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ABSTRACT – Early detection of Type 2 Diabetes Mellitus using genomic characteristic is 

inspiring due to large dimensionality, huge missing values, and large number of class 

imbalance. Bioinformatics has made it easier to analyse complicated biological data, and the 

fact that an increasing number of this data is available has made machine learning techniques 

far more beneficial. The study proposes a hybrid system by integrating preprocessing, hybrid 

oversampling and feature extraction for the Mizoram population. Missing value filtering, K-

Nearest Neighbours imputation, and categorical encoding are performed for curating data. The 

combination of the ADASYN and Edited Nearest Neighbors approach is used to address class 

imbalance. Feature extraction uses a genetic algorithm to choose useful representations after 

combining leaf indices from Decision Tree, Random Forest, and XGBoost models. Minority 

class detection is constantly improved by machine learning models and the hybrid LFGA–

ADENN pipeline, reaching up to 0.921 F1-score and 0.920 MCC using XGBoost. LFGA–

ADENN shows strong performance in imbalanced genomic T2DM prediction, improving 

recall while preserving precision when compared to no oversampling or single-method 

approaches. 

Keywords: T2DM, Genomic Sequencing, Hybrid Feature Extraction, Leaf Fusion, Genetic 

Algorithm, Hybrid Oversampling. 

 

1.  INTRODUCTION  

Type 2 Diabetes Mellitus (T2DM) is 

becoming the world-wide health issues, 

covering 589 million individuals around the 

world and the impact of this disease gradually 

damaging various human organs such as heart, 

sight, nerve and kidney (Genitsaridi et al., 

2026). Effective intervention and 

management of T2DM depend on early 

detection. However existing diagnostic 

techniques frequently rely on clinical 
assessments that might fail to identify people 

in pre diabetic or asymptomatic peaks (Tabák 

et al., 2012; American Diabetes Association. 

2023). 

Since environmental factors, lifestyle 

changes, and genetic susceptibility, the 

prevalence of T2DM is increasing in India, 

especially among the Mizoram people 

(Brindha et al., 2022). Despite the growing 

availability of genomic sequencing data, 

predictive modelling for early detection 

remains underexplored in this population 

(Martin et al., 2019). Most existing studies 

focus on conventional clinical features or 

standard machine learning (ML) models, 
which are often limited by high-dimensional 

genomic data (Libbrech & William. 2015), 

severe class imbalance (Chicco & Jurman, 

2020), and noisy features, leading to 
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suboptimal predictive performance (Bolón et 

al. 2015). 

To address these challenges, this research 

proposes hybrid of Random Forest (RF), Leaf 

Fusion and Genetic Algorithm (LFGA), 

Adaptive Differential Evolution Neural 

Network (ADENN). The RF–LFGA–

ADENN model is designed to enhance feature 

extraction and oversampling for early T2DM 

prediction. The study approach leverages 

LFGA to capture complex interactions among 

genomic variants and select the most 

informative features. Simultaneously, the 

hybrid ADASYN–ENN (ADENN) approach 

combines Adaptive Synthetic Sampling 

(ADASYN) to generate minority class 

samples with Edited Nearest Neighbours 

(ENN) to remove noisy instances, effectively 

balancing the dataset and improving data 

quality (He et al. 2008). The final RF 

classifier trained on GA optimized fused 

features enables robust and interpretable early 

prediction. 

This study bridges the research gap in 

population specific genomic modelling for 

T2DM, offering a scalable and accurate 

framework tailored to the Mizoram 

population.  

2. RELATED WORK 

T2DM is recognized as one of the most 

pervasive metabolic disorders worldwide, with 

rising incidence in both developed and 

developing countries (Zheng et al. 2018). 

Early prediction of T2DM has become critical 

to prevent severe complications, reduce 

healthcare costs, and improve quality of life 

(Trikkalinou et al. 2017). Recent 

advancements in genomic sequencing and high 

throughput technologies have enabled large 

scale profiling of genetic variants associated 

with T2DM. Genome wide association studies 

(GWAS) have identified multiple loci linked to 

disease susceptibility, emphasizing the 

potential of genomics for early detection 

(Nasykhova et al. 2019). However, translating 

high dimensional genomic data into accurate 

predictive models remains a significant 

computational and statistical challenge due to 

dimensionality, sparsity, and complex 

interactions among variants (Wang et al, 

2022). 

