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Abstract
Background

About one-third of children face dental fear and anxiety, jeopardizing treatment outcomes. This study
develops deep learning algorithms to automate drawing analysis, addressing the limitations of subjective
and time-intensive manual assessments.

Methods

Two deep learning systems were developed. In the pilot study, drawings were manually labeled using the
Child Drawing: Hospital score sheet. The first system used a two-step classification, focusing on human
figures. A ResNet-18 model categorized drawings into high or low-average anxiety, while YOLO-v5
detected human figures, and YOLO-v8 classified those in low-average anxiety drawings. The second
approach evaluated layout characteristics using pixel value calculations and scored color attributes with
k-means clustering. A two-step deep learning process assessed human figure features: YOLO-v5 detected
human figures and recognized faces, while YOLO-v8 classified faces as happy or unhappy. Final anxiety
levels were determined by the combined feature scores. Accuracy and precision were reported for
classifiers and object detectors, respectively.

Results

The first approach showed promising results, with the ResNet-18 classifier achieving a testing accuracy

0f 0.93 (95% CI: 0.878-0.982), the object detector achieving precision of 0.64 (95% CI: 0.531-0.749), and
across five-fold cross-validation, the final classifier achieving a mean test accuracy of 0.66 (95% CI: 0.627,
0.6966). Confidence intervals were computed using the t-distribution with 4 degrees of freedom. Since the
testing set was too small, a normal distribution assumption for the testing set was unrealistic. Therefore, a
five-fold cross-validation was performed. The second approach achieved a final accuracy of 0.76, with
individual features scoring a moderate accuracy of around 0.60.

Conclusion

This study demonstrates the potential of artificial intelligence to automate children’s dental fear and
anxiety assessments through drawing analysis. Practical Implications: The developed algorithms can be
used to screen children's dental anxiety, aiding clinicians in managing anxiety effectively, understanding
patient concerns, and improving communication with children with linguistic or cognitive barriers.

Categories: Al applications, Algorithm Design, Image Processing and Analysis
Keywords: dental anxiety, pediatric dentistry, deep learning, drawing, machine learning, medical image analysis

Introduction

Dental anxiety is a prevalent incident among young children [1-3]. About one-third of young children
experience Dental Fear and Anxiety (DFA) [4]. It can negatively impact children's emotions and dental
behaviour, inflicting treatment avoidance and uncooperation during the dental visit, making treatment
delivery difficult, if not impossible [5-8]. Dental professionals need to be aware of pediatric patients’ DFA
to maximize effective delivery of care.

Self-reported assessment tools are the most widely used method for collecting patient input on DFA.
Young children’s linguistic and cognitive limitations render interviews inapplicable to pediatric dental
patients [9-12]. Alternatively, drawing analysis provides a non-verbal and open-ended way for children to
express emotions when verbal communication falls short [12-16]. Initially created for anxiety assessment
through drawing analysis in hospitalized children [16], the Children Drawing: Hospital (CD: H) score sheet
was adapted for dental research by Aminabadi et al. [3]. Since then, many studies have demonstrated a
strong correlation between CD: H results and other anxiety assessment methods, including behavioural
tools [12,13,17].
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Although CD: H provides useful information on children’s DFA, it has limited application for daily practice
[13,14,17]. Drawing interpretation is a highly subjective process, heavily reliant on the individual
interpreter [15]. This subjectivity introduces potential rater biases, affecting the accuracy of the analysis
[12,13]. Additionally, CD: H includes 23 questions, making it challenging to collect immediate feedback
and limiting its application in daily practice [12,13].

Automated systems can reduce the assessment’s time and subjectivity [15,18-20]. Artificial intelligence
(AI) algorithms showed the potential to recognize features different from manual evaluation when
evaluating children's drawings, which can be useful for overall drawing assessment [19,21]. In their review
of deep learning (DL) for studying drawing behaviour, Beltzung et al. [15] highlighted that neural
networks, a subtype of DL, are the most promising tool for analyzing drawings.

