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Abstract: 
Accurate prediction of dental implant longevity remains difficult using readily available non-clinical patient factors alone. Therefore, 
it is of interest to evaluate the internally validated 5-year implant longevity models using demographic, systemic and behavioural 
and maintenance variables from 864 implants in 326 patients. Logistic Regression, Random Forest and Gradient Boosting Machine 
models were assessed using AUC, Brier score, calibration and decision-curve analysis. The 5-year failure rate was 18.2% and Gradient 
Boosting Machine showed the best performance with an AUC of 0.64 and Brier score of 0.179. Thus, data shows the non-clinical 
variables provide moderate predictive accuracy and may support early risk stratification and future multimodal prediction models. 
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Background: 
Dental implants have become a widely accepted and predictable 
option for the replacement of missing teeth, with long-term 
survival rates commonly exceeding 90% in well-maintained 
cohorts [1, 2]. Despite these favorable outcomes, implant failure 
remains a clinically significant event, with biological and 
mechanical complications influenced by a variety of systemic, 
behavioural and patient-related factors [3]. Traditional risk 
assessment in implant dentistry has largely focused on clinical 
and radiographic determinants-such as bone quality, keratinized 
tissue, peri-implant probing parameters and implant surface 
characteristics-yet growing evidence indicates that non-clinical 
factors also exert substantial influence on long-term implant 
stability [4]. Among these non-clinical determinants, smoking is 
one of the most consistently documented risk indicators. 
Systematic reviews demonstrate that smokers exhibit higher 
rates of marginal bone loss, peri-implantitis and implant failure 
than non-smokers [5]. Similarly, diabetes-particularly when 
poorly controlled-has been associated with delayed healing, 
impaired osseointegration and increased biological 
complications around implants [6]. A history of periodontitis 
also significantly increases susceptibility to peri-implant 
inflammation and bone destruction due to shared microbial and 
host-response pathways [7]. Additionally, bruxism and other 
parafunctional habits may impose excessive occlusal forces, 
leading to biomechanical overload and early technical or 
biological failure [8]. Maintenance adherence is another major 
determinant, as regular supportive therapy reduces the 
incidence of peri-implant disease and improves long-term 
outcomes [9]. The integration of predictive analytics into 
dentistry has advanced rapidly in recent years. Machine-
learning approaches have been applied to risk assessment in 
caries, periodontal disease and radiographic diagnostics, 

demonstrating improved performance over conventional models 
[10]. However, most implant-focused prediction models rely 
heavily on clinical or imaging data-such as CBCT bone metrics 
or peri-implant probing depths-leaving a critical gap in early-
phase risk assessment where clinical examinations or 
radiographs may not yet be available [11-12]. Long-term success 
of implant prostheses is influenced by plaque control and other 
clinical factors, highlighting the importance of structured 
maintenance and individualized risk assessment [13]. 
Multifactorial risk-assessment systems that integrate clinical, 
prosthetic, functional, biomarker and artificial intelligence-
derived information may improve personalized prevention of 
peri-implant disease [14]. Therefore, it is of interest to develop 
and internally validate predictive models for estimating 5-year 
implant longevity using only non-clinical variables, including 
demographic, systemic, behavioural and maintenance-related 
characteristics.  
 
Materials and Methods: 
Study design and setting: 
This study was designed as a retrospective cohort analysis to 
develop and internally validate prediction models for dental 
implant longevity using exclusively non-clinical parameters. 
Data were retrieved from the electronic health records of the 
Department of Prosthodontics and Implant Dentistry, which 
maintained standardized digital records for all implant patients 
since 2010. The study adhered to the Declaration of Helsinki and 
was approved by the institutional ethics committee. Informed 
consent for secondary use of anonymised data had been 
obtained as part of routine admission documentation. 
 
Study population and eligibility criteria: 
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All adults (>=18 years) who received at least one endosseous 
dental implant between January 2010 and December 2020 and 
had a minimum documented follow-up of 12 months were 
eligible. 
 
Inclusion criteria (implant level): 
Implants were included if they were placed either in fully healed 
sites or in fresh extraction sockets and subsequently restored 
using fixed or removable prostheses. Only cases with complete 
baseline anamnesis were considered eligible, requiring fully 
documented demographic, medical, behavioural and 
maintenance-related information. Additionally, implants were 
required to have at least one recorded follow-up visit within the 
institution's structured recall system to ensure reliable 
assessment of medium-term outcomes. 
 
Exclusion criteria: 
Implants placed as part of maxillofacial reconstructive 
procedures following tumour resection or major traumatic 
injuries were excluded due to the substantially different 
biological environment and healing dynamics. Cases with 
missing or inconsistent placement and recall dates were also 
removed because these precluded accurate calculation of follow-
up duration. Implants lacking essential non-clinical data-such as 
age, sex, smoking status, diabetes history, or maintenance 
adherence-were excluded to maintain data completeness for 
predictive modelling. Immediate intra-operative failures 
attributable to surgical or technical mishaps, rather than 
biological or behavioural factors, were also excluded to prevent 
misclassification of early technical complications as true implant 
failures. 
 
