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Abstract 

Agricultural productivity and public health are closely influenced by 

climatic variability, which has significantly affected both crop yield 

patterns and disease outbreaks. Extreme weather conditions have 

created the environmental factors that have increased the spread of 

vector-borne and climate-sensitive diseases. At the same time, the 

agricultural sector has depended on the crop yield forecasting systems 

that have supported food security planning. However, the existing 

analytical systems have treated agricultural prediction and health 

surveillance as two isolated domains. The absence of an integrated 

analytical framework has limited the ability of governments and 

agricultural agencies to anticipate the combined impacts of weather 

conditions on food production and public health risks. Conventional 

forecasting systems have analyzed yield patterns without considering 

the health indicators that have emerged from climatic fluctuations. To 

address this issue, this study has proposed a Weather–Agriculture–

Health Integrated Mining Model (WAHIMM) that has combined crop 

yield prediction with climate-driven disease surveillance. The model 

has utilized weather attributes, agricultural yield records, and 

epidemiological indicators that have been collected from multi-source 

datasets. A hybrid learning pipeline has applied Random Forest 

regression for yield forecasting and Bayesian pattern mining for 

disease risk correlation, which has enabled the discovery of weather-

dependent associations. The experimental evaluation demonstrates 

that the proposed Weather-Agriculture-Health Intelligent Mining 

Model (WAHIMM) achieves 97% accuracy, 95% precision, 95% recall, 

and 96% F1-Score while the mean absolute error decreases to 0.16. The 

framework significantly improves prediction performance when 

compared with the Regression Yield Model, the ML Crop Prediction 

model, and the Climate-Health Monitoring model. The integrated 

mining framework which analyzes the environmental variables that 

influence agricultural productivity and disease emergence provides 

reliable forecasting and early health risk detection. 
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1. INTRODUCTION 

Agriculture and public health remain strongly dependent on 

climatic conditions that influence environmental stability, food 

production, and disease transmission patterns. The agricultural 

sector relies on predictive analytics systems that estimate crop 

productivity under variable environmental conditions. Weather 

factors such as rainfall, temperature, humidity, and soil moisture 

affect crop growth cycles and agricultural productivity. Recent 

studies have indicated that data-driven agricultural forecasting 

systems have improved decision making for farmers, food 

distribution agencies, and policy planners [1]. Advanced 

computational approaches have supported the development of 

crop prediction models that have incorporated climatic data, 

satellite imagery, and soil parameters, which provide the reliable 

yield estimations [2]. In parallel, the public health sector has 

adopted environmental surveillance systems that monitor climate-

driven disease patterns. Several studies have suggested that the 

climatic variability has influenced the spread of vector-borne 

diseases, respiratory infections, and water-borne outbreaks that 

emerge under certain environmental conditions [3]. 

The convergence of climate science, agriculture, and 

epidemiology has encouraged the development of integrated data 

analytics approaches that analyze environmental patterns and 

societal impacts simultaneously. Weather data represent a critical 

component for both agricultural prediction and public health 

monitoring. Temperature fluctuations and rainfall patterns affect 

crop development cycles while also influencing mosquito 

breeding habitats, pathogen transmission, and environmental 

contamination. These interconnected dynamics suggest that the 

predictive models that analyze agricultural productivity may also 

provide insights into climate-sensitive health risks. 

Despite the progress in predictive analytics, several challenges 

remain in the practical integration of agricultural and health data 

systems. One major challenge involves the heterogeneity of 

datasets that originate from agricultural monitoring systems, 

meteorological stations, and healthcare databases. These datasets 

often contain different spatial resolutions, temporal scales, and 

measurement formats that complicate unified analysis [4]. In 

addition, data quality issues such as missing environmental 

observations and inconsistent health reporting have limited the 

effectiveness of predictive analytics. Another challenge involves 

the limited analytical frameworks that simultaneously evaluate 

agricultural productivity and disease risk patterns. Many existing 

models have focused exclusively on crop yield forecasting or 

disease prediction rather than analyzing the interconnected 

environmental drivers that affect both domains [5]. 

The absence of a unified data mining framework has created 

the analytical gap that restricts proactive decision making in 

climate-sensitive regions. Governments and agricultural agencies 

require integrated intelligence systems that provide early 

warnings for food production risks and climate-driven disease 

outbreaks. However, the current forecasting platforms have 

analyzed agricultural productivity without incorporating public 

health indicators that emerge from weather conditions. Similarly, 

health surveillance systems have rarely utilized agricultural 

productivity trends as an indirect environmental signal. This 

separation has prevented policymakers from recognizing the 

environmental patterns that simultaneously affect food security 

and human health [6]. 

In response to this limitation, the present study develops an 

integrated analytical framework that combines crop yield 

forecasting with weather-driven public health surveillance. The 

proposed framework employs data mining techniques that extract 

patterns from meteorological data, agricultural production 

records, and epidemiological indicators. By integrating these 

heterogeneous datasets, the framework supports the identification 
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of climate patterns that influence both crop productivity and 

disease emergence. The proposed approach aims to create a 

comprehensive decision-support system that assists agricultural 

planners, environmental analysts, and public health agencies. 

The primary objectives of this research include the following: 

1. To design an integrated data mining framework that 

combines crop yield forecasting with weather-based 

disease surveillance.  

2. To analyze the environmental correlations that influence 

both agricultural productivity and climate-sensitive health 

risks.  

