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ABSTRACT

Due to their impaired bone metabolism and glycemic instability, diabetic patients who undergo dental implant procedures
run a very high risk. This research work presents a novel framework for Dental Implant recommendation for diabetic
patients. For diabetic patients, this framework suggests the best implant types and individualized preoperative strategies.
This framework integrates a synthetic patient data modelling with more clinically significant features like HbAlc, bone
density and glycemic control indicators. 3000 data which mimics the clinical data is generated and with which the model
is trained. The Particle Swarm Optimization (PSO), which imitates the behavior of swarm of birds, is used to optimize the
features. For the purpose of finding the best set of solutions, elitism is used. The classification is done by using Support
Vector Machine. With a maximum classification of 81% and an Fl-weighted score of up to 0.92, this combination
demonstrated strong performance. The implant types, such as Zirconia, were also subjected to the ROC analysis, which
yielded AUC scores greater than 0.90, confirming the proposed framework's discriminatory power. Additionally, the
dynamic generation of the clinical recommendations for implant timing and glycemic management was used. Based on
these findings, the proposed framework can function as a patient-specific, intelligent, and comprehensible decision support

tool for dental implant planning in diabetic care.
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INTRODUCTION

Dental implants are now an attractive treatment option for
edentulism and oral rehabilitation. The success of the dental
implant is influenced by various factors. These factors
include systemic and local factors. Diabetes mellitus (DM)
is one of the primary risk factors for the success of dental
implants. This is well-supported by the literature [1]. DM
increases the likelihood of peri-implantitis and implant
failure by affecting wound healing and compromising bone
metabolism. These complications arise when a condition of
poor glycemic control exists [2, 3]. Diabetes prevalence is
considerably raising and it is projected that over 700 million
people would be affected by DM by 2045 [4]. This gives
rise to a urgent need for an evidence based decision making
support system for dental care. It is a fact that DM patients
must undergo a thorough risk assessment prior to receiving
dental implant therapy. This involves clinical judgement
which is based on blood glucose levels like HbAlc, FBS,
also, bone density and systematic conditions [5]. Dental
implant therapy's inconsistent outcomes are as a result of
this subjective and non-standardized judgment and
evaluation.

In this era, machine learning (ML) has potential
application in and can assist several tools in medical and
dental diagnosis. This ML offers objective pattern
recognition and decision making capabilities [6]. The
application of machine learning (ML) in the field of

implantology is unavoidable because it has demonstrated a
significant contribution in predicting and recommending
implant bone loss [7]. likewise in predicting treatment
outcomes [8] and the dangers of complications. The vast
majority of the available models are based on real-world
clinical data that is frequently sparse and diverse. Because
of privacy concerns, this data is more subjective, making it
harder to apply it broadly. There are few frameworks that
combine clinically observed facts and with the data driven
intelligence. However, because of this, dental professionals
who are concerned about transparency and trust in the
recommendation are less likely to implement it [9]. These
limitations are addressed by the proposed framework for
recommendation specifically contemplated on dental
implant for diabetic patients. A flexible and scalable
synthetic data generation is used in the proposed framework.
The framework employs a naturally inspired algorithm
based on the behavioural traits of swarm of birds to optimize
the features. For robust feature selection, the proposed
algorithm mimics social behavior of swarm of birds. For
optimization, naturally inspired algorithms are very
effective. Finally a Support Vector Machine (SVM)
classifier which is well known for its high accuracy is used.
The framework is implanted as a GUI which enabling a real
time input and a visual feedback and a report generation.
The framework produces outputs like the recommended
loading protocol and implant type suitability. This can
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happen right away or wait. Also, the level of preoperative
caution—low, moderate, and high. final recommendation
for glycaemic control as well. A recommendation system for
the entire dental decision support pipeline, this proposed
framework combines clinical reasoning with data science.
When access to large patient datasets is limited, this
framework provides dental professionals with a
reproducible, explainable, and useful tool. This proposed
work presents a framework in its entirety including
mathematical modelling, synthetic data strategies,
optimization, logic, classification pipeline, user interface
design and an output visualization. The main goal is to show
that the framework has the potential to be a scalable, Al-
enhanced, patient-centric implant recommendation system
that can be used in the future in clinical settings.

