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This study contributes knowledge on the detection of depression through handwriting/drawing features, to
identify quantitative and noninvasive indicators of the disorder for implementing algorithms for its automatic
detection. For this purpose, an original online approach was adopted to provide a dynamic evaluation of
handwriting/drawing performance of healthy participants with no history of any psychiatric disorders
(n ¼ 28), and patients with a clinical diagnosis of depression (n ¼ 27). Both groups were asked to complete
seven tasks requiring either the writing or drawing on a paper while ¯ve handwriting/drawing features'
categories (i.e. pressure on the paper, time, ductus, space among characters, and pen inclination) were
recorded by using a digitalized tablet. The collected records were statistically analyzed. Results showed that,
except for pressure, all the considered features, successfully discriminate between depressed and nondepressed
subjects. In addition, it was observed that depression a®ects di®erent writing/drawing functionalities. These
¯ndings suggest the adoption of writing/drawing tasks in the clinical practice as tools to support the current
depression detection methods. This would have important repercussions on reducing the diagnostic times and
treatment formulation.

Keywords: Depression; handwriting; on-line analysis; behavioral signs; mental health.

1. Introduction

Depression is considered one of the most important

challenges in mental health and the major cause of

disability worldwide.1 Globally, more than 300 mil-

lion people su®er from this psychiatric disorder and

recently, due to the COVID-19 pandemic, these

numbers have dramatically increased.2 Depression

signi¯cantly burdens work or school life, sleeping and

eating habits and physical health.3 Besides, the cog-

nitive and behavioral impairments associated with

this disorder also produce social disabilities, such as

isolation or avoidance of a®ective relationships which

in turn, lead to a life quality's pauperization.4

Depression disorder's symptomatology include

depressed mood, anhedonia, weight and sleep dis-

orders, psychomotor disturbances (retardation or

agitation), fatigue, decreased ability to focus, feeling

of worthlessness or extreme guilt and suicidal

thoughts. According to the DSM-V, the diagnosis of

depression requires ¯ve or more symptoms, including

at least either the depressed mood or anhedonia, to

be present within a 2-week period.5 However, due to

the very heterogeneous nature of depression, a suc-

cessful diagnosis and the subsequent e®ective treat-

ment could be di±cult to formulate in the clinical

practice. In addition to this, depression usually

overlaps with other disorders or syndromes, which

decreases the likelihood to make a proper diagnosis,

especially at the early stages.6

A major reason behind the incorrect or late di-

agnoses is the absence of accepted objective criteria

for the assessment of depression, and more in general

for any other psychiatric disorder.7 Indeed, currently

the diagnosis of depression is carried out only through

clinical interviews and self-reported questionnaires.

However, unbiased information for supporting the

diagnosis could be obtained by the analysis of ob-

jective behavioral signals such as speech, physiologi-

cal data, text analysis, or handwriting.8–17 These

measures could serve as impartial criteria to favor the

detection of depression at early stages and prevent

the worsening of the symptoms, which in turn would

lighten the burden of the disease also in terms of costs

and public care.18

Among these indicators, handwriting could rep-

resent a quantitative index of psychomotor symp-

toms of depression.19 Psychomotor disturbances can

include slowed thought processes, physical restless-

ness or severe retardation in gross and ¯ne body

movements.

Current neurobiological models of depression

suggest that the altered psychomotor functioning

is associated with frontostriatal abnormalities such

as white matter changes in the basal ganglia and

decreased volumes of the prefrontal cortex, caudate,

and putamen. Also, the altered initiation and pro-

gression of motor activity in depression have been

associated with impairments in activation of the

motivational and cognitive control systems, due to

dysfunctions in the dopaminergic and serotonergic

neurotransmission.19–21

Regardless of the still debated exact neural basis

of psychomotor disturbances in depression, these

symptoms are considered a central feature of the

disorder and source of rich clinical information.

Indeed, it has been suggested that they have high
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discriminative validity and may be the sole symp-

toms that can discriminate between depression sub-

types and are predictive of positive outcome to the

medical treatments.21–24 Therefore, it would be rel-

evant for the clinical practice to identify measurable

features that are able to detect the psychomotor

changes occurring with depression.

To this regard, the handwriting could be partic-

ularly useful since it is a unique and complex human

activity requiring the synchrony of motor, cognitive,

perceptual, and a®ective components.25 Due to the

various processes involved, its assessment has proved

to be very informative about personality traits,26

emotional states,27 neurodegenerative pathology,28

and mental health issues.29

Moreover, in recent years, handwriting data have

been examined through machine-learning (ML) and

deep-learning (DL) techniques to exploit their clini-

cal discriminative potential in the development of

computer-aided diagnosis systems. Literature on the

topic revealed that measurements extracted from

handwriting patterns can successfully classify control

and clinical groups.30–33

Considering these results, it has been hypothe-

sized that the analysis of handwriting's features such

as pressure, velocity, space occupied with the traits,

number of traits or inclination, could be e®ective

in detecting depressive states and discriminating

between individuals su®ering from depression and

healthy subjects. However, few studies have investi-

gated the relationship between depression and

handwriting changes. To this regard, the following

section provides a brief literature review on the topic.

