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Abstract 

Agricultural intensification has increasingly relied on the widespread 

application of agrochemicals, which have often dispersed beyond 

targeted farmlands through atmospheric drift. This environmental 

exposure has raised concerns regarding respiratory health among 

rural populations. Previous environmental surveillance systems have 

rarely integrated meteorological variables with clinical records that 

describe respiratory disease patterns. Therefore, the lack of an 

integrated analytical model has limited the ability to understand the 

association between agrochemical drift and rural respiratory illness. 

This study has proposed a Multivariate Agrochemical Drift Impact 

Mining Model (MADIMM) that which integrated weather attributes 

and rural clinical records to estimate the relationship between 

agrochemical dispersion and respiratory disease occurrence. The 

framework has utilized multivariate data mining techniques that which 

analyzed temperature, humidity, wind speed, precipitation, and 

seasonal spraying patterns together with hospital respiratory admission 

data. The preprocessing stage has included normalization, missing 

value imputation, and feature correlation filtering. Subsequently, the 

MADIMM classifier has applied ensemble learning that which 

combined Gradient Boosting and Random Forest models to extract 

environmental–clinical correlations. The experimental evaluation is 

showing that the proposed MADIMM framework achieves 96% 

accuracy, 95% precision, 94% recall, 95% F1 score, and 97% AUC in 

respiratory disease prediction. The model improves classification 

accuracy by approximately 10–13% compared with Random Forest, 

Support Vector Machine, and Gradient Boosting models. The 

environmental drift exposure modeling captures atmospheric 

dispersion patterns that which significantly improve the prediction of 

respiratory disease risk in rural agricultural regions. 
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1. INTRODUCTION 

Agricultural productivity has significantly improved through 

the extensive use of pesticides, herbicides, and other 

agrochemicals that which protect crops from pests and diseases. 

However, the environmental dispersion of these chemicals has 

become an emerging public health concern. Agrochemical drift 

occurs when chemical particles or vapors have moved away from 

their intended agricultural application zones due to environmental 

forces such as wind velocity, atmospheric turbulence, and 

temperature variation. These dispersed particles have frequently 

traveled to surrounding residential areas, which have exposed 

rural populations to unintended chemical inhalation. Several 

environmental health studies have emphasized that airborne 

agrochemical residues have contributed to respiratory irritation, 

asthma exacerbation, and chronic pulmonary complications 

among farming communities [1]. 

The interaction between environmental exposure and 

respiratory health has been complex because multiple 

atmospheric conditions influence the transport and concentration 

of agrochemical particles. Meteorological attributes such as wind 

direction, humidity levels, precipitation patterns, and temperature 

gradients have played a crucial role in determining the dispersion 

behavior of sprayed chemicals [2]. At the same time, rural clinical 

records have documented respiratory illnesses that which have 

emerged during agricultural spraying seasons. Despite the 

availability of large-scale meteorological datasets and healthcare 

records, the integration of these heterogeneous datasets has 

remained limited. Consequently, public health authorities have 

lacked analytical frameworks that which systematically link 

environmental agrochemical exposure with respiratory disease 

prevalence [3]. 

Although environmental monitoring technologies have 

improved, several challenges have persisted in identifying reliable 

exposure–health relationships. First, agrochemical dispersion has 

exhibited spatial and temporal variability that which complicates 

environmental measurement and prediction. Weather fluctuations 

have altered chemical transport patterns, which has created 

uncertainty in estimating exposure levels for nearby communities 

[4]. Second, rural healthcare data have often remained fragmented 

across local hospitals, clinics, and surveillance systems, which has 

limited the ability to develop comprehensive datasets for 

epidemiological analysis. Third, traditional statistical methods 

have struggled to capture nonlinear relationships that which exist 

between meteorological variables, agrochemical application 

patterns, and respiratory health outcomes [5]. These analytical 

limitations have reduced the effectiveness of environmental 

health monitoring systems. 

Another important challenge has been the absence of 

predictive decision-support tools that which assist policymakers 

and public health authorities in anticipating respiratory disease 

outbreaks associated with agrochemical drift. Many surveillance 

systems have focused only on environmental chemical 

concentration measurements without integrating patient-level 

health information. Consequently, the early detection of 

environmentally induced respiratory disease patterns has 

remained inadequate. Researchers have recognized the need for 

computational models that which combine environmental 

observations with healthcare datasets to enable predictive 

environmental health analytics [6]. 

To address these limitations, the present study has investigated 

how multivariate data mining techniques can model the 

relationship between agrochemical drift and respiratory disease 

occurrence in rural populations. The research has aimed to 
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integrate meteorological datasets and clinical respiratory records 

into a unified analytical framework that which supports 

environmental health surveillance. Specifically, the study has 

explored how machine learning–driven data mining methods can 

discover hidden associations between weather conditions, 

agrochemical spraying activities, and respiratory disease 

incidence. 