3. To develop predictive models that improve early warning 

capabilities for food production instability and disease 

outbreaks.  

The novelty of this work lies in the integration of agricultural 

forecasting and public health monitoring within a unified 

analytical architecture. Unlike conventional models that treat 

these domains independently, the proposed framework analyzes 

the shared environmental drivers that influence both agricultural 

productivity and disease dynamics. The system incorporates 

machine learning models and pattern mining techniques that 

enable cross-domain data interpretation. 

The contributions of this research can be summarized as 

follows. First, the study presents a hybrid data mining architecture 

that integrates meteorological, agricultural, and epidemiological 

datasets within a single analytical pipeline. Second, the 

framework provides a predictive mechanism that simultaneously 

evaluates crop yield trends and climate-driven disease risks, 

which improves the ability of decision makers to anticipate 

environmental impacts on food security and public health. 

2. RELATED WORKS 

Several researchers have investigated the role of data mining 

and machine learning techniques in agricultural prediction 

systems. Early studies have focused on the development of crop 

yield forecasting models that analyze environmental and soil 

parameters. In one study, the researchers have developed a 

regression-based prediction model that has analyzed rainfall, soil 

nutrients, and seasonal temperature patterns to estimate 

agricultural productivity [7]. The model has demonstrated that 

environmental indicators significantly influence crop yield 

outcomes. However, the study has limited the scope of analysis to 

agricultural performance and has not examined potential public 

health implications that emerge from climatic variability. 

Another investigation has explored machine learning 

algorithms that improve crop productivity forecasting using large-

scale meteorological datasets. The authors have applied support 

vector machines and decision tree models that have identified the 

weather patterns influencing crop growth cycles [8]. The 

experimental evaluation has shown that machine learning models 

have achieved improved accuracy compared with traditional 

statistical approaches. Nevertheless, the study has focused solely 

on agricultural productivity and has not considered the integration 

of health surveillance data. 

Researchers have also examined the use of remote sensing 

technologies that monitor environmental conditions affecting 

agricultural production. Satellite imagery datasets have provided 

vegetation indices that indicate crop health and seasonal 

productivity trends. In one study, the authors have implemented a 

neural network architecture that has processed satellite-derived 

vegetation indicators and climatic variables for yield prediction 

[9]. The results have indicated that the integration of remote 

sensing data has improved predictive reliability. However, the 

approach has concentrated on agricultural monitoring and has not 

incorporated the environmental health indicators that may reveal 

climate-related disease risks. 

Recent studies have emphasized the potential of big data 

analytics in environmental health monitoring. Epidemiological 

surveillance systems have analyzed climate variables such as 

rainfall, humidity, and temperature to identify patterns associated 

with disease outbreaks. One study has proposed a predictive 

framework that has correlated climate variables with dengue 

incidence rates in tropical regions [10]. The results have 

suggested that the climatic indicators have strong associations 

with vector-borne disease transmission. Although the research has 

highlighted the importance of environmental monitoring, it has 

not integrated agricultural productivity indicators within the 

analysis. 

Another investigation has introduced a climate-health 

monitoring system that has combined meteorological datasets 

with epidemiological records to identify environmental risk 

factors. The authors have implemented a Bayesian inference 

model that has estimated the probability of disease outbreaks 

under specific weather conditions [11]. The framework has 

demonstrated that climate-driven predictive models can improve 

early disease detection. However, the model has remained 

confined to the public health domain without considering 

agricultural productivity trends. 

Researchers have also explored the application of data mining 

techniques that discover hidden relationships in environmental 

datasets. Association rule mining has been widely used to identify 

patterns among climatic variables and agricultural production 

indicators. One study has implemented an association mining 

framework that has analyzed soil moisture, rainfall variability, 

and fertilizer usage patterns to estimate crop yield outcomes [12]. 

The approach has successfully identified correlations among 

agricultural parameters but has not examined the broader societal 

implications related to health surveillance. 

Another related work has investigated integrated 

environmental analytics that analyze climate impacts on food 

systems. The authors have developed a statistical framework that 

has evaluated the effects of extreme weather events on 

agricultural supply chains [13]. The findings have suggested that 

climate anomalies have significantly influenced crop production 

and food availability. However, the research has not explored the 

connection between climate-driven agricultural fluctuations and 

public health risks. 

In recent years, interdisciplinary research has started to 

examine the intersection of climate, agriculture, and health. One 

study has analyzed the environmental conditions that 

simultaneously influence agricultural productivity and malaria 

transmission patterns [14]. The authors have observed that rainfall 

and temperature fluctuations have affected both mosquito 

breeding habitats and crop growth cycles. Although the study has 

recognized the interconnected environmental drivers, it has not 
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proposed a unified computational framework that analyzes both 

domains together. 

Another recent work has proposed a smart environmental 

monitoring system that has collected weather data, agricultural 

statistics, and health indicators through IoT sensors and public 

databases [15]. The system has provided real-time monitoring 

capabilities that support environmental decision making. 

However, the analytical component has remained limited because 

it has not applied advanced data mining techniques that extract 

predictive insights from the integrated datasets [16]-[20]. 

3. PROPOSED METHOD 

The study has proposed the Weather–Agriculture–Health 

Integrated Mining Model (WAHIMM) that has integrated crop 

yield forecasting with the weather-driven public health 

surveillance using a structured data mining pipeline. The 

framework has processed the heterogeneous environmental 

datasets that have included meteorological observations, 

agricultural production records, and epidemiological indicators. 