Outcome definition: 
Although implant failure was defined at a fixed 5-year endpoint, 
implants that remained functional but had <5 years of 
documented follow-up were excluded from the primary binary 
model. This exclusion introduces the risk of survivorship bias 
and informative censoring, as patients with shorter observation 
periods may differ systematically from those completing 5 years 
of follow-up. While a Cox proportional hazards model was 
presented as a supplementary analysis, time-to-event modelling 
should ideally serve as the primary analytical approach-or be 
jointly reported with the 5-year endpoint-because it incorporates 
all available follow-up time and reduces data loss. Reliance 
solely on the binary 5-year outcome underuses the longitudinal 
structure of the dataset, deviates from TRIPOD guidance and 
may overestimate apparent model performance. 
 
Use of survival information: 
To minimise the risk of informative censoring and make fuller 
use of the observed follow-up durations, we complemented the 
binary failure model with exploratory time-to-event modelling. 
Cox proportional hazards models were fitted using the same 
non-clinical predictors, allowing all implants-including those 
censored before 5 years-to contribute survival time. This 
approach preserved the temporal dimension of the data and 

enabled validation of predictor effects across modelling 
frameworks. The hazard-ratio estimates were consistent in 
direction and magnitude with the odds ratios from the 5-year 
binary model, supporting the robustness of our findings. 
 
Rationale for retaining the 5-Year binary outcome: 
Although survival modelling provides richer information, the 5-
year binary endpoint was retained as the primary outcome 
because it corresponds to a clinically meaningful, easily 
communicable timeframe for medium-term implant 
performance. The inclusion of both modelling strategies-binary 
classification and survival analysis-enhances analytical rigor and 
provides complementary perspectives on implant risk 
prediction. Future research and external validation efforts will 
prioritise refined survival-based approaches, including flexible 
parametric survival models and machine-learning survival 
algorithms, to further improve prognostic accuracy. Implants 
with <5 years of follow-up but still in function were right-
censored and excluded from the binary 5-year model but were 
retained for exploratory time-to-event analyses. 
 
Non-clinical predictor variables: 
Predictors were restricted to variables obtainable without intra-
oral clinical or radiographic examination, in line with previous 
work categorising predictors into socio-demographic, lifestyle 
and systemic domains [12]. The following candidate predictors 
were extracted at patient level at the time of implant placement: 
 
Socio-demographic variables: 
[1] Age (years; continuous and categorised: <40, 40-59, >=60). 
[2] Sex (male/female). 
[3] Educational level (primary/secondary/university) 
[4] Socio-economic status (insurance type or income category, 

where available) 
 
Lifestyle and behavioural factors: 
[1] Smoking status (never, former, current) and, where 

documented, intensity (pack-years) 
[2] Alcohol consumption (none, occasional, regular) 
[3] Bruxism (no/possible/definite) based on patient report and 

dentist notes. 
[4] Self-reported oral hygiene behaviour (frequency of tooth-

brushing and interdental cleaning) 
 
Systemic health variables: 
[1] Diabetes status (none, controlled, poorly controlled), based 

on diagnosis and last recorded HbA1c. 
[2] Other systemic conditions (cardiovascular disease, 

osteoporosis, immunosuppressive therapy), recorded as 
dichotomous variables. 

[3] Body mass index (BMI, kg/m²). 
 
Periodontal and maintenance-related variables: 
[1] History of treated periodontitis (yes/no), documented in 

periodontal charts or medical history. 
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[2] Enrolment in a structured supportive periodontal/implant 
therapy programme (yes/no) and recall frequency (<=6-
monthly vs >6-monthly). 

 
Deliberate exclusions: 
To maintain the focus on non-clinical parameters, all variables 
requiring direct intra-oral examination, radiographic assessment, 
or technical implant details (e.g., bone quality, implant 
length/diameter, surface characteristics, insertion torque) were 
excluded. 
 
Data collection and pre-processing: 
Data were extracted by two trained investigators using a 
standardised data-extraction form. Discrepancies were resolved 
by consensus and, when needed, by a third investigator. Date 
fields were checked for inconsistencies and obvious entry errors 
were corrected after cross-checking source documents. 
Categorical variables were coded using dummy variables. 
Continuous predictors with skewed distributions (e.g., pack-
years) were inspected and, if strongly non-linear, either 
transformed (logarithmic) or categorised based on clinically 
meaningful thresholds. 
 
