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Objective: The diagnosis of chronic obstructive pulmonary disease (COPD) is challenging,

especially in the primary institution which lacks spirometer. To reduce the rate of COPD

missed diagnoses in Northeast China, which has a higher prevalence of COPD, this study

aimed to establish efficient primary screening and discriminant models of COPD in this

region.

Patients and Methods: Subjects from Northeast China were enrolled from December 2017

to April 2019 from The First Hospital of China Medical University. Pulmonary function tests

and questionnaire were given to all participants. Using illness or no illness as the goal for

screening models and disease severity as the goal for discriminant models, multivariate linear

regression, logical regression, linear discriminant analysis, K-nearest neighbor, decision tree

and support vector machine were constructed through R language and Python software. After

comparing effectiveness among them, the most optimal primary screening and discriminant

models were established.

Results: Enrolled were 232 COPD patients (124 GOLD I–II and 108 GOLD III–IV) and 218

normal controls. Eight primary screening models were established. The optimal model was

Y = −1.2562–0.3891X4 (education level) + 1.7996X5 (dyspnea) + 0.5102X6 (cooking fuel

grade) + 1.498X7 (smoking index) + 0.8077X9 (family history)-0.5552X11 (BMI) + 0.538X13

(cough with sputum) + 2.0328X14 (wheezing) + 1.3378X16 (farmers) + 0.8187X17 (mother’s

smoking exposure history during pregnancy)-0.389X18 (kitchen ventilation) + 0.6888X19

(childhood heating). Six discriminant models were established. The optimal model was

decision tree (the optimal variables: dyspnea (x5), cooking fuel grade (x6), second-hand

smoking index (x8), BMI (x11), cough (x12), cough with sputum (x13), wheezing (x14), farmer

(x16), kitchen ventilation (x18), and childhood heating (x19)). The code was established to

combine the discriminant model with computer technology.

Conclusion: Many factors were related to COPD in Northeast China. Stepwise logistic

regression and decision tree were the optimal screening and discriminant models for COPD

in this region.

Keywords: chronic obstructive pulmonary disease, screening, discriminant, severity, model

Introduction
Chronic obstructive pulmonary disease (COPD) is a common, preventable and

treatable disease that is characterized by persistent respiratory symptoms and air-

flow limitation. The incidence of COPD is particularly high in developing coun-

tries. In 2015, the number of COPD patients in China was nearly 100 million.1 In

2017, a large-scale prospective study conducted by Zhou et al2 confirmed that early
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intervention and treatment for COPD significantly slows

the decline of lung function in patients with early COPD

(stage I and II), delays the onset of acute exacerbation,

reduces the hospitalization rate and improves the quality of

life. These studies make early screening and evaluation for

COPD a key issue.

The most accurate and specific tool for early screening,

diagnosis and evaluation of COPD is pulmonary function

test. However, the high operating cost of the spirometry and

its technical requirements for operators make it unavailable

for wide use in primary care institutions. It might lead to

missed diagnosis and delayed treatment of COPD. Research

shows that the all-cause mortality in patients with COPD

who were misdiagnosed was 3.1 times as high as in people

without airflow limitation, and the risk of contracting pneu-

monia was increased by 2.7 times in people with COPD.

Since spirometry is not recommended in Global Strategy for

Diagnosis, Management and Prevention of Chronic

Obstructive Lung Disease (GOLD 2019, http://www.gold

copd.com) screening for COPD among asymptomatic indi-

viduals, simple, efficient and accurate screening tools for

primarily screening COPD at an early stage are important.

Some studies have used questionnaires or special spirometric

measures in certain patients,3,4 but the results could not be

applied widely because of differences in environment,

weather, air pollution and life style among regions. For

example, in Southern China, COPD is related to a wet envir-

onment and smoking, while in Northern China, cold weather,

fuel exposure and closed space during winter contribute to

the development of COPD. Thus, a screening tool should

consider these factors, especially for primary hospitals.

With the development of information technology, the

application of screening models combined with computer

technology have become a preferred means of screening for

diseases,5,6 and allowed countless patients to benefit from

early diagnosis. Because of the high prevalence of COPD in

Northeastern China, most patients with COPD must spend

winters in Southern China. This study explored screening

and discriminant models specialized for patients with COPD

in Northeastern China, especially who live in regions where

pulmonary function tests are not available, to help patients be

diagnosed and managed as early as possible.