DL helps reduce human biases, such as confirmation bias [20]. This can influence traditional methods that
rely on preselected features aligned with the designer's beliefs. Instead, DL processes nearly unaltered
data, minimizing such biases [19,20,22]. While DL models have been applied to various drawing analyses,
no research, to the authors' knowledge, has yet automated the assessment of children's dental anxiety
through their drawings. Therefore, this study aims to introduce automated systems for evaluating
children's drawings, for DFA assessment.

Materials And Methods

This secondary data analysis study was approved by the University of Alberta’s Board of Ethics with IRB
number Pro00126348.

Datasets

Four datasets were used for model development and assessment (Table 7). A) The primary dataset for this
study consists of 63 drawings previously collected for DFA assessment [12]. B) Twenty-eight drawings,
previously collected for DFA evaluation as a part of another prior study [17]. For the rest of this document,
the combination of these two datasets, which included drawings from 5- to 10-year-old children pre- and
post-operatively, will be referred to as the A&B dataset. In both of these studies, children were asked to
draw their experience at the dentist using a controlled set of materials, including 8 colours of crayons and
a white sheet. C) A collection of hand-sketched human figures by 4- to 11-year-old children, collected for
the Draw-a-Person-Test (DAPT) to evaluate children’s mental age [23]. This dataset originally included
952 hand-sketched human figures, from which, 200 were randomly selected and included in the current
study. D) A total of 1,225 Al-generated drawings with a prompt base generation approach. These drawings
were purposefully generated using OpenAl - DALL.E 2 - text-to-image generator. These drawings were
generated to include human figures in a childish drawing style.

This approach was employed to address the challenges of obtaining sufficiently large datasets, particularly
when dealing with human-created artwork for training data-driven algorithms [24]. The prompts were
engineered to imply the generation of images that share common features with children's drawings. These
features include human figures with six body parts (head, trunk, two hands, and two legs) and facial
expressions (eyes and mouth). By the age of 5, children are able to draw such human figures [13]. Images
were included regardless of whether they contained all six body parts. This decision was based on the
understanding that children may omit certain body parts in their drawings. For instance, children who
have experienced abuse or feel insecure may omit their hands in their drawings. Similarly, the omission of
eyes may reflect a reluctance to engage with others [25,26].
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Image
Type

Dataset

Clinical —
A Hand-
drawn

Clinical —
B Hand-
drawn

Clinical —
C Hand-
drawn

Digital —
D Al-
generated

Context

Children’s drawings collected
post-operatively in dental
settings

Children’s drawings collected
both pre- and post-operatively

Children’s drawings for
psychological evaluations

Artificial images simulating
children’s drawings

Number

of Reason for Selection

Images

63 Collected according to CD:H protocols in a clinical dental context.

8 Collected according to CD:H protocols in a clinical dental context.

200 Used to train algorithms due to its depiction of human figures, which share global
visual features with children’s dental drawings.
Developed to supplement limited clinical data. Chosen due to data scarcity, high

1,225 collection costs, and the assumption that they share key global features with clinical

data.

TABLE 1: Detailed description of datasets

CD:H, Children Drawing: Hospital

For the training and evaluation of each DL algorithm in this study, a random split of the combination of all

or subsets of the mentioned datasets was utilized (Tables 2 and 3).

Dataset Split
Low-
Average
High- A&B dataset n=92
Low/average (low=28, average=34,
classifier high=30) High
Human C (DAPT, n=200), D (Al
figure generated, n=1225), -
detector Total= 1425
Human figures present
Low- .
in the low-average group
average -
of the A&B dataset
classifier

(n=63)

Training
BA AA
80%

174
(n=50)
80%

168
(n=24)
80%

3,381
(n=1128)
70%

132
(n=44)

Testing

10%
(n=6)

10%
(n=3)

75

images
of A&B
dataset

10%
(n=6)

