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 Despite all of the technical advancements in writing and text editing with 

keyboards on numerous devices, writing with a pen remains a fundamental 

ability in modern human existence. Handwriting disabilities are referred to 

as dysgraphia. Nonetheless, how well they are taught to write in school, 10-

30% of children never attain a respectable level of handwriting. Early 

identification is critical because it can help children avoid difficulties in their 

behavioral and academic development. On blank papers attached to digital 

tablets, 280 individuals were asked to complete the concise evaluation scale 

for children’s handwriting (BHK), with 218 having typical handwriting and 

62 having dysgraphia. In addition to their age and BHK quality and speed 

scores, 12 variables identifying digital handwriting across several domains 

(static, kinematic, pressure, and tilt) were collected. In this paper, we 

provided a rapid and automated dysgraphia classification approach using an 

artificial neural network (ANN) model. Using digital handwriting traits as an 

input to the ANN approach, the prediction findings were encouraging and 

very accurate, reaching 96% accuracy, and they could lead to the 

development of a new self-administered dysgraphia screening tool. 

Keywords: 

Artificial neural network 

BHK test 

Digital handwriting 

Digitizer tablet 

Dropout dysgraphia 

Keras 

This is an open access article under the CC BY-SA license. 

 

Corresponding Author: 

Mohamed Ikermane 

Laboratory LABSI, Faculty of Sciences, Ibn Zohr University 

Agadir, Morocco 

Email: ikermane.mohamed@gmail.com 

 

 

1. INTRODUCTION 

Dysgraphia is a disability of writing competency that can manifest by poor or unreadable writing or 

writing that necessitates a significant amount of effort and time to accomplish [1], [2]. We should make a 

distinction between the two forms of dysgraphia, acquired dysgraphia which occurs when established brain 

connections are interrupted by an event (for example, a brain injury) resulting in the loss of previously 

acquired writing abilities. Developmental dysgraphia, on the other hand, is the difficulty in gaining writing 

abilities despite adequate learning opportunities and cognitive capability [3]. Regardless of how much they 

practice, 10 to 30 percent of children never develop sufficient levels of good handwriting [4]; boys are more 

likely than girls to have dysgraphia [5]. Such handwriting impairments reduce writing legibility and/or speed, 

which may negatively affect a child’s academic and behavioral development [6]. Additionally, it may have 

long-term effects since individuals who have trouble writing may continue to have difficulty progressing 

professionally and performing daily tasks [7].  

Different tests can be used to determine the existence of dysgraphia, such as the detailed assessment 

of speed of handwriting (DASH) [8], the ajuriaguerra scale (E scale) [9], the concise evaluation scale for 

children’s handwriting (BHK) [10], and also the hebrew handwriting evaluation (HHE) [11]. Table 1 lists all 

https://creativecommons.org/licenses/by-sa/4.0/
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characteristics of the most common dysgraphia detection tests, which consist of repeatedly writing a sentence 

or copying a lengthy passage on paper with a pen or pencil. These tests only evaluate the subject’s 

handwriting quality and speed; they do not consider the dynamics of the hand movements during the writing 

process. Using digital handwriting, the implementation of a graphics tablet with a stylus has permitted the 

exploration of novel dynamic handwriting features such as velocity, acceleration, pen pressure, altitude, and 

azimuth. It might greatly aid in comprehending the dysgraphic handwriting particular, speed up the 

dysgraphia screening duration, and improve the test accuracy. Digital handwriting has gained popularity as 

graphic tablets have become more widely available. It enabled the assessment of the handwriting dynamics 

not just the static handwriting evaluation scores (speed and quality). By using digital handwriting features 

and artificial neural network (ANN) techniques, this work aims to provide a quick and accurate digital 

alternative dysgraphia screening tool to the current standard tests. 

 

 

Table 1. Features of several dysgraphia detection tests 
 Age group (y) Test period (min) Language Number of scoring items 

DASH 9–16 20 English 5 
E scale 6–12 2 French 37 

BHK 2–18 5 Multi-language 13 

HEE 6–18 5 Hebrew 10 

 

 

2. RELATED WORKS 

According to Rosenblum et al. [12] used a digitizing tablet to study disturbances in handwriting 

legibility and speed in 30 primary school-aged children (15 competent and 15 non-proficient hand writers). 