Patients and Methods
Participants
The research data were from a database at the outpatient

and physical examination center of The First Hospital of

China Medical University. From December 2017 to

April 2019, 232 patients with COPD were first diagnosed

by pulmonologists of The First Hospital of China Medical

University and enrolled. GOLD was used to diagnose and

categorize COPD severity. Entry criteria were: not diag-

nosed with COPD before being recruited; age between 40

and 80; airflow limitation ≤70% indicated by forced

expiratory volume in one second (FEV1)/forced vital capa-

city (FVC); and FEV1 reversibility following inhalation of

salbutamol <12% of pre-bronchodilator FEV1. Patients

with acute exacerbation within the prior 3 months or

other respiratory diseases were excluded. Matching by

age and gender, we recruited 218 control individuals with-

out respiratory diseases from our hospital. Enrollment

criteria for controls were: age between 40 and 80, and no

diseases affecting questionnaire filling and lung function

tests. All participants were Chinese and we included only

permanent residents of Northeast China. All participants

were assessed by board-certified pulmonologists. Those

with conditions such as mental disease or bronchodilator

usage that could influence the results of questionnaires and

pulmonary function were excluded. This study was

approved by the Ethics Committee of The First Hospital

of China Medical University. All participants were

informed and agreed to the study.

Questionnaires
The questionnaire we designed (Table 1) was based on the

burden of obstructive lung disease (BOLD) study epidemio-

logical questionnaire, the IPAG-recommended symptom-

based COPD questionnaire,7,8 St. George’s respiratory

questionnaire,9 the modified British Medical Research

Council questionnaire10 and COPD assessment test.11 The

questionnaire was adjusted according to GOLD guidelines

especially for risk factors in Northeastern China, including

demographic data, smoking status, history of fuel exposure,

family history, related respiratory symptoms and under-

standing of the disease. All participants completed the ques-

tionnaire on their own or with the assistance of relatives.

Pulmonary Function Test
Before the test, the safety and accuracy of implementation

was evaluated. Participants were required to meet inclu-

sion criteria and take no bronchodilators within 2 weeks.

The contra-indications of spirometry testing were as fol-

lowing: had undergone chest, abdomen or eye surgery in

the last 3 months; had a heart attack in the last 3 months

(eg, angina, myocardial infarction, malignant arrhythmia);
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hospitalized for heart disease in the last 1 month; massive

hemoptysis in the last 1 month; stroke in the last 1 month;

receiving anti-TB drug treatment or having active pulmon-

ary tuberculosis; uncontrolled severe hypertension in

patients with diastolic pressure greater than 100 mm Hg

and a systolic pressure greater than 200 mm Hg; aortic

aneurysm; severe hyperthyroidism; medication for sei-

zures; history of retinal detachment; or facial paralysis.

Standard pulmonary function instruments (YAEGER,

Vmax, Germany) were used. We used a 3-L syringe to

calibrate the spirometer daily. Participants were seated,

Table 1 The Questionnaire

Factor Question Option

x1 Which is your resident type now? a. Bungalow

b. Building

x2 Gender a. Male

b. Female

x3 Age Year of birth to 2019

x4 Which is your education level? a. Undergraduate and

above

b. High school

c. Junior high school

d. Primary school

e. Uneducated

x5 Do you have any dyspnea without

strenuous exercise recently?

a. Never

b. <1 Time/week

c. 1–2 Times/week

d. 3–6 Times/week

e. Daily

x6 Which of the following was the

cooking fuel you often use?

a. No

b. Electricity

c. Natural gas/liquefied

gas/biogas

d. Coal

e. Firewood

x7 How many packs do you smoke

per year?

How many years have you smoked?

x8 How many days are you exposed

to secondhand smoke each year?

How many years have you been

exposed to secondhand smoke?

x9 Do your parents or siblings have

respiratory problems?

a. No

b. Yes

x10 Have you ever had the following

diseases during childhood?

(Multiple choice)

a. None

b. Pneumonia

c. Tuberculosis

d. Bronchiectasis

x11 BMI (kg/m2)

x12 Will the weather change cause you

to cough?

a. Never

b. <1 Time/week

c. 1–2 Times/week

d. >3 Times/week

Do you often cough when you do

not have a cold?

a. Never

b. <1 Time/week

c. 1–2 Times/week

d. >3 Times/week

(Continued)

Table 1 (Continued).

Factor Question Option

x13 Do you often cough with sputum

from your chest in the morning?

a. Never

b. <1 Time/week

c. 1–2 Times/week

d. >3 Times/week

x14 Do you have any wheezing without

strenuous exercise recently?

a. No

b. Yes

x15 Which of the following is your

birth quarter

a. 4–9 months

b. 10–3 months

x16 Are you a farmer? a. No

b. Yes

x17 Has your mother ever been

exposed to smoke during

pregnancy?

a. Never

b. Yes, “She smoked at

that time” or “She was

exposed to secondhand

smoke at that time”

c. Yes, “She smoked at

that time” and “She was

exposed to secondhand

smoke at that time”

x18 Which of the following is your

kitchen ventilation?

a. Range hood

b. Ventilation fan

c. Chimney

d. No

x19 What did you use to keep warm in

childhood?

a. Central heating

b. Electricity or air

conditioning

c. Coal stove

d. Firewood/brazier/fire

x20 What do you use for heating at

present?

a. Central heating

b. Electricity or air

conditioning

c. Coal stove

d. Firewood/brazier/fire

Abbreviation: BMI, body mass index.
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wearing a nose clip, and using a disposable mouthpiece.

