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Development of a machine learning-based e
predictive model for maxillary sinus cysts
and exploration of clustering patterns
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Abstract

Background and objective There are still many controversies about the factors influencing maxillary sinus cysts

and their clinical management. This study aims to construct a prediction model of maxillary sinus cyst and explore its
clustering pattern by cone beam computerized tomography (CBCT) technique and machine learning (ML) method to
provide a theoretical basis for the prevention and clinical management of maxillary sinus cyst.

Methods In this study, 6000 CBCT images of maxillary sinus from 3093 patients were evaluated to document the
possible influencing factors of maxillary sinus cysts, including gender, age, odontogenic factors, and anatomical
factors. First, the characteristic variables were screened by multiple statistical methods, and ML methods were applied
to construct a prediction model for maxillary sinus cysts. Second, the model was interpreted based on the SHapley
Additive exPlanations (SHAP) values, and the risk of maxillary sinus cysts was predicted by generating a web page
calculator. Finally, the K-mean clustering algorithm further identified risk factors for maxillary sinus cysts.

Results By comparing the various metrics in the training and test sets of multiple ML models, eXtreme Gradient
Boosting (XGBoost) is the best model. The average area under curve (AUC) values of the XGBoost model in the
training, validation, and test sets, respectively, are 0.939, 0.923, and 0.921, which indicates its excellent classification
and discrimination ability. The cluster analysis model further categorized maxillary sinus cysts into high-risk and low-
risk groups, with apical lesions, severe periodontitis, and age > 53 as high-risk factors for maxillary sinus cysts.

Conclusion These findings provide valuable insights into the etiology and risk stratification of maxillary sinus cysts,
offering a theoretical basis for their prevention and clinical management. The integration of CBCT imaging and ML
techniques holds the potential for prevention and personalized treatment strategies of maxillary sinus cysts.

Keywords Maxillary sinus cyst, Cone beam computerized tomography, Machine learning, Predictive modeling,
Cluster analysis
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Introduction

Maxillary sinus cysts are the most common sinus cysts,
second only to maxillary sinusitis in incidence. Maxil-
lary sinus cysts mainly include pseudocysts, retention
cysts, and mucus cysts [1, 2]. Giotakis et al. found that
the incidence of maxillary sinus cysts ranged from 3.6
to 35.6%, and 66% were located on the maxillary sinus
floor [3]. Ren et al. analyzed 2,571 CBCT scans of 5,000
sinuses in a Chinese population and found that the inci-
dence of maxillary sinus cysts at the level of the sinus was
15.46%, and the incidence at the patient level was 23.44%
[4]. Yeung et al. evaluated 310 maxillary sinuses by CBCT
and found that the incidence of maxillary sinus cysts at
the level of the sinuses was 12.9% [5]. Maxillary sinus
cysts are primarily asymptomatic in the early stages, and
symptoms such as stuffiness and pain on pressure in the
cheeks and toothache on the same side can occur when
the cyst increases in size and fills the sinus cavity. If the
cyst grows and compresses the nasal septum, it can lead
to deviation of the nasal septum; if the cyst blocks the
maxillary sinus orifice, symptoms related to sinusitis,
such as nasal congestion and runny nose, can occur [6].

When oral implant surgery is performed in the maxil-
lary posterior region, the problem of insufficient bone is
often faced due to missing teeth, alveolar bone resorp-
tion, and maxillary sinus pneumatization [7]. Maxillary
sinus floor elevation effectively increases the bone height
in the maxillary posterior region, including external
elevation with lateral wall openings and internal eleva-
tion via the top of the alveolar ridge [8]. However, per-
forming a maxillary sinus floor lift in the presence of a
maxillary sinus cyst may lead to a reduction in maxillary
sinus volume, increase the risk of maxillary sinus orifice
obstruction and subsequent complications, cause maxil-
lary sinusitis, increase the risk of bone graft failure [9].
Therefore, it is essential to accurately diagnose maxillary
sinus cysts and fully understand their causative factors
to manage them when performing maxillary sinus floor
elevation effectively.

CBCT is a widely used computed tomography imag-
ing technique, and studies have shown that its diagnostic
accuracy for maxillary sinus lesions is comparable to that
of sinus endoscopy [10]. Meanwhile, some scholars have
pointed out that CBCT technology has higher accuracy
and sensitivity in assessing the anatomy of the maxillary
sinus [11]. In diagnosing maxillary sinus lesions, CBCT
can provide more accurate and detailed imaging informa-
tion, which helps physicians comprehensively assess the
nature and extent of the lesion and provides a reliable
basis for developing diagnostic and treatment plans [12].
While CBCT imaging cannot directly diagnose maxillary
sinus cysts, analyzing a large sample of CBCT data pro-
vides valuable insights into the characteristics and preva-
lence of maxillary sinus cysts.
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There is no clear evidence regarding the aetiology of
maxillary sinus cysts. Previous studies have reported ana-
tomical and odontogenic factors associated with maxil-
lary sinus cysts, among others, but have not reached a
unified conclusion. Nascimento et al. evaluated CBCT
scan images of 400 patients showing sinus disease
(mucosal thickening, maxillary sinusitis, and retention
cysts) in 1 or 2 maxillary sinuses and found that muco-
sal thickening was uniquely associated with odontogenic
disease [13]. Curi et al. evaluated CBCT scan images of
4402 patients and found that odontogenic infections
were associated with maxillary sinus pathology (mucosal
thickening, sinus turbidity, and mucus retention cysts)
and that the proximity between the palatal root and the
floor of the maxillary sinus was a predisposing factor for
maxillary sinus pathology [14]. In addition, the intricate
nonlinear relationship between various influencing fac-
tors and maxillary sinus cysts poses a significant chal-
lenge to applying traditional linear statistical methods.

