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Abstract

Background: Active targeted case-finding is a cost-effective way to identify individuals with high-risk for early diagnosis
and interventions of chronic obstructive pulmonary disease (COPD). A precise and practical COPD screening instrument
is needed in health care settings.

Methods: We created four statistical learning models to predict the risk of COPD using a multi-center randomized cross-
sectional survey database (n = 5281). The minimal set of predictors and the best statistical learning model in identifying
individuals with airway obstruction were selected to construct a new case-finding questionnaire. We validated its per-
formance in a prospective cohort (n = 958) and compared it with three previously reported case-finding instruments.

Results: A set of seven predictors was selected from 643 variables, including age, morning productive cough, wheeze,
years of smoking cessation, gender, job, and pack-year of smoking. In four statistical learning models, generalized additive
model model had the highest area under curve (AUC) value both on the developing cross-sectional data set (AUC = 0.813)
and the prospective validation data set (AUC = 0.880). Our questionnaire outperforms the other three tools on the cross-
sectional validation data set.

Conclusions: We developed a COPD case-finding questionnaire, which is an efficient and cost-effective tool for
identifying high-risk population of COPD.
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Introduction

Underdiagnosis is a major challenge worldwide. A recent
national cross sectional study in China reported less than 3% of
COPD patients were aware of their condition and few of them
received a previous pulmonary function test.' Other
community-based population studies from North and South
America, Europe, and Australia have revealed that about 70—
80% of these subjects have not been diagnosed with COPD.*™

Inadequate-utilization of spirometry contributes most to
the high-rate of underdiagnosis of COPD.’ Patients’ poor
access to spirometers and lack of expertise in performing
and interpreting spirometry limit spirometry-based diag-
nosis especially in primary care. In addition, a considerable
part of the early stage COPD patients with only mild airflow
limitation have few or nonspecific symptoms or poor per-
ception of their symptoms.® A precise, practical and cost-
effective screening strategy is urgently needed for pro-
moting early diagnosis and interventions, especially in high
risk population area.

Active targeted case finding in health care setting with
screening questionnaires prior to spirometry test has been
demonstrated a cost-effective way to identify undiagnosed
patients and was recommended in GOLD 2020.” Different
questionnaires have been reported, e.g. the COPD Pop-
ulation Screener Questionnaire (COPD-PS),® based only on
a few priori selected items and does not account for risk
factors such as occupation, education level, living condi-
tions, and prenatal maternal smoking. These risk factors
vary in different countries and regions, and their effects have
not been evaluated in COPD screening. Moreover, the
previous tools only provided a risk score rather than a
predicted probability of having COPD.

In this study, we used statistical learning algorithms on a
database of national cross-sectional survey study from
China to identify novel predictive patterns of significant
clinical characters. We then compared the performance of
four statistical learning models to find the best predictive
model. Finally, we developed a COPD screening ques-
tionnaire and validated its efficacy in a prospective cohort of
specialist population.

Methods
Study subjects and study design

The developing data set consists of 5281 participants in the
China Pulmonary Health (CPH) cohorts from Shanghai.

The design of this national randomized cross-sectional
study has been previously described." All participants
were >20 years old and received standardized spirometry
measurement between June 2012 and February 2014. To
further validate our case-finding instrument, we established
another prospective observational cohort. Participants who
underwent spirometry tests in a tertiary teaching hospital
were enrolled between April 2020 and September 2020.
Participants were excluded if they were <40 years old; had
history of asthma or lung cancer; had history of thoracic or
abdominal surgery; admitted to hospital for any cardiac
condition in the past month; had heart rate greater than 120
beats per min; were under antibacterial chemotherapy for
tuberculosis; were pregnant or breastfeeding; or they did not
receive bronchial dilation test. Information for the selected
predictors was collected in a face-to-face interview using a
questionnaire before or after they underwent spirometry
tests. The diagnosis of COPD was based on the objective
measure post-bronchodilator FEV1/FVC with value
<70%.” All participants were provided written informed
consent, and the ethics review committees of Beijing
Capital Medical University (No. 11-ke-42) and Zhongshan
Hospital Fudan University (No. B2019-248 (2)) approved
this work.

