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Abstract
Peri-implantitis is one of the most common complications after dental implant surgery, as approximately 20-47 percent
of the recipients of the implants develop peri-implantitis complications. Machine learning (ML) would provide an
opportunity to predict early and allow timely intervention and individual care.
Purpose: The purpose of the study was to create and test the predictive model of peri-implantitis based on clinical,
demographical, and radiographic data of 40 patients during a 12-month follow-up period with the use of ML.
Methods and Materials: The retrospective cohort included 40 patients that were implant surgically operated. The
extracted parameters were clinical (probing depth, bleeding on probing, plaque index, bone loss), patient
demographics, systemic conditions, and radiographic features. When 5-fold cross-validation was used, several ML
algorithms were trained using Logistic Regression, random forests, Support Vector Machine (SVM), gradient
boosting, and Artificial Neural Network (ANN). The area under the receiver operating characteristic curve (AUC),
sensitivity, specificity and accuracy have been used to evaluate model performance.
Findings: Gradient Boosting model resulted in the best AUC of 0.91 (95% CI: 0.84 -0.97), then the Random Forest
(AUC =0.88) and ANN (AUC = 0.86). Marginal bone loss at 6 months, smoking, probing pocket depth, and diabetes
mellitus were the major predictive characteristics. Conclusion: MLs, especially Gradient Boosting, are highly
predictive of peri-implantitis and can be incorporated into the clinical decision-support systems to stratify risks
individually in implant dentistry.
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. Introduction Poor oral hygiene, a history of periodontitis, smoking,

Dental implants have become the gold standard for the
rehabilitation of partially and fully edentulous patients,
offering superior functional and aesthetic outcomes
compared to conventional prostheses.!> Despite high
success rates exceeding 95% over 10-year follow-up
periods, post-surgical complications remain a significant
clinical concern.* Among these, peri-implantitis—a
pathological condition characterized by inflammation of
the peri-implant mucosa with progressive loss of
supporting bone—is the most prevalent and destructive
biological complication affecting osseointegrated
implants.*?

Depending on the study population and diagnostic
criteria, the reported prevalence of peri-implantitis varies
greatly, ranging from 20% to 47% at the patient level.5’

uncontrolled diabetes mellitus, implant surface features,
and prosthetic design are just a few of the many risk
factors that have been identified.®® Accurate prediction is
a persistent clinical challenge, though, because little is
known about how these variables interact and how much
each contributes to the risk of complications.!?

Traditional risk assessment in implant dentistry has
mostly depended on clinician judgment and isolated
clinical parameters. This approach is limited in its ability
to capture complex, non-linear relationships among
various patient data.!! In recent years, machine learning
(ML) has emerged as a powerful tool in healthcare. It has
shown an amazing ability in pattern recognition,
classification, and prediction across different medical
and dental fields.'>!* ML algorithms can combine diverse
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data  sources, including clinical measurements,
radiographic ~ imaging  features, and  patient
demographics, to create predictive models that work
better than traditional statistical methods.!*!3

Several studies have looked into wusing artificial
intelligence (Al) in implant dentistry for tasks such as
recognizing implant types, assessing bone quality, and
planning treatment.!®!” However, the application of ML
for predicting post-surgical complications like peri-
implantitis is still in its early stages. There is limited
evidence about model validation and how it can be
integrated into clinical practice.!'®!® Additionally, most
existing studies have used large institutional datasets
without showing how they can be applied effectively in
smaller clinical settings, where personalized care is most
important.?

The concept of personalized risk stratification—wherein
individual patient profiles are used to tailor preventive
and therapeutic strategies—has gained increasing
attention in precision medicine.?! Integrating ML-based
prediction tools into clinical workflows could enable
early identification of high-risk patients, facilitating
timely intervention through customized maintenance
protocols, more frequent monitoring, or adjunctive
therapies.??

Thus, the purpose of the current study was to construct
and test an ML model to predict peri-implantitis early in
the course of treatment based on clinical, demographic,
and radiographic factors of 40 patients who followed up
after the surgery in 12 months. Moreover, this research
aimed to assess the possibility of incorporating these
models into the clinical processes to manage the
individual implant care.

2. Materials and Methods

2.1 Study Design and Ethical Approval

The study design and ethical approval will be as follows.
This is a retrospective cohort study that was carried out
between January 2022 and December 2023 at Burdwan
dental college and hospital. The study was performed in
compliance with the Declaration of Helsinki. All
participants gave informed consent before data were
collected.”

