
九州大学学術情報リポジトリ
Kyushu University Institutional Repository

Utilizing Machine Learning Approaches in
Predicting the Impact of Climate Change Factors
to Common Seasonal Disease Outbreak

Riah E. Encarnacion
Caraga State University

https://doi.org/10.5109/7395640

出版情報：Proceedings of International Exchange and Innovation Conference on Engineering &
Sciences (IEICES). 11, pp.1036-1043, 2025-10-30. International Exchange and Innovation
Conference on Engineering & Sciences
バージョン：
権利関係：Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 International



Proceeding of International Exchange and Innovation Conference on Engineering & Sciences (IEICES) 

Utilizing Machine Learning Approaches in Predicting the Impact of Climate  
Change Factors to Common Seasonal Disease Outbreak 

Riah E. Encarnacion, DIT1 
1Caraga State University 

reencarnacion@carsu.edu.ph 
 

Abstract: Climate change impacts individuals in various ways, particularly in terms of public health and the spread of 

common illnesses. To address the effects and manage the risks of disease transmission and outbreaks, this study aimed to 

develop a prediction model using Machine Learning approaches based on seasonal diseases and climate change data. 

The research utilized the Knowledge Discovery from Data framework in conducting the study and analyzed 15 years’ 

worth of climate-related and disease-specific data from credible sources in the Philippines. The research findings revealed 

that Machine Learning, specifically the Decision Tree classifiers, a type of supervised Machine Learning in data mining, 

were effective in uncovering hidden patterns and rule dependencies within the data sets. These discovered rules can be 

translated into programmable code, which can be applied in developing a functional climate-driven early warning system 

to forecast the occurrence of diseases such as tuberculosis, malaria, dengue, typhoid, and diarrhea. 
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1. INTRODUCTION  
Climate change is a pressing global issue that impacts 
multiple facets of human life. It refers to the recurring 
shifts in Earth’s climate, driven by changes in the 

atmosphere and its interactions with the planet's 
geological, chemical, biological, and geographical 
systems [1]. These changes may stem from natural 
phenomena like volcanic eruptions, typhoons, or solar 
activity, or be human induced, such as the burning of 
fossil fuels that release carbon dioxide and other 
greenhouse gases [2]. In addition, urban transportation is 
regarded as a significant contributor to energy use and 
environmental pollution [3]. Drastic shifts in climate can 
influence agriculture, threaten food security, and 
contribute to the spread of diseases that pose serious risks 
to human health. 
 
Climate change significantly impacts human health [3] 
by influencing the spread and transmission of various 
diseases. Extreme weather conditions such as increased 
humidity, heavy rainfall, and rising temperatures [4][5] 
have been linked to outbreaks of vector-borne (e.g., 
dengue, malaria), water-borne (e.g., cholera, typhoid), 
air-borne (e.g., tuberculosis, influenza), and food-borne 
diseases (e.g., diarrhea) [6]. Warmer climates create 
favorable environments for disease vectors like 
mosquitoes [7], while heavy rains and flooding can 
damage sanitation infrastructure [8], increasing exposure 
to contaminated water [9]. Microorganisms like bacteria 
and fungi can thrive indoors when there is enough 
moisture, leading to indoor air pollution [10]. High 
temperatures may inhibit some pathogens, such as the 
malaria parasite, but also prolong the survival of others 
in humid conditions [11]. Additionally, climate-related 
disasters may displace populations and disrupt healthcare 
access, indirectly affecting diseases like tuberculosis and 
those associated with weakened immune systems, such 
as HIV/AIDS and diabetes [12]. 
 
In the Philippines, where climate change significantly 
affects public health, understanding its impact on disease 

transmission is essential. Seasonal variations in disease 
cases are expected to intensify with climate change. 
Machine learning (ML) and big data are increasingly 
recognized as effective tools for predicting and managing 
disease outbreaks [13]. Algorithms like Decision Trees, 
Random Forests, and Artificial Neural Networks have 
proven useful in assessing climate risks [14] and 
forecasting diseases [15]. Data mining and statistical 
methods help predict weather variables and identify 
disease patterns across time and regions [16]. Overall, 
ML-driven models offer strong potential for enhancing 
climate-related disease prediction and response efforts. 
 
