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Abstract
A spirometer is a device used to monitor people with respiratory diseases

who are unable to meet their own needs due to their poor health. Thus,
spirometry was used to measure significant parameters. The present study
attempted to develop machine-learning models based on Random Forest,
KNN regression, Decision Tree Regression, and Support VVector Regression
to forecast force velocity capacity values when the rigorous end-of-test
conditions were not fully met. Smoking has become the leading cause of
reduces lung function among males. We assessed the effects of smoking on
lung function. To perform this study, a sample of 120 industrial workers
was used. Traditional machine-learning algorithms were used and compared
their accuracies and other performance measures. We found that the best
algorithm was K-nearest Neighbor with 78 percent Coefficient of
determination. These forecasted outcomes play a crucial role in the
evaluation of spirometry measures in clinical practice since they serve as
reference values. Research advises industrial workers to keep a healthy

body and abstain from smoking to survive their respiratory systems.
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1. Introduction

One of the biggest health issues facing the globe, chronic obstructive pulmonary disease (COPD) is predicted to
rank third in terms of causes of mortality (Yao and Tao, 2021; Erdal, 2021; Subramaniyan, 2023). According to
the World Health Organization (WHQO), COPD is the world's fourth leading cause of death, accounting for 5%
of all deaths in 2023 (Sharma et al., 2023; Singh et al.,2023). COPD is projected to become the world's third
biggest cause of death by 2030 (Hashemi et al., 2020; Algahtani, 2022). It was difficult to make an accurate
diagnosis of COPD (Maldonado-Franco et al., 2023; Lin, 2023). Inadequate spirometry quality assurance may
lead to misdiagnosis; therefore, a spirometry assessment should only be performed by competent and trained
staff in an environment with a consistent quality assurance programme. Some patients find it difficult to achieve
these requirements during spirometry. (Schermer et al 2003) studied that Half of the spirometry results were
inadequate due to incomplete tests, increasing the risk of misdiagnosis and incorrect treatment. More precisely,
in order to acquire a correct force velocity capacity (FVC) value, participants must exhaust themselves to the
point where they are unable to exhale any more in order to meet the EOT requirements. This presents a number
of difficulties for patients with impaired lung function (Ulmer, 2005). For the reasons stated above, there is a
clinical need to create an FVC quantification method capable of obtaining appropriate FVC values even if the
EOT criteria are not completely met. Multiple linear regression was employed by Mengesha and Mekonnen
(1985) to forecast the results of spirometry based on a few demographic inquiries in Ethiopia. Different
prediction models for FVC and FEVL1 in the Greek population were found by Baltopoulos et al. (2000). A
strong association was discovered between the anticipated FVC and FEV1 levels. A regression equation for
estimating forced expiratory volumes in 2 seconds (FEV2) and 3 seconds (FEV3) was proposed by loachimescu
et al., (2005). Nevertheless, there was a high rate of misclassification if the condition of a postbronchodilator
FEV1/FVC less than 0.7 was used as the threshold to distinguish airflow limitations. Wang et al., (2019)
proposed prediction equations relying on support vector regression with only four covariates to estimate FVC
where the EOT criteria in traditional spirometry was not meet. Several studies developed equations for
spirometry parameters. Do Amara and De Melo (2020) improved the diagnosis and management respiratory
disease system by applied different machine-learning techniques and compared their performance evaluation.
Bolourani et al., (2020) predicted respiratory failure using machine learning techniques. They identified the risk
factor of respiratory failure. Zaman et al., (2022) predicted lung function, from 323 recorded voice files using
random forest algorithm. Their research work could be implemented to aid decision making and self-monitoring
in asthma. Kristensen et al., (2023) used random forest algorithm and improved clinical spirometry references
as compared to previous studies. The purpose of this study is to assess the impact of smoking on lung function
of industrial workers and also compare the machine learning models utilizing the same dataset.

2. Material and Methods
2.1 Data Collection

Data used in this study was experimental data. Data was obtained from the industrial sites in district
Sheikhupura. Factory workers were our respondents. A sample of 120 workers was selected using convenient
sampling technique. The FVC and FEV1 measurements met the American Thoracic Society's requirements and
were considered acceptable.16 Miller et al. (2005) provide standards.

