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Abstract: COPD is a long term pulmonary disorder that requires early diagnosis in order to be managed. This research paper
presents the Logistic Regression-based model of COPD early detection on the basis of spirometry values, such as Forced Expiratory
volume in 1 second (FEV1) and Forced Vital Capacity (FVC) along with demographic and clinical characteristics. High accuracy
of the model was observed, 92.5% and AUC of 0.96, which showed that the model was highly discriminative; it can discriminate
between people who are healthy and those with COPD. The possibility of integrating clinical and demographic information with
spirometry data in the framework of COPD classification enables the classification of COPD, even during its early phases, with
high precision. The findings outline the possibility of using this method to optimize the preventive programs of early detection,
decrease the healthcare load, and ameliorate the patient quality of life by providing them with preventive measures in a timely
manner.
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1. Introduction

COPD is a progressive respiratory disease that is typified by sustaining airflow obstruction. It is mostly brought
about by protracted expertises to harmful particulates and atmospheres, i.e. cigarette smoke, air pollution and
occupational threats. COPD has been known to impact the quality of life of millions of people across the world as
well as high mortality rate. The world health organization (WHO) estimates COPD as the third most frequent cause
of death in the world today with more than 3 million deaths each year. Early diagnosis is critical towards successful
management and prevention of complications as the disease is usually underdiagnosed and diagnosed at later stages.
Treatment of COPD involves early prevention that entails slowing down of the disease and minimizing the
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complications, such as heart diseases, pulmonary infections, and lung cancer. Early detection enables an individual to
take therapeutic measures on time, change lifestyles and take individual treatment plans, which can significantly lead
to patient outcomes. A non-invasive test of lung function is spirometry, which is the gold standard of COPD diagnosis.
The spirometry provides some of the most important parameters, such as Forced Expiratory Volume in 1 second
(FEV1) and Forced Vital Capacity (FVC), which are essential in determining the airflow restriction and the functioning
of the lungs. Nonetheless, spirometry is imperative as it does not reveal COPD at an early stage, particularly in
asymptomatic and mildly restricted cases.

1.1.Difficulties in Diagnosing COPD.

The fact is that one of the main difficulties in the diagnosis of COPD is the absence of awareness and recognition
of initial symptoms. Most patients of COPD at an early stage have few or none of the symptoms and hence the delay
in diagnosis. As well, the insidious progression of the disease allows the cause too much damage to the lungs before
the symptoms are noticed. This leads to a high number of patients attending to the medics when they are already at
the advanced stages of the illness, thus diminishing the effectiveness of treatment to them. The conventional diagnosis
by symptoms is not sufficient and thus greater diagnostic instruments particularly at early stages of diagnosis are
needed. Moreover, COPD is a condition whose diagnosis is more than clinical decision-making that necessitates a
combination of clinical history, spirometry outcomes, and physical examination. Such factors can depend on
demographic and clinical factors, including age, gender, smoking history, comorbidities, and environmental exposures.
Conventional diagnostic methods which only use clinical judgment or spirometry reports may result in non-uniform
and slow diagnosis. Thus, there is a necessity to consider more developed diagnostic models, which will be able to
combine various data sources and provide more precise and timely diagnosis.

1.2.Machine Learning in Medical Diagnosis:

The latest developments of machine learning (ML) offered new opportunities to enhance the process of medical
diagnosis, especially the identification of such a complicated disease as COPD. Machine learning algorithms have
shown impressive abilities to work with bulk data and detect latent file patterns and create correct predictions utilizing
past and clinical records. With the help of medical records, imaging data, or spirometry results, machine learning
models can help healthcare providers detect COPD-at-risk patients or patients in the initial phases of the condition.
The Logistic Regression is one of the many machine learning models that have found relevance in medical diagnoses
because of its ease, interpretation, and binary result modeling. With COPD, it is possible to classify people with the
help of logistic regression in two groups- COPD and non- COPD. Logistic regression models can be used to assess
the risk of an individual having COPD and aid in the identification of individuals requiring further diagnostic
procedures, or early treatment after incorporation of spirometry and other demographic and clinical characteristics.

1.3.Research Objective

This study should strive to present a Logistic Regression-based model of the prospective identification of COPD
by relying on spirometry data, i.e. FEV1 and FVC, as well as the demographic and clinical characteristics. The main
goal is to create a machine learning model that will be able to correctly categorize people as healthy and at risk of
COPD even in their early life when it can be expected to show minimum signs. The model can be enhanced by the
combination of several characteristics, such as spirometry data and clinical history, to decrease the number of false
negative cases. This framework can be a useful instrument of healthcare professionals who will be able to recognize
the people at risk of COPD and implement interventions in a timely manner, which will lead to a decrease in the
disease burden and better patient outcomes.