The primary objective of this research has been to design a 

multivariate environmental–clinical data mining framework that 

which predicts respiratory disease risk associated with 

agrochemical drift. The framework has utilized integrated 

datasets that which include weather parameters, agricultural 

spraying cycles, and hospital respiratory admission records. 

Through systematic feature extraction and predictive modeling, 

the study has attempted to identify environmental factors that 

which significantly influence respiratory disease prevalence. 

The novelty of the proposed research has resided in the 

integration of environmental meteorological data with rural 

clinical health records using a unified data mining architecture. 

Unlike conventional environmental monitoring systems that 

which rely solely on pollutant concentration analysis, the 

proposed framework has directly modeled the environmental–

health relationship using machine learning algorithms. This 

approach has enabled the discovery of complex nonlinear 

interactions between atmospheric conditions and respiratory 

health outcomes. 

The contributions of this work are summarized as follows: 

• A novel Multivariate Agrochemical Drift Impact Mining 

Model (MADIMM) has been developed that which 

integrates weather variables and clinical respiratory datasets 

for environmental health prediction. 

• A comprehensive analytical framework has been introduced 

that which enables predictive surveillance of agrochemical 

exposure risks using machine learning–driven 

environmental–clinical data integration. 

2. RELATED WORKS 

Environmental exposure to agrochemicals has attracted 

significant research attention due to its potential health impacts on 

rural populations. Several studies have investigated the 

relationship between pesticide exposure and respiratory diseases 

using epidemiological analysis and environmental monitoring 

techniques. 

In [7], the researchers have investigated the relationship 

between pesticide application intensity and respiratory illness 

among agricultural workers. The study has analyzed regional 

pesticide usage data together with hospital respiratory admission 

records. The findings have indicated that seasonal pesticide 

spraying has coincided with increased asthma symptoms and 

bronchial inflammation among farm residents. However, the 

study has relied primarily on statistical correlation models that 

which have not incorporated meteorological dispersion factors. 

Another study in [8] has examined the impact of airborne 

pesticide particles on respiratory health in rural communities 

located near large agricultural fields. The authors have utilized 

environmental sampling sensors that which measured pesticide 

residue concentrations in surrounding residential areas. The 

collected environmental data have been correlated with local 

health survey responses that which documented respiratory 

discomfort and breathing abnormalities. The results have 

demonstrated that pesticide drift exposure has increased 

respiratory irritation risks. Nevertheless, the environmental 

monitoring approach has required expensive sensor 

infrastructures that which limited large-scale implementation. 

The authors in [9] have explored the role of weather variables 

in determining the atmospheric transport of agricultural 

chemicals. The research has applied atmospheric dispersion 

models that which simulated pesticide drift under different 

meteorological conditions such as wind speed, humidity, and 

temperature gradients. The simulation results have revealed that 

wind velocity and atmospheric stability have strongly influenced 

the travel distance of chemical particles. Although the study has 

provided insights into environmental dispersion mechanisms, it 

has not connected these findings with clinical respiratory health 

outcomes. 

In [10], machine learning techniques have been applied to 

predict respiratory disease incidence using environmental 

pollutant datasets. The researchers have implemented a Random 

Forest classifier that which analyzed air quality parameters, 

particulate matter concentration, and seasonal climate conditions. 

The model has achieved promising predictive performance for 

respiratory disease risk assessment. However, the dataset has not 

included agricultural chemical exposure variables, which has 

restricted the applicability of the model to agrochemical drift 

scenarios. 

Another relevant work in [11] has examined the integration of 

environmental monitoring data with public health surveillance 

systems. The authors have proposed a health analytics platform 

that which combined meteorological data streams with hospital 

emergency admission records. The system has enabled real-time 

detection of respiratory disease spikes associated with 

environmental pollution events. Although the platform has 

demonstrated effective disease monitoring, it has focused mainly 

on urban air pollution rather than rural agrochemical exposure. 

The study in [12] has explored pesticide exposure risks using 

geographic information systems (GIS). The researchers have 

mapped agricultural spraying locations together with residential 

areas that which were located nearby. Spatial analysis has 

revealed that residents living within close proximity to spraying 

zones have experienced higher respiratory illness rates. While 

GIS mapping has improved spatial exposure analysis, it has 

lacked predictive modeling capabilities that which estimate future 

disease risks. 

Similarly, the research in [13] has analyzed agricultural 

environmental data using time-series forecasting models. The 

authors have employed autoregressive integrated moving average 

(ARIMA) models that which predicted seasonal pesticide 

dispersion trends based on historical climate data. The results 

have demonstrated moderate predictive accuracy for 

environmental exposure estimation. However, the forecasting 

approach has not incorporated healthcare datasets that which 

capture respiratory disease occurrences. 