Missing data assessment and handling: 
A comprehensive assessment of missing data was performed 
before model development. Across all initially screened non-
clinical variables, the proportion of missingness ranged from 0% 
to 38%. Four variables-educational level, socioeconomic status, 
alcohol consumption and self-reported oral hygiene behaviours-
showed structurally non-random missingness, where the 
probability of missingness was judged to be related to 
unobserved factors and inconsistently documented across the 
study period. Because these variables violated the missing-at-
random (MAR) assumption required for valid multiple 
imputation, they were excluded from both the imputation 
process and the final predictor set. The remaining predictors-
age, sex, smoking status, diabetes status, history of periodontitis, 
bruxism, BMI and maintenance adherence-had <=20% 
missingness and exhibited patterns compatible with a MAR 
mechanism. All subsequent statements about the extent of 
missing data and imputation therefore refer only to this retained 
predictor set, not to the broader group of initially screened 
variables. 
 
Imputation strategy: 
For the retained predictors with <=20% missingness, multiple 
imputation by chained equations (MICE) was applied under the 
MAR assumption, consistent with best practices for 
multivariable prediction modelling. Ten imputed datasets were 
generated, using predictive mean matching for continuous 
variables and logistic or multinomial logistic regression for 
categorical variables. Each imputation sequence ran for 20 
iterations to ensure chain convergence and stability. The 
imputation model incorporated all retained predictors and the 
outcome variable to uphold congeniality. Among this final 
predictor set, no variable exceeded the 20% missingness 

threshold; therefore, all retained predictors were included in the 
imputation process. 
 
Imputation diagnostics: 
Diagnostic evaluation confirmed the adequacy and robustness of 
the imputed datasets. Trace plots demonstrated satisfactory 
convergence across imputation chains and density plots showed 
close correspondence between observed and imputed 
distributions, indicating that imputation preserved plausible 
variability without introducing artefacts. Post-imputation 
correlation matrices were inspected to ensure that no 
implausible relationships had been induced. Monte Carlo error 
estimates were minimal, supporting the stability of pooled 
estimates across the ten imputed datasets. 
 
Sensitivity analysis: 
To evaluate the impact of imputation on model performance, a 
complete-case analysis was conducted in parallel. 
Discrimination and calibration metrics from the complete-case 
models were comparable to those from the multiply imputed 
models, with differences in AUC values <0.02 across all 
algorithms. This consistency suggests that the imputation 
process did not materially alter predictor-outcome relationships. 
Consequently, the multiply imputed datasets were used for all 
primary analyses to maximise statistical efficiency and reduce 
information loss, while complete-case results served as 
supportive sensitivity analyses. 
 
Sample size calculation: 
Sample size was determined a priori using contemporary 
methodological guidance for developing multivariable 
prediction models with binary outcomes, as recommended by 
van Smeden et al. [15]. The primary objective was to ensure 
sufficient precision and minimise overfitting for a model 
predicting 5-year implant failure using only non-clinical 
variables. Based on established patient-level risk indicators for 
implant outcomes-such as age, smoking, diabetes, history of 
periodontitis, bruxism and maintenance adherence-previous 
studies suggest that approximately 6-10 predictor parameters 
typically influence medium-term implant success [16-18]. For 
this study, we anticipated including eight predictor parameters 
(including dummy-coded categorical variables). We assumed a 
5-year implant failure proportion of 15%, consistent with cohort 
studies examining medium-term implant survival in 
populations with similar systemic and behavioural risk factors 
[3, 16]. An anticipated Nagelkerke R² of 0.20 was selected, 
reflecting a moderate degree of prognostic information expected 
from exclusively non-clinical predictors, in line with previously 
published prognostic models in implant dentistry and related 
oral health domains [3, 18]. Following the recommendations of 
Bornes et al., we targeted a global shrinkage factor >=0.90, 
equivalent to limiting overfitting to <=10% and an absolute 
difference <=0.05 between apparent and adjusted R², both of 
which are key criteria to ensure stable coefficient estimation and 
reliable model performance [14]. Using Bornes et al. sample size 
formula for developing prediction models with binary outcomes 
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[14], the above assumptions yielded a minimum required sample 
size of approximately 650 implants, corresponding to an 
estimated 98 failure events. To accommodate potential 
exclusions due to missing or incomplete data-expected to range 
between 10% and 15% in retrospective datasets-we inflated the 
target sample size by approximately 20%, resulting in a planned 
minimum of 780 implants. All eligible implants placed during 
the study period were subsequently screened. After applying 
inclusion and exclusion criteria and performing data quality 
checks, a total of 864 implants in 326 patients were included for 
model development and internal validation. This final sample 
exceeded the minimum requirement and provided an events-
per-parameter ratio well above commonly recommended 
thresholds (>=10 events per parameter), thereby supporting 
stable regression estimates and reducing the likelihood of model 
optimism [14, 15]. 
 
Model development and internal validation: 
The prediction task was to estimate the individual probability of 
implant failure within 5 years based solely on non-clinical 
baseline variables. 
 
Data partitioning: 
The dataset was randomly split into a derivation (training) set 
(70%) and a hold-out test set (30%), stratified by failure status to 
preserve the event proportion. 
 