Considering the high incidence of maxillary sinus cysts,
unclear influencing factors, impact on patient’s quality of
life, as well as trouble for physicians, there is an urgent
need to identify risk factors for maxillary sinus cysts and
construct a prediction model for maxillary sinus cysts
using ML methods in order to improve the prediction
accuracy of maxillary sinus cysts and the ability of early
intervention, as well as to improve the quality of life of
patients. Compared with traditional statistical methods,
ML algorithms can adapt more flexibly to the nonlinear
relationships of the data and do not require too many
prior assumptions about the distribution and relation-
ships of the data. ML has demonstrated the ability to pro-
cess efficiently and deeply analyze large-scale, complex,
and diverse clinical data in clinical research, providing
new opportunities and challenges for clinical research
and medical decision-making [15, 16].

This study evaluated 6000 maxillary sinus CBCT data
from 3093 patients to document the possible influencing
factors of maxillary sinus cysts. Characteristic variables
were screened using various statistical methods, and ML
methods were applied to construct a predictive model
for maxillary sinus cysts. The study also predicted the
risk of maxillary sinus cysts by generating a web calcula-
tor. Finally, the K-mean clustering algorithm categorized
maxillary sinus cysts into high-risk and low-risk groups
(Fig. 1).

Materials and methods

Selection of the study sample

A total of 6000 CBCT images of maxillary sinuses of 3093
patients who underwent CBCT for implant treatment at
the stomatological hospital of kunming medical univer-
sity from June 2016 to June 2024 were selected, of which
CBCT images of bilateral maxillary sinuses were used in
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Fig. 1 Flowchart of this study

2907 patients simultaneously. CBCT images of unilateral
maxillary sinuses were used in 186 patients only.

Inclusion criteria included clear CBCT images, clear
visualization of one or both maxillary sinuses, and com-
plete visualization of the maxillary first premolar, second
premolar, first molar, and second molar. Exclusion crite-
ria included patients who had undergone maxillary sinus
surgery (e.g., otorhinolaryngology, oral and maxillofacial
surgery) or patients with a known history of trauma to
the maxillary sinus region; artifacts in the maxillary sinus
region or invisible maxillary sinuses [5, 17, 18].

This study was reviewed by the medical eth-
ics committee of the stomatological hospital of kun-
ming medical university under the approval number
KYKQ2024MEC0042.

CBCT data acquisition and analysis

CBCT (NewTom VG, Italy), scanning parameters: volt-
age 110 KV, current 4 mA, exposure time 3.6 S. All the
ingested films were operated by a radiologist with more
than 10 years of experience in the same conditions with
the same CBCT machine. The image data were opened
using its own NNT software to reconstruct cross-sec-
tional, sagittal, and coronal images, and the contrast and
brightness of the images were adjusted using the image
processing tools in the software to ensure optimal visu-
alization. All images were analyzed on a Xiaomi Red-
miBook Pro 15 computer (Xiaomi, Beijing, China) with
a 2560x1600 pixels resolution. In the CBCT images
(Fig. 2), the maxillary sinus cyst was characterized on
imaging as a dome-shaped, low-density blocked image

with clear boundaries and continuous smooth edges [4,
5].

Assessment of influencing factors

Factors associated with maxillary sinus cysts, including
gender, age, odontogenic factors, anatomical factors, and
other factors, were documented by CBCT image analy-
sis. The dentition between the maxillary sinuses from
the first premolar to the second molar was categorized
as: (a) the presence of teeth, (b) the partial absence of
teeth, and (c) the complete absence of teeth. Their end-
odontic and periodontal conditions are assessed if teeth
are present (from the first premolar to the second molar).
The endodontic situation was categorized as (if more
than one situation was present, the most severe situation
was selected): (a) healthy teeth; (b) deep caries with or
without treatment; (c) endodontic lesions or endodontic
treatment without apical lesions; (d) apical lesions [4, 5,
17]. The periodontal condition was expressed in terms
of the degree of bone loss. It was categorized as (if more
than one condition existed, the most severe condition
was selected): (a) standard to mild periodontitis (bone
loss < 15%); (b) moderate periodontitis (bone loss>15%;
<33%); and (c) severe periodontitis (bone loss >33%) [19].
The relationship between the roots and the floor of the
maxillary sinus was assessed: (a) the presence of a gap
between the apical portion of all roots and the floor of
the sinus; (b) the presence of at least one root in contact
with the lower wall of the maxillary sinus [4, 5, 18]. Mor-
phology of the maxillary sinus floor: (a) flat maxillary
sinus floor; (b) uneven or separated maxillary sinus floor
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Fig. 2 CBCT image of maxillary sinus cyst (indicated by the yellow arrow)

