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Abstract
Background. Gingivitis is a common condition in individuals with inadequate oral hygiene. Although dental 
indices are widely used to assess periodontal status and educate patients, digital technologies have recently 
been incorporated into this field.

Objectives. The aim of the study was to provide an objective digital method to resolve the ambiguity 
between the first two scores of the gingival index (GI): absence of color alteration (score 0); and presence 
of color alteration in the gingiva (score 1), by designing a convolutional neural network (CNN) algorithm 
capable of detecting gingival color changes with high accuracy.

Material and methods. In this cross-sectional study, 10 CNN models were developed and trained to 
distinguish between normal and abnormal gingival color. A total of 6,660 augmented, pre-classified frontal-
view images of the patients’ gingiva were included. The dataset was divided into a training set (4,640 images; 
70%) to train the CNN models and a test set (2,020 images; 30%) to test them. All images were previously 
classified by periodontists as representing either normal (0) or abnormal (1) gingival color. During training, 
the CNN models learned to classify gingival color based on these reference labels. Model performance was 
subsequently evaluated in the test phase by comparing the models’ predictions with the reference diagnoses 
provided by periodontists.

Results. To evaluate inter-rater reliability, model performance was examined using Cohen’s kappa coefficient 
and classification accuracy relative to the reference diagnoses established by the periodontists. Model 4 
demonstrated excellent inter-rater reliability (κ = 1.00) and achieved 99.9% accuracy, followed by Model 8 
(99.7%) and Model 5 (99.3%). Models 7 and 3 showed lower accuracies of 81.1% and 88.1%, respectively. 
All models demonstrated statistically significant agreement with the reference diagnoses (p < 0.001).

Conclusions. Differentiation between GI scores of 0 and 1 using CNNs provides an objective method 
for detecting gingival color alterations. This approach has potential for improving patients’ awareness 
of periodontal health, enhancing motivation to maintain oral hygiene, and encouraging dental visits.
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Introduction

Periodontal diseases are the 11th most prevalent group 
of diseases worldwide, affecting an estimated 20–50% 
of the global population.1 Gingivitis is an inflammatory 
condition induced by bacterial plaque and/or bacterial tox-
ins that is confined to the soft tissues of the periodontium. 
It is a mild and reversible form of periodontal disease that 
may progress, if left untreated, to periodontitis,2,3 an in-
flammatory disease affecting both soft and hard tissues 
of the tooth-supporting apparatus and resulting in irre-
versible periodontal attachment loss.4

Clinical indices are standardized objective methods de-
signed to evaluate dental and periodontal conditions.5 Peri-
odontal indices have evolved considerably over the years, 
from early forms such as Russel’s periodontal index (1956) 
to more sophisticated and relatively recent indices, includ-
ing the Genetic Susceptibility Index (GSI) introduced in 
2007. The purpose of periodontal indices is to improve the 
diagnosis and assessment of periodontal diseases as well 
as to facilitate the development of appropriate preventive 
and treatment strategies.6

Some periodontal indices are designed to evaluate 
specific clinical conditions, such as the gingival index 
(GI),7 whereas others assess oral hygiene status, such as 
the plaque index (PI).5 More comprehensive indices have 
been developed to evaluate multiple periodontal condi-
tions and estimate community treatment needs, such 
as the community periodontal index of treatment needs 
(CPITN), introduced by the World Health Organization 
(WHO) and assessed using the WHO periodontal probe.8 
The oral hygiene index (OHI) is used to examine overall 
oral hygiene status using numerical scores ranging from 
0 to 3. It is simple, reproducible and reliable; however, it 
has some limitations. The index does not consider plaque 
and does not provide a substitution for missing teeth as it 
divides the oral cavity into sextants. Other indices focus 
on measuring periodontal destruction, including probing 
pocket depth (PPD) and clinical attachment loss (CAL). 
Although these indices provide valuable quantitative and 
qualitative information, they are more technique-sensitive, 
require greater examiner experience, and may show lower 
reproducibility than simpler clinical indices.

