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Abstract. Asthma, being a leading chronic disease globally, involves molecular mechanisms 

that are quite complex to facilitate easy diagnosis—more especially in the presence of 

environmental factors, which play an underrecognized role. The current study intends to assess 

the relationship shared by four allergy risk factors (pollution, pollen, dust, and pets) with the 

development of asthma. Logistic regression and random forest models were developed using 

data available from the "Asthma Disease Dataset" sourced from Kaggle to determine the 

predictive power of these factors. The SMOTETomek technique was applied for data 

preprocessing due to class imbalance; while relationships and model performance were assessed 

using the Pearson correlation matrix, box-and-whisker plots, and confusion matrices. Results 

indicated that pollen exposure is highly predictive of asthma. Dust and pet allergies are 

negatively associated with an asthma diagnosis. Pollution exposure does not indicate a clear link 

to asthma. The logistic regression model was less accurate in distinguishing between classes than 

the random forest model. Therefore, based on accuracy and class distinguishability, the random 

forest model outperformed logistic regression. These findings contribute to the understanding of 

environmental and allergy factors in asthma development and underline the feature of such an 

aspect in predictive modeling. Longitudinal data should be the focus of future studies, along with 

more objective measures to ensure enhanced reliability for these models. 

Keywords: Asthma, Environmental Factors, Allergy Factors, Predictive Models, 

SMOTETomek. 

1.  Introduction 

Asthma is the most prevalent chronic non-communicable disease globally, affecting around 5 to 10 

percent of the world population [1]. It still faces a major dilemma in the diagnosis process due to its 

complex molecular mechanisms [2]. Characterized by the fluctuating airflow obstruction that leads to 

shortness of breath and wheezing [1]. A wide range of predictive and diagnostic models based on 

phenotypic symptoms and bio signals are being constructed, and a very limited amount of such models 

are based on environmental factors [3, 4]. 

Moreover, the existing models’ performances are not ideal. As described in Daines’ meta-analysis 

using the Prediction model Risk of Bias Assessment Tool, they carry a risk of bias and a great fluctuation 

in terms of performance [3]. This can easily result in over-diagnosis or under-diagnosis: the former 

causing unnecessarily costly treatment that can potentially lead to health issues, according to Akker’s 

retrospective analysis, and the latter misguiding treatments to be inadequate and risking harm, as 
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illustrated in José’s retrospective statistical analysis [5, 6]. Additionally, understanding the factors 

contributing to asthma and their relative significance statistically is crucial for developing effective 

prevention and treatment strategies. This makes the development of a model that can predict asthma, 

especially through the less-utilized field of environmental factors, an imminent need. Meanwhile, 

allergy refers to various conditions caused by hypersensitivity of the immune system to typically 

harmless substances in the environment [7]. Various studies discover that allergy risk factors, including 

environmental factors such as the level of air pollution pollen, dust, and exposure to pets, have a 

significant relationship with the development of asthma [8-15]. Nevertheless, though individual 

correlations with the triggering of asthma are determined, a more holistic study focusing on all of the 

allergy risk factors, analyzing their respective significance coefficients in the model not be conducted.  

This study will statistically analyze the correlation between four allergy risk factors – air pollution, 

pollen, dust, and exposure to pets – and the development of asthma, attempting to establish two 

predictive models utilizing logistic regression and random forest. This can bring more understanding to 

the relationship between allergy and asthma, supplementing current progress on the diagnostic models 

of asthma based on environmental factors, while also providing an indication of the potential risk factors 

for asthma in everyday life. 

2.  Methods 

2.1.  Data set 

The dataset obtained for analysis is the “Asthma Disease Dataset” shared by Rabie El Kharoua on 

Kaggle [16]. This dataset contains 2392 patients’ extensive health information, which includes the 

environmental and allergy factors, medical history, clinical measurements, symptoms, diagnosis 

information, and confidential information. The variables mainly referenced in this study are the 

diagnosis information and the environmental and allergy factors, such as the levels of pollution exposure, 

pollen exposure, dust exposure, and pet allergy. 

Within the dataset, the levels of exposure to pollution, pollen, and dust are assessed with a value 

from 0 to 10, with the lower values indicating less exposure and vice versa. For the pet allergy and 

diagnosis of asthma, a binary value of either 0 or 1 is given, with 1 indicating the existence of the 

conditions and 0 meaning the opposite. 

2.2.  Data preprocessing 

To perform data cleaning, a Python script is executed to validate each value within the dataset. The 

script identifies and removes all rows (representing individual patients) that contain missing values or 

outliers, ensuring that each variable adheres to its respective criteria. In this case, no rows are removed, 

indicating that the dataset is complete and robust. 