Table 1 Assignment of variables

Characteristic variable Assessment of influencing factors

Cyst or not 0=no cysts, 1 =with cysts
Gender 0=female, 1=male
Age 0==>18years, <35 years; 1=>35

years, <53 years; 2==>53 years
0=dentate, 1= partially edentulous,
2=completely edentulous
0=healthy tooth, 1=with deep caries
or treated deep caries

2=having endodontic lesions or hav-
ing undergone endodontic treatment,
3=having apical lesions

0=normal to mild periodontitis

(< 15% bone loss)

1 =moderate periodontitis (bone

loss > 15%; <33%), 2 =severe peri-
odontitis (bone loss > 33%)

0=left side, 1=right side

0=no contact, 1=at least one root in
contact with sinus floor

Dental condition

Pulp condition

Periodontal condition

Maxillary sinus different sides
Relationship of the tooth root
to the floor of the maxillary
sinus

Morphology of the floor of the  0=flat maxillary sinus floor, 1 =uneven
maxillary sinus or separated maxillary sinus floor
Vessels of the lateral wall of the 0=no blood vessels in the lateral wall
maxillary sinus of the maxillary sinus, 1=blood vessels
in the lateral wall of the maxillary sinus
0=no mucosal thickening (mucosal
thickness less than 2 mm)

1 =with mucosal thickening (mucosal
thickness greater than 2 mm)
0=without maxillary sinusitis, 1 =with
maxillary sinusitis

Development of the maxillary ~ 0=normal maxillary sinus develop-
sinus ment, T =maxillary sinus hypoplasia

Mucosal condition of the
maxillary sinus

Presence of maxillary sinusitis

Cortical bone condition of the  0=cortical bone at the floor of the

floor of the maxillary sinus maxillary sinus is intact, 1= cortical
bone at the floor of the maxillary sinus
isincomplete
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[34]. Other influencing factors included gender (male and
female), age (=18 years, <35 years; 235 years, <53 years;
>53 years), different sides of the maxillary sinus (left and
right), whether or not blood vessels were detected in the
lateral wall of the maxillary sinus in the CBCT images,
condition of the mucosa of the maxillary sinus, pres-
ence or absence of maxillary sinusitis, development of
the maxillary sinus, and condition of the cortical bone
at the floor of the maxillary sinus. To address the con-
cern regarding the criteria used for diagnosing maxillary
sinusitis in our study, we utilized specific CBCT imaging
features that are commonly associated with this condi-
tion. These criteria include the following: (a) Fluid Levels:
The presence of air-fluid levels within the maxillary sinus
visibly delineated on CBCT scans suggests acute or sub-
acute sinusitis, typically caused by impaired sinus drain-
age and ventilation. (b) Opacity or Turbidity: Increased
radiopacity or complete turbidity of the sinus on CBCT
images often indicates sinusitis. This finding reflects
the presence of fluid, inflammatory tissue, or polypoid
degeneration, which are hallmarks of sinus inflamma-
tion. Detailed variable characterization and assessment
of influencing factors are shown in Table 1.

Characteristic variable screening

All the influencing factors were expressed as categori-
cal variables. The outcome indicator was a dichotomous
variable (i.e., the presence of maxillary sinus cyst). Cate-
gorical variables were expressed as numbers and percent-
ages and were screened using the chi-square test, with a
two-sided P-value of less than 0.05 considered statisti-
cally significant. The chi-square test was analyzed using
SPSS (version 27.0). The characteristic variables were fur-
ther screened using Least Absolute Shrinkage and Selec-
tion Operator (LASSO) regression, which compresses
the coefficients of the variables in the regression model
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by generating a penalty function to prevent overfitting; at
the same time, LASSO regression can reduce the effect of
multicollinearity on the regression results and solve the
problem of severe covariance by making the coefficients
of correlated independent variables zero through the cor-
relation between independent variables [20]. The LASSO
regression was set up with 10-fold cross-validation and
executed by the R package “glmnet4.1.2”.

Comparison and analysis of multiple ML models

In this study, 6000 maxillary sinuses were divided into a
training set and a validation set in a ratio of 8:2. Nine ML
classifiers were fitted to the training set: Logistic Regres-
sion, eXtreme Gradient Boosting (XGBoost), Light Gra-
dient Boosting Machine (LightGBM), RandomForest,
Adaptive Boosting (AdaBoost), Gaussian Naive Bayes
(GNB), Support Vector Machines (SVM), Multi-Layer
Perceptron (MLP), and K-Nearest Neighbors (KNN).
XGBoost was built with Python “xgboostl.2.1”, Light-
GBM was built using Python “Lightgbm3.2.1"; and the
other machine learning algorithms were built using
Python “sklearn0.22.1” Multiple interpolation was used
to fill in missing values. The Synthetic Minority Overs-
ampling Technique (SMOTE) handled the unbalanced
data such that the ratio of cysts to no cysts was 1:1. The
optimal model is selected by analyzing the importance
of each metric in the training and testing sets of multi-
ple models. The receiver operating characteristic (ROC)
curve was constructed using Python “sklearn0.22.1” to
measure the performance of the models by comparing
the AUC values [21]. The AUC value is the most crucial
index for model selection and performance comparison,
which ranges from 0 to 1, with higher values meaning
better model performance. The R package “rmdal.6” was
used to generate decision curve analysis (DCA) to help
determine the clinical utility and application value of the
model [22]. Python “sklearn0.22.1” was used to construct
calibration curves to assess the accuracy of the model’s
predictive probabilities [23]. Python “scikit0.22.1” was
used to plot precision-recall (PR) curves, which were
used to measure the accuracy and omission rate of the
model in predicting positive case samples [24].