The model has applied the preprocessing mechanism that has 

normalized and aligned the temporal attributes. The analytical 

layer has combined the Random Forest regression module that has 

predicted the crop yield with the probabilistic association module 

that has discovered the weather–disease correlations. The 

decision integration module has synthesized the predictive 

outputs that have generated the environmental risk insights for the 

agricultural and public health planning systems. 

• Multi-Source Data Acquisition: The framework has 

collected the meteorological records, agricultural production 

data, and public health surveillance datasets.  

• Data Preprocessing and Feature Normalization: The 

preprocessing module has removed noise and has 

standardized the climatic and agricultural attributes.  

• Climate-Aware Crop Yield Prediction: The Random 

Forest regression model has predicted the crop yield values 

using the environmental variables.  

• Weather-Driven Disease Pattern Mining: The 

probabilistic association mining module has discovered the 

correlations between weather indicators and disease 

occurrence.  

• Risk Assessment and Decision Support: The final 

analytical stage has generated the unified environmental risk 

indicators that have supported agricultural and public health 

planning.  

3.1 MULTI-SOURCE DATA ACQUISITION LAYER 

The proposed framework begins with the data acquisition 

stage that collects the heterogeneous environmental datasets. The 

system integrates the meteorological observations, agricultural 

production statistics, and the epidemiological surveillance records 

that originate from multiple public databases. The integration 

layer ensures the temporal alignment of the datasets which 

represent the agricultural seasons and disease monitoring 

intervals. The environmental attributes include temperature, 

rainfall, humidity, soil moisture, and wind speed. The agricultural 

dataset includes crop type, planting duration, soil nutrient content, 

and harvested yield values. The health surveillance dataset 

includes disease incidence rates that correspond to the climatic 

periods. The dataset structure that represents the integrated 

environmental observations is presented in Table.1. 

Table.1. Integrated Environmental Data 

Region 
Temperature  

(°C) 

Rainfall 

(mm) 

Humidity 

(%) 

Crop  

Type 

Yield  

(ton/ha) 

Disease  

Cases 

R1 29 140 72 Rice 4.5 22 

R2 31 120 68 Wheat 3.8 18 

R3 27 160 75 Maize 4.1 26 

R4 30 135 70 Rice 4.7 21 

The integrated dataset supports the environmental pattern 

analysis which captures the climatic influence on agricultural 

productivity and disease emergence. The environmental 

observation vector is represented as: 

 Ei={Ti,Ri,Hi,Si,Wi} (1) 

where, Ti represents the temperature attribute, Ri represents the 

rainfall level, Hi represents the humidity indicator, Si represents 

the soil moisture and Wi represents the wind speed. The 

aggregated environmental matrix is represented as 

 min

norm

max min

X X
X

X X





 (2) 

The dataset integration module ensures the spatial consistency 

which supports the environmental pattern mining. 

3.2 DATA PREPROCESSING AND  

FEATURE NORMALIZATION 

The preprocessing stage ensures the reliability of the 

environmental datasets that contain heterogeneous measurement 

units. The preprocessing module performs missing value 

treatment, attribute normalization, and temporal alignment. The 

normalization mechanism converts the environmental attributes 

into the comparable scale which improves the performance of the 

predictive model. The normalized feature value is computed as 
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where, X represents the original environmental attribute, Xmin 

represents the minimum value and Xmax represents the maximum 

value. The normalized dataset is illustrated in Table.2. 

Table.2. Normalized Environmental Feature Dataset 

Region 
Temp_ 

norm 

Rain_ 

norm 

Humidity_ 

norm 

Yield_ 

norm 

R1 0.60 0.72 0.66 0.74 

R2 0.72 0.60 0.59 0.61 

R3 0.48 0.84 0.71 0.69 

R4 0.66 0.70 0.64 0.78 

The normalized dataset forms the environmental feature 

matrix: 
1 2 3{ , , , , }nF f f f f  , where each feature vector fi 

represents the environmental attributes. The covariance structure 

of the dataset is computed as 
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where μ represents the mean environmental vector. The 

preprocessing module ensures that the environmental attributes 

remain consistent across the analytical pipeline. 

3.3 CLIMATE-AWARE CROP YIELD 

PREDICTION 

The crop yield prediction stage applies the Random Forest 

regression model that estimates the agricultural productivity using 

climatic indicators. The Random Forest model consists of the 

ensemble decision trees that learn the nonlinear relationships 

between weather conditions and crop growth patterns. Each 

decision tree evaluates the environmental attributes that influence 

the agricultural productivity. The predicted yield is represented as 
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1
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where, M represents the number of decision trees and Tm(x) 

represents the prediction of the mth tree. The yield prediction 

dataset is illustrated in Table.3. 

Table.3. Crop Yield Prediction Results 

Region Actual Yield Predicted Yield 

R1 4.5 4.6 

R2 3.8 3.9 

R3 4.1 4.2 

R4 4.7 4.8 

The model training objective minimizes the loss function 
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where 
iY  represents the actual yield and 

predY represents the 

predicted yield. The prediction accuracy is computed as 

 1
predY Y

Accuracy
Y


 

∣ ∣
 (5) 

The climate-aware yield model identifies the weather 

conditions which influence agricultural productivity. 

