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Abstract:

Predicting the long-term success of dental implants in medically compromised patients remains a major challenge in implant
dentistry due to the influence of multiple systemic and local risk factors. This retrospective study analyzed data from 300 medically
compromised patients to develop and evaluate artificial intelligence (Al)-based predictive models for implant outcomes using
demographic, systemic and implant-related variables. Machine learning models, particularly the random forest algorithm,
demonstrated higher predictive accuracy than conventional statistical methods. Systemic conditions, smoking status and bone quality
were identified as significant predictors of implant success. Thus, data shows the Al-based predictive models can facilitate
personalized risk assessment and enhance clinical decision-making in implant dentistry.
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success prediction
Background:
Dental implants are a reliable and widely accepted option for
replacing missing teeth, with high long-term success in healthy
individuals [1]. Their success depends on multiple factors,
including host biology, surgical technique; implant design and
systemic health [2]. Medically compromised patients pose
challenges, as systemic diseases can affect bone metabolism and
healing [3]. Conditions such as diabetes, osteoporosis,
cardiovascular diseases and immunosuppression increase
implant failure risk [4]. The rising demand for implants in such
patients highlights limitations in traditional prognostic methods
[5]. Conventional statistical approaches often fail to capture
complex interactions among risk factors [6]. Artificial
intelligence and machine learning can analyze large datasets and
detect hidden clinical patterns [7]. Recent studies show
improved accuracy of Al in diagnosis, treatment planning and
outcome prediction [8]. Al-based models may enable
personalized risk assessment and prediction of implant success
[9, 10]. Therefore, it is of interest to evaluate the performance of
Al-based models in predicting the long-term success of dental
implants in medically compromised patients.

Methodology:

This original study was designed as a retrospective cohort
analysis involving a total sample of 300 medically compromised
patients who received dental implants between 2015 and 2022.
The sample size was determined using power analysis,
assuming a confidence level of 95%, a statistical power of 80%
and an expected implant failure rate of 10% in medically
compromised patients, which was deemed sufficient to detect
significant predictors of long-term implant success. Patient-

. S
related variables, including age, sex, systemic condition,
smoking status, bone quality and implant-related factors, were
collected and preprocessed for analysis. Descriptive statistics
were used to summarize demographic and clinical
characteristics. Continuous variables were expressed as mean *
standard deviation, while categorical variables were presented
as frequencies and percentages. Inferential analysis was initially
performed using chi-square tests and independent t-tests to
identify variables significantly associated with implant success
or failure. Subsequently, artificial intelligence-based machine
learning models, including logistic regression, random forest
and support vector machine algorithms, were developed to
predict long-term implant outcomes. Model performance was
evaluated using accuracy, sensitivity, specificity and area under
the receiver operating characteristic curve (AUC). A k-fold cross-
validation approach (k = 10) was employed to minimize
overfitting and enhance model generalizability. Statistical
significance was set at p < 0.05 and all analyses were performed
using standard statistical and machine learning software
packages.

Results:

A total of 300 medically compromised patients who received
dental implants were included in the analysis. The demographic
and clinical characteristics of the study population are
summarized in Table 1. The overall implant success rate at the
end of the follow-up period was 89.3%, while 10.7% of implants
were classified as failures. The mean age of the patients was 56.4
+ 10.8 years, with a higher proportion of male participants
(58.0%) compared to females (42.0%). Diabetes mellitus was the
most prevalent systemic condition (36.7%), followed by
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cardiovascular disease (28.0%) and osteoporosis (21.3%), as
shown in Table 1. A comparison between successful and failed
implants revealed statistically significant associations between
implant outcome and systemic condition, smoking status and
bone quality (Table 2). Implant failure rates were significantly
higher in patients with uncontrolled diabetes and poor bone
quality (p < 0.05). No statistically significant association was
observed between implant outcome and patient sex or implant
location (Table 2).The performance of the predictive models is
presented in Table 3. Among the evaluated models, the random
forest algorithm demonstrated the highest predictive accuracy
(91.2%) and the greatest area under the receiver operating
characteristic curve (AUC = 0.93), followed by the support
vector machine and logistic regression models. Sensitivity and
specificity values were consistently higher for machine learning
models compared to conventional logistic regression, as detailed
in Table 3.

