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The object of this study is the
approach to personality identifi-
cation based on handwritten text
using machine learning methods.
Increasing the accuracy of person-
ality identification and automating
feature extraction could make it pos-
sible to perform more accurate anal-
ysis of handwritten text. A func-
tional model has been built, and an
experimental study of the proposed
approach was conducted. The results
of the study showed that the pro-
posed approach increased the over-
all accuracy of identification, com-
pared to other studies, as evidenced
by the obtained accuracy values with
the lowest indicator of 94.84 % for
Friendliness and the highest 99.48 %
for Conscientiousness. The accuracy
indicator also improved compared
to other models, as evidenced by
the average accuracy value, which
increased from 0.65 to 0.94. Such
results were obtained through the

method, which makes it possi-
ble to remove the need for feature
extraction as a separate step, and
the scale-invariant feature transfor-
mation approach made it possible to
extract relevant image patches. An
experimental validation was con-
ducted using retrieval and classifi-
cation approaches, which minimiz-
es the variability of the results. The
use of the Big Five model and the
CVL dataset improves the accessibil-
ity of the study for comparison and
reproducibility. In practice, hand-
writing analysis is widely used in
forensics, for personnel selection, as
well as in other areas of activity.
The results increase the reliability
of automated handwriting analy-
sis systems in the area of person-
ality identification, which could
help graphologists and handwriting
experts in their work both to assess
personality traits and to determine
whether a certain handwritten text
belongs to a specific person
Keywords: convolutional neural
network, handwriting analysis, func-
tional model, vision transformer

use of the "Vision Transformer”

O O

Received 26.12.2024

UDC 004.9
DOI: 10.15587/1729-4061.2025.322726

DEVISING AN APPROACH TO
PERSONALITY IDENTIFICATION
BASED ON HANDWRITTEN TEXT

USING A VISION TRANSFORMER

Mykyta Shupyliuk

PhD Student*

*Department of Electronic Computers**

**Kharkiv National University of Radio Electronics

Nauky ave., 14, Kharkiv, Ukraine, 61166

Vitalii Martovytskyi

Corresponding author

PhD, Associate Professor*

E-mail: vitalii.martovytskyi@nure.ua

Nataliia Bolohova

PhD, Associate Professor*

Yuri Romanenkov

Doctor of Technical Sciences, Vice-Rector for Scientific Work**
Serhii Osiievskyi

PhD, Associate Professor

Department of Mathematics and Software of ACS***

***|lvan Kozhedub Kharkiv National Air Force University
Sumska str., 77 /79, Kharkiv, Ukraine, 61023

Serhii Liashenko

Doctor of Technical Sciences, Professor

Department of Mechatronics, Life Safety and Quality Management
State Biotechnological University

Alchevskykh str., 44, Kharkiv, Ukraine, 61002

Oleksii Nesmiian

PhD, Associate Professor

Department of Mathematics and Software of ACS***

lhor Nikiforov

PhD, Associate Professor

Department of Philosophy***

Viadyslav Sukhoteplyi

Senior Instructor

Department of Radioelectronic Systems of Control Points of Air Forces***
Yevhen Lapchenkov

Senior Instructor

Department of Armored Development and Military Equipment
Military Institute of Armored Forces of National Technical University
“Kharkiv Polytechnic Institute”

Poltavskyi Shliakh str., 192, Kharkiv, Ukraine, 61098

How to Cite: Shupyliuk, M., Martovytskyi, V., Bolohova, N., Romanenkov, Y., Osiievskyi, S., Liashenko, S., Nesmiian, O.,

Received in revised form 22.01.2025 Nikiforov, I., Sukhoteplyi, V., Lapchenkov, Y. (2025). Devising an approach to personality identification based on handwritten

Accepted date 06.02.2025
Published date 27.02.2025

text using a vision transformer. Eastern-European Journal of Enterprise Technologies, 1 (2 (133)), 53-65.
https://doi.org/10.15587/1729-4061.2025.322726

1. Introduction

character. This creates a theoretical basis for the analysis

Handwriting remains important in many areas of hu-

of handwriting.
Handwriting analysis has three main branches: graphology,

man life, despite the fact that its use in personal communi-  handwriting experts, and forensic linguistics [1]. Graphology
cation has decreased due to technological development of  studies the behavior of a person, which can be recognized from

humankind.

handwriting. The reliability of graphology is characterized by

A person’s handwriting has unique features that are the fact that the measurable variables in handwriting are ex-
related to their personality traits, health, abilities, and  tremely consistent [1].




Identifying personality during handwriting analysis is
a type of behavioral biometric identification, which is well
recognized by psychologists, neuroscientists, paleographers,
forensic scientists, document analysts, and computer science
researchers. Similarly, the existence of a connection between
handwriting and various demographic characteristics of text
authors, such as gender, left- or right-handedness, and age, has
also been confirmed by psychologists and neuroscientists [2].

Handwriting personality analysis is used in many areas
of human activity. Areas of activity include forensics, med-
icine, psychology, personnel selection, self-development or
even partner compatibility.

For example, in forensics, graphology and handwriting
analysis play an important role in criminal investigations and
legal proceedings. In this case, handwriting personality anal-
ysis is used to create a psychological portrait of a criminal [3],
because handwriting can indicate the emotional state of the
criminal at the time of the crime, their level of aggression,
impulsivity, etc. Handwriting can also provide important
context for understanding the circumstances of the crime [4].