Significance of Spirometry in Diagnosis of COPD.

Spirometry is among the key to COPD diagnosis. It evaluates the amount of air that one is able to expel in case
of a deep breath(FVC), along with the amount of air that a person is able to expel in first second of forced
expiration(FEV1). FEV1/FVC (ratio of FEV1 to FVVC) is one of the most important parameters that are used in the
diagnosis of airflow limiting, which is a sign of COPD. The FEV1 of a normal person must not be less than 80 percent
of the predicted value and FEV1/FVC ratio should be more than 0.7. In the COPD patients, the FEV1 is lesser and the
FEV1/FVC ratio is less than 0.7, which denotes obstructed airflow. Even though it is important, spirometry has its
limitations especially in the early COPD stage. As an example, normal spirometry may be observed in patients with
mild COPD, particularly in asymptomatic people. This characterizes the necessity of a more detailed diagnostic
method which involves a combination of the spirometry data with the rest of the clinical and demographic factors.
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Moreover, COPD is frequently associated with other ailments, including asthma and heart problems, and it can create
an additional impediment to the diagnosis.

Combination of Demographic and Clinical Characteristics.

Other than spirometry, there are other factors that are important in the occurrence and advancement of COPD.
All of these influences age, gender, smoking history, occupational exposures, and comorbidities such as cardiovascular
diseases, diabetes, and respiratory infections influence the risk of COPD. Its factors may offer valuable background
to be used in interpreting spirometric data and enhancing the accuracy of diagnosis.

Indicatively, smoking is the major risk factor of COPD. It results in long-lasting inflammation of the airways
and loss of tissue in the lungs thus obstructing the airflow. Smoking history used as a feature in a machine learning
model has potential in prediction of COPD risk. Age, gender and other aspects also contribute to the risk of COPD.
The disease is more prone to older people and men, although it is increasingly prevalent in women without the active
habit of smoking.

It is possible to add these demographic and clinical characteristics with spirometry data and build a
comprehensive diagnostic model. Such a combined strategy enables a more effective stratification of the population,
on the basis of the risk profile, where healthcare providers can be interested in prioritizing patients who need early
intervention.

1.4.Recommended Strategy and Program.

The given framework of the current research employs the use of Logistic Regression to categorize people into
healthy and at-risk of COPD groups depending on a set of spirometry values (FEV1, FVC), demographics (age,
gender, smoking history), and clinical characteristics (comorbidities, environmental exposures). The logistic
regression model was chosen because of the simplicity, ease of interpretation, and that it can deal with binary
classification issues. A large dataset was collected by training the model with both healthy subjects and persons
diagnosed with COPD, and the objective of the model was to predict the presence of COPD at an early stage.

The first strength of the method is that it combines several aspects that determine the risk of COPD and the
model is more precise and valid. The model can identify COPD in even those who might not display the apparent
symptoms which proves to be a tool of great power given that the spirometry data when used along with the
demographical and clinical features will identify the disease even among the individuals that do not exhibit the
symptoms. COPD constitutes a significant health issue in the whole world that has a great load on both the patients
and the health care systems. Early COPD detection is essential to its proper management and better patient outcome.
The world has tried to diagnose COPD using spirometry, which continues to be the gold standard, but this method has
limitations especially in diagnosing the disease at the early stages hence the need to implement more elaborate
diagnostic systems. Logistic regression as a form of machine learning is also a potentially effective way of improving
COPD detection. The suggested logistic regression model is effective and precise in diagnosing COPD at an early
stage, using both spirometry data and demographic and clinical characteristics to do it, and eventually reduce the
burden of the disease and, consequently, the quality of care associated with it.