2.2 Study Population

Forty patients (22 males, 18 females, mean age 52.4/11.3
years) who have undergone endosseous dental implants
and had had a minimum of 12-month follow-up were
selected. The inclusion criteria were: (a) adults aged 18
years and above, (b) have had at least one endosseous
implant, (c) complete clinical and radiographic records at
baseline, 6 months, and 12 months post-surgery. The
exclusion criteria were: (a) radiation therapy in the area
of head and neck, (b) immunosuppressive treatment, (c)
incomplete follow-up, and (d) non-biological failure of
implants.?*

2.3 Data Collection and Feature Extraction

The patient records were systematically analyzed to
extract clinical, demographic, and radiographic data. The
clinical parameters were probing pocket depth (PPD) and
bleeding on probing (BOP) and modified plaque index
(mPI), width of the keratinized mucosa (KMW), and
implant stability quotient (ISQ). Demographic and
systemic factors were age, sex, smoking status, diabetes
mellitus  status, periodontitis history and bone
augmentation procedures. Radiographic evaluation was
conducted on standardized periapical radiographs via the
long-cone paralleling technique with marginal bone loss
(MBL) being measured at 6 and 12 months after loading
of each implant at the mesial and distal side.?>?

2.4 Outcome Definition

According to the 2017 World Workshop on the
Classification of Periodontal and Peri-Implant Diseases
and Conditions, peri-implantitis was diagnosed in 14
patients (35% of the total) with: (a) bleeding on probing
and/or pus on gentle probing, (b) increased probing depth
compared to previous exams, and (c) radiographic bone
loss beyond changes in crestal bone level due to initial
remodeling (>3 mm of the intraosseous portion of the
implant).?’ Based on these criteria, 14 patients (35%)
were classified as having peri-implantitis and 26 (65%)
as healthy controls at the 12-month follow-up.

2.5 Machine Learning Model Development

Five ML algorithms were employed: Logistic Regression
(LR), Random Forest (RF), Support Vector Machine
(SVM), Gradient Boosting Machine (GBM), and
Artificial Neural Network (ANN). Feature selection was
performed using recursive feature elimination with cross-
validation (RFECV) to identify the most informative
predictors.?® Data preprocessing included normalization
of continuous variables, one-hot encoding of categorical
variables, and handling of class imbalance using
Synthetic Minority Oversampling Technique
(SMOTE).? All models were implemented in Python 3.9
using scikit-learn (v1.2), TensorFlow (v2.12), and
XGBoost (v1.7) libraries.

2.6 Model Validation and Performance Evaluation
Stratified cross-validation with 5 folds was used to
measure model performance due to the small sample size.
The main performance measures included area under the
receiver operating characteristic curve (AUC-ROC),
sensitivity, specificity, accuracy, positive predictive
value (PPV), negative predictive value (NPV), and F1-
score. The Brier score was used to evaluate calibration.
A comparison of AUC values between models was
conducted. Statistical significance was set at p < 0.05.
2.7 Feature Importance Analysis

The values of SHAP (SHapley Additive exPlanations)
were calculated with the best-performing model to obtain
the relative importance of each predictor variable and
improve the readability of the model to translate into
clinical practice.’
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3. Results
3.1 Demographic and Clinical Characteristics
Table 1 summarizes the baseline demographic and
clinical characteristics of the study cohort. The peri-
implantitis group demonstrated significantly higher mean
PPD (4.8 £ 1.2 mm vs. 2.9 + 0.8 mm, p < 0.001), greater
MBL at 12 months (3.4 + 0.9 mm vs. 1.1 £ 0.5 mm, p <
0.001), and a higher prevalence of smoking (57.1% vs.
19.2%, p = 0.014) and diabetes mellitus (42.9% vs.
11.5%, p=0.028).

Table 1. Baseline Demographic and Clinical

Characteristics of the Study Cohort

Variable Peri- Healthy p-value
implantitis | (n=26)
(n=14)
Age (years) |552+10.8| 509+ 0.263
11.5
Sex 9/5 13/13 0.341
(Male/Female)
Smoking (%) 57.1% 19.2% 0.014*
Diabetes 42.9% 11.5% 0.028*
Mellitus (%)
History of 71.4% 30.8% 0.012*
Periodontitis
(%)
PPD at 12 48+12 | 29+0.8 <0.001*
months (mm)
BOP (% sites) | 68.3+14.5| 22.1£9.7 | <0.001*
MBL at 12 34+09 1.1£0.5 <0.001*
months (mm)
mPI 2.1+0.7 | 09+0.5 <0.001*
KMW (mm) 14+£0.6 | 28+09 | <0.001*

PPD = Probing Pocket Depth; BOP = Bleeding on
Probing; MBL = Marginal Bone Loss; mPI = Modified
Plaque Index; KMW = Keratinized Mucosa Width. *p <
0.05 (statistically significant). Data presented as mean +
SD or percentage.