In medicine, graphology is used to detect early signs of
neurological diseases, such as Parkinson’s or Alzheimer’s
disease, as well as to monitor the condition of patients with
mental disorders.

In psychology, graphology is used to assess personality,
diagnose psychological problems, such as depression or anxi-
ety, and understand the emotional state of patients.

Modern technologies significantly expand the capabilities
of graphology and handwriting examination. Modern camer-
as, owing to their high resolution, make it possible to capture
the smallest details of handwriting, and specialized software,
in particular, created on the basis of machine learning tech-
nologies, helps conduct analysis using measurements, com-
parisons, and visualizations.

Further scientific research in this area could help im-
prove handwriting analysis methods and increase the accura-
cy of personality identification. In addition to increasing the
accuracy of analysis, an important direction of development
is also enhancing objectivity, as well as devising standards
and recommendations for handwriting examination, includ-
ing using automated interactive statistical methods [5].

Therefore, research on personality identification based
on handwritten text is relevant.

2. Literature review and problem statement

During the analysis of handwriting for personality identi-
fication, the difference between written samples and standard
writing is investigated and, based on this, the personality of the
person providing the writing sample is determined [1]. Research
in the field of personality identification includes a wide range of
approaches based on different methods. Considering the type
of features as a functional context, the methods reported in the
literature can be categorized into four main groups: structural,
textural, grapheme, and based on machine learning [6].

Analyzing the research in the field of personality iden-
tification, it was found that in [7] a 3-level neural network
architecture with ANN, SVM, and KNN classification at the
3rd level was proposed, which demonstrated an accuracy
of 86.7 %, the Myers-Briggs type indicator was used as per-
sonality types, and a private set of 64 subjects was selected
as a data set. Objective difficulties associated with the lack of
existing data sets, a complex feature extraction system, and a

low-efficiency neural network system as a feature aggregator
led to the fact that in [8] the approach to a 3-level architecture
was improved as follows:

- the base layer includes normalization and segmentation;

- the intermediate layer generates a handwritten
text (HM) map using binary code;

- the top layer performs classification using a forward
neural network (FFNN).

The results of this approach showed an accuracy of 84.4 %.
The Big Five type indicator was used as the personality types,
and a private set of 128 subjects was selected as the data set.
However, the issues related to overfitting and the need for
manual correlation of graphological features with the fea-
tures of the type indicator remained unresolved. The reason
for overfitting can be both a poorly broken data set and an
unsuitable model that performs the classification. An option
to overcome the relevant difficulties may be the use of spe-
cialized methods for classification.

This is the method used in [9], in which the authors
developed a classification structure based on SVM and used
pattern matching to extract letters, which demonstrated an
accuracy of up to 97 %. As personality types, a special set
of traits was used to assess the candidate’s employability
from an HR perspective, and as a dataset, a private set was
selected, which included 1890 samples of handwriting imag-
es. However, the results indicate a very narrow focus of the
study, aimed at determining the level of employability based
on a limited set of images.

However, in work [10] with a similar classification meth-
od, the authors compared the segmentation of the left, right,
upper, and lower fields and used SVM for classification. As a
result, an accuracy of 82.73 % was demonstrated; in the work,
no personality types were used, and a private set was selected
as a dataset, which included 42 subjects.

In [11], a classification based on convolutional neural net-
works (CNN) with SGD and AdaDelta optimization methods
was proposed, and an accuracy of 82.5 % was demonstrated.
This was achieved due to the fact that instead of personality
types, only graphological features such as fields, line spacing,
word spacing, and word inclination were tested. A private set
of 128 subjects was chosen as the data set.

In those two works, the issue of the feasibility of using
such approaches as CNN and SVM for the feature extraction
stage remained unresolved. Despite the fact that they can
cope with this task, they require large data sets for training.
It should also be noted that those works lack a personality
identification component, which makes the relevant studies
inappropriate for comparison in our work.

An option for using more appropriate technologies for
feature extraction is work [12], in which the authors proposed
to perform feature extraction using the Histogram Oriented
Gradient (HOG) technique and classify using SVM; an accura-
cy of 80 % was demonstrated. 5 personality traits were used as
personality types, namely Energetic, Extravert, Introvert, Unti-
diness, and Optimism, and a private set of 50 subjects was se-
lected as the data set. Although the histogram oriented gradient
method is widely used in image processing and computer vision
for object detection, it has a number of disadvantages, such as
sensitivity to noise and artifacts in images. If we consider this
approach in the context of text recognition, the disadvantages
include insensitivity to minor changes due to its focus on strong
gradients. A variant of overcoming the corresponding difficul-
ties can be template matching, which is exactly the approach
used in [13].



In [14], the authors used a CNN model and logistic re-
gression, and selected seven features for the classification
task, and an accuracy of 65 % was demonstrated. The Big Five
personality type indicator was used as the personality type,
and a private set of 112 handwriting image samples written
by ten subjects was selected as the data set.

In [13], the authors proposed a deep neural network
architecture based on CNN with long short-term memo-
ry (LSTM) and connectionist temporal classification (CTC);
and an accuracy of 97.7 % was demonstrated. In the study,
instead of personality types, only graphological features such
as margins, line spacing, word spacing, word slant, baseline,
pen pressure, and others were tested. The public IAM dataset
was chosen as the data set, which included 1539 handwriting
samples written by 657 subjects. However, issues related to
the mapping of graphological features to certain traits re-
mained unresolved. An option to overcome these difficulties
may be the use of a type indicator, which is the approach used
in [14-16].