A good periodontal index should satisfy several criteria: 
(1) clarity, allowing easy interpretation and facilitating 
clinical decision-making; (2) simplicity; (3) objectivity, 
minimizing examiner-dependent variation; (4) validity, 
ensuring that the index measures the intended clinical 
condition; (5) reliability and reproducibility, providing 
consistent results when the clinical condition remains 
unchanged; (6) quantifiability, allowing statistical analy-
sis; (7) sensitivity, enabling the detection of subtle clinical 
changes; and (8) acceptability, ensuring that the examina-
tion is well tolerated by patients. The strengths and limita-
tions of periodontal indices are determined by the extent 
to which they satisfy these criteria.9

The main purpose of the GI is to assess the gingival con-
dition, including the quality of the gingiva, and to identify 
the location of the lesion (buccal, mesial, distal, and lingual 
surfaces). The GI is non-invasive, atraumatic and easy to 
perform. However, it is inherently subjective and does not 
assess PPD, degree of bone loss or other quantitative indi-
cators of the periodontium.7

The integration of digital technologies into dentistry has 
improved both clinical examination and treatment proce-
dures.10 Devices such as digital X-ray sensors, computed 
tomography (CT) scanners, microscopes, and loupes11 have 
enhanced diagnostic precision.12 More recently, smart-
phone applications have emerged as adjunctive tools in 
the process.13 

Pain is one of the primary reasons for patients to seek 
dental care.14,15 However, pain is generally absent during 
early stages of gingival disease, including gingivitis and 
peri-implant mucositis.16 Consequently, particularly in 
countries without mandatory dental insurance systems17 
or among individuals lacking dental insurance coverage, 
periodontal disease may remain unnoticed until more ad-
vanced stages develop.18

Smartphone applications have transformed many as-
pects of everyday life, including advertising,19 office ap-
plications, tools, and healthcare.20 In dentistry, mobile 
applications have the potential to improve dental aware-
ness and bridge the gap between patients and dentists.21 
Because many individuals postpone routine dental visits 
in the absence of pain or other obvious symptoms, user-
friendly mobile applications capable of providing an initial 

Highlights
	• A convolutional neural network was trained to detect gingival color changes and distinguish normal from abnormal 
gingival color.

	• The artificial intelligence (AI) model focused on gingival color assessment and avoided providing comprehensive 
periodontal diagnosis.

	• The convolutional neural network demonstrated high diagnostic accuracy in identifying gingival color changes 
when compared with the reference diagnoses made by periodontists.

	• The findings support further validation to improve AI performance before clinical implementation.
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assessment of gingival and periodontal status may encour-
age earlier professional evaluation. 

However, digital diagnostic systems should be re-
garded as decision-support tools rather than replace-
ments for professional clinical judgement.22 The final 
diagnosis and treatment decision should always be 
made by qualified dental professionals.23

Online information and self-assessment applications 
may provide misleading interpretations of oral con-
ditions,24 potentially leading patients to overestimate 
disease severity or seek unnecessary treatment.25

Pain in the oral cavity or dental pain has multiple 
etiologies, with pulpitis and periodontal pain represent-
ing common causes.26,27 However, patients’ perception 
of pain, dissatisfaction and awareness is influenced by 
psychological factors.28 The digital system developed 
in the present study was designed to provide users with 
a preliminary assessment of whether professional peri-
odontal evaluation is advisable. At the same time, the 
system aims to reduce the ambiguity between GI scores 
of 0 and 1 without attempting to identify the exact loca-
tion of  inflammation or an opinion about the teeth’s 
color. This approach preserves the essential role of the 
dentist in establishing the final diagnosis and treat-
ment plan while reducing the likelihood of inappropri-
ate self-diagnosis. 