Handwriting features such as the standard deviations of letter width (t=2.96, c=0.008), letter height  

(non-proficient=3.24, c=0.005), and pen elevation (non-proficient=2.91, c=0.008) revealed significant 

variations between competent and non-proficient hand writers. According to Mekyska et al. [13] employed a 

random forest model to identify children with dysgraphia in the hebrew alphabet. The research comprised 54 

third-grade Israeli youngsters who had to repeatedly write one hebrew letter to extract their handwriting 

features (static, kinematic, pressure, and tilt) as an input of the classifying model.  

Drotár and Dobeš [14] used a machine learning technique to identify  

dysgraphia-affected handwriting by assembling a new handwritten dataset comprised of different 

handwriting tasks and extracting a diverse set of features to capture various aspects of handwriting. They 

tested numerous machine learning methods and determined that the adaptive boosting (AdaBoost) approach 

produced the best results, with nearly 80% accuracy. According to Asselborn et al. [15], in an administered 

experiment, 298 youngsters (242 normal, 56 dysgraphic) were requested to pass the BHK dysgraphia test by 

writing a long text for 5 minutes on paper posed on a digital tablet. A dataset of BHK test results (quality and 

writing speed) and 53 digital handwriting features was defined and used to train a random forest classifier to 

diagnose dysgraphia. This method achieved 96.6% sensibility and 99.2% specificity. Research by  

Gargot et al. [16], examined the influence of age and found the 13 most significant features on dysgraphia 

screening based on the dataset of their previous work. 

 

 

3. THE CONCISE ASSESSMENT SCALE FOR CHILDREN’S HANDWRITING 

The ”BHK test” (the concise assessment scale for children’s handwriting) [10] is the gold standard 

dysgraphia screening tool extensively used in french-speaking nations. It consists of writing a text onto a 

blank piece of paper for five minutes, starting with simple monosyllabic words and progressing to 

increasingly complicated words. Thirteen handwriting performance characteristics Table 2 are evaluated to 

get a final handwriting quality score. The handwriting quality score is a decrement score. Higher scores 

indicate more faults and lower quality. Each feature is assigned a score between 0 and 5. The first two items 

(writing size and widening of left-hand margin) are graded on the basis of the subject’s age and the full 

written work. The next 11 items are graded based on whether or not a certain handwriting quality item is 

present in the first five phrases of the 1st paragraph. When present, a score of 1 is assigned. As a 

consequence, a quality item score of 0 to 5 is assigned. The total score on all 13 items is used to determine 

whether the child’s handwriting is not dysgraphic (score less than 21), ambiguous (score between 22 and 28), 

or has a handwriting issue (dysgraphia) (score equal or higher than 29). A speed score is also offered by 

counting the number of characters written in five minutes and then converted into decile scores based on the 

child’s grade [17]. 
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Table 2. The BHK test thirteen handwriting characteristic items used to evaluate the quality score 
BHK test characteristic 

1. Writing is too large 8. Inconsistent letter size (of x-height letters) 
2. Widening of left-hand margin 9. Letter distortion 

3. Bad letter or word alignment 10. Ambiguous letter forms 

4. Insufficient word spacing 11. Correction of letter forms 
5. Chaotic writing 12. Unsteady writing trace 

6. Absence of joins 13. Incorrect relative height of the various kinds of letters 

7. Collision of letters  

 

 

4. MATERIALS AND METHOD 

4.1.  Participants 

The current work was based on a previous work dataset [16] in which 280 students, 231 subjects 

from various Grenoble schools and 49 from the center for language and learning disorders at Grenoble 

University Hospital, were asked to take a dysgraphia test, with 62 of them having dysgraphia and 218 having 

usual developing handwriting. 128 of them were females and 152 males. Their age ranged from 6 to 11 years 

old, with an SD of 1.47. 247 subjects were right-handed and 33 were left-handed. Exclusion criteria included 

having a known particular impairment or defined disease, such as any neuro-developmental disorder, or 

being a non-French native. 

 

4.2.  Digital handwriting characteristics dataset 

The BHK test was scored by two junior and senior psychomotor therapists. The demographics and 

clinical characteristics of the youngsters were not disclosed. To extract the handwritten digital characteristics, 

280 subjects took the BHK test on blank paper mounted on a Wacom Intuos tablet. Twelve features that fell 

into four categories Table 3, in addition to the subject’s age, gender, laterality, BHK quality score, and BHK 

speed score, were retrieved in a dataset. 