Data processing

The cross-sectional database consists a total of 643 variables
except for spirometry data. We eliminated the variables and
samples of high missing rate (Supporting Methods and
Supplemental Figure S1), remaining 159 candidate pre-
dictors of interest and 4736 participants for modeling. The
predictors cover patient demographics (e.g. age, gender,
body-mass index (BMI)), respiratory symptoms, activity
limitation, depression and anxiety symptoms, medical history
and medication, cigarette smoke exposure, occupation and
living environment, quality of life, results of physical exam-
ination and laboratory tests. We used different impute methods
according to the intrinsic logic of original questions, see details
in Supplementary Materials - Methods - Data processing and
Supplemental Table S1.

Statistical learning models

Firstly, the cross-sectional database were used to establish
models for predicting risk of COPD. We evaluated the
performance of four statistical learning models on
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predicting the risk of COPD using the cross-sectional da-
tabase, including logistic regression (LR), generalized ad-
ditive model (GAM), extreme gradient boosting
(XGBoost), and random forest (RF). Before using the
training data to train the model, we tested and determined
the value of the hyperparameters for GAM, XGBoost and
RF models. After selecting the feature set, the 10-fold cross-
validation method was used to determine the values of
hyperparameters according to the highest AUC score on the
cross-sectional training set using the grid search. Then we
retrained the model on the whole cross-sectional training
data. Interaction was added accounting for the relationship
between age and years of smoking cessation in LR and
GAM.

Selection of predictors

To screen for the most effective predictors and optimal
prediction model, we randomly selected one-tenth of the
cross-sectional survey data as the internal validation data, and
the remaining nine-tenths as training data (Supplemental
Figure S2). The minimal set of predictors providing the
highest average AUC was selected as final predictors based
on their integrated importance in the four statistical models
(Supporting Methods). The optimal prediction model was
selected from the four prediction models for best AUC on
cross-sectional internal validation data. Finally, we combined
the selected predictors and statistical learning model into a
COPD case-finding instrument which directly predicts the
probability of having irreversible airway obstruction in
spirometry tests for an individual.

Validation

To evaluate the reliability of our COPD case-finding model,
we compared performance of our model and other three
previously reported approaches by Zarowitz et al. (2011),'°
Kotz et al. (2008)'" and Price et al. (2006)'* in COPD case-
finding. For each participant in our cross-sectional cohort,
we used our model and three previously reported models to
predict if he/she had COPD. Then we compared the receiver
operating characteristic (ROC) curve and AUC of the four
models in identifying spirometry-confirmed COPD cases.
The features included in the three previous approaches were
presented in Supplemental Table S2.

Determination of cut-off values

We calculated the cut-off values of predicted probability for
high-risk population to make positive predict value (PPV)
higher than 0.5 and for low-risk population to make neg-
ative predictive value (NPV) < 0.02.""°

Data were expressed as frequencies (percentages) for
categorical variables and as means = SD or median (IQR).

Student’s t-test or Mann—Whitney U test were used for
comparison of continuous variables as appropriate. Chi
squared test was used to compare parametric and categorical
variables, respectively. LR and GAM models were im-
plemented in R (stats, mgcv 1.8.33) and the other analysis is
carried out by Python (Pandas 1.0.1, Scikit-Learn 0.23.2,
pygam 0.8.0, XGBoost 1.0.2). p-values < 0.05 were in-
terpreted as statistically significant.

Results

Participant characteristics

Data from 4736 individuals were used for modeling. De-
mographics and clinical characteristics were summarized in
Table 1. Approximately 44% of the sample was male. A
percentage of 11.6 of the participants had spirometry-
defined COPD. The proportions of GOLD stage I, I, III,
and IV were 53.7%, 38.0%, 7.4%, and 0.9%, respectively.
Current and former smokers made up 25.1% of non-COPD
and 43.1% of the COPD subgroup. Only 59 (10.7%) par-
ticipants had previous diagnosis of COPD in COPD sub-
group. The prospective validation data set included 958
patients undergoing spirometry test. Compared with pa-
tients in the cross-sectional data set, those in the prospective
data set were more likely to have smoke exposure history
(45.7%) and suffer more respiratory symptoms (43.9%) and
more severe airway obstruction.

