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Abstract

Machine Learning is recent emerging technique in prediction of various health related
issues in medical system. It is very essential to predict the COVID-19 virus before it
spreads and affects an entire community. Machine Learning is being used to detect the
presence of COVID-19 virus as early as possible by analyzing patient’s health condi-
tion and collecting data such as gender, age, Body Mass Index (BMI), asthma symptoms,
wheezing, dyspnea, respiratory failure, cough, blood sugar level etc., with this informa-
tion used eighteen machine learning algorithms such as ELM, Logistic Regression, SGD,
KNN, SVM, QDA, LDA, XGBoost etc., to analyze the data and predict the presence of
COVID-19 virus. Table and Charts are plotted with the help of the results acquired from
the machine learning algorithm. As a result, early prediction of COVID-19 becomes pos-
sible and huge loss in terms of both health and economy can be avoided.

Keywords Machine Learning - Computer Aided Disease Diagnosis - Corona Virus
Disease - COVID19 - Lung Disease Diagnosis

1 Introduction

In 2019, the novel coronavirus disease (COVID-19) ravaged the world. As of July 23, 2021,
there are about 192 million infected people worldwide, and 4.1365 million deaths. At pre-
sent, the new coronavirus is still spreading and circulating in many places around the world,
especially the emergence of the Delta variant has increased the risk of COVID-19 becoming
a pandemic again. The symptoms of COVID-19 are diverse.Fever, dry cough and exhaustion
are the most common mild symptoms in patients. In between 15.7% and 32.0% of individu-
als, serious symptoms will appear. After a week, severe cases frequently experience dyspnea,
and they develop multiple organ failure, acute respiratory distress syndrome, septic shock,
difficult-to-treat metabolic acidosis, and coagulation dysfunction. Studies have indicated that
severely unwell patients have a very bad prognosis and have a much higher fatality rate. There-
fore, early detection of patients with high risk of disease progression and provision of intensive
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care and appropriate intervention, such as optimizing respiratory support and management of
critically ill patients with new coronary pneumonia, will help improve the success rate of criti-
cally ill patients and rationally allocate medical resources. The risk factors for severe disease
in patients with new coronary pneumonia include advanced age, comorbidity with other dis-
eases, and elevated levels of D-dimer (D-Dimer), etc. At present, there is still no effective drug
for the treatment of new coronary pneumonia. Early detection of patients at risk of developing
serious illnesses is crucial for the prevention and treatment of epidemics.

Machine Learning (ML) is the core of artificial intelligence, and its data processing, induc-
tion, and synthesis capabilities are far superior to other statistical methods. Machine learning
methods have obvious advantages in clinical outcome prediction and risk factor assessment.
In this study, on the basis of using machine learning to predict the severe trend of new coro-
nary pneumonia in the early stage, combined with a large number of clinical characteristics of
COVID-19 patients, prediction model was constructed to effectively predict the risk of severe
disease of patients and evaluate the accuracy of the model. It provides important technical
support for clinical decision-making and a reliable prediction model for the prevention and
treatment of new coronary pneumonia. Building an accurate and effective forecasting model
for major infectious diseases based on multi-machine learning can predict outbreak trends and
help formulate countermeasures in advance. This study uses mathematical modeling to pre-
dict the trend of the number of people diagnosed with the recent outbreak of new coronavi-
rus (COVID-19) pneumonia through machine learning under limited data. According to the
information released by relevant departments, the epidemic situation is predicted. The time
when the inflection point appeared, and compared the proportion of the estimated final con-
firmed cases in each province, based on this, roughly divided the severity of the epidemic,
which has guiding significance for the protection work of people in various provinces and cit-
ies. The clinical indicators and outcomes (in-hospital death and in-hospital tracheal resection)
of patients with COVID-19 admitted to hospitals were collected from February 5 to April 15,
2020, using Artificial Neural Network (ANN), and machine learning algorithms to construct a
predictive model for the patient’s clinical outcome.