Artificial intelligence (AI) has become increasingly 
integrated into different fields,29 especially medicine.30 
AI-based methods support decision-making and facili-
tate solving complex real-world problems.31 Convolu-
tional neural networks (CNNs) are artificial neural net-
works32,33 designed for image analysis. Convolutional 
neural networks play an important role in computer-
aided diagnosis (CAD)34 by accurately detecting objects 
and classifying them by processing the patient’s raw 
data.35 In the present study, the CNN performed 2 prin-
cipal tasks: object detection, which localizes the region 
of  interest within an  image; and image classification, 
which assigns the detected region to a predefined class 
using supervised learning.36,37

The aim of  this study was to develop and evaluate 
a CNN capable of distinguishing between normal and 
abnormal gingival colors using standardized frontal 
photographs that had been previously annotated by 
experienced periodontists.

Material and methods 

The study was conducted in accordance with the 
principles of  the Declaration of  Helsinki.38 Written 
informed consent was obtained from all participants 
before enrollment. The study protocol was reviewed 
and approved by the Ethics Committee of the College 
of Dentistry, University of Al-Mashreq, Baghdad, Iraq 
(order No. 245, 2022). 

Patient selection, grouping and exclusion 
criteria 

Patients attending the Department of Periodontology 
at the College of Dentistry, primary healthcare centers, 
and specialized dental centers in Baghdad, Iraq, between 
September 2021 and October 2022 were screened for eli-
gibility. Clinical examinations were performed by a team 
of 3 periodontists using direct visual inspection and den-
tal mirrors to distinguish healthy gingiva from gingivitis. 
The final diagnosis was established after discussion and 
consensus among the 3 examiners. Demographic char-
acteristics, including race and sex were not considered as 
selection criteria. 

The exclusion criteria were as follows: mentally chal-
lenged patients; terminally ill patients; children aged <12 
years; patients with traumatic gingival wounds or non-
inflammatory gingival bleeding; and patients with drug-
induced gingivitis. 

To maximize the diversity of gingival color patterns at 
different stages of gingivitis, a  large image dataset was 
collected. A larger and more diverse dataset enables the 
CNN to learn a  wider range of  normal and abnormal 
gingival color variations, thereby improving its ability 
to recognize subtle color changes in previously unseen 
images. Furthermore, including participants of different 
ages, sexes and ethnic backgrounds increases the reliabil-
ity of the model while reducing the risk of overfitting and 
over-specialization.39

The image dataset was divided into training and test 
sets using an approximately 70:30 split (4,640 and 2,020 
images, respectively), which is widely accepted for machine 
learning applications while allowing flexibility based on 
the complexity, size and type of the dataset.40

The training dataset consisted of  4,640 augmented 
images:
•	 group A – 1,950 images of clinically healthy gingiva;
•	 group B – 2,690 images of abnormally colored gingiva.

The test dataset consisted of 2,020 images:
•	 group A: 850 images of clinically healthy gingiva;
•	 group B: 1,170 images of abnormally colored gingiva.

After model training, all images from the test dataset 
were analyzed using the trained CNN models. The model 
predictions were compared with the reference diagnoses 
established by the periodontists to determine classification 
accuracy and reliability (Fig. 1).

Materials

The following equipment and software were used dur-
ing the study:
•	 digital camera (Nikon D3200; Nikon Corporation, 

Tokyo, Japan);
•	 plastic lip retractor;
•	 dental mirror and WHO/CPITN periodontal probe 

(Hu-Friedy, Chicago, USA);
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•	 cotton pellets and patient towels;
•	 class B autoclave sterilizer (Woson, Ningbo, China);
•	 70% alcohol for cold sterilization;
•	 laptop computer (MSI GL63 8RD; MSI, New Taipei City, 

Taiwan) equipped with an Intel® Core™ i7-8750H pro-
cessor, 16 GB RAM, and an NVIDIA GP107M (GeForce 
GTX 1050 Ti Mobile)/Mesa Intel® UHD Graphics 630 
(CFL GT2) graphics card;

•	 Python3 programming language with TensorFlow 2.8.0.