Construction and analysis of the best ML models

After screening the best-performing model through
comprehensive comparison, 6000 maxillary sinuses were
reclassified into training, validation, and test sets accord-
ing to the ratio of 6:2:2. The optimal model was used
for 10-fold cross-validation on the training set, and the
validation and test sets were evaluated. To assess the fit
and stability of the model on the training and valida-
tion sets, learning curves were generated using Python
“scikit0.22.1” [25].
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Interpretability of the best ML models

Explaining black-box models has become a research
hotspot in ML. Some methods can extract feature impor-
tance from a black-box model or visualize some of its
operational mechanisms, but fully explaining its inter-
nal decision-making process remains challenging. Lund-
berg et al. proposed a unified framework for explaining
predictions in 2017: SHAP. The SHAP is derived from
the game-theoretical Shapley value, which quantifies
the contribution of each feature in a model to the final
prediction of an observation. Since SHAP calculates the
Shapley value, which can be sampled to estimate the
contribution of each feature to the prediction, SHAP
explains force diagrams that visualize attributions to fea-
tures like the Shapley value as “forces,” each feature value
being a force that increases or decreases the prediction.
Predictions start at the baseline, where the baseline Shap-
ley value is the average of all predictions. SHAP feature
importance plots show the importance of each feature in
order of magnitude. SHAP summary plots combine fea-
ture importance with feature effects, where each point is
a feature and an instance of the Shapley value. The above
results were visualized using Python “Shap0.39.0” [26].

Building a web calculator

The web calculator is an interactive graphical application
interface constructed using the predictor variables in the
predictive model. By entering the values of the corre-
sponding predictor variables in Table 1, medical profes-
sionals can quickly assess the probability of the predictive
outcomes of the predictive model better to understand
the likelihood of maxillary sinus cyst development. This
study develops a web calculator for the maxillary sinus
cyst prediction model based on the best-performing
machine learning model through the extreme intelligence
analytics platform (https://www.xsmartanalysis.com/).

Cluster analysis

K-means clustering algorithm is a commonly used unsu-
pervised learning algorithm that can classify patients
with similar disease risks into the same group. In this
study, the distance between features was calculated
using the K-mean clustering algorithm and automatically
aggregated to classify patients with maxillary sinus cysts
[27]. The optimal number of clusters (K) was determined
by comparing the bent elbow method [28, 29]. All the
above statistical analyses were done using the R package
(version 4.2.3) and Python (version 3.11.4). The perfor-
mance of the clustering model is commonly evaluated by
Silhouette Coefficient and the Calinski-Harabasz index
[30, 31]. The Silhouette Coefficient is a metric used to
measure the quality of clustering. It evaluates how simi-
lar an object is to its own cluster compared to other clus-
ters. The coefficient ranges from —1 to 1, where a higher
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value indicates that the object is well matched to its own
cluster and poorly matched to neighboring clusters. The
Calinski-Harabasz Index, also known as the Variance
Ratio Criterion, assesses the overall goodness of fit for a
clustering algorithm. It is defined as the ratio of the sum
of between-cluster dispersion to the sum of within-clus-
ter dispersion. A higher Calinski-Harabasz score indi-
cates better-defined clusters.

Results

Results of characteristic variables screening

In the present study, CBCT images of 6000 maxillary
sinuses were analyzed. The influencing factors included
age, gender, dental condition, pulpal condition, periodon-
tal condition, different sides of the maxillary sinus, the
relationship between the roots of the teeth and the floor
of the maxillary sinus, the morphology of the floor of the
maxillary sinus, the vascularity of the lateral walls of the
maxillary sinus, the condition of the mucous membranes
of the maxillary sinus, the presence of maxillary sinusitis,
development of the maxillary sinus, and the condition of

Table 2 Results of chi-square test analysis
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the cortical bone of the floor of the maxillary sinus. The
incidence of maxillary sinus cysts at the level of the max-
illary sinus was 19.767%. The results of the chi-square
test analysis showed that there was a significant differ-
ence (P<0.05) in gender, age, pulp condition, periodon-
tal condition, relationship between the root of the tooth
and the floor of the maxillary sinus, morphology of the
floor of the maxillary sinus, vascularity of the lateral wall
of the maxillary sinus, condition of the mucous mem-
branes of the maxillary sinus, the presence of maxillary
sinusitis, maxillary sinus development, and condition
of the cortical bone of the floor of the maxillary sinus
(Table 2). Characteristic variables were further screened
by LASSO regression, in which the A of the minor mean
square error in LASSO regression was 0.000. The final
characteristic variables selected were gender, age, pulpal
condition, periodontal condition, relationship between
the root of the tooth and the floor of the maxillary sinus,
the morphology of the floor of the maxillary sinus, the
vasculature of the lateral wall of the maxillary sinus, the
mucosal condition of the maxillary sinus, the presence