Participants were required to have an error of ≤0.15
L between the best value and the next best value of FVC

and FEV1 in three acceptable tests. If FVC ≤ 1.0 L, the

error was ≤0.10 L. We used the same criteria and adminis-

tered a bronchodilator (salbutamol 400 µg) via inhalation

through a 500-mL spacer and repeated spirometry after 20

min.12 Criteria for airflow limitation and grading were

according to GOLD 2019. Airflow limitation was defined

as the fixed ratio of FEV1/FVC <0.70 (post bronchodila-

tor). Severity of airflow limitation was defined as GOLD

I (mild, FEV1 ≥80% predicted), GOLD II (moderate, 50%

≤FEV1 <80% predicted), GOLD III (severe, 30% ≤FEV1

<50% predicted) and GOLD IV (very severe, FEVl <30%

predicted).

Variables
Screening and discriminant variables were determined

according to questionnaires (Table 1). They were resident

type (x1), gender (x2), age (x3), education level (x4), dys-

pnea (x5), cooking fuel grade (x6), smoking index (x7), sec-

ond-hand smoking index (x8), family history (x9),

infectious history at child age (x10), body mass index (BMI)

(x11), cough (x12), cough with sputum (x13), wheezing

(x14), birth quarter (x15), farmers (x16), maternal pregnancy

exposure (x17), kitchen ventilation (x18), childhood heating

(x19), and current heating (x20). Discriminate factors were

also quantitatively assigned. For further standardization, all

variables except age, smoking index, second-hand smoking

index and BMI were assigned from 0, and the order was

based on their influence on the occurrence and development

of COPD by GOLD guidelines (Table 2).

Establishment and Verification of Optimal

Primary Screening and Discriminant

Models
Before building the model, we completed missing data

from the questionnaire collection process. Missing data

completion methods were: variables 3, 7, 8, and 11 were

completed using the mean method; variables 1, 2, and 3

were completed using the mode method; and the remain-

ing variables were completed using the median method.

Second, we performed Z-score standardization on the

data set, X` = (X-mean)/standard deviation, and con-

verted the corresponding variables to a distribution with

mean 0 and variance 1 to eliminate the influence of

dimension. Regularizing operations on different models

were performed to eliminate the effect of overfitting the

model on the prediction results. COPD primary screening

and discriminant models were constructed using general

linear regression (multivariate linear regression), general-

ized linear regression (logistic regression), linear discri-

minant analysis, K-nearest neighbor, decision tree,

conditional decision tree and support vector machine

method. Two hundred and thirty-two COPD patients and

218 control groups were randomly selected. The data set

was split 4:1 by stratified random sampling and four-fifths

was used as a training group to establish models (360,

training set). One-fifth was used as a test group to test

models (90, test set). Due to the resampling methods,

bootstrapping or cross-validation was more powerful

than splitting the sample for internal validation.13 We

applied cross-validation on the basis of random stratifica-

tion. By comparing F1 value, accuracy, recall rate, area

under curve (AUC) value and precision, the optimal pri-

mary screening model was chosen. Multicollinearity was

calculated to assess the feasibility of the optimal model.

Receiver operating characteristic (ROC) curves and con-

fusion matrix were constructed to describe the screening

effectiveness of the optimal model. By analyzing total

accuracy, the optimal discriminant model was chosen.

The establishment and verification of the optimal

model was:

(1) Primary screening model

We used l2 regularization to constrain the objective

function in the optimization process of logistic regression

to eliminate the influence of overfitting the model on the

prediction results and improve the generalization ability of

the model. (Regularization parameter C = 1)

min
β;c

1

2
βTβþ C∑n

i¼1log exp �yi Xiβþ cð Þ þ 1ð Þð Þ

According to a given set of patient samples T={x1i,x2i,

. . . . . .,y2i}
n
i=1, x1i,x2i . . . . . . was a series of character-

istic attributes of the i-th patient and y2i∈{0,1} was

a two-category attribute variable (y2i = 0 indicated that

the i-th patient did not have COPD, y2i=1 indicated that

the i-th patient had COPD). The optimal COPD primary

screening model was established by stepwise logistic

regression.

According to the logic function (1)

pi ¼ e β0þβ1x1iþβ2x2iþ::::::ð Þ

1þ e β0þβ1x1iþβ2x2iþ::::::ð Þ (1)
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order:

Zi ¼ β0 þ β1χ1i þ β2χ2i þ ::: (2)

the original form became:

Pi ¼ eZi

1þ eZi
(3)

Here, Pi ¼ E yi ¼ 1jZið Þ indicated the probability of

a patient having COPD under Zi condition. Hence, 1�
Pi ¼ E yi ¼ 0jZið Þ presented the probability that the patient

did not have COPD under Zi condition.

