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 With the rising interest over the last decade, automated graphology has 

emerged as a promising filed of research, providing new insights on 

personality traits prediction on the basis of handwriting analysis. Although, 

few practical solutions to automate the extraction of handwriting features and 

personality prediction exist in the literature. This work aims to contribute to 

closing the gap in automated handwriting personality prediction by proposing 

a novel mobile application that uses robust feature extraction and machine 

learning models to predict big five personality traits. Our findings, based on 

high correlations between handwriting characteristics and personality traits, 

revealed convincing links. Notably, extraversion and extraversion have strong 

correlations with top margin feature, whereas agreeableness is expressed 

through line spacing. These findings emphasize the ability of automated 

graphology to properly interpret individual personalities. The proposed 

system achieved exceptional accuracy by using well known machine learning 

classifiers. The testing accuracy exceeded 92% in binary classification and 

87% in multi-class case scenario, proving the adaptability and dependability 

of the system’s architecture. Our Android app promises to provide users with 

unprecedented insights into their personalities, establishing a robust tool for 

psychological assessment and self-discovery. 
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1. INTRODUCTION 

Understanding human personality, encompassing enduring patterns of thought, emotion, and behavior, 

has long been a primary objective in psychology [1]. Key theoretical frameworks like Raymond Cattell’s 16 

personality factors (16PF) [2], the five-factor model (FFM) or big five personality traits (OCEAN) [3], and the 

Myers Briggs type indicator (MBTI) [4] have contributed significantly to understanding individual differences. 

These models have been extensively used to examine how personality shapes various life domains, including 

social interactions, career decisions, and mental health outcomes. Handwriting, as a highly individualized mode 

of expression, has also been explored for its potential to reveal psychological characteristics. This study of 

handwriting as a reflection of personality known in the literature as graphology [5], has played an important role 

https://creativecommons.org/licenses/by-sa/4.0/


                ISSN: 2502-4752 

Indonesian J Elec Eng & Comp Sci, Vol. 38, No. 2, May 2025: 915-927 

916 

in this area, with applications in fields such as medical diagnosis, educational assessments, and employment 

selection [6]–[10].  

Recent advancements in machine learning have further revived interest in handwriting analysis, 

automating the process and allowing for more robust personality predictions based on nuanced handwriting 

features that traditional methods might overlook [11], [12]. Despite these advancements, several unresolved 

problems persist. While various computational models have been proposed to predict personality traits from 

handwriting, the robustness of handwriting feature extraction techniques remains a challenge, as many models 

struggle to consistently capture subtle and complex patterns. Additionally, few studies have translated these 

models into practical applications for real-world use by professionals like graphologists, leaving room for 

improvement in creating accessible, reliable systems. Here in Table 1, we give a non exhaustive overview from 

the literature in constrast with handwriting personality prediction. 

 

 

Table 1. Recent related works 
Works Summary Number of 

features 
Mobile 

application 

[13] A new three-layer method for identifying big five personality traits from handwriting 

was developed, validated using intrasubject and intersubject approaches. The latter 

yielded better accuracy rates, with 84.4% for neuroticism, extraversion, openness, and 
77% for conscientiousness and agreeableness. 

7 None 

[14] The study presents the largest handwriting dataset, analyzing 1,800 samples for 
detecting personalities based on graphological features. Using machine learning 

algorithms like support vector machine (SVM), Naïve Bayes (NB), and random forest 

(RF), the SVM achieved the highest prediction accuracy (97%). 

5 None 

[15] The authors developed a new method for predicting personality traits from handwriting, 

using neo five-factor inventory-3 test results and handwriting samples. The accuracy 

ranged from 65% to 85%, with extraversion being the most accurate. 

5 None 

[16] The authors propose a convolutional neural networks (CNNs)-based architecture for 

predicting personality from English and Hindi handwriting, despite low accuracy rates 

(average 43%), with plans to improve accuracy in future works. 

None None 

[17] The study developed a mobile application for identifying personality traits using 

graphology, specifically through handwriting analysis. Tested on 25 handwriting 

samples, the application extracts and analyses handwriting features, and achieves 

similar identification results to a graphology expert. The study demonstrates the 

feasibility of using a mobile application for handwriting analysis. 