Augmentation Techniques

Vertical Flip, Horizontal Flip

Vertical Flip, Horizontal Flip,
Clockwise Rotations 15 and
90, Counter-Clockwise
Rotations 15 and 90

Vertical Flip, Horizontal Flip,
Clockwise Rotation 15, 45,

and 90, Counter-Clockwise

Rotations 15, 45, and 90

Horizontal Flip, Clockwise
Rotations 15 and 90, Counter-
Clockwise Rotations 15 and
90

Architecture Hyperparameters

ResNet-18

YOLO-v5

YOLO-v8

Batch size= 8,
Learning rate=0.001,
Epochs=20, Loss
Function=BCE,
Optimizer=Adam,
Early
Stopping=patience of
6

Batch size=16,
Learning rate=0.001,
Epochs=20, Loss
Function=GIOU and
BCE,
Optimizer=Adam
Early, Stopping=No

Batch size=16,
Learning rate=0.001,
Epochs=30, Loss
Function=BCE,
Optimizer=Adam,
Early Stopping=No

TABLE 2: An overview of the task-specific datasets, preprocessing steps, data augmentation
techniques, and the hyperparameters used for each deep learning algorithm.

BA, Before Augmentation; AA, After Augmentation; BCE, Binary Cross Entropy; DAPT, Draw-a-Person-Test
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Dataset

C (DAPT, n=108), D
Face

(Al-generated, n=800)

Recognition
Total = 908

A&B dataset (n=141),

Facial D (Al-generated,
Emotion n=147), Total = 288
Classifier (happy: 150 unhappy:

138)

TABLE 3: Dataset splits
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Augmentation

Split Preprocessing ) Architecture Hyperparameters
Techniques
Training Validation Testing
BA AA
) . Batch size=16,
Horizontal Flip, i
. Learning
Clockwise
. . rate=0.001,
Resized to 640  Rotations 15 and
70% 20% 10% Epochs=20, Loss
1908 x 640 gray- 90, Counter- YOLO-v5 .
(n=636) (n=162)  (91) K Function=BCE,
scaled Clockwise .
. Optimizer=Adam
Rotations 15 and
) Early
90, 2.5 px blurring .
Stopping=No
. . Batch size=16,
Horizontal Flip, i
X Learning
Clockwise
. rate=0.001,
. Rotations 15 and
70% 20% 10% Resized to 640 Epochs=20, Loss
90, Counter- YOLO-v8 .
(n=202) (n=58) (n=28) x 640 K Function=BCE,
Clockwise

. Optimizer=Adam,
Rotations 15 and

Earl
90 v

Stopping=No

for face recognition and classification algorithms.

BA, Before Augmentation; AA, After Augmentation; BCE, Binary Cross Entropy; DAPT, Draw-a-Person-Test

Annotation: The A&B dataset was first manually labelled as low, average, and high levels of anxiety based
on the CD: H score sheet. Region of interest (ROI), defined as the human figures, was annotated using the
Roboflow annotation tool [27] by drawing the smallest BBox that completely enclosed each figure,
regardless of whether the body was entirely or partially visible in the image drawn.

Two-step classification with noise reduction (Pilot)

Drawings were first binarily classified into low-average and high levels of anxiety using a pre-trained
ResNet-18 [28] architecture. Then human figures presented in the former were detected using a YOLO-v5
[29] and classified as low and average by a YOLO-v8 [30] algorithm, pre-trained on ImageNet. This two-
step classification was based on the information human figures in children's drawings provide (Figure ).
The restriction or absence of human figures is an indication of fear and emotional distress [16,25,26].
Therefore, the drawings showing a high level of anxiety, containing restricted or no human figure, were
identified first. It is noteworthy that while the algorithms used in the current study were mainly YOLO
models, the first classifier was decided to be a ResNet because of the limited ability of YOLO to recognize
small objects [31]. The performance of the second classifier was evaluated by five-fold cross-validation.

| Input Drawings )

L

Second

Human figure
| Classifier

~ Low/ Average }"1 " detection

FIGURE 1: The two-step classification approach with noise reduction.