Variable n (%) No cysts (n1=4814) With cysts (n=1186) X P

Gender 0 2215 (46.012) 408 (34.401) 52.131 <0.001
1 2599 (53.988) 778 (65.599)

Age 0 1792 (37.225) 344 (29.005) 2835 <0.001
1 1424 (29.580) 388 (32.715)
2 1598 (33.195) 454 (38.280)

Dental condition 0 3588 (74.533) 852 (71.838) 367 0.16
1 1035 (21.500) 284 (23.946)
2 91 (3.968) 50 (4.216)

Pulp condition 0 2948 (63.768) 617 (54.313) 116.442 <0.001
1 591 (12.784) 100 (8.803)
2 284 (6.143) 62 (5.458)
3 800 (17.305) 357 (31.426)

Periodontal condition 0 1065 (23.037) 201 (17.694) 57.78 <0.001
1 2093 (45.274) 441 (38.820)
2 1465 (31.689) 494 (43.486)

Maxillary sinus different sides 0 2429 (50.457) 571 (48.145) 2.035 0.154
1 2385 (49.543) 615 (51.855)

Relationship of the tooth root to the floor of the maxillary sinus 0 2447 (50.831) 466 (39.292) 50.724 <0.001
1 2367 (49.169) 720 (60.708)

Morphology of the floor of the maxillary sinus 0 2144 (44.537) 427 (36.003) 28.295 <0.001
1 2670 (55.463) 759 (63.997)

Vessels of the lateral wall of the maxillary sinus 0 1843 (38.284) 415 (34.992) 4395 0.036
1 2971 (61.716) 771 (65.008)

Mucosal condition of the maxillary sinus 0 2746 (57.042) 571 (48.145) 30.469 <0.001
1 2068 (42.958) 615 (51.855)

Presence of maxillary sinusitis 0 4647 (96.531) 1176 (99.157) 22918 <0.001
1 167 (3.469) 10 (0.843)

Development of the maxillary sinus 0 4529 (94.080) 165 (98.229) 33.854 <0.001
1 285 (5.920) 21(1.771)

Cortical bone condition of the floor of the maxillary sinus 0 4628 (96.136) 1021 (86.088) 174451 <0.001
1 186 (3.864) 165(13.912)
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of maxillary sinusitis, the development of the maxillary
sinus, and the floor of the maxillary sinus cortical bone
condition (Fig. 3).

Multi-model synthesis and analysis results

6000 maxillary sinus samples were classified using ML
models, including Logistic Regression, XGBoost, Light-
GBM, RandomForest, AdaBoost, GNB, SVM, MLP, and
KNN. The ROC curves of all models were cross-vali-
dated by a factor of 10. The predictive performance of
the models was evaluated based on the AUC values, and
XGBoost, LightGBM, and RandomForest had the best
performance in the training set; XGBoost and LightGBM
had the best performance in the validation set (Fig. 4A-
B). The AUC values mainly assess the accuracy of the
model’s predictions. However, it needs to directly provide
information about the usability of the model in real clini-
cal applications. Therefore, we analyzed the PR curves,
calibration curves, and DCA. The PR curves showed that
the XGBoost model produced the highest average preci-
sion (AP) values in both the training and validation sets
(Fig. 4C-D). The calibration curves showed that Light-
GBM and XGBoost models predicted more accurately
(Fig. 4E). The DCA showed that XGBoost had good clini-
cal applicability (Fig. 4F). The comprehensive analysis
showed that XGBoost was the optimal model.

Optimal model construction and analysis results

The XGBoost model was constructed and validated by
10-fold cross-validation. The results show that the aver-
age AUC value of the training set is 0.939 (0.930-0.947),
the average AUC value of the validation set is 0.923
(0.893-0.952), and the average AUC value of the test
set is 0.921 (0.902-0.940) (Fig. 5A-C). The average AUC
value of the training, validation, and test sets is about
0.928, indicating excellent performance of the XGBoost
model. Since the AUC value of the validation set does
not exceed 10% of the test set, the fit can be considered
successful, and the XGBoost model can be applied to
the classification of maxillary sinus cysts. The calibra-
tion curves show that the XGBoost model is accurately
predictive (Fig. 5D). The DCA results show that the
XGBoost model has good clinical applicability (Fig. 5E).
The learning curve demonstrated the fit and stability of
the XGBoost model between the training and validation
sets (Fig. 5F). In summary, XGBoost is suitable for con-
structing a prediction model for maxillary sinus cysts.