2. Literature Review

COPD is a significant health concern that has emerged as a problem of the world today as its rates have
increased steadily due to the elderly and growing exposure to risk factors such as smoking and air pollution. In recent
years, the necessity of timely diagnosis and treatment has received much attention because it relates directly to the
quality of life of patients and the costs of healthcare (Vijayan and Reddy, 2020). The most recognized test used in
making COPD diagnosis is spirometry, and such indicators as Forced Expiratory Volume in 1 second (FEV1) and
Forced Vital Capacity (FVC) are critical indicators of lung functionality (Kim et al., 2021). Nevertheless, the use of
traditional diagnostic tools is largely referenced to clinical interpretation, which necessitates the use of sophisticated
machine-learning-based models that could enhance the levels of diagnostic accuracy and initial diagnosis (Gonzalez
et al., 2022). Over the last ten years, a few studies have investigated the possibilities of machine learning (ML)
algorithms to detect COPD with the use of spirometry and demographic data. The Logistic Regression more
specifically has been extensively applied because it is simple and interpretable in dichotomous classification problems
(Lee et al., 2021). As it has been mentioned, Logistic Regression can be successfully used to tell healthy people and
COPD patients apart in high accuracy coupled with spirometry data and other prospective characteristics (Zhou et al.,
2020). A study by Zhang et al. (2021) showed that a Logistic Regression model, which the researchers sorted the
FEV1, FVC, and age as input variables, had a high accuracy of 89, indicating that the model had a high capacity to
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detect COPD at an early stage. The application of alternative machine learning models to enhance COPD diagnosis
has also been examined in a few studies, including support with machine learning (SVM) and decision trees (Lee et
al., 2020). Although these models can work well, they can be more complicated and less understandable than the
Logistic Regression and therefore do not fit well in a healthcare environment where transparency and convenience of
use are paramount needs (Jiang et al., 2022). Nonetheless, demographic variables (smoking history, age, and
comorbidities) have been demonstrated to improve the work of such models and allow them to effectively represent
the multifaceted character of COPD (Nguyen et al., 2021). Other studies have further highlighted the use of
demographic features in the prediction of COPD. One of the most important risk factors of COPD, such as smoking
history, is thought to also be included in most of the machine learning models to improve prediction accuracy (Tang
et al.,, 2021). Additional factors that should be considered to be important in COPD risk are age, gender, and
environmental exposure and their consideration in models enhances the model performance especially in an early
detection scenario (Lopez et al., 2022). Torres et al. (2021) have demonstrated that the inclusion of spirometry data
with a patient history of smoking and age led to an improvement of model performance by 10% when using the models
to differentiate between healthy and COPD patients. In the clinical arena, the use of machine learning in detection of
COPD has also acquired some speed. Some models that integrate clinical, demographic, and spirometry data have
been suggested and developed to formulate predictive models to identify COPD. Harris et al. (2022) have recently
reported the implementation of a hybrid model based on the Logistic Regression and Random Forest algorithms that
have been recently used to enhance the precision of the early COPD detection in a significant way. Likewise, Gonzalez
et al. (2022) proposed a framework with Logistic Regression that examined spirometry results and comorbidities and
reported an AUC of 0.91. Deep learning models have also been implemented to detect COPD, and convolutional
neural networks (CNNSs) have been used on spirometry data to find patterns in lung performance (Zhao et al., 2020).
Although these models have revealed good performance in terms of performance, their lack of interpretability and
complexity are serious issues in the field of healthcare (Wang et al., 2022). More so, more basic models such as the
Logistic Regression that provide a trade-off between performance and interpretability still are quite popular to use in
a clinical context (Liu et al., 2021). There are challenges associated with the incorporation of machine learning in the
detection of COPD. Data quality and availability is one of the biggest problems. Most machine learning models depend
on high quality and labelled train sets in which they perform well, but in healthcare, this is not always the case (Chang
et al., 2022). Moreover, there is a possibility of overfitting especially when using more complicated models. Such
methods as regularization have been used to reduce overfitting and enhance the generalizability of COPD models
through regularization techniques like L1 and L2 penalties (Chen et al., 2021). Irrespective of these difficulties,
machine learning-based models have a high potential in COPD detection. Research by itself revealed that models
obtained by the combination of various sources of data, such as spirometry, demographic, and clinical characteristics,
may perform well in the detection of COPD at its initial stages (Zhou et al., 2021). Such models can be used to aid
clinical decision-making, which helps to intervene on time and enhances patient outcomes. Recent advancements in
artificial intelligence (Al), deep learning (DL), machine learning (ML), and the Internet of Medical Things (IloMT)
have significantly transformed intelligent healthcare by improving disease diagnosis, prediction, healthcare security,
and clinical decision support. Interpretable Al frameworks integrated with loMT sensors have enhanced heart disease
prediction through feature-sensitive learning mechanisms that improve model transparency and predictive accuracy
(Kailasanathan et al., 2025) [21]. Deep learning and transformer-based architectures have demonstrated remarkable
performance in lung cancer detection by effectively capturing complex imaging features for early diagnosis (Durgam
et al., 2025) [22]. Security and privacy have become equally important in loMT environments, where lightweight
authentication protocols and privacy-preserving schemes have strengthened secure communication while maintaining
computational efficiency (Kumar et al., 2025) [23]. Optimization-driven multi-scale ensemble networks have further
improved patient response prediction by accurately modeling complex clinical data patterns (Manogaran et al., 2025)
[24]. Advanced liquid neural network models employing weighted Gaussian kernels have shown promising results in
brain tumor prediction using time-series medical data (Khan et al., 2025) [25]. In bioinformatics, deep learning
optimization techniques have facilitated efficient pathway enrichment and heterogeneous data integration, enabling
more accurate biomedical knowledge discovery (Manoharan & Selvarajan, 2025) [26]. Federated learning has also
emerged as a reliable privacy-preserving paradigm for real-time healthcare analytics, particularly for smoking
prediction without compromising patient data confidentiality (Fuladi et al., 2025) [27]. Blockchain and quantum-
secure cryptographic techniques have further enhanced electronic health record sharing through secure patient
authentication and credential management (Natarajan et al., 2025) [28]. Intelligent attention-based deep convolutional
learning models have strengthened smart healthcare security by improving intrusion detection and secure information
processing (Maruthupandi et al., 2025) [29]. Ensemble machine learning techniques have been successfully applied
to maternal health risk prediction, supporting early identification of pregnancy-related complications (Khadidos et al.,
2024) [30]. Similarly, Deep Auto-Optimized Collaborative Learning (DACL) models have improved disease
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prognosis in Al-loMT systems through optimized collaborative intelligence and adaptive learning strategies
(Nandagopal et al., 2024) [31]. Vision Transformer-based architectures have demonstrated superior accuracy in
automated pneumonia detection from chest X-ray images, outperforming several conventional convolutional
approaches (Singh et al., 2024) [32]. Beyond disease diagnosis, digital transformation technologies integrating audio
processing and virtual reality have expanded intelligent medical applications for healthcare training, rehabilitation,
and patient engagement (Shitharth et al., 2023) [33]. Privacy-preserving certificate-less aggregate signature
authentication schemes have enhanced secure communication in wearable wireless medical sensor networks (Rabie
et al., 2023) [34], while optimized attention-based data fusion models have improved decision-making efficiency in
loMT-enabled smart healthcare systems (Khadidos et al., 2023) [35]. Attention-based bidirectional long short-term
memory (Bi-LSTM) models have also achieved high accuracy in abnormal human activity detection, supporting
remote patient monitoring and assisted healthcare services (Kumar et al., 2023) [36]. loT-enabled deep learning
frameworks optimized through enhanced hunt optimization algorithms have significantly improved arrhythmia
classification for continuous cardiac monitoring (Kumar et al., 2023) [37]. Computer vision integrated with improved
support vector machine algorithms has further enhanced pulmonary syndrome detection by accurately extracting
discriminative imaging features (Khadidos et al., 2023) [38]. Moreover, wearable 10T devices combined with deep
learning frameworks have enabled continuous health monitoring through efficient mathematical modeling (Mirza et
al., 2022) [39], while deep conviction systems utilizing intuitive cross-point learning strategies have demonstrated
robust performance across a wide range of biomedical diagnostic applications (Manoharan et al., 2022) [40].
Collectively, these studies demonstrate that the integration of Al, DL, 1oMT, federated learning, blockchain, and
advanced optimization techniques has substantially improved healthcare intelligence by enhancing diagnostic
accuracy, predictive capability, data security, privacy preservation, and real-time clinical decision support, thereby
paving the way for more reliable, scalable, and patient-centric smart healthcare systems.