1� Pi ¼ 1

1þ eZi
(4)

To calculate the partial coefficient, we did the regression,

which yielded:

Pi

1� Pi
¼ 1þ eZi

1þ e�Zi
¼ eZi (5)

Pi
1�Pi

was the probability ratio (odds ratio) of a patient with

COPD to a patient without COPD. The logarithm gave the

equation:

Li ¼ Ln
Pi

1� Pi

� �
¼ Zi ¼ β0 þ β1χ1i þ β2χ2i þ ::::: (6)

This was the logistic regression model reflecting the prob-

ability of having COPD in terms of multiple related

factors.

Based on the above model, stepwise logistic regression

was carried out according to the principle of the lowest

Akaike information criterion (AIC) value. The AIC infor-

mation criterion is a standard to measure the goodness of

fit of a statistical model. AIC encouraged the fitting good-

ness of data and tried to avoid overfitting, so the preferred

model had the smallest AIC value.

Table 2 The Variable Assignment

Factor Variable Quantification

x1 Resident type Building = 0, Bungalow = 1

x2 Gender Female=0, Male=1

x3 Age Year of birth to 2019

x4 Education level Undergraduate and above=0,

High school=1, Junior high

school=2, Primary school=3,

Uneducated=4

x5 Dyspnea Never = 0, <1 Time/week = 1,

1–2 Times/week = 2, 3–6

Times/week = 3, Daily = 4

x6 Cooking fuel grade No = 0, Electricity = 1, Natural

gas/liquefied gas/biogas = 2,

Coal = 3, Firewood = 4

x7 Smoking index pack*year

x8 Second-hand smoking index Contact day/year* contact year

x9 Family history No = 0, Yes =1

x10 Infectious history at child

age

None = 0, One type= 1, Two

types= 2, Three types= 3

x11 BMI kg/m2

x12 Cough None = 0, Level 1 = 1, Level 2

= 2, Level 3 = 3, Level 4 = 4,

Level 5 = 5, Level 6 = 6

x13 Cough with sputum None=0, Level 1=1, Level 2=2,

Level 3=3

x14 Wheezing No = 0, Yes=1

x15 Birth quarter 4–9 months=0, 10–3 months=1

x16 Farmers No=0, Yes=1

x17 Mother’s smoking exposure

history during pregnancy

No = 0, level 1 = 1, level 2 = 2

x18 Kitchen ventilation Range hood=0, Ventilation

fan=1, Chimney=2, No=3

x19 Childhood heating Central heating = 0, Electricity

or air conditioning = 1, Coal

stove = 2, Firewood/brazier/

fire = 3

x20 Current heating Central heating=0, Electricity

or air conditioning=1, Coal

stove=2, Firewood/brazier/

fire=3

y1 FEV1% Actual value

(Continued)

Table 2 (Continued).

Factor Variable Quantification

y2 Binary classification Normal person: y2=0, COPD

patients: y2=1

y3 Three classification Normal person: y3=1, Mild/

moderate COPD patient: y3=2,

Severe/very severe COPD

patient: y3=3

Note: The asterisks (*) in columns X7 and X8 in the table stand for multiplication.

Abbreviations: BMI, body mass index; FEV1, forced expiratory volume in

one second; COPD, chronic obstructive pulmonary disease.
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(2) Discriminant model

According to a given set of patient samples T={x1i,x2i, . . .

. . .,y3j}
n
i=1, x1i, x2i . . . . . . was a series of characteristic attri-

butes of the i-th patient, y3j∈{1,3} was a three-category

attribute variable (y3j = 1 meant the i-th patient did not have

COPD, y3j = 2 meant that the i-th patient had mild/moderate

COPD, and y3j=3 meant i-th patient had severe/very severe

COPD). The optimal discriminant model was established by

decision tree.

H Tð Þ ¼ ∑3
j�1

y3j
�� ��
Tj j log2

y3j
�� ��
Tj j (7)

We calculated the empirical entropy H (T) of the data set

T, which indicated the uncertainty of the data set T.

We calculated the empirical conditional entropy H (T|xj) of

the feature xj versus the data set T. The uncertainty of

classifying the data set T was given by feature xi.

H T jxið Þ ¼ ∑x
k�1

Tkj j
Tj jH Tkð Þ ¼ ∑x

k�1

Tkj j
Tj j∑

3
j�1

y3j
�� ��
Tj j log2

y3j
�� ��
Tj j
(8)

We calculated the information gain, which was the reduced

degree of uncertainty in the classification of the data set

using the feature xi

g T ; xið Þ ¼ H Tð Þ � H T jxið Þ (9)

Therefore, when we chose features for the model, the

lower the uncertainty degree, the more the information

gain. For the data set T, different features tended to have

different information gains, and features with more infor-

mation gains had stronger classification capabilities. After

selecting the optimal feature recursively and dividing the

training data according to the feature, the best classifica-

tion for each subdata set under the current conditions was

made. To eliminate the influence of overfitting, we pruned

the original decision tree and set the maximum depth to

4 to generate the final decision tree.