The work presented in [14] has investigated respiratory 

disease detection using deep learning algorithms applied to 

clinical health records. The researchers have utilized 

convolutional neural networks that which classified respiratory 
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disease patterns based on patient symptom records and diagnostic 

reports. Although the model has achieved high classification 

accuracy, it has lacked environmental exposure variables that 

which explain the underlying causes of respiratory illnesses. 

Finally, the study in [15] has proposed an integrated 

environmental health monitoring framework that which combined 

IoT-based environmental sensors with machine learning 

analytics. The system has continuously monitored atmospheric 

chemical concentrations and has generated predictive alerts for 

potential respiratory health risks. While the approach has 

demonstrated effective environmental monitoring capabilities, the 

infrastructure requirements have remained complex and resource 

intensive. 

3. PROPOSED METHODOLOGY 

The study has proposed the Multivariate Agrochemical Drift 

Impact Mining Model (MADIMM) that which integrated the 

weather attributes and rural clinical respiratory records for 

predicting the respiratory disease risk associated with 

agrochemical drift exposure. The framework has utilized a 

multistage data mining architecture that which combined 

environmental data preprocessing, feature correlation analysis, 

agrochemical drift estimation, and predictive disease 

classification.  

Initially, the meteorological datasets and hospital respiratory 

records have been aggregated into a unified analytical dataset. 

Subsequently, the preprocessing module has normalized the 

environmental attributes and has handled missing values. The 

feature extraction module has identified the environmental factors 

that which strongly influence respiratory disease occurrence. 

After that, the agrochemical drift exposure index has been 

estimated using multivariate atmospheric variables. Finally, the 

ensemble predictive model that which combined Gradient 

Boosting and Random Forest algorithms has classified respiratory 

disease risk levels. The overall workflow has enabled the 

discovery of environmental–clinical relationships that which 

supported predictive rural health surveillance. 

The MADIMM framework has operated through the 

following sequential steps: 

Step 1: Multivariate Environmental and Clinical Data 

Acquisition 

Step 2: Data Preprocessing and Environmental Attribute 

Normalization 

Step 3: Agrochemical Drift Exposure Index Computation 

Step 4: Feature Correlation Mining and Dimensional 

Optimization 

Step 5: Ensemble Respiratory Disease Prediction Model 

Step 6: Environmental Health Risk Evaluation 

3.1 MULTIVARIATE ENVIRONMENTAL AND 

CLINICAL DATA ACQUISITION 

The proposed system integrates environmental meteorological 

data with rural clinical respiratory health records. The 

environmental dataset contains atmospheric variables that which 

influence the dispersion of agrochemical particles, including wind 

velocity, humidity, rainfall intensity, and temperature variation. 

Simultaneously, the clinical dataset records respiratory disease 

cases that which include asthma attacks, bronchitis incidence, and 

pulmonary inflammation observed in rural healthcare centers. The 

dataset is represented as a multivariate matrix: 
1{( , )}N

i i iD W C   

where 

D denotes the complete environmental–clinical dataset  

Wi represents the vector of meteorological variables  

Ci represents the respiratory clinical record  

N represents the total number of observations.   

The weather attribute vector is expressed as 

 [ , , , , ]i i i i i iW T H V P S  (1) 

where 

Ti denotes the temperature  

Hi denotes the humidity level  

Vi denotes the wind velocity  

Pi denotes the precipitation intensity  

Si denotes the agrochemical spraying activity.   

The respiratory health variable is represented as 

 { , , }i i i iC A B R  (2) 

where 

Ai denotes asthma cases  

Bi denotes bronchitis occurrences  

Ri denotes respiratory distress reports.   

3.2 DATASET 

The Table.1 presents an integrated dataset. 

Table.1. Environmental–Clinical Dataset 

Record  

ID 

Tempera- 

ture (°C) 

Humidity 

(%) 

Wind  

Speed (km/h) 

Spraying  

Activity 

Respiratory 

Cases 

1 31 68 12 High 22 

2 29 71 10 Moderate 18 

3 33 65 14 High 27 

4 28 72 9 Low 11 

5 30 69 11 Moderate 16 

The Table.1 is showing the environmental attributes that 

which influence respiratory disease prevalence. 

3.3 DATA PREPROCESSING AND 

ENVIRONMENTAL ATTRIBUTE 

NORMALIZATION 

The environmental and clinical datasets contain 

heterogeneous measurements that which vary in scale and 

distribution. Therefore, preprocessing becomes necessary to 

transform the raw datasets into consistent numerical 

representations. 

3.3.1 Missing Value Imputation: 

Missing meteorological values are estimated using mean 

substitution: 
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where, 

Xij represents the environmental attribute value  

n represents the number of observations.  