1.1. Handwriting and depression:
State of the-art

The ¯rst studies on the subject examined the di®er-

ences in the handwriting related to time features

between healthy and depressed patients.34–36 By

using a digitalized tablet and a special pen, partici-

pants were required to engage in some drawing tasks

with di®erent complexity (e.g. simple lines, letters,

familiar and nonfamiliar ¯gures, etc.). Results of

these studies unanimously pointed out that depressed

patients were signi¯cantly slower than healthy ones

both in starting the ¯rst drawing movement and

completing the tasks, by supporting the hypothesis

that timing handwriting features were able to detect

psychomotor retardation symptoms and discriminate

between groups.

Such results were also found in Ref. 37 which

compared kinematic features of velocity, amplitude,

and regularity between healthy controls and de-

pressed patients and found that the latter were

slower in completing handwriting tasks (e.g. drawing

circles, writing a sentence). Reference 38 broadened

the investigation by including, besides the temporal

features, also those related to space and pressure.

Their sample was composed of healthy and elderly

participants su®ering from mild depression who were

required to copy a paragraph, ¯ll out a check, write

their own name, and write the alphabet in sequence.

Results showed that the measures which most dis-

criminated between the two group were the pres-

sure's ones: Depressed patients applied signi¯cantly

less pressure in all the four tasks, compared to

healthy ones. In addition, compared to healthy

controls, depressed patients showed greater slowness

when they had to write their own name and reduced

stroke width in the paragraph copying task. Like-

wise, Ref. 39 compared the kinematic measures in

healthy controls and elderly participants diagnosed

with mild major depressive disorder through the

clock drawing test.40 Compared to healthy partici-

pants, the clinical group reported signi¯cant lower

strokes' height, width and length, while the number

of strokes and temporal measures did not di®er be-

tween groups. Other studies41,42 have adopted a

di®erent approach based on the graphology analysis

performed by forensic experts with the aim to iden-

tify features in the graphic content speci¯c for

depression (e.g. tremors in the writing, descending

traits, irregularly sized letters, shape of letters).

However, these studies reported no statistically sig-

ni¯cant di®erences between controls and patients

with depression.

Concerning the studies examining the data-driven

identi¯cation of depression, the literature reports

that the handwriting features have not been su±-

ciently investigated in relation to this psychiatric

condition (for a review, see Ref. 43). Indeed, in the

existing handwriting datasets, depressive or negative

emotional states have been assessed through self-

reported measures.27,44 To the best of our knowledge,

there are no datasets which have collected

Discriminative Power of Handwriting and Drawing Features in Depression
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handwriting recordings from individuals clinically

diagnosed with a depressive disorder. Nevertheless,

classi¯cation studies testing the discriminative power

of handwriting data performed on such datasets

report high accuracy results.45–47

As suggested by the results in the literature,

handwriting features could be able to discriminate

between depressed and nondepressed individuals.

However, the above-mentioned studies present some

limitations; for example, most of them focused only on

elderly participants, whereas other studies did not

consider participants' gender in the experimental de-

sign, or more in general, they adopted a graphological

static approach based on the accordance degree

among external observers, which takes into account

only the geometry of the handwritten pattern, rather

than a dynamic one which can also provide informa-

tion about the underlying generation process. None-

theless, the handwriting analysis seems to represent

a promising methodology to detect depressive states

and its investigation needs to be deepened in order to

be included in the clinical practice and within research

settings.

This research was conducted in the context of

the \Mental health monitoring through interactive

conversations" (MENHIR) Project. MENHIR is a

H2020 Research and Innovation Sta® Exchange

project aiming to research and develop automatic

systems devoted to promote mental health and

assist people with mental ill health (depression and

anxiety) to manage their conditions.

Following the \online" approach already adopted

by the previous studies,48,49 this paper presents a

dynamic evaluation of depressed and nondepressed

individuals' handwriting and drawing performance,

by extending the investigation carried out in Ref. 17.

This original approach to handwriting analysis has

been possible due to the development of pencil and

digital tablets, which enable to carry out the analysis

of several parameters on computerized platforms

with two major advantages. First, data collection

includes nonvisible measurements such as the pres-

sure applied on the paper, the pen inclination, in-air

movements (i.e. pen movements at a small distance

from the sheet of paper), which has been demon-

strated to be as informative as the on-paper ones.27,50

Second, the online approach allows to extract tem-

poral information of the ongoing writing and drawing

activities for each performed task, instead of obtain-

ing just the single o®line shot of the ¯nal outcome.

In the preliminary study,17 the authors examined

the writing and drawing skills among the following:

. Patients formally diagnosed with depression by a

mental health-care expert (henceforth \Clinical

group");

. Participants with no diagnosis of depression but

who were categorized as \severe" or \extremely

severe" in the depression sub-scale of the Depres-

sion Anxiety Stress Scales (DASS-2151; see the

procedure section of this paper for a description of

the tool). This group will be referred to as \DASS-

Severe" group;

. Participants who were categorized as \normal" by

the same questionnaire. This group will be referred

to as \DASS-Normal" group.

