
Page 1/19

Comparison of ARIMA model and LSTM model in
predicting disease burden of occupational
pneumoconiosis in Tianjin, China
HeRen Lou 

Tianjin Medical University
Xin Wang  (  h_angel@126.com )

Tianjin Center for Disease Control and Prevention
Ya Gao 

Tianjin Center for Disease Control and Prevention
Qiang Zeng 

Tianjin Center for Disease Control and Prevention

Research Article

Keywords: Pneumoconiosis, DALY, ARIMA model, LSTM model

Posted Date: April 14th, 2022

DOI: https://doi.org/10.21203/rs.3.rs-1410451/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.   Read
Full License

https://doi.org/10.21203/rs.3.rs-1410451/v1
mailto:h_angel@126.com
https://doi.org/10.21203/rs.3.rs-1410451/v1
https://creativecommons.org/licenses/by/4.0/


Page 2/19

Abstract

Background
To evaluate the epidemic trend of the disease burden of occupational pneumoconiosis in Tianjin and
explore appropriate mathematical models to predict the disease burden of pneumoconiosis.

Methods
Disability adjusted life year (DALY) was used to evaluate the disease burden of occupational
pneumoconiosis in Tianjin from 1990 to 2019. ARIMA model and LSTM model were used to �t and predict
the DALY of pneumoconiosis. Five performance evaluation indexes including Mean Square Error (MSE), Root
Mean Squared Error (RMSE), Mean Absolute Error (MAE) and Mean Absolute Percentage Error (MAPE) were
selected to compare the prediction effects of the two models.

Restults:
DALY caused by pneumoconiosis in Tianjin showed a �uctuating upward trend from 1990 to 2019, with
three peaks in 1995, 2005 and 2015. ARIMA (0, 2, 1) model was determined as the best �tting ARIMA model.
The LSTM model with 6 neurons and Adaptive Moment Estimation (Adam) was selected as the best �tting
LSTM models. The MSE, RMSE, MAE and MAPE values of LSTM model were lower than those of ARIMA
model, indicating that LSTM model had a good prediction effect on pneumoconiosis DALY. The LSTM
model was used to predict that the DALY of pneumoconiosis in Tianjin showed a downward trend from 2020
to 2023, which was 2873.82, 2550.19, 2291.02 and 2069.68 person-years, respectively.

Conclusion
LSTM model has good performance in predicting the disease burden of pneumoconiosis and has great
application prospect in the �eld of occupational diseases.

Background
Pneumoconiosis is a group of heteroeous occupational interstitial lung diseases related to the
corresponding reactions of inhaled mineral dust and lung tissue, which eventually leads to irreversible lung
injury[1]. Due to the lack of prevention of workplace dust, failure of early diagnosis of diseases, and limited
effective treatment of diseases, Pneumoconiosis is still a serious global public health problem. According to
the Global Burden of Disease(GBD) Study 2017[2], the number of pneumoconiosis cases worldwide
increased by 66.0% from 36,186 in 1990 to 60,055 in 2017 and approximately 125,000 cases of
pneumoconiosis die every year[3]. China is the country with the largest working population in the world and
the most seriously affected by pneumoconiosis. In 2018, it was about 776 million working population, and
most workers spend half their lives working. According to the estimation of the National Health Commission
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of China, the total number of occupational-based cases reported by 2018 was 97500, and 90% of the
occupational diseases were identi�ed as pneumoconiosis[4]. Tianjin is an industrial city dominated by
processing and manufacturing industries in northern China. In recent years, the number of cases of
pneumoconiosis in Tianjin has been increasing, showing a trend of wide industrial distribution and younger
age. Although China has taken a variety of measures to prevent and control pneumoconiosis in the past few
decades, compared with the United States and Britain, China 's occupational health �eld is still in its infancy,
and the situation of pneumoconiosis prevention and control is still grim. Pneumoconiosis causes huge
disease burden and economic losses to Chinese workers, families and society every year.