Gingival index

The gingival index was used to examine and classify 
gingival condition. The present study focused primarily 
on the first two GI scores. The index was first introduced 
by Löe,41 with the scores defined as follows:
•	 0 – normal gingiva with no discoloration or redness and 

no bleeding on probing;
•	 1 – reddened gingiva characterized by changes in color 

and/or texture without bleeding on probing;
•	 2 – redness, edema, glazing, and slight bleeding on 

probing;
•	 3 – marked redness and edema/hypertrophy, ulceration, 

amorphous/continuous bleeding on probing, or sponta-
neous bleeding.

Examiner calibration 

To improve diagnostic consistency, the 3 periodontists 
underwent examiner calibration before the study. Clini-
cal assessments were performed independently and in 
a blinded manner. The final diagnosis for each partici-
pant was accepted only when at least 2 of the 3 examiners 
reached agreement regarding the GI score.

Image acquisition and sample 
classification

Frontal intraoral photographs were taken using a digi-
tal camera (Nikon D3200; Nikon Corporation) fitted with 
an 18–55 mm lens. A plastic lip retractor was used to expose 
the gingiva, and the camera was focused on the contact 
point between the upper and lower central incisors. No chair 
light or camera flash was used while taking the photographs 
in order to preserve the natural appearance of gingival color. 
All patients were seated at the same location in the examina-
tion room. Illumination was provided exclusively by natural 
daylight entering through a wide window (2 m × 1 m) located 
2 m in front of the participant. Photographs were acquired 
between 9 am and 11 am. For standardization, the camera 
was mounted on a tripod at a fixed distance of 30 cm from 
the patient’s face, and no background plate was used.

Following image acquisition, all photographs were trans-
ferred to a computer and divided into 2 classes based on the 
periodontists’ decision: normal gingival color (group A, GI 
score 0); or abnormal gingival color (group B, GI score ≥1).

Image preprocessing

Raw images were resized to 1,024 × 768 pixels and stored 
in JPEG format using the RGB color space. Because the 
objective of the study was to analyze gingival color, the sur-
rounding area (jaw, nose, lips, background) was excluded 
from further analysis. The gingival region was annotated 
using the LabelImg image annotation software.42 Each 
image was manually labeled with a bounding box encom-
passing the gingival tissues. Subsequently, the gingival 
regions were detected and extracted using the Single Shot 
MultiBox Detector (SSD), a CNN-based model specifically 
developed for efficient object detection. The SSD model 
identified the gingival region and produced cropped im-
ages for subsequent classification.

Gingival detection using the Single Shot 
MultiBox Detector

The primary challenge of this research was the accurate 
extraction of the gingival region from images. Object de-
tection techniques enable automatic localization of struc-
tures of interest within digital images. The SSD is a supe-
rior CNN-based method employed in object detection with 
lower computational demands. The Single Shot MultiBox 

Fig. 1. Flowchart of the study design

CNN – convolutional neural network.
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Detector processes an image in a single pass, using feature 
maps at various scales to predict object boundaries and 
categories. During training, the model requires only the 
input images and their corresponding ground-truth boxes 
for each object, simplifying the learning process while 
maintaining high detection accuracy. Consequently, SSD 
was selected for application in the present study (Fig. 2,3).

Image classification

Image classification involves assigning input images to 
predefined categories or classes using machine learning 
algorithms.43 In the present study, the CNN was trained 
to classify gingival images into one of the 2 categories: 
normal gingival color or abnormal gingival color. When 
presented with new data, the trained network analyzed 
the learned image features and assigned each image the 
most probable class based on its similarity to the training 
data. This ability to automatically extract relevant image 
features is one of the principal advantages of CNNs and 
contributes to their superior performance. 

Convolutional neural network

A convolutional neural network, also referred to as ConvNet, 
is a type of artificial neural network (ANN) specifically 
designed for image analysis. Unlike traditional fully-
connected (FC) neural networks, CNNs employ a deep 
feed-forward structure and exhibit superior generalization 
performance. They can learn complex, abstract features 
of objects, particularly those that involve spatial data, 
and recognize them with high efficiency. A CNN consists 
of multiple layers, each serving a specific function (Fig. 4). 
The network begins with an input layer that receives the 
image data. In our study, the input images had dimensions 
of 224 px × 224 px × 3 px. The input layer was connected 
to a convolutional layer, which was responsible for extract-
ing relevant image features, including color, texture and 
softness of the gingiva. Pooling layers were subsequently 
applied to reduce the number of samples. Furthermore, 
the FC layer was used to classify the features generated 
from the pooling layer. Finally, the output layer generated 
a prediction, classifying each image as either normal gin-
giva (0) or abnormal gingiva (1). 

