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Abstract—Chronic obstructive pulmonary disease (COPD) 
is a type of chronic lung illness that worsens with time and leads 
to a restriction in the outflow of air from the lungs. According 
to the World Health Organisation, The World Health 
Organization ranks COPD as the third leading cause of death. 
Clinically, the diagnosis of this disease is relatively difficult; 
therefore, early identification of individuals at risk of developing 
COPD is vital for implementing preventative strategies. This 
research work has developed a generalised linear model (GLM) 
to predict the COPD status of the patients.  A dataset of 1262 
patients (688 COPD cases and 574 controls) was used. 
Exploratory data analysis (EDA) was utilised to observe how 
potential covariates were related to the response variable 
(COPD status). By employing rigorous model selection 
techniques (forward selection and backwards elimination) 
according to (AIC) which stand from Akaike information 
criterion and (BIC) which stand from Bayesian information 
criterion (BIC), a consensus was reached that the most suitable 
model is a binomial logistic regression model which includes the 
smoking history, gender, and age. The model was validated 
using an independent test set with an accuracy of 73%. Such a 
model, once fully validated, has the ability for predicting the risk 
of developing COPD in patients with existing lung conditions, 
including but not limited to, asthma. 
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Generalized linear model (GLM), Akaike information criterion 
(AIC), Bayesian information criterion (BIC). 

I. INTRODUCTION 

Chronic obstructive pulmonary disease (COPD) is a type 
of chronic lung illness that worsens with time and leads to 
reduced lung capacity and restricted airflow. It is recognized 
as the third largest cause of death worldwide [1], affecting 
more than 250 million people across the world [2]. 

The main pathological features of COPD are obstructive 
bronchiolitis and emphysema. It was also found that there is 
evidence of mucus hypersecretion in many cases. CT imaging 
showed that a slight airway loss is an early feature of COPD 
that might progress to severe airway obstruction [3]. COPD 
is also linked to chronic inflammation that impacts peripheral 
airways and lung parenchyma. [3]. 

Early diagnosis and treatment reduce symptoms and flare-ups 
[1]. Yet, diagnosing this disease clinically is relatively 
difficult; therefore, early identification of individuals at risk 
of developing COPD is vital for implementing preventative 
strategies. 

Sample classification, and more specifically the prediction of 
disease state, is an important field of research for COPD 
investigations. There have only been a limited number of 
approaches, that have been developed to deal with this issue, 
such as machine learning based approaches [25]. In this 
research work, we focus on one sub-challenge which is the 
COPD and its prediction method. The researcher outlined 
critical pre-processing steps to make training and test data 
comparable. A generalized linear model (GLM) was 
developed to predict the COPD status of patients using 
several predictors including age, gender, smoking status, and 
ethnicity. 
 

This research study aims to develop a model that predicts 
the probability of patients developing COPD, considering 
disease status as a predicted outcome and age, gender, 
smoking status, and ethnicity as predictors. 

II. LITERATURE REVIEW 

COPD is a chronic lung condition that worsens with time and 
is defined by ongoing respiratory symptoms and a 
diminishment in lung function. It has a transformative and 
disruptive effect on life, and it is associated with a low life 
quality and a high mortality rate [2,9]. In addition, COPD has 
been linked to a number of different disorders, including lung 
cancer [4]. A primary concern of COPD is that exacerbations 
become more frequent as COPD progresses [5], usually 
triggered by rhinovirus infection and increased growth of 
colonizing bacteria [6]. 

Increased control over COPD symptoms can be achieved 
when patients quit smoking, exercise regularly, and get 
pneumonia, influenza, and coronavirus vaccines [1]. 
Moreover, long-term adherence to pharmacotherapies is 



associated with less need for hospitalization and less 
mortality rate [6-8]. 

The COVID-19 pandemic has transformed COPD 
management. It induced changes in the provision of COPD 
healthcare services. Also, it reduced the specialist access and 
shifted the service and treatment cost onto community care 
resources [7].  

Numerous studies were conducted to assess the correlation 
between smoking and COPD risks [7]. The correlation 
between smoking and the risk of COPD has mostly been 
investigated through studies that have focused on summary 
measures, such as smoking status [7]. Other studies 
investigated different COPD predictors such as age and 
gender. 