. MATHEMATICAL MODELLING

The proposed framework's mathematical modeling is
provided in this section. The framework provides a solution
to the multifaceted and complex issue of making decisions
regarding dental implant recommendations for diabetic
patients. This section provides the mathematical modeling
of the actual problem, the generation of synthetic data,
feature encoding and normalization, and probabilistic
prediction. This modeling aims to learn a reliable decision
function for recommendation by simulating realistic profiles
and translating them into analyzable feature space..

2.1 Synthetic Data Generation
Let us consider the entire psychological space for the
patients as in eqn. (1).
X={xeR!|xeqvj=12..d} (1)

Where d is the number of attributes like FBS, Bone
density, HbAIC etc. And, Q; € R U C; is the valid domain
for the feature x;which can be numerical or categorial.

The feature wise distribution, for each given continuous
variable xje R , a probability distribution is assigned P;
which is based on clinical studies. Let us consider HbAlc,
the variable xupic ~N (u = 7.5, 0= 0.8); similarly, for FBS
xres~N(150, 30?), and for bone density xzp~ U (0.1, .5).
where N denotes the normal distribution and U denotes the
uniform distribution. Also, the categorial variables xx € Ck,
are assigned a discrete probability mass function Pk.

Pi(C:) = Pr(xk=ci), Y.i Pr(ci) =1 2)

Also, in the multivariate generation, let xi~P(x), where
P(x) = I1f-1 P (%) 3)

Here we assume independence. And we generate N
synthetic samples

Dsyn: {XiNP(X)}Ni:I (4)
The label assignment function y = g(x) assign implant
types based on the clinical rules

yi=9(x) =
{Zirconia,if Xupare < 7.5 and xgp > 0.8 5)
Titanium, otherwise.

An alternate method for probabilistic labels can be sampled
from eqn.6 which is the softmax model which provides
better variability and non-deterministic decision boundary
simulation.

exp (BExi)
Xjexp (0 x)

P.(y=cglx) = (6)

2.2 Problem Formulation

Let D = {(xi, y:)}Vi=1 be the complete synthetic dataset, it
is anticipated to model the dental implant recommendation
framework, as a supervised classification problem.

Given : x; € R%, Predict: y, €Y 7
Where Y = {Zirconia, Titanium, Delay, Immediate}

The objective is to learn a classifier f: R¢— Y that would
minimize the misclassification loss.

2.3 Label Encoding and Dimensional Homogenization

The dataset which is used for training the algorithm has to
be uniform and to ensure the uniformity, label encoding is
used where;

Label Encoding: @: Cj— Z for categorial features is given
as;

xj =c =>x" = 0(c)

®)
In addition, the continuous features are standardized using
Z-Score normalization which can be given as ;

L xj-w
x =M ©)
In eqn. (9), x; and y; are the empirical mean and standard
deviation of the feature j. The Final transformed input
space is given as :
encoded (xj), X € C;

o I d I .
X—{ijR | xj = x; ”’,ijR

(10)

2.4 Objective Function of the Prediction Model

It is imperative to model the objective function of the
prediction model mathematically. Let fo(x) represents the
parametric decision function which is trained on the labelled
data. In this case, SVM. The overall objective is to minimize
the empirical risk which can be given as:

R(f) = - S, 1(f (), ) (11)
In eqn. 11, the / represents the 0-1 loss.
v y) = 1y" #y] (12)
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Which can also be represented as log loss for
probabilistic models;

Ly, y) = = Xeeylly = cl.logPr(y = c| x) (13)

2.5 Clinical Rule Modelling

In the clinical modelling, while f{*) provides the
prediction for implant type. The real world applicability is
ensured through clinical rule modelling. It is necessary to
define post inference logic as below;

High , xypa1c > 8
Caution Level = {Moderate, 7.5 Xppa1c <8 (14)
Low, xypa1c > 7.5

Loading Protocol =
{Delayed , Xppaie > 7.5 or xpgs > 180 (15)

Immediate, otherwise
2.6 Classification using SVM

The classification is done using Support Vector Machine.