 

 

Table 3. Digital handwriting characteristics exactrated using digitizer tablet 

Category Digital feature Signification 

Static features Space between words the average distance between words over the whole text 

Standard deviation of density is the number of points captured in each 300-
pixel 

Median of power spectral of tremor High value indicates struggling with the handwriting 

Frequencies  
Kinematics features Distance to mean of speed frequencies Wider distance reveals handwriting difficulties 

Distance to mean of speed frequencies Wider distance reveals handwriting difficulties 

In-air-time ratio how long he did not touch the surface while writing 
Pressure features Mean pressure the mean of all pressure points recorded while writing 

Mean speed of pressure change calculated using a block of ten recorded pressure’s 

points 
Standard deviation of speed of pressure Same speed of pressure calcul method as feature below 

change  

Tilt features Distance to mean of tilt-x frequencies High distance indicates eclectic handwriting 
Bandwidth tiltx Handwriting struggling causes wider bandwidth 

Median of power spectral of tilt-y lower value indicates handwriting problems 

Frequencies  

 

 

4.3.  Artificial neural network model 

Motivated by the intricate functionality of human brains [18], which include hundreds of billions of 

linked neurons that process information simultaneously. An ANN (or simply neural network) [19] is made up 

of three sections: an input layer of neurons (or nodes, units), one or two (or more) hidden layers of neurons, 

and a final layer of output neurons. Determining the number of hidden layers and the number of neurons in 

each layer is one of the most important considerations in the deployment of ANN. Hyperparameter tuning or 

hyper tuning refers to the process of finding the best set of layers and neurons for the deep learning model. 

For hyperparameter optimization, we utilized a Keras-tuner [20], which is a package that supports 

determining the optimal collection of hyperparameters for TensorFlow applications by iterating over all the 

possible combinations of the number of hidden layers and the number of neurons in each hidden layer. We 

changed two parameters: the number of layers (between 2 and 5) and the number of neurons in each layer 

(min=10 and max=40) [21]. As indicated in Figure 1, we used the python deep learning APi Keras [22] to 

build the ANN model, which is a simple, fast, and powerful tool for building ANN models. 
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Figure 1. Predicting the best number of hidden layers and neurons using keras-tuner method 

 

 

Activation functions are an important part of the role that ANN may play in dealing with non-linear 

situations [23]. The rectified linear unit (ReLU) [24] is one of the most often used activation functions in 

deep neural networks: 

 

𝑅𝑒𝐿𝑈 (𝑧)  =  max(0, 𝑧) (1) 

 

As for the output layer, we used the sigmoid function, which has a range between 0 and 1. It is defined as (2): 

 

𝜎(𝑧) =
1

1 + exp(−𝑧)
 (2) 

 

The loss functions [25] are a measure of how accurate the ANN model is at predicting the expected outcome, 

and since we’re dealing with a binary classification model (normal handwriting or dysgraphic), as a loss 

function, the binary cross-entropy is employed, it can be represented as (3): 

 

−(𝑦 log(𝑝)  +  (1 −  𝑦) log(1 −  𝑝)) (3) 

 

The ANN model needs to update certain of its parameters, such as weight and biases, to deliver the 

most precise results. By adjusting the values of the parameters of the ANN model, an optimizer function is 

utilized to minimize the output of the loss function (learn). The adam optimizer [26] is the one that is most 

frequently used. Furthermore, to avoid the ANN model overfitting, we applied the dropout strategy [27], 

which involves briefly removing neurons from the hidden layers during model training. Figure 2 shows the 

structure of the ANN model with the best hyper-parameters values for the dysgraphia dataset determined by 

the keras-tuner. Our model is made up of an input layer with 15 neurons representing dataset dimensions and 

three hidden layers, each with 22 neurons, 26 neurons, and 14 neurons. We used two dropout layers (with 

p=0.5) after each of the two first fully connected hidden layers, as proposed in the original paper [27], and an 

output layer with one neuron for binary dysgraphia classifying. 
 
