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Purpose: To predict the future number of patients with chronic obstructive pulmonary disease (COPD) in China and compare the 
three prediction models.
Methods: A generalized additive model (GAM), autoregressive integrated moving average (ARIMA) model, and curve-fitting 
method were used to fit and predict the number of patients with COPD in China. Data on the number of patients with COPD in 
China from 1990 to 2019 were obtained from the Global Burden of Disease (GBD) database. The coefficient of determination (R2), 
mean absolute error (MAE), mean absolute percentage error (MAPE), root mean squared error (RMSE), relative error of prediction, 
Akaike Information Criterion (AIC), and Bayesian Information Criterion (BIC) were used to evaluate and compare the fitting effect, 
prediction effect, and reliability of the three models.
Results: The GAM, ARIMA, and curve-fitting methods could predict future trends in COPD in China. The performance of the GAM is the 
best among the three models, whereas the curve fitting method is the worst, and the ARIMA (0,1,2) model is in between. The prediction 
results of the three models showed that the number of patients with COPD in China is expected to increase from 2020 to 2025.
Conclusion: GAM and AIRMA models are recommended for predicting the future prevalence of COPD in China. The number of 
patients with COPD in China is expected to increase in the next few years. The prevention and control of COPD in China still needs to 
be strengthened. Using appropriate models to predict future trends in COPD will provide support for health policymakers.
Keywords: generalized additive model, ARIMA model, curve fitting method, COPD, prediction

Introduction
Chronic obstructive pulmonary disease (COPD) is a common, preventable, and treatable disease that is usually caused by 
significant exposure to noxious particles or gases.1 COPD is a heterogeneous lung condition characterized by chronic 
respiratory symptoms (dyspnea, cough, sputum production) due to abnormalities of the airways (bronchitis, bronchiolitis) 
and/or alveoli (emphysema) that cause persistent, often progressive, airflow obstruction.2 COPD is a worldwide health 
issue, which causes a heavy burden to the world. From 1990 In 2019, the number of patients with COPD has increased 
from 115 million to 212 million globally.3 In China, the number of patients with COPD increased from 28 million in 
1990 to 45 million in 2019.3 In addition, COPD is one of the leading causes of mortality worldwide. In 2017, the total 
number of deaths from COPD was approximately 3.2 million worldwide, and the age-standardized death rate was 
42.2 per 100,000, ranking third in the world.4 In China, with more than one million in 2019.5 Prevention and control of 
COPD has become an important challenge for the world and China. Therefore, predicting the prevalence of COPD and 
the number of patients with COPD in the future will provide data support for health decision-makers.

International Journal of Chronic Obstructive Pulmonary Disease 2023:18 2961–2969               2961
© 2023 Teng et al. This work is published and licensed by Dove Medical Press Limited. The full terms of this license are available at https://www.dovepress.com/terms.php 
and incorporate the Creative Commons Attribution – Non Commercial (unported, v3.0) License (http://creativecommons.org/licenses/by-nc/3.0/). By accessing the work 

you hereby accept the Terms. Non-commercial uses of the work are permitted without any further permission from Dove Medical Press Limited, provided the work is properly attributed. For 
permission for commercial use of this work, please see paragraphs 4.2 and 5 of our Terms (https://www.dovepress.com/terms.php).

International Journal of Chronic Obstructive Pulmonary Disease           Dovepress
open access to scientific and medical research

Open Access Full Text Article

Received: 19 August 2023
Accepted: 5 December 2023
Published: 12 December 2023

In
te

rn
at

io
na

l J
ou

rn
al

 o
f C

hr
on

ic
 O

bs
tr

uc
tiv

e 
P

ul
m

on
ar

y 
D

is
ea

se
 d

ow
nl

oa
de

d 
fr

om
 h

ttp
s:

//w
w

w
.d

ov
ep

re
ss

.c
om

/
F

or
 p

er
so

na
l u

se
 o

nl
y.