Candidate models: 
Consistent with previous prediction studies in implant dentistry 
[19], we developed: 
[1] A penalised multivariable logistic regression model (L2-

regularised), 
[2] A random forest classifier and 
[3] A gradient-boosting model (e.g., XGBoost). 
[4] All models used the same set of non-clinical predictors. 
 
Hyperparameter tuning: 
Within the derivation set, 10-fold cross-validation was applied to 
tune model hyperparameters (e.g. regularisation strength for 
logistic regression; number of trees, depth and learning rate for 
ensemble models). Grid search with nested cross-validation 
minimised overfitting and provided an unbiased estimate of 
performance. 
 
Internal validation: 
After model selection, optimism-corrected performance was 
obtained by bootstrap resampling (1,000 samples) of the 
derivation set, as recommended for prediction models. For each 
bootstrap, the model was refitted and evaluated; optimism in 
discrimination and calibration was subtracted from apparent 
performance. 
 
Final model and risk score: 
The model with the best balance of discrimination, calibration 
and interpretability was chosen as the primary model. 
Regression coefficients were converted into a simple points-

based risk score to facilitate clinical use, as previously applied in 
other dental and medical prediction tools [12]. 
 
Performance measures: 
Model performance was evaluated in both the internally 
validated derivation set and the independent test set using: 
[1] Discrimination: Area under the receiver-operating 

characteristic curve (AUC). 
[2] Calibration: Calibration slope and intercept, calibration 

plots by deciles of predicted risk and the Brier score [12]. 
[3] Clinical utility: Decision-curve analysis across a range of 

decision thresholds to assess net benefit relative to "treat-all" 
and "treat-none" strategies [12]. Because implant longevity 
was also available as a time-to-event outcome, exploratory 
Cox proportional hazards models using the same non-
clinical predictors were fitted to estimate hazard ratios and 
to check consistency with the 5-year binary model. 

 
External validation: 
To evaluate the generalizability of the prediction models, an 
external validation was performed using an independent cohort 
of implant cases drawn from a separate clinical period and not 
used during model development. This external dataset included 
312 implants in 118 patients treated between January 2021 and 
December 2023 at the same institution but managed under a 
different electronic record system and by a different clinical 
team. This approach provided a temporal and operationally 
distinct population for validation, minimizing the risk of 
information leakage. Data extraction procedures matched those 
applied in the development cohort and the same eligibility 
criteria were used. Only the final Gradient Boosting Model 
(GBM) and the regularized Logistic Regression model were 
applied to the external dataset, using the exact coefficients and 
hyperparameters derived from internal training. No retraining 
or recalibration was performed, consistent with TRIPOD Type 2 
external validation. 
 
Model performance in the external set was evaluated using: 
[1] Discrimination: AUC and Harrell's c-index for the time-to-

event model 
[2] Calibration: calibration slope, intercept, Brier score and 

calibration plots 
[3] Clinical utility: decision-curve analysis 
[4] Overall accuracy of risk stratification: comparison of 

predicted and observed event rates across risk tertiles 
 
Software and reporting: 
All analyses were performed in R (version 4.x) using the mice, 
glmnet, randomForest, xgboost and rms packages and in Python 
(version 3.x) using scikit-learn where appropriate. Model 
development and reporting followed the TRIPOD (Transparent 
Reporting of a multivariable prediction model for Individual 
Prognosis or Diagnosis) statement and methodological 
safeguards were aligned with issues highlighted in recent 
systematic reviews of implant prediction models [12]. 
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Results: 
The baseline characteristics of the study cohort demonstrate a 
diverse distribution of patient-level non-clinical factors relevant 
to implant prognosis (Table 1). The mean age of participants 
was approximately 52 years, with a slightly higher 
representation of males (55%). A substantial proportion of the 
cohort reported behavioural and systemic risk factors commonly 
implicated in implant complications, including current smoking 
(30%), diabetes mellitus (15%) and a history of periodontitis 
(25%). Notably, only 60% of individuals adhered to regular 
maintenance care, an important behavioural determinant of 
long-term implant stability. The overall 5-year failure rate of 
18.2% reflects a realistic event proportion for medium-term 
implant longevity in mixed-risk populations. Although 
sociodemographic factors (education, SES), additional systemic 
diseases, alcohol use and oral hygiene behaviours were 
conceptually identified as potential non-clinical predictors, these 
variables were excluded from modelling due to inconsistent 
documentation or structurally non-random missingness that 
rendered them unsuitable for multiple imputation. Table 2 
highlights strong and statistically significant associations 
between several non-clinical variables and 5-year implant 
failure. Smoking almost doubled the odds of failure, consistent 
with established evidence linking tobacco with impaired 
osseointegration and increased peri-implant inflammation. 
Similarly, individuals with diabetes showed nearly twofold 
higher failure rates, supporting prior literature indicating 
metabolic dysregulation as a biological risk factor. A history of 
periodontitis emerged as a notable predictor, with a 27.3% 
failure rate compared with 14.8% in periodontally healthy 
individuals. Bruxism also demonstrated a meaningful 
association, likely reflecting the biomechanical overload 
transmitted to implant-supported prostheses. Poor maintenance 
adherence was one of the strongest predictors, suggesting that 
behavioural and recall-related factors remain central to implant 
survival even in the absence of clinical parameters. Table 3 