Risk factors for chronic obstructive pulmonary disease 
(COPD) include tobacco smoking, environmental factors 
(such as air pollution and a deterioration in air quality due to 
the burning of biomass fuels), and a predisposition to the 
disease due to genetics [11] The aging of the population and 
continued exposure to environmental COPD risk factors will, 
over the course of time, lead to an increase in the prevalence 
of COPD [12, 13]. 

The best current medicines aim to lessen the likelihood of a 
COPD exacerbation and improve functionality and improve 
quality of life and lower symptoms. The most common non-
pharmacological management strategies for stable COPD 
include quitting smoking, increasing one's level of physical 
activity (including participation in pulmonary rehabilitation), 
along with making several other changes to one's lifestyle, 
including taking medication [14]. 
Exacerbations of chronic obstructive pulmonary disease 
(COPD) are associated with less-than-desirable outcomes in 
terms of health, a larger possibility of additional 
exacerbations, a reduction in lung function, a deterioration in 
quality of life, and an increased risk of mortality are some of 
the potential negative outcomes [15][16]. Most COPD-
associated medical expenses are also due to exacerbations; 
the cost is significantly raised by those who require 
hospitalization [17]. As a result, preventing exacerbations is 
one of the key goals of managing COPD [18].  
Exacerbations of COPD are known to be more likely in 
people with certain disease characteristics, such as a history 
of prior exacerbations, higher airway obstruction, more 
severe symptoms, and coexisting diseases such diabetes, 
cancer, heart failure, and acid reflux [19, 20]. Additionally, 
the eosinophil count in blood is a moderator of the therapeutic 
response to inhaled corticosteroids (ICSs) and a predictor of 
the risk of exacerbation, with higher eosinophil counts 
leading to greater exacerbation rate reductions [21-23]. 
Therefore, it's crucial to customize therapies based on the 
unique patient variables that raise the likelihood of 
aggravation. 
While different techniques are used for prediction in 
healthcare studies, machine learning models have been 
developed and used to improve the ability to predict 
disposition of patients with COPD [24]. 

III. RESEARCH METHOD 
Regression models are used as the basis for predictions 

through a causal relationship between multiple predictors and 
a predicted outcome. Three regression models are commonly 
used in healthcare research: linear, log-linear, and nonlinear 
regression. The main aim of using such models underlies its 
capability to help the analyst determine the connection 
between the response and dependent variables Y and other 
explanatory/covariate variables xi, for i= 1, . . . , n, where i is 
the unit of observation, calculate the value of the depended 
variable Y, estimates likelihood parameter values, and 
evaluate the performance of the model in addition to what-if 
analysis. Statistical models are required to perform regression, 
where a model fits a set of observed data. 

In normal linear regression models, we assume that 
observations are independent, and the variance is 
homoscedasticity i.e. unaffected by the covariate values, 
linear regression models indicate that 

𝑌 𝛽 𝛽𝑥 𝜀                      (1) 

the intercept is β0 and Yi is the dependent variable (an 
estimated parameter), 𝛽 is the slope of the line, xi is the 
independent variable, and εi is the distance between the 
predicted value and the observed value. The sum of ɛ  is 
minimized for better fit. 𝛽 is calculated as: 

𝛽  
̅

̅
                           (2) 

It is crucial to ensure that the mean is non-negative by 
using transformations of the mean function so that 

𝑔 𝜇 𝛽 𝛽𝑥                             (3) 

 

A link function 𝑔 ∙  is sometimes used to ensure a non-
negative mean e.g. 𝑔 𝑥 𝑙𝑜𝑔 𝑥 and that the mean is scaled 
to a probability value between 0 and 1 e.g. 𝑥 𝑙𝑜𝑔 𝑥/
1 𝑥 . 

On the other hand, a multiple linear regression model 
indicates that 

𝑌 𝛽 𝛽 𝑥 𝛽 𝑥 . . .𝛽 𝑥 𝜖      (4) 

 

Matrix notation can also be used to represent the model as 
follows: 

𝑌 𝑋𝛽 𝜖                                (5) 

 where  

 

𝑌

𝑌
𝑌
⋮
𝑌

                                    (6) 

 𝛽

𝛽
𝛽
⋮

𝛽

                                  (7) 



 𝜖

𝜖
𝜖
⋮
𝜖

                                    (8) 

 𝑋

⎣
⎢
⎢
⎡
1 𝑥 𝑥 … 𝑥
1 𝑥 𝑥 … 𝑥
⋮ ⋮ ⋮ … ⋮
1 𝑥 𝑥 … 𝑥 ⎦

⎥
⎥
⎤
                 (9) 