http://www.dovepress.com/permissions.php
https://www.dovepress.com/terms.php
http://creativecommons.org/licenses/by-nc/3.0/
https://www.dovepress.com/terms.php
https://www.dovepress.com


Several methods have been used to predict future epidemiological disease trends. For example, the generalized 
additive model (GAM) was used to predict lung cancer incidence among women aged 25 to 84 years in five countries, 
including the United States, the United Kingdom and Australia.6 In China, the autoregressive integrated moving average 
(ARIMA) model was used to predict the number of patients and prevalence trends of diabetes and chronic kidney 
disease.7,8 One study used the curve fitting method and long short-term memory (LSTM) to predict the number of Corona 
Virus Disease 2019 (COVID-19) cases in India.9 However, the number of existing studies on predicting the future trend 
of COPD is small, and few studies have compared the accuracy of COPD prediction methods.

In this study, we used the GAM, ARIMA model, and curve fitting method to predict the number of patients with 
COPD in China from 2020 to 2025, and compared the fitting and prediction effects of the three models. The number of 
patients with COPD in China from 1990 to 2018 was used to fit the models and the number of patients with COPD in 
2019 was used to test the models. The aim of this study was to explore appropriate methods to predict the prevalence of 
COPD in China, estimate the future risk and disease burden of COPD, and provide references for the prevention and 
control of COPD in China, and provide data support for health decision-making departments to invest medical resources 
in the clinical treatment of COPD.

Materials and Methods
Data
Data on the number of patients with COPD in China from 1990 to 2019 were obtained from the Global Health Data 
Exchange (GHDx). GBD Results Tool (2023). https://vizhub.healthdata.org/gbd-results/. The database was established 
using Microsoft Excel 2016 and statistical analyses of the data were performed using R 4.2.0.

GAM
Generalized additive model (GAM) is an extension of the linear regression model, which is based on a Generalized linear 
model and an additive model.10 GAM is a flexible regression model. Its predictor variables can be linear or nonlinear and 
can be applied to data with various distributions, including normal, binomial, Gamma, and Poisson. GAM predicts 
disease trends by non-parametric fitting with relaxed assumptions on the relationship between response and predictor 
variables and the flexibility of the GAM in setting predictor variables allows it to achieve high predictive accuracy.11 The 
GAM has the following inequality:12

where g() is the link function, µ(x)=E(y/x), α is the intercept, f() is an arbitrary univariate function for each predictor 
variable, xj If the response variable yi is independent of a single-parameter exponential distribution, the distribution has 
a density function or probability density function as follows:

where θi is the natural parameter of this exponential distribution, different yi corresponds to different θi, ϕ is the nuisance 
or scale parameter, ϕ is the same for all yi, b and c are the functions used to determine the distribution type.

ARIMA Model
The autoregressive integrated moving average (ARIMA) model is a common method for time series analysis and 
prediction which can predict future values from past values.13 Therefore, the future disease trends can be predicted by 
using the past number of people with a disease.7,8 ARIMA model consists of an autoregressive (AR) model, a moving 
average (MA) model, and integration (I), which correspond to the three parameters p, q and d respectively. The AR (p) 
model represents the p-order autoregressive model, which is used to associate the pattern of a one-time period with its 
previous time periods. The MA (q) model represents a q-order moving average model that uses the errors associated with 
the forecast at a previous time step to forecast a variable at a later time step. I (d) is the reverse process of differencing to 
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generate the forecast, which refers to the difference order that converts a non-stationary time series into a stationary time 
series. Combining these three components yields the ARIMA (p, d, q) model. The generalized pth-order AR model (Eq. 
(3)), and qth-order MA model (Eq. (4)) can be expressed as

where yt is the current time-series value, c is the intercept, ϕi (i=1,2 … p) is the autoregressive parameter, θi (i=1,2 … p) 
is the moving average parameter, εt is the white noise series with zero mean, εt=yt-yt-1. Based on Eq. (3) and Eq. (4), we 
obtain the generalized ARIMA model, as follows:

where y0t is the stationary time series after differencing. Using the backshift operator Bmyt=yt-m in Eq. (5), the ARIMA (p, 
d, q) model can be expressed as:

Curve Fitting Method
Curve fitting method is a common technique for data modeling.14 It is the process of transforming the observed 
relationship in a particular dataset into a parameterized function and can be used for prediction and parameter 
estimation.15 Curve fitting method constructs a curve or mathematical function of the number of patients to predict the 
future disease trends by best fitting a series of data points of the number of patients in the past.16 Curve fitting methods 
include several classes, such as polynomials, exponential functions, power functions and logarithmic functions.14 

Polynomials are a common choice for curve fitting, and their general form is as follows:

where ci (i=0,1 … n) is a real number; is the autoregressive parameter, which is the parameter or coefficient of X, n is the 
degree of the polynomial.

Model Evaluation
Model evaluation metrics can intuitively evaluate the performance of the model. By comparing the various evaluation 
metrics of different models, we can intuitively compare the performance of different prediction models in various 
aspects. The prediction model that performs better in all aspects will be more reliable in predicting disease trends. The 
three prediction methods in this study were evaluated and compared using common model-evaluation metrics. The model 
fitting effect was evaluated using the coefficient of determination (R2), mean absolute error (MAE), mean absolute 
percentage error (MAPE), and root mean square error (RMSE). The predictive effect of the model was evaluated by using 
the relative error of prediction. Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC) were used 
to evaluate the reliability of the time-series analysis. The equations for the model evaluation metrics are as follows:

where SSr is the sum of the squares of the residuals, SSt is the total sum of squares, yi is the actual value, fi is the fitted 
value, �y is the mean of the actual values. The value of R2 ranged from 0 to 1, with values closer to 1 indicating a better fit 
of the model.
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Smaller values of MAE, MAPE, and RMSE values indicated a better fitting effect of the model.

where ŷ is the predicted value. The lower the value of the relative error of prediction, the better the prediction effect 
of the model.

where logL θ̂
� �

denotes the likelihood function, K denotes the total number of model parameters, N denotes the number of 
observations. Smaller values of AIC and BIC values indicated a more reliable model.

Results
Model Evaluation
The GAM used to predict the number of patients with COPD was modeled using years as a predictor. Using the number 
of patients with COPD in China from 1990 to 2019 to fit and validate the model, we found that when the basis dimension 
k=22, the GAM had the optimal fitting and predictive effect. The model selection was based on the generalized cross- 
validation (GCV) principle. The GCV score (1.5749e+09) and deviance explained (100%) of the GAM established 
by year showed that the model works well.

The ARIMA (0,1,2) model was constructed by fitting the number of patients with COPD in China from 1990 to 2018. 
After the first difference transformation, the original time series changed from non-stationary to stationary, and the 
differencing time series passed the augmented Dickey–Fuller (ADF) test (ADF value = −3.8001, P < 0.05). The ARIMA 
(0,1,2) model passed the white noise test (P>0.05), indicating that it fits well and can be used to predict the number of 
patients with COPD in the future.

For the curve-fitting method, a curve-fitting equation was established by fitting the number of patients with COPD in China 
from 1990 to 2018. According to the polynomial curve fitting method, we obtained the quadratic equation y=−9357.3x2 

+38034939x-3.8605e+10. The coefficient of determination of the model was 0.9866, indicating a good fit (F = 960.08, 
P < 0.001).