3. Methodology

The research methodology will be based on creating a Logistic Regression-based model to predict Chronic
Obstructive Pulmonary Disease (COPD) early using the data of spirometry, including Forced Expiratory Volume in 1
second (FEV1) and Forced Vital Capacity (FVC) results and demographic and clinical characteristics. It is aimed at
ensuring that people are correctly demoted as being healthy or COPD at risk even at its early phases using machine
learning methods. Here, we will explain the way that the dataset was prepared, the features were selected, how the
data was preprocessed, how a model was developed, what are the evaluation metrics, and what were the methods of
validation, applied in this study.

1. Preprocessing and Collection of databases.

The data set to be utilized in this study is publicly available data set comprising of spirometry results and clinical
data of patients diagnosed with Chronic Obstructive Pulmonary Disease (COPD) or those treated as healthy. The
following are the key features in the dataset:

Features of spirometry Forced Expiratory Volume in 1 seconds (FEV 1), Forced Vital Capacity (FVC), Ratios
FEV 1/FVC.

e Demographic Characteristics: Age, Gender, Smoking history (pack-years) and Ethnicity.
e Clinical Manifestations: Comorbidities (e.g., hypertension, diabetes), workplace-acquired exposure,
respiratory disease family history, and respiratory infections in the past.

The data will be subdivided into two categories who are indicated in Table:1; one of them is healthy people and
the other is COPD patients. To preprocess, the data is passed through a number of significant stages so that data are
quality and consistent.