First, 21 indicators with significant differences were selected as the input features of the
training model, optimization was performed on the constructed model to adjust parameters,
and the optimal feature combination was screened based on feature importance; further analy-
sis of the value of each feature for the positive and negative impact of the prediction results, to
quantify and attribute the importance of each feature; evaluate the performance of the predic-
tion model, compare it with other machine learning methods, and discuss its advantages. The
prediction performance of different machine learning has its own strengths, and the ensemble
prediction model effectively integrate the advantages of multiple machine learning, so as to
obtain stable and accurate prediction results.

This paper is organized into 5 sections. Section 1 starts with the introduction, Section 2
deals with the literature survey related to the paper, Section 3 imparts research methods, Sec-
tion 4 insists on discussion about the topic and finally Section 5 draws the conclusion which is
followed by references reviewed for this paper.

2 Literature survey
The Susceptible-Infected-Removed (SIR) model and the Susceptible-Exposed-Infected-

Removed (SEIR) model are classic models for the study of infectious disease dynamics.
Ren Lei et al. used the fractional SIR model [1] to predict the rollout of COVID-19. Fan
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Ruguo et al. predicted the inflection point of the epidemic under three different periods
based on the epidemic SEIR dynamics model [2]. Alenezi et al. used the SIR model [3]
to evaluate and foretell the rollout of COVID in Kuwait. The SIR model they proposed
was almost This coincides with actual confirmed cases of infection and recovered cases.
However, each outbreak has its own unique transmission characteristics, prevention and
control policies in different regions, and population movement will increase the uncertainty
of the infectious disease dynamics model. Therefore, traditional infectious disease models
are difficult to provide reliable results for long-term predictions. With the advancement
of deep learning technology, extreme learning methods have shown good performance in
the field of prediction. Compared with other methods, deep learning has the advantages
of fast calculation speed, small error and more accurate prediction results. Based on exist-
ing COVID-19 data sets, some researchers have used deep learning models to foretell the
spread of COVID-19. Chimmula and Zhang used the LSTM neural network [4] state-of-
the-art machine learning model to predict the likely end time of the pandemic in Canada.
Based on their LSTM model, their model was 93.4% accurate in the short term and 92.67%
in the long term, estimating the time it would take to end the pandemic at about three
months.

Ismail et al. based on Autoregressive Integrated Moving Average (ARIMA) model,
LSTM, Nonlinear Autoregressive Neural Network (Nonlinear Auto Regression Neural
Network, NARNN) model [5] conducted a comparative study for predicting COVID-19
cases in Denmark, Belgium, Germany, France, United Kingdom, Finland, Switzerland, and
Turkey. They found that LSTM provided The Smallest Root Mean Square Error (RMSE)
compared to other models. Mehdi et al. used Recursive Neural Network (RNN), LSTM,
Seasonal Autoregressive Integrated Moving Average (SARIMA) and Holt-Winter’s expo-
nential smoothing and moving average methods [6] To predict new coronary pneumonia
cases in Iran, they compared these methods and found that the LSTM model was better
than other models in predicting infection in Iran. Parul et al. used Deep LSTM, Convo-
lutional LSTM, and BiLSTM models [7] to predict the number of positive cases of new
coronary pneumonia in India. Their research results showed that the error of the BiL-
STM model in short-term predictions (1-3 days) was less than 3%, which was very accu-
rate. forecast result. Nahla et al. proposed to use LSTM and Gate Recurrent Unit (GRU)
model [8] to predict confirmed cases and deaths in Egypt, Saudi Arabia and Kuwait. Their
research results showed that the confirmed cases of LSTM in the three countries Best in
cases and GRU in fatal cases in Egypt and Kuwait. Verma, H et al. designed recurrent
and convolutional neural network models: vanilla LSTM, stacked LSTM, ED_LSTM, BiL-
STM, CNN and CNN-LSTM models [9], predicting the daily confirmed cases in India and
its four most affected areas on 7, 14, and 21 days. Through their research, they found that
the BILSTM and CNN-LSTM models have better prediction results than other models.
However, neither these traditional models nor deep learning models take into account the
impact of factors such as vaccination, population size, and medical facilities on the spread
of the new COVID epidemic.