Interpretability of the model

The SHAP summary plot demonstrates the nonlinear
relationship between each of the influencing factors and
maxillary sinus cysts, where periodontal condition and
pulpal condition are positively correlated with the occur-
rence of maxillary sinus cysts, i.e., the more severe the
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Fig.4 Comparison and analysis of multiple machine learning models. A-B The ROC curve is obtained by graphing the true and false positive rates, which
can be used to reflect the relationship between sensitivity and specificity. The AUC value indicates the area under the ROC curve enclosed with the coor-
dinate axis. The larger the AUC value is, the better the effect of the machine learning model is, i.e., the higher the discriminative ability is. C-D The PR curve
takes the recall rate as the horizontal coordinate and the precision rate as the vertical coordinate, and the area under the PR curve is used to evaluate
the model differentiation ability. E In the calibration curve, the horizontal coordinate indicates the probability predicted by the model, and the vertical
axis indicates the probability of the actual event occurring. If the model is perfectly calibrated, the curve will coincide with the diagonal. F The horizontal
coordinate of the decision curve is the threshold probability, and the vertical coordinate is the average net return value. For a given threshold probability,
a decision curve for a predictive model above the reference line indicates that the model has superior clinical utility

periodontal and pulpal conditions are, the higher the
incidence of maxillary sinus cysts (Fig. 6A). The order of
importance of the features showed that periodontal con-
dition, age, gender, and endodontic condition character-
ized the XGBoost model, with the periodontal condition
being the most crucial feature, changing the predicted
absolute probability of maxillary sinus cysts by about
13% points on average (Fig. 6B). We further explained
the model with two samples. The first of these samples
had a predicted probability of 0.988, with age, maxillary
sinus mucosal condition, and periodontal condition con-
tributing to the results (Fig. 6C). The second sample had
a predictive probability of 0.995, with vascularization of
the lateral wall of the maxillary sinus contributing to the
results and the presence of maxillary sinusitis inhibiting
the results (Fig. 6D).

Online predictive modeling

This study successfully developed a web-based web cal-
culator  (http://www.xsmartanalysis.com/model/list/pr
edict/model/html?mid=13479&symbol=7171144uq38
LqPnMx556) for clinical physicians to use the XGBoost
model to predict the probability of maxillary sinus cyst
occurrence.

Results of cluster analysis

The total number of valid samples included in the cluster
analysis was 6000 maxillary sinuses. The clustering model
categorized all samples into 2 data cluster categories
(Fig. 7). The clustering model’s silhouette coefficient and
calinski harabasz index were 0.422 and 5068.251, respec-
tively, indicating excellent model performance (Table 3).
Cluster 1 (n=4123, 68.7%) was dominated by healthy
teeth (86.563%), mild (29.978%) and moderate (57.167%)
periodontitis, and age <35 years (51.686%), and it had a
low incidence of maxillary sinus cysts (16.881%). Clus-
ter 2 (n=1877, 31.3%) was dominated by apical lesions
(74.108%), severe periodontitis (88.492%), and age>53
years (81.779%), which had a higher incidence of maxil-
lary sinus cysts (26.105%). Between the two subtypes of
cluster 1 and cluster 2, there were significant differences
in the incidence of maxillary sinus cysts between gender,
age, pulpal condition, periodontal condition, relationship
of the root of the tooth to the floor of the maxillary sinus,
morphology of the floor of the maxillary sinus, vascu-
larity of the lateral wall of the maxillary sinus, mucosal

condition of the maxillary sinus, and the presence of
maxillary sinusitis (P<0.001) (Table 4).

Discussion

This study evaluated 6,000 maxillary sinus CBCT data
sets from 3093 patients and documented the possible
influencing factors of maxillary sinus cysts, including
gender, age, odontogenic factors, and anatomical fac-
tors. Characteristic variables were screened using vari-
ous statistical methods, a prediction model for maxillary
sinus cysts was constructed by applying various machine
learning methods, and high-risk factors were identified
by cluster analysis. In this study, with the help of large-
sample CBCT image data and advanced ML techniques,
we deeply analyzed the characteristic variables of maxil-
lary sinus cysts. We constructed a prediction model, thus
providing new ideas and tools for preventing and person-
alized treatment of maxillary sinus cysts.

In this study, gender, age, pulpal condition, periodontal
condition, relationship between the root of the tooth and
the floor of the maxillary sinus, the morphology of the
floor of the maxillary sinus, the vasculature of the lateral
wall of the maxillary sinus, the mucosal condition of the
maxillary sinus, the presence of maxillary sinusitis, the
development of the maxillary sinus, and the floor of the
maxillary sinus Cortical bone condition were found to
be characteristic variables for maxillary sinus cysts. The
incidence of maxillary sinus cysts is significantly higher in
males than in females, which may be related to the higher
prevalence of smoking, apical lesions and periodontitis
in males [32, 33]. In addition, there may be differences
in hormone levels and lifestyle habits between genders,
which may indirectly affect the incidence of cysts. The
age factor should also not be ignored, as older patients
are more likely to develop periodontitis and apical lesions
[34]. The anatomical structures associated with the max-
illary sinus may change with age, which alters the envi-
ronment within the maxillary sinus and increases the
incidence of maxillary sinus cysts [35]. In terms of odon-
togenic factors, apical lesions and severe periodontitis
are associated with a higher prevalence of maxillary sinus
cysts. When a tooth root is in contact with the sinus floor
or extends into the maxillary sinus, it increases the like-
lihood of mucosal injury and inflammatory infection of
the sinus floor [4, 14]. Apical lesions are often accom-
panied by chronic inflammation and bacterial infection,
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Fig.6 Interpretability of the XGBoost model. A SHAP summary plot. B SHAP feature importance plot. C SHAP values explain the probability of occurrence

of the first sample maxillary sinus cyst. D SHAP values explain the probability of occurrence of the second sample maxillary sinus cyst
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Table 3 Summary of cluster analysis performance
Silhouette Coefficient
0422