 

Likewise, a link function can be used to limit the covariate 
values to a scale of probability between 0 and 1. Because of 
the binary nature of the response variable, disease status, the 
logit link function, is considered as the canonical link function 
for a binomial generalized linear model (GLM). It is 
represented by the following equation: 

𝑙𝑜𝑔𝑖𝑡 𝜃 𝑙𝑛 𝛽 𝛽 𝑥 𝛽 𝑥 ⋯ 𝛽 𝑥  (10) 

Where 𝜃 is the probability of interest for the ith 
observation and 𝑥  , 𝑥 , … , 𝑥  are the values for the n 
covariates of interest measured at the observation. 𝛽 is the 
intercept value. While 𝛽 ,𝛽 , … ,𝛽 are the regression 
coefficients that determine the size of the effect of the 
respective covariate. 

Given the previous representation of the logit function of 
𝜃   , 𝜃  can then be represented as: 

𝜃
⋯

⋯
         (11) 

 

The residual sum of squares for model kth, the residual 
sum of squares is 𝑆𝑆𝐸 ∥ 𝒀 �̂� ∥ ,  considering  �̂�
𝑿 𝛽  is the calculated mean vector, while 𝛽  is the estimated 
value using least squares of βk, 

For a nested class of models ,the residual sum of squares 
𝑆𝑆𝐸 ∥ 𝒀 𝑿 𝛽 ∥  declines, and the greatest number of 
parameters reach the minimum of 𝑆𝑆𝐸 . Therefore, 
choosing the optimal model does not always depend on 
minimizing SSEk across k models. However, 𝐷 E ∥ 𝝁
�̂� ∥   ,the anticipated squared distance between μ and 
𝝁 ,provides a decent indicator of how μ is given by accurately 
𝝁  estimates.  

It is ideal to select the model for which Dk is the least, 
however this is not possible because Dk depends on the 
unknown population parameter, So, after getting a decent 
estimate  𝐷  of Dk, one must minimize 𝐷  over the range of k 
= 1, …, K.it is thought that 𝑿 𝛽 the most accurate estimate 
of the mean vector μ if the minimum is reached at  𝑘 𝑘 .In 
order to determine an impartial or nearly unbiased estimate of   
Dk. Akaike’s FPE and Mallows’ criteria are used. 

 

Model selection is the process of fitting various models to 
a specific dataset, determining how well they perform and 
how difficult they are, and finally selecting the best model. 
This can be applied to both supervised e.g. predictive model 
for regression or classification or unsupervised machine 
learning e.g. clustering model. A considerable amount of 
literature has been published, pointing out different 
approaches for model selection. They were all developed from 

various academic disciplines. The Bayesian Information 
Criterion (BIC) and frequentist probability are the sources of 
the Akaike Information Criterion (AIC) (BIC). The 
probability that is derived from Bayesian theory. The 
Minimum Description Length (MDL), a second strategy, was 
derived from information theory. AIC and BIC are utilized to 
evaluate a model's log-likelihood, number of parameters, 
minimum description, and complexity.𝐵𝐼𝐶 𝑘 𝑛𝑙𝑜𝑔𝜎
𝑙𝑜𝑔 𝑛 𝑝                 (12) 

𝐴𝐼𝐶 𝑘 𝑛𝑙𝑜𝑔𝜎 2𝑝                           (13) 

 

To determine the prediction error of the kth fitted model, 
cross-validation (CV) and generalized cross-validation (GCV) 
are used. Whereas log-likelihood comes from Maximum 
Likelihood Estimation i.e., the process of increasing the 
conditional likelihood of witnessing data in a particular 
probability distribution. This method is used to discover or 
improve a model's parameters in response to training data. 

IV. EXPLORARTORY DATA ANALYSIS 

A. Introduction to Exploratory Data Analysis(EDA) 

Exploratory data analysis (EDA) examines a dataset to 
find patterns and anomalies, test hypotheses, and use 
statistical measures. A proper EDA process reveals ground 
truths about the dataset while avoiding assumptions. There 
are various steps to perform EDA, including problem 
definition, data preparation, data analysis, and development 
and representation of results. 

B. Exploratory Data Analysis Results 

In this cross-sectional study, a cohort dataset that consists 
of 1262 records was analyzed. The dataset includes the 
following variables: disease status (categorical), age 
(continuous), gender (categorical), smoking status 
(categorical), and ethnicity (categorical). 
   