Participants were asked to sit in front of a digitalized

tablet with a white sheet of paper placed on the

tablet and complete di®erent writing and drawing

tasks. The experimental protocol administered to the

clinical group was di®erent from that presented to

the other two. Hence, statistical analyses were per-

formed only on data extracted from the four tasks

that the two protocols had in common:

(i) Drawing of two pentagons;

(ii) Drawing of a house;

(iii) Writing an Italian sentence in cursive letters;

(iv) Drawing of a clock with hours and clock

hands.

Seventeen features were considered (see Sec. 3.2 of

Ref. 17 for a list) and partitioned into ¯ve categories:

Pressure, ductus, time, space, and inclination.

Several repeated measures ANOVAs were carried

out to evaluate the e±cacy of the considered fea-

tures in di®erentiating the groups of participants.

Results revealed some signi¯cant di®erences among

groups. Concerning the ductus category, the clinical

group was associated with higher number of traits

(in-air, on-paper, and not recognized by the tablet)

in all the fours tasks, compared to the other two

groups. For the time category, results revealed that

depressed patients were the slowest in drawing the

two pentagons and writing the sentence in cursive

letters, followed by the \DASS-Severe" group and

the \DASS-Normal" group. Finally, the results

C. Greco et al.
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showed that the clinical group signi¯cantly applied

less pressure compared to the DASS-normal group

in the two-pentagons and the house drawing tasks.

No signi¯cant e®ects due to the depressive state

were found in the space and inclination features'

categories.

Starting from these promising ¯ndings, this re-

search adopted the same \online" approach and

procedure to further explore the discriminative

power of the handwriting analysis in depression. The

two studies share the goal of identifying which

quantitative and objective features may enable dis-

criminating between individuals su®ering from de-

pressive disorder and healthy ones. However, this

work attempts to overcome some methodological

limitations reported in the preliminary study and

introduces new aspects:

. The investigation was broadened by recruiting a

brand-new sample from a country di®erent from

Italy and Northern Ireland, so that the existing

database of behavioral signs of depression would

also include di®erent cultural contexts.

. The numerosity within groups was increased to

provide more robust statistical results.

. Gender of participants was counterbalanced in the

sample in order to also test the role played by this

variable.

. The experimental protocol was enriched both with

more tasks and self-assessment measurements.

. A di®erent statistical analysis model was applied

to better ¯t the data.

2. Participants and Methods

Handwriting data were collected by using a

WACOM INTUOS PRO series 4 digital tablet. The

speci¯cs of the tablet are as follows:

. Active area: (A5) 224� 148mm,

. Resolution: 5080 Lines per Inch (LPI).

To make the handwriting process as natural as pos-

sible, participants used an Intuos Inkpen (Pen pres-

sure levels: 8192; Tilt recognition �60 levels) which

allowed them to visualize the strokes while they

perform the tasks. In this way, it was possible to

obtain information both on the strokes (through the

sheet of paper), and on other parameters, as time

information and in-air movements. Data were

collected for several tasks and recorded in a comma

separated values (CSV) ¯le. The system registered

the following data every 8ms:

. The two-dimensional coordinates of the pen.

. The unix epoch (the number of milliseconds that

have elapsed since 1, January 1970.

. The pen status: On paper ¼ 1; in-air ¼ 0 (when

the pen is a few centimeters away from the paper);

idle = not recorded but recognizable using time-

stamps.

. Two angles that describe the position of the pen

with respect to the tablet.

. The amount of pressure applied by the pen on the

paper, expressed using an integer value, from 0

(no pressure) to 8191 (maximum pressure).

In this study 17 features, related to ¯ve di®erent

categories (pressure, time, ductus, space, and incli-

nation) have been considered for the analyses.

Figure 1 provides a description of the features.

Note that the term \Stroke" indicates a maximal

contiguous sequence of points belonging to the same

pen status (on paper/in-air). These features have

been selected both for testing in this context their

e®ectiveness to discriminate between clinically de-

pressed patients and healthy participants, and be-

cause they popped out from an automatic selection

process exploiting a random-forest algorithm.27 The

following sections describe the sample character-

istics and how they have been determined, the tasks

used for data collection, the extracted handwriting

features, and the description of the analyses.

2.1. Participants

Participants were recruited in di®erent locations of

Action Mental Health (AMH — https://www.amh.

org.uk/), a nonpro¯t organization actively involved

in the promotion of mental health and well-being of

people in Northern Ireland.

To be included in the clinical group, the partici-

pants had to satisfy the following criteria:

. To be formally diagnosed of clinical depression by

a mental health-care expert;

. To not be diagnosed with other psychiatric dis-

orders (e.g. bipolar depression, schizophrenia)

rather than anxiety because it is often associated

with depression;

Discriminative Power of Handwriting and Drawing Features in Depression
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. To obtain a score at the Beck Depression Inven-

tory (BDI-II52) above the minimal range (�14).