While several predictive models exist for 

T2DM in global populations, region-specific 

studies remain scarce. Populations in 

Northeast India, such as Mizoram, exhibit 

distinct genetic backgrounds and 

environmental influences that may modulate 

disease risk. Existing epidemiological studies 

in Mizoram indicate a rising prevalence of 

T2DM linked to lifestyle transitions and 

genetic predisposition. Yet, the application of 

genomic based predictive modelling in this 

population is limited, creating a gap in tailored 

early detection strategies that consider both 

local genetic diversity and disease dynamics 

(Lalrohlui et al. 2021; Kharsati et al. 2024). 

High dimensionality is a primary challenge in 

genomic data analysis (Libbrech & William. 

2015). Conventional statistical approaches 

often fail to capture nonlinear relationships or 

interactions among genetic variants (Moore et 

al. 2010). ML techniques, such as RF, 

Decision Trees (DT), and XGBoost (XGB), 

have shown promise in handling complex 

genomic datasets, providing both feature 

importance metrics and predictive power. 

Nonetheless, feature redundancy, noise, and 

sparse informative signals can reduce model 

accuracy (Chen & Hemant. 2016). Hybrid 

feature extraction methods that combine 

multiple models or incorporate evolutionary 

algorithms have emerged to address these 

challenges, and enabling the identification of 

highly discriminative genomic patterns 

(Saeys et al. 2007). 

Leaf fusion (LF), which aggregates leaf node 

information from ensemble tree models, has 

been demonstrated to capture structural 

patterns and interactions among features that 

individual trees might overlook (Sirocchi et 

al. 2025). When coupled with a Genetic 

Algorithm (GA), this approach allows for 

optimal selection of informative features by 
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evaluating subsets against predictive 

performance. The studied conducted using 

hybrid LFGA approaches boost the model 

interpretability and accuracy in clinical and 

genomic data (Xue et al. 2015). While its 

implementation in population specific 

genome sequencing data for early T2DM 

prediction is still mostly unexplored, 

especially in underrepresented populations 

like Mizoram (Lalrohlui et al. 2021). 

Class imbalance is a significant barrier to 

T2DM prediction since, in genomic cohorts, 

the number of disease cases is frequently 

lower than that of controls (Krawczyk. 2016). 

Poor sensitivity may result from standard 

classifiers bias toward majority classes (He & 

Garcia, 2009). While ENN and related 

cleaning approaches minimize noisy or 

borderline samples, oversampling techniques 

like SMOTE and ADASYN artificially create 

minority samples to balance datasets (Chawla 

et al., 2002). Although hybrid oversampling 

techniques that combine noise reduction and 

synthetic generation have been demonstrated 

to increase model robustness, particularly in 

high-dimensional genomic contexts, they 

have not been extensively used in population 

specific T2DM datasets (Saeys et al. 2007). 

RF can excellently handle high volume of data 

like genomic characteristics for classification 

on account of its resilience to overfitting, 

robustness, and capacity to manage feature 

interactions (Breiman. 2001). RF can take 

advantage of complementary decision 

patterns across several models when 

combined with ensemble learning techniques 

like XGB and DT based LF (Chen & Carlos, 

2016). Research shows that ensemble LF 

frameworks perform better than single model 

approaches in terms of accuracy and feature 

interpretability when optimized by GA 

(Dietterich, 2000, Xue et al., 2015). However, 

there hasn't been much research done on 

integrating these techniques with hybrid 

oversampling in a cohesive pipeline for early 

T2DM prediction. 

Significant gaps still exist despite 

advancements in T2DM genomic prediction: 

(i) insufficient population specific research 

for underrepresented areas such as Mizoram. 

(ii) poor handling of high dimensional and 

noisy genomic features. (iii) inadequate 

integration of hybrid feature extraction and 

class balancing strategies and (iv) limited use 

of ensemble based, GA optimized pipelines 

for early prediction. A system that 

simultaneously controls class imbalance, 

obtains discriminative features from several 

models, and makes use of reliable predictive 

classifiers is necessary to close these gaps.  

In the light of these challenges and in order to 

provide precise and comprehensible early 

detection of T2DM in the Mizoram 

population, the investigation result suggests 

RF–LFGA–ADENN, which combines hybrid 

feature extraction (LFGA), hybrid 

oversampling (ADENN), and RF 

classification. 

 

Fig. 1: Proposed Research Flow 

 



4 
 

3. PROPOSED METHODOLOGY 

RF-LFGA-ADENN, a hybrid framework 

intended for early T2DM prediction from 

genomic sequencing data in the Mizoram 

population is proposed in this paper. As 

shown in Fig. 1, the methodology combines 

RF classifier model, hybrid over sampling, 

hybrid feature extraction, and data 

preparation. 
 