In [15], the authors proposed a new personality trait level
definition model (PTLDM), where they use a personality anal-
ysis network (PAN) and PersonaNet for classification; an accu-
racy of 65 % was demonstrated. The Big Five personality type
indicator was used as the personality type, and a private set of
125 subjects was selected as the data set. The results show that
the presented deep learning models perform worse in classi-
fication than other methods. The reason for this may be that
deep learning models can be computationally expensive and
difficult to train, and the size and quality of the data set affect
the performance of the model. In addition, traditional deep
learning architectures, such as CNNs, may not be optimally
suited for detecting subtle but important features of handwrit-
ing. In this context, the study of Vision Transformers, which,
owing to the attention mechanism, are able to more effectively
model the relationships between different parts of the text,
might prove promising. Another option to overcome the diffi-
culties may be to use classification methods such as semi-su-
pervised learning with a generative adversarial network.

This is the approach used in [16]; the authors proposed to
extract features using a graph-based written representation
approach and perform classification using a semi-supervised
generative adversarial network (SGAN), which made it pos-
sible to achieve an accuracy of 91.3 %. The Big Five type indi-
cator was used as personality types. And a private set of 173
subjects was chosen as the data set. However, graph-based
feature extraction is problematic due to its computational
complexity and sensitivity to variations in handwriting style,
which leads to inaccurate or unreliable results. In addition,
creating a graph structure may cause the loss of some of the
information present in the original handwriting, and for
specific tasks may require complex tuning of parameters and
functions, which makes the search for an alternative rele-
vant. From a classification perspective, the issue of training
the model remains a challenge; SGAN has been trained on
labeled, unlabeled, and generator-generated data. This may
be due to the competitive nature of the training process and
the dual nature of the model. Traditional machine learning
can be an option to overcome these challenges, where models
are generally simpler, trained exclusively on labeled data,
and often provide better performance for classification tasks.
However, there are also fundamentally new approaches, such
as the Vision Transformer, which, although it belongs to deep
learning, is significantly different from traditional CNNs.
The Vision Transformer has the potential to combine the

advantages of deep learning with the efficiency of extracting
important handwriting features, making it a promising area
for further research.

The application of the Vision Transformer to handwriting
analysis could open up new possibilities for feature extraction
and classification. Due to its ability to model long-range de-
pendences, the Vision Transformer could potentially detect
complex patterns in handwriting that conventional methods
cannot detect. The Vision Transformer is able to learn on
large data sets and considers images as a sequence of patches.
It also uses the attention mechanism to model the relation-
ships between patches, which makes it possible to capturing
both local and global features, which can lead to a more ac-
curate definition of personality traits.

Based on the analysis, it can be seen that some of the
studies [10, 11, 13] were limited to the extraction of graph-
ological features and did not use indicators of personality
types in their studies. This indicates the need for more com-
prehensive approaches to research using certain indicators of
personality types.

Two studies [7, 12] that used the Myers-Briggs Type In-
dicator and the 5 personality traits (Energetic, Extraverted,
Introverted, Conscientiousness, and Optimism) resulted in
mediocre accuracy ranging from 80 % to 87 %.

If we consider studies [8, 14-16] that used the Big Five per-
sonality type indicator, we can see that this area still has room
for improvement. This is evidenced by the fact that the ob-
tained accuracy of personality identification is still below 92 %.

From the point of view of feature extraction, one can see
the diversity of the choice of graphological features for con-
ducting research and the ambiguity of comparing these fea-
tures with indicators of personality types, which is generated
as a result of the subjective choice of graphological features.

Thus, the combination of these problems and shortcom-
ings indicates the need for additional research in the field of
personality identification based on handwritten text.

All this gives grounds to argue that it is advisable to con-
duct research into personality identification using a personal-
ity type indicator, machine learning methods, and automated
feature extraction.

3. The aim and objectives of the study

The purpose of our work is to develop an approach to
identify personality based on handwritten text using ma-
chine learning methods. Increasing the accuracy of person-
ality identification and automating feature extraction could
make it possible to perform more accurate analysis of hand-
written text when identifying personality. In turn, this would
increase the reliability of automated handwriting analysis
systems in the field of personality identification, which could
help graphologists and handwriting experts in their work.

To achieve the goal, the following tasks were set:

— to build a functional model of personality identification
using such machine learning methods;

- to conduct an experimental study of the proposed ap-
proach.

4. The study materials and methods

The object of our study is personality identification based
on handwritten text.



The main hypothesis of the study assumes that the use of
machine learning methods, such as vision transformers, could
allow for effective and accurate personality identification
during handwritten text analysis. This would help grapholo-
gists and handwriting experts conduct analysis and provide a
more accurate and complete assessment through automation.

For a comprehensive approach to personality identifica-
tion, the choice of a personality type indicator remains im-
portant. In this study, the Big Five personality type indicator
was used. Study [17] that compared psychological tests for
personality assessment has shown that despite the fact that al-
gorithms trained on other tests may have better performance,
the Big Five traits are much more informative and have greater
variability in performance depending on the algorithm. The
Big Five model defines personality according to 5 bipolar
scales: Extraversion (sociability versus shyness); Neuroticism
(secure or neurotic); Agreeableness (friendliness versus ugli-
ness); Conscientiousness (organization versus carelessness);
Openness to experience (insightful versus unimaginative).

