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Abstract 

The cardiovascular health concerns are triggered by various causative agents, of which environmental inhaled 

pollutants such as CO, NO, NO2, PM10, PM2.5, O3 and SO2 from is an important agents. The introduction of air 

pollutants is caused by human activities that introduce contaminants into the air. In Nigerian, people living in 

pollution laden environments are unknowingly exposed to these risks such as Asthma, cough, lung cancer etc. 

However, there is paucity of information on the health risk impacts on the people living in pollution laden 

environments. This is due to lack of predictive model to reveal the associated risk to enhance early detection and 

prevention.  One of the methods to evaluate and predict the pollutant is the use of Air Quality Index (AQI) dataset. 

The quality of AQI data of an environment is a pointer to the degree of pollution and the health risk of the inhabitants. 

Existing predictive techniques such as Probability and Statistics model used to predict AQI were very complex with 

some level of uncertainty which necessitate an alternative approach for better accuracy. A Machine Learning (ML) 

approach combined with an associative decision rule was used to predict the air quality and to identify areas 

predominates with toxic air quality. Two datasets; open and locally sourced were used, data pre-processed and 

engineered implementation were done using python coding.  The prediction models; Support Vector Classifier 

(SVC) and Random Forest Classifier (RFC) were employed. The performances of the models were evaluated using 

classification reports and confusion matrix metrics. The RFC gave an accuracy level of 99% and SVC an accuracy 

level of 83%. This results show that AQI predictions obtained through RFC is better in accuracy when compared 

with SVC.  
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1.0  Introduction 

The cardiovascular diseases (CVDs) are one of 

the leading causes of morbidity and mortality 

globally. There is growing evidence that their 

prevalence is associated with environmental 

influences with air pollution being the primary 

one. Airborne pollutants, including carbon 

monoxide (CO), nitrogen monoxide (NO), 

nitrogen dioxide (NO₂), particulate matter (PM 0 

and PM 2.5), ozone (O3), and sulfur dioxide (SO 

2 ) have a strong detrimental impact on the health 

of the heart and lungs. Human activities are the 

primary sources of these chemicals in the 

atmosphere: industrial production, vehicle 

emission, combustion of fossil fuels and 

urbanization. The outcome is a severe public-

health risk especially in the developing countries 

where surveillance is normally restricted. 

 

Cities are growing in Nigeria at a rapid rate, 

environmental regulations are not strong, and the 

population is dependent on energy sources based 

on fossil fuel. There are thus a great number of 

polluted neighborhoods. The harmful gases and 

particles often present in the atmosphere are 

inhaled by the residents over a long period 

without their awareness and increase their risks 

of asthma, chronic cough, lung cancer, high 

blood pressure and heart-related issues. However, 

in Nigeria, the number of local studies that 

measure the impact of air quality on the risk of 

cardiovascular is very limited. This deficiency is 

largely due to the fact that there are only weak 

predictive models that are able to transform 
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pollution information into transparent health-risk 

indicators and trigger timely response. 

 

Air Quality Index (AQI) is a regular method of 

categorizing the degree of danger of air pollution. 

It is useful in estimating the risk of exposure by 

comparing multiple levels of pollutants on a 

single scale. Nevertheless, classical AQI models, 

which are applied in probability or statistics 

models, were heavy to compute, used harsh 

assumptions and were uncertain which restricts 

their application in the real world. Due to such 

constraints, scientists are resorts to data-driven 

approaches, which can be more effective in 

revealing the many non-linear relationships 

between air quality and health. Recent machine-

learning technologies are able to learn such 

relationships using large and diverse data sets. 

Our suggestion is to have a machine-based 

learning framework that utilizes associative 

decision rules to estimate the AQI, and identify 

the regions that have a considerable level of toxic 

pollution, to demonstrate the possible health risk 

of cardiovascular diseases. 

 

2.0 Literature Review 

The World Health Organization (WHO, 2022) 

reveals that air contamination is one of the most 

important issues of the 21 st century. These 

pollutants involve man-made particles in the 

atmosphere that actually impact negatively on 

climate, humanity, nature and vegetation. 

Climatic pollution has now been a major cause of 

untimely deaths among the general population 

leading to a lot of deaths annually [1]. It was 

reported by the WHO that in 2016, 

approximately 58 per cent of deaths related to 

open-air contaminations were associated with the 

ischemic coronary disease and stroke, 18 per cent 

with persistent obstructive pulmonary disease 

and severe lower respiratory diseases, 

respectively, and 6 per cent with cellular 

breakdown in the lungs [2].  