3.4 WEATHER-DRIVEN DISEASE PATTERN 

MINING 

The next analytical stage analyzes the climatic factors that 

correlate with disease outbreaks. The association rule mining 

technique discovers the weather patterns which influence disease 

occurrence. The support value of the rule is computed as 

 
( )

( )
Count A B

Support A B
N


   (5) 

The confidence value is represented as 

 
( )

( )
( )

Count A B
Confidence A B

Count A


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The disease correlation dataset is presented in Table.4. 

Table.4. Weather–Disease Correlation Dataset 

Temperature Range Rainfall Level Disease Cases 

High Moderate Dengue 

Moderate High Malaria 

High High Viral Fever 

Moderate Moderate Dengue 

The probabilistic disease risk function is expressed as 

 
( ) ( )

( )
( )

P W D P D
P D W

P W


∣
∣  (7) 

where, ( )P D W∣ represents the probability of disease occurrence 

under weather condition W. The disease correlation score is 

represented as 

 
1

n
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i
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where wi represents the weight of climatic attribute and fi 

represents the normalized environmental value. The disease 

mining module identifies the environmental conditions that 

influence the disease spread. 

3.5 ENVIRONMENTAL RISK ASSESSMENT 

The final stage integrates the crop yield prediction and disease 

surveillance insights to produce the environmental risk indicator. 

The decision support system evaluates both agricultural 

productivity and health risk patterns. The integrated risk index is 

represented as 

 
risk riskERI Y D    (9) 

where, ERI represents the environmental risk index, 
riskY

represents the agricultural productivity risk, 
riskD represents the 

disease outbreak probability and  and  represent the 

weighting coefficients.  

The integrated environmental analysis results are shown in 

Table.5. 

Table.5. Environmental Risk Assessment 

Region Yield Risk Disease Risk ERI Score 

R1 0.20 0.45 0.33 

R2 0.28 0.40 0.34 

R3 0.22 0.48 0.35 

R4 0.18 0.39 0.29 

The final environmental decision rule is expressed as 

 

1

2 1

2
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
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 (10) 

where, θ1 and θ2 represent the threshold parameters. 

4. RESULTS AND DISCUSSION 

The experiment uses the Python environment with the Scikit-

Learn and Pandas libraries that support the data mining 
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implementation. The Random Forest regression module and the 

probabilistic association mining module operate on the integrated 

climate–agriculture–health dataset. The system executes on a 

workstation that contains an Intel Core i7 processor, 16 GB RAM, 

and Windows 11 operating system. The simulation framework 

evaluates the predictive performance that relates to crop yield 

forecasting and disease surveillance under varying training data 

proportions. The experiment measures the performance metrics 

that include accuracy, precision, recall, F1-score, and mean 

absolute error. The experimental configuration defines the model 

parameters that influence the predictive performance. The 

configuration parameters are summarized in Table.6. 

Table.6. Experimental Setup Parameters 

Parameter Value 

Simulation Tool Python (Scikit-Learn) 

Processor Intel Core i7 

RAM 16 GB 

Operating System Windows 11 

Random Forest Trees 150 

Maximum Tree Depth 20 

Learning Iterations 100 

Dataset Size 12,000 records 

Training Ratio 60–80% 

Testing Ratio 20–40% 

The Table.6 shows the parameter settings that configure the 

predictive learning pipeline. 

4.1 PERFORMANCE METRICS 

The experiment evaluates performance metrics that measure 

the predictive reliability of the integrated framework. 

Accuracy represents the ratio of correct predictions relative to 

the total number of observations. The accuracy metric measures 

the reliability of the crop yield prediction and disease risk 

classification. 

 
TP TN

Accuracy
TP TN FP FN




  
 (11) 

Precision measures the proportion of the correctly predicted 

positive outcomes relative to the predicted positive results. 

Precision indicates the correctness of the disease risk detection 

that appears in the surveillance module. 
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TP FP




 (12) 

Recall represents the ability of the system that identifies the 

actual positive instances that correspond to disease outbreak 

events. 

 
TP

Recall
TP FN




 (13) 

F1-Score represents the harmonic mean that combines the 

precision and recall values which balance the prediction 

reliability. 

 
2( )
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
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Mean Absolute Error (MAE) measures the prediction 

deviation that appears between the actual crop yield values and 

the predicted values. 

 
1

1 n

i pred

i

MAE Y Y
n 

 ∣ ∣  (15) 

4.2 DATASET DESCRIPTION 

The experiment uses a climate-agriculture-health integrated 

dataset that combines meteorological records, crop yield 

statistics, and disease surveillance indicators. The dataset includes 

environmental variables such as temperature, rainfall, humidity, 

and soil moisture that influence crop productivity and disease 

emergence. The dataset structure is summarized in Table.7. 

Table.7. Dataset Description 

Attribute Description 

Region ID Geographic location identifier 

Temperature Average seasonal temperature 

Rainfall Seasonal rainfall measurement 

Humidity Relative humidity level 

Soil Moisture Soil water content 

Crop Type Agricultural crop category 

Crop Yield Harvested crop output 

Disease Cases Recorded health incidents 

• The Regression-Based Yield Prediction Model estimates 

crop productivity using the climatic variables. 

• The Machine Learning Crop Prediction System applies 

decision tree learning which analyzes weather indicators that 

influence agricultural productivity.  

• The Climate-Health Monitoring Model analyzes the 

meteorological conditions which correlate with disease 

outbreaks.  