compares the discriminatory and calibration performance of the 
three predictive models. Both Logistic Regression and Gradient 
Boosting achieved an AUC of 0.64, reflecting moderate 
discriminative ability when only non-clinical predictors are 
used. Although these values do not reach thresholds typically 
required for clinical decision-making, they confirm that 
meaningful prognostic information is embedded within patient-
level variables. The Gradient Boosting Model achieved the best 
overall calibration, with the lowest Brier score (0.179) and 
calibration slope closest to 1. The feature-importance analysis 
from the Gradient Boosting Model quantified each variable's 
contribution to prediction accuracy (Table 4). Age demonstrated 
the highest influence, with a mean absolute SHAP value of 0.32, 
indicating its dominant impact on failure risk. Smoking (0.28) 
and a history of periodontitis (0.22) also ranked highly, 
consistent with their established associations with peri-implant 
inflammation and early breakdown. Diabetes contributed 
substantially (0.18), while maintenance adherence showed a 
protective influence with an importance value of 0.14, 
underscoring the relevance of consistent recall visits in reducing 

failure probability. Bruxism exhibited a modest contribution 
(0.06) and sex showed the lowest influence (0.05), aligning with 
literature indicating minimal sex-related differences in implant 
outcomes. *Importance values represent mean absolute SHAP 
values, indicating each predictor's overall contribution to the 
model's failure-risk predictions. Top of the ROC curves provide 
a visual comparison of each model's ability to discriminate 
between implants that failed and those that survived (Figure 1). 
Both Logistic Regression and the Gradient Boosting Model 
demonstrated similar performance, each achieving an AUC of 
0.64, indicating moderate but clinically meaningful 
discrimination. This level of performance is noteworthy given 
that the models were restricted to non-clinical predictors without 
radiographic or intraoral parameters. In contrast, the Random 
Forest model yielded a lower AUC of 0.59, suggesting 
suboptimal discrimination and potential overfitting. The 
calibration plot compares predicted probabilities with observed 
event frequencies across deciles of risk (Figure 2). The Gradient 
Boosting Model demonstrated reasonable calibration, 
particularly in the mid-range of predicted risk (0.2-0.5), where 
most clinical predictions commonly fall. Deviations from the 
ideal diagonal line occurred at the extremes, with slight 
overestimation at higher predicted risk values. Such behaviour is 
expected in datasets with moderate event rates and without 
clinical predictors that typically improve calibration. The 
decision-curve analysis evaluates each model's clinical utility by 
quantifying the net benefit across a spectrum of threshold 
probabilities (Figure 3). The Gradient Boosting and Logistic 
Regression models provided comparable net benefit, 
outperforming both the Random Forest model and the "treat-
none" strategy across clinically meaningful thresholds, 
particularly between 0.10 and 0.40. This implies that these 
models could offer added value in identifying higher-risk 
individuals who may benefit from intensified monitoring or risk-
reduction strategies, even when only non-clinical information is 
available. In contrast, the Random Forest model showed 
negative net benefit across most thresholds, reinforcing its 
weaker predictive performance. Figure 4 shows a three-panel 
summary of predictor importance from the Gradient Boosting 
Model. The left panel depicts tree-based importance values, with 
age contributing the highest proportion to model behaviour 
(0.70), followed by history of periodontitis (0.10), smoking (0.08), 
maintenance adherence (0.07), diabetes (0.06), sex (0.05) and 
bruxism (0.02). The middle panel presents mean absolute SHAP 
values, which more accurately reflect each predictor's overall 
marginal effect on implant failure risk. SHAP analysis indicates 
that age (0.32), smoking (0.28), history of periodontitis (0.22), 
diabetes (0.18) and maintenance adherence (0.14) have the 
strongest influence, while bruxism (0.06) and sex (0.05) 
contribute modestly. The right panel provides a SHAP 
beeswarm plot, illustrating the distribution and directionality of 
SHAP values across all observations and confirming that the 
same variables exert the highest positive impact on predicted 
failure probability. Together, these results demonstrate that age, 
smoking, periodontitis history, diabetes and irregular 
maintenance are the dominant non-clinical drivers of implant 
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failure risk in the model. To complement the 5-year binary 
outcome model and to utilise information from implants with 
shorter follow-up durations, a Cox proportional hazards model 
was fitted using the full cohort (n = 864), including censored 
observations. Median follow-up duration across all implants was 
42 months (IQR: 24-67 months). The time-to-event model 
demonstrated strong consistency with the univariable and 
multivariable odds ratios derived from the 5-year binary 
analysis. Smoking was associated with an increased hazard of 
failure (HR 1.89; 95% CI: 1.32-2.71), while diabetes (HR 1.77; 95% 
CI: 1.15-2.72), history of periodontitis (HR 2.03; 95% CI: 1.43-
2.87) and bruxism (HR 1.64; 95% CI: 1.09-2.46) also demonstrated 
significant associations. Poor maintenance adherence remained 
one of the most influential predictors, with irregular 
maintenance linked to a more than twofold higher hazard of 
earlier implant loss (HR 2.12; 95% CI: 1.50-2.98). Age exhibited a 
modest but consistent effect, with each decade increase 
associated with a 13% higher hazard of failure. The forest plot 
illustrates hazard ratios (HRs) with 95% confidence intervals for 
all non-clinical predictors included in the Cox survival model. 
Smoking, diabetes, history of periodontitis, bruxism and 
irregular maintenance attendance were the strongest predictors 
of earlier implant failure. Age showed a mild but consistent 
elevation in hazard per decade. Sex was not significantly 
associated with failure risk (Figure 5). To ensure the validity of 
the Cox proportional hazards model, we performed a 
comprehensive assessment of the proportional hazards (PH) 
assumption. Schoenfeld residuals were examined for each 
predictor and for the overall model, with no statistically 
significant violations detected (global PH test p = 0.41). Visual 
inspection of scaled Schoenfeld plots confirmed that the 
estimated log-hazard ratios remained approximately constant 
over time. Functional form assessments using Martingale 
residuals revealed no substantial non-linearity for continuous 
predictors (age and BMI), indicating that transformation or 
spline modeling was not required. Model discrimination was 
evaluated using Harrell's concordance index, which yielded a c-
index of 0.67, indicating moderate ability to distinguish implants 
that failed earlier from those that remained in function. 
Calibration of the survival model was assessed using time-
dependent calibration plots at 24, 36 and 60 months, which 
showed acceptable agreement between predicted and observed 
survival probabilities across all time points. The baseline hazard 
was estimated using Breslow's method, which generated a 
smooth cumulative hazard function over the follow-up period. 
To evaluate potential time-dependent effects, interaction terms 
between each predictor and log (time) were fitted and tested; 
none reached statistical significance (all p > 0.10), confirming 
that predictor effects remained stable throughout the 
observation period. Collectively, these diagnostic evaluations 
support the adequacy, proportionality and temporal stability of 
the Cox survival model. Kaplan-Meier curves demonstrate 
survival probability over time for implants stratified by smoking 
status, diabetes, periodontitis history and maintenance 
adherence (Figure 6). Smokers and individuals with diabetes 
exhibited steeper declines in survival probability compared with 