Results
Enrolled were 232 COPD patients aged from 40 to 80

years, 128 males and 104 females. Among them, 124

patients had mild and moderate COPD, and 108 had severe

and very severe COPD. In addition, 218 normal subjects

aged from 40 to 80 years were enrolled as the control

group, 114 males and 104 females. Information about the

232 patients with COPD and 218 control participants is

listed in Table 3. Compared to the control group, COPD

patients showed some risk factors such as low weight,

living in a bungalow, low level of education, and exposure

to coal and firewood instead of electricity. After adjusting

for gender and age, parameters of birth season, education

level, BMI, dyspnea, family history, cough and sputum,

wheeze, farmers, resident type, smoking/passive smoking,

mother’s smoking history during pregnancy, fuel exposure

level, childhood heating and current heating had statistical

differences between COPD patients and normal controls.

Education level, dyspnea, BMI, cooking fuel exposure,

cough and sputum, wheeze, farmers, mother’s smoking

history during pregnancy, kitchen ventilation and current

heating were related to the severity of COPD.

Establishment and Verification of the

Primary Screening Model for COPD
Recorded information was used to construct primary

screening models. The effectiveness of each model was

evaluated to find the optimal screening model for patients

with COPD in Northeast China (Tables 4 and 5). Since test

set substitution had more practical significance, the step-

wise logistic regression prediction model was determined

to be the optimal primary screening model.

Logistic regression was performed on the training set

with 20 influencing factors (x1-x20) used as independent

variables. After standardization, corresponding mean and

standard deviation were determined and are in Table 6.

“Illness or not (y)” was used as a dependent variable for

logistic regression, and backward stepwise logistic regres-

sion based on AIC values was used to filter the variables.

This yielded the equation:

Ln
p

1� p

� �
¼ �1:2562� 0:3891X4 þ 1:7996X5 þ 0:5102X6

þ 1:498X7 þ 0:8077X5 � 0:5552X11 þ 0:538X13 þ 2:0328X14

þ 1:3378X16 þ 0:8187X17 � 0:389X18 þ 0:6888X19

Dependent variables were tested and no multicollinearity

(√vif < 2) was found (Table 7). We calculated variable

parameters and significance of the model. The null hypoth-

esis for the regression equation significance test was

rejected because the P value of some selected variables

was less than 0.05 (Table 8), so the relationship between

dependent variables was statistically significant. Finally, the

model was tested with the test and training sets. The ROC

curve of the primary screening model was in Figures 1

and 2. The model had excellent predictability and 0 was

the optimal critical point. According to the confusion matrix

(Tables 9 and 10), in the training set, sensitivity was 0.9569,
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Table 3 The Comparison of Basic Information Among Three

Groups

Test COPD Control

(n=218)

P

GOLD

I+II

(n=124)

GOLD

III+IVⅣ

(n=108)

P

Resident type 0.02245 <0.001

Building 56 33 124

Bungalow 68 75 94

Gender 0.7097 0.5415

Male (%) 67 (54%) 61 (56%) 114

(52.2%)

Age (years) 0.5525 0.9503

40–59 44 37 73

60–80 76 70 144

Means 61.30 62.03 61.58

Education level <0.001 <0.001

Undergraduate

and above

10 5 10

High school 16 7 85

Junior high

school

58 28 98

Primary school 26 52 23

Uneducated 14 16 2

Dyspnea <0.001 <0.001

Never 4 0 100

<1 Time/week 5 4 92

1–2 Times/

week

33 6 23

3–6 Times/

week

28 23 3

Daily 54 75 0

Cooking fuel

grade

<0.001 <0.001

No 0 0 0

Electricity 6 2 96

Liquefied gas 58 35 92

Coal 46 40 10

Firewood 14 31 20

Smoking

(pack*years)

20.1

±25.8

25.6

±28.8

0.1296 1.2±3.0 <0.001

Second-hand

smoking index

4703.99

±5799.85

4521.30

±5576.68

0.8081 1923.62

±3078.06

<0.001

Family history 0.07935 <0.001

No 66 45 169

Yes 58 63 49

Infectious

history at child

age

0.06133 0.7544

None 87 61 142

(Continued)

Table 3 (Continued).

Test COPD Control

(n=218)

P

GOLD

I+II

(n=124)

GOLD

III+IVⅣ

(n=108)

P

One 22 28 46

Two 11 14 22

Three 4 5 8

BMI (kg/m2) 23±4 21.50

±3.48

<0.001 25±3 <0.001

Cough <0.001 <0.001

None 7 3 14

Level 1 3 4 2

Level 2 16 4 143

Level 3 18 5 47

Level 4 25 21 11

Level 5 21 22 0

Level 6 34 49 1

Cough with

sputum

0.00607 <0.001

None 12 9 16

Level 1 23 9 166

Level 2 40 23 35

Level 3 49 67 1

Wheeze 0.06013 <0.001

No 4 0 188

Yes 120 108 30

Birth quarter 0.7445 <0.001

First and

fourth quarters

(%)

72 (58%) 65 (60%) 87 (40%)

Farmers <0.001 <0.001

No 63 30 205

Yes 61 78 13

Mother’s

smoking

exposure

history during

pregnancy

0.0083 <0.001

None 53 30 168

Level 1 44 41 36

Level 2 27 37 14

Kitchen

ventilation

0.00628 <0.001

Range hood 59 28 177

Ventilation fan 7 2 13

Chimney 36 66 22

No 22 12 6

(Continued)
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specificity was 0.948, positive predictive value was 0.951,

and negative predictive value was 0.953. In the test set,

sensitivity was 0.956, specificity was 0.977, positive pre-

dictive value was 0.978and negative predictive value was

0.956. In the test set, accuracy was 0.9667, F1 value was

0.9670and AUC was 0.967.