6 Android 

mobile 

application 

[18] The study aims to develop an Android app for handwriting analysis using deep learning 
techniques to predict extrovert or introvert MBTI personality types. The dataset consists 

of handwriting samples labeled with personality types obtained through an online 

MBTI test. The app uses a TensorFlow Lite MobileNet based on CNN to achieve an 
accuracy of 45% during training and testing. Authors suggested that more data can 

improve results. 

None Android 
mobile 

application 

 

 

To address these gaps, we propose a novel mobile application for robust handwriting-based personality 

prediction. This application, designed for use by graphologists and other professionals, leverages machine 

learning algorithms to detect nuanced relationships between handwriting features and personality traits by offering 

an accessible practical tool grounded in scientific rigor. By this work we seek to advance the field of personality 

assessment and provide an innovative solution to previously unaddressed issues in handwriting analysis. The rest 

of this paper is organized as follows: the research method section outlines the study's approach and procedures, 

the results and discussion section presents key findings and situates them within the context of existing research, 

and the conclusion highlights the implications, limitations, and areas for future research. 

 

 

2. METHOD 

The main goal of this work is to developpe a mobile application capable of predicting the big five 

personality traits on the basis of a given handwriting sample. To achive this purpose we collected both big five 

inventory (BFI-10) and handwriting sample form each one of a 100 engineering students with their consent. Next, 

personality scores were calculated and handwriting features were extracted using features extraction techniques 

in order to be stored in the final dataset. The following phase consisted of analyzing the existing correlations 

between personality traits and the handwriting features, in addition to the training and testing of machine learning 

models to assess the predictability of personality traits on the basis of handwriting. Finally, a mobile application 

was developed to use both extraction techniques and trained models in order to predict personality scores from a 

given handwriting sample. The flowchart in Figure 1 illustrates the described phases in the research method of 

this work. 
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Figure 1. Flowchart of the research method 

 

 

The experimental setup used for implementation and development is composed of a Lenovo ThinkPad 

laptop featuring an 8-core 2.30 GHz Intel i5 10th Gen CPU, 16 GB of RAM, an 8 GB Intel GPU, and 500 GB 

of storage. This configuration was utilized for both the feature extraction process and the training and testing 

of machine learning models. Python 3.7 was chosen due to its integration with the Scikit-Learn machine 

learning framework [19], OpenCV for feature extraction, and Flask for the RESTful API to routs requests 

through Ngrok tunneling. As for the mobile app development, the user interfaces were created in XML, and 

Java for handling event control, both within the Android Studio environment on the same setup.  

 

2.1.  Data collection 

The first phase phase in the research method of this study consisted of collecting data from the 

participants where each one of them was asked to complete a personality questionnaire and to present a 

handwriting sample. For personality traits scoring, we used the five-factor model knwon as the big five personality 

traits inventory [20]. Recently, shorter versions with only 10 items were studied and validated in both English 

[21] and French [22] languages. The french version with only 10 items presented a suitable choice for faster 

personality assesement, therefor it was used in this study. As for the handwriting, we asked participants to rewrite 

the London letter model [23] as it is composed of alphabet letters in both uppercase and lowercase form, all 

numerals in different combinations and many other characteristics that made it suitable for the handwriting 

analysis. Further processing with an emphasis on characteristics such as margins, baseline, letter size, line spacing, 

and word spacing. A thorough comprehension of attributes can be achieved by integrating personality inventories 

with handwriting analysis, as suggested by existent literature [24]. 

 

2.2.  Data processing and storage 

2.2.1. Big five inventory 

The next phase after data collection consisted of processing and storing both personality traits score and 

handwriting extracted feautres values. For personality traits scores, we used the formula presented in the paper 

presenting the BFI-10 [22]. Table 2 describes the score calculation for each one of the five personality dimensions. 

 

 

Table 2. Big five personality traits inventory scoring 
Personality traits Item’s number Scoring formula 

Extraversion Q1 (Reversed (Q1)+Q6)/2 
Q6 

Agreeableness Q2 (Q2+Reversed (Q7))/2 

Q7 
Conscientiousness Q3 (Q3+Reversed (Q8))/2 

Q8 
Neuroticism Q4 (Q4+Reversed (Q9))/2 

Q9 

Openness Q5 (Q5+Reversed (Q10))/2 

Q10 
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2.2.2. Handwriting samples 

As for hadnwriting features values, we proposed and used robust feature extraction methods that implies 

pre-processing and optimizing handwriting samples. The significance of feature extraction in handwriting 

analysis is emphasized in the literature to enable successful predictive modeling [25]. In what follows, we present 

a detailed explanation of the feature extraction methodes that we proposed and used in this work. 