As a result, various studies have been conducted to 
predict climate patterns to reduce climate-related risks 
[17]. However, no existing model has been developed to 
forecast disease transmission based on climate data 
within the Philippine context. This gap drives the 
researcher to develop a predictive model using machine 
learning, specifically decision tree algorithms, and 
extract rules to forecast the potential impact of climatic 
factors on the outbreak of infectious diseases. 
Specifically, the study seeks to answer the following 
questions: 
 
1. What decision tree models can be proposed to predict 
the outbreak of common seasonal diseases from climate 
change datasets? 
 
2.What are the generated rules derived from the decision 
tree models to predict the outbreak of common seasonal 
diseases? 
 
3.What is the accuracy result and performance level of 
the disease outbreak prediction models based on the 
validated metrics? 
 
The results of the study can be translated into 
programmable code, which can be applied in developing 
a functional climate-driven early warning system to 
forecast the occurrence of diseases such as tuberculosis, 
malaria, dengue, typhoid, and diarrhea. 
 

1036



 
 

2. MATERIALS AND METHODS 
 

2.1 Knowledge Discovery in Database (KDD) 
Framework  
The Knowledge Discovery from Data (KDD), a concept 
first introduced at the inaugural KDD Workshop in 1989 
[18], is a comprehensive, iterative process, with data 
mining being just one phase within it. KDD encompasses 
the entire procedure of deriving useful knowledge from 
data, whereas data mining specifically focuses on using 
algorithms to detect patterns and insights [19]. 

Fig. 1:  Iterative Steps of the Knowledge Discovery 
from Data (KDD) (Fayyad et a., 1996) 

 
2.1.1 Data Selection and Pre-processing 
This study utilized 15 years of data on identified climate 
change impacts and disease cases in the Philippines from 
2009-2023. The selection of datasets used for data 
mining plays a pivotal role in knowledge discovery. The 
climate change impacts are narrowed in specific 
indicators which include carbon dioxide emission (F1), 
greenhouse gas emission (F2), surface temperature (F3), 
typhoons (F3), rainfall (F4), number of typhoons entering 
the Philippine Area of Responsibility (X5). Meanwhile, 
five common seasonal diseases occur in the Philippines, 
such as Tuberculosis (D1), Influenza (D2), Malaria (D3), 
Dengue (D4), Cholera (D5), Typhoid (D6), and Diarrhea 
(D7). The datasets included herein are secondary data 
that were collected from reliable websites and studies 
specified in the table below. 
 
 Table 1. Climate Change Factors and Common 
Seasonal Disease Datasets 

 
 
Before datasets were analyzed, the researcher ensured the 
removal of “noisy” and irrelevant data. Data 

preprocessing must be properly considered before mining 
since poor data quality will result to erroneously analysis 

and rules generation. Missing data and outliers were 
checked using Jamovi version 2.3.21 software and were 
dealt with accordingly. 
The data for each common disease and climatic factors 
were aggregated from monthly data to generate the 
annual data. Table 2.0 shows the Average values of the 
climate change factors.  
 
Table 2. The Average Values of Climate Change Factors 
in the Philippines Per Year 

 
 
After the datasets were cleaned, the researcher then 
computed the mean per item set of each common disease 
that occurred in the Philippines for the past 15 years from 
2009 to 2023 as presented in Table 3.0. For the disease 
datasets, the mean values for each item were: 
Tuberculosis (553), Influenza (15,009), Malaria (9.15), 
Dengue (158.43), Cholera (9.77), Typhoid (7.91), and 
Diarrhea (50.81). 
 
Table 3. The Average Cases of Common Seasonal 
Diseases in the Philippines Per Year 

 
 
2.1.2 Data Transformation 
The process of data transformation in data mining 
involves converting data into a suitable format or 
structure for analysis to ensure that the data is cleaned, 
consistent, and ready for mining. In this study the data 
transformation process utilized the normalization method 
by scaling data to fall within a specific range. The binary 
digits are commonly used for the common seasonal 
disease cases. Hence, 1 is assigned for every item above 
the mean, while 0 for items equal or below the mean. 
Table 4 shows the transformed data of the 15-year 
records of the diseases. These transformations improve 
the quality and effectiveness of mining algorithms by 
ensuring consistent, interpretable input data. 
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Table 4.0 The Numerical Transformed Data of Common 
Seasonal Disease Cases in the Philippines 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
After which, the values were discretized to convert the 
numerical values into discrete categories. Discretization 
is commonly used in data mining and machine learning 
when algorithms require categorical input or when 
simplifying data improves interpretability, simplifies 
model input, reduces noise and overfitting, and enhances 
rule-based systems. Table 5, presents the clustering-
based to form bins, hence numerical data were 
discretized as 1 or “HI” mean High Impact and 0 or “LI” 

mean Low Impact.  
 