2.2 Predictors Selection

The selection of predictors was collected from research works conducted by (Jaakkola et al., 2019; Kumar et al.,
2022; Khan et al., 2022; Enayatjazi et al., 2023) that illustrate harm effect of smoking on men’s respiratory
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system. The selected predictors were: Age, Height, Weight, and Smoking. The predictors would be examined to
determine whether there was a significant relationship between them and FVC; those that did not have a
relationship would not be considered in the process of developing a prediction model.

Table 1: Descriptive Statistics of the selected variables

Descriptive Statistics

N Mean SD SE Grubbs’ p-
test value
FVC 120 2.961 1.118 0.102 3.56 0.031
Age(year) 120 34.200 10.897  0.995  2.37 0.998
weight(kg) 120 75.069 9.418 0.860  2.75 0.636
Height(inch) 120 5.526 0.213 0.019 251 0.997
Smoking Smokers:69 Non-
smokers:
51
Box and Whisker Plot for FVC Box and Whisker plot of Age
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Boxplot is used to visually represent the dataset.. Boxplots of all continuous variables are made to identify
outliers in figure 1 to 4 respectively. Outliers occur in study variable.
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Table 2:Diagnosis tests for study variable

Hypothesis Test name Test P-value
statistic
FVC follows Normal distribution Kolmogorov- KS=0.123 | 0.981
Smirnov
There is outlier in FVC dataset Grubbs' test G=261 0.01
Box and Whisker plot of FVC Histogram of FVC
(Outliers removed)
&
5 —_—
4
3 %
1 o ‘
U [ ml
figure 5 figure 6

To different diagnosis tests are applied after removing the outliers. Figure 5 and Grubbs’ test value in table 2
indicate that there are no outliers in the values of FVC. Figure 6 and Kolmogorov-Smirnov test value indicate
that FVVC follows normal distribution.

Table 3:Significance of the Predictors

Predictor | Coefficient | p-value | R_square
Age -0.0246 0.0080 | 5.75
Height 2.584 0.0000 | 24.33
Weight 0.06216 0.0000 | 27.42
Smoking -1.54 0.0000 | 46.78
FVC vs Age FVC vs Height
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figure 7 figure 8
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FVC vs Weight FVC VS Smoking
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Four variables: age (A), Height (H), Weight (W) and Smoking (S) are selected as independent variables. They
are are significant and highly effect the HVC. Table 3 depicts that they are all are significant but age and
smoking are negatively correlated with HVC where weight and height are positively correlated.

2.3 Performance Measures
Performance measures for the evaluation of ML-regression techniques are described below:
2.3.1 Mean Square Error (MSE)

Mean square error (MSE) calculates the average of the squared deviations between the estimated and actual
performance values. This is determined as the mean of the squared residuals between the predicted and true
values, as illustrated in equation (1):

n

Z (Ypred'c!ed - Yacfuﬂi )2

i=1

MSE n (1)

2.3.2 Root Mean Squared Error (RMSE)

Root Mean Squared Error derived from the MSE, calculates the average separation between forecasted value
and actual values, maintaining the identical units as the original data. RMSE is favored for its ability to
diagnose significant errors and extreme values, as it involves a square root operation applied to the MSE, as
illustrated in Equation (2):

n

Z (yprecﬁc!ed - Yacfuﬂf)

_ 1=l

MAE n 2)
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2.3.3 Mean Absolute Error (MAE)

Mean Absolute Error (MAE) calculates the average absolute variance between estimaeted and observed values.
It is calculated as the average of the absolute residuals between estimated and actual values, as illustrated in
Equation (3):

n

Z (Y predicted g astual )2

i=1

MSE G 3)

2.3.4 R_square (Coefficient of Determination)

R-squared (R?): Rz assesses the absolute goodness of fit of the models and ranges from zero to one. A value of 1
indicates a perfect fit, while a value of O indicates no relationship between the variables. It is calculated as
follows in Equation 4:

n

Z (Y prediotsd T st )2

i=l

RMSE " (4)

2.4 Machine Learning Regression Algorithms

Regression algorithms are a subset of machine learning algorithms that predict a continuous output variable
based on one or more input features (Sarker, 2021). Regression aims to model the relationship between the
dependent variable: output and one or more independent variables: inputs (Kamel and Abonazel, 2023). These
algorithms attempt to find the best-fit line, curve, or surface that minimizes the difference between predicted
and actual values (Roy et al., 2022; Viering and Logo, 2022). In this study, to achieve the goals of the study we
applied four different ML-regression algorithms.

