
is an iterative, decision tree-based algorithm. The Light-
GBM algorithm employs a histogram-based traversal
method (Histogram) to navigate through each segmenta-
tion point, thereby reducing memory consumption and
the complexity of data separation, facilitating the accel-
eration of the training process. Furthermore, LightGBM
uses an exclusive feature bundling algorithm, consoli-
dating multiple mutually exclusive features into a single
feature. Additionally, it utilized a leaf-wise strategy to
grow trees and identified the leaf with the greatest gain
in variance for a split. Consequently, LightGBM exhib-
its superior training speeds, reduced memory usage, and
enhanced accuracy. Therefore, the LightGBM model was
selected as the primary method to establish a MDD rec-
ognition model.

Hyperparameters were adjustable parameters that
regulated the process of model training and exerted a
significant impact on the performance of the model.
A threefold cross-validation strategy was employed to
identify the optimal set of parameters. This involved an
iterative training process whereby the model was trained
using multiple sets of hyperparameters. The optimal
parameter set was selected based on evaluating the area
under the receiver operating curve (AUC) metric. The
hyperparameter searches and the specific values are pre-
sented in Additional File 1: Table 1.

We constructed a LightGBM model for each task based
on the 78 parameters and demographics: age and gen-
der. A threefold cross-validation scheme was employed.
The original data sets were randomly divided into three
equal-sized subsets. Of the three subsets, a single one
was retained as the validation data to test the model’s
predictive ability. The remaining two subsets were used
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as training samples to estimate model parameters. The
results were presented across the folds by calculating the
mean, SD, and 95% confidence interval. Shapley additive
explanation (SHAP) values were calculated to demon-
strate which variables were more important. This analysis
was performed on Python 3.7.

To compare the model performance of different stimuli
tasks, one-way analysis of variance (ANOVA) tests were
used to measure continuous variables between three or
more groups, with Tukey’s multiple comparisons test as
the post hoc analysis.

Results

There were no significant differences between MDD and
control groups with regard to age, gender, and years of
education. The mean (SD) of HAMD-17 scores in the
MDD group was 21.07 (6.96) (Additional File 1: Table 2).
Additionally, tests of variance, univariate logistic regres-
sion, stratification analyses, multi-factor logistic regres-
sion model construction, and LightGBM models were
performed for each handwriting task. The metrics,
including AUC, accuracy, sensitivity, specificity, PPV, and
NPV, were used to evaluate the models. We described
task 7 in the main text in detail because it is where the
LightGBM model performed better (Additional File 1:
Table 3). The detailed results on the other tasks are pro-
vided in Additional File 1.

In task 7, 34 variables were significantly different
between MDD and control groups after Bonferroni cor-
rection (p<0.05/78) (Additional File 2). In the univariate
logistics analysis, all 34 features in task 7 were predictors
of MDD (Additional File 3). Significant variables (Bon-
ferroni correction p<0.05 and |B|>0.01) were selected
for multivariate analysis, resulting in six features, includ-
ing task 7 X coordinate quantile lower, task 7 X coordi-
nate max, task 7 X coordinate inter-quantile range, task
7 angle X std, task 7 angle Y inter-quantile range, and
task 7 speed median as the MDD predictors (Table 2).
In gender-stratified multivariate analysis, all the vari-
ables in task 7 were MDD predictors (Additional File 1:
Table 4). The logistic regression model with the six fea-
tures acquired a validation AUC of mean 0.82 (SD, 0.1),
the highest in the three-fold cross-validation (Additional
File 1: Table 5 and Fig. S2). In the MDD group, task 7 X
coordinate quantile lower (mean (SD), 142.75 (34.56)
versus 158.04 (28.08), p,gjusted < 0.05), task 7 X coordinate
max (mean (SD), 189.82 (49.34) versus 215.73(37.78),
Padjustea<0-01), and task 7 X coordinate inter-quantile
range (mean (SD), 76.28 (28.53) versus 94.09 (22.40), p,q4.
justed <0-01) were lower compared to the control group.
However, task 7 angle X std (mean (SD), 5.03 (1.55)
versus 4.01(1.15), p,gjustea<0-01), task 7 angle Y inter-
quantile range (mean (SD), 4.82 (1.96) versus 3.78 (1.22),
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Table 2 Multivariable logistic analysis of various variables in task 7 with age as covariate
Variables B S.E V4 P OR (95% Cl)
Intercept -9.58 3.60 —266 0.008 0.01 (0.00~0.08)
Gender