Selection of predictors

A total of 157 enrolled candidate predictors were used for
final analysis (see details in online Appendix Table S3). In
stepwise logistic regression, 48 predictors were selected as
for the smallest AIC. Eight most important predictors were
selected from the pool of 48 predictors based on the
summed ranking of four predictive models (Supplemental
Table S4): age, saturation of peripheral Oxygen (SpO2),
morning productive cough, wheeze, years of smoking
cessation, gender, job, and pack-years of smoking, which
provided the highest average AUC and smallest set of
predictors (Supplemental Figure S3). The descriptive sta-
tistics of the eight selected predictors were shown in Table 2.
All of the predictors had significant difference between
COPD and non-COPD groups in cross-sectional data.
Considering SpO, is not widely available in primary care
settings, we compared the final AUC of the four models
with the eight predictors and seven predictors without
Sp02, the difference in average AUC was 0.008 (0.784 vs
0.792). Thus, SpO2 was excluded, remaining seven pre-
dictors in the final predictors set. The odds ratio (OR) of
each predictors in LR and GAM model were shown in
Supplemental Table S6.
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Table I. Clinical characteristics of participants in cross-sectional data set and prospective validation data set.?

Cross-sectional data set

Prospective data set

Non-COPD COPD Non-COPD COPD
Characteristics (N = 4185) (N = 551) p-value (N = 766) (N =192) p-value
Age (year) 532 £ 123 63.9 £ 10.1 <.001 6l.1 £9.7 69.1 £9.3 <.001
Male (%) 1719 (41.1) 344 (62.4) <.001 403 (52.6) 163 (84.9) <.001
Height (cm) 161.4 + 8.0 162.2 + 8.2 .009 163.6 + 8.0 1659 +7.0 <.00lI
Weight (kg) 63.3 £ 10.8 64.1 £ I1.1 e 634+ 104 654 £ 105 0.04
BMI (kg/m2) 242 + 33 243 £ 3.5 .58 237 £32 237 £32 .88
Cigarette smoke exposure
Current smoker 869 (20.8) 171 (31.0) <.001 153 (20.0) 41 (21.4) 74
Former smoker with passive smoking 178 (4.2) 65 (11.7) <.001 85 (11.1) 60 (31.2) <.001
Former smoker without passive smoking 6 (0.1) 2 (04) .53 59 (7.7) 40 (20.8) <.001
Never-smoker with passive smoking 2817 (67.3) 287 (52.0) <.001 264 (34.4) 17 (8.9) <.001
Never-smoker without passive smoking 315 (7.6) 26 (4.9) .02 205 (26.8) 34 (17.7) .0l
Pack-year in current smoker (pack-years) 6.7 £ 15.1 15.0 £ 21.7 <.001 12.1 £21.8 29.7 £ 284  <.001
Respiratory symptoms
Dyspnea 199 (4.8) 64 (11.6) <.001 31 (4.0 74 (38.5) <.001
Wheeze 145 (3.5) 97 (17.6) <.001 81 (10.6) 123 (64.1) <.001
mMRC grade 23 353 (84) 179 (32.4) <.001 — — —
Chronic cough 286 (6.8) 84 (15.2) <.001 122 (15.9) 68 (35.4) <.001
Chronic phlegm 269 (6.4) 94 (17.0) <.001 130 (17.0) 104 (54.2) <.001
Any of the above respiratory symptoms 894 (21.4) 269 (48.7) <.001 262 (34.2) 159 (82.8) <.001
COPD grade
| — 334 (60.6) — — 32 (16.7) —
Il — 173 (31.4) — — 79 (41.1) —
n — 38 (6.9) — — 65 (33.9) —
v — 6 (l.1) — — 16 (8.3) —
FEVI (mL) 2693.3 + 658.3 2085.0 + 669.6 <.001 2771.1 £711.0 15303 + 625.1 <.001l
FVC (mL) 3276.5 £ 7984 33823 + 1057.3 .03 33334 £ 9209 2685.1 £ 7594 <.001
FEVI/FVC (%) 824 + 63 61.5+9.2 <.001 83752 558+ 114 <00l
Previous diagnosis of respiratory conditions
Asthma 34 (0.8) 34 (6.2) <.001 12 (1.6) 22 (11.5) <.001
COPD I1(0.3) 17 3.1) <.001 0 (0) 136 (70.8) <.001
Tuberculosis 13 (0.3) 5 (0.9) .08 21 (2.7) 16 (8.3) .007
Chronic bronchitis 144 (3.4) 66 (12.0) <.001 42 (5.5) 58 (30.2) <.001

? Data are presented as % or mean * SD, p-value are calculated based on Chi-square or Mann—Whitney U test.