Model Evaluation results
The specific values of the fitting and prediction effect evaluation metrics of the GAM, ARIMA (0,1,2) model, and curve- 
fitting method are listed in Table 1. The R2 values of the three models were greater than 0.9, which indicates that the 
three models can fit the data well. The GAM had the smallest R2, MAE, MAPE, and RMSE, indicating that the GAM has 
the best fitting effect among the three models. In addition, the relative error of prediction of the three models was small, 
which shows that these models also have good prediction effects. Moreover, GAM has the smallest relative error of 
prediction, which indicates that it also has the best prediction effect among the three models. According to AIC and BIC, 
all three prediction models were reliable, and the values of AIC and BIC for GAM were the smallest among the three 
models.
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Prediction Results
We used the GAM, ARIMA (0,1,2) model, and curve-fitting method to fit the number of patients with COPD in China 
from 1990 to 2018 and predicted the number of patients with COPD in China from 2019 to 2025, as shown in Table 2. In 

Table 1 Fitting and Prediction Effect Evaluation of the Three Models

Model R2 MAE MAPE (%) RMSE AIC BIC Relative Error of 
Prediction (%)

GAM 0.9999 6929.9 0.02 9748.8 660.77 692.05 −0.0003

ARIMA (0,1,2) 0.9973 138,430.7 0.36 238,583.1 784.12 789.44 −0.4100

Curve Fitting Method 0.9866 425,550.3 1.13 521,219.8 853.81 859.28 −4.1891

Abbreviations: GAM, generalized additive model; ARIMA, autoregressive integrated moving average; MAE, mean absolute error; MAPE, mean 
absolute percentage error; RMSE, root mean squared error; AIC, Akaike information criterion; BIC, Bayesian information criterion.

Table 2 Fitting and Prediction Results of the Three Models from 1990 to 2025

Year Actual 
Values

Fitted/Predicted* 
Values of GAM

Fitted/Predicted* Values 
of ARIMA (0,1,2)

Fitted/Predicted* Values of 
Curve Fitting Method

1990 27,750,213 27,749,770 27,723,071 28,151,525

1991 28,631,432 28,633,235 28,473,099 28,934,960

1992 29,479,714 29,476,282 29,431,996 29,699,679
1993 30,298,665 30,303,071 30,204,186 30,445,684

1994 31,130,857 31,126,443 31,052,313 31,172,974

1995 31,948,269 31,951,696 31,882,342 31,881,550
1996 32,759,336 32,758,004 32,678,443 32,571,411

1997 33,495,325 33,493,665 33,503,401 33,242,557

1998 34,189,045 34,193,573 34,128,844 33,894,989
1999 34,898,215 34,891,921 34,873,317 34,528,706

2000 35,562,685 35,569,183 35,566,508 35,143,708
2001 36,229,393 36,224,555 36,176,711 35,739,996

2002 36,812,918 36,814,608 36,905,493 36,317,569

2003 37,321,211 37,323,028 37,321,493 36,876,427
2004 37,800,883 37,796,257 37,886,149 37,416,571

2005 38,203,544 38,209,824 38,294,940 37,938,000

2006 38,503,279 38,497,066 38,650,508 38,440,714
2007 38,606,128 38,609,871 38,873,094 38,924,714

2008 38,624,314 38,624,160 38,790,938 39,389,999

2009 38,750,857 38,746,558 38,887,876 39,836,570
2010 39,090,394 39,100,023 39,099,805 40,264,426

2011 39,762,225 39,748,085 39,622,811 40,673,567

2012 40,571,705 40,589,640 40,551,258 41,063,993
2013 41,450,223 41,429,365 41,270,513 41,435,705

2014 42,372,472 42,396,174 42,306,588 41,788,703

2015 43,108,193 43,084,290 43,150,240 42,122,985
2016 42,698,723 42,713,748 43,690,108 42,438,553

2017 42,426,516 42,422,833 41,967,170 42,735,407

2018 43,608,453 43,608,259 43,191,680 43,013,545
2019 45,164,960 45,164,812 44,981,522 43,272,969
2020 — 46,721,365 45,780,166 43,513,679
2021 — 48,277,917 46,387,883 43,735,674
2022 — 49,834,470 46,995,600 43,938,954
2023 — 51,391,023 47,603,317 44,123,519
2024 — 52,947,576 48,211,033 44,289,370
2025 — 54,504,128 48,818,750 44,436,506

Note: *Predicted values: the numbers in bold are the predicted values. 
Abbreviations: GAM, generalized additive model; ARIMA, autoregressive integrated moving average.
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addition, the prediction results of the three models showed an overall upward trend in the number of patients with COPD 
in China from 1990 to 2025, as shown in Figure 1.