Establishment and Verification of the

COPD Discriminant Model
According to Table 11, the decision tree model (test set

accuracy 0.8333, training set with cross-validation

accuracy 0.8361) was the optimal discriminant model

because the results of the test set had more clinical sig-

nificance and research value. Thus, we used Python soft-

ware to establish a decision tree model for the training set

(Figure 3) and tested our discriminant model. Since the

branch of the tree was not complicated, we decided not to

prune the model in order to protect the amount of variables

(Figure 3). The information value of the COPD discrimi-

nant model is in Table 9. We chose 10 for Nsplit because

the error no longer changed at this level. The parameter

trend graph of COPD discriminant model is in Figure 3.

The confusion matrix of the model is in Table 12 (training

set with cross-validation accuracy) and Table 13 (test set).

In the training set, sensitivity was GOLD I–II 0.737 and

GOLD III–IV 0.666, specificity was 0.977, positive pre-

dictive value was GOLD I–II 0.73 and GOLD III–IV 0.7,

negative predictive value was 0.918, and accuracy was

0.8361. In the test set, sensitivity was GOLD I–II 0.8

and GOLD III–IV 0.619, specificity was 0.95, positive

predictive value was GOLD I–II 0.666 and GOLD III–IV

0.866, negative predictive value was 0.933, and accuracy

was 0.8333. With computer technology, we turned the

optimal discriminant model to the coding program to

apply conveniently (Appendix 1).

Discussion
This study explored high-risk factors for COPD in

Northeast China. Several factors were found to be related

to development of the disease such as the season of birth,

BMI, family history, living environment, mother’s smoking

history during pregnancy, biofuel exposure and current

heating style. Due to the severe cold winter in the

Northeast China, especially rural people who live in bunga-

lows usually have a longer wood or coal-burning heating

Table 3 (Continued).

Test COPD Control

(n=218)

P

GOLD

I+II

(n=124)

GOLD

III+IVⅣ

(n=108)

P

Heating history

during

Childhood

0.2376 <0.001

Centralized

heating

9 1 116

Electricity 0 1 14

Coal 50 50 69

Firewood 65 56 19

Current

heating

<0.001 <0.001

Centralized

heating

68 31 194

Electricity 1 0 1

Coal 29 39 21

Firewood 26 38 2

Note: Data were given as n or mean±SD.

Abbreviation: BMI, body mass index.

Table 4 The Summary of Primary Screening Models for COPD (Training Set with Cross-Validation)

Accuracy Precision Recall F1 AUC

Multiple linear regression 0.9278 0.9444 0.9140 0.9290 0.928

Stepwise multiple linear regression 0.9361 0.9657 0.9086 0.9363 0.937

Logistic regression 0.9472 0.9563 0.9409 0.9485 0.947

Stepwise logistic regression 0.9528 0.9519 0.9570 0.9544 0.953

Linear discriminant analysis 0.9417 0.9188 0.9731 0.9452 0.941

KNN 0.9361 0.9657 0.9086 0.9363 0.937

Decision tree 0.9278 0.9444 0.9140 0.9290 0.928

SVM 0.9472 0.9418 0.9570 0.9493 0.947

Notes: F1 value, the principal criterion; accuracy, recall rate, AUC value and precision, the secondary criterion; the bold font in the table indicates that they have the highest

score in this category. In the comparison of the primary screening models, we should finally select the model with the most points and the highest score based on the F1

value priority. Second, consider the highest accuracy, precision, recall, AUC value.

Abbreviations: AUC, area under the curve; KNN, k-nearest neighbor; SVM, support vector machines.
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time, and a higher chance for exposure to biofuel. This

study found that the above factors were closely related to

occurrence and severity of COPD and were different from

factors in the southern area of China. In Northeast China,

among the primary screening and discriminant models con-

structed with data on high-risk factors of COPD patients,

a logistic regression model was the most effective for pri-

mary screening and a decision tree model was the best for

discrimination. Combined with the computer technology,

both models could be applied conveniently and accurately

for COPD assessment by inputting the related factors. This

study investigated the influence of regional characteristics

of Northeast China on patients with COPD. An optimal

primary screening model and a discrimination model were

established by statistically comparing different models that

were particularly suitable for primary hospitals.