 

A. Pre-processing  

Grayscaling, thresholding and denoising are all tehniques used to enhance the image quality and make 

it suitable for the the next stpes in the feature extraction process. For this purpose, we used the OpenCV [26] 

library version in Python for reading image sample in RGB space and for conversion to Gray Scale. After that, 

comes thresholding with the Otsu’s technique [27] and denoising using median filter [28]. Here in Figure 2, we 

give the obtained results for a handwriting sample after the pre-processing steps, where Figure 2(a) represents the 

original handwriting sample, Figure 2(b) grayscaled sample, Figure 2(c) thresholded sample and Figure 2(d) as 

the denoised sample. 
 

 

  
(a) (b) 

  

  
(c) (d) 

 

Figure 2. Pre-processing results for a handwriting sample; (a) original, (b) grayscaled, (c) threshed,  

and (d) filtered 
 

 

B. Extracting baseline angle feature 

For extracting baseline feature (angle of rotation), we once again used OpenCV libraires for both 

dilating, contouring and rotating lines on the denoised hadnwriting sample [29]. The contouring seeks curve 

joining of all the boundary points that have same color in order to draw bounding boxes, which allowed us to 

rotate and calculate the baseline angle for each line of the handwriting sample. The baseline of the overall 

handwriting sample is calculated as the average value of calculated baselines for all lines. To rotate the lines we 

applied affine transformation with linear transformation and translation, as result a new handwriting samples with 

straightened lines is obtained. The Figure 3 illustrate the process of dilating Figure 3(a), drawing bounding boxes 

Figure 3(b) and rotating the lines to obtain the straigntened handwriting sample Figure 3(c). 
 

 

   
(a) (b) (c) 

 

Figure 3. Baseline feature extraction process; (a) dilating, (b) contouring, and (c) rotating 
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C. Extracting top margin and line spacing features 

For top margin and line spacing features, we applied horizontal projection technique [30] on the 

straightened handwriting sample. By counting the sum of white pixels horizentally we were able to trace zero 

values and values under a defined threshold to find the start and the end space indices for line segmentation. 

Additionally, we traced maximum values to find the middle baseline. Figure 4 illustrate the horizental projection 

algorithme used for top margin and line spacing feature extraction process Figure 4(a), where the top margin value 

is calculated based on the first two indices, and the line spacing values are calculated as the distance between two 

middle baseline values Figure 4(b). The average of all spaces between lines is considered as the line spacing of 

the overall handwriting sample. 

 

 

 
 

(a) (b) 

 

Figure 4. Top margin and line spacing features extraction algorithm and process (a) algorithm and (b) result 

 

 

D. Extracting word spacing feature 

To calculate only the space between words and not letters, we once again applied dilataion on  segmented 

lines and used the vertical projection technique [30] on each dilated line to find spaces start and end indices. 

Figure 5 illustrate the vertical projection algorithme Figure 5(a) and the resulted segmented words based on spaces 

start and end indices Figure 5(b). 

 

 

 

 

(a) (b) 

 

Figure 5. Word spacing features extraction algorithm and process (a) algorithm and (b) result 

 

 

E. Extracting letter size 

Letter size feature could be determined as categories based on middle zone calculation compared to the 

average letter size [31]. Though, this methode doesn’t provide a precise value of this handwriting feature. As an 

alternative solution, we used dilatation and vertical projection again on each one of the segmented lines to trace 

pixels with non-zero values that represents the start and end of the letters shape. The differences between those 

indices allowed us to calculate the average letter size for each line, and the average of all lines represents the letter 

size feature value of the overall handwriting sample. Figure 6 presents the used algorithme of this technique  

Figure 6(a) and the illustration of letter size feature values in a segmented dilated line Figure 6(b).  
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(a) (b) 

 

Figure 6. Letter size features extraction algorithm and process (a) algorithm and (b) result 

 

 

2.2.3. Dataset 

Before storing data as the final data set, two main steps were crucial to enhance the classification task 

by the different classifiers, standardization and transformation. Standardizing the inputted data, representing the 

handwriting features, could be described as changing the values to fit in the form of a unified scale [32] mainly 

using a scaling techniques known as robust scaling [33]. As for the ouputed data, representing the personality 

traits scores, transformation to categories or classes is required for training and testing each one of the machine 

learning models, mainly two cases scenarios of classification for each one of the personality traits: a multiple (5) 

and a binary (2) classes classification. 