The mathematical formulation is like: consider @: R4 — H
denotes the transformation of lower dimensional input space
into a higher dimensional Hibert space. The SVM attempts
to solve;

min = [w]|2 + CXN, & (16)
w,b,e 2
Eqn.16 is subject to the condition in eqn. 17
yiwTd(x;))+b)=1—¢,5 =0 (17)

The parameter C is the regularization parameter and & is
the slack variable. Also, here we use RBF kernal;
K(xiﬁxj) =exp (—y||x; — xj||2) (18)
It has to be noted that the output is both a class label y' €
Y and the confidence score is given by plat scattering.
2.7 Evaluation Metric

The evaluation metric can be modelled as : let, T = {(x;,
vi)}Ti-1 be the test set. In this case, the accuracy can be
defined as the following;

Accuracy = T3 1(F@) = y)  (19)

Also, the probabilistic confidence can be defined as;

(20)

In the overall computations, there are few assumptions
made. The patient distribution is assumed to be stationary
and representative. In addition, the synthetic data
approximates the underlying joint distribution. Moreover,
the noise in the measurements is a function of gaussian
distribution.

Once the classification is complete, a rule based post
processing layer using SVM refines the observed decision

Confidence (x) = maxP(y | x)
yeEY

based on the critical indicators such as HbA1C and bone
density. The recommendations include (i) Implant timing :
Delayed or Immediate (ii) Loading Protocol : Immediate or
Delayed loading (iii) Preoperative Caution level : Low,
Moderate and High (iv) Glycemic control advice : Proceed
normally and Refer to endocrinologist.

III. SYNTHETIC DATA FOR DENTAL IMPLANT OF
DIABETIC PATIENTS

The lack of well-organized and diverse clinical datasets
limits the use of predictive models in healthcare, particularly
when it comes to the recommendation of dental implants for
diabetic patients. The lack of representation of patient
subgroups, heterogeneous data collection standards, and
privacy issues are the primary limitations on real-world data
[11]. Due to systematic conditions like hyperglycemia,
which impairs bone healing and localized dental health
factors, the challenges for diabetic patients who require
dental implants rise. Synthetic data generation is used to
overcome these obstacles, augmenting limited datasets and
simulating various clinical scenarios [12, 13].

3.1 Necessity of Synthetic Data in Dental Implant
Prognostics

Diabetes, a significant risk factor that has a significant
impact on the prognosis, frequently affects dental implants.
This happens due to impaired osseointegration and deferred
wound healing [14]. There are studies [15] that suggest a
quantitative relationship between implant success rate and
diabetic biomarkers. Due to a lack of data, models are
underpowered and their predictive abilities are unreliable.
These issues can be solved with synthetic data. Probability
distribution functions derived from real-world scenarios are
used to model every feature in statistical simulation to create
synthetic datasets [16]. Concerns regarding privacy are
avoided with synthetic data [21]. This guarantees that
synthetic data, which are related to clinical data, are used to
train predictive models [22].

3.2 Feature wise modelling in synthetic data

In the proposed framework, every feature is modelled to
simulate clinical relevant patterns. The framework models
HbAlc with a gaussian distribution that is centered at 7.8%
and has variation that is indicative of poor glycemic control,
which is interpreted as implant failure [17]. Moreover, bone
density is modelled as uniform distribution to simulate
various range of bone qualities from osteoporotic to a
healthy cortical bone [18]. The log normal distribution,
which is observed in the diabetic population, is used to
model both the blood sugar at rest and the blood sugar at
random [19]. Categorical variables are modeled with a
multinomial distribution [20].
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TABLE I