Disease burden assessment is an important public health tool to guide risk reduction and prevent diseases
caused by workplace exposure. Disability adjusted life year (DALY) was developed by WHO and the World
Bank to quantify human disease burdens and injuries in the Global Burden of Disease Study[5]. DALY
combines the estimation of disability survival time and the time lost due to premature death, and is adjusted
through a set of social preference values[6]. For different age groups and time periods, DALY can be given
different age weights and discount rates. Therefore, this provides an objective and quantitative description
of the gap between ideal health status and actual population health status[7]. Due to these irreplaceable
advantages, DALY method has been applied in many �elds, such as cancer[8], cardiovascular diseases[9],
and the impact of environmental pollution on health[10]. However, it is relatively less applied in the �eld of
occupational diseases.

Also known as historical extension forecasting method, time-series forecasting method is an extrapolation
and forecasting method to re�ect the development trend of things through time-series[11]. Accurately
predicting the trend of pneumoconiosis burden can realize the monitoring and early warning of
pneumoconiosis. Common traditional time-series prediction methods include autoregressive integrated
moving average (ARIMA) model and Holt-Winters exponential smoothing method et al, among which ARIMA
model is the most classical and popular model[12, 13]. ARIMA model involves the invariance of trend
change, random disturbance, periodic change and other related random variables in the process of time-
series analysis. Due to the advantages of simple structure, strong applicability and ability to interpret data
sets, ARIMA model has been successfully applied in the past medical and health �elds[14].

In recent years, deep learning technology has developed rapidly and is widely used to extract information
from various data. Among them, Arti�cial neural network (ANN) is widely used because it can overcome the
limitation of linear model.[15]. In terms of time-series model prediction, recurrent neural networks (RNN)
model dominates and has higher prediction accuracy than traditional arti�cial neural network[16, 17].
However, when the sequence length is too large, the training time of RNN is signi�cantly increased and it is
prone to gradient disappearance and gradient explosion[18]. Based on the above problems, a novel recursive
network structure called Long Short-Term Memory Neural Network (LSTM) was proposed[19]. It combines
the appropriate gradient-based learning algorithm, improves the hidden layer of RNN and extends the
storage function of the network, so that the model can obtain more persistent information and reduce data
transmission speed[20, 21]. It can learn to span 1000 steps without losing short latency even in noisy,
incompressible input sequences[22]. In recent years, LSTM model has been more and more applied in many
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�elds such as tra�c �ow prediction, speech recognition and disease prediction[23, 24]. As far as we know,
no studies using LSTM model to predict the disease burden of pneumoconiosis.

In this study, ARIMA model and LSTM model were used to �t and predict the time-series of pneumoconiosis
burden in Tianjin, China. In addition, by comparing the �tting effect and prediction accuracy of the two
models, a more suitable prediction model is sought to predict the disease burden level of pneumoconiosis in
Tianjin

Methods

Data source
The case data of pneumoconiosis in this study were collected from the follow-up survey of occupational
pneumoconiosis patients in China ' s National Programme of Action for the Prevention and Treatment of
Pneumoconiosis. The basic information of pneumoconiosis patients in 2005 and before was obtained by
the epidemiological survey data of pneumoconiosis, and the data of occupational pneumoconiosis cases
reported from 2006 to 2019 was obtained by the occupational disease reporting system.

The basic information of pneumoconiosis patients such as gender, age, survival, region, industry
classi�cation, dust exposure time, pneumoconiosis type, stage, diagnosis date, death date and other
information were collected.

DALY Calculation
DALY can be de�ned as the total loss of healthy life years from onset to death[25], which consists of Years
of Life Loss (YLLs) due to premature mortality and Years Live with Disability (YLDs) due to disability[7].
Several social preference values should be considered in the calculation of DALY, such as the disability
weight between 0 and 1, which re�ects the severity of health hazards caused by different diseases. The age
weight is used to distinguish the relative life value of different age groups[26] and the time discount rate to
distinguish the relative value of health life loss occurs in different periods. Considering these factors, the
complete formula for calculating DALY can be expressed as integral form[6]

∫ x=a +L
x=a DCxe−βxe −γ ( x−a ) dx

1

Each parameter is determined by WHO Global Burden of Disease (GBD). Where D is disability weight (1 is
premature death), γ is discount rate (0.03), C is age correction weight value (0.16243); β is the age weighting
function (0.04), a is the starting age, L is the disability time or premature death time[27].