Modelling

The results of four models with seven selected predictors
were shown in Table 3. On the cross-sectional data set,
GAM model had the highest AUC value (AUC 0.813),
followed by LR (AUC 0.811) and XGBoost (AUC
0.810). On the prospective validation data set, the GAM
model also achieved the best performance on clinical test
data with the AUC value of 0.880 (Table 3). In addition,
the width of confidence band of the GAM model was
significantly smaller than the other three models, which
indicated that the GAM model was more robust.
Therefore, we used GAM model to construct a new
COPD case-finding instrument called COPD Quick
Screening Questionnaire (COPD-QSQ). The questions

included in COPD-QSQ were presented in Table 4 and
details for calculating the riks using final GAM model
were listed in Supplemental Table S6 and S7 and
Supplemental Figure S4. Details of the estimated effects
of predictors in GAM and LR model were presented in
Supplemental Table S5 and S6 and Supplemental Figure
S4. The feature importance and SHAP values of
XGBoost and RF model were shown in Supplemental
Figure S5.

Comparison with previous questionnaires

Compared with other three instruments previously re-
ported by Ref. Zarowitz et al. (2011), Kotz et al. (2014)
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Table 2. Statistics of selected predictors of COPD in cross-sectional and prospective data sets.”

Cross-sectional data set Prospective data set
Non-COPD (N =
Predictors 4185) COPD (N = 551) p-valueb Non-COPD (N =766) COPD (N = 192) p-valueb
Age 532+ 123 639 = 10.1 <.001 6l.1 £9.7 69.1 £9.3 <.001
Gender
Female 2466 (58.9) 207 (37.6) <.001 363 (47.4) 29 (15.1) <.001
Male 1719 (41.1) 344 (62.4) 406 (52.6) 163 (84.9)
Pack-years 0.0 (0.0 - 0.0) 0.0 (0.0 - 30.25) <.001 0.0 (0.0 - 20.75) 25.5 (0.0 - 45.0) <.001
Job
Unemployed 565 (13.5) 118 (21.4) <.001 435 (56.8) 144 (75.0) <.001
Worker 1086 (25.9) 73 (13.2) 38 (5.0) 9 (4.69)
Farmer 842 (20.1) 146 (26.5) 62 (8.1) 21 (10.9)
Technical stuffs 197 (4.7) 16 (2.9) 41 (5.4) 4 (2.1)
Housekeeper 89 (2.1) 9 (1.6) 9(1.2) 2 (1.0
Official 76 (1.8) 4 (0.7) 37 (4.8) 2 (1.04)
Driver 69 (1.6) 7 (1.3) 5(0.7) I (0.5)
Cook 38 (0.9) 1 (0.2) I (0.1) 0 (0)
Student 19 (0.5) 1 (0.2) 0 (0) 0 (0)
Others 1190 (28.4) 174 (31.6) 138 (18.0) 9 (4.69)
Years of smoking 0.0 (0.0 - 0.0) 0.0 (0.0 - 0.0) <.001 0.0 (0.0 - 0.0) 1.00 (0.00 - 5.25) .34
cessation
Morning productive 571 (13.6) 102 (18.5) <.001 80 (10.4) 68 (35.4) <.001
cough
Wheeze 127 (3.0) 94 (17.1) <.001 81 (10.6) 123 (64.1) <.001

’Data are presented as n (%), median (IQRI~ IQR3), or mean + SD.
bp-value are calculated based on Chi-square test or Mann-Whitney U test.

Table 3. Predictive ability of different models on cross-sectional validation dataset and prospective cohort dataset.

Models® AUC (95% ClI) Sensitivity Specificity PPV NPV Accuracy p-value
Cross-sectional validation dataset
GAM 0.813 (0.753-0.867) 091 0.55 0.21 0.98 0.59 <.001
LR 0.811 (0.747-0.867) 0.89 0.51 0.21 0.98 0.61 <.001
RF 0.702 (0.628-0.777) 0.4 0.88 0.39 0.92 0.86 N/A
XGBoost 0.810 (0.750-0.864) 0.98 0.19 0.14 0.99 0.3 N/A
Prospective cohort dataset
GAM 0.880 (0.848-0.910) 0.98 0.23 0.24 0.98 0.38 <.001
LR 0.869 (0.836-0.901) 0.97 0.26 0.24 0.97 0.4 <.001
RF 0.875 (0.844-0.906) 0.84 0.71 0.41 0.95 0.73
XGBoost 0.869 (0.832-0.901) | 0.06 0.21 | 0.25

AUC: area under the receiver operating characteristic curve; PPV: positive predictive value; NPV: negative predictive value; NA: not available for the
model; LR: logistic regression; GAM: generalized additive model; RF: random forest; XGBoost: extreme gradient boosting; COPD: chronic obstructive
pulmonary disease.