3.2 Model Performance Comparison
Table 2 presents the comparative performance metrics of
the five ML models. The Gradient Boosting Machine
achieved the highest overall performance with an AUC
of 0.91 (95% CI: 0.84-0.97), sensitivity of 0.86,
specificity of 0.92, and accuracy of 0.90. Random Forest
demonstrated the second-best performance (AUC =
0.88), followed by the ANN (AUC = 0.86). Logistic
Regression achieved a moderate AUC of 0.79, while
SVM yielded an AUC of 0.82. DeLong’s test indicated a
statistically significant difference between GBM and LR
(p = 0.032) but not between GBM and RF (p = 0.187).
Table 2. Performance Metrics of Machine Learning
Models (5-Fold Cross-Validation)

Mod | AUC | Sensitivi | Specifici | Accura | F1-
el 95 ty ty cy Scor

% e

CI)

GBM | 091 0.90 0.86

(0.84

0.86 0.92

0.97)

RF | 0.88
(0.80

0.79 0.88 0.85 0.81

0.95)

0.86
(0.77

ANN 0.79 0.85 0.83 0.79

0.94)

0.82
(0.72

SVM 0.71 0.85 0.80 0.74

0.91)

0.79
(0.68

LR 0.64 0.81 0.75 0.68

0.89)
GBM = Gradient Boosting Machine; RF = Random
Forest; ANN = Artificial Neural Network; SVM =
Support Vector Machine; LR = Logistic Regression,
AUC = Area Under the Receiver Operating
Characteristic Curve.

Figure 1. Receiver Operating Characteristic (ROC) Curves
for Machine Learning Models Predicting Peri-Implantitis
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Figure 1: ROC curves comparing the five ML models.

The GBM curve should be plotted with a distinct line,

demonstrating the highest AUC. A diagonal reference
line should be included.
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3.3 Feature Importance

SHAP analysis of the best-performing GBM model
revealed that marginal bone loss at 6 months was the
most influential predictor (mean [SHAP| = 0.42),
followed by smoking status (0.31), probing pocket depth
(0.28), diabetes mellitus (0.22), history of periodontitis
(0.19), modified plaque index (0.17), keratinized mucosa
width (0.14), and BOP (0.12). Table 3 presents the ranked
feature importance values.

Table 3. SHAP-Based Feature Importance Ranking
(Gradient Boosting Model)

Rank Feature Mean |[SHAP| Value
1 Marginal Bone Loss 0.42
(6 months)

2 Smoking Status 0.31

3 | Probing Pocket Depth 0.28

4 Diabetes Mellitus 0.22

5 History of 0.19

Periodontitis

6 Modified Plaque 0.17
Index

7 Keratinized Mucosa 0.14
Width

8 Bleeding on Probing 0.12

9 Age 0.08

10 Sex 0.04

H
Fatre Ve

- r?;: :

Figure 2: SHAP summary bee—swarm plot showmg the

distribution and direction of feature contributions to the

GBM model predictions. Features should be ordered by
importance.

3.4 Calibration and Additional Metrics

The GBM model demonstrated excellent calibration with
a Brier score of 0.11. Positive predictive value (PPV) was
0.86 and negative predictive value (NPV) was 0.92. The
model correctly identified 12 of 14 peri-implantitis cases
(sensitivity = 0.86) and 24 of 26 healthy cases (specificity
= 0.92), yielding only 2 false negatives and 2 false
positives.

Figure 3. Calibration Plot for Gradient Boosting Model
Predicting Peri-lmplantitis
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Figure 3: Calibration plot (predicted probability vs.
observed frequency) for the GBM model, demonstrating
agreement between predicted and actual outcomes.
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Figure 4: Confusion matrix heatmap for the best-
performing GBM model showing true positives, true

negatives, false positives, and false negatives.