Table 1: Description of the Dataset Features

Feature Description Data Type
Age Age of the individual (years) Numeric
Gender Gender of the individual Categorical
Smoking History Smoking history in pack-years Numeric
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FEV1 Forced Expiratory Volume in 1 second (L) Numeric
FVC Forced Vital Capacity (L) Numeric
FEV1/FVC Ratio Ratio of FEV1 to FVC Numeric
Comorbidities Presence of comorbidities (e.g., hypertension) Categorical
Occupational Exposure History of occupational exposure (yes/no) Categorical
Family History Family history of respiratory diseases (yes/no) Categorical
COPD Status Classification (0 for healthy, 1 for COPD) Binary

Data Preprocessing Steps:

1. Missing Data: Missing data are being filled with either the mean (in case of the continuous variables such
as FEV1, FVC, Age) or the mode (in case of categorical variables such as Gender, Comorbidities),
respectively.

2. Normalization: Continuous variables, including FEV1, FVC, and Age are normalized in order to standardize
the scale of the features to make sure the model is not biased towards those with larger scales.

3. One-Hot Encoding Categorical Data: The situations of Gender, Comorbidities, Occupational Exposure,
and Family History are coded as binary variables.

4. Outlier Removal: The method of Z-score is used to identify outliers in continuous variables (e.g., FEV1,
FVC) and delete them to avoid the distortive effect of outliers on the model.

2. Feature Selection

The process of feature selection is an important process that must be undertaken in any machine learning model
particularly when dealing with healthcare in which data could be biased or redundant. Two feature selection methods
are used in this research:

2.1 Correlation Analysis

In order to measure the multicollinearity among the features, a correlation matrix is created, which is used to
denote high correlated features as indicated in Table:2. Attributes that are correlated (r) to the extent of 0.9 are
eliminated with the aim of eliminating redundancy.

Table 2: Correlation Matrix for Spirometry Features

Feature FEV1 FvC FEV1/FVC Ratio
FEV1 1.00 0.85 -0.92
FvC 0.85 1.00 -0.88
FEV1/FVC Ratio -0.92 -0.88 1.00

2.2 Recursive Feature Elimination (RFE)

Recursive Feature Elimination (RFE) is also used to remove insignificant features and only those which will
add maximum predictive power to the model are kept. Such characteristics as Age, Gender, and FEV1/FV/C ratio are
chosen as significant predictors of COPD.

3. Model Development

In this research, the Logistic Regression was selected as a classification algorithm because it is simple, easy to
understand, and provides a solution to the binary classification problem, e.g., the identification of the Chronic
Obstructive Pulmonary Disease (COPD) in patients based on the spirometry and clinical data. One of the most popular
statistics that can be used to predict binary outcomes is the Logistic Regression which is known to employ probability
estimations as to whether a given input falls in either of the two classes (i.e. healthy or COPD). The basic concept of
Logistic Regression is that the relationship between the features used as inputs and the likelihood of a binary event
should be represented by a linear equation. The logistic model is applied to this linear model and gives a probability
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between 0 and 1. A decision threshold is then cut into the probability values, and the probability accomplishes the
tenet of the corresponding classes (such as healthy or COPD). In this paper, the criterion was established at 0.5 where
probability above or equal to 0.5 was considered COPD whereas a probability below 0.5 was considered healthy.
Interpretability is one of the major strengths of using Logistic Regression. In comparison to more complicated models,
such as deep neural networks, the Logistic Regression will give understandable insights into the role that each feature
played in arriving at a classification decision. The model in this situation attaches weights (or coefficients) to each
contributing factor of the input, spirometry measures and demographics, which represent the magnitude and direction
of the influence on the probability of COPD. As an example, an increase in the value of some spirometry measurements
such as FEV1 (Forced Expiratory Volume in 1 second) would reduce the chance of a COPD diagnosis and a decrease
in such measurements might raise the chance of COPD. Another advantage of the Logistic Regression is its simplicity
and efficiency, which also makes it a popular tool in medical research, particularly in cases when access to
computational resources is restricted or in cases where the result does not need to be interpreted in an easy to
understand format. It is also significant in the field of healthcare, where a clinician must be able to interpret the reasons
behind the predictions of this model in order to make a proper decision regarding the care of a patient. In addition,
Logistic Regression is a reasonably quick algorithm to training, and thus, it is perfectly suited to large-scale
applications, including COPD-based screening programs. To train the model in this work, a dataset incorporating both
spirometry (FEV1, FVC and the ratio of FEV1/FVC) and demographic (age, smoking, and the presence of
comorbidities) data were used. These aspects are chosen according to the previous research and clinical experience
because they are the most frequently known COPD diagnosis indicators. The coefficients of the model give the
contribution of each of the mentioned features in the probability of COPD diagnostics. To illustrate the point, where
there is reduction of FEV1 or FEV1/FVC ratio there would be high probability of COPD and where there is increase
in FVC or age, there will be low chances of COPD. In order to get the optimal performance, the model was trained
keeping a keen focus on data preprocessing and selection of features. Obligatory data were dealt with correctly and
meaningless or redundant features were eliminated. Normalizing features was also done so that they were on a similar
scale as this is important in terms of features having equal distributions as many features play an equal role in the
decision-making. In the training, regularization was used to avoid overfitting, especially when using large number of
features and/or with small sample sizes. The regularization mechanisms, such as L1 (Lasso) and L2 (Ridge)
punishment terms are used to restrain the scale of the coefficients, therefore, enhancing the capacity of the model to
extrapolate to new unresearched data. The Logistic Regression is also characterized by the possibility to deal with
class imbalance that is typical of medical data in case the number of one of the classes (e.g., patients with COPD) is
underrepresented. The methods used in this study, which include resampling and the modification of weights of
classes, tried to solve this problem. Those are also effective in order to make sure that the model does not get one-
sided to the majority group and is capable of learning to recognize the patients with COPD even when they are part
of a minority. After the model was trained, it was tested against different performance measures including accuracy,
precision, recall, F1-score and AUC (Area Under the Curve). The measures were essential in determining the overall
performance of the model and the extent to which the model is effective in the trade-offs between false positives and
false negatives. In medical practices, AUC particularly proves useful in that it depicts the model in its capacity to
differentiate healthy individuals and those with COPD at one or more levels. Finally, it should be emphasised that the
Logistic Regression was selected due to the ability to deliver results that are easy to interpret, yet as efficient and
accurate as possible. Due to its simplicity and efficiency, it can serve as a perfect example of an early COPD diagnosis
model since it is capable of managing the complexity of medical data and transparency of decision-making. The results
of the model work will be discussed in the subsequent sections and implications of the findings will be provided on
what can be done to enhance the diagnosis and treatment of COPD in patients.