Calinski Harabasz Score
5068.251

and their pathogens and toxins can enter the floor of
the maxillary sinus through the apical foramen, causing
acute and chronic inflammation of the mucosa of the
maxillary sinus. The deeper the root penetrates the floor
of the maxillary sinus, the more pronounced the physi-
cal stimulation of the mucosa of the maxillary sinus, and
the long-term stimulation can promote cystogenesis.
Severe alveolar bone resorption can form periodontal
pockets, in which pathogenic bacteria and their products
may spread along the roots toward the maxillary sinus,
inducing inflammation and even cysts in the maxil-
lary sinus mucosa [36]. A septum at the maxillary sinus
floor or an uneven floor of the maxillary sinus may lead
to poor drainage of the maxillary sinus, allowing secre-
tions to accumulate and bacteria to thrive, increasing
the likelihood of cyst formation [37]. Abnormal distribu-
tion of blood vessels in the lateral wall of the maxillary
sinus may underlie the microcirculation of inflammation
and cyst formation, and a high density of distribution of
blood vessels means that more inflammatory cells and
factors rush to the mucosa of the maxillary sinus induc-
ing cysts [38]. Chronic inflammatory stimulation often
leads to thickening of the maxillary sinus mucosa, and
the thickened mucosa is more likely to lead to poor venti-
lation and drainage, allowing pathogenic bacteria to grow
and fueling cyst formation. Although mucosal thickening

can lead to cyst formation by obstructing sinus drain-
age, the maxillary sinus cyst identified on CBCT imag-
ing has already progressed beyond the stage of simple
mucosal thickening. The absence of mucosal thickening
in the presence of a cyst does not imply a better clinical
outcome; on the contrary, it may indicate a more severe
pathology. Mucosal thickening could be masked by the
cyst, making its identification challenging. In maxillary
sinus hypoplasia, a relatively thick bony barrier between
the maxillary sinus and tooth root is usually observed,
making it less susceptible to odontogenic factors [39].
The results of this study revealed a negative correlation
between maxillary sinusitis and maxillary sinus cysts,
indicating that patients with sinusitis are less likely to
develop cysts. The inflammation associated with max-
illary sinusitis often leads to mucosal thickening and
edema, which can obscure or imitate cystic structures on
CBCT images, thus reducing the accuracy of cyst identi-
fication. This diagnostic challenge may lead to an under-
representation of cysts in individuals with active sinusitis
when relying solely on imaging. Additionally, the chronic
inflammation and altered mucus flow seen in sinusitis
may result in a distinct pathogenesis that decreases the
likelihood of cyst formation due to the continuous clear-
ance and drainage of cystic material. Together, these fac-
tors suggest that sinusitis might inversely correlate with
visible cysts - not necessarily signifying an actual absence
of cysts, but rather reflecting limitations in detection
under inflammatory conditions. The cortical bone in the
wall of the maxillary sinus floor may act as a barrier to
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Table 4 Results of cluster analysis
Variable n (%) Cluster 1 Cluster 2 P
(n=4123) (n=1877)
Gender 0 1916 (46.471) 707 (37.666)  <0.001
1 2207 (53.529) 1170 (62.334)
Age 0 31(51.686) 5(0.266) <0.001
1 1475 (35.775) 337 (17.954)
2 517(12539) 1535(81.779)
Pulp condition 0 3569 (86.563) 0(0.000) <0.001
1 531(12.879) 163 (8.684)
2 23(0.558) 323(17.208)
3 0(0.000) 1391 (74 108)
Periodontal condition 0 1236(29.978) (1.652) <0.001
1 2357(57.167) 185 (9.856)
2 530(12.855) 1661 (88.492)
Relationship of the tooth 0 1850 (44.870) 1063 (56.633) < 0.001
root to the floor of the
maxillary sinus
1 2273(55.130) 814 (43.367)
Morphology of the floor 0 1637 (39.704) 934 (49.760)  <0.001
of the maxillary sinus
1 2486 (60.296) 943 (50.240)
Vessels of the lateral wall 0 1442 (34.975) 816 (43474) <0.001
of the maxillary sinus
1 2681 (65.025) 1061 (56.526)
Mucosal condition ofthe 0 2398 (58.162) 919 (48.961) <0.001
maxillary sinus
1 1725(41.838) 958 (51.039)
Presence of maxillary 0 3989 (96.750) 1834 (97.709) 0.042
sinusitis
1 134 (3.250) 43(2.291)
Development of the 0 3900 (94.591) 1794 (95.578) 0.107
maxillary sinus
1 223 (5.409) 83 (4.422)
Cortical bone condition 0 3895 (94.470) 1754 (93.447) 0.117
of the floor of the maxil-
lary sinus
1 228 (5.530) 123 (6.553)
Cyst or not 0 3427(83.119) 1387(73.895) <0.001
1 696 (16.881) 490 (26.105)

prevent the direct spread of odontogenic infection to the
maxillary sinus. However, once the cortical bone of the
floor wall of the maxillary sinus is defective, the infec-
tion is more likely to penetrate the maxillary sinus. The
individual influencing factors analyzed above do not
act independently; they may interact and work together
in maxillary sinus cyst formation. In clinical practice,
awareness and attention to these influencing factors
should be increased, especially the treatment and inter-
vention of odontogenic factors, to reduce the risk of max-
illary sinus cysts.