3.1 DATA DESCRIPTION 

The study depends on the WES dataset 

sources from the Biotechnology Department 

of Mizoram University. The dataset is the 

combination of 27 non-diabetic and 18 

diabetics medically confirmed patients. The 

diagnosis was verified by a diabetologist in 

accordance with the World Health 

Organization's (WHO) 2003 norms. Plasma 

glucose levels of more than 200 mg/dL after a 

meal and 120 mg/dL following a fasting 

period became diagnostic parameters. Most of 

the people who took part were between 40 and 

80 years old, and they all signed a form saying 

they understood what they were doing. To 

ensure quality and consistency, all genomic 

samples were processed and annotated in a 

standardised way by subject matter experts. 

3.2 VARIANT PROCESSING AND 

WHOLE EXOME SEQUENCE 

(WES) ANALYSIS: 

 Genomic DNA was extracted from diabetic 

patient blood samples (Sarma et al. 2023), and 

WES (100X coverage) was carried out using 

an Illumina NovaSeq 6000. The data was 

analysed using an automated tool called 

WEAP (Ghatak et al. 2013). The steps that 

were taken are displayed below:    

Raw FASTQ reads were subjected to quality 

control (FastQC) (Yang et al. 2013) and 

trimming (Trimmomatic) (Bolger et al. 2014) 

prior to alignment to the reference genome 

using BWA or Stampy and the generation of 
SAM files (Lunter & Martin. 2011). File 

Conversion & Processing: SAM files were 

converted to sorted BAM format using 

Samtools (Li et al., 2009), and duplicate reads 

were found using Picard (Picard Toolkit. 

2019). Variant Calling: VCF files with indels 

and SNPs were exported (Rimmer et al. 

2014). Annotation: ClinVar and dbSNP 

databases were consulted in order to use 

Annovar to annotate variants for clinical and 

functional significance (Wang et al. 2010). 

Filtering: Pathogenic variants were ranked 

according to gnomAD population frequencies 

and functional scores, while low-quality 

variants were eliminated (Ortiz et al. 2024). 

The annotated VCF files included minor allele 

frequencies across all geographic populations, 

along with functional impact predictions for 

each single nucleotide polymorphism (SNP). 

These predictions were obtained from 

multiple computational tools, including 

Combined Annotation Dependent Depletion 

(CADD) (Rentzsch et al., 2019), 

Polymorphism Phenotyping v2 (Polyphen2) 

(Adzhubei et al., 2013), Functional Analysis 

through Hidden Markov Models (FATHMM) 

(Shihab at el., 2013). Variant Effect Scoring 

Tool V3 (VEST3) (Douville et al., 2016), 

Sorting Intolerant from Tolerant (SIFT) (Sim 

et al., 2012), Likelihood Ratio Test (LRT) 

(Zeng et al, 2014), MutationAssessor (Reva et 

al., 2011), MutationTaster and RadialSVM 

(Castellana et al., 2013). Additionally, several 

manually curated features were incorporated, 

such as heterogeneous and homogeneous 

SNVs, amino acid alteration SNVs, exon 

splicing SNVs, start-loss and stop-loss SNVs, 

as well as chromosome number, gene name, 

reference and alternate bases, and positional 

information. 

3.4 DATA PREPROCESSING 

Data preprocessing is a key component of the 

medical data classification process, 

information analysis, and ML pipeline. 

Medical data often demonstrates missing 

values (García et al. 2010), imbalanced 

classes (He et al. 2009), high-dimensional 

features (Saeys et al. 2007), and the removal 

of duplicate or redundant data (Cios et al. 
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2002); thus, appropriate preprocessing can 

substantially enhance model performance. 

The first and most critical step in the 

preprocessing pipeline is ensuring data quality 

by removing features with missing values 

exceeding a predefined threshold (50%), as 

illustrated in Fig. 2, showing the dataset 

before (a) and after (b) filtering missing 

features. Retaining highly incomplete features 

may introduce bias and adversely affect model 

reliability.  

For the remaining missing values, we have 

tested several imputation strategies, including 

mean, median, KNN, and iterative imputation, 

to identify the optimal method. As shown in 

Fig. 3, KNN imputation yielded the best 

predictive performance on a 20% test split and 

was therefore employed for all downstream 

analyses. The data is processed using the 

algorithm 1 to have curated data. 