In response to the epidemic, a large number of scholars collected epidemic data from
the Wuhan Municipal Health Commission (hereinafter referred to as the Health Com-
mission), and carried out a series of research on epidemic prediction and evaluation of
epidemic prevention measures. Fan Ruguo et al. used the infectious disease model SEIR
[11-13] to simulate the peak confirmed cases in Wuhan corresponding to different incu-
bation periods, and predicted that the inflection point of the epidemic would appear from
February 20 to 25, 2020 [16]. Yang et al. [14] evaluated the government’s control meas-
ures and made an authoritative prediction on the development trend of the epidemic by
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amending SEIR combined with the Artificial Intelligence (AI) method of training. Wang
et al. [15] combined the infectious disease model SIR (susceptible infectious recovered)
with machine learning methods to assess the severity of the epidemic in important domes-
tic provinces and cities, and predicted the final number of confirmed cases. Zhang Lin [16]
based on the GGM (Gordon Growth Model) model, divided into three stages of barrier-
free exponential growth, exponential growth and sub-linear growth to fit the model with
a high degree of agreement with the epidemic report data, revealing the spread mecha-
nism of COVID-19 and the epidemic was predicted. Huang et al. [17] ARIMA model was
used to predict the seasonal hand, foot and mouth disease epidemic in Jiangmen City. To
sum up the above studies, the SEIR mechanism model and GGM and other phenomeno-
logical models can play a good role in data theory support and scientific control and pre-
vention guidance in the prediction of this epidemic, but the parameters are not considered
comprehensively, and the total number of model populations is constant or asymptotically
constant. The basic assumptions are inconsistent with the dynamic changes of epidemic
parameters at different stages [18]; the network dynamics model plays an auxiliary role in
epidemic prediction and verification through data learning, and can refine and improve the
model. However, the data in the introductory stage of the outbreak is not complete, limited
and different, and data learning is limited. Current research mainly uses LSTM ARIMA
algorithms to simulate groups. Individual differences were not considered [19].

Agent can operate independently in a certain environment, acting on its own generation
environment is also affected by the external environment, and can continuously acquire
knowledge from the environment to improve its own ability [20]. Agent-based modeling
and simulation methods is the main method of modeling individual intelligent behavior [21,
22]. Compared with the dynamic infectious disease model, the infectious disease model
of the agent has the most important feature that it can model and simulate the spreading
process of the infectious disease from the individual level, and describe the microcosm of
the spreading individual of the epidemic through the interaction between Agent entities.
The behavior and macro epidemic situation are more in line with the realistic transmis-
sion mechanism of infectious diseases. Chen Bin et al. [10] used the multi-agent simulation
method to evaluate the epidemic prevention measures of COVID-19, and concluded that
"early isolation" is still the efficient way to handle epidemic, and the epidemic is initially
suppressed. There will be "partial bubbling" events, and it is necessary to prepare for a
protracted war.

3 Research methodology

Various types of methodology have been carried out by collect different kinds of data from
the COVID patient. Condition assessment, data processing, quality control and model
establishment are done accordingly.