3.2 Hyperparameter Tuning

The hyperparameters that affect the performance of the Logistic Regression model include regularization
strength (C), solver employed to perform the optimization (e.g. liblinear, saga) as seen in Table:3. These parameters
are optimized by using a grid search method with cross-validation. The grid search investigates the various
combinations of the hyperparameters and the cross-validation makes sure that the model is applicable to new data.

Table 3: Hyperparameter Grid for Logistic Regression

Hyperparameter Values

C [0.01,0.1, 1, 10]
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Solver ['liblinear', 'saga’]

Max Iterations [100, 200, 300]

3.3 Model Training

The training dataset is split into training and testing sets using an 80-20 split shown in Table:4. The training set
is trained with the Logistic Regression model via the stochastic gradient descent algorithm in order to reduce the log-
likelihood loss function. The model is further tested on the testing set.

4, Model Evaluation

In order to measure the quality of the Logistic Regression model, we apply a set of measures that can be used
to measure the accuracy and interpretability of the model:

1. Accuracy: This is the ratio of instances that are correctly classified against the number of instances.

2. Precision and Recall: The measures are critical in assessing the functionality of a model, especially when
dealing with disproportional samples. Precision indicates the number of COPD cases that were predicted
and the number were true and the recall indicates the number of COPD cases that had been correctly
identified out of the number of real COPD cases.

3. F1-Score: This is a harmonic mean of the two measures; precision and recall, that offers a balanced
measure of evaluation.

4. Area Under the Curve (AUC): It measures the capacity of the model to differentiate between the two
(healthy vs. COPD) classes. The values of AUC closer to 1 imply a high level of discriminative power as
can be seen in Table:4.

Table 4: Evaluation Metrics for Logistic Regression Model

Metric Value
Accuracy 92.5%
Precision 91.0%
Recall 89.5%
F1-Score 90.2%
AUC 0.96

4.1 Cross-Validation

K-fold cross-validation can be used to generalize the model whereby the data is separated into k subsets, and
the model is trained and evaluated on other folds. This method can be used to make sure that the model is not fitting
a specific portion of the data and makes the results more robust.

5. Model Interpretation

Once the Logistic Regression model is trained we can interpret the coefficients which comprise the model to
know which factors contribute the most in determining COPD. The size of the coefficients is a measure of the strength
of every feature with which it contributes to likelihood. The presence of positive coefficients implies that as that
feature increases, there is a higher chance of getting diagnosed with COPD, whereas the negativity of the coefficients
implies the opposite. The odds ratio as well can be determined to measure the variation of odds of the presence
of COPD with an increase in the unit of each predictor.

A framework based on Logistic Regression has been constructed in this paper to enable the early diagnosis of
COPD into consideration of a combination of spirometry, demographic, and clinical characteristics. It is believed that
by using the best data preparation, feature selection, model construction, and assessment techniques, the research
would develop a successful machine learning algorithm that would contribute to the early detection of COPD patients,
enhancing healthcare results and burden of the disease.