 

To determine the overall effect of the 

contaminated air to cardiovascular risk, Air 

Quality Index (AQI) was used to find out the 

nature of the air as far as pollution is concerned. 

The methods that were in existence, including the 

likelihood measurement models, were able to 

ascertain the nature of air but could not give the 

necessary information to predict poisonous air 

within an environment. It is, therefore, necessary 

to present a model that may supply the necessary 

information to identify toxins in the air in 

reference to health safety [3]. 

 

The quality of air in Nigeria is something to be 

concerned about because it has been ranked the 

152 nd (out of 180 countries) on the 

Environmental Performance Index of Air Quality 

[4]. This model is aimed at delivering 

information and data to assist the Nigerian 

government to monitor the AQI within a polluted 

environment towards the achievement of the 

Sustainable Development Goals (SDGs) 

according to the WHO AQI bucket list depicted 

in Table 1 [5]. It conducted a research on the 

ability of an autoregressive integrated moving 

averaging model (ARIMA) to estimate estimates 

of months to months on the air contamination file. 

In the study, it has been revealed that ARIMA 

was capable of producing forecasts that were 

within the 95% confidence interval. It has been 

reported that the application of machine learning 

models offers more precise data to use in the 

analysis required to conduct AQI forecasts in 

different logical regions and areas [6]. This is an 

insight on how to enhance current statistical 

models, which are time-series forecasting in 

nature [8]. 

 

The predictions of air quality with Taiwan data 

between 2012 and 2016 were based on a 

Recurrent Neural Network (RNN) and Long 

Short-Term Memory (LSTM) model. The model 

had a prediction accuracy of the next four hours 

of PM2.5 concentration in 66 stations throughout 

Taiwan. 

 

Air Quality in India was also forecasted by 

developing a model to predict the AQI using 

historic data on the past years and projecting this 

upcoming year as a gradient-descent-boosted 

multivariate regression problem. The model 

achieved 96 % accuracy [9]. Two different 

models including Support Vector Regression 

(SVR) with a Radial Basis Function (RBF) 

kernel, which was implemented with and without 

the Principal Component Analysis (PCA) were 

used to predict the quality of the air in California: 

SVR with RBF kernel filtered with PCA (PCA-

SVR-RBF). They compared the two models 

using Pearson correlation, Mean Squared error 

(MSE), Root Mean Squared error (RMSE), and 

Normalized Root mean squared error (nRMSE). 

The PCA-SVR-RBF model had an accuracy 

score of 88% on the training set and 92.7 on the 

validation set; SVR-RBF had a marginally higher 



91  UIJSLICTR Vol. 16  No. 1 January. 2026  ISSN: 2714-3627 

 

accuracy score on the two sets with the accuracy 

score of 90.02 on the training set and 94.1 on the 

validation set. The PCA-SVR-RBF and SVR-

RBF showed comparable results of predicting the 

AQI [10]. 

 

Another experiment to forecast air pollution on a 

due date was conducted on monthly AQI. In the 

prediction of air pollution, the dataset was 

processed and analysed with the use of big-data 

analytics methods. It was calculated that the 

value of the difference between the presence or 

absence of air pollution against a calculated 

threshold value [11]. The weakness was that no 

machine-learning algorithm was tested with 

many machine-learning algorithms of prediction 

algorithm including: Linear Regression, SVM, 

Decision Trees and Random Forest. The 

accuracy of the machine-learning algorithms was 

measured by comparing the metrics after the 

experimentation and implementation of the 

algorithms through MSE and RMSE. Random 

Forest provided a better and more promising 

output than other machine-learning methods, but 

neural networks algorithms were not consulted in 

their study [3]. Four algorithms namely SVM, 

Random Forest, Adaptive Boosting, ANN, 

stacking ensemble and linear regression were 

used in predicting air quality to control and 

mitigate it adverse effects. Three evaluation 

measures were used to assess the performances 

of the models and these include RMSE, Mean 

Absolute Error and R-squared. It was determined 

that the AdaBoost model, as well as the stacking 

ensemble, was more competitive than SVM, 

Random Forest and ANN in predicting AQI after 

the implementation and evaluation [12]. 

 

 

 

3.0   METHODOLOGY 

The study was carried out using the proposed 

model stages as shown in the conceptual frame 

work in Figure 1.0.  

 

3.1 Data collection and Combination  

The model starting stage was the collection of 

local Air pollution data were recorded at various 

locations in Ibadan, Moniya, Oluyole, the 

University of Ibadan, and Agbowo using sensors. 