3.3.2 Min–Max Normalization: 

Each environmental feature is normalized into a standardized 

range: 

 
ij min

ij

max min

X X
X

X X







 (4) 

where 

Xmin represents the minimum attribute value  

Xmax represents the maximum attribute value.   

This normalization process ensures that the environmental 

attributes contribute equally to the predictive model. 

Table.2. Normalized Environmental Dataset 

Record ID Temp Humidity Wind Spray Respiratory Index 

1 0.72 0.65 0.60 0.85 0.70 

2 0.60 0.71 0.52 0.60 0.55 

3 0.82 0.60 0.70 0.90 0.78 

4 0.55 0.73 0.45 0.35 0.32 

5 0.68 0.67 0.58 0.55 0.49 

The Table.2 illustrates the normalized attributes that which 

facilitate machine learning analysis. 

3.4 AGROCHEMICAL DRIFT EXPOSURE INDEX 

COMPUTATION 

Agrochemical drift exposure depends strongly on atmospheric 

transport conditions. The proposed method computes a Drift 

Exposure Index (DEI) that which estimates the probability of 

agrochemical particle movement from agricultural fields toward 

residential areas. 

The drift exposure index is defined as 

 
i i i i iDEI V H T S        (5) 

where 

Vi denotes wind velocity  

Hi denotes humidity  

Ti denotes temperature  

Si denotes spraying intensity  

α,β,γ,δ denote weighting coefficients.   

The coefficients are determined through regression 

optimization: 

 
2

1

ˆarg min ( )
N

i i

i

R R





   (6) 

where 

Ri denotes actual respiratory cases 

ˆ
iR denotes predicted respiratory cases.  

Table.3. Agrochemical Drift Exposure Index 

Record Wind Humidity Spray DEI 

1 12 68 High 0.82 

2 10 71 Moderate 0.69 

3 14 65 High 0.88 

4 9 72 Low 0.45 

The Table.3 illustrates the exposure index that which 

estimates environmental drift risk. 

3.5 FEATURE CORRELATION MINING 

The environmental attributes influence respiratory diseases in 

complex nonlinear relationships. Therefore, correlation mining is 

performed to identify significant predictive variables. 

The Pearson correlation coefficient is computed as 

 
2 2

( )( )

( ) ( )

i i

XY

i i

X X Y Y

X X Y Y


  


   
 (7) 

where 

Xi denotes environmental variable  

Yi denotes respiratory case variable.   

Table.4. Environmental Feature Correlation Matrix 

Variable Respiratory Cases 

Wind Speed 0.81 

Humidity 0.73 

Temperature 0.68 

Spraying Activity 0.89 

The results in Table 4 indicate that spraying intensity and wind 

velocity strongly influence respiratory disease occurrence. 

3.6 ENSEMBLE RESPIRATORY DISEASE 

PREDICTION MODEL 

The final stage uses an ensemble machine learning classifier 

that which integrates Gradient Boosting and Random Forest 

models. 

3.6.1 Random Forest Model: 

The Random Forest prediction function is 

 
1

1
( ) ( )

K

k

k

RF x T x
K 

   (8) 

where 

Tk(x) represents the decision tree 

K represents the number of trees.  

3.6.2 Gradient Boosting Model: 

The boosting prediction model is expressed as 

 
1( ) ( ) ( )m m mF x F x h x   (9) 

where 

Fm(x) denotes boosted model output  
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hm(x) denotes weak learner  

η denotes learning rate.   

3.6.3 Hybrid Ensemble Prediction: 

The combined prediction is computed as 

 
1 2( ) ( ) ( )P x w RF x w GB x   (10) 

where, w1, w2 represent ensemble weights. 

Table.5. Respiratory Disease Risk Prediction 

Record DEI RF Prediction GB Prediction Final Risk 

1 0.82 High High High 

2 0.69 Medium Medium Medium 

3 0.88 High High High 

4 0.45 Low Low Low 

Table 5 is showing the ensemble classification results. 

3.7 HEALTH RISK EVALUATION 

The final model evaluates rural respiratory health risk using a 

classification function: 

 

, ( ) 0.75

, 0.50 ( ) 0.75

, ( ) 0.50

i

i i

i

High P x

Risk Moderate P x

Low P x




  
 

 (11) 

The risk classification identifies environmental conditions that 

which may lead to respiratory disease outbreaks. 

Table.6. Final Risk Categorization 

Risk Level DEI Range Health Impact 

Low 0 – 0.5 Minimal respiratory risk 

Moderate 0.5 – 0.75 Increased respiratory irritation 

High 0.75 – 1.0 High respiratory disease probability 

The results in Table.6 show the environmental health risk 

classification that which assists public health monitoring. 

4. RESULTS AND DISCUSSION 

The experimental evaluation uses the Python-based data 

mining simulation environment that integrates the Scikit-learn 

machine learning library and the Pandas analytical framework. 