Discussion
According to our results, all three models in this study can be used to predict the future number of patients with COPD in 
China, and all three prediction models showed good fitting and prediction effects. The fitting effect, prediction effect, and 
model reliability of the GAM are the best among the models, whereas the curve fitting method is the worst among the 
three models, and the effect of the ARIMA model is in between. In this study, the number of patients with COPD in 
China from 1990 to 2018 used for model fitting was not normal. For non-normal data, GAM provides a more efficient 
analysis method than traditional linear models.17 Similar to the results of this study, GAM also shows some advantages 
when predicting other diseases. In 2019, a study constructed GAM, ARIMA, and negative binomial regression models 
(NBM) to predict the number of hand-foot-mouth disease (HFMD) cases in Yiwu City, Zhejiang Province, China. The 
results showed that the predicted values of the three models were in good agreement with the observed values, and the 
GAM had the best fitting effect.18 Based on the number of diagnosed pneumoconiosis cases in China from 2000 to 2019, 
a study established three prediction models for the incidence trend of pneumoconiosis, including GAM, curve fitting 
method and GM (1,1) model. This study found that GAM was relatively good among the three prediction models. The 
coefficient of determination, average fitting relative error, and relative error of prediction of the GAM were better than 
those of the other two models.19 The ARIMA model was also suitable for predicting the future number of patients with 
COPD in China. As a common time-series prediction method, the ARIMA model fully utilizes the temporal information 
of the original dataset to make accurate predictions. In addition, the modeling process of the ARIMA model is not 
complex and can be generalized for use.20 At present, ARIMA model has been applied to predict the epidemic trend of 
various diseases and whether infectious or chronic non-communicable diseases can be well predicted. For example, the 
ARIMA model was used to predict the estimated confirmed cases and epidemic trends of COVID-19 from April 24 to 
July 7, 2020 for the top 15 countries with confirmed cases, deaths, and recoveries from COVID-19.21 In addition, one 
study verified the accuracy of using the ARIMA model to predict COVID-19, and the results showed that most of the 
observed actual values were well within bounds of the ARIMA model prediction at 95% confidence interval, indicating 
that the prediction accuracy provided by the ARIMA model was appropriate and satisfactory.22 In the United States, the 

Figure 1 The prevalence trend of COPD in China from 1990 to 2025. 
Abbreviations: COPD, chronic obstructive pulmonary disease; GAM, generalized additive model; ARIMA, autoregressive integrated moving average.
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ARIMA model was used to predict the incidence of cancer from 2015 to 2020.23 Moreover, the ARIMA model was also 
been select to predict the trends in the incidence of global bladder cancer from 2017 to 2030.24 The curve fitting method 
can also be used to predict the future number of patients with COPD in China. However, the fitting effect, prediction 
effect, and model reliability of the curve-fitting method were the worst of the three methods. Consistent with the results 
of this study, a study comparing the accuracy of several algorithms used to predict COVID-19 showed that the curve- 
fitting method had the worst performance in terms of prediction accuracy among the methods considered.25 In this study, 
we choose the quadratic polynomial model in the curve fitting method, which is a parabolic model and cannot accurately 
fit the fluctuation part of the data, so the effect of the model may have been affected. However, the sigmoid curve, which 
is more suitable for volatility data in the curve fitting method, did not show a better fitting and prediction effect in the 
comparative study of other prediction methods.25 Therefore, compared with the curve fitting method, the GAM or 
ARIMA model is recommended for analyzing and predicting the future number of patients with COPD in China.