The research used a public dataset of handwritten text
images as the input data source. The CVL dataset consists of
images of cursive handwritten texts in German and English,
selected from literary works [18]. The dataset consists of
7 different handwritten texts for each subject and a total of
310 authors participated in the dataset [18]. The research was
conducted using a part of this handwritten text dataset with
a total of 404 images and 75 subjects.

To work with machine learning models, the dataset is
divided into the following parts: training, validation, and
testing. This approach has the disadvantage that the accura-
cy can vary depending on the test set. In order to overcome
this problem, a double validation approach was used. This
approach involves performing validation using retrieval and
classification approaches.

The image retrieval approach is based on calculating dis-
tances or similarities between images [19]. Retrieval engines
calculate the distance or similarity of a requested image to
other images in a dataset. The most similar images (i.e., those
with the smallest distances) are returned as retrieval results.

The approach to image classification is based on assigning
predefined categories/labels based on their visual content.
Classification engines are trained on categorized/labeled data-
sets to recognize patterns and classify new unlabeled data.

The Vision Transformer (ViT) [20] was used as a machine
learning model. This model uses attention as the main learn-
ing mechanism. An overview of the model is shown in Fig. 1.

The basis of the vision transformer is the Transformer
Encoder, which consists of two main layers: multi-head
self-attention and a feed-forward neural network. The Trans-
former Encoder is responsible for processing input tokens
using two main layers to create context-sensitive representa-
tions. The multi-head self-attention performs the following
functions: captures the relationships between several patches
of the input sequence, calculates a weighted sum of patch
embeddings to focus on important patches while taking into
account both global and local context. The function of the
feed-forward neural network is reduced to the formation of
nonlinearity and the ability to learn complex relationships
between patches. The result of the work of each of these
layers is transmitted to the normalization and residual con-
nections sub-layer, which is responsible for stabilizing and
accelerating learning by normalizing the inputs for each of
the layers and helps to mitigate the problem of vanishing
gradient.

The CVL dataset was created and intended for author
identification, so in addition to the unique identifier that
identifies the author, additional markings need to be created
to make it possible to use the dataset to identify personality
traits. Handwritten text was analyzed manually and using
graphological features, personality traits were determined
according to the Big Five model, and an appropriate identifier
was assigned to each image in the dataset.

The correlation of graphological features to personality
traits was formed as follows:

- openness to experience: baseline — ascending (indicat-
ing optimism and ambition), slant - reclined (indicating in-
dependence, originality), line spacing - wide (indicating cre-
ativity and need for space), word spacing — wide (indicating
independent thinking), pen pressure - light (indicating sen-
sitivity), font size — large or variable (indicating creativity);

- conscientiousness: baseline - straight (indicating
self-discipline and organization), slant - straight (indicating
practicality and control), line spacing - regular (indicating
orderliness), word spacing - regular (indicating adherence to
norms), pen pressure — regular (indicating balance and con-
trol), font size - regular (indicating practicality);

- extraversion: baseline - ascending (indicates enthusi-
asm and confidence), slant — inclined (indicates openness and
sociability), line spacing — normal or wide (indicates outgoing
nature), word spacing — normal (indicates ease of commu-
nication), pen pressure - Heavy (indicates persistence), font
size - large (indicates expressiveness);

- agreeableness: baseline - straight or slightly ascending
(indicates sincerity), slant — straight or slightly inclined (in-
dicates empathy), line spacing — normal (indicates coopera-
tion), word spacing - normal or slightly wide (indicates toler-
ance), pen pressure — light or normal (indicates tenderness),
font size — normal or slightly rounded (indicates warmth);

- neuroticism: baseline - descending (indicating pes-
simism or fatigue), slant - irregular (indicating emotional
instability), line spacing - narrow (indicating anxiety or ten-
sion), word spacing - irregular (indicating mood swings), pen
pressure - variable (indicating emotional fluctuations), font
size — small or narrow (suggesting insecurity).

The dataset was divided into five classes according to
the new labels. When using images from the dataset, the
image is assumed to be broken down into patches, since the
vision transformer works with image patches and relies on
transformation layers to learn the corresponding functions.
Each patch is linearly projected into a vector, to which a
positional coding vector is added, containing information
about the location of the patch in the image. Then the se-
quence of these vectors enters the input of the transformer.
The attention mechanism allows the model to establish
connections between different image patches, taking into
account their mutual location and content. After passing
through the transformer layers, the output vector is catego-
rized using a fully connected layer. The result of the vision
transformer is the probability of the image belonging to a
certain class.

Taking into account the features of the indicators of
personality types, the object of study and machine learn-
ing methods, the following simplifications were adopted
in the study:

- one subject can have only one of the five traits that
make up a person’s personality;

- the meanings of words and sentences are not taken into
account, only their graphological features are important.
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Fig. 1. Vision Transformer model

The experimental part of the study was conducted using
the Python programming language, the OpenCV library, and
the PyTorch library.

The test bench used for the study had the following
characteristics: Intel 12th generation processor, NVIDIA
GeForce RTX 3070Ti Laptop, DDR4 32 GB.

The metrics used to evaluate the re-

was built. This model includes a pre-processing step and
combined steps of graphological feature extraction and per-
sonality identification.

The input data pre-processing step is an important com-
ponent of the handwriting-based personality identification
approach, as it performs several tasks at once.

trieval performance were as follows: soft
top k, hard top k, completeness on k, ac-

[ Input HPreprocessingH

Feature
extraction

Personality

detection Result

e

Class ’

curacy on k, average accuracy.