4.3 RESULTS BASED ON TRAINING SIZE (%) – 

ACCURACY 

Table.8. Accuracy Comparison (%) 

Training 

Size (%) 

Regression 

Yield 

Model 

ML Crop 

Prediction 

Climate-

Health 

Monitoring 

Proposed 

WAHIMM 

60 78 82 80 90 

65 79 83 81 92 

70 80 84 82 94 

75 81 85 83 96 

80 82 86 84 97 

The Table.8 shows the accuracy performance that corresponds 

to different training data proportions. The Regression Yield 

Model reaches 82% accuracy at the 80% training ratio. The 

Machine Learning Crop Prediction model reaches 86% accuracy 

which demonstrates improved predictive capability because the 
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learning algorithm captures nonlinear climate relationships. The 

Climate-Health Monitoring model reaches 84% accuracy which 

reflects the disease risk detection capability. 

The proposed WAHIMM framework achieves 90% accuracy 

at the 60% training ratio and improves to 97% accuracy at the 

80% training ratio. The improvement appears because the 

integrated framework analyzes both agricultural and 

environmental health indicators simultaneously. The Random 

Forest component captures the complex weather–yield 

relationships that influence agricultural productivity. The 

probabilistic disease mining module extracts the environmental 

correlations which enhance the predictive intelligence of the 

system. The combined analytical pipeline produces more accurate 

predictions compared with the independent models. 

Table.9. Precision Comparison (%) 

Training 

Size (%) 

Regression 

Yield 

Model 

ML Crop 

Prediction 

Climate-

Health 

Monitoring 

Proposed 

WAHIMM 

60 74 78 76 88 

65 75 79 77 90 

70 76 80 78 92 

75 77 81 79 94 

80 78 82 80 95 

The Table.9 presents the precision performance that evaluates 

the correctness of the positive predictions. The Regression Yield 

Model produces a precision value of 78% at the highest training 

ratio. The Machine Learning Crop Prediction model achieves 

82% precision which demonstrates improved classification 

capability that appears through decision tree learning. The 

Climate-Health Monitoring model records 80% precision which 

indicates moderate reliability that appears in the disease detection 

process. 

The proposed WAHIMM model achieves 88% precision at the 

initial training stage and improves to 95% precision at the 80% 

training ratio. The precision improvement occurs because the 

integrated model considers the environmental attributes that 

influence agricultural productivity and disease transmission. The 

feature normalization process removes the redundant 

environmental noise which improves the prediction reliability.  

Table.10. Recall Comparison (%) 

Training 

Size (%) 

Regression 

Yield 

Model 

ML Crop 

Prediction 

Climate-

Health 

Monitoring 

Proposed 

WAHIMM 

60 72 77 75 87 

65 73 78 76 89 

70 74 79 77 91 

75 75 80 78 93 

80 76 81 79 95 

The Table.10 demonstrates the recall performance which 

measures the ability of the system that detects the actual positive 

outcomes. The Regression Yield Model records a recall value of 

76% at the highest training proportion. The Machine Learning 

Crop Prediction model improves the recall to 81% which indicates 

better identification of yield outcomes. The Climate-Health 

Monitoring model records 79% recall which indicates moderate 

sensitivity that appears in the disease surveillance process. 

The proposed WAHIMM framework achieves 87% recall at 

the lower training ratio and improves to 95% recall at the highest 

training proportion. The recall improvement appears because the 

integrated analytical pipeline processes both environmental 

indicators and epidemiological attributes. The ensemble learning 

mechanism identifies the complex environmental relationships 

which increase the detection sensitivity of the predictive model. 

Table.11. F1-Score Comparison (%) 

Training 

Size (%) 

Regression 

Yield 

Model 

ML Crop 

Prediction 

Climate-

Health 

Monitoring 

Proposed 

WAHIMM 

60 73 78 76 88 

65 74 79 77 90 

70 75 80 78 92 

75 76 81 79 94 

80 77 82 80 96 

The Table.11 illustrates the F1-Score results which combine 

the precision and recall measures. The Regression Yield Model 

achieves 77% F1-Score at the highest training ratio. The Machine 

Learning Crop Prediction model achieves 82% F1-Score which 

indicates improved balance between precision and recall. The 

Climate-Health Monitoring model achieves 80% F1-Score which 

demonstrates moderate prediction consistency. 

The proposed WAHIMM model achieves 88% F1-Score at the 

lower training proportion and improves to 96% F1-Score at the 

highest training proportion. The integrated framework improves 

the prediction stability because the system analyzes the 

environmental attributes that influence crop productivity and 

disease outbreaks simultaneously. 

Table.12. Mean Absolute Error Comparison 

Training 

Size (%) 

Regression 

Yield 

Model 

ML Crop 

Prediction 

Climate-

Health 

Monitoring 

Proposed 

WAHIMM 

60 0.42 0.36 0.38 0.24 

65 0.40 0.34 0.36 0.22 

70 0.38 0.32 0.34 0.20 

75 0.36 0.30 0.32 0.18 

80 0.34 0.28 0.30 0.16 

The Table.12 presents the Mean Absolute Error results which 

measure the deviation that appears between the predicted and 

actual yield values. The Regression Yield Model records an error 

value of 0.34 at the highest training ratio. The Machine Learning 

Crop Prediction model reduces the prediction error to 0.28 which 

indicates improved regression performance. The Climate-Health 

Monitoring model records the error value of 0.30. 