Table 5. The Discretized Data of Common Seasonal 
Disease Cases in the Philippines 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Table 6. The Final Datasets for Data Mining 
 
 
 
 
 
 
 
 
 
 
 
 
 
The final datasets are composed of the combined data of 
the common seasonal diseases and the climate change 
factors as can be seen on Table 6. These datasets are 

readily available for data mining using machine learning 
method. 
 
2.1.3 Data Mining using Machine Learning and 
Decision Tree Approaches 
Many people believed that knowledge is power, and this 
is what makes Data Mining useful. It has the ability to 
bring relevant discovered information that is useful in 
making strategic decisions in order to succeed. Han, J. et 
al. briefly define Data Mining as “searching for 

knowledge in data”. The authors agree that, analogous to 

“gold mining”, data mining should have been termed as 

“knowledge mining from data” [20]. 
Machine learning techniques, a subset of data mining 
within the realm of artificial intelligence, involve self-
directed computational processes that utilize logical or 
binary operations to acquire knowledge from diverse 
datasets [21]. Mahesh identifies various machine 
learning tasks, including supervised, unsupervised, and 
semi-supervised learning, as well as reinforcement 
learning, multi-task learning, ensemble methods, neural 
networks, and instance-based learning [22]. This research 
focuses on using a decision tree model to predict 
antecedents by applying numerical rules and identifying 
potential predictors from frequently co-occurring item 
sets. 
 
 
 
 
 
 

 
 

Fig 2. Workflow of Supervised Machine Learning 
Source: Mahesh (2019) 

 
The decision tree method is inherently predictive and 
derives rules using information gain. As a supervised 
machine learning technique, it learns to associate inputs 
with corresponding outputs based on sample input-output 
pairs [21]. Figure 3 below illustrates the visual 

representation of the decision tree model. 
 

Fig 3. Decision Tree Model and Its Components 
Source: International Business Machines (IBM) 

Corporation (n.d.) 
The input variables of the study were climate change 
factors data in numeric format and disease cases, which 
were also tagged as the target or dependent variable. 
These binary digits were discretized into 1 as “High 

Impact” and 0 as “Low Impact”. As mentioned 

previously, the method of discretization, which involves 
converting continuous variables into discrete variables, 
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aids in handling outliers by allocating these values to the 
lower or higher intervals with the distribution's remaining 
inlier values [23]. 
2.1.4 Data Interpretation and Evaluation 
Validating predictive models is crucial to ensure their 
dependability and accuracy, typically done through well-
established evaluation metrics. Model effectiveness is 
measured using indicators like precision, recall 
(sensitivity), the F1 score, and the Receiver Operating 
Characteristic (ROC) curve. The F1 score reflects a 
model’s ability to accurately classify outcomes, 

balancing both precision and recall. Precision represents 
the percentage of predicted positive cases that are truly 
positive, while recall measures how well the model 
identifies actual positive cases. A high recall indicates 
few false negatives, whereas high precision points to 
fewer false positives. Bajaj [24] notes that strong model 
performance is demonstrated by precision, recall, and F1 
scores exceeding 0.5. For binary classification tasks, the 
ROC curve is widely used to evaluate model performance. 
Additionally, classification accuracy (CA)—the ratio of 
correct predictions to total predictions—is another metric, 
with scores above 50% regarded as acceptable [24][25]. 
 
2.2 Use of AI Software for Machine Learning 
Approaches 
This study employs the Decision Tree Approach using 
Orange version 3.36.2, an open-source machine learning 
platform built on Python. The tool supports visual 
programming, enabling interactive data exploration and 
visualization. The workflow for the Decision Tree 
Approach is illustrated in the figure below. 
 
 
 
 
 

 
 
Fig. 4. The Workflow of the Decision Tree Analysis in 

Orange version 3.36.2 
 
3. RESULTS AND DISCUSSION 
The Decision Tree Models are generated using the 
Orange App software to help predict the occurrences of 
Common Seasonal Diseases Outbreaks driven by 
Climate Change Datasets. The target variables were the 
disease datasets, while the predictor variables were CO2 
emission, greenhouse gas emission, temperature, 
typhoon, and rainfall. 
 