The metrics used to evaluate the clas-
sification performance were as follows:
accuracy, precision, completeness, F1
score, true positive (TP), true negative (TN), false posi-
tive (FP), and false negative (FN).

5. Results of investigating the approach to identifying
personality based on handwritten text using machine
learning methods

5.1. Functional model of identifying personality
using machine learning methods

The construction of a handwritten text analysis system
for identifying personality is based on the fact that during
handwriting analysis for identifying personality, the differ-
ence between written samples and standard writing is stud-
ied and based on this, the personality of the person providing
the writing sample is determined.

Having analyzed the approaches and methods of analyz-
ing handwritten text for identifying personality used in the
literature, we can conclude that the approach to building a
personality identification model using the machine learning
method should include the following steps:

1) pre-processing of input data;

2) extraction of graphological features of handwritten text;

3) determination of personality based on the features of
written samples of handwritten text.

A high-level model of the approach to identifying person-
ality based on handwritten text using the machine learning
method is built on these steps and is shown in Fig. 2.

Based on this high-level model, a functional model of
personality identification using machine learning methods

Fig. 2. High-level model of the personality identification approach

Given that the input data is an image, and it can be
multi-colored, working with such an image is complicated
and also requires additional computational capabilities. To
facilitate work with the image, the first step of pre-processing
is to convert the image from color to grayscale.

Input images can have various sizes, for example, in
the CVL dataset, some images have an average size of
2500%1500. This is very large for machine learning models,
because processing such an image will result in a huge num-
ber of tokens, and, for example, the computational complexity
of self-attention in vision transformers scales quadratically
with the number of tokens. In order to avoid the compu-
tational complexity of processing such images, one of the
preprocessing steps is a patch extraction step. The image is
divided into patches of fixed size, the patch size was chosen
to be 32x32, because this size is often used for very high
resolution images, and it significantly reduces the number of
tokens that the model processes.

The images in the CVL dataset have rather large inter-
nal fields in which there is no relevant information, so the
patch extraction should be done taking this into account. In
order to extract the relevant image patches, a preprocessing
step was added in which the scale-invariant feature trans-
formation approach was used [21]. This approach converts
the image data into scale-invariant coordinates relative to
local objects. As a result, a large number of features are
formed that densely cover the image in the entire range of
scales and locations. The coordinates of these features are
used as the central point of the patch with a width of 32 and
a height of 32.



During the preprocessing of the input data, it is also im-
portant to separate the objects from their background. For
this purpose, a preprocessing step was added in which an
automatic thresholding algorithm was used for binarization
of grayscale images [22]. The optimal threshold is chosen
according to a discriminant criterion in such a way as to
maximize the interclass variance in gray levels. The image is
binarized by setting all pixels with a brightness value below
the optimal threshold to 0 (black) and all pixels with a value
above the threshold to 1 (white).

The preprocessing model for the handwritten input data
is shown in Fig. 3.

5.2. Results of experimental study on the proposed
approach

To verify the proposed approach and conduct the experi-
ment, several models were trained; while the model architec-
ture, parameters, etc. are the same, the key difference is only
in the validation and composition of the dataset. The dataset
was composed as follows:

1. A dataset that is divided into half, where the first half is
used for training and validation, and the second half for testing.

2. A dataset in which 2 samples for training, 1 for vali-
dation, and 4 samples for testing are selected from 7 hand-
written text samples from each subject.

Fig. 5 shows the

Patch
extraction

Input H Grayscale ]—)[SIFT key_poth
detection

H Binarization H Save result

composition of the data-
set for the classification

Fig. 3. Input data preprocessing model

The proposed functional model of personality iden-
tification using machine learning methods is depicted
in Fig. 4.

approach.

Fig. 6 demonstrates the
composition of the dataset
for the retrieval approach.

Also, during the experiment, a random seed was used;
it was applied in all modules of the model. This is necessary
for the reproducibility of the result and in order to ensure
that the same order of shuffling of the data set is ensured

Class
Result

CVL Dataset H PreprocessingH ViT-Lite-7/8 H
Item

during each run of the experiment.
To avoid overtraining, the optimal number of itera-

Fig. 4. A proposed functional model of personality identification

After preprocessing, the input data is fed into the vision
Transformer. The small-scale learning model from [23] was
used. This model is suitable for small data sets and makes it
possible to train on small data sets such as CVL and smaller
than those conventionally used in computer vision, such as
ImageNet. The used model ViT-Lite-7/8 includes 7 Trans-
former Encoder layers and 8 attention heads, which together
with the classifier and 32x32 patches provides over 3.74 mil-
lion parameters.

tions was chosen with the possibility of early termination
of training. Training is terminated early if the value of
the average training loss per batch does not decrease
within 10 epochs.

The parameters for tuning the model that were selected
are given in Table 1.

The parameters selected when setting up the scale-invari-
ant feature transformation are given in Table 2.

During model training, training validation was per-
formed in the form of collecting and monitoring metrics
such as loss_val, loss_train, accuracy_val, accuracy_train.
They were collected to confirm the correct training pro-
cess.