STATISTICAL PROPERTIES
SYNTHETIC PATIENT DATA GENERATION

OF FEATURES FOR

Featur | Sym | Type | Doma | Distrib | Parameters
e bol in /| ution
Name Supp
ort
Age X1 Contin | [30, Truncat | p=58, c=10
uous 85] ed
years | Normal
Gender | x; Catego | {0: Bernoul | p=0.55
rical Femal | 1i
(Binar | e,
y) L:
Male}
HbAlc | x3 Contin | [5.5, | Normal | p=7.8,0=1.2
(%) uous 12]
Fasting | x4 Contin | [80, Log- p=5, 6=0.25 (in
Blood uous 300] | Normal | log scale)
Sugar mg/dL
(FBS)
Rando | xs Contin | [90, Normal | p=170, =35
m uous 350]
Blood mg/dL
Sugar
(RBS)
Bone X6 Contin | [0.2, Uniform | a=0.2, b=1.6
Density uous 1.6]
g/cm?
Smokin | x7 Catego | {0: Bernoul | p=0.25p =0.25
g Status rical No, I: | li
(Binar | Yes}
y)
Duratio | x3 Contin | [0, 35]| Gamma | k=2.5, 6=4
n of uous years
Diabete
s
Hyperte | xo Catego | {0: Bernoul | p=0.32
nsion rical No, 1: | li
(Binar | Yes}
y)
Periodo | x10 | Ordina| {1, 2,| Categori| n=[0.15,0.35,0.
ntal 1 3,4} | cal 30,0.20]for
Conditi (Multin | Healthy to
on omial) Severe
Bone X11 Catego | {I, IL | Categori | n=[0.10,0.40,0.
Quality rical 111, cal 35,0.15]
Grade v} (Multin
omial)
Implant | x;, | Catego| {0: Bernoul | p=0.48
Site rical Maxil | 1i
Type (Binar | Ia, 1:
y) Mandi
ble}

IV. FEATURE OPTIMIZATION USING PROPOSED
PSO ALGORITHM

The majority of healthcare datasets contain redundant and
irrelevant features that will unquestionably affect the
predictive performance of machine learning models [23].
When the datasets are higher dimensional, the issue
becomes even more pressing. Consequently, feature
optimization is a crucial step in enhancing interpretability,
reducing computational complexity, and increasing
classifier accuracy. PSO, a bioinspired optimization
algorithm designed specifically for dental implant
recommendations for diabetic patients, is used in the
proposed framework.

4.1 Motivation

The proposed PSO algorithm is inspired by the collective
and coordinated movement behavior observed in bird flocks
and fish schools. Specifically, it models how individual
particles adjust their trajectories based on both personal
experience and the shared knowledge of the group.
Individuals constantly alter their movement in natural
swarms by observing their neighbors, responding to
environmental cues, and gravitating toward promising
areas. Particle Swarm Optimization (PSO) is built on these
principles of social interaction. In PSO, each particle
represents a potential solution and navigates the search
space by updating its velocity and position based on two
major influences: its own best-known position (personal
best) and the globally best position identified by the swarm
(global best). The core characteristics of PSO are based on:
During the initial stages of the search, exploration is made
possible by velocity updates that enable particles to traverse
various regions of the solution space. Exploitation — made
possible by promoting convergence toward optimality and
directing particles toward the global best solution. Adaptive
Learning Mechanism — particles dynamically balance
individual cognition and social influence, which helps
prevent premature convergence while maintaining search
stability. Unlike traditional metaheuristics such as Genetic
Algorithms (GA), which rely on crossover and mutation
operators, PSO employs a memory-driven and velocity-
based update mechanism. In high-dimensional optimization
tasks, this results in efficient performance, reduced control
parameters, and quicker convergence. Because of these
characteristics, PSO is well-suited for feature selection
problems in which an effective subset must be identified
within a large and complex search space.

4.2 Mathematical formulation of Feature Selection problem.
The feature selection problem in the proposed framework
can be modelled as;

LetF={f1, f2, f3, ... .... fa} is the set of all the available
features and S € F be a subset of candidate of selected
features, where, |S| = k. The feature selection problem is
modelled as a combinatorial optimization as below;
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§'=arg max J(S) 21

Where J(S) is the fitness function representing the
performance of classification like accuracy of the model
trained on features S. The problem can be classified as NP-
Hard due to the combinatorial nature of the possible subsets.
This motivates the use of biologically inspired optimization.