For each model, we defined probability higher than 0.075 as with risk for COPD, and the others without for COPD to calculate the metrics. We used
spirometry-defined COPD as gold standard.

and Price et al. (2006), our COPD-QSQ outperformed the predictors and showed similar results on both data sets
other instruments with an AUC of 0.813 on the cross- (AUC 0.770 and 0.774, respectively). Zarowitz et al.
sectional data set. (Figure 1) Tools by Kotz et al. (2014) (2011) contained the smallest number of questions, while
and Price et al. (2006) used LR model and similar the AUC was lower than other instruments.
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Table 4. COPD quick screening questionnaire (COPD-QSQ).

Characteristics Items in questionnaire

Answers

I. Sex What is your sex?! Male/Female
2. Wheeze Have you ever wheezed? Yes/No
3. Morning productive Do you often cough up sputum when you wake Yes/No
cough up in the morning?
4. Job What is your current job? Official/Unemployed/Farmer/Technical stuffs/Worker,
cooker, or housekeeper/Others
5. Years of smoking How many years have you quit smoking? Number
cessation
6. Age How old are you (years)? Number
7. Pack-years How many packs of cigarettes do you smoke a Number
year?
1.0 1 104t
0.9 B ————— |
08 o 0.8]
.0 s v
207
206
2 e
& 061 £05
A p 8
2 e = 0.4
ﬁ P 8
£ ..’/ A 0.3
3 04/ 02| —— NPV
= 0.1 — PPV
Sudies (UG, 2swch 00750 01 02 03 04 05 06 07 08 09 10
0.2 P COPD-QSQ (0.813, [0.753, 0.867]) Cutoff
" —— Zarowitz etal. (2011) (0.583, [0.500, 0.658])
e —— Kotzetal. (2008)  (0.770, [0.707,0.824])
00 -~ —— Pcectal 3006 _(0.774, [0.714, 0.827)) Figure 2. Positive predictive value (PPV) and negative predictive
"00 02 0.4 0.6 0.8 1.0 value (NPV) of generalized additive model prediction results.
False Positive Rate The red vertical line presents the high-risk cut-off value of 0.265

Figure |I. Comparisons of the area under curve (AUC) between
generalized additive model and three previous approaches on
the cross-sectional validation data. The models included seven
predictors: age, morning productive cough, wheeze, years of
smoking cessation, gender, job, and pack-years of smoking.

Optimal cut off value for spirometry test

Our questionnaire is aimed at identifying the individuals
with high risk of COPD who need further validation by
spirometry test, and those with low risk of COPD who
shoud not receive spirometry test. To determine the cut-off
value of defining high-risk population using our model,
balancing between cost and effectiveness, we adopted an
optimal PPV of 0.5 to define “high-risk” group, where the
corresponding cut-off value in GAM model was 0.265.
(Figure 2) It means that individuals who had value of 0.265
need further confirmative spirometry test, and to identify a
case with airflow obstruction, two high-risk individuals
were required to receive spirometry test. In addition, we also
defined a low-risk population who should not receive

using generalized additive model (GAM) with an optimal PPV of
0.5. The blue vertical line presents the low-risk cut-off value of
0.075 with an optimal NPV of 0.98 using the same model. The
model included seven predictors: age, morning productive cough,
wheeze, years of smoking cessation, gender, job, and pack-years
of smoking.

spirometry test for COPD screening. We used the NPV of
0.98 and the corresponding cut-off value was 0.075, that is,
one case with airflow obstruction would be missed among
50 low-risk individuals without spirometry test. (Figure 2)
The predicted risk between 0.075 and 0.265 was defined as
moderate risk.

Discussion

To our knowledge, this is the first study using advanced
statistical learning models to predict the risk of COPD in
general population and develop a case-finding instrument
for COPD. With the abundant variables in dataset collected
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from cross-sectional study, we identified seven important
predictors showing high predicting power with an average
AUC of 0.784 for detecting spirometry-defined COPD
patients. The highest AUC was reached by the GAM model
as 0.813. The case-finding instrument derived from the
selected predictors and GAM model had higher AUC of
0.880 for risk prediction of COPD in our prospective
validation cohort.