Development and training of the CNN 
models

Custom CNN models were developed specifically for 
the present study rather than employing standard deep 
learning models44 such as Visual Geometry Group (VGG) 
or Residual Network (ResNet), which contain a large num-
ber of trainable parameters and require longer training 
time.45 To optimize computational efficiency, 10 custom 
CNN models were designed and evaluated using the pres-
ent dataset. These models provide maximum accuracy in 
the shortest amount of time and with the least number 
of parameters. 

The dataset was divided into training (70%) and test 
(30%) subsets. The training process was iterated multiple 
times to facilitate learning by adjusting the weight and 
enabling the system to distinguish between normal and 
abnormal cases. The training was repeated several times 
until the model reached a state of stability.

Fig. 2. Gingiva classified by the convolutional neural network (CNN) as 
having normal gingival color

Fig. 3. Gingiva classified by the convolutional neural network (CNN) as 
having abnormal gingival color

Fig. 4. Architecture of the convolutional neural network (CNN)
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Prevention of overfitting and underfitting

Several strategies were implemented to reduce the risk 
of overfitting during model development. First, the CNNs 
were trained using a relatively large dataset comprising 
approx. 6,660 images, which represented a diverse sample 
size. Second, data augmentation techniques were applied 
to increase the diversity of the training set and improve 
model generalizability. Finally, model performance was 
continuously monitored on both the training and test da-
tasets. The alignment between the metrics indicated that 
the models showed no evidence of substantial overfitting 
or underfitting and maintained strong predictive capabili-
ties of the test dataset.

Model evaluation

After completion of the training, the CNN models were 
tested using a  dataset of  2,020 images. The predicted 
classifications were compared with the reference diag-
noses established by periodontists at the Department of 
Periodontology, using the following formula:

Statistical analysis

Statistical analyses were performed using the IBM 
SPSS Statistics for Windows software, v. 26.0 (IBM Corp., 
Armonk, USA). Cohen’s kappa coefficient was calculated 
to evaluate the agreement between the CNN classifica-
tions and the reference diagnoses (inter-rater reliability/
agreement test). 

According to Cohen, kappa values are interpreted as 
follows46:
•	 ≤0.00: no agreement;
•	 0.01–0.20: poor to slight agreement;
•	 0.21–0.40: fair agreement;
•	 0.41–0.60: moderate agreement;
•	 0.61–0.80: substantial agreement; 
•	 0.81–1.00: almost perfect agreement.

Results

Descriptive statistics of the training 
dataset 

A total of 4,640 images were included in the training 
dataset and used to train the CNN models according to 
the reference diagnoses established by the 3 periodontists. 
Of these, 1,950 images were classified as healthy gingiva 
(GI score 0), whereas the remaining 2,690 images were 
classified as abnormal gingiva (GI score ≥1). The standard 

deviation of the test dataset was 0.493654. The middle 
quartile (Q2) value was 1.00, and the interquartile range 
(IQR) was 1.00 (Table 1).

Descriptive statistics of the test dataset

The test dataset consisted of 2,020 images used to evalu-
ate the trained CNN models. Based on the reference di-
agnoses established by the periodontists, 850 images were 
classified as normal gingiva and 1,170 images as abnormal 
gingiva (dark or abnormal color). The standard deviation 
of the test dataset was 0.493808. The middle quartile was 
1.00, and the IQR was 1.00 (Table 2).

Performance of the CNN models

The test dataset comprising 2,020 images was evalu-
ated using 10 different CNN models. Then, the accuracy 
was determined, and the interrater reliability of every 
model was tested by calculating Cohen’s kappa coeffi-
cient (Fig. 5). 