3.1 Collect general clinical indicators

The general clinical index questionnaire was designed by the researchers based on litera-
ture review and clinical experience, including: (1) General information: gender, age, stage
of disease course (stable stage, acute exacerbation stage), Body Mass Index (BMI), educa-
tion level. (2) Disease factors: asthma symptoms (yes, no), wheezing (yes, no), dyspnea
(yes, no), loss of appetite (yes, no), cough (yes, no), cough description, sputum description,
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description of sputum characteristics, time of peak symptoms, times of acute attacks, time
from last acute attack, pathogenic factors, hospitalization history (yes, no) and times of
acute attacks, outpatient visits for acute attacks (yes, no), systemic use of corticosteroids
(yes, no), combined with respiratory failure (yes, no), combined with pulmonary heart
disease (yes, no), combined with pulmonary encephalopathy (yes, no), abnormal nutri-
tion metabolism (yes, no), cardiovascular disease (yes, no)), other disease history (yes,
no), COPD family history (yes, no), smoking history (yes, no), oxygen inhalation (yes, no),
daily oxygen inhalation time, oxygen inhalation flow rate, oxygen inhalation method, Use
of transcutaneous oxygen saturation monitor (yes, no), blood oxygen saturation value, use
of non-invasive ventilation (yes, no), daily non-invasive ventilation time, non-invasive ven-
tilation method, wearing mask (yes, no), whether aware of non-invasive ventilation How to
disinfect the ventilator humidification tank and ventilator tubing, nutritional status, exercise
(yes, no), exercise method, daily exercise time, pursed-lip abdominal breathing (yes, no),
use of inhalants (yes, no), inhalation Type and quantity of doses, long-term use of inhaled
drugs (yes, no).

3.2 Condition assessment of covid patients

COVID was assessed using the COVID Assessment Test (CAT) [6]. CAT includes 8
aspects: cough, expectoration, chest tightness, shortness of breath, limited activity, confi-
dence to go out, sleep, and energy. The total score of the CAT score is 40 points. The total
score> 30 is considered to be very serious. The condition is considered to be severe if the
score is 20 < total score <30. The condition is moderate if the score is 10 < total score < 20.
Spend.

3.3 Assessment of the severity of dyspnea in covid patients

Dyspnea severity in COVID patients was assessed using the Dyspnea Index Score (mMRC)
[6]. mMRC is a modified British MRC, with a total of 0—4 grades. Grade 0: only experi-
enced during physically demanding activity; Grade 1: having trouble breathing while mov-
ing swiftly on flat ground; Grade 2: moving slowly than peers when on flat ground, or
stopping to rest when out of breath; Grade 3 walking on flat ground for many minutes or
roughly 100 m before having to stop and pant; Grade 4: Dyspnea while putting on and tak-
ing off clothes or being unable to leave the house due to acute dyspnea.l.1.4 Pulmonary
function tests and determination of severe airflow limitation.

The lung function and ventilation of the subjects were measured by the German Jaeger
(Master Screen PFT System) lung function instrument after calibration of environmental
parameters, volume calibration and gas calibration.

Referring to the GOLD (2019 edition) guideline [5], this study used the percentage
of forced expiratory volume in 1 s (FEV 1%) in the pulmonary function index to deter-
mine the range of airflow limitation in COVID patients, and mild airflow limitation is FEV
1% > 80%; moderate airflow limitation is 50% <FEV 1% <80%; severe airflow limited
range is 30% <FEV 1% < 50%; extreme airflow limitation is FEV 1% <30%.

In order to establish a risk model, with FEV 1% =150% as the critical threshold, patients
were divided into those at risk of severe airflow limitation (severe, very severe FEV
1% <50%) assigned a value of 1, and those without risk of severe airflow limitation (mild,
moderate FEV 1% >50%) is assigned a value of 0.

@ Springer



82182 Multimedia Tools and Applications (2024) 83:82177-82198

3.4 Quality control

A scientific research team composed of 1 postgraduate student, 1 pulmonary function
technician and 4 undergraduate nurses with more than 5 years of work experience in
respiratory department who passed the unified training and assessment conducted ques-
tionnaire design, questionnaire survey and pulmonary function test. The questionnaire
uses uniform instructions and is filled out anonymously by patients. If the patient is
unable to fill in the questionnaire by himself, the investigator will read the questionnaire
items without any inducement, and then let the patient make independent judgments
on the result of item Lung function tests were performed with the same equipment and
the same technicians. After the survey was completed, the questionnaires were returned
on the spot. Data entry, desensitization, and analysis are not performed by the same
personnel. Two investigators entered the questionnaire results, and the other member
desensitized the data before handing it over to the data analyst. In this study, 20 cases of
COVID patients were pre-investigated, and the problems existing in the implementation
of the pre-investigation were revised and improved. Once complete, the formal survey
and data collection begins.