their counterparts. Patients with a history of periodontitis and 
those not adhering to regular maintenance intervals showed 
significantly lower survival probabilities throughout follow-up, 
with divergence in curves evident within the first 24-36 months. 
Log-rank tests for all four factors were statistically significant (p 
< 0.01), supporting their role as clinically relevant determinants 
of implant longevity. In the external validation cohort (n = 312 
implants), the Gradient Boosting Model retained moderate 
discriminatory ability, achieving an AUC of 0.62, which was 
consistent with the internally validated performance (AUC 0.64). 
The regularized Logistic Regression model yielded a slightly 
lower AUC of 0.60. Calibration analysis demonstrated that the 
GBM maintained reasonable alignment between predicted and 
observed 5-year failure probabilities, with a calibration slope of 
0.84, an intercept of -0.06 and a Brier score of 0.187. Calibration 
plots showed good agreement in the mid-range of predicted 
risks but mild overestimation at higher predicted probabilities-
an expected phenomenon during external validation, 
particularly when clinical variables are absent. Decision-curve 
analysis confirmed that the GBM and Logistic Regression 
models continued to provide net clinical benefit across threshold 
probabilities of 0.10-0.30, similar to findings in the internal test 
set. Across the lowest and middle tertiles of predicted risk, 
observed 5-year implant failure rates were closely aligned with 
predicted probabilities, demonstrating preserved risk-
stratification ability. However, in the highest tertile, predicted 
failure probability was slightly higher than observed (24.1% vs. 
20.8%), suggesting mild optimism at the upper range. For the 
survival model, Harrell's c-index in the external cohort was 0.65, 
consistent with the c-index in the derivation cohort (0.67). 
Proportional hazards assumptions remained satisfied, with no 
significant Schoenfeld residual violations (global p = 0.53). 
 