The proposed WAHIMM framework achieves the lowest error 

values across all training ratios. The error decreases from 0.24 at 

the 60% training ratio to 0.16 at the 80% training ratio. The 
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reduction in prediction error appears because the integrated 

analytical framework utilizes the environmental variables that 

influence both agricultural productivity and disease transmission. 

The ensemble learning mechanism and the probabilistic 

association module generate the robust prediction capability 

which improves the forecasting accuracy of the system. 

4.4 RESULTS BASED ON SEASONAL RAINFALL 

LEVEL 

Table.13. Accuracy Comparison (%) under Seasonal Rainfall 

Levels 

Rainfall 

Level 

(mm) 

Regression 

Yield 

Model 

ML Crop 

Prediction 

Climate-

Health 

Monitoring 

Proposed 

WAHIMM 

60 77 81 79 90 

65 78 82 80 92 

70 79 83 81 94 

75 80 84 82 96 

80 81 85 83 97 

The Table.13 presents the accuracy that varies with the 

seasonal rainfall levels that influence agricultural productivity 

and disease conditions. The Regression Yield Model reaches 81% 

accuracy at the rainfall level of 80 mm. The ML Crop Prediction 

model reaches 85% accuracy that indicates improved predictive 

learning that analyzes nonlinear climate relationships. The 

Climate-Health Monitoring model reaches 83% accuracy which 

shows the moderate predictive ability that relates to 

environmental disease correlations. 

The proposed WAHIMM framework achieves the highest 

accuracy across all rainfall levels. At the rainfall level of 60 mm, 

the proposed model reaches 90% accuracy, which exceeds the 

Regression Yield Model by 13%, the ML Crop Prediction model 

by 9%, and the Climate-Health Monitoring model by 11%. When 

the rainfall increases to 80 mm, the proposed model reaches 97% 

accuracy, which improves the prediction performance by nearly 

12–16% compared with the existing models. The improvement 

occurs because the integrated framework analyzes the 

environmental variables that influence both agricultural 

productivity and disease outbreaks simultaneously.  

Table.14. Precision Comparison (%) under Seasonal Rainfall 

Levels 

Rainfall 

Level 

(mm) 

Regression 

Yield 

Model 

ML Crop 

Prediction 

Climate-

Health 

Monitoring 

Proposed 

WAHIMM 

60 73 77 75 88 

65 74 78 76 90 

70 75 79 77 92 

75 76 80 78 94 

80 77 81 79 95 

The Table.14 shows the precision performance that evaluates 

the correctness of the positive predictions that correspond to crop 

productivity and disease risk events. The Regression Yield Model 

records 77% precision at the rainfall level of 80 mm. The ML 

Crop Prediction model records 81% precision which indicates 

improved classification learning that identifies agricultural 

productivity patterns. The Climate-Health Monitoring model 

records 79% precision which indicates moderate reliability in 

disease surveillance. 

The proposed WAHIMM framework produces higher 

precision values across all rainfall levels. At the rainfall level of 

60 mm, the model records 88% precision which exceeds the 

Regression Yield Model by 15%, the ML Crop Prediction model 

by 11%, and the Climate-Health Monitoring model by 13%. At 

the rainfall level of 80 mm, the model reaches 95% precision. The 

improvement appears because the integrated system analyzes the 

environmental variables that affect crop yield and disease 

emergence simultaneously. The data mining module which 

processes normalized climate features reduces prediction noise 

and increases classification reliability. 

Table.15. Recall Comparison (%) under Seasonal Rainfall 

Levels 

Rainfall 

Level 

(mm) 

Regression 

Yield 

Model 

ML Crop 

Prediction 

Climate-

Health 

Monitoring 

Proposed 

WAHIMM 

60 72 76 74 87 

65 73 77 75 89 

70 74 78 76 91 

75 75 79 77 93 

80 76 80 78 95 

The Table.15 presents the recall values which measure the 

ability of the predictive system that identifies the actual positive 

instances of crop yield change and disease risk occurrence. The 

Regression Yield Model reaches 76% recall at the rainfall level of 

80 mm. The ML Crop Prediction model reaches 80% recall which 

demonstrates improved detection capability. The Climate-Health 

Monitoring model reaches 78% recall which indicates moderate 

sensitivity. 

The proposed WAHIMM framework achieves 87% recall at 

the rainfall level of 60 mm and improves to 95% recall at the 

rainfall level of 80 mm. The recall improvement ranges between 

15% and 19% when compared with the Regression Yield Model. 

The improvement occurs because the integrated analytical 

framework captures the environmental interactions that link 

climate variability with agricultural productivity and public health 

indicators. The ensemble learning module which aggregates 

multiple decision trees increases the sensitivity of the predictive 

system. 

Table.16. F1-Score Comparison (%) under Seasonal Rainfall 

Levels 

Rainfall 

Level 

(mm) 

Regression 

Yield 

Model 

ML Crop 

Prediction 

Climate-

Health 

Monitoring 

Proposed 

WAHIMM 

60 72 77 75 88 

65 73 78 76 90 

70 74 79 77 92 

75 75 80 78 94 
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80 76 81 79 96 

The Table.16 shows the F1-Score results which combine the 

precision and recall values. The Regression Yield Model records 

76% F1-Score at the rainfall level of 80 mm. The ML Crop 

Prediction model records 81% F1-Score which demonstrates 

improved predictive balance. The Climate-Health Monitoring 

model records 79% F1-Score. 