3.1 Tuberculosis Transmission 
As illustrated in Figure 5, the key predictors for 
tuberculosis were carbon dioxide emissions and rainfall 
levels. For example, when annual carbon dioxide 
emissions are less than or equal to 111.85 million tons, 
the likelihood of tuberculosis transmission is 100%, 
though with low impact. In contrast, if emissions exceed 
111.85 million tons and rainfall is at or below 2.77 units, 
there is a 100% probability of a high-impact tuberculosis 
outbreak. However, when rainfall exceeds 2.77, the 
probability drops to 66.7%. These findings suggest that 
exposure to elevated carbon dioxide levels, combined 
with specific amounts of rainfall, may increase the risk of 
tuberculosis incidence. 

An increase in pollutant emissions is a major contributor 
to declining health conditions. According to research by 
Yahya and Rafiq [26], rising carbon dioxide emissions 
are linked to a higher incidence of tuberculosis. The onset 
of tuberculosis is strongly associated with pollutants like 
CO₂, which can weaken the immune system, disrupt 

macrophage function, affect epithelial barrier integrity, 
and alter airway resistance [27]. Tremblay [28] explains 
that carbon dioxide may elevate the risk of M. 
tuberculosis reactivation by initiating the interleukin-10 
pathway in lung macrophages. In microbiology, Park et 
al. [29] noted that mycobacteria can utilize carbon as an 
energy source under aerobic conditions. Additionally, 
acid rain—resulting from pollution—can worsen TB 
infections, as the pollutants that contribute to acid rain 
also generate fine particles that may exacerbate existing 

health problems or lead to respiratory issues [30]. 
Fig. 5. Predictors of Tuberculosis Outbreak 

 
3.1.2 Influenza Outbreak 
As depicted in Figure 6, the key factors influencing 
tuberculosis transmission were rainfall, typhoon 
frequency, and greenhouse gas emissions. For instance, 
when rainfall exceeds 2.77 thousand millimeters and 
typhoon occurrences are around or beyond 18 times, 
there is a 100% likelihood of disease transmission with a 
high impact influenza outbreak. Conversely, if rainfall 
falls below 2.77 thousand millimeters and greenhouse 
gas emissions are under 2.4 tons, transmission still occurs 
at a 100% rate but with lower impact. These findings 
suggest that increased rainfall, coupled with intensified 
typhoon activity, may significantly elevate the risk of 

influenza outbreaks. 
Fig. 6. Predictors of Malaria Outbreak 

Numerous studies have shown that the transmission of 
influenza and coronavirus tends to increase during colder 
seasons, particularly in periods of heavy rainfall and 
typhoon activity, as these viruses thrive in cool and dry 
environments [31]. Research by Tian et al. [32] also 
revealed that different pathogens require varying 
temperature conditions for survival—some thrive at 
higher temperatures, while others persist in lower ones. 
Additionally, the study by Bukhari and Jameel [33] 
highlights that humidity levels between 22 °C and 25 °C 

and high temperatures below 38 °C influence the stability 

of influenza and coronavirus. In Asian countries like the 
Philippines, extreme weather patterns may also 
contribute to the spread of insect-borne diseases and the 
movement of birds, potentially increasing the risk of 
outbreaks such as Avian Influenza H5N1. 
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3.1.4 Dengue Outbreak 
Figure 7 highlights typhoon frequency, rainfall, and 
temperature as the primary factors affecting dengue 
transmission. Specifically, when annual typhoon 
occurrences exceed 18 and rainfall is at or below 2.77 
thousand millimeters, the likelihood of a high-impact 
dengue outbreak reaches 100%. Conversely, if there are 
fewer than 18 typhoons in a year and the temperature is 
at or below 26.61°C, dengue transmission still occurs 
with 100% probability, though the impact is lower. These 
findings indicate that the interplay between typhoon 
events, rainfall volume, and temperature levels plays a 
critical role in shaping the risk and severity of dengue 
outbreaks. 
 
 
 
 
 
 
 

Fig, 7. Predictors of Dengue Outbreak 
 
Typhoons often lead to heavy rainfall and flooding, 
which in turn create more stagnant water, especially in 
swampy regions [34]. These stagnant waters serve as 
ideal breeding grounds for mosquitoes (Williams et al., 
2016). According to Manogaram [35], dengue outbreaks 
tend to rise during both summer and winter seasons. 
Moreover, as temperatures increase and mosquito 
breeding sites become drier, the likelihood of dengue 
epidemics may decline due to climate warming. 
Conversely, a drop in the temperature could lead to more 
favorable mosquito breeding environments, thereby 
increasing the risk of dengue transmission. 
 