Besides age, gender, education and smoking history,

which were known as risk factors, some special factors

were related to the occurrence of COPD in Northeast

Table 5 The Summary of Primary Screening Model for COPD (Test Set)

Accuracy Precision Recall F1 AUC

Multiple linear regression 0.9333 0.9000 0.9783 0.9375 0.932

Stepwise multiple linear regression 0.9333 0.9545 0.9130 0.9333 0.934

Logistic regression 0.9556 0.9565 0.9565 0.9565 0.956

Stepwise logistic regression 0.9667 0.9778 0.9565 0.9670 0.967

Linear discriminant analysis 0.9333 0.9000 0.9783 0.9375 0.932

KNN 0.9333 0.9545 0.9130 0.9333 0.934

Decision tree 0.9444 0.9556 0.9348 0.9451 0.945

SVM 0.9444 0.9184 0.9783 0.9474 0.944

Notes: F1 value, the principal criterion; accuracy, recall rate, AUC value and precision, the secondary criterion; the bold font in the table indicates that they have the highest

score in this category. In the comparison of the primary screening models, we should finally select the model with the most points and the highest score based on the F1

value priority. Second, consider the highest accuracy, precision, recall, AUC value.

Abbreviations: AUC, area under the curve; KNN, k-nearest neighbor; SVM, support vector machines.

Table 6 Corresponding Mean and Standard Deviation of Primary

Screening Model Variables After Standardization

Variables Mean (μ) Standard Deviation (σ)

x4 2.02 0.99

x5 2.01 1.56

x6 2.27 0.97

x7 12.27 22.49

x9 – –

x11 23.54 3.55

x13 1.66 0.95

x14 – –

x16 – –

x17 0.62 0.76

x18 0.87 1.10

x19 1.72 1.18

Table 7 Multicollinearity Analysis of Independent Variables

Variable Vif Value Variable Vif Value Variable Vif Value Variable Vif Value

x4 1.57 x7 1.40 x13 1.18 x17 1.47

x5 2.01 x9 1.39 x14 1.85 x18 1.84

x6 1.69 x11 1.23 x16 1.51 x19 1.30

Abbreviation: Vif value, variance inflation factor value.

Table 8 The Variable Parameters and Significance of Primary

Screening Model for COPD

Estimate Std. Error z-value Pr(>|z|)

(Intercept) −1.2562 2.7190 −1.679 0.0931 .

x4 −0.3891 0.3162 −2.236 0.0254 *

x5 1.7996 0.3372 3.961 0.0001 ***

x6 0.5102 0.4164 2.026 0.0428 *

x7 1.4980 0.0406 3.088 0.0020 **

x9 0.8077 0.6883 2.300 0.0214 *

x11 −0.5552 0.0912 −2.173 0.0298 *

x13 0.5380 0.3372 1.931 0.0535 .

x14 2.0328 0.9837 3.246 0.0012 **

x16 1.3378 0.7777 2.839 0.0045 **

x17 0.8187 0.5023 3.125 0.0018 **

x18 −0.3890 0.3177 −2.293 0.0218 *

x19 0.6888 0.3094 1.934 0.0532 .

Note: The p is the most significant between 0 and 0.001, indicated by ‘***’; The p is
extremely significant between 0.001 and 0.01, indicated by ‘**’; The p is relatively

significant between 0.01 and 0.05, indicated by ‘*’; The p is significant between 0.05

and 0.1, indicated by ‘.’.
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China such as family history, mother’s smoking history

during pregnancy, birth season, resident type, BMI, fuel

exposure, kitchen ventilation and heating style. The last

four factors also contributed to COPD severity. First, our

research found that family history was an important factor

for predicting the occurrence of COPD, consistent with

a study by McCloskey et al.14 Although no studies docu-

mented hereditary deficiency of alpha-1 antitrypsin

(AATD), we hypothesize that Asians may be affected by

certain genes since a change in the gene encoding matrix

metalloproteinase 12 (MMP12) is reported to be related to

COPD in Asians. Chinese scholars15 reported that the

glutathione S-transferase M1(GSTM1) null, GSTT1 null,

and combined GSTM1/glutathione S-transferase theta

1(GSTT1) null genotypes might be risk factors for devel-

opment of COPD. The GSTT1 null polymorphism showed

association with only Asian COPD patients. Thus, genetics

with environmental factors may influence the susceptibil-

ity to disease among specific populations.14 The exact

factors that led to “familial aggregation” in Asia such as

similar living environments and lifestyle or some potential

genes, deserved to be further investigated. Second,

Tager et al16 found that smoking during pregnancy-

imposed risks on the fetus and affected the development

of the lungs and immune system during the first 18 months

Figure 1 The ROC curve of the primary screening model (training set with cross-

validation).

Figure 2 The ROC curve of the primary screening model (test set).