Pre-processing of the data and the development 

of predictive model engineered features was 

performed. In this study, two sources were used 

to get the data. The former had been a local 

dataset acquired with the use of sensors of 

different locations in Ibadan in a period of four 

years (2016-2020), consisting of 18,367 records. 

The second source was a web-based dataset of 

Kaggle.com and it had 93,450 records. The two 

sets were combined to make a cumulative set of 

111,817 records. 

 

3.2 Data Pre-Processing and Feature 

Engineering 

The preprocessing of data and feature 

engineering took place on the combined dataset 

that was a combination of the local and online 

sources. The data that was initially combined had 

many undesired features, outliers, and gaps, 

which were cleaned. Based on Kaggle dataset, 

which contains the following fields: date, PM2.5, 

PM10, NO, NO2, NOx, NH3, CO, SO2, O3, 

benzene, toluene, and xylene, only SO2, O3, 

NO2, NO, PM10 and CO were useful in the 

current study hence the other variables were 

thrown away. The outliers, which were mainly 

due to malfunctions in the sensors or 

transmission errors, were detected and eliminated 

in the locally obtained dataset. 

 

Figure 1.0 The conceptual frame work for the model 



92  UIJSLICTR Vol. 16  No. 1 January. 2026  ISSN: 2714-3627 

 

When using the standard pollutant benchmarks to 

analyze the area and the value of the boundary, 

some of the missing characteristics in the 

combined dataset were not estimable, and were 

excluded. Following feature engineering, it was 

found that the number of clean records was 

85,880, which included the columns of average 

pollutant concentrations in different locations, 

namely, ozone (O3), sulfur dioxide (SO2), 

nitrogen dioxide (NO2), nitrogen oxide (NO), 

particulate matter (PM10), and carbon monoxide 

(CO). 

 

3.3 Component Analysis and Pollutant index 

calculation  

The second step was to compute the pollutants 

index based on the level of concentration as 

obtained by the sensors. The AQI index of each 

pollutant is calculated by hand, by transforming 

the concentration (value 3 ) of each pollutant into 

an index (I 3 ) according to the following formula 

in Equation 1 and Table 1: 

 

 

                                                               (1) 

Where i = PM10, NO2, NO, O3, CO, SO2; j = the 

level in the AQI system of the pollutant 

concentration such as good, moderate, unhealthy 

for sensitive groups, unhealthy, very unhealthy 

and hazardous; LB = Lower bound of j; lb = 

lower bound of i; Valuei = actual value of the 

pollutant. For example, based on the AQI bucket 

list of Nigeria in Table 1.0. 

 

Once the index of individual pollutants in a point 

has been calculated, the AQI of that particular 

data point will be determined. The air quality 

index of a specific information point is the 

aggregate of maximum indexed pollutants in that 

particular area. That pollutant concentration 

value SO2 = 55, will fall in the interval with lbSO2 

= 40 and ubSO2 = 80, corresponding with 

moderate pollutant level with LBmoderate = 50 and 

UBmoderate = 100 with the maximum index is 

taken as the air quality index of that particular 

location using the formula equation 2 and Figure 

2.0; 

 

AQI =max(IPM10, ICO, ISO2, INO2,IO3,INO)            

   (2) 

  

Where  IPM10= Pollutant Index of PM10 

ICO= Pollutant Index of CO 

ISO2= Pollutant Index of SO2 

INO2= Pollutant Index of NO2 

IO3= Pollutant Index of O3 

INO= Pollutant Index of NO

 

Table 1.0 AQI Index  and Health Implication (AQI-BUCKET) 

I
i
= 𝑳𝑩𝒋 + ( 𝒗𝒂𝒍𝒖𝒆𝒊 − 𝒍𝒃𝒊) X (LB

j
/lb

i
) 
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Figure 2.0: AQI Calculation 

 

3.4 Machine Learning Model Prediction of 

Air Quality Index 

The data were divided into a 70 test set and a 30 

training set. We tested two predictive models, 

one of a Linear SVM classifier and a Random 

Forest classifier having ten estimators. The 

models were deployed in the open-source 

distribution, Anaconda, in the Jupyter Notebook 

environment, and on Google Colab, the online 

platform of Python run at Google. Using a 

collection of association rules, we compared the 

approximate AQI and concentration of pollutants 

with the potential health-implications on the local 

residents. 