Algorithm 1 Data Preprocessing for Genomic 

T2DM Dataset 
Input: Genomic dataset D with features X and target 

y 

Output: Preprocessed training and test sets (Xtrain, 

Xtest, ytrain, ytest) 

1. For each feature f ∈ X, do: 

2. If missing percentage (f) ≥ 50%, then: 

3. Drop feature f 

4.  Else: 

5. Impute missing values using KNN 

6. End If 

7. End for 

8. Identify categorical columns Ccat and 

numerical columns Cnum  

9. Encode Ccat using One-Hot Encoding → 

Xcat_ohe  

10. Combine numerical and encoded features: 

    Xprocessed = [Xnum, Xcat_ohe] 

11. Split 𝑋𝑝𝑟𝑜𝑐𝑒𝑠𝑠𝑒𝑑 and 𝑦 into 80% train and 

20% test: 

 (Xtrain, Xtest, ytrain, ytest) ← 

TrainTestSplit(Xprocessed, y, 0.8) 

 

Fig. 3: Compared Recall for different test set ratios using different imputation techniques. 

 

 

 

Fig. 2: Missing value patterns: (a) before, and (b) after dropping features with ≥ 50% missing values. 
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 In order to ensure compatibility with tree 

based models and prevent unintentional 

ordinal associations, categorical 

characteristics were then converted to 

numeric form using one hot encoding. 

Numerical features were then standardized as 

needed to allow distance based computations 

during hybrid oversampling. The LFGA 

feature extraction was then used prior to any 

resampling. By verifying that oversampling is 

performed in a condensed and informative 

feature space, this step lowers the possibility 

of producing redundant or noisy synthetic 

samples. Hybrid oversampling (ADENN), 

which successively integrates ADASYN and 

ENN, was then used to address class 

imbalance. ADASYN adaptively creates 

synthetic minority samples in locations that 

are difficult to learn, while ENN eliminates 

noisy or incorrectly categorized cases close to 

class boundaries. As seen in Fig. 4, this 

ordering LFGA followed by ADENN 

guarantees that oversampling is directed by 

optimized features and that the final training 

set is both balanced and noise-reduced. 

3.4.1 HYBRID LEAF FUSION GENETIC 

ALGORITHM (LFGA) 

The study uses hybrid feature extraction 

utilizing LFGA to efficiently manage high 

dimensional genomic data and capture 

intricate interactions among variations. First, 

a GA is applied on the raw features to remove 

irrelevant or redundant dimensions, selecting 

 

Fig. 4: Class distribution of the original (Ori) dataset (train and test) and resampling strategies on the 

training set using GA, and LFGA feature sets. 
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a subset of highly informative features for 

subsequent modelling. Next, DT, RF, and 

XGB models are trained on the selected raw 

features to exploit complementary decision 

patterns.  

The leaf indices from all three models are then 

fused into a combined feature matrix, 

encoding how samples traverse different 

decision paths and preserving hierarchical and 

interaction information that raw features alone 

may miss. This fused matrix is one hot 

encoded to make categorical leaf information 

usable for downstream modelling. GA is 

subsequently used on the fused features to 

select the most discriminative leaf-based 

patterns, retaining only the most informative 

fused features. The LFGA feature extraction 

flow is illustrated in Fig. 5, while the complete 

details are provided in Algorithm 2. 

Algorithm 2 LFGA Feature Extraction 

1 Input: Preprocessed training set 𝑋𝑡𝑟𝑎𝑖𝑛, 𝑌𝑡𝑟𝑎𝑖𝑛) and 

test set 𝑋𝑡𝑒𝑠𝑡 

2 Output: Optimized raw features (Xtrain raw sel, 

Xtest raw sel) and fused features (Xtrain fused sel, 

Xtest fused sel) 

3 Step 1: GA on Raw Features 

4 Initialize population of binary masks: M = {m₁, m₂, 

..., mₙₚₒₚ} 

5 for each generation g = 1 to n_gen do 

6 for each mask mᵢ ∈ M do 

7 Select features: Xᵗʳᵃⁱⁿ⁽ⁱ⁾ = Xtrain[:, mᵢ = 1] 

8 Evaluate fitness using cross-validated F1-score with 

RF 

9 end for 

10 Update M using selection, crossover, and mutation 

11 end for 

12 Select best mask m∗: Xtrain raw sel = Xtrain[:, 

m∗ = 1], Xtest raw sel = Xtest[:, m∗ = 1] 