The proposed WAHIMM model achieves 88% F1-Score at the 

rainfall level of 60 mm and reaches 96% F1-Score at the rainfall 

level of 80 mm. The improvement reaches approximately 15–20% 

compared with the Regression Yield Model. The balanced 

performance indicates that the integrated predictive system 

successfully improves both classification accuracy and detection 

sensitivity. The association mining component which analyzes the 

climate-health relationships contributes to the stable prediction 

outcomes. 

Table.17. Mean Absolute Error Comparison 

Rainfall 

Level 

(mm) 

Regression 

Yield 

Model 

ML Crop 

Prediction 

Climate-

Health 

Monitoring 

Proposed 

WAHIMM 

60 0.43 0.37 0.39 0.24 

65 0.41 0.35 0.37 0.22 

70 0.39 0.33 0.35 0.20 

75 0.37 0.31 0.33 0.18 

80 0.35 0.29 0.31 0.16 

The Table.17 illustrates the mean absolute error values that 

represent the deviation between predicted and actual crop yield 

outcomes. The Regression Yield Model records an error value of 

0.35 at the rainfall level of 80 mm. The ML Crop Prediction model 

reduces the error to 0.29 which indicates improved regression 

capability. The Climate-Health Monitoring model records an 

error value of 0.31. 

The proposed WAHIMM framework produces the lowest 

prediction error across all rainfall levels. The error decreases from 

0.24 at the rainfall level of 60 mm to 0.16 at the rainfall level of 

80 mm. The reduction in error reaches approximately 45% when 

compared with the Regression Yield Model. The integrated 

climate–agriculture–health analysis which appears in the 

framework improves the predictive reliability of the system. 

4.5 DISCUSSION OF RESULTS 

The results that appear in Table.13–Table.17 demonstrate the 

effectiveness of the integrated Weather-Agriculture-Health 

Intelligent Mining Model (WAHIMM). The proposed model 

achieves the highest performance across all evaluation metrics. 

The accuracy results in Table.13 show that the model reaches 97% 

accuracy which exceeds the ML Crop Prediction model by 12%, 

the Climate-Health Monitoring model by 14%, and the 

Regression Yield Model by 16%. The precision results in 

Table.14 show that the model reaches 95% precision which 

improves the prediction reliability by approximately 14–18%. 

The recall performance in Table.15 reaches 95%, which 

demonstrates that the model successfully identifies the majority 

of disease risk and agricultural productivity events. The F1-Score 

results in Table.16 reach 96%, which indicates that the model 

maintains a balanced performance between precision and recall. 

Furthermore, the mean absolute error values in Table.17 decrease 

to 0.16, which represents nearly a 50% reduction in prediction 

error when compared with the Regression Yield Model. 

The integrated mining framework which combines climate 

analytics, crop forecasting, and disease surveillance significantly 

improves predictive performance. The ensemble learning 

mechanism and the association mining structure which capture 

environmental correlations contribute to the robust predictive 

capability of the proposed model. 

5. CONCLUSION 

The study presents a data mining framework that integrates 

crop yield forecasting with weather-driven public health 

surveillance. The framework introduces the WAHIMM which 

combines climate data analytics, crop productivity prediction, and 

disease risk detection within a unified analytical pipeline. The 

integrated framework processes environmental attributes such as 

rainfall, temperature, humidity, and soil moisture that influence 

both agricultural productivity and disease transmission. The 

experimental evaluation demonstrates that the proposed 

framework significantly improves prediction accuracy and 

surveillance reliability. The model achieves 97% accuracy, 95% 

precision, 95% recall, and 96% F1-Score while reducing the mean 

absolute error to 0.16. These improvements demonstrate that the 

integrated analytical approach effectively captures the complex 

environmental relationships that influence agricultural production 

and public health outcomes. The results confirm that the 

combined climate-agriculture-health mining framework provides 

more reliable predictions than the individual analytical models. 

The framework supports early agricultural planning and disease 

surveillance which improves decision-making in climate-

sensitive regions. Future work may extend the framework with 

real-time IoT climate monitoring systems and deep learning 

analytics which further enhance predictive intelligence in 

agricultural and public health management. 

REFERENCES 

[1] L. Lyu, F. Xiao, C. Leng, D. Yu, Y. Fan, P. Li and B. Zhang, 

“IoT-based Data Mining Analysis of the Impact of Weather 

Data on Economic Activities using Random Forest 

Algorithms”, Computational Economics, pp. 1-40, 2025. 

[2] M.J. Hoque, M.S. Islam, J. Uddin, M.A. Samad, B.S. De 

Abajo, D.L.R. Vargas and I. Ashraf, “Incorporating 

Meteorological Data and Pesticide Information to Forecast 

Crop Yields using Machine Learning”, IEEE Access, Vol. 

12, pp. 47768-47786, 2024. 

[3] P. Delfani, V. Thuraga, B. Banerjee and A. Chawade, 

“Integrative Approaches in Modern Agriculture: IoT, ML 

and AI for Disease Forecasting Amidst Climate Change”, 

Precision Agriculture, Vol. 25, No. 5, pp. 2589-2613, 2024. 

[4] G.C. Hernandez Hernandez, J. Gomez Gomez and J. 

Jimenez-Cabas, “Predictive Models based on Artificial 

Intelligence to Estimate Crop Yield: A Literature Review”, 

Agriculture, Vol. 15, No. 23, pp. 1-17, 2025. 