3.5  Model Performance Evaluation 

The performance of the models for accuracy was 

evaluated using two evaluation metrics for 

classification analysis, these are; classification 

report and confusion matrix. There are four ways 

to check if the predictions are right or wrong: 

1. TN / True Negative: the case was 

negative and predicted negative 

2. TP / True Positive: the case was positive 

and predicted positive 

3. FN / False Negative: the case was 

positive but predicted negative 

4. FP / False Positive: the case was 

negative but predicted positive 
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A Confusion matrix is an N x N matrix used for 

evaluating the performance of a classification 

model, where N is the number of target classes. 

The matrix compares the actual target values 

with those predicted by the machine learning 

model. This gives us a holistic view of how well 

our classification model is performing and what 

kinds of errors it is making. The confusion matrix 

model is shown in Figure 3.0. 

 

 
Figure 3.0: Confusion Matrix 

 

A classification report of a performance 

evaluation metric in machine learning, precision, 

recall, F1 Score, and support of a trained 

classification model was done. It provides a 

better understanding of the overall performance 

of the trained model. The rate of accuracy is the 

proportion of the total number of correct 

predictions. It is calculated using the following 

equation 3 

 

Accuracy Rate = (TP + FN) / (TP + TN + FP 

+ FN)    (3) 

 

3.6 Association Rule Generation for Health 

Impact of the Air Quality 

A number of association rules were used to 

correlate the predicted AQI to causative 

pollutants and related health risk. The analysis 

was conducted to identify the possible health 

effect of AQI on the inhabitants of the identified 

place. The regulations demonstrate the impact of 

the combinations of AQI rates and certain 

pollutants on human health. Table 4.0 illustrates 

some of these rules. 

 

Figure 4.0: Health Impact Rules  

 

4.0 Results  

This section is divided into four sections general 

description of the dataset is given, engineered 

data results are discussed, AQI prediction models 

are formulated with a discussion of the 

parameters settings and approaches used to 

impute missing data, and AQI model 

performance is assessed. 

 

4.1 Data visualization 

Python Jupyter notebook was used to summarise 

and describe the pre-processed data. Table 2.0 

shows the count, the mean, the minimum and 

maximum values of the dataset. 

 

Table 2.0: Health Impact Rules 
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4.2 AQI Prediction Model 
The features of the dataset were engineered as 

shown in Table 3.0 and Table 4.0 to derive their 

respective pollutant index and air quality index 

respectively. The results of the engineered 

features are shown in Table 3.0 

 

The calculated AQI shown in Table5.0 was used 

to create bucketlist using the AQI bucketlist for 

Nigeria presented Table 1.0 as the target value 

for the prediction model. The engineered dataset 

which contains the pollutants in a region and the 

bucketlist of that region is shown in Tables6.0 

and 6.0b. This dataset were used in the training 

and validation of our prediction models.

 

Table 3.0: Actual values of individual pollutants gotten from local data 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table4.0: Calculated Index of individual pollutants 
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Table 5.0:  The Calculated AQI values 

             

 

 

 

 

 

 

 

 

 

 

 

 

Table 6.0a: Engineered dataset for modelling. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 6.0b.: Engineered dataset for modelling. 
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The prediction model was developed using two 

different algorithms. The algorithms deployed 

were Random Forest Classifier and Support 

Vector Classifier. The model was developed 

using 70 – 30 training/testing split. Of the 85,880 

datasets, 60,116 was used for training while 

25,764 was used for the testing. 

 

4.3 Performance Evaluation 
In performing the evaluation of machine learning 

models, we check how the real target values 

relate to the predictions that we have made and 

this allows us to find the error rate particularly in 

the case of outliers.  A confusion matrix is a 

summary of the performance of a model. It shows 

the amount of correct predictions (TP + TN) and 

the one that are incorrect (FP and FN). Table 7.0 

illustrates the matrices of two models, SVC, and 

RFC. 

 

From the confusion matrix Table 7.0, the number 

of values in the diagonal column represents the 

correctly predicted values (TP + TN). For the 

prediction of Good AQI, it was observed that  

out of the possible right prediction value of 5566 

(5561+0+2+2+1+0), the SVC was able to 

correctly predict 4830 and a confused prediction 

of 736 while RFC was able to correctly predict 

5561 and a confused prediction of 5. For the 

prediction of U.S.G AQI, it was observed that of 

the possible right prediction value of 3966, the 

SVC was able to correctly predict 2889 and a 

confused prediction of 1077 while RFC was able 

to correctly predict 3951 and a confused 

prediction of 15. In general, it was observed that 

for the Support Vector Classifier, the number of 

False Positives (FP) and False Negative (FN) is 

higher compared to that of the Random Forest 

Classifier. The matrix shows that RFC has a 

higher rate of prediction for True Positive (TP) 

and True Negative (TN) with few FP and FN 

compared to that of the Support Vector Classifier. 