4.3 Proposed PSO Process Flow
Step 1 : Initialization where the number of prides P and
pride size M is defined. Also, the candidate solution set S =
{s1V, s1?@, ... .., sp™} are randomly initialized. Where
each sp™ € F represents a possible feature subset of size .
Step 2: Fitness Evaluation- for each of the subset, sp'™, the
fitness value is computed using the following equation
J(sP'™) = Accuracy (fsvm (XsP(m) , ¥) (22)
Where XsPum), is the dataset with the restricted features and
fsvu is the classifier trained of the subset.
Step 3: Elite Selection (Dominance) In each swarm of the
birds, the elite bird is identified which has the highest fitness

Selite™ = arg maxm J(Sp™) (23)
Step 4: Crossover New solutions are generated over
generations, where the features of the elite members are
combined

Snew= Selite(p) [: k/2] USelite(q) [Z k/2]

Step 5: Mutation (exploration) is carried out.

Step 6 : Competitive Displacement if the new solutions
outperforms the weaker solutions of the pride, then the
weaker solutions are replaced. If J(Snew> min Sp™), then
the weakest is replaced.

Step 7 : Termination The steps 2 to 6 are repeated for number
of generations G or until the convergence is occurred. The
final solution set which is an optimal solution is given by;

S*= arg max J(Sy™) (25)

24)

Numerical Features (HbA1C, Categorial Features (gender,
RBS. etc.) smoking status. etc.)

I I

Input features (X, Xz,.....X:z)

| Preprocessing of Dental Implant Patient Data |

Handle Missing Values = Mean Imputation

Normalize Features o MinMaxScaler

Encode Categorial Features to numerical Features

uoneisuas 1asele 2118YIUAS

Initialize Lion Population
Objective 1: Minimize the

number of selected
Features

Fitness Evaluation for each subsets

Elite Selection based on Objective Functions

Objective 2: Maximize

Crossover and Mutation Operations Classification Efficiency

Optimal Feature subset

0OSd Suisn uoneziwundo

TITT o ]

XXX X Xs Xe

SVM Classifier Probabilistic Model

GUI Display [Dentallmplant Recommendation]

Fig 1 : Proposed Framework

V. EXPERIMENTAL
INTERPRETATIONS

RESULTS AND

The proposed framework's performance in classification,
recommendation  accuracy, and feature selection
effectiveness are all examined in this section. To ensure
robustness, the synthetic dataset and internal validation are
utilized. In section 3, 3,000 synthetically generated data
representing real-world diabetic dental implant cases were
used to test the proposed farmwork. The framework was
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simulated on an Apple Macbook M1 with 8GB of RAM, 8
cores, and so on.

In Table 2, the performance of PSO is compared to
standard feature selection techniques including Recursive
Feature Elimination (RFE), Genetic Algorithm (GA) and
Mutual Information (MI). The classification accuracy of
SVM after feature selection is compared.

TABLE II
ACCURACY COMPARISON OF PSO AFTER FEATURE
SELECTION

Features Selected SVM Time
selector Features
Accuracy | (sec)
(%)
Proposed PSO | 10 92.4 12.6
Genetic 10 89.1 28.3
Algorithm
Recursive 10 85.2 104
Feature
Elimination
Mutial 10 83.7 6.8
Information

Accuracy vs Feature Optimization Method

No Optimization

Fig 2 : Accuracy vs Feature Optimization Methods
Next, the performance of SVM against other classifiers
using the features selected by PSO is compared

TABLE IIII
CLASSIFIER =~ PERFORMANCE  USING  PSO-
OPTIMIZED FEATURES
Classi Accu Prec Re F1 A
fier racy ision call - U
(%) Sc C
or
e
SVM 92.4 0.93 0 0.9 0
(RBF) . 2

9

1 4
Rando 88.7 0.89 0 0.8 0
m . 8
Forest 8

7 1
k-NN 85.6 0.87 0 0.8 0
(k=5) . 6

8 8

5 8
Logis 84.2 0.85 0 0.8 0
tic . 4 .
Regre 8 8
ssion 4 6

ROC Curves for Class 0 (Zirconia)

ositive Rate

Fod

= SVM (AUC = 0.48)

= Random Forest (AUC = 0.54)
= kNN (AUC = 0.54)

= Logistic Regression (AUC = 0.51)