Drawings first classify binarily to low/average and high anxiety levels. The human figures from the low/average group
were detected and further classified into low and average anxiety levels.
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Feature extraction algorithm

Images are a high-dimensional data modality [32], which makes it challenging to identify the specific
features used for classification and to comprehend the decision-making process of DL systems. The
explainable Al can significantly improve clinical acceptance and adoption in daily practice [33]. The
feature extraction algorithm, which is based on clinical deductive reasoning [33,34], was developed to
increase interpretability and reduce the dependency of the algorithm’s training on the number of clinical
inputs. In this approach, individual features were extracted and scored, and the final decision on the DFA
level was made based on the sum of scores for all individual features. These features were selected to
evaluate layout characteristics, colour attributes, and human-figure-related characteristics.

In this system, first, the layout characteristics and colour specifics were measured. Then, the ROI (human
figures) were detected similar to the pilot method. After scoring the size and length, the faces were
recognized and classified based on their emotional expression. Figure 2 illustrates the workflow of this
approach. The scoring system manual can be found in Appendix 1.
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/ ™\
( Input Drawings |

/

L]

Paper orientation
(proportion of
paper in use,
placement of the
drawing)

A
Colour auributes
(Number of
Colours,
Predominant
colour)

Human figure
NO—— detection +——YES

(exists)

@man related Face detection

(

features scored as (exists)
K max /

YES
1

Facial
expression
classification

Total score

calculation

FIGURE 2: The workflow of the feature scoring system.

Layout Characteristics (proportion of paper in use, placement of the drawing on the paper): To recognize
the parts of the image with drawing, the image was first converted to grayscale and denoised using a
Gaussian blur filter. Then, the edges were detected using the Canny algorithm [35], resulting in a binary
image outlining the contours of separate parts of the drawing. The bounding box (BBox) coordinates for
each part were initially determined. Contours with a surface area smaller than 10,000 pixels were
considered noise. Then, the minimum and maximum X and Y values were identified to create a BBox
surrounding the drawing. Ultimately, the dimensions and coordinates of the final BBox were used for
scoring layout features.

Colour Attributes (number of colours used, predominant colour): A k-means clustering algorithm was

employed to group RGB pixel values into 10 prominent clusters based on their proximity (k = 10 was
selected to account for the 8 possible colours, the white background, and an additional cluster for
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variability). The algorithm excluded white (background), if detected as the first prominent colour, and
assigned the score based on the second detected colour.

Eight predefined categories - red, purple, blue, orange, green, yellow, brown, and black - were established,
each associated with its closest RGB values. The number of colours was calculated by counting how many
predefined colour categories appeared in the detected list.

Human Figure Detection (length of the human, size of the human compared to the environment): The
same ROI detection algorithm as the pilot algorithm was used. The features were scored based on the
detected BBox. If no human figures were detected, all related features would score 10.

Face Detection: The faces of the ROIs were annotated using BBox for training a face recognition algorithm
(YOLO-v5). If no faces were detected, the facial emotion feature would score 10.

Facial Emotion Classification: A YOLO-v8 was trained to classify faces into happy and unhappy categories.
Happy faces were defined as those displaying laughter, a smile, or a half-smile, while all other faces were
classified as unhappy, including scared, confused, sad, and crying. If multiple faces were recognized, a
score of 3 was assigned if happy faces were greater in number than unhappy faces, while a score of 8 was
given if unhappy faces were greater in number. If the numbers were equal, a score of 5 was

assigned (Appendix 1).

Table 3 presents the summary of the datasets, preprocessing steps, and hyperparameters for each DL
algorithm.

If the sum of scores for all features was below 30, the drawing was classified as "low". Scores above 47 were
classified as "high", while scores between 30 and 47 were categorized as "average".