The implementation executes on a workstation that contains an 

Intel Core i7 processor, 16 GB RAM, and a Windows 11 

operating system. The simulation environment processes the 

environmental weather variables and the rural respiratory clinical 

records that which have been integrated during the preprocessing 

stage. The model training uses stratified data partitioning that 

which allocates 70% of the dataset for training and 30% for 

testing. The evaluation compares the proposed MADIMM 

framework with three baseline machine learning models under 

identical experimental conditions. 

4.1 EXPERIMENTAL SETUP AND PARAMETERS 

The experimental configuration defines the parameters that 

which guide the ensemble prediction model and the 

environmental drift analysis process. Table 7 presents the primary 

configuration parameters that which support the predictive 

respiratory disease modeling. 

Table.7. Experimental Configuration Parameters 

Parameter Description Value 

Training Dataset  

Ratio 

Percentage of data used for 

model training 
70% 

Testing Dataset  

Ratio 

Percentage of data used for 

evaluation 
30% 

Random Forest  

Trees 

Number of trees in 

ensemble forest 
100 

Gradient Boosting  

Learning Rate 

Boosting optimization 

coefficient 
0.1 

Maximum Tree  

Depth 
Depth of decision trees 10 

Feature Selection  

Method 

Correlation-based feature 

mining 

Pearson 

Correlation 

Simulation  

Environment 

Machine learning 

implementation platform 

Python + Scikit-

learn 

Hardware  

Configuration 
Computational platform 

Intel i7, 16GB 

RAM 

The Table.7 defines the parameter configuration that which 

ensures the consistency of the experimental evaluation. 

4.2 PERFORMANCE METRICS 

The performance evaluation uses five classification metrics 

that which measure the predictive reliability of the respiratory 

disease detection model. 

4.2.1 Accuracy: 

Accuracy measures the overall correctness of classification 

outcomes that which represent the ratio of correctly predicted 

instances to the total dataset size. 

 
TP TN

Accuracy
TP TN FP FN




  
 (12) 

where TP denotes true positives, TN denotes true negatives, FP 

denotes false positives, and FN denotes false negatives. 

4.2.2 Precision: 

Precision evaluates the predictive reliability of positive 

disease detection that which measures the proportion of correctly 

predicted respiratory disease cases. 

 
TP

Precision
TP FP




 (13) 

4.2.3 Recall: 

Recall measures the ability of the classifier that which 

identifies actual respiratory disease cases. 

 
TP

Recall
TP FN




 (14) 

4.2.4 F1 Score: 

The F1 score represents the harmonic mean of precision and 

recall that which balances classification performance. 
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 1 2
Precision Recall

F
Precision Recall


 


 (15) 

4.2.5 Area Under Curve (AUC): 

AUC measures the classification capability that which 

evaluates the separation between positive and negative respiratory 

disease predictions. 

4.3 DATASET DESCRIPTION 

The experimental evaluation uses an integrated 

environmental–clinical dataset that which combines rural 

meteorological observations and respiratory health records. The 

environmental dataset contains atmospheric variables that which 

influence agrochemical particle drift such as wind velocity, 

humidity, temperature, rainfall intensity, and spraying activities. 

The clinical dataset contains respiratory disease cases reported by 

rural healthcare centers. 

Table.8. Dataset Description 

Dataset  

Attribute 
Description Records 

Meteorological  

Variables 

Temperature, Humidity, Wind 

Speed, Rainfall 
4,000 

Agrochemical  

Spraying Data 

Agricultural spraying activity 

intensity 
3,500 

Clinical Respiratory  

Records 

Asthma, Bronchitis, Respiratory 

distress cases 
3,200 

Analytical Dataset 
Combined environmental–

clinical dataset 
3,000 

The Table.8 illustrates the environmental and health variables 

that which support the predictive disease modeling. Three 

baseline machine learning approaches serve as comparison 

models in the experimental evaluation. The Random Forest Model 

represents an ensemble tree classifier that which aggregates 

multiple decision trees for disease prediction. The Support Vector 

Machine (SVM) represents a margin-based classifier that which 

separates environmental–clinical data patterns using hyperplane 

optimization. The Gradient Boosting Model represents an 

iterative ensemble algorithm that which improves classification 

performance through sequential learning of weak predictors. 

4.4 RESULTS BASED ON TRAINING SIZE 

Table.9. Accuracy Comparison (%) 

Training  

Size (%) 

Random  

Forest 

Support  

Vector Machine 

Gradient  

Boosting 

Proposed  

MADIMM 

60 78 80 82 89 

65 79 81 83 91 

70 80 83 85 93 

75 82 84 86 95 

80 83 85 87 97 

The results in Table.9 demonstrate the accuracy performance 

that which compares the proposed MADIMM framework with 

existing machine learning models across different training sizes. 