female 00 (Reference)

male -0.16 041 —-0.38 0.705 0.86 (0.38~1.92)
Age 0.06 0.04 1.45 0.146 1.07 (0.98~1.16)
Task 7 X coordinate quantile lower 0.13 0.04 3.17 0.002 1.14(1.05~1.23)
Task 7 X coordinate Max -0.08 0.03 —248 0.013 0.92 (0.86~0.98)
Task 7 X coordinate range 0.03 0.03 1.03 0.302 1.03(0.97~1.10)
Task 7 X coordinate inter-quantile range 0.19 0.06 3.11 0.002 1.20 (1.07~1.36)
Task 7 X coordinate Std 0.08 0.15 0.55 0.584 1.09 (0.80~1 47)
Task 7 X coordinate discrete coefficient 0.14 0.07 1.91 0.056 1.15(1.00~1.33)
Task 7 Y coordinate discrete coefficient -0.03 0.02 —1.94 0.052 0.97 (0.94~1.00)
Task 7 angle X inter-quantile range 0.34 0.18 1.84 0.066 140 (0.98~ 201)
Task 7 angle X Std 217 0.79 274 0.006 8.80 (1.86~41.69)
Task 7 angle X Var -0.12 0.07 -1.70 0.090 0.89(0.77~1.02)
Task 7 angle Y inter-quantile range -063 024 —261 0.009 0.53 (0.33~0. 86)
Task 7 angle Y Std -1.78 1.18 —1.51 0.131 0.17(0.02~1.70)
Task 7 angle Y Var 0.13 0.15 0.84 0.404 1.13 (O 84~153)
Task 7 speed median 0.07 0.02 351 <0.001 1.08 (1.0 12)

OR odds ratio, Cl confidence interval

Padjustea<0-01), and task 7 speed median (mean (SD),
56.02 (16.47) versus 47.75 (10.06), p,gjustea<0.01) were
higher (Additional File 2).

Performance of LightGBM model

The LightGBM model was used to construct a more
effective depression recognition model. The hyperpa-
rameters were adjusted using a grid search, and the final
specific model parameters are provided in Additional File
1: Table 1. Recognition models were initially constructed
using all the handwriting features from each task. The
threefold cross-validation results revealed that the model
based on task 7 exhibited an AUC value of mean 0.90 (SD,
0.01) and an accuracy of mean 0.82 (SD, 0.01) (Additional
File 1: Table 3). The SHAP analysis revealed that the three
most influential features were task 7 speed discrete coef-
ficient, task 7 pressure min, and task 7 angle X std (Fig. 1)
. The performance of the LightGBM model surpasses
that of the logistic regression model (Additional File 1:
Table 5). Furthermore, the handwriting features of the
21 tasks were incorporated into the model. The results of
the three-fold cross-validation exhibited an AUC value of
mean 0.90 (SD, 0.01) and an accuracy value of mean 0.83
(SD, 0.02) (Additional File 1: Table 3). SHAP values indi-
cated that the three most influential features were task 7
speed discrete coefficient, task 19 angle X sum, and task 8
pressure min (Fig. 2).