3.5 Data processing

In this study the public dataset from the Huoshenshan Hospital (HSSLLO024) was
included. According to the diagnostic criteria of COVID-19, a total of 143 patients were
included in this study. 100 patients were randomly selected as the training set, and the
data of the remaining 43 patients were used as the test set. The degree of severe and
above airflow limitation (FEV 1% < 50%) was used as the output variable of the model,
and the remaining 50 variables were used as input variables for data processing and
model research. Review the variable characteristics of the data, and conduct preliminary
screening according to the established rules: (1) delete variables with a missing data
ratio of > 90% in each column; (2) delete variables with a single category ratio>90% in
each column; (3) delete Column variables with coefficient of variation (variable coef-
ficient, CV)<0.05. This data set has missing values and the missing values are filled
using KNN imputation. In this study, three feature screening methods, namely no
screening, Lasso screening and Boruta screening, were used to extract the features of
the dataset. Use Lasso screening and Boruta screening to generate important feature
data, which reflect the importance of each input variable to the result prediction. After
4 kinds of missing value processing and 3 kinds of feature screening methods, a total of
12 processed data sets were obtained.

3.6 Model establishment

Use the train_test_split package in the Python Scikit-Learn library to divide the data
into 80% training set and 20% test set. The training set data is used for model train-
ing, and the test set data is used for evaluating and selecting models. The 12 preproc-
essed datasets were modeled separately using 17 kinds of machine learning and 1 kind
of ensemble learning algorithm (Ensemble Learning). 17 machine learning algorithms
including: Logistic Regression, Stochastic Gradient Descent (SGD), K Nearest Neigh-
bors (KNN), Decision Tree, Gaussian Naive Bayes, Bernoulli Naive Bayesian (Bernoulli
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Naive Bayes), Multinomial Naive Bayes (Multinomial Naive Bayes), Support Vector
Machine (SVM), Quadratic Discriminant Analysis (QDA), Random Forest (Random
Forest), Extreme Random Tree (Extra Tree), Linear Discriminant Analysis (LDA), Pas-
sive Aggressive, AdaBoost, Bagging, Gradient Boosting, XGBoost, Extreme Learning
Machine (ELM). The results of the ensemble models are voted by the best top 5 models.

3.7 Experimental results

The results of the experiments follow; different kinds of analysis have been carried out
using various parameters with the help of extreme machine learning algorithm.

3.8 Model evaluation

The Area Under the ROC Curve (AUC), accuracy rate, precision rate, recall rate, and F1
value are used as indicators for model evaluation. When the results of each indicator are
inconsistent, AUC is used as the main reference. On the training set, model evaluation was
performed using ten-fold cross-validation. In the test set, Bootstrapping algorithm is used
to resample 200 times for external verification. The evaluation index of the test set data is
used as the basis for the best model selection.

3.9 Samplessize verification

Use the screened best model, randomly use 10%, 20%...100% of the data in the training
set to train the model, and use the test set data to evaluate the prediction performance of
the trained model. The method is repeated 100 times to observe the effect of changes in the
training sample size on the model’s predictive performance. Model building and graph vis-
ualization use Python3.7.3 +Pycharm to build a development environment, and use Scikit-
Learn library and Xgboost library to build a machine learning model.