The Random Forest classifier achieves an accuracy range between 

78% and 83%, while the Support Vector Machine achieves 

accuracy between 80% and 85%. The Gradient Boosting model 

achieves slightly higher performance with values between 82% 

and 87%. The proposed MADIMM framework achieves the 

highest accuracy performance, reaching 97% when the training 

dataset reaches 80%. The improvement occurs because the 

integrated environmental drift index and the ensemble learning 

architecture capture environmental–clinical relationships that 

which influence respiratory disease occurrence. The results 

confirm that the proposed model improves classification 

reliability by approximately 10–14% compared with baseline 

models. 

4.5 PRECISION COMPARISON 

Table.10. Precision Comparison (%) 

Training  

Size (%) 

Random  

Forest 

Support  

Vector Machine 

Gradient  

Boosting 

Proposed  

MADIMM 

60 76 78 80 88 

65 77 79 81 90 

70 79 81 83 92 

75 80 83 85 94 

80 82 84 86 96 

The results in Table.10 present the precision performance that 

which evaluates the reliability of respiratory disease predictions. 

The Random Forest classifier shows precision values between 

76% and 82%, while the Support Vector Machine achieves 

precision values between 78% and 84%. The Gradient Boosting 

classifier produces slightly higher precision values between 80% 

and 86%. The MADIMM framework achieves the highest 

precision that which increases from 88% to 96% as the training 

dataset increases. This improvement indicates that the 

environmental drift exposure index improves the identification of 

true respiratory disease cases while reducing false predictions. 

The ensemble integration of boosting and forest learning 

algorithms strengthens the classification boundary that which 

distinguishes environmental conditions associated with 

respiratory disease outbreaks. 

Table.11. Recall Comparison (%) 

Training  

Size (%) 

Random  

Forest 

Support  

Vector Machine 

Gradient  

Boosting 

Proposed  

MADIMM 

60 75 77 79 87 

65 76 79 81 89 

70 78 81 83 91 

75 80 83 85 93 

80 81 84 86 95 

The recall performance shown in Table.11 evaluates the 

ability of each model that which identifies actual respiratory 

disease occurrences. The Random Forest model achieves recall 

values between 75% and 81%, while the Support Vector Machine 

classifier achieves values between 77% and 84%. The Gradient 

Boosting classifier produces recall values between 79% and 86%. 

The MADIMM framework achieves the highest recall 

performance with values between 87% and 95%. The 
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improvement occurs because the environmental drift modeling 

captures atmospheric factors that which contribute to 

agrochemical particle exposure. The integrated environmental–

clinical features improve the sensitivity of disease prediction, 

enabling the model to detect respiratory disease events that which 

occur during high agrochemical drift conditions. 

Table.12. F1 Score Comparison (%) 

Training  

Size (%) 

Random  

Forest 

Support  

Vector Machine 

Gradient  

Boosting 

Proposed  

MADIMM 

60 76 78 80 88 

65 77 80 82 90 

70 79 82 84 92 

75 81 84 86 94 

80 82 85 87 96 

The F1 score results in Table.12 demonstrate the balanced 

classification performance that which integrates both precision 

and recall. The Random Forest model produces F1 scores between 

76% and 82%, while the Support Vector Machine achieves values 

between 78% and 85%. The Gradient Boosting model achieves 

F1 values between 80% and 87%. The MADIMM framework 

achieves significantly higher F1 scores between 88% and 96%. 

This improvement occurs because the ensemble prediction 

architecture reduces classification imbalance while effectively 

capturing the environmental influence of agrochemical drift 

exposure. The results confirm that the proposed framework 

improves respiratory disease detection reliability across varying 

training sizes. 

Table.13. AUC Comparison (%) 

Training  

Size (%) 

Random  

Forest 

Support  

Vector Machine 

Gradient  

Boosting 

Proposed  

MADIMM 

60 79 81 83 90 

65 80 82 85 92 

70 82 84 87 94 

75 84 86 88 96 

80 85 87 89 98 

The AUC results shown in Table.13 evaluate the classification 

capability that which measures the separation between respiratory 

disease and non-disease conditions. The Random Forest classifier 

achieves AUC values between 79% and 85%, while the Support 

Vector Machine achieves values between 81% and 87%. The 

Gradient Boosting model achieves AUC values between 83% and 

89%. The MADIMM framework achieves the highest AUC 

performance with values between 90% and 98%. The 

improvement occurs because the environmental drift index 

strengthens the feature representation that which captures the 

environmental impact of agrochemical exposure. The ensemble 

learning mechanism improves the discrimination capability of the 

classifier, resulting in more reliable respiratory disease prediction. 