0001-1 train 0001-2 val 0001-3 train 0001-4 test 0001-6 test

0004-1 train 0004-2 val 0004-3 train 0004-4 test 0004-6 test

0012-1 train 0012-2 val 0012-3 train 0012-4 test 0012-6 test

0015-1 train 0015-2 val 0015-3 train 0015-4 test 0015-6 test

0018-1 train 0018-2 val 0018-3 train 0018-4 test 0018-6 test

0022-1 train 0022-2 val 0022-3 train 0022-4 test 0022-6 test

0025-1 train 0025-2 val 0025-3 train 0025-4 test 0025-6 test

0028-1 train 0028-2 val 0028-3 train 0028-4 test 0028-6 test

0042-1 train 0042-2 val 0042-3 train 0042-4 test 0042-6 test

0001-7 test 0001-8 test 0002-1 train 0002-2 val 0002-3 train 0002-4 test 0002-6 test

0004-7 test 0004-8 test 0005-1 train 0005-2 val 0005-3 train 0005-4 test 0005-6 test

0012-7 test 0012-8 test 0013-1 train 0013-2 val 0013-3 train 0013-4 test 0013-6 test

0015-7 test 0015-8 test 0016-1 train 0016-2 val 0016-3 train 0016-4 test 0016-6 test

0018-7 test 0018-8 test 0020-1 train 0020-2 val 0020-3 train 0020-4 test 0020-6 test

0022-7 test 0022-8 test 0023-1 train 0023-2 val 0023-3 train 0023-4 test 0023-6 test
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Fig. 5. Dataset composition for the classification approach
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Fig. 6. Dataset composition for the retrieval approach

Table 1

Model setup options

Parameter

Value

Description

Ir

0.0005

Classical learning rate;

num-epochs-warmup

Number of epochs to warm
up the learning rate

batch-size

128

Batch size

Fig. 7-10 show the plots constructed during model train-
ing. The plots in Fig. 7, 8 illustrate the metrics collected
during model training for the classification approach; the
plots in Fig. 9, 10 display the metrics collected during model
training for the retrieval approach.

Table 2

Parameters of scale-invariant feature transformation

num-workers

Number of PyTorch workers

num-epochs-patience

10

Number of epochs after which
training will stop if the
validation loss no longer
improves;

Parameter

Value

nfeatures

0

nOctaveLayers

3

contrastThreshold

0.04

edgeThreshold

10

num-epochs

60

Number of epochs

sigma

3.75

accuracy

0.70 4

0.65

0.60

0.55 1

0.50 1

0.45 1

0.40 4

accuracy_training

accuracy_validation

0.35 T

10 20

30 40

50

60

Fig. 7. Accuracy of validation and training of the ViT-based model on the test dataset for the classification approach:
X-axis — epoch (number); Y-axis — average training accuracy (proportion)
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Fig. 8. Validation and training loss of the ViT-based model on the test dataset for the classification approach:
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Fig. 9. Accuracy of validation and training of the ViT-based model on the test dataset for the retrieval approach:

Fig. 10. Validation and training loss of the ViT-based model on the test dataset for the retrieval approach:
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For the main experiment, the model accuracy analysis
for the classification approach and the accuracy of finding
the corresponding features based on the Euclidean distance
of their feature vectors for the retrieval approach were con-

Table 4

ViT performance evaluation metrics for the retrieval
approach using Euclidean distance

ducted. Additionally, other basic metrics were calculated Metric k Value
for both approaches, useful for assessing the success of the ) o582
handwriting-based personality identification approach using Hard Top K :
machine learning methods. The metrics obtained as a result 2 0.65
of the tests for the classification approach and for the retriev- 1 0.84
al approach are given in Tables 3, 4. 2 0.91
Table 3 Soft Top K 3 0.94
ViT performance evaluation metrics for the classification 4 0.97
approach 5 0.98
Metric Feature Value 1 0.84
Conscientiousness 99.48 % 2 0.78
Agreeableness 94.84 % Precision at K 3 0.75
Accuracy Extraversion 96.39 % 4 0.73
Openness to experience 97.93 % 5 0.68
Neuroticism 97.93 % .
Conscientiousness 0.98 1 0.02
Agreeableness 0.91 2 0.03
F1 Score Extraversion 0.82 Recall at K 3 0.05
Openness to experience 0.93 4 0.07
Neuroticism 0.96
P 5 0.08
Conscientiousness 1.0
Agreeableness 0.86 mAP 045
Precision Extraversion 1.0
Openness to experience 0.96 Fig. 11 shows a confusion matrix for the classification
Neuroticism 0.92 approach.
Conscientiousness 0.97 The model confusion matrix displays the correctly and
Agreeableness 0.96 incorrectly categorized samples. In Fig. 11, the X-axis is
Recall Extraversion 0.70 the true label, the Y-axis is the predicted label, and the
Openness to experience 0.89 intersection of the axes shows the number of correct pre-
Neuroticism 1.0 dictions.
Confusion Matrix
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Fig. 11. ViT-based model confusion matrix on the test dataset for the classification approach



6. Discussion of results based on investigating the
approach to identifying the personality based on
handwritten text

From the functional model, it can be seen that the hand-
written text analysis system has the main steps used in the
literature and demonstrated in Fig. 2. The high-level model
demonstrates that the process of identifying the personality
from handwriting is not a single-step action but consists
of several key stages. It can also be seen that, both in the
high-level model depicted in Fig. 2 and in the proposed model
shown in Fig. 4, the preprocessing step is preserved. In the
preprocessing approach depicted in Fig. 3, one can see the
use of grayscale transformation, the use of scale-invariant
feature transformation to select relevant areas, the extraction
of fixed-size patches, and binarization according to the Otsu
method for clear text separation. These steps play a key role
because they reduce computational complexity, ensure scale
invariance, and extract relevant regions.