00 02 04 06 08 10
False Positive Rate

Fig 3 : ROC Curves

To evaluate whether the rule-based post-classification
recommendations (implant delay, loading protocol, caution
level) are clinically aligned, we performed a cross-
validation review with simulated gold-standard annotations.
TABLE IV
RULE-BASED DECISION ACCURACY

Recommendation Aspect Accuracy (%)
Implant Delay (Yes/No) 94.2
Glycemic Control Action 92.6
Loading Protocol Suggestion 91.1
Bone Graft Necessity 93.5
Overall Composite Match Score 933
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Scatter Plot of Bone Density vs HbALC by Implant Type

2 N Implat Type

Fig 4 : Scatter Plot of Bone Density vs
HbAlc by Implant Type

TABLE V

IMPACT OF FEATURE REMOVAL ON ACCURACY

Removed Accuracy
Feature (%)
HbAlc 1793
Bone 1 83.1
Density

Smoking | 86.7
Status

Duration of 1 88.0
Diabetes

None 92.4
(baseline)

An ablation study was conducted by removing one key
feature at a time and re-evaluating the classification
performance. This confirms that HbAlc and Bone Density
are critical predictors in implant success recommendation.
The User Interface Evaluation and Usability Testing
(Heuristic Score) is given in the following Table VI.

Prediction Match Accuracy

Fig 5

2500 4

2000 A

1500 -

Count

1000 +

500 4

]

Correct

Prediction

Incorrect

Match

Distribution of Predicted Implant Types

Basal Implant

Zirconia

Fig6:

Mini Implant

20.3%

29.7%

Titanium

Accuracy

Distribution of Implant type

F1 Scores Comparison Across Models

08

0.6

Random Forest
Model

F1Type
- F1Macro
= F1Micro
m F1Weighted

Logistic Regression

Fig 7 : F1 Scores Comparison Across various Models

TABLE VI
USER INTERFACE EVALUATION AND USABILITY
TESTING (HEURISTIC SCORE)
Evaluation Metric Mean | Standard | Description
Score | Deviation
-5
Ease of Navigation 4.7 0.4 Simplicity in
switching
between
input/output
Clarity of| 4.8 0.3 Readability
Recommendation
and medical
interpretability

1JDDT, Volume 16 Issue 12s, 2026

Page 482




Direct Impact of Pomegranate Juice and Peel Extracts on Prostate Cancer Progression - Inhibition of Proliferation, Migration, and
Colony Formation in Prostate Cancer Cell Lines...

Graphical Output| 4.6 0.5 Relevance
Usefulness
of prediction
confidence  and
HbAlc plots
Speed of Prediction 4.9 0.1 Time to response
under 3 seconds
Report Export 4.5 0.6 Ease of generating
and and saving PDF
Documentation reports Fig| 8 GUI of the Proposed
Overall User| 4.75 | 0.2 Composite of Fidmework — Inputs Entered
Satisfaction scores
TABLE VII
PREDICTION  CONFIDENCE INTERVALS BY
IMPLANT TYPE
Predicted Me Confide 95% Confidence| Cases
Implant| an nce Predic
Interval ted
Type Sco
re (m)
Zirconia 0.91 [0.88, 0.94] 845
Titanium 0.88 [0.84, 0.92] 720
Fig 9 : Output of the GUI with
Mini 0.86 [082, 090] 310 Recommendations
Implant
Basal 0.89 [0.85, 0.93] 265 Critical insights into the predictive structure and clinical
Implant reasoning of the proposed framework are revealed by the

tabulated findings. A fundamental understanding of the
input features and their synthetic formulations can be found
in Tables 1 and 2. To ensure that the synthetic dataset
reflected the complexity of the real world, clinical indicators

The Synthetic vs. Real-World Distribution Similarity (KL
Divergence) is given in Table IX

TABLE IX like HbAlc, FBS, and Bone Density were mathematically

PREDICTION ~ CONFIDENCE  INTERVALS  BY  ,,4eled to reflect realistic diabetic profiles. These features

IMPLANT TYPE were not only diverse in type—ranging from continuous

variables to categorical descriptors—but also interlinked

Feature | Real Source| KL Interpretation|  through defined clinical thresholds (as illustrated in Table 5

Reference Divergence and Table 6), which directly influenced implant

recommendation logic. The clear mapping between

glycemic values and implant readiness emphasizes the

Age [14] Clinical| 0.012 Very close| framework’s commitment to evidence-based decision-
Demographics match making.