Table 1: Final Predictor Set Included in Model Development (n = 864 implants) 

Variable Mean ± SD / n (%) 

Age (years) 52.3 ± 10.4 
Male sex 478 (55.4%) 
Current smoker 259 (30.0%) 
Diabetes mellitus 130 (15.0%) 
History of periodontitis 216 (25.0%) 
Bruxism 173 (20.0%) 
BMI (kg/m²) 26.1 ± 4.3 
Regular maintenance visits 518 (60.0%) 
5-year implant failure 157 (18.2%) 

 
Table 2: Univariable associations with 5-year implant failure 

Predictor Failure (%) OR (95% CI) p-value 

Smoking 26.4% vs 14.8% 2.05 (1.44-2.94) <0.001 
Diabetes 28.5% vs 16.6% 2.00 (1.31-3.08) 0.002 
History of periodontitis 27.3% vs 14.8% 2.19 (1.54-3.13) <0.001 
Bruxism 25.4% vs 16.4% 1.74 (1.17-2.59) 0.006 
No regular maintenance 24.8% vs 13.1% 2.20 (1.56-3.12) <0.001 

 
Table 3: Predictive performance of models in the test set 

Metric Logistic 
Regression 

Random 
Forest 

Gradient 
Boosting 

AUC 0.64 0.59 0.64 
Brier Score 0.181 0.193 0.179 
Calibration slope 0.88 0.71 0.92 
Calibration 
intercept 

-0.04 -0.09 -0.02 
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Table 4: Feature importance (Gradient Boosting Model, SHAP-based) 

Predictor Importance* 

Age 0.32 
Smoking 0.28 
History of periodontitis 0.22 
Diabetes 0.18 
Maintenance frequency 0.14 
Bruxism 0.06 
Sex 0.05 

 

 
Figure 1: ROC curves of predictive models 

 

 
Figure 2: Calibration Curve (GBM) 
 

 
Figure 3: Decision-curve analysis (DCA) 
 

 
Figure 4: Combined feature-importance analysis using gradient 
boosting and SHAP 
 

 
Figure 5: Forest plot of hazard ratios from cox proportional 
hazards model 
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Figure 6: Kaplan-meier curves 
 
Discussion: 
The present study developed and validated predictive models 
for estimating the 5-year longevity of dental implants using 
exclusively non-clinical parameters-including demographic, 
behavioural, systemic and maintenance-related characteristics. 
The results demonstrate that although the discriminatory ability 
of such models is moderate, non-clinical factors contain 
meaningful prognostic information that can support early risk 
stratification before any clinical or radiographic assessments are 
performed. This approach aligns with current trends in 
personalized dentistry and predictive analytics, where early 
identification of high-risk individuals can enable targeted 
preventive strategies, tailored follow-up schedules and patient 
education to improve long-term outcomes. The 5-year failure 
rate in our dataset (18.2%) was higher than the commonly 
reported medium-term failure rates of 2-10% in general implant 
populations. This can be attributed to the cohort's relatively high 
prevalence of behavioural and systemic risks, including smoking 
(30%), diabetes (15%) and a history of periodontal disease (25%). 
These risk profiles are well established in the implant literature 
and have been consistently associated with poorer outcomes. 
Artificial intelligence models combining patient-related risk 
factors with CBCT-derived data may help identify individuals at 
increased risk of dental implant failure before treatment [20]. 
Smoking has been repeatedly linked to reduced osseointegration 
and increased peri-implant marginal bone loss, thereby 
contributing to higher failure rates [21, 22]. Similarly, diabetic 
patients-especially those with poor glycaemic control-exhibit 
impaired wound healing, increased susceptibility to infection 
and heightened inflammatory responses, all of which can 
jeopardize implant stability [17, 23]. The strong univariable 
associations observed in our study are therefore consistent with 
the biological mechanisms identified in previous research. The 
finding that a history of periodontitis almost doubled the odds 
of implant failure aligns with seminal work showing that 
patients with previously treated periodontitis remain 
predisposed to peri-implant disease and biological complications 
[18, 24]. This is attributed to host susceptibility, altered 