3.1.5 Cholera Outbreak 
As illustrated in Figure 8, rainfall emerged as the sole 
predictor for cholera transmission. For example, when 
annual rainfall exceeds 2.82 thousand millimeters, there 
is a 60% chance of a high-impact cholera outbreak. In 
contrast, if yearly rainfall falls between 2.49 and 2.82 
thousand millimeters, the probability of a cholera 
outbreak rises to 100%, albeit with low impact. This 
association suggests that specific levels of rainfall may 
influence the likelihood and severity of cholera 
transmission. 
 
 
 
 
 
 
 
 

Fig. 8. Predictors of Cholera Outbreak 
 
Climate change has also been linked to waterborne 
infectious diseases. For example, rainfall precipitate may 
also cause an increase in cholera transmission and 
increase the cholera pathogens. Waterborne diseases may 
increase due to the rainfall. The rainy season can increase 
the development of fecal pathogens [36]. Fredrick et al. 
[37] discovered that heavy rainfall can affect the water 

supply system, which was then contaminated by the 
drainage caused by rain during the cyclone, resulting in 
an outbreak of cholera due to the consumption of 
contaminated water. Cholera and giardiasis may 
experience increased outbreaks due to extreme 
temperatures and flooding caused by heavy rainfall [8]. 
Righetto et al. [38] indicated that infections result from 
exposure to high pathogen concentrations in the water. 
These, in turn, are driven by rainfall-induced washout of 
outdoor dumping areas or cesspool overflows, 
hydrologic transport through waterways, and by 
movement of susceptible and infected individuals. 
 
3.1.6 Typhoid Outbreak 
As shown in Figure 9, the predictor for typhoid 
transmission was only rainfall. For instance, if the total 
rainfall for a year is more than 2.82 thousand millimeters, 
there is a high impact of typhoid transmission with 100% 
probability. It can be inferred from this association that 
rain precipitate at certain amount may increase typhoid 
transmission. 
 
 
 
 
 
 

Fig. 9. Predictors of Typhoid Outbreak 
 
The study by [39] suggests that climate change can alter 
both the timing and volume of rainfall, leading to 
unexpected precipitation events at irregular times. Such 
intense rainfall can trigger outbreaks of various disease-
causing pathogens. Climate change may also enhance the 
reproduction, survival, and life cycle of pathogens, either 
directly or indirectly [40], contributing to the spread of 
unexpected waterborne diseases in the environment [39]. 
Additionally, Gao et al. [41] observed that the relative 
risk of typhoid fever increased shortly after the onset of 
light rainfall, with a delayed effect occurring within 13 to 
26 days. However, as rainfall continued to rise, the risk 
plateaued, with the highest cumulative risk recorded at 
100mm of rainfall (relative risk 24.96 [95% CI: 4.54–

87.21]). 
 
3.1.7 Diarrhea Outbreak 
As presented in Figure 10, the only predictor of Diarrhea 
outbreak is Carbon Dioxide emission. For instance, if the 
carbon dioxide emission is less than equal to 100.78 
million tons, there is a high impact of diarrhea outbreak 
with 100% probability. Whereas, there is a low impact of 
diarrhea outbreak with 100% probability if the carbon 
dioxide emission is greater than 100.78 million tons. 

 
Fig. 10. Predictors of Diarrhea Transmission 

 
Carbon emissions may lead to plenty of health issues, and 
may result in an increase in temperature, which in turn 
may lead to a change in the climate.  Jacobson et al. [42] 
suggest that prolonged exposure to elevated amounts of 
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ambient carbon dioxide may lead to plenty of health risks, 
such as, inflammation, reductions in higher-level 
cognitive abilities, bone demineralization, kidney 
calcification, oxidative stress, and endothelial 
dysfunction.  The carbon dioxide emission also affects 
the temperature, which is commonly related to common 
seasonal infectious diseases such as Diarrhea [43]. 
 
3.2 The Generated Rules to Predict the Transmission 
of Common Seasonal Diseases 
Based on the decision tree models, the following rules are 
generated to predict the transmission of common 
seasonal diseases, as can be seen in Table 7. These rules 
could be converted to programming codes, which will 
then be used in future works, creating a program for a 
prediction model that applies the aforementioned rules to 
predict the outcome. 
 