XGBoost model is an integrated learning algorithm
based on Gradient Boosting Decision Tree (GBDT),
which reduces the risk of overfitting by controlling the
complexity and regularization terms of the tree [40].
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Meanwhile, the XGBoost model has a strong ability to
handle large datasets and is robust in dealing with miss-
ing values and various types of data in the data [41]. As
an advanced explanatory tool, SHAP analysis can help us
to deeply understand the reasons behind the model’s pre-
diction results, identify the important features, and pro-
vide intuitive explanations, enhancing the interpretability
and transparency of the model [42]. Based on SHAP’s
summary and force diagram methods, the XGBoost
model can provide global and local explanations of influ-
encing factors, helping to reveal the key factors affect-
ing the occurrence of maxillary sinus cysts. In machine
learning, model interpretability is crucial for improv-
ing trust, understanding decision-making, identifying
potential problems, and driving model application and
deployment. The maxillary sinus cyst prediction model
of the web calculator constructed by the XGBoost model
can help clinicians assess the risk of potential patients,
take intervention and preventive measures in advance to
reduce the incidence of maxillary sinus cysts and provide
strong support for clinical decision-making [43].

K-mean clustering algorithm is a commonly used
unsupervised learning algorithm, which divides the data
points into K different clusters by iterative way, and real-
izes clustering according to the similarity between the
data points. When using the K-mean clustering algo-
rithm, it is necessary to weigh its advantages and disad-
vantages according to the specific application scenarios
and the data characteristics and choose the appropriate
parameters and initialization methods to obtain a bet-
ter clustering effect [44]. In this study, 6000 maxillary
sinuses were divided into two data cluster categories by
the K-mean clustering algorithm, in which all feature
variables were used as categorical variables, and data
cleansing and preprocessing were performed on each
categorical variable, including missing value processing,
outlier processing, and data standardization to ensure
the integrity and consistency of the data. The K-mean
clustering model identified apical lesions, severe peri-
odontitis, and age>53 as high-risk factors for maxillary
sinus cysts. Apical lesions and severe periodontitis are
crucial in cystogenesis [45]. Some studies have shown
that odontogenic factors such as periodontal and apical
lesions may affect the maxillary sinus through bacterial
infection or inflammatory response and become primary
triggers for cyst development [46]. Bacterial infections
often accompany apical lesions, and these bacteria and
their toxins may affect the healthy state of the mucosa of
the maxillary sinus using blood circulation or direct inva-
sion, which in turn conditionally triggers cyst formation.
Severe periodontitis may not only lead to resorption of
the alveolar bone and change the relationship between
the root of the tooth and the floor of the maxillary sinus,
but it may also induce an inflammatory response in the
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mucosa of the maxillary sinus, exacerbating the patho-
logical changes in the maxillary sinus [47]. According
to cluster analysis results, the incidence of maxillary
sinus cysts was significantly higher in patients with api-
cal lesions and severe periodontitis than in patients with
healthy teeth and only mild to moderate periodontitis.
These findings are a good indication that the maxillary
sinus health of patients with apical lesions and severe
periodontitis should be given adequate attention and
necessary examination to prevent the occurrence of max-
illary sinus cysts in clinical practice.

However, there are some limitations to this study. First,
because maxillary sinus retention cysts and pseudocysts
cannot be differentiated on imaging, the maxillary sinus
cysts detected in this study may contain either or both.
Second, the definitive diagnosis of maxillary sinus cysts
relies on pathologic examination, and CBCT may carry
some degree of misdiagnosis risk when diagnosing max-
illary sinus cysts. Finally, the pathogenesis and factors
affecting maxillary sinus cysts are complex, diverse, and
influenced by genetic, environmental, and lifestyle fac-
tors. Therefore, future studies should combine patho-
logical examinations and molecular biology techniques
to distinguish different types of maxillary sinus cysts and
improve the accuracy and reliability of CBCT in diagnos-
ing maxillary sinus cysts. In addition, the pathogenesis
of maxillary sinus cysts should be studied in depth. Sys-
tematic studies should be conducted by combining the
effects of genetics, biology, environmental factors and
other aspects in order to comprehensively understand
the developmental process of maxillary sinus cysts and
the key factors in the diagnosis and treatment of maxil-
lary sinus cysts, to provide more effective guidance and
decision-making support for clinical practice.

Conclusion

The prediction model of maxillary sinus cysts con-
structed based on the XGBoost model can predict the
incidence of maxillary sinus cysts and provide a theoreti-
cal basis for preventing maxillary sinus cysts and clini-
cal decision-making. The cluster analysis model further
identifies the high-risk factors of maxillary sinus cysts
and guides the personalized treatment of maxillary sinus
cysts.
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