3.10 Statistical methods

Data were analyzed using MATLAB software. The measurement data is represented by
(%s). In the comparison of different data preprocessing methods, if the data is distributed
normally and the difference is comparable, the comparison between multiple groups is per-
formed by analysis of variance; if the data is not normally distributed or the variance is not
uniform, multiple groups The Kruskal-Walli’s test was used for comparison. Count data are
expressed as frequency and percentage. P <0.05 was considered statistically significant.

3.11 General clinical indicators of the research subjects

A total of 432 sampling was disseminated in the study, and 418 sampling was recovered,
with an effective recovery rate of 96.7%. Among the 418 COVID patients included, there
were 46 females and 372 males; age (63.7+10.9) years; 304 cases in the stable stage and
114 cases in the acute exacerbation stage; 206 cases (49.3%) had mild or moderate airflow
limitation, there were 212 cases (50.7%) of severe and extremely severe cases. A total of
50 input variables and 1 output variable were collected, and the variables are shown in
Table 1.
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Table 2 Total Data Set Variable Elimination

Variable Name Variable Name

Oxygen inhalation (yes, no) @ nutritional status €

Daily oxygen inhalation time @ Blood oxygen saturation value@

Oxygen flow (2] Use of non-invasive ventilation (yes, no) (2]
Oxygen inhalation method @ non-invasive ventilation time per day@
Non-invasive ventilation method @ Wear a face covering (yes, n0)@®
humidification of non-invasive @ Using transcutaneous oximetry

How to Disinfect Tanks and Ventilator Tubing @ Meter (yes, no) @

@ Variables with a missing data ratio of >90% in each column; @the proportion of a single category in
each column > 90% of the variables; @Variables with a coefficient of variation of each column < 0.05

3.12 Data review and preliminary screening results

According to the above data review and preliminary screening principles, 12 input vari-
ables were eliminated. The reasons for variable elimination are summarized in Table 2.

3.13 Key factors affecting airflow restriction

A total of twelve processed data sets and ranking along with twelve factors that affects
airflow limitations were obtained after evaluating 4 different types of value treatment
along with three types of feature screening. From this study, mMRC grade along with
age, body mass index, smoking history, computed aided tomography and dyspnea were
the first in the variable characteristics ranking in addition to this these are vital indi-
cators for models demonstrating the importance of the role. Results are obtained after
incorporating non-filling screening method and lesso screening methods as shown in
Fig. 1. The top three predictors are mMRC grade, smoking history and dyspnea, about
54.15% of feature importance acquired when it comes to mMRC grade. The results
obtainedby using unpacking and volta screening methods is shown in Fig. 2. The three
most crucial predictors are computed aided tomography score, age and mMRC, with
computed axial tomography score comes to 26.64%.

3.14 Early warning model establishment and evaluation

To model twelve datasets, we are using one ensemble learning algorithm and eighteen
different machine learning algorithms. All the eighteen algorithms were compared for
the accuracy and as a result a sum of 216 models was obtained. The results of eighteen
machine learning algorithms are shown in Table 3. There was a significant different in
the statistics when comparing the performance of different algorithms (i.e.) (P <0.05),
the highest value (0.738 +0.089) is obtained from average ACU of stochastic gradient
descent algorithm. Using the Bootstrapping algorithm, the test set was validated exter-
nally, the results are shown below in table. In the similar way the predictive ability of
models was also compared using different algorithms and the difference was remarkable
(P <0.05), the largest value of (0.757 +£0.057) was obtained from the average AUC of
the integrated learning algorithm. Bootstrap algorithm was used to assess the perfor-
mance of 4 different missing value treatments and 3 types of trait examinations. The
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Fig.1 Unfilled Boruta screened Feature Importance

feature importance maps xa8 26.6368

x20
X30

X29

Variables

0 s 10 15 20 25
Feature Importance (%)

results are tabulated in Tables 4 and 5 respectively. The efficiency of the model can
be increased by avoiding padding and Lesso filtering and the difference is appreciable
(P<0.05).