The de�nite integral formulas of YLL and YLD are obtained by function integral:

YLLs=
KCerα

( r+β) 2 e− ( r+β) ( L+a ) [ − (r + β)(L + α) − 1] − e− ( r+β) a[ − (r + β)α − 1] +
1−K

r (1 − e−rL){ }
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(2)

YLDs=

D
KCerα

( r+β) 2 e− ( r+β) ( L+a ) [ − (r + β)(L + α) − 1] − e− ( r+β) a[ − (r + β)α − 1] +
1−K

r (1 − e−rL)

(3)

ARIMA model
ARIMA model has two parts: autoregressive (AR) and moving average (MA). In general, the model is
expressed as ARIMA (p, d, q), p means the order of auto-regression, d means the order of difference and q
means the order of moving average[28]. ARIMA needs to transform the non-stationary time-series into a
stationary time-series, and then a model is established by regression of the lag value of the dependent
variable and the present value and lag value of the random error term. The basic idea is to regard the data
formed by the predicted object over time as a random sequence, describe the autocorrelation in the
sequence with the corresponding mathematical model, and predict the future value by using the potential
relationship between the past value and the present value of the sequence. The three main steps of
establishing ARIMA time-series model are as follows: (1) Data preprocessing, observing the time-series
diagram, autocorrelation analysis diagram and using the Augmented Dickey-Fuller (ADF) unit-root test to
estimate whether the time-series is stable. If the sequence is a non-stationary sequence, the corresponding
difference is used to smooth the sequence, and white noise test is carried out to test whether the difference
sequence is white noise sequence; (2) Model identi�cation, order determination and model parameter
estimation. Autocorrelation Function (ACF) graph and Partial Autocorrelation (PACF) graph are used to
estimate parameters, and the optimal model types and parameters can be screened by combining Akaike
information criterion (AIC) and Bayesian information criterion (BIC), usually with the lowest AIC or BIC
values[29]; (3) The Q-Q plots are used to test whether the residuals of the model meet the independent
normal distribution, and the white noise analysis of the residuals is used to diagnose and test the optimal
model. Finally, the better �tting model is used to predict[30].

LSTM model
LSTM is a machine learning algorithm with recursive neural network structure[31]. According to the de�ned
parameters and algorithms, LSTM neural network adds a gate structure to control the state of memory cells
in each neuron, which is input gate, output gate and forget gate. As shown in Fig. 1, the �rst forgetting gate
selectively forgets the input from the previous node, and the data �owing to the gate are the input xt at the

current time and the output ht−1 of the hidden layer at the previous time; the input gate still processes xt
and ht−1, selectively memorize the data; Finally, the output gate further processes the data to obtain the
output of the hidden layer ht. The basic formula is as follows:

Forgetting gate expression:ft=σ (Wf
1·xt+Wf

h·ht−1+bf); Input gate expression: it=σ (Wi
1·xt+Wi

h·ht−1+bi);

The expression of the current input unit state C̃t=tanh(Wc·ht−1+Wc·xt+bc); The current unit state is the last
unit state multiplied by the element to the forgetting gate, plus the current input unit state multiplied by the

element to the input gate: Ct=ft ∗ Ct−1+it ∗ C̃t; Output gate expression: ot=σ (W0
1·xt+W0

h·ht−1+b0); Final

{ }
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output of LSTM model: ht=ot*tanh (Ct). Where it, ft, ot and Ct represent the corresponding three gate
structures and cell states at time t, W is a weight matrix connecting two layers, b is a bias, and σ is the
sigmoid or tanh function[32–34].

Model Comparison
Four performance indicators including mean square error (MSE), root mean square error (RMSE), mean
absolute error (MAE) and mean absolute percentage error (MAPE) were used to compare and evaluate the
�tting and prediction accuracy of the two models. MAE is the simplest measure of �tting and prediction
accuracy that determines the average prediction error. MAPE is the mean value of unsigned percentage error,
which can solve the problem of distinguishing large error from small error, but it may underestimate the rare
error. Therefore, we can adjust the larger rare error by calculating the MSE and RMSE index. The calculation
method of MSE is to square the error �rst, and then calculate the average error. The calculation of RMSE
takes the square root on the basis of MSE calculation. The speci�c calculation formula is as follows[35]:

MAE=
1
n ∑ n

i=1|ŷi − yi| (4)

RMSE=
1
n ∑ n

i=1(ŷi − yi)2 (5)

MSE=
1
n ∑ n

i=1(ŷi − yi)
2 (6)

MAPE=
100%

n ∑ n
i=1|

ŷi −yi

yi
| (7)

Where ŷi is the predicted value, yi is the actual value, and n is the number of predicted data. The smaller the
above index values, the higher the prediction accuracy of the model.