Table 9 The Confusion Matrix of Primary Screening Mode

l (Training Set with Cross-Validation)

Prediction

Truth
y2=0 y2=1

y2=0 165 9

y2=1 8 178

Table 10 The Confusion Matrix of Primary Screening Model

(Test Set)

Prediction

Truth
y2=0 y2=1

y2=0 43 1

y2=1 2 44

Table 11 The Effectiveness of Different Discriminant Models

Accuracy

(Training Set with

Cross-Validation)

Accuracy

(Test

Set)

Multiple linear regression 0.7778 0.7667

Stepwise multiple linear

regression

0.7944 0.7889

Linear discriminant analysis 0.8028 0.7889

KNN 0.8139 0.8000

Decision tree 0.8361 0.8333

SVM 0.8278 0.8222

Notes: The bold font in the table indicates that they have the highest score in this

category. In the comparison of discriminant models, we have to select the model

with the highest accuracy value.

Abbreviations: KNN, k-nearest neighbor; SVM, support vector machines.

Li et al Dovepress

submit your manuscript | www.dovepress.com

DovePress
International Journal of Chronic Obstructive Pulmonary Disease 2020:151858

Powered by TCPDF (www.tcpdf.org)

http://www.dovepress.com
http://www.dovepress.com


of life. Some studies further observed that exposure to

smoking during childhood and adolescence affects lung

growth.17,18 In our research, exposure from maternal

smoking pregnancy was related to occurrence of COPD

and also contributed to its severity. This is important

information for COPD prevention. Third, the relationship

between BMI and the incidence and severity of COPD is

still under discussion, with no conclusion drawn for

now.19,20 However, in Northeast China, BMI was an

important factor in both the screening and discriminate

models of COPD. This importance may be related to the

fact that people in the north are usually stronger than those

in the south. Low BMI and particularly low fat-free mass

are associated with worse outcomes,21 which might

explain different prognoses between the north and the

south for COPD patients. Fourth, fuel exposure, heating

style and resident type were considered to be important

screening variables in our study, but removed in the COPD

model established for the southern part of China. These

indicated regional differences in COPD pathogenesis

should be considered during COPD study.

The establishment of COPD-related models has been

reported previously. Acute exacerbation is known to have

a detrimental impact on COPD prognosis. Garcia-

Aymerich et al22 studied 340 patients with COPD and acute

exacerbation at four tertiary hospitals in the Barcelona area of

Spain. The study established a Cox proportional hazards

model to obtain independent relative risks of readmission

for patients with COPD. Furthermore, since the main char-

acteristic of COPD is irreversible flow limitation (decreased

FEV1), ZafariZ
23 acquired data about 5594 patients and

developed an individualized prediction model for FEV1 in

smokers with mild-to-moderate COPD. Su et al24 implemen-

ted the prediction model for COPD among people more than

40 years old with respiratory symptoms and smoking history

(≥20 pack-years). In contrast to these studies, which were

mainly aimed at smokers, Chen et al25 used the data of 4167

participants from the Framingham Offspring Cohort as an

accurate tool to predict long-term lung function trajectories

and the risk of airflow limitation in a general population

using 20 common predictors. Further, Cui et al26 established

a discriminant-function model based on Bayes’ Rule by

stepwise discriminant analysis of the data from 243 patients

with COPD and 112 non-COPD individuals in urban and

rural communities and local primary care settings in

Guangdong Province, China. However, these studies

Figure 3 The discriminant model for COPD.

Table 12 The Confusion Matrix of Decision Tree (Training Set

with Cross-Validation)

Prediction

Truth
y3=1 y3=2 y3=3

y3=1 170 3 1

y3=2 11 73 15

y3=3 4 25 58

Table 13 The Confusion Matrix of Decision Tree (Test Set)

Prediction

Truth
y3=1 y3=2 y3=3

y3=1 42 2 0

y3=2 3 20 2

y3=3 0 8 13
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established different models to assess FEV1 or COPD by

different methods. The optimal model is not known without

statistical comparison. Melanie et al27 conducted a detailed

study of 30 articles in the 4481 COPD model records and

found that only 4 studies were of good quality and included

for review. During the analysis of these four studies, scien-

tists discovered that the studies have significant differences in

the included predictive indicators and the statistical methods

selected. Guerra et al28 analyzed 25 studies with 27 predic-

tion models and found that only 3 models used high-quality

statistical approaches. Therefore, our study established dif-

ferent models and did statistical comparisons to determine

the optimal primary screening model and the best discrimi-

nation model to evaluate COPD in Northeast China. The

verification process also showed the high effectiveness of

these two models.

A limitation for this study was that we established COPD

models for Northeast China instead of all of China. In view of

the large regional differences between the north and the south

such as the environment and weather, which is crucial in the

development of COPD, we decided it was necessary to

analyze risk factors and set models separately. It will be

helpful to understand the different phenotypes of COPD.

In brief, COPD in Northeast China had special regional

risk factors such as mother’s smoking history during preg-

nancy, BMI, resident type, fuel exposure and current heating

style. Among the primary screening and the discriminant

models constructed with these high-risk factors, optimal mod-

els were a logistic regression model for primary screening and

a decision tree model for discrimination. By using these mod-

els, doctors can easily primarily screen COPD and assess its

severity, especially during COPD surveys in Northeast China.
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