The results indicated that the number of patients with COPD in China showed an overall upward trend from 1990 to 
2019 and that the number of patients with COPD in 2019 increased by 62.8% from 1990. Moreover, the predictions of all 
three models showed that the number of patients with COPD will continue to increase over the next few years. The 
reasons for the increasing number of patients with COPD in China may be as follows. First, it is related to rapid 
population aging in China. A meta-analysis of 28 countries worldwide found that the prevalence of COPD increased with 
age, with a significant increase in people aged 40 years and older. The highest prevalence of COPD among all age groups 
was in people aged 65 years and older.26 In China, a national cross-sectional study found that the prevalence of COPD 
increased with age and was as high as 35.5% in people aged 70 years and older in 2015.27 From 1990 to 2021, the 
number of people aged 65 years and older in China increased from 64 million to 201 million, accounting for the 
proportion of the total Chinese population increased from 5.6% to 14.2%.28 By 2050, it is expected that there will be 
365 million elderly people aged 65 years and older in China, accounting for 26.1% of the total population.29 Secondly, 
there are a large number of smokers in China. Smoking is a major risk factor for COPD.30 A meta-analysis of 162 
population-based articles from 65 countries showed that globally, the risk of COPD in current smokers is 3.2 times higher 
than that in non-smokers.31 In China, a national COPD prevalence study found that the risk of COPD in smokers was 
1.87 times higher than that in non-smokers among people aged 40 years and older.32 China is the world’s largest 
consumer of tobacco, accounting for more than one-third of the world’s tobacco consumption; in 2019, 341 million 
(30%) of the world’s 1.14 billion tobacco smokers lived in China.33 A study based on data from five consecutive large 
nationally representative surveys from 2007 to 2018 showed that the smoking prevalence among Chinese adults aged 18 
to 69 years was greater than 25% in all five surveys, and the smoking prevalence among adult males in China was the 
highest in the world.34 Based on the above reasons, we put forward the following suggestions. First, it is recommended 
that COPD screening should be strengthened in people aged 40 years and above, especially people aged 65 years and 
above, so as to achieve early detection, early diagnosis, and early treatment of patients with COPD. Second, health 
education regarding the dangers of smoking should be strengthened, and smokers should be encouraged to quit smoking. 
In addition, such a large number of patients with COPD who will continue to increase in the future not only brings 
challenges to the prevention and control of COPD in China, but also brings some problems to the clinical treatment of 
COPD. Therefore, health policy makers should increase the resource investment for the clinical treatment of COPD in 
China to promote the development of clinical treatment of COPD, so that it can better adapt to the increasing number of 
COPD patients in China.

Conclusion
The GAM, ARIMA model, and curve-fitting method could be used to predict the future number of patients with COPD in 
China, and the GAM had the best effect among the three models. The prediction results of the three models showed that 
the number of patients with COPD in China will increase in the future. Therefore, we should continue to strengthen the 
prevention and control of COPD in China. In addition, it also suggests that the health policy makers in China should 
invest more medical resources in the clinical treatment of COPD to better face the challenge of the increasing number of 
patients with COPD in the future.
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Abbreviations
COPD, chronic obstructive pulmonary disease; GAM, generalized additive model; ARIMA model, autoregressive 
integrated moving average model; MAPE, mean absolute percentage error; MAE, mean absolute error; RMSE, root 
mean squared error; AIC, akaike information criterion; BIC, bayesian information criterion; LSTM, long short-term 
memory; COVID-19, corona virus disease 2019; GBD, global burden of disease; AR, autoregression; MA, moving 
average; I, integration; GCV, generalized cross validation; ADF test, augmented dickey fuller test; NBM, negative 
binomial regression model; HFMD, hand-foot-mouth disease.
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