We decided to consider only the score of the BDI-II

and not of the DASS-21 sub-scale of depression as

inclusive criteria, since the former includes items

covering the whole symptomatology of depression.

Inclusion criteria for the control group were no his-

tory or current conditions of no psychiatric disorders

and a BDI-II's score within the minimal range (0–13).
The initial sample was composed of 66 participants

(males ¼ 32; mean age ¼ 48:1; SD ¼ 13). However,

eight participants in the clinical group and six

participants in the control one, were excluded from the

analyses since they did not entirely ful¯l the inclusion

requirements. The ¯nal sample was composed of 55

participants (males ¼ 28; mean age ¼ 48:1; SD ¼ 13).

The clinical group consisted of 27 participants, and the

control group consisted of 28 participants recruited

among the AMH sta®. Table 1 reports the demo-

graphic information and the sample distribution.

2.2. Procedure

Participants of both groups were required to follow

the same procedure. The experimental setting con-

sisted of a quiet room with enough space for a laptop

and the digitalized tablet. Participants were invited

to read the information sheet about the experiment,

which described the research aims, type of data col-

lected, risk and bene¯ts of the participation, con¯-

dentiality and data treatment. After that, they were

asked to sign the informed consent.

Experimental instructions required participants

to sit in front of the digitalized tablet with a paper

placed the tablet and complete seven di®erent writ-

ing and drawing tasks. Figure 2 reports the A4 sheet

with all the seven tasks and their execution order.

The experimenter was located in front of the laptop

while the participant carried out the experimental

session, by saving each completed task as a separate

CSV ¯le through a dedicated handwriting capture

software. Doing this, data could be analyzed sepa-

rately for each one of them.

In detail, the instruction to complete each task

requires to:

(i) Draw the two pentagons in the same con-

¯guration (example provided).

Fig. 1. Description of the features considered in the
analyses.

Table 1. Sample distribution with means (and s.d.) of
participants' age and BDI-II score.

Control group Clinical group

Age 51.54 (12.7) 44.56 (12.7)
BDI-II 4.32 (0.81) 32.11 (1.93)
Gender
Male 14 14
Female 14 13
Education
Primary 1 2
Secondary 5 18
University 22 7

C. Greco et al.
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(ii) Draw the house (example provided).

(iii) Write in capital letters the following four

words: BIODEGRADABLES, FLIPSTRIM

(a nonword), SEMANTICALLY, and

CHEMICAL.

(iv) Draw a circle with the nondominant hand

(no example provided).

(v) Draw a circle with the dominant hand (no

example provided).

(vi) Draw a clock with 12 h and the hands

pointing to 8:20 (no example provided).

(vii) Write in lowercase letters the sentence (i.e. a

pangram): Men believed they could control

nature by obeying a moral code.

(viii) After completing the handwriting tasks,

participants were asked to complete two self-

reported questionnaires in hard copy: The

above mentioned BDI-II52 and the DASS-

21.51 The BDI-II is composed by 21 group of

statements, each one with four options,

which measures the severity of depressive

symptoms, by considering the last two

weeks, from minimal range (none) to mild,

moderate and severe. This questionnaire is

based on the DSM-IV and follows its diag-

nostic criteria for depression.5

DASS-21 is also a self-assessment questionnaire es-

timating the level of depression, anxiety, and stress

over the last week. Each scale consists of seven items,

for a total of 21. Participants respond on a 4-point

Likert scale (from 0: Did not apply to me at all; to 4:

Applied to me very much or most of the time). Each

subscale is associated with ¯ve severity labels: nor-

mal, mild, moderate, severe, and extremely severe. It

should be noted that DASS-21 is not considered a

clinical diagnostic measure, but it is frequently used

in research to identify individuals with high distress

who may experience depressive and anxiety states.

Questionnaires' scoring was subsequently elabo-

rated and digitalized to be used for the analyses.

Once the self-assessment was concluded, partici-

pants were debriefed and thanked for their participa-

tion. The experimental session lasted approximately

15min.

2.3. Data analysis

All the analyses were conducted with SPSS 21.0 IMB

Software. The signi¯cance level was set at p < 0:05

and Bonferroni correction was applied in the main

analyses (Multivariate analysis of variance, MAN-

OVA) to the p value when multiple comparisons

were carried out to assess di®erences among groups'

means.

First, a U Mann–Whitney test was performed to

test whether the depressed and control participants

signi¯cantly di®ered from each other on the BDI-II

and DASS scores and age.

In the second step, several MANOVAs were sep-

arately conducted for each category of measures to

investigate whether the handwriting parameters

were able to discriminate between depressed patients

and nondepressed participants. Group (clinical ver-

sus control) and gender (male versus female) were

inserted in the model as ¯xed factors, and the

handwriting features were the dependent variables.

For every handwriting category, seven di®erent

MANOVAs were separately conducted for each

performed task. To avoid an overload of information,

the following sections report only the signi¯cant

e®ects that emerged from the analyses.

Fig. 2. Writing and drawing tasks performed by partici-
pants. Numbers indicate the execution order of the tasks.