Results

Two-step classification with noise reduction (Pilot)

Dataset Characteristics: The A&B dataset included 106 drawings, 63 from dataset A and 43 from B. All
drawings from A were obtained post-operatively, while the B dataset included 24 post-operative and 19
pre-operative drawings. From these, 91 were included in the current study. The exclusion was based on the
irrelevance of the drawings to the initial prompts provided at the time of data collection. After manual
classification, 30 drawings showed a high, 33 showed an average, and 28 showed a low level of anxiety.

First Classifier: After augmentation, the training set increased to 216 for the low-average and 210 for the
high group. The first classifier demonstrated 0.90 training accuracy and 0.93 testing accuracy.

ROI Detection: The ROI detector was trained on 1,425 images including at least one human figure. The
dataset was split randomly into an 80% training (n = 1,128) and a 20% validation (n = 297). The detector
achieved a precision of 0.89 and a recall of 0.94 when tested on an unseen subset of the original dataset.

For external validity, the algorithm was tested on the A&B dataset. This included 75 images with 137
instances of human figures. The algorithm demonstrated a precision of 0.64 and a recall of 0.65.

Second Classifier: The low-average class of the A&B dataset included 63 instances of human figures, with
35 average and 28 low anxiety images. The drawings were randomly divided into 70% training, 20%
validation, and 10% testing sets. After augmentation, the number of images in the training set reached
132.

The algorithm achieved 0.67 training accuracy. Furthermore, across five-fold cross-validation, the model
achieved a mean test accuracy of 0.66 (95% CI: 0.6278, 0.6966). Confidence intervals were computed using
the t-distribution with 4 degrees of freedom. Since the testing set was too small, a normal distribution
assumption for the testing set was unrealistic. Therefore, a five-fold cross-validation was performed.
Notably, the training loss consistently declined from 0.74 in the first epoch to 0.17 by the final epoch.
However, the validation loss remained relatively stable, fluctuating between 0.72 and 0.73 throughout the
training process (Figure 3).
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—e— results
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0.98 A
0.4 1
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FIGURE 3: Training and validation loss during 20 epochs.

The fluctuation in the validation loss can indicate that the algorithm fails to capture the repetitive patterns and
common features in the training set.

Feature extraction algorithm

Face Recognition: A total of 908 faces cropped from the C and D datasets were included. The dataset was
split into 85% training (n = 776, n = 2327 after augmentation), 10% validation (n = 88), and 5% testing (n =
44). This algorithm was tested on 124 faces from dataset A. Testing on a test subset of the original dataset
showed precision and recall of 0.87 and 0.90, respectively. When tested on dataset A, the metrics fell to the
precision of 0.73 and recall of 0.58.

Facial Emotion Classification: A total of 288 faces from the A&B and C datasets were included. The
dataset was split into 70% (n = 201, n = 605 after augmentation) training, 20% (n = 58) validation, and 10%
(n = 29) testing. This algorithm showed 0.79 training and 0.67 testing accuracy. Although the overall
accuracy of the facial emotion classification algorithm was 0.76, the model was successful in recognizing
happy faces in 0.93 of the instances. However, what dropped the overall accuracy was the unhappy class,
where the model failed to correctly classify the images 0.33 of the times.

Pipeline Evaluation: Overall, from 63 total drawings, 34 showed an average, 10 showed a high, and 19
showed a low level of anxiety. The algorithm suggested 44 drawings showing average, 7 showing high, and
12 showing low levels of anxiety. It demonstrated 0.76 accuracy in DFA classification. The F1-score for
class “low” was 0.73, 0.80 for “average”, and 0.63 for class “high”. The Cohen Kappa test demonstrated the
agreement between the rater, and the algorithm was 0.70 (Tables 4 and 5).
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o Proportion of Placement of the Colour Number of Length of Size of the Person to Facial -

em ota
Paper in Use Drawing on the Paper Predominance Colours the Person the Environment Emotion

Accuracy 0.64 0.66 0.65 0.72 0.61 0.58 0.57 0.76

TABLE 4: This table presents the accuracy of the feature scoring systems for each feature
classification, along with the overall system performance.