 

2.3.  Handwriting personality assessment 

2.3.1. Correlation analysis 

By using a statistical method such as correlation analysis we aim to investigate the existing links between 

the big five personality traits and handwriting feature values. Pearson correlation coefficient [34] was calculated 

for both values to investigate the nature of relationships between the predicting and predictors variables. 

 

2.3.2. Machine learning models  

At this stage, the extracted handwriting features are used to test the prediction of the big five personality 

traits using four well-known machine learning models. The efficiency of the selected models is measured in 

comparison with previous studies. This integration highlights how technology-driven data collection techniques 

can improve scalability and efficiency [35]. When it comes to evaluating machine learning models, selecting the 

right evaluation criteria is crucial, especially when working with limited datasets. These measures function as 

benchmarks to assess the effectiveness and resilience of models in many contexts. Accuracy, precision, recall, 

and F1-score [36] stand out as key tools for assessing a machine learning model performance among the multitude 

of existing metrics evaluation methods. 

− Accuracy score: it is the fraction of predictions where the model has the right prediction.  

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 (1) 

 

− Precision: it is the division of correct positive results by the predicted positive results.  

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
 (2) 

 

− Recall: it is the division of correct positive results by all relevant samples.  

 

𝑅𝑒𝑐𝑎𝑙𝑙 =  𝑇𝑃 (𝑇𝑃 + 𝐹𝑁) (3) 

 

− F1 score: it represents harmonic mean between precision and recall describing model’s robustness. 
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𝐹1 =
2

1

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
 ∗ 

1

𝑅𝑒𝑐𝑎𝑙𝑙

 (4) 

 

2.4.  Mobile application development 

The developement of a mobile application will offer the possibility to automate handwriting feature 

extraction and big five personality traits prediction mainly to be used by graphologist. This solution will allow a 

faster and efficient assessment and interpretation of personality without manual analysis. Figure 7 illustrates the 

architecture design for this mobile app which encompasses an API for rooting requests and calling scripts for 

features extraction and predictive machine learning models in a local server that will be accessed using the Ngrok 

tunneling service.  
 
 

 
 

Figure 7. Architecture design of the mobile application for handwriting based personality prediction 

 

 

3. RESULTS AND DISCUSSION 

This section provides a comprehensive overview of our findings and their interpretation. Starting with 

a detailed description of collected data. Followed by correlation analysis results to validate the relationship 

between big five personality traits and handwriting features, and to support the methodology's effectiveness. 

Machine learning models developed for trait prediction are discussed, followed by an evaluation of their 

performance. Finally, we explore the deployment of these models in the mobile application, emphasizing its 

potential for automating graphology and enhancing personality trait prediction. 

 

3.1.  General description of collected data  

Among the 100 participants in this study, the gender distribution revealed that 53 were female, 

accounting for 53% of the sample, and 47 were male, accounting for 47%. This reveals a fairly equal gender 

representation in the data set. As for the comparison of personality traits between male and females students 

participating, intriguing results were found. In terms of openness, females tend to score somewhat higher than 

males, and males had a slightly higher mean score for agreeableness than females. Both genders had equal mean 

scores on consciousness and extraversion. However, females score somewhat higher in neuroticism than males. 

Those findings are consistent with the current research on gender variations in personality characteristics. 

Previous researches have found similar results, with females rating higher in openness and neuroticism, while 

males score somewhat higher in agreeableness [37]. These persistent patterns lend credence to the concept of 

gender-specific variances in personality traits and strengthen the current study’s findings. A more detailed 

description of findings in contrast with the collected data are presented below in Table 3 as the resluted dataset of 

this study. 