 

 
 

Figure 2. The ANN model employed in dysgraphia prediction with two dropout layers 
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5. RESULTS AND DISCUSSION 

The purpose of this work is to present a dysgraphia detection tool that is quick, reliable, and 

accurate and only requires digital handwriting as input. The dataset used contains the subject’s age, BHK test 

quality, and speed scores, and digital handwriting characteristics such as static, kinematics, pressure, and tilt 

features extracted while writing BHK text on a paper attached to a graphic tablet Wacom Intuos. The rest of 

this section will compare the performance of the ANN model when BHK test scores and digital handwriting 

characteristics are combined as input and when only digital handwriting features are used. We employed the 

’train test split’ method to split the dataset in a 75:25 ratio to fit and evaluate the performance of our 

dysgraphia ANN model, which means that 75% of the data will be used to train the model and 25% will be 

used as a testing data to analyze the behavior of our model and evaluating its prediction accuracy. 

The learning curves may be used to diagnose and analyze a machine learning model’s behavior. 

Underfit learning curves are the results of a model that is unable to learn the training dataset. It happens when 

the model is unable to get a low enough error value on the training set. Overfitting, on the other hand, refers 

to a model that has learned the training dataset too well. Overfitting has the disadvantage that the more 

specialized the model gets in training data, the less successful it can be in generalizing to new data. The use 

of dropout techniques may aid in obtaining a good fit that exists between the two (overfit and underfit). 

Figure 3 illustrates the training and validation loss of our model across 150 epochs and a batch size of 10. 

The blue “training loss” curve measures the model’s error on the training set, whereas the orange 

“validation/test loss” curve assesses the performance of the ANN model on the validation data. Both curves 

(train and valid/test) were generated using the same set of data by using the random state option in the train 

test split method. The only difference is that we used all dataset features on Figure 3(a), including the 

subject’s age, as well as his BHK scores for quality and speed, and the 12 digital handwriting features. On 

Figure 3(b), we only used the age feature and the twelve digital handwriting characteristics. We can see that 

the model fits well for both inputs, with a slightly higher loss when only digital handwriting features are used 

as model input. 

 

 

  
(a) (b) 

 

Figure 3. Learning curve (a) using all dataset features and (b) learning curve using only digital handwriting 

characteristics 

 

 

Regardless of the dataset imbalance, where 78% of the subjects are normal writers (218 subjects) 

and only 22% are dysgraphic (62 individuals). The classification report in Table 4 illustrates the effectiveness 

of predictions from our ANN model, similar to the training phase using both inputs. The proposed screening 

tool performed admirably in dysgraphia predicting attending 96% accuracy using digital handwriting 

characteristics. Metrics are defined as (4)-(7): 

 

𝑃 𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
 (4) 

 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
 (5) 
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𝐹1𝑠𝑐𝑜𝑟𝑒 =
2 𝑃 𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃 𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+ 𝑅𝑒𝑐𝑎𝑙𝑙
 (6) 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 (7) 

 

The true positive (TP) represents a dysgraphic subject that was correctly predicted dysgraphic, the 

false positive (FP) is a dysgraphic subject that was labeled non-dysgraphic, the true negative (TN) is when a 

non-dysgraphic subject is correctly predicted, and the false negative (FN) is non-dysgraphic children who 

were mistakenly predicted dysgraphic. 

 

 

Table 4. Classification report using both Inputs for the ANN model 
 BHK scores & digital handwriting features input Digital handwriting features input 

Precision 4 0.929 1.000 
Recall 5 0.929 0.786 

F1 score 6 0.929 0.880 
Accuracy 7 0.971 0.96 

 

 

Dysgraphia classification results using digital handwriting features appear to be promising. With the 

ANN model prediction being highly accurate even with a small dataset. This could open the door to new 

screening methods that do not require a well-trained person in the administration and scoring of standard 

dysgraphia screening tests such as the BHK test that are automate, quick, and with good accuracy test results. 

 

 

6. CONCLUSION 

Dysgraphia is a learning condition that affects the speed and legibility of a person’s handwriting. 

Because handwriting is important for behavioral and academic development, early detection and 

rehabilitation can dramatically improve student academic and professional accomplishment. In this work, we 

provided an automated and quick method for dysgraphia screening employing a digitizer tablet to extract 

digital handwriting characteristics as input to an ANN dysgraphia classification model. Even with a small 

dataset, the results of using only digital handwriting characteristics were encouraging, with a precision of 96 

percent. Subsequently, new digital handwriting features, as well as the use of various deep learning 

algorithms, could be considered to improve the classifier’s accuracy and automate the dysgraphia 

identification process. Potentially leading to a novel self-administered dysgraphia screening tool. 
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