Comparison of model results across different stimuli tasks
Among the 21 tasks, we assigned positive, neutral, and
negative tasks. Tasks 6, 7, and 8 were all copying tasks
in negative, neutral, and positive; tasks 9-17 were ques-
tion and answer, 9-11 were negative, 12—14 were neutral,
and 15-17 were positive. We performed an ANOVA on
model AUC values to determine whether a particular
task model performed better. The results demonstrated a
statistically significant difference among the three stimuli
groups in the copying task (F=25.69, p=0.001, Addi-
tional File 1: Table 6-7). Subsequent post hoc analyses
revealed that the neutral task exhibited superior perfor-
mance compared to the negative task (p <0.01); however,
there was no significant difference between the neutral
and positive tasks (p>0.05) (Fig. 3A). In the question
and answer tasks, a significant difference was observed
among the three stimuli groups (F=31.45, p<0.0001,
Additional File 1: Table 8-9). The negative task was found
to be superior to the positive task (p<0.0001) and the
neutral task (p<0.01), while the neutral task was dem-
onstrated to be more effective than the positive task
(p<0.001) (Fig. 3B).

Review of the main findings in all tasks

In multiple tasks, logistic regression analysis indicated
that angle X std and angle Y std were the predictors of
MDD (Additional File 1: Figs. S3—4). The two variables
were greater in the patient group (Additional File 2). This
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Fig. 1 The LightGBM model was constructed using the 78 handwriting variables from task 7. Variable importance was subsequently calculated
using the SHAP method, with class 0 representing the control group and class 1 representing the patient group. The results demonstrated
that the three most influential indicators on the model outcomes were task 7 speed discrete coefficient, task 7 pressure min, and task 7 angle X Std
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Fig. 2 The LightGBM model was constructed using the 78 x 21 = 1638 handwriting variables from all tasks. Variable importance was subsequently
calculated using the SHAP method, with class 0 representing the control group and class 1 representing the patient group. The results
demonstrated that the three most influential indicators on the model outcomes were task 7 speed discrete coefficient, task 19 angle X sum,

and task 8 pressure min

suggested that individuals with MDD exhibited more
jitteriness in handwriting. Regarding handwriting pres-
sure, the multivariate logistic regression results of various
tasks indicated that the pressure min was the MDD pre-
dictor (Additional File 1: Figs. S3—4), with a greater value
observed in the patient group (Additional File 2). This

suggested that patients with MDD experienced elevated
levels of handwriting pressure. Regarding handwriting
speed, the multivariate logistic regression results of vari-
ous tasks indicated that the speed median was an MDD
predictor (Additional File 1: Figs. S3—4). The patient
group’s median handwriting speed was faster than the
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Fig. 3 Results of ANOVA analysis. A Bar plot of AUC comparison between the three stimuli groups of the copying tasks. B Bar plot of AUC
comparison between the three stimuli groups of question and answer tasks. Neg, negative; Neu, neutral; Pos, Positive. * p <0.05, ** p<0.01, ****

p<0.0001

control group’s (Additional File 2). Furthermore, SHAP
scores indicated that task 7 speed discrete coefficient was
the most important variable in the LightGBM model for
discriminating MDD (Figs. 1 and 2).

Discussion

This study used a novel methodology to quantify human
handwriting activity and constructed an MDD recogni-
tion model based on handwriting characteristics. Our
findings confirmed that patients with MDD exhibited
altered handwriting patterns and validated the hypothesis
that handwriting characteristics can be used to identify
these patients. This finding further validates the Mul-
tiple Coding Theory that a significant association exists
between physical activity, behavior, and a person’s emo-
tional state. Besides, the biological mechanism behind
this difference can be associated with ATP levels. How-
ever, the experimental results indicate that the handwrit-
ing pressure and speed of patients with MDD were higher
than those of healthy individuals. Conversely, biological
studies suggest that ATP levels are decreased in patients
with MDD. However, these results are inconsistent. It
can be hypothesized that handwriting is not analogous
to the movement of large joints, which require a signifi-
cant amount of energy from the body. Consequently, it
can be plausible that the reduction in ATP levels does not
directly result in a decline in handwriting pressure and
speed. Furthermore, handwriting is subject to regulation
by several different brain regions and is an activity that
is inherently complex from an intellectual perspective. A
potential avenue for elucidating the mechanism by which
brain networks regulate handwriting activity can provide

insights into the increased handwriting speed and stress
observed in patients with MDD.