Our developing data set covered a wide range of potential
predictors of COPD in general population, including age,
living conditions, income, job, biomass usage, childhood
lung infections, and maternal smoking during pregnancy. The
participants were not restricted to smokers, which permits the
applicability of our model in screening for non-smokers with
high risk of COPD. We found predictors (such as age, gender,
symptoms and smoking) which have been commonly used in
previous case-finding tools,”®'*'* and also occupational
exposure which has not been included in other case-finding
tools. In line with the result, a statement from American
Thoracic Society and European Respiratory Society reported
that occupational exposure contributed 14% to the burden of
COPD, which was twice higher in non-smokers.'> To keep
the simplicity of our case-finding instruments, we classified
the occupations into nine classes according to their estimated
OR for COPD. In addition, we found years of smoking
cessation was of high importance which was not included in
other instruments.

Difference in detailed definition of predictors should be
accounted for in a screening questionnaire. For each item, the
most efficient question were selected from several related
candidates using AIC value of stepwise regression and the
sum importance ranking from four statistical models. For
example, the candidate question related to job included:
“your current job?", “how many years did you had this job?*,
“the job you ever had for longest time?*, and “did you
exposed to dust, allergens, or noxious gas in your working
place?*. Current job performed best than other questions. In
spite of cautious selection of predictors, there are special
conditions to be considered in clinical application, such as for
retired individuals, the last job before retirement is a rea-
sonable substitute to account for occupation factor. In ad-
dition, the question “do you ever wheeze” is not limited to a
recent period, which would not miss individuals who have
chronic and recently onset wheeze, but may also screen out
those who ever had acute wheeze and have recovered.

Previously published COPD case-finding models were
mostly based on logistic or multivariate regression
techniques.'®'® Statistical learning models have been used
to predict the risk of mortality after acute stroke and acute
myocardial infarction,'®* the risk of drug toxicity,>' and
the deterioration of patients in critical care units.** The large
sample size of our study permits usage of advanced sta-
tistical learning strategies in developing a case-finding
model. The final AUCs of our prediction model were

between 0.80 and 0.90, which were higher than those of
other instruments. In comparison, our final models out-
performed other previously reported models both on the
cross-sectional survey data.

Different form ensemble models, GAM adds a non-
parametric part to characterize the sub-linearity of factors
and has a strict penalty for non-parametric smoothness,
which permits better fitting and prediction competence. In
addition, GAM provides a calculated probability for each
individual, which allows physicians to assess the risk of
having COPD and to make clinical decisions accordingly.
Also, GAM permits analyzing the pathogenic factors of the
examinee. For example, the 2D regression curve in our
GAM model (Supplemental Figure S4) provided a moderate
high-risk region of age and smoking cessation.

In addition to the advantages of GAM model, our study
has some inherent data strengths in both cardinality and
degree of database. The training database was derived from
a cross-sectional study with strict multi-stage randomized
sampling, the sample size of which, to the best of our
knowledge, is larger than that of any previous studies.”> 2’
Also, our predictors were selected from a large candidate
pool with four different statistical learning models, un-
derlying the importance of their role in screening. The
COPD-QSQ questionnaire developed in this study classifies
high-and low-risk population with the probability of having
COPD as 50% and 2%, respectively. It provides a feasible,
cost-effective, and precise case-finding tool for clinical use
in health care settings.

There are also limitations in our study. Firstly, our study
population was from a highly industrialized city of China,
while the importance of risk factors for COPD differs in
different economic and cultural context. There may not be
universal equation/questionnaire that fit all countries and re-
gions. Large datasets from different countries and regions are
required to further test the generalization ability of our pro-
posed method. Secondly, the cross-sectional database had
variables and samples with missing values. Albeit efforts in
balancing data saturation and sample size and cautiously
imputation, the missing values may still introduce con-
founding in the final model. However, we noted that the se-
lected features in the final model were biologically plausible
and mostly reported as common risk factors of COPD, sug-
gesting the elimination of variables did not miss important
information for prediction. Thirdly, our validation cohort in-
cluded individuals underwent spirometry tests in a generalized
tertiary hospital for diverse reasons (eg. mild or severe re-
spiratory symptoms, risk of respiratory disease, pre-operation
assessment, and routine respiratory health examination, ect.)
Despite of their variety in health background, the population
may still different from that of primary or secondary care
settings. Forth, individuals with previously diagnosed COPD
patients were included in our cohorts, where the prevalence of
COPD may higher than its aimed population of COPD
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screening. The performance of our questionnaire needs further
evaluation in multi-center prospective COPD screening studies
at different health care settings.

Conclusions

In this study, we proposed a set of predictors to accurately
predict risk of COPD and designed a new case-finding
questionnaire for COPD called COPD-QSQ. This ques-
tionnaire has potential applications in different health care
settings to assist physicians in identifying individuals of
high risk for COPD.
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