Additionally, due to the issue of class imbalance of cases with versus without asthma diagnosis within 

the dataset, the Synthetic Minority Over-sampling Technique combined with Tomek Links 

(SMOTETomek) is implemented to boost the size of the minor class. This process will be discussed in 

detail in the oversampling subsection. 

2.3.  Data analysis 

2.3.1.  Descriptive analysis 

To acquire a comprehensive understanding of the dataset, a descriptive analysis of the environmental 

and allergic-related characteristics, along with the patients’ diagnostic results, has been performed. 

A Pearson correlation matrix is first plotted between the variables of pollution exposure, pollen 

exposure, dust exposure, pet allergy, and diagnosis. This step aims to assess the relationships between 

the environmental and allergic variables and to give an overview of their relationship with the result of 

diagnosis. 
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Next, box-and-whisker plots are employed to plot the basic characteristics of the pollution exposure, 

pollen exposure, and dust exposure data. Since all three variables are measured in the range of 0 to 10 

and are continuous, the box-and-whisker plot stands out as a good medium of demonstration. For the 

binary variables “pet allergy” and “diagnosis,” a bar diagram that shows their respective quantities of 

0s and 1s is being plotted, visually demonstrating and comparing the cases with the quality present and 

absent. 

2.3.2.  Oversampling 

Due to an imbalance of the number of cases diagnosed with asthma and the number of cases not 

diagnosed with asthma, oversampling is required for the minor class. This is to prevent the majority 

class bias from taking place: since the diagnostic results would eventually be the dependent variable for 

the models, by the imbalanced sample, the models may neglect the minor class, giving rise to an 

accuracy paradox and poor predictive performance for the minor class. This process is done using the 

SMOTETomek method, which integrates the Synthetic Minority Over-sampling Technique (SMOTE) 

and Tomek links that remove noisy and borderline instances, resulting in a clean and balanced dataset. 

The oversampled dataset is then separately saved for future usage in the two regression models. During 

this process, information for the patient ID and doctor in charge in the dataset is being dropped due to 

their lack of relevance for the analysis. 

2.3.3.  Regression models 

A logistic regression is first performed, using all the available patient characteristics on the dataset 

(except for patient ID, the doctor in charge, and diagnosis results) as the independent variables and the 

diagnosis results as the dependent variable. This ensures the stableness and completeness of the model 

as compared to only taking the environmental and allergic factors as the independent variables. Three-

fourths of the oversampled dataset is being extracted as the training data, which is being used for fitting 

the logistic regression model, while the rest is used as the test data.  

After fitting and testing the logistic regression model, a confusion matrix is presented, along with the 

F1 score, the recall, and the overall accuracy for all the test cases. A Receiver Operating Characteristic 

(ROC) curve is also graphed with the Area Under Curve (AUC) shown to further tell how well the model 

discriminates between the two diagnosis classes. At last, odds ratios for the four environmental and 

allergic characteristics are calculated from their respective coefficients in the logistic regression model. 

The four odds ratios are then plotted along with their 95% Confidence Intervals (CIs). The CIs are 

calculated by adding and subtracting the corresponding z-value of 1.96 multiplied by the standard errors 

from the odds ratios. 

A random forest model is also fitted with the same set of variables and techniques for splitting the 

dataset applied. Identical parameters are being visually demonstrated except for the odds ratios, which 

have been replaced by the feature importance values for the four corresponding characteristics within 

the random forest model. 

All of the above processes are being implemented using Python’s sklearn library, along with the 

pandas library to manage the dataset and imblearn library to perform SMOTETomek. Graphs are plotted 

using the Seaborn library and the Matplotlib library. 
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3.  Results 

 

Figure 1. Descriptive Analysis of Environmental and Allergic Factors and Diagnostic Results for 

Asthma within the Dataset (n=2392). A demonstrates the correlation matrix of the factors. B 

demonstrates the boxplots for pollution, pollen, and dust exposure. C demonstrates the bar graphs for 

pet allergy and diagnosis values. 