Fig.2 Unfilled Lasso screened Feature Importance

feature importance maps x9 54.1483

17.7555

X300
X164 0.0
X1540.0
X1240.0
X1140.0
X1040.0

X700

X5140.0
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Feature Importance (%)
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Fig. 3 ROC Curves for Optimal 1
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Selection of early warning model.

Use the test data to test 216 machine learning models and select the model with
the highest AUC as the best model. Table 6 shows the best five AUC prediction per-
formance indicators of the model. The AUC is 0.7909, the precision rate is 75.90%,
the precision rate is 75.00%, the recall ratio is 78.57%, and the F1 value is 0.767. See
Figs. 2 and 3 for ROC and PR curves.

3.15 Sample size verification

Select the algorithm corresponding to the best model as the algorithm for sample size
verification. The data set is divided into training set and test set in the ratio 8:2. 10%,
20%...100% of the training set samples were randomly selected for model training, and
the process was repeated 100 times. The results show that when the sample size reaches
about 70%, the curve tends to be flat. Tip at this point, the sample size will no longer
increase the prediction performance (Figs. 1, 2, 3 and 4).

4 Discussion

Because of the increase in severity of airflow limitation the risk of death from COVID
increases. Hence, it is important to define the value of airflow limitation and execute suit-
able intervention methods [7]. This study predicts the severity of airflow limitation in

Fig.4 P-R Curves of Optimal 1
Risk Prediction Model

Precision

0 0.1 02 03 0.4 05 0.6 0.7 08 09 1
Recall
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COVID patients by constructing a risk model of severe airflow limitation. Through the
data mining process such as preliminary screening, missing value filling, and variable fea-
ture screening, the integrated learning model is selected using AUC, accuracy, precision,
recall, and F1 value as evaluation indicators for internal verification, the best model, and
external verification. for the best model. The results of this study are consistent with those
of LIU et al. [8]. Integrated learning [9] achieves better predictive performance by com-
bining multiple learning algorithms. The joint decision-making of multiple learning algo-
rithms is more accurate than the prediction using a single learning algorithm, which has
certain clinical application value. Dong Quanming et al. [10] established a FEV 1 early
warning model using a multiple linear model, but this study did not include disease-related
factors for discussion. Based on previous studies, this study comprehensively considered
the variables of disease-related factors to construct a classification model for the degree of
airflow limitation. ZAFARI et al. [11] developed an individualized prediction model for
lung function decline, but this study only included smokers with mild to moderate COPD,
and it cannot be predicted for patients with severe COPD. In addition, several studies are
all predictions of the absolute value of lung function FEV 1, while FEV 1% is a relatively
individualized evaluation index, which is more widely used in clinical practice and has
attracted more attention from researchers, so it is more predictive value [12, 13].

The key parameters to build the model for this study are mMRC grade, age, BMI, CAT
score, smoking history, and dyspnea. Pulmonary ventilation function indicators are related
to age and smoking history, which is consistent with previous studies [14-16]. COPD
patients are mostly elderly. With age, the contractility of respiratory muscles decreases,
the elastic recoil of the thorax and lungs decreases, the bronchial tube wall shrinks, and the
lumen narrows, resulting in increased pulmonary ventilation resistance and slowed airflow.
In addition, the patient’s smoking affects the lung microecological group and reduces the
lung defense ability [17]. Lung function is related to BMI, which is consistent with some
scholars’ research [18, 19]. GRIGSBY et al. [20] showed that in developing countries, the
lower the BMI, the worse the lung function. However, some scholars pointed out that FEV
1 has nothing to do with BMI, only positively correlated with height [10, 14]. The discrep-
ancies in the study results may be due to the differences in the sociodemographic charac-
teristics of the included populations. Lung function was also significantly correlated with
mMRC grade and CAT score [5, 21, 22]. Predictions based on patient lung function have
shifted to an assessment of disease exacerbation risk and symptoms that can be used to
refine COPD airflow limitation classification.