Analyzing the proposed model shown in Fig. 4, we
can see a simplification of the structure compared to the
high-level structure given in Fig. 2, which is manifested in
the absence of a feature extraction step. This is possible due
to the fact that the Vision Transformer automatically learns
to extract important features from images during training
using attention weights. This eliminates the subjectivity of
the selection of graphological features and the ambiguity
of comparing features with indicators of personality types.
Continuing the analysis of the proposed model in Fig. 4, one
can see the use of the vision transformer in the ViT-Lite-7/8
variant. The architecture with 7 Transformer Encoder layers,
8 attention heads, and over 3.74 million parameters makes it
possible for the model to detect subtle differences in hand-
writing and effectively train on small data sets typical of
handwriting analysis tasks.

From the experimental validation side, analyzing the re-
sults of training the model for the classification approach in
the plots of Fig. 7, 8, we can see the following results:

- looking at the validation accuracy indicator, we can see
that the accuracy increased throughout the entire training of
the model, which is a good sign;

- looking at the validation accuracy and training accuracy
indicators together, we can see that despite the fact that from
the 30" epoch the difference between the indicators increased,
the validation accuracy did not start to level off and did not start
to decrease, which demonstrates the absence of overtraining;

- looking at the training accuracy indicator, we can see
that the training accuracy was generally higher than the
validation accuracy and increased throughout the training of
the model, which is expected for this indicator;

- looking at the validation loss indicator, we can see that
the accuracy decreased throughout the training of the mod-
el, which means that the model is learning and reducing its
errors over time;

- looking at the validation loss and training loss indica-
tors together, we can see that the overall trend is descending.
But despite the fact that from the 30™ epoch the difference
between the indicators increased, the validation loss began to
slightly level off and did not begin to increase, which demon-
strates the absence of signs of overtraining;

- looking at the Learning Loss indicator, we can see that
the Learning Loss was generally lower than the Validation
Loss and decreased throughout the entire training of the
model, which is expected for this indicator.

Analyzing the results of training the model for the re-
trieval approach in the plots of Fig. 9,10, we can see the
following results:

- considering the validation accuracy indicator, we can
see that the accuracy increased throughout the entire train-
ing of the model, this happened more slowly than the Train-
ing Accuracy, but this is expected for this indicator;

- considering the validation accuracy and training accu-
racy indicators together, we can see that despite the fact that
from the 35" epoch the difference between the indicators in-
creased, the validation accuracy began to level off slightly but
did not begin to decrease, which demonstrates the absence of
overtraining;

- considering the Training Accuracy indicator, we can
see that the training accuracy was generally higher than
the validation accuracy and increased throughout the entire
training of the model, which is expected for this indicator;

- looking at the Validation Loss indicator, we can see that
the accuracy decreased throughout the entire training of the
model, which means that the model is learning and reducing
its errors over time;

- looking at the Validation Loss and Learning Loss indi-
cators together, we can see that the overall trend is descend-
ing. However, despite the fact that the difference between
the indicators increased from epoch 35, the Validation Loss
began to level off slightly and did not increase, which demon-
strates the absence of signs of overtraining;

- looking at the Learning Loss indicator, we can see that
the Learning Loss decreased throughout the entire training
of the model and starting from epoch 30 was lower than the
Validation Loss, which is expected for this indicator.

By analyzing the overall performance metrics for the clas-
sification approach, which are given in Table 3, the following
improvements in personality identification can be seen:

-looking at the Accuracy metric, we can see that the
overall accuracy percentage is high for all personality traits
and has generally increased to an average of 97 %, with the
lowest score being 94.84 % and the highest being 99.48 %;

- looking at the F1 Score metric, we can see that Agree-
ableness, Conscientiousness, Openness to Experience, and
Neuroticism exhibit high F1 scores above 0.9, demonstrating
a good balance in their predictions. Extraversion, with an F1
score of 0.82, may have a slight asymmetry towards precision
or recall;

- looking at the Precision metric, we can see that Con-
scientiousness and Extraversion have perfect accuracy (1.0),
which means that the model is very confident and accurate
when predicting these traits. Other traits also have good ac-
curacy scores, above 0.86;

- looking at the Recall score, we can see that Neuroticism
has a perfect Recall (1.0), indicating that the model captures
almost all cases of this trait. Other traits also show fairly high
Recall scores, with the exception of Extraversion (0.70).

By analyzing the general metrics of ViT performance
evaluation for the retrieval approach using Euclidean dis-
tance, which are given in Table 4, we can see the following
improvements in personality detection:

- considering the Hard Top k indicator, we can see that
the value of 0.84 for k=1 means that the model recommends
the single most relevant item in 84 % of cases. For k=2, this
indicator drops to 65 %, which indicates that finding the sec-
ond best recommendation is more difficult;

- considering the Soft Top k indicator, we can see that
these values are higher than Strict Top k, which indicates



that the model ranks the relevant items in the top K posi-
tions better;

- considering the Precision indicator on k, we can see that
the value of 0.84 for k=1 means that when the model recom-
mends one item, it is correct in 84 % of cases. As K increases,
the accuracy decreases, which means that the model is less
accurate when it recommends more items;

- looking at the Recall indicator on k, we can see low
values, especially for smaller K, indicating that the model has
difficulty finding all relevant elements, even when consider-
ing a larger number of recommendations;

- looking at the Mean Average Precision metric, we can
see that the value of 0.45 is a moderate indicator. This indi-
cates that there is room for improvement in the model’s abili-
ty to rank the corresponding items higher in the list.