 

 

Table 3. Data set predictive and predicted variables description 
Predictive variables  Predicted variables 

Handwriting features Mean Range  Personality traits Mean Range 

Baseline -0.78 (-3.74)-3.22  Openness 2.5 1-5 
Top margin 45.91 0-415  Conscientiousness 2.5 1-5 

Line spacing 147.05 68.75-218.12  Extraversion 3 1-5 

Word spacing 28.23 8.44-63.82  Agreeableness 3 1-5 
Letter size 34.74 20.47-56.79  Neuroticism 3.5 1-5 
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3.2.  Correlation analysis 

By all of five handwriting features variables, baseline showed a significant negative correaltion with 

agreeableness, suggesting that agreeableness tended to decrease as the baseline characteristic increases. For the 

other personality traits there were no statistically significant relationships found with baseline. Conversely, top 

margin and conscientiousness showed a strong positive correlation, indicating that greater levels of 

conscientiousness were correlated with higher levels of top margin. Moreover, correlations were found between 

extraversion and top margin suggesting a potential negative correlation, and between neuroticism and letter size 

indicating a potential decrease in neuroticism as letter size increased. These findings align with previous research 

conducted in the field of graphology and personality prediction, where similar relationships between handwriting 

features and personality traits have been observed [38]–[41]. Here in Table 4 we present the coefficients and their 

significances results of big five personality traits and handwriting features correlation analysis: 

 

 

Table 4. Pearsonian correlation coefficients and significances of personality traits and handwriting features 
 Extraversion Agreeableness Conscientiousness Neuroticism Openness 

Baseline Coeff -0.055 -0.266 -0.102 0.027 0.094 
Sig 0.679 0.040 0.439 0.835 0.476 

Top margin Coeff -0.225 -0.005 0.353 -0.150 0.130 

Sig 0.084 0.970 0.006 0.253 0.433 
Letter size Coeff 0.036 0.064 -0.196 -0.251 0.194 

Sig 0.783 0.627 0.133 0.053 0.138 
Line spacing Coeff 0.062 0.047 -0.073 -0.161 0.004 

Sig 0.637 0.719 0.582 0.218 0.975 

Word spacing Coeff 0.025 0.157 0.011 0.114 -0.170 
Sig 0.850 0.232 0.936 0.386 0.193 

 

 

3.3.  Machine learning  

Before evaluating selected models prediction performences, we randomly splited the dataset into two 

sets: 80% of data as training set and the remaining 20% as testing set. The test set has for the purpose to explore 

the classifier prediction accuracy on unseen handwriting features data. A two case scenario of multiple trials 

and errors were conducted for each one of the classifiers, a five classes and two classes predictions. In  

Figure 8, we present comparison of classifiers performances in predicting binary classes Figure 8(a) and 

multiclasses Figure 8(b) for openness personality traits based on handwriting features variables. 

 

 

  

 
(a) (b) 

 

Figure 8. Evaluation and comparison of classifiers performances in predicting openness personality traits 

based on handwriting features (a) binary classification and (b) multiclasses classification 

 

 

In the binary class case scenario, SVM, RF, and multilayer perceptron (MLP) all performed well in 

predicting openness, with all metrics scores above 0.90. Similarly, in predicting conscientiousness, all classifiers 

had excellent training accuracies of 0.90 to 1.00, with testing accuracies, precision, recall, and F1-scores higher 

than 0.83. However, for extraversion, while SVM, RF and MLP performed well especially MLP outperforming 

the other classifiers, GB had lower testing accuracies and precision scores. In predicting agreeableness, all 

classifiers scored impressive testing accuracies ranging from 0.83 to 0.92, with RF and MLP outperforming the 

others. As for neuroticism, all classifiers had excellent testing accuracies and recall scores of 0.92, with SVM 
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excelling in performance. Overall, RF and MLP consistently outperformed across various measures, presenting 

an excellent alternatives for predicting personality dimensions. For a more nuanced evaluation of our best models’ 

performances in comparison to previous relevant studies, we present in Table 5 a comparison with findings 

described in the existing studies that explored the binary classification of personality traits employing the five-

factor model (OCEAN). 