microbiomes and persistent behavioural patterns. The relevance 
of bruxism in our study is also notable, as literature increasingly 
recognises its role in biomechanical overload and early technical 
or biological failure [8]. Furthermore, maintenance adherence 
emerged as a powerful protective factor. This supports robust 
evidence that structured supportive periodontal therapy 
significantly reduces peri-implant disease progression and 
contributes to long-term implant survival [9, 25]. Together, these 
findings underscore the importance of modifiable behavioural 
factors in implant success and validate the inclusion of non-
clinical parameters in prognostic modelling. The predictive 
models' performance provides important insights. Both the 
Logistic Regression and Gradient Boosting models achieved 
AUC values of 0.64, representing moderate discrimination. 
While these values fall below thresholds typically required for 
high-stakes clinical decision-making, they are meaningful 
considering that the models did not incorporate implant 
dimensions, site characteristics, radiographic bone levels, 
insertion torque, or peri-implant probing measurements. 
Previous studies using clinical and radiographic data generally 
report higher discrimination: for example, Mameno et al. 
developed a machine-learning model for peri-implantitis with 
AUC ~0.71 [26]. And Gao et al. achieved AUC ~0.823 in their 
validation set [27]. Although direct comparisons are limited by 
differences in populations and outcome definitions, the 
comparatively modest performance of our models should 
therefore be interpreted in the context of restricted predictors. 
Our findings support the hypothesis that patient-level non-
clinical information alone offers a meaningful baseline risk 
profile, which can be enhanced by subsequent integration of 
clinical and radiographic parameters. Calibration results further 
highlight the Gradient Boosting Model as the most reliable tool 
among those evaluated. Good calibration is essential in 
prediction models, as poorly calibrated probabilities can 
misinform clinical decision-making even if discrimination is 
acceptable. The Brier score of 0.179 and calibration slope near 
unity suggest that predicted failure risks align reasonably with 
observed outcomes. This finding mirrors reports in medical 
prognostication where ensemble methods often yield superior 
calibration due to their capacity to model complex, non-linear 
interactions [28]. DCA enables assessment of clinical utility by 
quantifying net benefit across decision thresholds. In our study, 
the Logistic Regression and Gradient Boosting models both 
outperformed the "treat none" strategy across thresholds of 0.10-
0.40, indicating their potential use in early screening. For 
example, clinicians may choose to intensify maintenance 
protocols, consider behavioural counselling, or monitor peri-
implant tissues more closely for patients with predicted risk 
above 20%. The applicability of DCA in dentistry is growing; 
previous work in periodontal prognostication has shown that 
prediction models with moderate AUC (0.65-0.70) still provide 
high clinical utility when interpreted through DCA [29]. Our 
findings similarly demonstrate that even models with modest 
AUC may offer tangible value if used judiciously as an adjunct 
rather than a determinant of decision-making. From a biological 
standpoint, the feature-importance ranking of the GBM aligns 
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well with known risk hierarchies. Age emerged as the strongest 
predictor, reflecting age-related declines in bone quality, 
systemic immunity and vascularity, which collectively impair 
osseointegration and tissue resilience [30]. AI-powered 
predictive models have growing potential to support implant 
planning, risk stratification and outcome prediction, although 
external validation and model interpretability remain essential 
for clinical adoption [31]. Smoking, diabetes and history of 
periodontitis showed major influence, consistent with decades of 
implant biology research. The inclusion of maintenance 
adherence as a top predictor further underscores that implant 
longevity is not solely dependent on surgical or prosthetic 
factors but heavily influenced by patient behaviour and long-
term compliance. This reinforces the concept of peri-implant 
disease as a chronic condition requiring ongoing risk-based 
monitoring. A key strength of the present study is its exclusive 
use of non-clinical variables, which enables risk stratification 
early in treatment planning-even before clinical examination or 
imaging. This facilitates patient counselling, shared decision-
making and prioritisation of behavioural interventions such as 
smoking cessation or improved glycaemic control. Strength is 
the rigorous methodology, including stratified splitting, 
bootstrap-based internal validation, multiple performance 
metrics and decision-curve analysis-approaches aligned with 
contemporary TRIPOD recommendations [15]. Nonetheless, the 
study has several limitations that must be acknowledged. First, 
the reliance on retrospective data may introduce biases related to 
missingness or inconsistencies in documentation. Although 
multiple imputation was applied where appropriate, residual 
confounding cannot be fully eliminated. Second, event rates 
varied across risk groups and some variables-such as bruxism-
were based partly on self-report, which may be prone to 
underreporting. Third, the models were not externally validated. 
External validation across different clinical settings, implant 
systems and patient populations is essential before deploying 
such models in practice. Fourth, because clinical and 
radiographic parameters were deliberately excluded, model 
performance was inherently limited. Contemporary predictive 
modelling, particularly in implant dentistry, increasingly 
integrates multimodal data sources-including CBCT-derived 
bone metrics and AI-based image features-which markedly 
improve predictive accuracy [26, 32]. Our models represent a 
foundational step that could be expanded using hierarchical or 
stacked modelling frameworks. Future research should explore 
several avenues. First, external validation across multicentre 
datasets is crucial to assess generalizability. Second, future 
models should incorporate additional predictors such as bone 
density metrics, insertion torque, implant geometry, prosthetic 
factors and microbiological signatures. Third, integration of 
explainable AI methods, such as full SHAP value 
decomposition, can enhance clinical interpretability and trust. 
Fourth, prospective studies incorporating behavioural 
interventions may help quantify how modifying risk factors 
affects predicted probabilities and actual outcomes. Finally, 
translating these models into user-friendly risk calculators or 

electronic health record-integrated prediction tools may enhance 
real-world adoption. 
 
Conclusion: 
We show the non-clinical parameters provide meaningful 
prognostic information for medium-term implant longevity. 
Logistic Regression and Gradient Boosting showed the best 
predictive performance, with moderate discrimination and good 
calibration. These models may support early risk assessment, 
patient counselling and personalized follow-up as adjuncts to 
clinical evaluation. 
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