The results of the descriptive analysis are shown in Figure 1. In Figure 1A, the correlation matrix, none 

of the four characteristics and diagnosis results carry a pair-wise correlation with an absolute value over 

0.3, indicating minimal or no relationship between the characteristics. Figure 1B portrays that the mean 

values for the level of pollution exposure, pollen exposure, and dust exposure are 5.04, 5.10, and 4.90, 

respectively. The box-and-whisker diagram also demonstrates that the values are mostly evenly 

distributed across the range of 0 to 10 since all three characteristics’ third quintiles are around the value 

of 7.5/10 and the first quintiles are around 2.5/10. In Figure 1C, it may be observed a domination of 

patients without pet allergies over people with pet allergies with 1995 cases to 397 cases, and similarly 

a domination of patients without the diagnosis of asthma versus ones that have, with a value of 2268 to 

124. This indicates that the size of the major class is about 18.3 times the size of the minor class. 

B C 

A 
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After the dataset is oversampled, the number of cases with and without a diagnosis of asthma both 

becomes 2267. The decrease by one for the major group may be allocated to the filtration process of 

border values of the Tomek links. 

 

Figure 2. Logistic Regression Results for Patient Characteristics and Diagnostic Results for Asthma. 

The confusion matrix and the F1, Recall, and Accuracy values. B the ROC curve and AUC. C the bar 

graph of the odds ratios of the environmental and allergic factors and their 95% CI. 

The results of the logistic regression analysis are shown in Figure 2. Figure 2A demonstrates the 

overall accuracy for the model to be 86.07%, with an F1 score of 0.8614 and a recall of 0.8737, while 

Figure 2B presents a near-ideal ROC curve with an AUC of 0.9293. As these values are all relatively 

close to 1, it indicates that the model is balanced and can effectively identify and distinguish the positive 

instances while minimizing false positives and false negatives. The odds ratios are presented in Figure 

2C, with the characteristic of Pet Allergy having an odds ratio of 0.60, deviating from 1 the most, and 

then Pollen Exposure, Dust Exposure, and Pollution Exposure following it with values of 1.21, 0.80, 

and 1.01, respectively. 

A B 

C 
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Figure 3. Random Forest Results for Patient Characteristics and Diagnostic Results for Asthma.  the 

confusion matrix and the F1, Recall, and Accuracy values. B the ROC curve and AUC. C the bar graph 

of the feature importance values of the environmental and allergic factors. 

The results of the random forest model analysis are shown in Figure 3. Figure 3A demonstrates the 

overall accuracy for the model to be 96.30%, higher than the case of the linear regression, while the F1 

score, recall, and AUC values are 0.9623, 0.9537, and 0.9907, being exceptionally high. This indicates 

that the model can fit the dataset perfectly and can distinguish between classes well. Figure 2C presents 

the feature importance for the four environmental and allergic factors, with Pollen Exposure being the 

highest, taking 0.05011, and Dust Exposure, Pollution Exposure, and Pet Allergy being 0.04725, 

0.04360, and 0.02967, respectively. This order generally corresponds with the results of the magnitude 

of deviation of the odds ratios for the four characteristics within the logistic regression, except for the 

case of pet allergy, which stands to have the largest deviation in the logistic regression and the smallest 

importance in the random forest model. 

4.  Discussion 

In the linear regression model, it may be observed that the odds ratios’ CIs of pollen exposure, dust 

exposure, and pet allergy do not contain 1. This indicates a positive correlation between the extent of 

A B 

C 
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pollen exposure with the diagnosis of asthma and a negative correlation between the extent of dust 

exposure and the presence of pet allergy with the diagnosis of asthma. Meanwhile, no conclusions can 

be made for the correlation between pollution exposure and the diagnosis of asthma with its CI for odds 

ratio ranging both above and below 1. 

The correlation of the values of the feature importances of the characteristics of pollen exposure, dust 

exposure, and pollution exposure with the extent of deviation from 1 of the odds ratios of the 

characteristics serves the cross-verify the validity of the results. It also directly demonstrates the weight 

of each characteristic in predicting asthma, implying their relative strength of relationship with the 

development of asthma, with pollen exposure as the most crucial factor. Moreover, the disagreement 

between the odds ratios and feature importance for pet allergy may be explained by the fact that the 

nature of this variable is binary. Due to the difference in nature of the logistic regression and the random 

forest model to treat the data values, it would be meaningless to compare the feature importance for the 

binary value along with other continuous variables ranging from 0 to 10 while referencing the odds ratio 

values. 

The results for the positive correlation and significance of pollen exposure agree with current 

mainstream research. It is currently found that exposure to pollen may lower lung function in the case 

of teenagers [11]. Exposure to high levels of birch pollen, for example, may exacerbate respiratory 

symptoms and reduce peak expiratory flow in individuals with allergic asthma [17].  

The ambiguous relationship between pollution exposure and the development of asthma also aligns 

with the progress of current studies. For example, it has been found that pollutions, especially air 

pollution, which stands as the major source of pollution in daily life, are associated with asthma incidents 

in children and adolescents [8, 9]. In various cohort studies, it is stated that a causal relationship between 

air pollution and the development of adult asthma has yet to be established [18]. Since the average age 

of the patients within the dataset is above 40, an adult population is being resembled, thus explaining 

the absence of associations between pollution exposure and asthma development in this case. 