[5] M.M. Rahman, M.N. Gony, M.S. Ullah, S.M.K. Shuvra, R. 

Haque, M.R. Ahmed and V. Saravanan, “MaizeFormerX: A 



ISSN: 2229-6956 (ONLINE)                                                                                                                            ICTACT JOURNAL ON SOFT COMPUTING, APRIL 2026, VOLUME: 17, ISSUE: 01 

4175 

Lightweight Vision Transformer with Cross-Scale Attention 

for Explainable Maize Leaf Disease Diagnosis”, Scientific 

Reports, pp. 1-70, 2026. 

[6] S. Vidhya, V. Saravanan and S. Vasantha, “Enhancing 

Corporate Sustainability Reporting through Corporate 

Governance Integration using a Balanced Scorecard 

Framework”, Proceedings of International Conference on 

Advances in Computation, Communication and Information 

Technology, Vol. 1, pp. 1258-1262, 2025. 

[7] V. Sharma, R.P. Shukla and D. Kumar, “A Meta Learning 

Approach for Improving Medical Image Segmentation with 

Transfer Learning”, Proceedings of International 

Conference on Recent Innovation in Smart and Sustainable 

Technology, pp. 1-6, 2024. 

[8] R. Pandey, V. Tulshyan and K. Adhvaryu, “A Survey of 

Data Fusion and Integration Techniques for Cotton Quality 

Prediction in the Context of Gujarat”, Proceedings of 

International Conference on Advancements in Smart 

Computing and Information Security, pp. 151-162, 2025. 

[9] A. Kumar, I. Singh, M. Kashyap, A. Kumar, N.B. Devi, S. 

Singh and R. Pradhan, “Integration of Machine Learning and 

Remote Sensing in Crop Yield Prediction: A Review”, 

International Journal of Research in Agronomy, Vol. 8, No. 

13, pp. 549-562, 2025. 

[10] K.K.R.K. Yesodha, P. Rajendran, M. Bhalerao and K. 

Gupta, “Predictive Analytics and Automation in Supply 

Chain Management with Internet of Things (IoT)”, 

Proceedings of International Conference on Integrated 

Circuits and Communication Systems, pp. 1-5, 2025. 

[11] H.S. Divyashree, R. Girisha and K.C. Gouda, “Study of 

Rainfall Forecasting and Crop Yield Prediction Under 

Varying Climatic Conditions: A Review of Research Gaps 

and Advanced Solutions”, Theoretical and Applied 

Climatology, Vol. 157, No. 4, pp. 1-11, 2026. 

[12] I. Jain, K. Rajakumar, B. Shrestha, S. Karki, S.B. Kasetty 

and I.N. Margret, “Dynamic Crop Recommendation System 

using Geospatial and Weather Data”, Proceedings of 

International Conference on Circuits, Power and Intelligent 

Systems, pp. 1-5, 2025. 

[13] M. Shafiq, J. Kavitha, D.R. Rinku, N.K. Senthil Kumar, K. 

Poon, A.Y. Jaffar and V. Saravanan, “Dual Smart Sensor 

Data-based Deep Learning Network for Premature Infant 

Hypoglycemia Detection”, Scientific Reports, Vol. 15, No. 

1, pp. 1-9, 2025. 

[14] K.A. Biswal, S. Das and S. Jana, “Emerging Plant Disease 

Prediction through Forewarning Model and Artificial 

Intelligence (AI) Under Climate Change Scenario”, Climate 

Resilient and Sustainable Agriculture: Social and 

Transformative Strategies, Vol. 2, pp. 155-196, 2025. 

[15] S. Saha, O.D. Kucher, A.O. Utkina and N.Y. Rebouh, 

“Precision Agriculture for Improving Crop Yield 

Predictions: A Literature Review”, Frontiers in Agronomy, 

Vol. 7, pp. 1-9, 2025. 

[16] Z. Ali, A. Muhammad, N. Lee, M. Waqar and S.W. Lee, 

“Artificial Intelligence for Sustainable Agriculture: A 

Comprehensive Review of AI-Driven Technologies in Crop 

Production”, Sustainability, Vol. 17, No. 5, pp. 1-7, 2025. 

[17] E. Vidya Madhuri, J.S. Rupali, S.P. Sharan, N. Sai Pooja, 

G.S. Sujatha, D.P. Singh and R. Prabha, “Transforming Pest 

Management with Artificial Intelligence Technologies: The 

Future of Crop Protection”, Journal of Crop Health, Vol. 77, 

No. 2, pp. 1-11, 2025. 

[18] L. Zou, K. Han and S. Ma, “A Robust Machine Learning 

Framework for Estimating Crop Production using Ensemble 

and Quantile Techniques”, Proceedings of International 

Symposium on System Security, Safety and Reliability, pp. 

364-375, 2025. 

[19] G. Mohyuddin, M.A. Khan, A. Haseeb, S. Mahpara, M. 

Waseem and A.M. Saleh, “Evaluation of Machine Learning 

Approaches for Precision Farming in Smart Agriculture 

System: A Comprehensive Review”, IEEE Access, Vol. 12, 

pp. 60155-60184, 2024. 

[20] R. Pushpalatha, T. Roshni, B. Gangadharan and G. Kutty, 

“Computer-Aided Crop Yield Forecasting Techniques-

Systematic Review Highlighting the Application of AI”, 

Environmental Modeling and Assessment, Vol. 29, No. 6, 

pp. 1095-1110, 2024. 

 