Furthermore, ANOVA of the AUC values of logistic
regression models constructed for the positive, neutral,
and negative tasks in question-and-answer tasks revealed
that the negative tasks models exhibited the highest
degree of discrimination, followed by the neutral and the
positive tasks, indicating the lowest degree of discrimi-
nation. These findings are in accordance with the results
of previous psychological experiments. However, no sta-
tistically significant difference was observed in the tran-
scription task, which can be attributed to the fact that
the transcription task is less emotionally stimulating for
the subjects than the question-and-answer task. Previ-
ous studies suggest that depression is associated with an
increased focus on negative information [42, 43]. Accord-
ing to the hypothesis [44], individuals with depression
interpret neutral and ambiguous stimuli through themes
of loss, failure, worthlessness, and rejection. Stress can
activate dysfunctional schemas, resulting in negative
automatic thoughts centered on the cognitive triad: pessi-
mistic views of the self, world, and future. This sensitivity
to negative stimuli is particularly increased in those with
elevated depression [45—48] and suicide risk [42, 49-52].
Multiple studies identify online language patterns that
are indicative of depression-related distorted think-
ing [53-55]. Negative materials thus effectively simulate
high-stress situations, facilitating accurate assessments
of emotional and cognitive states. This kind of emotional
reactivity is associated with the development and main-
tenance of psychopathological conditions [56]. Therefore,
using negative materials should enhance the realism of
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simulated stress scenarios, improving data quality and
the model’s accuracy in identifying depression.

A preliminary review of the existing studies suggests
that handwriting assays have been analyzed for various
other disorders, including mild cognitive impairment
and Parkinson’s disease [57-59]. Future research could
be promising if it can determine whether the electronic
handwriting parameters identified are unique to MDD.
The handwriting variables tested exhibit sensitivity; how-
ever, their specificity is limited compared to healthy con-
trols. A more informative approach would be identifying
pathognomonic handwriting features in MDD and other
pathologies.

In clinical practice, the application of electronic hand-
writing models in this study can facilitate the identifica-
tion of depression, thereby assisting psychiatrists in the
diagnosis process. In Chinese community hospitals in
particular, the lack of specialist psychiatrists often pre-
vents depression from being diagnosed. This method can
be utilized initially for preliminary screening during a
patient’s visit to the clinic, thereby obviating the doctor’s
requirement to employ a structured interview. In sum-
mary, this method facilitates rapid and accurate diagno-
sis, ensuring effective referral and treatment.

Limitations

This study has certain limitations. The study popula-
tion is relatively fixed and predominantly comprised of
adolescents, and the extent to which the findings can be
generalized to other age groups requires further investi-
gation. Using convenience sampling methods constitutes
a bias to external validity. In this experiment, the group
of patients with MDD are all in depressive episodes, and
some of the subjects are on medication. However, fur-
ther investigation is required to determine whether the
medication affects handwriting. Considering reports in
the studies indicating that antidepressant drugs can pre-
cipitate tremors in patients, we meticulously observed
the hands of the subjects before the experiment. We
requested detailed information regarding the presence
of tremors in their daily lives. Only two subjects reported
occasional tremors; however, they did not affect their
handwriting activities. The patient group was not fol-
lowed up further, and it would be advantageous to inves-
tigate whether the handwriting characteristics of the
patients would change following improvements in their
clinical symptoms as a result of medication or psycho-
therapy. In this study, the handwriting content is limited
to Chinese characters and Arabic numerals. However,
it would be beneficial to investigate whether the same
change was observed in English handwriting to enable
further generalization of the model.
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Conclusions

This study demonstrates that depressed patients exhibit
characteristic alterations in their handwriting and pro-
poses a cost-effective, rapid, and valid model for iden-
tifying MDD. This finding offers further insight into
the objective indicators of MDD and provides a robust
foundation for the future development of multimodal
recognition models.
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