Discriminative Power of Handwriting and Drawing Features in Depression

2350069-7

In
t. 

J.
 N

eu
r.

 S
ys

t. 
20

24
.3

4.
 D

ow
nl

oa
de

d 
fr

om
 w

w
w

.w
or

ld
sc

ie
nt

if
ic

.c
om

by
 8

4.
88

.6
6.

15
0 

on
 1

1/
29

/2
4.

 R
e-

us
e 

an
d 

di
st

ri
bu

tio
n 

is
 s

tr
ic

tly
 n

ot
 p

er
m

itt
ed

, e
xc

ep
t f

or
 O

pe
n 

A
cc

es
s 

ar
tic

le
s.



3. Results

This section presents the results of the performed

statistical analyses. MANOVAs' results are reported

separately for each handwriting category.

3.1. U-Mann–Whitney test

Results revealed that the clinical group was associ-

ated with signi¯cantly higher scores in both ques-

tionnaires compared to the control group, whereas

the age's mean was not signi¯cantly di®erent (see

Table 2 for statistical details).

3.2. Pressure features

No signi¯cant e®ect of the participants' group

emerged in any of the tasks. A signi¯cant e®ect of

gender was observed in the nondominant hand circle

drawing task for the following features: Pmin (F1;51 ¼
4:396; p ¼ 0:041; �p2 ¼ 0:079); Pmax (F1;51 ¼ 7:762;

p ¼ 0:007; �p2 ¼ 0:132); Pavg (F1;51 ¼ 6:903; p ¼
0:011; �p2 ¼ 0:119); Psd (F1;51 ¼ 6:820; p ¼ 0:012;

�p2 ¼ 0:118); P10 (F1;51 ¼ 4:403; p ¼ 0:041; �p2 ¼
0:079); P90 (F1;51 ¼ 8:067; p ¼ 0:006; �p2 ¼ 0:137).

More in detail, male participants (means: Pmin ¼
540:82; Pmax ¼ 16758:04; Pavg ¼ 13442:66; P s:d: ¼
2923:57; P10 ¼ 10095; P90 ¼ 16122:82) were associ-

ated with higher values of all pressure features, com-

pared to their female counterparts (means: Pmin ¼
244:42; Pmax ¼ 13654:90; Pavg ¼ 10585:47; P sd ¼
2505:14; P10 ¼ 7566:91; P90 ¼ 12914:29).

3.3. Time features

Signi¯cant e®ects were found in the analyses con-

cerning the following tasks (see Table 3 for means

and S.D.):

. Words writing: there was a main e®ect of the group

on tUp (F1;51 ¼ 18:928; p < 0:001; �p2 ¼ 0:271);

tDown (F1;51 ¼ 5:834; p ¼ 0:019; �p2 ¼ 0:103);

tIdle (F1;51 ¼ 4:282; p ¼ 0:044; �p2 ¼ 0:077); Total

(F1;51 ¼ 14:682; p < 0:000; �p2 ¼ 0:224). Pairwise

comparisons revealed that depressed patients spent

more time both with the pen in-air and down on

paper compared to healthy participants. Also,

the time the pen was not recognized by the tablet

was higher in the clinical group compared to the

control one. Consequently, the total time used to

Table 2. Results of the U Mann-Whitney test on participants' age and means (and s.d.) of questionnaires' scores.

Age BDI-II DASS-Depression DASS-Anxiety DASS-Stress Total

Clinical Group 44.56 32.11 25.41 23.63 42.76 28
(12.7) (1.93) (1.94) (2.13) (3.52)

Control Group 51.54 4.32 2.36 2.29 5.64 27
(12.7) (0.81) (0.64) (0.76) (0.82)

Mann–Whitney U 267.500 3.500 16.500 6.000 0.000
Z �1.862 �6.375 �6.098 �6.257 �6.382 55
p 0.063 <0:001 <0:001 <0:001 <0:001

Table 3. Means (and s.d.) of time features as a function of group and task.

tUp tDown tIdle tTotal

Clinical
group

Control
group

Clinical
group

Control
group

Clinical
group

Control
group

Clinical
group

Control
group

Task
Words 30044.44 18361.11 26794.28 20667.18 4486.35 2420.11 61326.08 41448.86

(1916.73) (1880.90) (1810.60) (1776.75) (712.72) (699.39) (3702.63) (3633.41)
Clock 26834.83 18350.75 17494.79 14442.96 11759.05 3889.21 56089.13 36682.93

(2647.95) (2598.46) (1200.74) (1178.29) (3776.58) (3705.98) (5729.81) (5622.71)
Sentence 19154.23 12082.39 20991.34 18721.32 2910.45 2067.43 43056.48 32872.07

(1353.69) (1328.38) (1009.03) (990.17) (702.65) (689.51) (2318.86) (2275.51)
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complete the task was greater for depressed

patients than healthy ones.

. Clock drawing: Participants' group exerted an ef-

fect on tUp (F1;51 ¼ 5:230; p ¼ 0:026; �p2 ¼ 0:093)

and Total (F1;51 ¼ 5:844; p ¼ 0:019; �p2 ¼ 0:103).