4. Discussion

The current paper created and optimised ML models to
predict peri-implantitis early on, using the Gradient
Boosting Machine with the best high ability to
discriminate (AUC =0.91). These data are also consistent
with the accumulating evidence in favor of the
development and implementation of Al-based predictive
instruments in the oral care sector to improve clinical
decision-making.**

The superior performance of ensemble methods (GBM
and RF) over linear models (LR) in our study is
consistent with previous reports in medical predictive
modeling, where tree-based algorithms have
demonstrated advantages in capturing complex, non-
linear interactions among variables.>* Specifically, the
GBM algorithm iteratively optimizes prediction errors
through sequential boosting, making it particularly well-
suited for datasets with interacting risk factors, as is the
case with peri-implantitis etiology.?®
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The finding that marginal bone loss at 6 months was the
strongest predictor is biologically understandable
because early bone resorption is a characteristic
precursor to established peri-implantitis.>?’  The
identification of smoking and diabetes mellitus as strong
predictors  corroborates extensive epidemiological
evidence linking these systemic factors to impaired peri-
implant tissue healing and increased susceptibility to
inflammatory  breakdown.®** Notably, history of
periodontitis emerged as the fifth most important feature,
consistent with the established paradigm that periodontal
pathogens serve as reservoirs for subsequent peri-implant
infections.’

Our findings reveal competitive performance, compared
to the past research papers; even with the relatively low
sample size. The AUC of 0.87 with deep learning on
radiographic images alone to predict peri-implant bone
loss was described by Lee et al. and an AUC of 0.84 with
clinical parameters in a larger cohort was observed by
Kalyon et al.'”**The multimodal approach followed in
the current study, in terms of combining clinical,
demographic, and radiographic characteristics, is
presumably an important factor contributing to the higher
predictive accuracy because it takes into account
complementary information sources provided by various
data.'

The clinical implications of this study are substantial. A
validated ML prediction tool with an AUC of 0.91 and
high sensitivity (0.86) could enable clinicians to identify
patients at elevated risk during the early post-operative
period, allowing for proactive modifications to
maintenance protocols.?? For instance, high-risk patients
identified by the model could be scheduled for more
frequent recall visits, targeted antimicrobial therapy, or
early surgical intervention, thereby potentially
preventing the progression from peri-implant mucositis
to established peri-implantitis.®’

Integration of such ML models into clinical workflows
could follow a decision-support paradigm, where the
model generates individualized risk scores that are
presented alongside traditional clinical findings in
electronic health records.?! This approach maintains
clinician autonomy while augmenting diagnostic
capacity with data-driven insights. Cloud-based

deployment through web applications or mobile
interfaces could further enhance accessibility,
particularly in settings with limited specialist

availability .38

Nevertheless, the current study has a number of
limitations that should be mentioned. On the one hand, it
is clear that the sample consists of 40 patients, which is
enough to perform early validation, however, the
generalizability of the results and the possibility of
overfitting remain relatively small due to the cross-
validation and SMOTE. Before clinical implementation,
external validation of independent and multi-center

cohorts is required.? Second, the retrospective design
introduces potential selection and information biases
inherent to chart-based data extraction. Third,
radiographic analysis was limited to two-dimensional
periapical radiographs; incorporation of cone-beam
computed tomography (CBCT) data and advanced
imaging features extracted through deep learning could
further improve predictive accuracy.!® Fourth, two-
dimensional periapical radiographs were only used in the
radiographic analysis; the use of cone-beam computed
tomography (CBCT) data and complex imaging
information that is extracted using deep learning should
further increase predictive accuracy.®

Future studies are recommended to prioritize prospective
multi-center validation assessments with larger sample
sizes, the use of deep learning-based image analysis to
retrieve automated radiographic features, addition of
microbiome and genetic biomarkers information, and the
creation of user-friendly clinical decision-support tools to
help with real-time risk assessment during treatment
planning consultation. 334

5. Conclusion

The present research indicates that machine learning
algorithms, especially the Gradient Boosting Machine
(AUC =0.91) can be successfully used in predicting peri-
implantitis based on multimodal patient characteristics
within a 12-month follow-up. The most significant
predictors were marginal bone loss at 6 months, smoking
status, probing pocket depth and diabetes mellitus. The
application of such predictive models to clinical practice
has enormous potential in the individualization of risk
stratification allowing the early intervention and
idealized maintenance regimen in implant dentistry.
Although these results are promising, external validation
using multi-center and large size of sample is required to
attest the clinical utility and provide a high-level
acceptance.
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