2.4.1 Random Forest Regression

Random Forests are a collection of decision trees (Bernard et al. 2009). They are a supervised learning
algorithm that is used for classification and regression. The input data goes through several decision trees. The
algorithm works by constructing a different number of decision trees during training time and then outputting
the class, which is the mode of the classes (for classification) or the mean prediction of the individual trees.

2.4.2 Support Vector Regression

Support vector regression (SVR) also uses the same idea as SVM, but it tries to predict the real values here
(Zhang and O’Donell, 2020). This algorithm uses hyperplanes to segregate the data (Boswell, 2002). If this
separation is impossible, it uses the kernel trick, where the dimension is increased, and then the data points
become separable by a hyperplane.

2.4.3 Decision Tree Regression

Tree models can be applied to any data with numerical and categorical features (Gunluk et al., 2021). Decision
trees are effective at capturing the nonlinear interaction between features and the target variable (Mishra, 2021).
Understanding the data is very intuitive because decision trees are similar to human-level thinking.
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2.4.4 K-Nearest Neighbor Regression

KNN regression is a non-parametric method that intuitively approximates the relationship between independent
variables and continuous outcomes by averaging observations in the same neighborhood (Oswald et al., 2000;
Sabry, 2023).

2.5 Machine Learning Modeling

The study cohort was randomly divided into two datasets: a training dataset for generating ML models, and a
validation dataset for applying and testing the model to obtain an unbiased estimate of its performance. The
training dataset was then divided into 70% training and 30% testing.

Table 4:Performance Comparison of Machine-Learning Models

Regression MSE | RMSE | MAE | MAPE (%) | R_square
Random 0.816 | 0.903 0.637 20.22 0.75
Forest
SVP 0.902 | 0.95 0.637 18.75 0.71
KNN 0.246 | 0.496 0.398 15.13 0.78
Decision Tree | 0.486|0.697 |0.499 | 1491 0.72
R _square of Machine Learning Comparing KNN and MLR
Models performance
1 90
0.9 78
0.8 0.72 B
0.7 70
0.6 - 58.23
0.5
04 50 W KNN
0.3 40 m MLR
0.2 _
0.1 .
0 20
m Random Forest mSVP 10
m KNN m Decission Tree 0
figure 11 figure 12
3. Discussion

To our knowledge, this is the first time that spirometry data has been investigated in an industrial area in district
Sheikhupura to estimated HCV values using ML-regression models. Figure 5 and 6 showed a clear difference
between the performance of difference algorithms. As shown in table 5, The accuracy of 4 ML-regression
techniques. Every parameter was analyzed by proposed ML-regression techniques. And the best performance
model was selected to complete the evaluation. As described in table 5, the evaluation of the best performance
model depended on the effect of the R_square. K-nearest neighbor is proved to be the best model on the basis of
its performance measures: R_square: 78%, MSE: 0.246, RMSE: 0.496, MAE: 0.398 and MAPR: 15.13%. In
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our data, results from K-nearest neighbor showed a higher R-squared value for FVC than other applied ML-
regression techniques and also proved to be an improved model as compared to multiple linear regression (78%
and 58.23% respectively).

4. Conclusion

Primary care physicians can quickly and accurately identify patients who are likely to have a restrictive lung
disease by using our algorithm to predict FVC from spirometry data. For instance, the ML algorithm might
notify the patient and their healthcare provider that the patient needs to see a doctor for additional assessment
and possible treatment if the patient's predicted FVVC drops below a predetermined threshold.

In addition to ensuring that patients receive timely and appropriate care, this can help to avoid delays in
diagnosis. This study has several significant limitations, despite the fact that our method for model construction
and parameter tuning benefited from a large and diverse data set. First, the majority of the patients in our ML
models' training and testing were Caucasian industrial patients. As a result, it is impossible to guarantee that the
model will function similarly on other populations. Secondly, whole body measurements were used to obtain
most of the FVC measurements in the training data.

It has been demonstrated that this approach, which is frequently regarded as the gold standard, overestimates
FVC in patients with obstructive diseases (O'Donnell et al., 2010; Tang et al., 2016). The developed MLR
model and the developed existing machine-learning models outperform the experimental data, according to the
study's findings. These results suggest that using ML-models as the basis for a clinical model can be beneficial
in predicting FVC. To lessen the size of the intercepts, more work with these models is required.
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