In detail, depressed patients were associated with

greater time with the pen up in the air and time

spent in completing the task compared to healthy

participants.

. Sentence writing: Participants' group a®ected tUp

(F1;51 ¼ 13:903; p < 0:001; �p2 ¼ 0:214) and Total

(F1;51 ¼ 9:827; p ¼ 0:003; �p2 ¼ 0:162). Also in

this task, the clinical group spent more time in-air

with the pen and to complete the task compared to

the control one.

3.4. Ductus features

Results of the MANOVAs performed on the ductus

features (see Table 4 for means and S.D.) were as

follows:

. House drawing: A main e®ect of the group was

observed on nUp (F1;51 ¼ 6:338; p ¼ 0:015; �p2 ¼
0:111) and nDown (F1;51 ¼ 6:338; p ¼ 0:015;

�p2 ¼ 0:111). Participants diagnosed with de-

pression were associated with a lower number of

pen strokes both in-air and on-paper, compared to

healthy participants,

. Words writing: A main e®ect of the group was

observed on nbIdle (F1;51 ¼ 8:351; p ¼ 0:006;

�p2 ¼ 0:141), according to which the number of the

pen strokes not recognized by the tablet was sig-

ni¯cantly higher in the clinical group (mean ¼ 5:93)

rather than in the control one (mean ¼ 3:86),

. Sentence writing: A signi¯cant di®erence due

to participants' group was observed on nUp

(F1;51 ¼ 10:480; p ¼ 0:002; �p2 ¼ 0:170), nDown

(F1;51 ¼ 10:480; p ¼ 0:002; �p2 ¼ 0:170) and nIdle

(F1;51 ¼ 4:119; p ¼ 0:048; �p2 ¼ 0:075). Pairwise

comparisons revealed that depressed patients

made more strokes with the pen both in-air and on

paper compared to healthy participants. More-

over, the number of not recognized strokes was

greater in the clinical group than in the control

one.

3.5. Space and inclination features

MANOVAs on spatial and inclination features

showed the following results (see Table 5 for means

and S.D.):

. House drawing: An e®ect of participants' gender

was found on sAvg feature (F1;51 ¼ 5:507;

p ¼ 0:023; �p2 ¼ 0:097), according to which the

length of empty spaces between consecutive

strokes (measured in pixels) was greater in female

participants (mean:1849.41) compared to their

male counterparts (mean:1605.94).

. Circle with nondominant hand: An e®ect of group

was observed on Iavg feature (F1;51 ¼ 4:342;

p ¼ 0:042; �p2 ¼ 0:078). Pairwise comparison

revealed that depressed patients exhibited a

more inclined trait compared to healthy partici-

pants when drawing the circle with the non-

dominant hand (the greater the value, the less

the inclination).

. Clock drawing: Participants' group a®ected the

sBB feature (F1;51 ¼ 4:317; p ¼ 0:043; �p2 ¼
0:078), according to which the clinical group the

area occupied by the sum of the strokes (measured

in square pixels) was smaller compared to control

group.

Table 4. Means (and s.d.) of ductus features as a function of group and task.

nUp nDown nIdle

Clinical Group Control group Clinical Group Control group Clinical Group Control group

Task
House 20.29 24.36 21.29 25.36 4.34 3.46

(1.15) (1.13) (1.15) (1.13) (0.91) (0.89)
Words 67.14 64.36 68.14 65.36 5.93 3.86

(1.96) (1.92) (1.96) (1.92) (0.51) (0.50)
Sentence 53.97 42.00 54.97 43.00 5.07 2.89

(2.64) (2.59) (2.64) (2.59) (0.76) (0.75)

Discriminative Power of Handwriting and Drawing Features in Depression
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. Sentence writing: A main e®ect of the group was

observed on the sAvg feature (F1;51 ¼ 11:447;

p ¼ 0:001; �p2 ¼ 0:183): Depressed patients occu-

pied less space than healthy ones during the

sentence writing.

4. Discussion

Globally, more than 300 million people struggle with

depression, a condition which severely a®ects the

occupational, social and personal life, and at worse

could lead to suicidal acts. Of all the individuals

su®ering from depression, only half of them get

an e®ective treatment.7 A major cause of so many

untreated cases, lies in the di±culty to recognize

this disorder, especially at early stages. The reason

is that, according to the DSM criteria,5 depression

presents a very heterogeneous symptomatology with

more than 1400 possible combinations of symptoms

which can result in its diagnosis.53 Moreover, de-

pression usually emerges in comorbidity with other

disorders or syndromes, increasing the diagnostic

variety.

A possible solution to solve the diagnostic issues

related to the depression would be including some

objective criteria in its assessment, which currently

relies only on clinical interviews and self-reported

measurements.

Among the possible indicators, handwriting fea-

tures have been considered as a quantitative index of

depression, re°ecting the psychomotor changes that

characterize this condition. Not so many studies

have investigated the handwriting patterns of

depressed and nondepressed patients in order to

test whether they can discriminate between the

groups.17,34–39 Nevertheless, ¯ndings reported in the

literature support the hypothesis that the hand-

writing analysis could be useful in detecting depres-

sive states.