 

 

Table 5. Comparison of handwriting based personality prediction studies in contrast with five factors model 
Study (year) Dataset 

size 
Handwriting features ML models Prediction accuracies according to 

the five factors model 

O C E A N 

Gavrilescu and 
Vizireanu [13] 

128 Baseline angle word slant pen pressure 
connecting strokes lower case “t” lower 

case “f” line spacing 

Feed forward 
neural network 

(FFNN) 

84 77 84 77 84 

Elngar et al. [15] 125 Baseline pen pressure word spacing 
lLne spacing lower case “t 

FFNN 85 65 85 75 70 

Chaubey and 

Arjaria [16] 

110 No feature selection CNN 43 46 41 40 46 

This study 

(2024) 

60 Top margin baseline angle line spacing 

word spacing letter size 

MLP and RF 92 92 92 92 92 

 

 

As for the multi class case scenario, both RF and MLP classifiers had a testing accuracy and recall of 

0.75 for predicting openness traits, whereas SVM and GB classifiers had a testing accuracy and F1 score of 0.67 

and 0.73, respectively for predicting conscientiousness. RF and MLP classifiers also excelled in predicting 

extraversion traits, with testing accuracy and F1 scores higher than 0.60. Moreover, both classifiers led in 

agreeableness traits, with RF having testing accuracy of 0.75, precision and recall of 0.83 and 0.75, respectively. 

GB classifiers excelled at predicting neuroticism characteristics, with testing accuracy and precision of 0.58, while 

RF was more precise classifier with 0.68 score. Overall, while performance varies among personality dimensions, 

RF and MLP classifiers regularly emerge as good competitors for predicting personality traits when evaluated 

using the presented metrics scores. On the basis of these experimental findings, we propose the architecture 

presented in Figure 9, as the prediction system that will be used in the mobile application handwriting personality 

prediction. 

 

 

 
 

Figure 9. Architecture of the multi class classification system 

 

 

3.4.  The mobile application 

Based on the handwriting feature extraction algorithms and the predicting system encompassing best 

machine learning models, we developed a novel android mobile application to offer fast and robust 

handwriting-based personality prediction mainly for graphologist. The application was developed under 

android studio integrated development environment using XML language for coding user interfaces and Java 

for event handling. In Figure 10, we demonstrate each activity role and use case where; Figure 10(a) this 

activity is the start graphical interface, where the user is asked to open his camera for capturing a photo of the 

handwriting sample, Figure 10(b) this activity shows the captured photo and allows user to crop for better 

prediction results, Figure 10(c) this activity is the same activity Figure 10(a), it shows the cropped image and 

give the user possibility to go back to take another photo of a new handwriting, Figure 10(d) this activity is the 

results activity, first it shows a loading panel to allow user to wait for the server response, Figure 10(e) This 

activity is the same as activity Figure 10(d) after getting results from the server the loading panel is swapped 

with the chart panel in order to show the predicted scores for the big five personality traits scores. 
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Compared to earlier studies, we advanced the field by integrating machine learning models into a 

mobile app for real-time personality prediction. While similar applications are rare [17], [18], our approach 

covers both automating handwriting feature extraction and big five personality traits prediction. Although our 

work imitated by is the smaller number of handwriting samples and number of extracted features, our predictive 

system performed unexpectedly well in predicting big five personality traits. In summary, we developed a 

mobile solution that predicts big five traits from handwriting. While promising, further work is needed to 

automate the extraction of more features, scale the models to larger datasets, and explore additional personality 

frameworks for broader applicability. 

 

 

   
(a) (b) (c) 

 

  
(d) (e) 

 

Figure 10. Illustration of the developed application for handwriting personality prediction; (a) scan, (b) crop, 

(c) resulted image, (d) loading, and (e) results 

 

 

4. CONCLUSION 

In this work, we successfully established a novel approach to personality prediction through 

handwriting analysis. While correlation analysis revealed significant associations between certain features and 

personality dimensions, notably agreeableness with baseline and conscientiousness with top margin, machine 

learning algorithms achieved satisfactory accuracies in predicting all personality dimensions. These findings 

suggest potential in using advanced computational approaches for personality prediction from handwriting 

features, contributing to understanding individual differences in personality assessment. Moreover, a mobile 

application was developed based on robust handwriting feature extraction techniques and machine learning 
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models to bridge theoretical study with practical application in handwriting based personality assessment. 

Several limitations should be acknowledged, such as the limited number of handwriting features, the exclusive 

relevance to the big five model, reliance on predefined thresholding techniques for segmentation, and the need 

for more evaluation of machine learning models. Future research avenues could address these limitations by 

exploring a broader range of handwriting features, examining alternative trait models such as the MBTI, 

refining segmentation approaches using machine learning, conducting further validation of machine learning 

models, and increasing sample size diversity. Such perspectives would contribute to advancing the field of 

handwriting-based personality prediction and offer a more comprehensive understanding of handwriting and 

personality correlations. 
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