Furthermore, the rate of accuracy of the two 

models was evaluated using equation 3. 

 

 It was observed that Random Forest Classifier 

accomplished a superior accurate score of 99% 

compared to the Support Vector Classifier Model 

which accomplished an accuracy of 83% on the 

dataset as shown in Table 8.0 

 

Table 7.0: Confusion matrix for the AQI prediction Obtained with both models for the datasets 

*G=Good, H=Hazardous M=Moderate, U.S. G= Unhealthy for sensitive groups, Un=Unhealthy, 

V.Un=Very Unhealthy 

 

  
  

  
  

  
  

  
  
P

R
E

D
IC

T
E

D
 V

A
L

U
E

S
 

   Support Vector Classifier Random Forest Classifier 

G H M U.S. 

G 

Un. V. 

Un 

G H M U.S. 

G 

Un. V. 

Un 

Good 4830     

 

0 734 2 0 0 5561     

 

0 2 2 1 0 

Hazardous 0 2965     

 

0 6 4 131 0 3094     

 

0 0 3 9 

Moderate 721 0 4870   

 

582 1 0 2 0 6171     

 

1 0 0 

U.S. G 4 0 685 2889   

 

388 0 1 0 8 3951     6 0 

Unhealthy 0 0 55 318 3074   

 

230 0 0 2 16 3657     

 

2 

V. 

Unhealthy 

0 156 1 93 211 2820 

 

0 8 0 6 22 3245 
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Table 8.0  Level of Accuracy for the AQI prediction 

METRICS SVC RFC 

Accuracy 0.83 (83%) 0.99(99%) 

 

Table 9.0: The health impact of AQI on the inhabitants 

 

 

4.4 Health Impact of the Air Quality 

The predicted AQI by the models combined with 

the causative pollutant was, in turn, being used to 

determine the possible health impact of pollution 

on the inhabitants of a particular region. This was 

carried out using some sets of rules as shown in 

figure 4.0.  

 

Table 9.0, shows that in a location marked as an 

unhealthy AQI, it means the prevalent of 

Nitrogen oxide (NO) pollutant in the air, which 

means that the prolonged exposure of inhabitants 

of that location to such conditions might lead to 

collapsed lungs. Also, in a location with 

moderate AQI, it means SO2 gas is prevalent in 

the air, the prolonged exposure of inhabitants in 

such a location to the such gas could lead to 

irritation to the eyes. But the moderate AQI is 

caused by PM10 particle, it could lead to mild 

cough and if moderate AQI is caused by O3, it 

leads to lung irritation as presented in Table 9.0. 

 

4.5 Discussions  

This study developed a prediction models of AQI 

with the use of two data sources Kaggle.com and 

local AQI sensors to predict the air quality index 

in particular locations and categorize these 

locations into pre-existing buckets. The findings 

indicate that the locations under study are largely 

the Moderate and U.S.G. (Unhealthy for 

Sensitive Groups) categories though they 

occasionally slide into the Unhealthy category. 

This inconsistency has been explained by the fact 

that the areas were urban and semi-urban, with 

the emissions of various manufacturing 

industries continuously releasing a good amount 

of pollutants into the atmosphere. Wearing face 

masks by the residents whenever they are 

outdoors is therefore recommended to guard their 

health as well as generate long-term health. The 

performance of the model is rather close to the 

existing methods: it is doing fairly well in most 

scenarios and fails slightly less in the cases of 

predicting unhealthy conditions. The book 

utilizes two algorithms that are supervised 

learning, namely, Support Vector Machine 

(SVM) and Random Forest (RF). Findings show 

that RF makes better predictions of AQI than 

SVM besides consuming fewer resources and 

taking shorter times to execute. 

 

5.0 Conclusion 

The risk of cardiovascular health in the places of 

study was moderate and the risk of mild cough 

following long exposure is high. This work 

predicts the AQI of chosen locations, which 

forms the basis of monitoring and controlling the 

air pollutants levels in an attempt to protect the 

residents. Random Forest (RF) model performed 

better than the other models in the prediction of 

AQI with a high accuracy of 99.0. The research 

suggests creating health awareness among the 

health workers and the population on health 

hazards caused by pollution in their locality. 
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