Table 7. Generated Rules for Climate Change-Disease 
Transmission Prediction Model 

 
 
3.3 The Accuracy Results and Performance Level of 
the Disease Outbreak Prediction Models  
Table 8 shows the summary of performance and accuracy 
levels of the climate change-disease transmission 
prediction models using the cross-validation widget in 
Orange 3.36.2. In this study, the predetermined training 
set size was 75%, and there were 100 randomly selected 
possible scenarios during model testing. 
Based on the results, all precision, sensitivity, and F1 
score values exceeded the 0.5 threshold, except for the 
models predicting influenza and cholera outbreaks. This 
indicates that the prediction models for tuberculosis, 
malaria, dengue, typhoid, and diarrhea demonstrated 
high precision and sensitivity, further supported by their 
elevated F1 scores. Consequently, the classification 
accuracy of these five models also surpassed 50%. For 
example, the diarrhea prediction model achieved an 

accuracy of 86.7%, followed by 80% for tuberculosis, 
and 73.3% for malaria, dengue, and typhoid. These 
findings suggest that the five validated models are 
reliable and exhibit strong predictive performance.  
Table 8. Summary of Model Performance and Accuracy 
Levels 

However, the influenza outbreak prediction model falls 
below the 0.5 threshold for both precision and sensitivity. 
As shown in the table, the model's precision is 0.400 and 
its sensitivity is 0.429, indicating low performance in 
correctly identifying true positives. This is further 
supported by its low F1 score. Although the model 
achieved a classification accuracy of 53.3% in predicting 
influenza outbreaks, its low precision and sensitivity 
suggest it may not be reliable. Therefore, additional 
cross-validation is necessary to improve the model's 
performance. 
  
 
 
 
 
 
 
 
 
 
 
ROC Curve for Tuberculosis (80.0%)    ROC Curve for Malaria                                                                    
                                                                 (73.3%) 
 
 
 
 
 
 
 
 
 
 
ROC Curve for Dengue (73.3%)   ROC Curve for Typhoid  
                                                        (73.3%)   
 
 
 
 
 
 
 
 
 
 

Fig. 12. ROC Curve for Diarrhea (73.3%) 
 

Figure 12 further elaborates the discussion for 
tuberculosis, malaria, dengue, typhoid, and diarrhea 
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outbreaks. To determine the accuracy of the generated 
prediction model, the study applied the Receiving 
Operating Characteristic Curve (ROC) and the Area 
under ROC Curve (AUC as show in Figure 8). The study 
revealed that following significant findings: 
TUBERCULOSIS has 80.0% accuracy; MALARIA has 
73.3% accuracy; DENGUE has 73.3% accuracy; 
TYPHOID has 73.3% accuracy; and DIARRHEA has 
accuracy 86.7%. The model has gained a high 
acceptability and accuracy rate in predicting the students’ 

performance in their internship training. 
A precision value above 0.500 indicates that the model is 
highly reliable in accurately identifying high-impact 
cases as truly high impact, and low-impact cases as truly 
low impact. A high precision score reflects a low 
occurrence of false positives. Similarly, a sensitivity 
score above 0.500 shows that the model is effective in 
minimizing false negatives. The combination of high 
precision and sensitivity is further validated by an 
elevated F1 score. An F1 score closer to 1 signifies that 
the model excels in both precision and sensitivity, 
making it effective at identifying prediction errors. The 
ROC curve also provides a visual representation of the 
tuberculosis prediction model’s performance. 
 
4. CONCLUSION AND RECOMMENDATIONS 
The findings suggest that numerous rules were identified 
through machine learning-based data mining. As a 
supervised learning model, the decision tree classifier 
successfully uncovered hidden patterns and dependency 
rules within the dataset. Using 15 years of climate change 
indicator data and its relationship to disease transmission, 
five predictive models demonstrated strong performance 
and high accuracy. Carbon dioxide emissions emerged as 
key predictors for outbreaks of tuberculosis, malaria, and 
diarrhea. Rainfall levels were found to influence the 
transmission of influenza, cholera, and typhoid, while 
typhoon activity appeared to intensify dengue cases. The 
dengue prediction model included rainfall, typhoon 
frequency, and greenhouse gas emissions as predictors; 
however, it exhibited lower performance and accuracy 
based on evaluation results. Therefore, future research is 
recommended to investigate additional predictors beyond 
those analyzed in this study. 
Nonetheless, the rules derived from machine learning can 
be translated into programmable code, which can be used 
to develop software applications for predicting outbreaks 
of tuberculosis, malaria, dengue, typhoid, and diarrhea. 
These computer-based predictions can assist the 
government, particularly the Department of Health, in 
formulating policies and strategies aimed at preventing 
the spread of these diseases, especially given the 
unavoidable impact of climate change. Such predictive 
tools can also be valuable for health authorities and 
healthcare providers in protecting the public from 
infectious diseases. 
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