The classification accuracy, Cohen’s kappa coefficient 
and corresponding p-values for each model are presented 
in Table 3. Among the evaluated models, Model 4 achieved 
the highest accuracy (99.9%). The lowest accuracy was 
observed for Model 7 (81.1%), whereas Model 3 achieved 
an accuracy of 88.1%. All remaining models demonstrated 
classification accuracy exceeding 90%. 

Model 4 exhibited perfect agreement with the reference 
diagnoses (κ = 1.00; p < 0.001). The remaining models 

Table 1. Descriptive statistics of the training dataset

Variable Result

Valid samples, n 4,640

Missing samples, n 0

SD 0.49

Quartile

Q1 0.00

Q2 1.00

Q3 1.00

SD – standard deviation.

Table 2. Descriptive statistics of the test dataset

Variable Result

Valid samples, n 2,020

SD 0.49

Quartile

Q1 0.00

Q2 1.00

Q3 1.00
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achieved Cohen’s kappa values ranging from 0.86 to 0.99, 
indicating almost perfect agreement with the periodon-
tists’ classifications. Model 7 was an exception (κ = 0.62), 
lying on the lower border of what is known as substan-
tial agreement. Model 3 achieved a kappa value of 0.76, 
which also indicates substantial agreement. Despite their 
comparatively lower performance, both models remained 
statistically significant (p < 0.001). 

Figures 6 and 7 show the comparison between the train-
ing curve pattern (expected pattern) and the test curve 
pattern during model development. Among the evaluated 
models, Model 4 demonstrated an almost perfect simula-
tion of the expected curve pattern.

Table 3. Classification accuracy, Cohen’s kappa coefficients and p-values 
for the 10 convolutional neural network (CNN) models

Model Accuracy Cohen’s κ p-value

1 98.5% 0.97 <0.001*

2 93.1% 0.86 <0.001*

3 88.1% 0.76 <0.001*

4 99.99% 1.00 <0.001*

5 99.3% 0.99 <0.001*

6 97.5% 0.95 <0.001*

7 81.1% 0.62 <0.001*

8 99.7% 0.99 <0.001*

9 97.8% 0.95 <0.001*

10 93.1% 0.86 <0.001*

* statistically significant (p < 0.05).

Fig. 5. Cohen’s kappa coefficients for the agreement between the 10 
convolutional neural network (CNN) models and the reference diagnoses 
established by the periodontists 

Fig. 6. Training and validation accuracy curves for Models 1–4
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Discussion 

The integration of digital technologies into dental di-
agnosis and treatment planning has expanded consid-
erably over the past 2 decades. Applications including 
computer-assisted interpretation of diagnostic images, 
three-dimensional treatment planning, face-driven ortho-
dontics, digital surgical planning, prosthetic design, and 

three-dimensional (3D) printing have transformed many 
aspects of clinical dentistry. These technologies aim to 
improve diagnostic precision and treatment outcomes by 
providing objective results that complement conventional 
clinical assessment.47–49 Although experienced clinicians 
can interpret a wide range of clinical presentations, di-
agnostic performance may be influenced by stress and 
environmental factors.50 Furthermore, many medical 

Fig. 7. Training and validation accuracy curves for Models 5–10
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conditions present with overlapping clinical features,51 
making the distinction between normal and abnormal 
findings challenging.52 As previously mentioned, factors 
such as long working hours, stress and fatigue, which are 
common in the medical field, may lead to a decline in con-
centration, resulting in what is known as human error in 
diagnosis.53 Consequently, AI has become increasingly 
incorporated in this field for the detection of eye diseases, 
breast cancer, fetal anomalies, and numerous other medi-
cal conditions.54

Assessment of gingival color remains one of the most 
subjective components of the GI, particularly when dif-
ferentiating between scores of 0 and 1, where only slight 
changes in color may be present.41 The human eye is a sub-
jective tool. Unless it is calibrated by other examiners, or 
accompanied by the use of adjunctive devices,55,56 or, as we 
present in this article, digital methods, it is not objective.48