Analyzing the results of the confusion matrix for the
classification approach in the plot of Fig. 11, we can see that
overall the model coped with the classification task, cor-
rectly identifying most of the cases with a small deviation
for labels 1 and 2. This deviation is also confirmed by other
metrics such as Recall and F1 score.

The results of the study showed that the Vision Trans-
former can significantly improve the identification of person-
ality based on handwritten text, as it demonstrates greater
accuracy.

Unlike work [8], in which the model largely depends on
preprocessing steps such as normalization, segmentation,
feature extraction, and intermediate representation forma-
tion, the vision transformer works with image patches and
relies on transformation layers to learn the corresponding
features, this difference solves the problem of ambiguity in
matching features with indicators of personality types. At
the same time, comparing the accuracy values for each indi-
vidual trait, it can be seen that for Extraversion their model
demonstrated 87.1 %, and the proposed approach 96.39 %, for
Neuroticism - 86.3 %, and the proposed approach 97.93 %, for
Agreeableness — 79.6 %, and the proposed approach 94.84 %,
for Conscientiousness — 80.4 %, and the proposed ap-
proach 99.48 %, for Openness to Experience - 88.6 %, and the
proposed approach 97.93 %.

Unlike work [15], in which a separate model was trained
for each individual personality trait, in this work a single
model was trained that distinguishes between five personal-
ity traits, this distinction makes it possible to reduce compu-
tational complexity. This becomes possible due to the self-at-
tention mechanism, which makes it possible for the model
to pay attention to different parts of the input data based on
their relevance to the task. At the same time, comparing the
accuracy values for each individual trait, it can be seen that
for Extraversion their model demonstrated 85 %, and the
proposed approach 96.39 %, for Neuroticism - 70 %, and the
proposed approach 97.93 %, for Agreeableness — 75 %, and the
proposed approach 94.84 %, for Conscientiousness — 65 %,
and the proposed approach 99.48 %, for Openness to Experi-
ence - 65 %, and the proposed approach 97.93 %.

Unlike work [16], in which the model was trained using
labeled, unlabeled, and generator-generated data, in this
work the training was performed only using labeled data, this
difference makes it possible to simplify the training process,
reduce computational costs, and better control the quality of
training and accuracy of results. This is possible due to the
fact that the training of the vision transformer, unlike SGAN,
is based exclusively on labeled data. At the same time, com-
paring the accuracy values, it can be seen that their model

demonstrated 91.3 %, and the proposed approach demon-
strated an average of 97 %.

Although the experiment successfully proved the work of
the proposed approach, for the retrieval approach the results
cannot be considered the best, but they can be considered
satisfactory.

Thus, the approach to identifying personality based on
handwritten text using machine learning methods has great
practical potential for graphologists and handwriting experts,
allowing them to perform analysis more efficiently during
work. In addition to the conventional field of application —
forensics and forensic examination, where this approach
can accelerate and automate the process of determining the
psychological portrait of the author, it can be successfully
integrated into the field of HR and recruiting. Automated
analysis of candidates’ handwriting will allow for a quick and
objective assessment of their personal qualities, such as the
level of Extraversion, Neuroticism, Agreeableness, Conscien-
tiousness, Openness to experience, which will significantly
simplify the process of personnel selection.

The expected effects of implementing this approach
include increasing the accuracy and objectivity of handwrit-
ing analysis, reducing the time required for examination,
reducing the influence of the human factor and subjective
assessments, as well as the ability to analyze large volumes
of handwritten data. This, in turn, will lead to more efficient
work of experts, improved quality of personnel selection and
a deeper understanding of the psychological state of the per-
son in different domains of activity.

The use of a public dataset in our research has a positive
effect on the reproducibility of the study, but on the other
hand, this dataset consists of handwritten texts only in Ger-
man and English, which should be taken into account when
applying the proposed approach. It is also assumed that
before using the dataset, graphological analysis will be con-
ducted and each sample of handwritten text will be marked
with one of five marks according to the Big Five model (Ex-
traversion, Neuroticism, Agreeableness, Conscientiousness,
Openness to experience). When reproducing the results for
the retrieval approach, it is important to use Euclidean dis-
tance; when using other methods of calculating the distance,
the results may vary.

As a drawback, worth noting is that Extraversion is the
trait where the model has the most room for improvement. Its
lowest Recall and F1 scores among the other traits indicate
that it may either not recognize some cases of Extraversion
or incorrectly classify other traits as Extraversion, which can
also be seen in the confusion matrix.

As a direction for further research, it may be interest-
ing to use this approach to define personality using other
personality trait theories such as the Myers-Briggs Type
Indicator and others, as they have a larger number of per-
sonality types.

7. Conclusions

1. A functional model of personality identification
based on handwritten text has been built by using ma-
chine learning methods. The functional model construct-
ed makes it possible to build the process of handwriting
analysis in such a way that by studying the differences
between written samples and standard writing, an ac-
curate personality identification is made. The use of the



machine learning method of the vision transformer in the
development of a model of personality identification based
on handwritten text makes it possible to remove the need
to extract features as a separate step. This solves the prob-
lem of ambiguity in comparing features with indicators of
personality types and eliminates the subjectivity of choos-
ing graphological features. In addition, the use of a public
dataset improves the transparency of the study and makes
the study more accessible for comparison and reproduc-
ibility. The use of the Big Five type indicator allowed us to

resulting in an increase in the average precision value from
0.65 to 0.94.
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