13 Step 2: Leaf Fusion from Ensemble Models 

14 Train models: DT, RF, XGB 

15 Extract leaf indices: 𝑳ᴰᵀ_𝒕𝒓𝒂𝒊𝒏 =

 𝑫𝑻. 𝒂𝒑𝒑𝒍𝒚(𝑿𝒕𝒓𝒂𝒊𝒏) 𝑳ᴿᶠ_𝒕𝒓𝒂𝒊𝒏 =

 𝑹𝑭. 𝒂𝒑𝒑𝒍𝒚(𝑿𝒕𝒓𝒂𝒊𝒏) 𝑳ˣᴳᴮ_𝒕𝒓𝒂𝒊𝒏 =

 𝑿𝑮𝑩. 𝒂𝒑𝒑𝒍𝒚(𝑿𝒕𝒓𝒂𝒊𝒏) 

16 Fuse leaves: 𝑳ᶠᵘˢᵉᵈ_𝒕𝒓𝒂𝒊𝒏 =

 [𝑳ᴰᵀ_𝒕𝒓𝒂𝒊𝒏, 𝑳ᴿᶠ_𝒕𝒓𝒂𝒊𝒏, 𝑳ˣᴳᴮ_𝒕𝒓𝒂𝒊𝒏] 

17 One-hot encoding: 𝑿𝒕𝒓𝒂𝒊𝒏 𝒇𝒖𝒔𝒆𝒅, 𝑿𝒕𝒆𝒔𝒕 𝒇𝒖𝒔𝒆𝒅 

18 Step 3: GA on Fused Feature Space 

19 Apply GA: 𝑿𝒕𝒓𝒂𝒊𝒏 𝒇𝒖𝒔𝒆𝒅 𝒔𝒆𝒍 =

 𝑿𝒕𝒓𝒂𝒊𝒏 𝒇𝒖𝒔𝒆𝒅[: , 𝒎 ∗ ᶠ =

 𝟏], 𝑿𝒕𝒆𝒔𝒕 𝒇𝒖𝒔𝒆𝒅 𝒔𝒆𝒍 =  𝑿𝒕𝒆𝒔𝒕 𝒇𝒖𝒔𝒆𝒅[: , 𝒎 ∗ ᶠ =

 𝟏] 

20 Return: (𝑋𝑡𝑟𝑎𝑖𝑛 𝑟𝑎𝑤 𝑠𝑒𝑙, 𝑋𝑡𝑒𝑠𝑡 𝑟𝑎𝑤 𝑠𝑒𝑙) and 

(𝑋𝑡𝑟𝑎𝑖𝑛 𝑓𝑢𝑠𝑒𝑑 𝑠𝑒𝑙, 𝑋𝑡𝑒𝑠𝑡 𝑓𝑢𝑠𝑒𝑑 𝑠𝑒𝑙) 

3.5   HYBRID OVERSAMPLING 

(ADENN) 

With far fewer positive (confirm diabetes) 

cases than negative (non-diabetes) samples, 

genomic datasets for T2DM are frequently 

severely unbalanced. The stability of tree-

based classifiers, sensitivity for early 

detection, and model bias toward the majority 

class can all be impacted by such an 

imbalance (He & Garcia, 2009; Chawla et al., 

2002). In order to overcome these difficulties, 

we suggest a hybrid oversampling technique 

called ADENN, which takes advantage of the 

complimentary advantages of both adaptive 

synthetic sampling (ADASYN) and ENN. 

 
Fig. 5: Leaf Fusion-Based LFGA feature 

Extraction 
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3.5.1   ADASYN    

By concentrating on hard-to-learn areas of the 

feature space, where minority cases are 

surrounded by majority neighbors, ADASYN 

creates artificial minority samples (He et al., 

2008). The Eqn. (1) defines the the difficulty 

ratio for each minority instance 𝑥𝑖 : 

    Δ𝑖 =
|{𝑥𝑖𝑗∈𝑘-NN(𝑥𝑖):𝑦𝑖𝑗≠𝑦𝑖}|

𝑘
,  𝑖 = 1, … , 𝑁𝑚𝑖𝑛           (1) 

The normalized importance of 𝑥𝑖  in 

producing synthetic samples is shown in Eqn. 

(2): 

                𝑟𝑖 =
Δ𝑖

∑ Δ𝑗
𝑁𝑚𝑖𝑛
𝑗=1

,  𝑖 = 1, … , 𝑁𝑚𝑖𝑛               (2) 

Thus, the values of  𝑥𝑖  is calculated using Eqn. 

(3): 

                           𝐺𝑖 = 𝑟𝑖 ⋅ 𝐺                                (3) 

where G is the total quantity of synthetic 

samples needed. ADASYN improves minority 

representation and lessens classifier bias by 

adaptively producing extra samples for 

challenging cases. 