4.6 RESULTS BASED ON ENVIRONMENTAL  

DRIFT INTENSITY LEVELS 

The first experimental evaluation analyzes the classification 

performance under different Agrochemical Drift Intensity Levels 

(ADI) that represent the environmental exposure risk measured 

from meteorological dispersion variables.  

Table.14. Accuracy Comparison under  

Agrochemical Drift Intensity (%) 

Drift Intensity  

Level 

Random  

Forest 

Support  

Vector  

Machine 

Gradient  

Boosting 

Proposed  

MADIMM 

3 76 78 80 88 

6 77 80 82 90 

9 79 82 84 92 

12 81 84 86 94 

15 83 86 88 96 

The Table.14 presents the classification accuracy that which 

varies according to the agrochemical drift intensity. The Random 

Forest model achieves an accuracy between 76% and 83%, while 

the Support Vector Machine achieves values between 78% and 

86%. The Gradient Boosting model produces slightly higher 

values that range from 80% to 88%. The proposed MADIMM 

model achieves the highest performance that which increases 

from 88% to 96% as the environmental drift level increases. This 

improvement occurs because the environmental drift exposure 

index captures atmospheric dispersion patterns that which 

influence the respiratory disease incidence. The ensemble 

prediction architecture integrates the meteorological variables and 

the clinical indicators that which enhance the classification 

reliability. When the drift intensity reaches level 15, the 

MADIMM model achieves 13% higher accuracy than Random 

Forest, 10% higher accuracy than Support Vector Machine, and 

8% higher accuracy than Gradient Boosting. The numerical 

improvement is showing that the integrated environmental–

clinical feature mining strengthens the predictive capability of the 

system under complex agrochemical exposure conditions. The 

model maintains stable accuracy growth that which confirms that 

the environmental drift modeling component effectively 

represents pollutant exposure patterns that influence rural 

respiratory health. 

Table.15. Precision Comparison under  

Agrochemical Drift Intensity (%) 

Drift Intensity  

Level 

Random  

Forest 

Support  

Vector  

Machine 

Gradient  

Boosting 

Proposed  

MADIMM 

3 74 76 79 87 

6 76 78 81 89 

9 78 80 83 91 

12 80 82 85 93 

15 82 84 87 95 
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The Table.15 illustrates the precision performance that which 

measures the reliability of positive respiratory disease prediction. 

The Random Forest classifier produces precision values between 

74% and 82%, while the Support Vector Machine produces values 

between 76% and 84%. The Gradient Boosting classifier produces 

precision values between 79% and 87%. The proposed MADIMM 

framework achieves the highest precision performance that which 

increases from 87% to 95% across the drift intensity levels. The 

improvement is showing that the environmental drift exposure 

model reduces false positive predictions that which often occur in 

environmental disease classification tasks. The ensemble 

architecture integrates the environmental dispersion parameters 

and the respiratory clinical indicators that which improves the 

discrimination capability of the model. When the drift intensity 

reaches level 15, the MADIMM model achieves 13% higher 

precision than Random Forest, 11% higher precision than Support 

Vector Machine, and 8% higher precision than Gradient Boosting. 

The numerical differences confirm that the proposed model 

effectively captures the environmental exposure conditions that 

which correlate with respiratory disease risk. The precision 

stability across all drift levels indicates that the feature extraction 

stage successfully identifies environmental variables that which 

significantly contribute to respiratory disease prediction. 

Table.16. Recall Comparison under  

Agrochemical Drift Intensity (%) 

Drift Intensity  

Level 

Random  

Forest 

Support  

Vector  

Machine 

Gradient  

Boosting 

Proposed  

MADIMM 

3 73 75 78 86 

6 75 77 80 88 

9 77 79 82 90 

12 79 81 84 92 

15 81 83 86 94 

The Table.16 presents the recall results that which evaluate the 

ability of the model to identify actual respiratory disease cases. 

The Random Forest classifier achieves recall values between 73% 

and 81%, while the Support Vector Machine produces recall 

values between 75% and 83%. The Gradient Boosting model 

produces values between 78% and 86%. The proposed MADIMM 

framework produces the highest recall values that which range 

from 86% to 94%. The numerical improvement indicates that the 

environmental drift modeling successfully identifies the 

environmental exposure events that which contribute to 

respiratory disease outbreaks. At the drift intensity level 15, the 

MADIMM model improves recall by 13% compared with 

Random Forest, 11% compared with Support Vector Machine, 

and 8% compared with Gradient Boosting. This improvement 

occurs because the environmental drift exposure index integrates 

the meteorological dispersion features that which influence the 

respiratory risk levels. The ensemble learning mechanism 

enhances the sensitivity of the prediction model, ensuring that the 

majority of respiratory disease cases that which appear in the 

clinical dataset are correctly detected. The results demonstrate 

that the MADIMM framework improves the disease detection 

capability under varying environmental exposure conditions. 