Convolutional neural networks are inspired by the 
mechanism of the visual cortex in animals. The manner 
in which animals perceive images is distinct from that 
of humans. In order to facilitate the retention and subse-
quent recognition of a particular image, it is necessary for 
animals to be exposed to multiple images and augmented 
photographs.57 

Several CNN models were tested to detect gingival color 
alterations. The decisive factor in preferring one model 
over another is the trial-and-error process,58 since there 
is no objective method to determine the best CNN model 
for different inputs and experiments.59 

Raw images were imported into the system and then sub-
jected to augmentation, including horizontal and vertical 
flipping, random cropping, and several variations in color 
or intensity. This led to the multiplication of the number 
of images.59 The increased dataset obtained by applying 
such techniques improved the accuracy of the models. 
This method of image processing and augmentation was 
successfully adopted by Thaha et al. to detect brain tumors 
in magnetic resonance imaging (MRI) scans.60 

Even though increasing the number of  images in the 
model (up to thousands of images) can be useful, care must 
be taken to not overfit the model.61

Errors occur for several reasons, including a lack of data, 
the type of model used, or high correlations among the 
classes (normal and abnormal), which may be misdiag-
nosed by an expert.62

Ten CNN models were constructed based on the re-
search problem. Model 4 (Fig. 6) was the simplest model, 
with the fewest parameters and layers, and achieved excel-
lent accuracy.63 The development of custom CNN models 
for gingival disease detection is just one example of how 
advanced machine-learning techniques can be applied in 
the medical field.29,62

In the present study, we followed a slightly different 
method of utilizing technology and software program-
ming in dental practice. Unlike other researchers who 
have carried out extensive work to create software that 

can be used for self-diagnosis and even provide advice 
on self-treatment and suggestions for preventive actions 
(e.g., Liang et al.),63,64 we tried to simplify the procedure 
and develop software that is limited to providing a primary 
idea or an initial indication for patients to have their oral 
cavity examined by a specialist. Additionally, the tool pro-
vides an objective method for periodontists and general 
dental practitioners to distinguish between GI scores of 0 
and 1. 

The reason for the development of this tool was to avoid 
giving the patient a preconceived mindset61 that might cast 
a negative shadow on the examination procedure and the 
treatment plan to be established by the dentist. Otherwise, 
the patient may have already made a self-diagnosis and may 
wish to formulate a treatment plan independently.

An older research model was adopted by Seshan and 
Shwetha and tested on a small number of patients.65 The 
researchers used Serif PhotoPlus 6 software (Serif Ltd, 
Nottingham, UK), which relied on counting pixels in 
cropped areas of red, inflamed or bleeding gingiva. The 
comparison was performed between the same areas in the 
same patient after proper plaque control, using a red disc 
as a reference.65 The work model utilized in the present 
study differed, as we relied on a trained software model to 
digitally analyze images of the entire facial gingiva without 
using a foreign body as a reference. This method enabled 
a primary assessment of the gingival status.

Limitations

The present study has several limitations.
First, only frontal intraoral photographs were analyzed. 

Future studies should investigate whether incorporat-
ing additional views and angles improves classification 
performance.

Second, image acquisition was performed using a single 
camera system. Future investigations should evaluate the 
performance using smartphone cameras, to better reflect 
real-world applications.

Third, all photographs were obtained under standard-
ized lighting conditions to increase reliability and general-
izability. Future studies should assess model performance 
under a broader range of lighting conditions, including 
both indoor and outdoor environments.

Finally, the proposed model evaluated only 1 clinical 
feature, namely gingival color alteration. Future research 
should integrate additional variables used not only by pa-
tients but also by dentists themselves, such as vertical/
horizontal radiological bone resorption level and the pres-
ence or absence of clinical attachment loss. 

Conclusions

The results of the present study demonstrate that CNN 
software models can be trained to accurately detect slight 
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changes in gingival color. These models have the poten-
tial to be incorporated into patient-oriented applications 
that promote oral health awareness and encourage timely 
dental visits before the progression of gingivitis.
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