3.5.2   ENN 

Even if ADASYN balances the dataset, noise 

may be introduced by certain outputs or 

original samples which are close to class 

boundaries (Fernández et al., 2018). Using 

Eqn. (4), ENN eliminates each instance 𝑥𝑖 

whose class label varies from the majority 

label among its 𝑘 nearest neighbors, 

𝑥𝑖 ∈ 𝐷 is removed if 𝑦𝑖 ≠
mode{ 𝑦𝑗: 𝑥𝑗 ∈ 𝑘-NN(𝑥𝑖)},  𝑖 = 1, … , 𝑁   (4) 

In genomic data, when minority patterns are 

rare and noisy, ENN increases border clarity 

by eliminating noisy or incorrectly 

categorized samples (Wilson, 1972). 

3.5.3    HYBRID ADENN 

The strengths of ADASYN and ENN are 

combined in a sequential but supportive way 

in the proposed hybrid technique, ADENN. 

Based on the observed minority ratio, the 

ADASYN component adaptively creates 

synthetic minority samples, concentrating on 

instances that are more difficult to learn (i.e., 

surrounded by majority neighbors) (He et al., 

2008). Then, every instance whose label 

differs from the majority of its k nearest 

neighbors—including possibly noisy 

synthetic points—is eliminated by the ENN 

component (Wilson, 1972). Balanced 

minority representation, noise reduction, 

preservation of informative patterns, 

compatibility with high-dimensional data, and 

mitigation of overfitting are all guaranteed by 

this sequential combination (Krawczyk, 

2016).  

The Eqn. (5) defines the hybrid process: 

       (𝑋∗, 𝑦∗) = 𝐸𝑁𝑁(𝐴𝐷𝐴𝑆𝑌𝑁(𝑋, 𝑦))      (5) 

where ( 𝑋∗, 𝑦∗) is the final training set that is 

informative, balanced, and minimizing noise 

at the same time. 

The ADENN method on an unbalanced 

dataset with an initial 9:1 class imbalance 

(450 majority vs. 50 minority samples) is 

shown in Fig. 6. The final dataset following 

ADENN is displayed in the main panel (a), 

with majority points (blue) and minority 

points classified as easy-to-learn (light 

orange) and hard-to-learn (dark orange). 

In this case, hard-to-learn points are at 

decision boundaries and close to majority 

samples, making them more difficult to learn, 

whereas easy-to-learn points are minority 

occurrences far from majority samples, 

indicating areas where the classifier can 

consistently learn. Inset (b) illustrates how 

ADASYN concentrates on challenging areas 

by highlighting ADASYN-generated 

synthetic points (green) with gray dashed lines 

connecting them to the minority neighbors 

used for generation. ENN noise filtering is 

shown in inset (c), where the original minority 

and majority positions prior to ENN are 

indicated by red crosses. This illustration 
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shows how the ADENN pipeline eliminates 

noisy samples, maintains minority structure, 

and balances the dataset. 

3.6.   MODEL TRAINING 

For early detection of T2DM using genomic 

characteristics, this study trained couples of 

tree-based classifiers on different feature sets 

and oversampling techniques.  

3.6.1   DECISION TREE (DT): 

DT recursively divide the feature space into 

homogeneous subsets by reducing impurity 

measures like the Gini index or entropy 

(Breiman et al., 1984). They are easy to 

understand and use as baseline classifiers 

because they have clear rules for making 

decisions (Quinlan, 1993). Nonetheless, 

decision trees are susceptible to overfitting, 

especially when utilised with high 

dimensional genomic data (Hastie et al., 

2009). Even with this flaw, they are still useful 

for finding important features and are basic 

parts of more advanced ensemble methods 

(Breiman, 2001). 

3.6.2   RANDOM FOREST (RF): 

RF is a bagging-based ensemble of multiple 

DT trained on boot strapped subsets of the 

data. Each tree votes, and the majority vote 

determines the final class, improving stability 

and reducing variance. RF is robust to high 

dimensional, sparse, and noisy features, which 

are common in genomic datasets (Breiman, 

2001). It operates as the foundation of our 

final model, RF–LFGA–ADENN, and is 

appropriate for early disease prediction due to 

its capacity to capture hierarchical 

interactions while maintaining 

interpretability. 