For pet allergies, various studies agree that generally, exposure to pet allergens [19] and cats and 

dogs at a young age would decrease the chances of developing asthma [15]. This provides a possible 

explanation for the result of the study that pet allergies carry a negative correlation with asthma 

development since consistent exposure to pet allergens may also lead to the development of pet allergies. 

However, it should be taken into consideration that the majority of samples in this study are adults, with 

1978 out of 2392 samples (82.69%) with an age larger than or equal to 18, and there are no traces of 

information on whether they had pets when they were young. With the limited number of studies in this 

field, a comprehensive explanation may not be provided.  

On the other hand, the result that dust exposure has a negative correlation with asthma development 

deviates from prevailing scientific evidence. It is demonstrated that house dust mites, a key component 

of dust, along with particulate matter as a whole, can worsen asthma symptoms and outcomes. However, 

one possible reason for the presented negative correlation may be the hygiene hypothesis [18, 20]. The 

Hygiene hypothesis suggests that exposure to specific microorganisms within the dust may stimulate 

the immune system to protect against diseases, which may include allergic ones such as asthma. Indeed, 

it has been shown that rural areas, from which a wider range of microbes are present, do have a lower 

prevalence of asthma and other allergic conditions as compared to urban areas [21]. Nevertheless, it is 

important to note that the range of microbes is not explicitly linked with dust and is still in need of future 

studies. 

There are several potential limitations of this study. The first limitation is the nature of the dataset. 

The dataset is cross-sectional, meaning that it only captures the state of the patients at a single point in 

time. This limits the ability of the model to establish a causal relationship between the environmental 

and allergy factors and the diagnosis of asthma since the process of development of asthma and the 

change of the variables over time may not be observed. To resolve this issue, longitudinal measurements 

can be made in follow-up studies. Additionally, the dataset is also quite imbalanced with the people not 

diagnosed with asthma being 18.3 times the ones diagnosed with asthma. While the use of oversampling 

methods is needed, it may introduce synthetic instances that do not perfectly represent real-world cases. 
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This negatively affects the generalizability of the models, as well as their ecological validity. In future 

studies, more samples with the diagnosis of asthma may be incorporated into the data by a more targeting 

sampling approach. 

Secondly, some of the variables in the dataset are self-reported. For example, the scores in the dataset 

for “diet quality” and “sleep quality” are arbitrarily determined by the patient, while some characteristics 

such as “shortness of breath” and exposure to pollution factors may not be fully measured by the doctors 

and depend on the patient’s descriptions. Self-reported data can be subject to recall bias and inaccuracies, 

which may affect the reliability of the final results. This, then, may be resolved by more objective and 

effortful ways of measuring, such as using devices to keep track of the participants’ diet and sleeping 

status over time and monitoring the air quality data in the participants’ daily environments. 

5.  Conclusion 

This study discusses and highlights the relationship between several environmental and allergy factors 

and the diagnosis of asthma. While pollen exposure plays a huge role in triggering and exacerbating 

asthma, dust exposure, and pet allergies are found to have a negative correlation with the diagnosis of 

asthma, and the relationship between pollution exposure and asthma diagnosis is still ambiguous. In the 

study, a logistic regression model and a random forest model are established to assess the odds ratios 

and feature importance of the characteristics. Aside from a pet allergy, all three other exposure factors 

in both models follow the sequence with pollen exposure carrying the most influence, dust exposure 

following it, and pollution exposure having the least significance. The random forest model carries a 

higher accuracy, 96.30%, than the logistic regression model, 86.07%, while both models demonstrate a 

satisfying quality regarding the distinguishment between different classes and minimizing false positives 

and negatives. None of the environmental and allergy factors are found to have a pair-wise correlation 

with each other. 

The study has a broad application in the field of medical research and public health. The correlations 

presented between exposure to specific factors can be used to hypothesize the patients’ reason for asthma 

development and provide suggestions for exacerbation of symptoms, reducing asthma incidence. A 

pathway is also provided for researchers to further study the reason why dust and pet allergies carry such 

negative correlations. In future studies, more advanced mediums of measurement, ones that can measure 

more comprehensive and accurate quotative data, may be incorporated into the data collection process 

to yield results with higher reliability and validity. As the understanding of the environmental and allergy 

factors themselves grows, more links with a theoretical base can also be provided between them and 

asthma development. 
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