In this context, this study intends to contribute

knowledge on the discriminative power of hand-

writing features in detecting depression. Following

the investigation of Ref. 17, this research adopted

the same \online" approach providing a dynamic

evaluation of the participants' handwriting and

drawing performance.

Results of this work pointed out that handwriting

features belong to all the considered categories,

except pressure, successfully discriminate between

depressed and non-depressed patients. To elaborate

in detail, depressed patients seem to be slower than

healthy controls in both drawing and writing tasks.

This could be ascribed to a decreased processing

speed which is closely linked to psychomotor retar-

dation, and that leads to slower responses during

tasks requiring attention and action planning.54

Concerning the ductus features, compared to

healthy participants, depressed patients carried out

the house drawing with less strokes, whereas they

were associated with a greater number of strokes in

the sentence writing task. This apparently inconsis-

tent result may be explained by the type of task.

Compared to the sentence writing, copying the

drawing of the house probably required more atten-

tion to the details (e.g. the chimney, the knob of the

door, the windows) and prolonged visuospatial

Table 5. Means (and s.d.) of space and inclination features as a function of group and task.

sBB sAvg sTotal Iavg

Clinical
group

Control
group

Clinical
group

Control
group

Clinical
group

Control
group

Clinical
group

Control
group

Task
House 38593.20 38289.06 1747.14 1708.22 37637.43 43440.62 4.27 5.54

(1887.27) (1918.31) (72.76) (73.96) (2463.86) (2504.38) (0.55) (0.56)
Circle (Nondominant hand) 19889.19 19896.11 190.91 85.46 381.94 171.00 1.05 1.15

(2170.56) (2206.26) (135.02) (137.24) (270.07) (274.52) (0.04) (0.04)
Clock 72310.03 92754.55 1746.99 1989.47 45513.33 49951.16 3.06 3.11

(6901.15) (7014.65) (146.07) (148.47) (4295.77) (4366.42) (0.22) (0.23)
Sentence 108581.32 124034.55 1263.72 1801.72 65797.87 69627.78 1.65 1.59

(5607.42) (5699.64) (111.52) (113.36) (3077.36) (3127.97) (0.18) (0.18)
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abilities, which are two cognitive processes of psy-

chomotor functioning that can be compromised in

depression.24 Supporting this hypothesis, a recent

review55 points out that depression could be associ-

ated with impairments in visual memory and exec-

utive functions, as planning actions to reach a

speci¯c goal.

The third and fourth handwriting features that

were found to be di®erent between depressed and

non-depressed patients were those related to space

and inclination of the trait. Both in a drawing task

(i.e. clock drawing) and a writing one (i.e. sentence

writing), depressed patients occupied less space

on the paper compared to healthy participants by

making smaller strokes. Moreover, patients exhib-

ited a more inclined trait when they drew the circle

with their nondominant hand. All these results

could again be ascribed to the psychomotor dis-

turbances of depression. Indeed, small and un-

steady traits could re°ect the less involvement of

energy that people su®ering from depression invest

in their movements.38,41

Conversely to the ¯ndings of Ref. 17, in this work,

pressure features did not di®er between the groups,

whereas signi¯cant results were found in the North-

ern Irish sample but not in the Italian one for what

concerns the space and inclination features. Di®er-

ences between the preliminary study and this one

could be ascribed to di®erent factors such as the

di®erent experimental protocol (even though some of

the tasks were the same), the sample extracted from

di®erent population, or the di®erent statistical model

adopted.

Another possible factor which could account for the

di®erences between the two studies was the educa-

tional background of participants: indeed, the litera-

ture claims a strong association between handwriting

skills and educational achievement.56,57 Therefore,

writers of di®erent countries, which are characterized

by di®erent educational learning systems, exhibit dis-

criminative handwriting features.58,59

In this research, we did not consider the educa-

tional level in the main statistical model since the

distribution of the education labels was not coun-

terbalanced in the recruited sample, and the risk was

to generate statistical comparisons characterized by

too few cases. In this regard, future studies on the

subject should de¯nitely take into account this

information to examine the role of education in the

handwriting analysis.

Nevertheless, overlapping results among both

studies were observed in the time and ductus cat-

egories, suggesting that temporal features and

those related to the number of strokes could be

e®ective in detecting clinical depressive states, re-

gardless of the cultural context. However, in order

to con¯rm such hypothesis, future studies should

include cross-cultural comparisons to investigate

the role of the cultural context in depressive

symptoms' expression.