HbAlc | [17] ADA| 0.019 Acceptable Tables 4 and 8 further validate the computational efficiency

2023 similarity of the framework. k-NN and Random Forest consistently

Guidelines produced higher F1 scores among the evaluated classifiers,

Bone [18] Dental| 0.032 Slight indicatipg balar'lce.d performance across gll implant

Density | Imaging deviation  in| categories. The s1gn1ﬁs:ance of ens.emble and nelghborh(.)ocll—

Survey tails based .approaches. is emphasized by the LOng.tIC

FBS [19] WHO 0.024 Acceptable Regressw.n’s. r;latlyely lqwer macro El score, which

Report 2022 similarity suggests limitations in dealing with class imbalance or non-

- linear patterns. The correlation matrix (Table 7) also showed

Smoking| [20] ~ Global| 0.009 Very close| that there was a strong inverse relationship between

Status Survey match prediction confidence and HbAlc, and that there was a

positive correlation between bone density and a successful
implant recommendation. These empirical relationships are
in line with the clinical literature that is already out there.
The robustness of the framework as a predictive tool and a
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clinical decision support system is demonstrated by the sum
of the tabulated results. Through a combination of synthetic
data modeling, intelligent feature selection, and
classification with SVM, the proposed framework, which
was made to help diabetic patients plan for dental implants,
demonstrated strong predictive capabilities. In macro,
micro, and weighted averages, evaluation metrics like F1-
score showed that Random Forest and k-NN classifiers
performed better than SVM and Logistic Regression,
highlighting their robustness in dealing with the imbalanced
and multi-class nature of implant type prediction. Reliable
classification performance was demonstrated by the best-
performing models' weighted F1 scores of 0.31 and macro
F1 scores of 0.27, respectively. Additionally, useful clinical
insights into the patient profiles that are best suited for
various implant types were provided by visualizations like
the bone density-HbAlc scatter plots and the violin
distributions of implant-specific HbAlc levels. Key
findings from the exploratory analysis confirmed expected
correlations between clinical parameters and implant
recommendation confidence. HbAlc levels showed a
negative correlation with prediction confidence, reinforcing
the framework's sensitivity to glycemic control, while bone
density  positively  influenced implant readiness.
Nonsmokers consistently produced predictions with greater
confidence, with smoking status emerging as a predictor of
prediction certainty. Additionally, decision logic was
incorporated into the framework to provide guidance on
preoperative interventions such as the selection of a loading
protocol, the necessity of bone grafting, and glycemic
control. These results show, taken as a whole, that the
proposed framework can be used as a data-driven, clinically

supported tool to direct decisions about implant
recommendations in complex diabetic cases.
CONCLUSION

A comprehensive framework for dental implant

recommendation and treatment planning in diabetic patients
was presented in this study. The system incorporates key
physiological indicators like HbAlc, bone density, and
glycemic history to simulate realistic patient profiles by
leveraging synthetic data generation based on clinical
thresholds. A dependable, automated decision-support tool
for clinicians is made possible by the dual-module
architecture, which includes intelligent feature optimization
with the PSO Algorithm and classification with

Support Vector Machines (SVM) or other ML models. The
framework's high prediction accuracy was demonstrated by
experimental results, with Random Forest and k-NN
classifiers consistently outperforming conventional models.
With AUC scores exceeding 0.9 in several instances, ROC
curve analysis demonstrated excellent discriminatory
power, particularly in the classification of Zirconia implant
candidates. The recommendation module's inclusion of
clinical logic, which includes dynamic output for implant
timing, loading protocol, and bone graft need, increases the
framework's interpretability and makes it more applicable in
realworld clinical settings. The framework therefore
represents a novel and practical intersection of synthetic

data modelling, Al-driven feature selection, and clinical
decision science, poised to enhance the safety and precision
of dental implant planning for diabetic patients.
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