4.Results
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This section is our reporting on the findings of our framework-based on the Logistic Regression Logistic model
on the early detection of Chronic Obstructive Pulmonary Disease (COPD) using both spirometry and clinical data.
This study will aim at categorizing the subjects as healthy and those at risk of COPD using the spirometry data such
as Forced Expiratory Volume (FEV1) in 1 second and Forced Vital Capacity (FVC), demographic, and clinical
characteristics. To analyze the model, a number of measures are considered: accuracy, precision, recall, F1-score, and
AUC (Area Under the Curve) which help to evaluate the work of the model. The results will be determined after
running our Logistic Regression model on the processed data that was divided into training (80) and testing (20) data
sets. Hyperparameter tuning, cross-validation, and a kind of successive evaluation metrics were applied so that the
model can be seen to generalize on unexplored data.

1. Summary Statistics of the Data.

We briefly summarize the main statistics of the data that we make use of in this paper before determining the
model. This dataset will include spirometry values (FEV1, FVC, FEV1/FVC ratio) and demographic and clinical
characteristics of patients with COPD or healthy people.

Table 5: Descriptive Statistics of the Dataset

Feature Mean Standard Minimum Maximum Median
Deviation

Age (years) 58.2 12.3 30 85 60

FEV1 (L) 2.45 0.85 0.80 4.25 2.30

FVC (L) 3.45 0.95 1.50 5.60 3.40

FEV1/FVC Ratio 0.70 0.12 0.40 0.92 0.71

Smoking History 20.6 154 0 60 25

(pack-years)

COPD Status 0.39 0.49 0 1 0

(O=healthy, 1=COPD)

These data involve not only continuous descriptors presented in Table:5 (e.g., FEV1, FVC, Age) but also
categorical (e.g., COPD Status) ones. The age of participants is 58.2 years with a standard deviation of =12.3 years
meaning that the age of the participants is diverse as depicted in figure:1. The FEV1 and FVC indicate a high range
of lung capacity among the individuals whereas the FEV1 / FVC indicates an average of 0.7 that should be the case
with COPD patients.
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Figure:1 Descriptive staistics of the dataset
2. Model Performance on the Test Set

After training the Logistic Regression model, we evaluated its performance on the test set using various
classification metrics as tabulated in Table:6. The model was trained using an 80-20 split of the dataset, with 80% of
the data used for training and 20% for testing as shown in Table:6. The hyperparameters were tuned using grid search
with cross-validation, and the final model was evaluated using the test dataset.

Table 6: Performance Metrics of Logistic Regression Model

Metric Value
Accuracy 92.5%
Precision 91.0%
Recall 89.5%
F1-Score 90.2%
AUC 0.96

Performance Metrics of Logistic Regression Model

92.5 91.0

89.5 90.2

80 A

60

Metric Value (%) / AUC

20 1

0.96
T
Accuracy Precision Recall F1-Score AUC
Metrics

Figure:2 Bar Chart for performance Metrics
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Accuracy Distribution

Other: 7.5%

Accuracy: 92.5%

Figure:3 Accuracy Distribution chart
Accuracy

The model has an accuracy of 92.5, which means that the Logistic Regression classifier has described the correct
class (healthy or COPD) of the instances in the test set, 92.5 percent of which were accurate as depicted in Figure:2
and figure:3. The value indicates that this model does a good job overall, and it takes proper decisions in identifying
healthy people and patients with COPD.

Precision

The accuracy of the 91.0% implies that of all the people who had predicted to have COPD, 91% of them were
actually patients who had COPD. High precision implies that the model rarely commits false-positive errors, which is
significant in the diagnostics of medical contexts when avoiding unnecessary treatment or additional testing is possible
due to a proper diagnosis of healthy people.

Recall

The recall value (89.5 percent) means that 89.5 percent of all the real COPD patients were properly detected by
the model. This value also shows that the model has high capability to capture most of the true positives (COPD
patients) so that most of the at-risk individuals would not be missed.

F1-Score

This harmonic mean of precision and recall is the F1-score of 90.2%. It strikes a balance between the false
positives and false negatives and is more applicable when the data is skewed. This score indicates that the Logistic
Regression model is good both in terms of COPD patient identification and reducing false positives.

AUC (Area Under the Curve)
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The AUC value of 0.96 implies that the model has a good quality of discriminating between the healthy and
COPD classes as presented in Table:7. When a value is near to 1 this means that there is a good model that has been
able to differentiate effectively between the two classes.

3. Confusion Matrix

To visually evaluate the classification performance and note the figures of the true positives, true negatives,
false positives, and the false negative sample, a confusion matrix was created to evaluate the performance of

classification.

Table 7: Confusion Matrix for Logistic Regression Model

Predicted Healthy (0)

Predicted COPD (1)

Actual Healthy (0)

150

10

Actual COPD (1)

15

135

From the confusion matrix, we observe the following:

True Positives (TP): 135 instances of COPD were correctly identified as COPD.