For what concerns gender di®erences, the current

¯ndings did not re°ect the female prevalence of

depression reported in the literature.60 Indeed, no

interaction e®ect between gender and group emerged

for any features' category. However, it should be

noted that, to the best of our knowledge, previous

studies investigating handwriting and depression did

not consider the participants' gender. Hence, it is not

possible to establish whether the gender di®erences

commonly associated with depressive disorders could

be observed through handwriting analysis. None-

theless, this study reported higher pressure applied

in the nondominant hand circle task, and less space

occupied while drawing the house by male partici-

pants compared to their female counterparts. These

results are in line with the studies reporting gender

di®erences in handwriting activity.49,61

Overall, this research attempts to address the

diagnostic issues related to depression, and the

obtained results represent a promising progress in

the research ¯eld concerning the behavioral markers

of this disorder. The rationale underlying this study

is to highlight the need to identify unbiased evalua-

tion criteria of this psychiatric condition that over

the years has become a major challenge in mental

health, by supporting the introduction of new as-

sessment methods in the clinical practice.

Finally, this research does not suggest that

handwriting changes could represent the sole markers

for depression and does not claim a unique causal

relationship between this psychiatric disorder and the

above-mentioned measurements. However, the ¯nd-

ings observed in this study corroborate the literature

that have already demonstrated a relationship be-

tween psychomotor symptoms, which characterize

depressive disorders, and the handwriting features.

Discriminative Power of Handwriting and Drawing Features in Depression

2350069-11

In
t. 

J.
 N

eu
r.

 S
ys

t. 
20

24
.3

4.
 D

ow
nl

oa
de

d 
fr

om
 w

w
w

.w
or

ld
sc

ie
nt

if
ic

.c
om

by
 8

4.
88

.6
6.

15
0 

on
 1

1/
29

/2
4.

 R
e-

us
e 

an
d 

di
st

ri
bu

tio
n 

is
 s

tr
ic

tly
 n

ot
 p

er
m

itt
ed

, e
xc

ep
t f

or
 O

pe
n 

A
cc

es
s 

ar
tic

le
s.



To this regard, the current neurobiological models of

depression suggest that alterations in psychomotor

behavior are a signi¯cant aspect of the phenomenol-

ogy of the disorder. As a result, they may represent a

clinically relevant risk marker that could be assessed

through a noninvasive methodology, such as the

handwriting analysis.

5. Limitations and Future Directions

Besides the promising results, a main limitation of

this study should be acknowledged. Due to privacy

motives, it was not possible for the experimenter to

get access to the clinical records of the patients be-

fore starting the recruitment. This means that the

information about whether they were under medical

treatment and the type of such medications was not

reported, nor considered in the analysis. Of course,

being on ongoing antidepressants would imply that

some symptoms as psychomotor retardation (or ag-

itation) could be mitigated by those treatments.

However, the patients involved in the study were

indicated by the mental-health experts as currently

su®ering from major depression, meaning that they

were still experiencing symptoms related to the dis-

order. In addition, as a restorative measure to avoid

that the lack of this information would a®ect the

results, we included in the clinical group only those

participants who outreached the minimal score in

the BDI-II. This guaranteed that the depressive

symptoms were present at the moment of the

experiment's administration.

Another relevant limitation concerns the sample

size. Due to this, the generalization of the obtained

results should be made with caution.

To the best of our knowledge, the sample sizes

of all the clinical studies involving handwriting

data,34–39,41,42 as well as those concerning the auto-

matic detection of clinical conditions30–33 are similar

to the sample size reported in our study, given the

di±culty to recruit this kind of patients. This occurs

because engaging participants with these types of

medical conditions may present several di±culties,

due to their willingness and motivation to partici-

pate into any activities, especially nonfamiliar ones

such as an experimental session.

Besides the limitations, this research has also some

strengths. First, it contributes knowledge about the

detection of depression through handwriting analysis

with the aim to identify quantitative and noninvasive

indicators of the disorder, which could be adopted in

the clinical practice as a support tool to the current

diagnostic methods. This would have important

repercussions on the diagnostic times by preventing

the worsening of the symptoms and, in turn, reducing

the burden of the disease, both in terms of mental

health and economic costs.

In addition, this paper presents a database of

handwriting features which could be enriched with

more data regarding the handwriting or other be-

havioral signs which could be altered in depression

(e.g. speech, text, and facial expressions). Such ex-

tended database could serve to develop ML techni-

ques, such as Support Vector Machines, Neural

Networks or Bayesian Networks, equipped with the

ability to pre-process, extract, and classify behav-

ioral features belonging to di®erent categories, by

providing an accuracy score to increase the reliability

and validity of the current experimental paradigm. A

ML-based approach could generate new information

from unstructured data, sourcing from di®erent

modalities, which can be useful for assisting mental

health experts in the diagnosis and outcome predic-

tion.63–65 To support this, several studies successfully

adopted ML and DL methods to detect the hetero-

geneous symptomatology of depression,66,67 as well

as other medical conditions, such as cognitive im-

pairment,68 Alzheimer's disease,69 Parkinson's dis-

ease,70 autism spectrum,71,72 or epileptic seizure.73,74

Lastly, future directions may also consider to

develop completely automated detection systems

combining di®erent types of data such as handwrit-

ing, drawing, speech, facial expressions, text content,

electroencephalographic signals, by using ML or

more complex DL methods, with the aim to include

them in the clinical practice for the detection and

assessment of depression.
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