3.6.3   XGBoost (XGB): 

In order to avoid overfitting, XGB is a 

gradient boosting framework that generates 

trees one after the other while optimizing 

residual errors with regularization at each 

 

Fig. 6. A step-by-step demonstration of the Hybrid LFGA–ADENN procedure using an imbalanced 

toy dataset. (a) Main panel: final dataset using ADENN, with minority points categorized as easy-to-

learn (light orange) and hard-to-learn (dark orange) and majority points (blue). (b) Inset: 

Oversampling of challenging minority regions is highlighted by ADASYN synthetic points (green) 

with grey dashed lines indicating neighbors used for generation. (c) Inset: ENN noise filtering, 

displaying minority (orange) and majority (blue) points before to ENN along with points eliminated 

by ENN (red crosses). 
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stage. It effectively manages high 

dimensional, sparse data, capturing intricate 

feature interactions. For speed and accuracy, 

XGB employs advanced approaches like 

parallel processing, learning rate adjustment, 

and tree pruning (Chen & Guestrin, 2016). In 

biomedical data, where subtle feature 

interactions are crucial, this model works very 

well. Every model was assessed using several 

oversampling techniques, such as no 

oversampling, ADASYN, ENN, and hybrid 

ADENN, after being trained on several 

feature sets, including original, GA-selected, 

and leaf-fusion features. The greatest results 

were obtained by RF trained on GA and LF 

features with hybrid oversampling (ADENN), 

which is referred to as RF–LFGA–ADENN. 

3.7.   PERFORMANCE EVALUATION 

METRICS 

 Several commonly used classification 

metrics were employed to assess the 

performance of the suggested models, 

including RF-LFGA-ADENN. These metrics 

offer a thorough evaluation, especially for 

genomic T2DM datasets that are unbalanced. 

The evaluation metrics, which are computed 

using Eqn. (6) to (11), including Accuracy, 

Precision, F1-score, Matthew's correlation 

coefficient (MCC), Recall, and Area under the 

precision-recall curve (AUC-PR). These 

metrics provide a comprehensive 

understanding of discriminative power and 

class balance sensitivity (Kahn et al., 2000). 

               𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
                (6) 

              𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
                          (7) 

              𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                           (8) 

      𝐹1 =
2⋅𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛⋅𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
                           (9) 

𝑀𝐶𝐶 =
𝑇𝑃⋅𝑇𝑁−𝐹𝑃⋅𝐹𝑁

√(𝑇𝑃+𝐹𝑃)(𝑇𝑃+𝐹𝑁)(𝑇𝑁+𝐹𝑃)(𝑇𝑁+𝐹𝑁)
  (10) 

 𝐴𝑈𝐶-𝑃𝑅 = ∫ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛  𝑑(𝑅𝑒𝑐𝑎𝑙𝑙)          (11) 

4. RESULT AND DISCUSSION 

The experimental findings obtained using 

baseline classifiers under different feature 

extraction and oversampling strategies. Table 

1 reports base line performance on the original 

imbalanced dataset without resampling. 

Although high accuracy values are observed 

MCC values remain relatively moderate 

(0.910), indicating that accuracy alone is 

insufficient for evaluating performance under 

severe imbalance.  

This observation motivates the use of 

oversampling and feature extraction 

Table 2:Performance Comparison of Baseline Models on Original Data 

Model Accuracy Precision Recall Specificity F1 Score MCC 

DT 0.994 0.994 0.994 0.998 0.994 0.910 

RF 0.991 0.990 0.991 0.998 0.990 0.846 

XGB 0.994 0.994 0.994 0.998 0.994 0.910 

 

 
Table 1: Performance of Baseline DT Across Different Sampling Techniques 

Dataset Accuracy Precision Recall Specificity F1-Score MCC 

LFGA–ADENN 0.993 0.857 0.960 0.995 0.906 0.904 

GA ADENN 0.992 0.858 0.910 0.995 0.883 0.880 

GA ENN 0.988 0.764 0.940 0.990 0.843 0.842 

GA 0.995 0.939 0.920 0.998 0.929 0.927 

LFGA ENN 0.992 0.880 0.880 0.996 0.880 0.876 

LFGA ADASYN 0.995 0.978 0.880 0.999 0.926 0.925 

GA ADASYN 0.993 0.916 0.870 0.997 0.892 0.889 
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strategies. The impact of the proposed LFGA 

feature extraction is evident in Table 2, Table 

3, and Table 4.  