Manual Scoring

Low Average High Total Precision Recall F1-Score
Low 11 1 0 12 0.61 0.92 0.73
Algorithm Average 7 31 6 44 0.93 0.7 0.8
High 0 1 6 7 0.5 0.86 0.63
Total 18 33 12 63 0.68 0.82 0.72

TABLE 5: This table displays the confusion matrix, comparing the manual classification results
with those obtained from the algorithm.

Discussion

The assessment of children's DFA through drawing analysis has been extensively studied [12-14,17].
However, interpreting drawings is a highly subjective process that heavily relies on the individual
interpreter. While assessing low-level features might not seem too difficult, evaluating higher-level
features, like assessing human figures, presents a fundamental challenge due to its dependence on the
rater's judgment [15,21,36]. Furthermore, drawing collection and interpreter training are time-consuming
processes. This can be a barrier to implementing this method in daily clinical practice [25,36]. The present
study explored two approaches for automating the children's DFA assessment through drawing analysis,
aiming to reduce the process’s subjectivity and time required for the rater training and drawing analysis.

The ROI detector algorithm demonstrated approximately 0.90 precision during training, which is aligned
with the results of the previous studies [37]. However, when tested on the A&B dataset, the precision
dropped to about 0.65. At first glance, this decline might imply an overfitted algorithm. However, this is
unlikely, as the trained model achieved similar precision during testing on an unseen subset of the larger
dataset from which the training set was derived. A more plausible explanation for the precision drop is
that the model captured features during training that differed from those in the A&B dataset. To better
understand the domain shift between Al-generated and children’s drawings of human figures, we
conducted a low-level feature analysis. Feature maps were extracted from the early convolutional layers of
a pre-trained ResNet-18 model, focusing on activations associated with each input channel. These early
layers capture fundamental visual attributes such as edges, textures, and stroke intensity. We then
quantified the distributional differences between the two datasets using the Kolmogorov-Smirnov (KS)
test. The results revealed statistically significant discrepancies (KS-statistics > 0.66, p < 0.001), indicating
that the model perceives markedly different low-level patterns in the Al-generated images compared to
those drawn by children.

While both datasets depict human figures, they do so using distinct visual features. Al-generated drawings
tend to be more consistent, geometrically regular, and stylized, whereas children’s drawings are often
more abstract, expressive, and variable in execution. These differences suggest that the model trained
solely on Al-generated data may struggle to generalize to hand-drawn examples. This low-level mismatch
likely contributes to the observed performance drop.

Additionally, the inherent variability in artwork created by different individuals likely contributed to the
increased variability in the testing set. The automatic detection of figures in abstract hand sketch art is
complicated because of high variability, making it challenging for deep learning models to detect human
figures in all styles of drawings [38-40]. The key point is that despite the declined precision, the results of
the current study are comparable to and even higher than previous studies that attempted to detect
objects in abstract artwork. Previous studies applied a pre-trained VGG19 deep learning algorithm to
detect objects in digital fine arts. Although their model was successful in detecting objects like boats,
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showing an accuracy of 0.71 in testing, they could achieve a training accuracy of only 0.51 and a testing
accuracy of 0.39 for detecting cows [24]. Similarly, in their study, Tran E. used residual deep convolutional
neural networks to classify hand sketches. While features like noses and zebras, which have repetitive
patterns of black and white, showed perfect accuracy, the model was less successful in categorizing
pandas, achieving only 0.06 accuracy. This lower accuracy was due to the varied presentations of pandas
in the hand sketches, which increased dataset variability and prevented the model from capturing the
repetitive patterns effectively [39]. Overall, the pilot phase of the current study demonstrated the
potential of DL algorithms to automate the classification of children’s drawings based on their DFA levels.
Similarly, Imran et al. investigated different approaches for artistic style classification. Their findings
indicated that the accuracy of a two-phase classification approach outperformed single-step classification.
In the two-phase method, patches of the artwork were extracted and used alongside the entire image to
train and validate the classifiers. This approach achieved an accuracy of 0.78 in classifying artwork based
on style [38].