Missing data has become a common and unavoidable serious problem in real-world
research. In data analysis, if the entire information of the patient is deleted due to a small
part of data missing, most of the information will be lost; if too much information is lost and
features are added, it may increase noise instead and affect the final result. In this study, the
variables whose missing data accounted for more than 90% were initially screened out and
then filled. As for whether the remaining data needs to be filled, and how to fill it effectively,
until today, there has not been a consensus. The most commonly used imputation method is
to input with the mean, median, or data with the highest frequency, but the accuracy is also
low. STEKHOVEN et al. [23] established the random forest iterative imputation method, and
achieved a good filling effect. Random forest can effectively handle mixed types of data fill-
ing, which has advantages over single-type filling methods. However, the results of this study
showed that different filling methods had statistically significant effects on model performance
(P<0.05). When the data is not filled, the effect of the early warning model is better. The rea-
son for this result is that the non-filling method in this study is different from the non-filling

@ Springer
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method in previous studies. This is a method that maximizes the original data set for analysis
method, so the best effect is obtained.

No screening, Lasso screening and Boruta screening are used in this study to examine vari-
able functions. Various screening methods can reduce the number of features, reduce dimen-
sionality, reduce learning difficulty, improve model performance, and improve model generali-
zation ability. The feature screening methods implemented in the study affects the efficiency
of the model. Among them, none of the screenings include all the variables after manipu-
lating missing values to understand the predictive power of the model. However, if only a
less characteristics are considered to create the model, the time duration can be reduced to
a great extent and the accountability of the model can be improved. In Boruta screening, all
sets of characteristics correlated with the dependent variable are selected so that the influenc-
ing factors of the dependent variable can be understood. Compared to ordinary least squares
estimation, Lasso filtering can quickly and efficiently extract important variables to sim-
plify the model when there are many variables. In univariate analysis for hypothesis testing
in this study, Lasso screening performed better in the model with an average AUC value of
(0.719+0.09), but Lasso screening did not show good predictive performance among the top
five models. Ensemble learning, without padding, Boruta sieve model outperforms ensemble
learning, without padding, Lasso sieve model. ELM model performed with higher accuracy
and precision when compared to other models (Tables 3 and 7) and the results are finalized
based on it.

The innovations of this study: (1) There is no mature risk warning model for severe air-
flow limitation in COVID patients. The machine learning model established in this study pro-
vides an auxiliary decision-making basis for disease assessment of COVID patients. (2) So
far, many studies on machine learning often use one or several machine learning algorithms
to build models, and rarely use different data preprocessing methods for diversified modeling
to compare model prediction performance. However, this study adopted as many as 216 algo-
rithms through different data cleaning methods, and established 2 160 models through ten-fold
cross-validation. At the same time, this study uses the advanced Bootstrapping algorithm to
convert small sample data into large sample data through resampling, improving the predic-
tion accuracy of the model and ensuring the reliability of the model. (3) This study evaluates
the impact of each predictor variable on the performance of each model, which is more com-
prehensive and convincing than other machine models. (4) Based on the method of sample
size verification, the relationship between sample size and AUC is explored, which provides a
reference for sample analysis of predictive research.

Limitations of this study: (1) In terms of predictors, this study did not include laboratory
and CT examination data, and its correlation needs to be further explored. (2) This study is a
single-center study, and the research objects are limited to inpatients with COVID. There is a
certain selection bias, and further multi-center and large-sample verification is required.

5 Conclusion

In conclusion, the integrated learning model has a good stopping effect on the risk of
severe airflow limitation in patients with COVID. mMRC class, age, BMI, CAT score,
smoking history and dyspnea are the main factors affecting airflow limitation. For those
who are unable to perform lung functions, a severe airflow limitation risk warning model
can help doctors assess patients’ lung function and has great potential to effectively reduce
future risks and burden for patients with COVID.
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