For the DT classifier Table 2, LFGA–ADENN 

improves recall to 0.960 and F1-score to 

0.906, compared to GA-only configurations 

Table 3: Performance of Baseline RF Across Different Sampling Techniques 

Dataset Accuracy Precision Recall Specificity F1-Score MCC 

LFGA–ADENN 0.993 0.836 0.970 0.994 0.898 0.897 

GA ADENN 0.990 0.832 0.890 0.994 0.860 0.855 

GA ENN 0.982 0.685 0.850 0.987 0.759 0.754 

GA 0.991 0.929 0.790 0.998 0.854 0.852 

LFGA ENN 0.992 0.860 0.920 0.995 0.889 0.886 

LFGA ADASYN 0.994 0.928 0.900 0.998 0.914 0.911 

GA ADASYN 0.992 0.913 0.840 0.997 0.875 0.872 

 

Table 4: Performance of Baseline XGB Across Different Sampling Techniques 

Dataset Accuracy Precision Recall Specificity F1-Score MCC 

LFGA–ADENN 0.994 0.861 0.990 0.995 0.921 0.920 

GA ADENN 0.993 0.857 0.960 0.995 0.906 0.904 

GA ENN 0.987 0.746 0.940 0.989 0.832 0.831 

GA 0.994 0.918 0.890 0.997 0.904 0.900 

LFGA ENN 0.991 0.800 0.960 0.992 0.873 0.872 

LFGA ADASYN 0.994 0.937 0.890 0.998 0.913 0.910 

GA ADASYN 0.994 0.919 0.910 0.997 0.915 0.912 

 

 

Fig. 7: Confusion matrices of three classifiers evaluated on GA selected features with different 

oversampling strategies: (a) GA based feature selection only, (b) GA features with ADASYN 

oversampling, (c) GA features with ENN oversampling, and (d) GA features with hybrid ADENN 

oversampling. 
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(F1-score 0.929) and conventional method 

oversampling such as GA–ENN (F1-score 

0.843). Similarly, for RF (Table 3), LFGA–

ADENN achieves a recall of 0.970 and F1-

score of 0.898, outperforming GA–ADENN 

(F1-score 0.860) and GA–ENN (F1-score 

0.759). These results demonstrate that 

combining adaptive oversampling with noise 

filtering improves minority class recognition. 

XGB results in Table 2 further support this 

trend. LFGA–ADENN yields the highest 

recall of 0.990 and F1-score of 0.921, 

compared to GA–ADENN (F1-score 0.906) 

and GA–ENN (F1-score 0.832).  

Improved balanced classification is confirmed 

by the related MCC of 0.920. With great 

specificity (≥ 0.994) and lower false negatives 

without excessive false positives, LFGA–

ADENN consistently delivers higher recall 

across all classifiers. 

These numerical results are graphically 

supported by the confusion matrices shown in 

Fig. 7 and 8. The LFGA–ADENN 

configuration shows fewer false negatives and 

more distinct class separation across all 

baseline classifiers when compared to GA-

only and conventional oversampling 

techniques. This demonstrates that hybrid 

feature extraction and hybrid oversampling, 

rather than classifier-specific bias, are the 

main sources of performance gains. 

Overall, the discussion shows that LFGA–

ADENN enhances the balance between 

precision, recall, and MCC across baseline 

classifiers; DT and RF consistently 

outperform their baseline configurations, 

while XGB achieves the greatest absolute 

scores. 

CONCLUSION 

This work used imbalanced genomic 

sequencing data from the Mizoram population 

to assess a hybrid learning pipeline that 

combines ADENN-based hybrid 

oversampling and LFGA based feature 

extraction for early T2DM prediction. The 

suggested method was evaluated under 

consistent experimental conditions employing 

baseline classifiers, such as DT, RF, and XGB. 

 

Fig. 8: Confusion matrices of LFGA selected features with different oversampling strategies: (a) LFGA features 

with ADASYN oversampling, (b) LFGA features with ENN oversampling, and (c) LFGA features with hybrid 

ADENN oversampling. 
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The experimental outcome shows that 

minority class detection is consistently 

improved by the LFGA–ADENN 

combination across all classifiers. The highest 

performance is recorded by XGB with an F1-

score of 0.921 and MCC of 0.920, followed by 

Decision Tree with an F1-score of 0.906 and 

MCC of 0.904, RF with an F1-score of 0.898 

and MCC of 0.897. Remarkably, recall values 

rise to 0.96–0.99 with LFGA–ADENN, 

suggesting a significant decrease in false 

negatives when compared to single-method 

oversampling and no oversampling 

techniques. 

These results verify that improves at data as 

well as feature thresholds, rather than 

depending on a particular classifier, are what 

cause performance gains. For imbalanced 

genomic prediction tasks, the combination of 

adaptive oversampling, noise filtering, and 

leaf fusion-based feature representation offers 

a reliable and broadly applicable solution. 

Future research will concentrate on expanding 

the framework to include clinical 

characteristics in addition to genomic traits 

and verifying it on bigger, independent 

cohorts. 
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