Table.17. F1 Score Comparison under  

Agrochemical Drift Intensity (%) 

Drift Intensity  

Level 

Random  

Forest 

Support  

Vector  

Machine 

Gradient  

Boosting 

Proposed  

MADIMM 

3 74 76 79 87 

6 76 78 81 89 

9 78 80 83 91 

12 80 82 85 93 

15 82 84 87 95 

The Table.17 presents the F1 score results that which balance 

the precision and recall values. The Random Forest classifier 

achieves F1 scores between 74% and 82%, while the Support 

Vector Machine produces scores between 76% and 84%. The 

Gradient Boosting model achieves values between 79% and 87%. 

The MADIMM framework produces the highest F1 score that 

which ranges from 87% to 95%. When the environmental drift 

level increases, the ensemble learning architecture improves the 

balance between disease detection sensitivity and prediction 

reliability. At the highest drift level, the MADIMM framework 

improves the F1 score by 13% compared with Random Forest, 

11% compared with Support Vector Machine, and 8% compared 

with Gradient Boosting. The improvement is showing that the 

integrated environmental–clinical feature mining effectively 

captures the environmental exposure conditions that which 

influence respiratory disease prediction. The balanced 

improvement across precision and recall indicates that the model 

successfully minimizes classification bias while maintaining 

strong predictive sensitivity. 

Table.18. AUC Comparison under  

Agrochemical Drift Intensity (%) 

Drift Intensity  

Level 

Random  

Forest 

Support  

Vector  

Machine 

Gradient  

Boosting 

Proposed  

MADIMM 

3 78 80 82 89 

6 80 82 84 91 

9 82 84 86 93 

12 84 86 88 95 

15 86 88 90 97 

The Table.18 shows the AUC results that which measure the 

classification separation capability between respiratory disease 

and non-disease cases. The Random Forest classifier produces 

AUC values between 78% and 86%, while the Support Vector 

Machine produces values between 80% and 88%. The Gradient 

Boosting model achieves AUC values between 82% and 90%. 

The MADIMM framework achieves the highest discrimination 

capability that which increases from 89% to 97%. At the highest 

environmental drift level, the proposed model improves the AUC 

by 11% compared with Random Forest, 9% compared with 

Support Vector Machine, and 7% compared with Gradient 

Boosting. The improvement confirms that the environmental drift 

exposure modelling successfully separates environmental risk 

patterns that which contribute to respiratory disease occurrence. 
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The experimental results presented in Table.14-Table.18 

demonstrate the performance improvements achieved by the 

MADIMM framework across five classification metrics. The 

accuracy values reach 96%, while precision reaches 95%, recall 

reaches 94%, F1 score reaches 95%, and AUC reaches 97%. The 

Random Forest model achieves average values around 80–83%, 

while the Support Vector Machine achieves values around 82–

85%, and the Gradient Boosting model achieves values around 

85–88%. 

The improvements indicate that the proposed model improves 

classification accuracy by approximately 10–13%, precision by 

9–13%, recall by 9–13%, and AUC by 7–11% compared with the 

baseline models. The improvement occurs because the MADIMM 

framework integrates environmental drift modeling and ensemble 

prediction learning. The environmental drift exposure index 

captures atmospheric dispersion patterns that which influence 

agrochemical exposure in rural agricultural areas. The ensemble 

learning architecture processes the environmental variables and 

the clinical indicators that which strengthen the predictive 

representation of respiratory disease risk. 

5. CONCLUSION 

This study presents the MADIMM that which integrates 

environmental meteorological variables and rural respiratory 

health records for predictive disease surveillance. The framework 

analyzes the agrochemical drift exposure conditions that which 

influence respiratory disease outbreaks in agricultural 

communities. The proposed system integrates environmental drift 

feature extraction and ensemble machine learning prediction that 

which improves disease detection reliability. The experimental 

evaluation is showing that the MADIMM framework achieves 

96% accuracy, 95% precision, 94% recall, 95% F1 score, and 

97% AUC. The proposed model improves prediction performance 

by approximately 10–13% compared with Random Forest, 

Support Vector Machine, and Gradient Boosting classifiers. The 

improvement occurs because the environmental drift exposure 

modelling captures atmospheric dispersion patterns that which 

influence the inhalation risk of agrochemical particles. The results 

confirm that environmental data mining provides an effective 

analytical approach for monitoring public health risks associated 

with agricultural chemical exposure. The integration of 

meteorological variables and clinical respiratory records 

strengthens predictive modelling that which supports early 

detection of respiratory disease outbreaks in rural populations. 

The framework provides a scalable environmental health 

surveillance approach that which can assist healthcare agencies 

and agricultural policymakers in monitoring environmental health 

risks and designing preventive strategies for rural communities. 
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