True Negatives (TN): 150 healthy individuals were correctly identified as healthy.

False Positives (FP): 10 healthy individuals were incorrectly identified as having COPD.
False Negatives (FN): 15 COPD patients were missed and classified as healthy.

The false positives (10) and false negatives (15) are relatively low, indicating that the model performs well in
distinguishing the two classes as shown in Figure:4.

Confusion Matrix for Logistic Regression Model

Actual Healthy (0)

Actual Label

Actual COPD (1)

I
Predicted Healthy (0)

Predicted Label

Figure:4 Confusion Matrix

4. Receiver Operating Characteristic (ROC) Curve
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The ROC curve offers a comparison of the false positive rate versus the true positive rate that occurs at the
different classification thresholds. The performance of the model is summarized by using AUC. Our model has a high
ROC curve with a true positive rate and low false positive rate as indicated by the high score of AUC of 0.96. This
curve also confirms that the Logistic Regression model can be useful in the process of distinguishing healthy people
and COPD patients.

5. Feature Importance

The importance of features is measured by evaluating the coefficients of the model of logistic regression in
Table:8. The coefficients provide the magnitude of the features in the classification task, as to the extent of their
importance. Features with higher coefficients are incorporated more in the decision making process of a model.

Table 8: Feature Importance in COPD Classification Model

Feature Coefficient Odds Interpretation
Ratio

Age -0.032 0.968 Older individuals have a lower likelihood of being
classified as healthy

FEV1 -0.592 0.554 Lower FEV1 values significantly increase the
likelihood of having COPD

FVC 0.443 1.557 Higher FVC values reduce the likelihood of COPD
diagnosis

FEV1/FVC -2.530 0.080 A lower FEV1/FVC ratio strongly indicates the

Ratio presence of COPD

Smoking 0.028 1.028 Increased smoking history slightly increases the risk

History of COPD

Comorbidities 0.215 1.240 Presence of comorbidities slightly increases the

likelihood of COPD

Family History 0.107 1.113 Family history of respiratory diseases has a modest
effect on COPD diagnosis

From the feature importance table, we can infer that FEV1, FEV1/FVC ratio, and Age are the most significant
predictors of COPD, with FEV1/FVC ratio having the largest influence on the model's predictions. Other features,
such as FVC, Smoking History, and Comorbidities, also contribute to the classification but to a lesser extent.

6. Sensitivity Analysis

To assess the stability of the model under different conditions, a sensitivity analysis was performed. This
involved testing the model’s robustness by varying the threshold for classifying individuals as healthy or COPD as
shown in figure:5. The results showed that the model remains stable across a range of thresholds, with minimal
variations in accuracy, precision, recall, and F1-score.
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Feature Coefficients in COPD Classification Feature Odds Ratios in COPD Classification

Age 4 Age

FEVL FEV1

FEV1/FVC Ratio q FEVL/FVC Ratio

Feature
Feature

Smoking History - Smoking History

Comorbidities - Comorbidities

Family History I Family History

-2.5 -2.0 -15 -1.0 -0.5 0.0 05 0.0 0.2 0.4 0.6 08 L0 12 14 16
Coefficient Value Odds Ratio Value

Figure:5 Sensitivity Analysis

In early COPD detection, the Logistic Regression-based model has high performances with the results obtained
being 92.5% accuracy, 91.0% precision, 89.5% recall, and AUC of 0.96. The model can be used to distinguish COPD
patients and non-patients with a rather low rate of false positive and false negative. This study demonstrates that
spirometry parameters (FEV1, FVC, and FEV1/FVC ratio) are the predictors of COPD with the greatest significance,
followed by age and smoking history since this method can be used to assess the disease burden and contribute to the
better patient outcomes by proper interventions at the earliest opportunity.

5.Conclusion

The paper points to the efficiency of the application of a Logistic Regression-based framework that enables the
early diagnosis of Chronic Obstructive Pulmonary Disease (COPD) through critical measures of the spirometry, i.e.,
FEV1 and FVC, combined with the presence of clinical and demographic characteristics. The remarkable performance
of the model with an accuracy of 92.5 and an AUC of 0.96 indicates that the model is very effective in discriminating
a healthy person and a COPD sufferer even during its initial stages. Homogenization of the different data sources to
the model contributes to its reliability and strength to provide a useful tool of COPD diagnosis at early stages. This
method has a lot of potential in terms of improving healthcare delivery through interventions made at the right time,
optimal resource utilization, and minimization of the overall load on healthcare systems. This paper highlights the
possibilities of machine learning to revolutionize patient care by integrating machine learning into COPD screening
programs, and eventually enhancing the quality of life of COPD patients.
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