Figures 1 to 4 demonstrate the first quartile, median, third 
quartile, and maximum values for Age as a continuous 
variable, as well as a five-number summary for the 
categorical variable’s disease state, smoking status, sex, and 
ethnicity. 

 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 1 Disease state versus Age 



 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

Fig. 3 Sex versus Age 

 

 
 

Fig. 4 Ethnicity versus Age 

This EDA concluded that patients with COPD were of 
higher age group. Other descriptive statistics of the studied 
dataset are demonstrated in tables 1-3. 
 

TABLE 1 FREQUENCY DISTRIBUTION OF DISEASE VERSUS 
SMOKING STATE 

 
Former 
Smoker 

Nonsmoker Smoker Total 

Control 140 182 252 574 
COPD 521 1 166 688 
Total 661 183 418 1262 

 

 
TABLE 2 FREQUENCY DISTRIBUTION OF GENDER VERSUS 

SMOKING STATE 

 
Former 
Smoker 

Nonsmoker Smoker Total 

Male 251 65 154 470 
Female 410 118 264 792 
Total 661 183 418 1262 

 
TABLE 3 FREQUENCY DISTRIBUTION OF GENDER VERSUS 

SMOKING STATE 

 Nonsmoker Smoker Total 

Male 211 363 574 
Female 259 429 688 
Total 470 792 1262 

 
The statistical test Chi-Square is used to calculate the 

significance level of association between the predicted 
variables and the predictors by looking at the value of p. A 
value of p that is less than 0.05 indicates a confidence level 
of 95%. The results show that smoking (chi-squared = 
356.69, df = 2, p < 2.2e-16) and sex (chi-squared=0.13603, 
df = 1, p-value = 0.7123 are Significantly connected to the 
disease condition, specifically COPD. With a value of 
p>0.05, the disease status is not substantially correlated with 
gender or age. 

V. RESULTS AND ANALYSIS 

A binomial logistic regression model was developed to 
predict the COPD status accounting for multiple covariables 
including smoking status, sex, age, and ethnicity. Model 
performance and validation were carefully measured to ensure 
accurate results.  

Both backward stepwise regression (also known as 
backward elimination) and forward selection approaches were 
used during model selection. the process started with a full 
saturated model. Following backward elimination approach, 
the number of predictors was reduced to achieve highest 
accuracy. Similarly, the forward selection was also used and 
began with only an intercept. Variables were added gradually 
while observing its performance. 

The selected model is based on BIC and the regression 
model is described as follows: 

ηi = -5.3970 -19.0724×nonsmoker  -1.3668×Smoker + 
0.1095×Age      (14) 

Where the intercept value 𝛽 =-5.3970, 𝛽 =19.0724, 𝛽  = 
-1.3668, and 𝛽  0.1095. 

The model indicates the key covariates are age and 
smoking status with corresponding p-values of the 
coefficients 0.05 , indicating the significance of these 
parameters. The model was used to run predictions on a 
randomly selected test set and the resulting accuracy is 73%. 

Assuming that the data are independently distributed, the 
response (dependent) variable assumes a binomial distribution 
(part of the exponential family), The GLM model does not 
assume a linear relationship between the Disease state and any 
of the independent variables, and it uses the maximum 
likelihood estimate (MLE) to estimate the parameters 
(coefficients). 

Fig. 2 Smoking status versus Age 



The calibration graph generated for the studied dataset 
indicated good calibration, and the test for the Hosmer 
Lemeshow c-statistic demonstrated no lack of fit as shown in 
figure 5. 

 

 

Figure 5 Hosmer Lemshow graph for the dataset 

VI. CONCLUSIONS 

 COPD is a progressive lung condition that is known 
third-leading cause of mortality globally. A statistical model 
was developed to predict the probability of a patient 
contracting COPD. The model developed is a binomial 
regression model with a logit link function. Following 
rigorous model selection process, the results obtained 
indicated the significance of the smoking status and age on 
COPD disease state. The model achieved a 73% accuracy on 
a randomly selected independent test set. By identifying those 
who are at a high risk for COPD, the model could be used as 
a tool for early detection programs. 

The challenge of using regression is recognised in 
epidemiology since the models rely on observational data. 
Hence, proper measures should be considered to ensure 
covariates are correctly measured and adjusted. 
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