The feature extraction method suggested varied levels of accuracy in scoring individual features. Despite
the moderate accuracy of individual feature scoring, their combination demonstrated a classification F1-
score of 0.72, which can be better understood through fuzzy logic. Fuzzy logic formalizes human
reasoning and rational decision-making in contexts where information is imperfect. One of its key
contributions is its powerful capability to precisely define what is inherently imprecise. By allowing
variables to have a range of values and degrees of membership, rather than fixed binary states, fuzzy logic
enables more flexible decision-making processes, closely mimicking human reasoning and decision-
making. Particularly, in scenarios where distinctions like high or low anxiety levels lack clear boundaries.
In this concept, various combinations of imprecise features can converge to a precise decision [41,42].
Similarly, in the feature extraction method, each imprecise feature contributes partially to the decision-
making process. Different fuzzy rules, based on various combinations of features, determined the DFA
through drawing analysis with high precision. The other noteworthy finding of the current study is the
accuracy of the facial emotion classification algorithm. The confusion matrix indicated that the
classification accuracy for happy faces was over 0.90, while unhappy faces were misclassified 0.33 times.
This difference can be explained by the variability within each class. The happy class included faces with a
smile or a half smile. On the other hand, the unhappy class included a wider variety of faces without a
smile, including sad, frowning, confusion, straight mouth, and crying. The higher variability in the
unhappy class makes it more complicated for the algorithm to learn from the data [38].

Limitations

The algorithm was tested on only 12 high-anxiety drawings, which could contribute to the low accuracy of
this class. It is recommended that future studies assess and validate the feature extraction approach on a
wider clinical dataset with less class imbalance and for generalizability.

Data augmentation through generative Al is a widely used technique to enhance the generalizability,
adaptability, and accuracy of machine learning algorithms, particularly deep neural networks, when the
real data is limited or imbalanced . However, there are several important limitations and potential biases
to consider, particularly in the context of our study [43].

One key limitation is the nature of the Al-generated images themselves. While real children's drawings are
typically scanned hand-drawn images saved as digital files, Al-generated samples are produced entirely
through digital means. This difference can affect visual features such as sketch quality, texture, and stroke
irregularities, characteristics that may hold value in understanding a child’s emotional state.

Furthermore, prompt-based generative methods, while useful for producing data tailored to specific
needs, can introduce bias. By defining specific prompts, we guide the generation process in a way that
might overfit the data to certain expectations or aesthetics, potentially reducing the model's ability to
generalize to naturally drawn samples.

Importantly, the Al-generated drawings do not inherently capture the emotional or psychological context
associated with dental anxiety. These synthetic images lack the spontaneous, expressive qualities that are
often present in real children's drawings created under emotional stress. As a result, it was essential to
limit the use of Al-generated data to feature-level training only. These synthetic drawings were not used
for emotion-related labeling or decision-making to avoid misleading conclusions about a child’s
psychological state.

The drawings were labelled by only one annotator; to set a more reliable reference standard, the inter-
annotator study is recommended.

Conclusions

Overall, this study showed the potential of DL algorithms in automating children’s DFA assessment
through drawing analysis. This method has the potential to be used for dental anxiety screening in
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children and, when combined with behavioral assessments, can offer a comprehensive evaluation of both
internal and external aspects of a child's anxiety. For clinical implementation, the next steps involve
validating the tool across diverse pediatric populations in real-world dental settings through clinical trials
and qualitative studies to ensure generalizability and adaptability to the dental workflows.
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FIGURE 4: Manual for algorithm scoring.

The green area represents low levels of anxiety, the orange area indicates average levels, and the red area
corresponds to high levels of anxiety.
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