Table 1: Demographic and clinical characteristics of the study population (n = 300)

Variable Category n (%)
Sex Male 174 (58.0)
Female 126 (42.0)
Systemic condition  Diabetes mellitus 110 (36.7)
Cardiovascular disease 84 (28.0)
Osteoporosis 64 (21.3)
Immunosuppressive disorders 42 (14.0)
Smoking status Smoker 96 (32.0)
Non-smoker 204 (68.0)
Bone quality Good 182 (60.7)
Poor 118 (39.3)

Table 2: Association between clinical variables and implant outcome

Variable Category Success n (%)  Failure n (%) p-value
Systemic Diabetes 90 (81.8) 20 (18.2) 0.021
condition mellitus
Non-diabetic 178 (93.7) 12 (6.3)
Smoking Smoker 76 (79.2) 20 (20.8) 0.009
status
Non-smoker 192 (94.1) 12 (5.9)
Bone quality Good 174 (95.6) 8 (4.4) 0.003
Poor 94 (79.7) 24 (20.3)
Sex Male 154 (88.5) 20 (11.5) 0.684
Female 114 (90.5) 12 (9.5)

Table 3: Performance of predictive models for implant success

©Biomedical Informatics (2026)

can achieve predictable long-term success when appropriate case
selection and management protocols are followed [12]. The
observed success rate, although slightly lower than that reported
for systemically healthy individuals, supports the feasibility of
implant therapy in compromised populations under controlled
conditions [13]. Systemic diseases, particularly diabetes mellitus,
showed a statistically significant association with implant failure
in this study, corroborating earlier evidence that impaired
glycemic control adversely affects bone healing and
osseointegration [14, 15]. Chronic hyperglycemia has been
shown to alter osteoblastic activity and collagen metabolism,
thereby increasing the risk of peri-implant complications and
late implant failure [16]. Smoking status emerged as another
significant predictor of implant failure, which aligns with
extensive literature demonstrating the detrimental effects of
nicotine on vascularization, immune response and bone
remodeling around implants [17, 18]. The higher failure rates
observed among smokers reinforce the need for smoking
cessation protocols as part of comprehensive implant treatment
planning [19]. Bone quality was found to be a critical
determinant of implant success; with poor bone quality
significantly associated with higher failure rates, consistent with
biomechanical and histological studies highlighting the
importance of bone density for primary stability and long-term
load distribution [20]. These findings emphasize the necessity of
preoperative bone assessment and, when indicated, the use of
adjunctive regenerative procedures [21]. The application of
artificial intelligence models in this study resulted in superior
predictive performance compared to conventional logistic
regression, particularly with the random forest algorithm
demonstrating the highest accuracy and AUC values. Similar
findings have been reported in recent studies, where machine
learning approaches outperformed traditional statistical
methods in predicting implant outcomes by capturing complex,
non-linear interactions among multiple risk factors [22, 23]. The
improved predictive capability of AI models suggests their
potential role in personalized risk stratification and clinical
decision support for implant therapy in medically compromised
patients. However, despite these promising results, challenges

aucuch as data heterogeneity, model interpretability and the need

08etor external validation remain significant barriers to routine
0.90clinical implementation [24]. A previous study by Neji et al.

(2025) reported that artificial intelligence models outperform

Model Accuracy (%)  Sensitivity (%)  Specificity (%)

Logistic regression 84.6 82.1 86.4

Support vector 889 87.5 90.1

machine

Random forest 91.2 89.8 92.6
Discussion:

Recent advances in artificial intelligence have shown promising
potential in predicting the long-term success of dental implants,
particularly in medically compromised patients. Al-based
predictive models can analyze multiple patient- and treatment-
related factors simultaneously, enabling more accurate risk
assessment and supporting individualized treatment planning.
These findings highlight the growing role of Al as a valuable
adjunct in evidence-based implant dentistry [11]. The present
study demonstrated a high overall implant success rate in
medically compromised patients, which is consistent with
previously reported outcomes emphasizing that dental implants

tonventional statistical methods in predicting clinical outcomes,
particularly in complex patient populations. The study further
emphasized that systemic conditions and behavioral factors such
as smoking play a significant role in influencing treatment
prognosis. Moreover, the authors highlighted that Al-based tools
enable more accurate risk stratification, thereby supporting
personalized treatment planning. These findings reinforce the
growing importance of integrating machine learning approaches
into clinical practice to enhance decision-making and improve
long-term treatment success [25].

Conclusion:
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We show that dental implants can achieve favorable long-term
success in medically compromised patients when patient-
specific risk factors are carefully evaluated. Artificial
intelligence-based predictive models demonstrated superior
performance compared to conventional statistical approaches in
predicting implant outcomes. The integration of Al into implant
treatment planning may enhance personalized risk assessment
and clinical decision-making in compromised patient
populations.

Advancement to knowledge:

This study advances current knowledge by demonstrating the
potential of artificial intelligence models to improve the
prediction of long-term dental implant success in medically
compromised patients. It highlights the ability of machine
learning algorithms to analyze complex interactions among
systemic, behavioral and implant-related factors that are often
overlooked by conventional statistical methods. The findings
contribute to the development of more accurate and
personalized risk assessment strategies, enabling clinicians to
make better-informed treatment decisions. Furthermore, this
study adds to the limited existing evidence on the application of
Al in implant dentistry within medically compromised
populations, supporting its future integration into routine
clinical practice.
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