Statistical Analysis
Excel 2019 software was used to establish a database, and the World Health Organization disease burden
Excel template was used to calculate the DALY of pneumoconiosis. The data from 1990 to 2016 were used
as the training set, and 2017–2019 were used as the testing set to establish the prediction model. Python
3.9.5 is used to establish ARIMA model and LSTM neural network model. ARIMA model is mainly realized by
statsmodels library, and LSTM model is mainly constructed based on PyTorch framework library of
Anaconda environment. In this study, the statistical signi�cance level of all hypothesis tests was set to 0.05.

Results

√
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Trend of pneumoconiosis burden in Tianjin
As presented in the Fig. 2, DALY caused by pneumoconiosis in Tianjin showed a �uctuating upward trend
from 557 person-years in 1990 to 3333 person-years in 2019. There were three peaks in 1995, 2005 and
2015, respectively 2025 person-years, 4207.451465 person-years and 5306 person-years. Among them, the
increase rate from 2004 to 2005 was the largest, and it showed a signi�cant downward trend after 2017.

Fitting models with ARIMA

Sequence stabilization
The original sequence diagram of the training set showed a �uctuating trend (Fig. 3a), The ADF unit-root test
showed that t = 0.834, P = 0.806, which could not reject the original hypothesis. Therefore, the sequence
could be determined to be non-stationary according to the above information, and differential processing is
needed.

The sequence diagram of the original sequence tended to be stable after twice difference (Fig. 3b). The ADF
unit-root test suggested that t = − 7.644, P < 0.0001, rejecting the original hypothesis and meeting the
requirements of sequence stability. Therefore, the parameter d was set to 2

Model identi�cation and screening
The ACF (Fig. 3c) and PACF (Fig. 3d) diagrams of time-series showed that the ACF does not drop rapidly to 0
after several orders of lag, and there is obvious trailing phenomenon. The PACF decayed rapidly after the
�rst order, and �uctuated in a small range around the zero axis and basically falls within the con�dence
interval. According to the Bayesian information criterion, the model with the minimum BIC value is optimal.
As shown in Fig. 4a, AR represents p, MA represents q. When p is 0 and q is 1, the minimum BIC value is
402.25, so the optimal model is ARIMA (0,2,1).

Model test and prediction
As shown in Fig. 4b, the quantile plot method (Quantile-Quantile Plot, Q-Q plot) was used to prove that the
residual of the model conforms to the normal distribution. The D-W test suggested that the D-W value was
2.137 close to 2, indicating that there was no autocorrelation. The test results of residual white noise (Ljung-
Box) showed that P = 0.528 > 0.05, indicating that the residual is a white noise sequence. The above tests
showed that ARIMA (0, 2, 1) model is an effective model that meets the requirements.

Fitting models with LSTM

Data normalization processing
In order to improve the convergence speed and �tting accuracy of the model, the minimum and maximum
standard 'MinMaxScaler ( )' was used to convert the original data to 0 ~ 1, and the standardized data was
used to model. Finally, the results of the model output are restored.

Establishment of LSTM Model
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The LSTM model established in this study has 2 input layers, 6 neurons in the hidden layer and the output
layer as the predicted value. The sigmoid function was used as the activation function. The optimizer used
adam, batch_size was set to 1, the output layer was set to linear function tanh for output. The number of
iterations was set to 100. Mean_squared_error was used to calculate the loss function value of each step of
training and the loss value decreased with the increase of training times (Fig. 5). In order to prevent the over-
�tting of the training set, L2 regularization was adopted and Dropout function was added between the
hidden layers. The model adjusted the value of look_back to �nd the optimal situation of the current network
structure.

Prediction results
The comparison results between the predicted values and the actual values of the two models are shown in
Table 1 and Fig. 6. In the �gure, the actual DALY values of pneumoconiosis in Tianjin from 1990 to 2019
were shown by the blue line and the predicted values were represented by red line. It can be seen from the
�gure that the predicted values of the LSTM model are closer to the actual value.

 



Page 9/19

Table 1
Comparison of predicted and actual values of ARIMA model

and LSTM model
Year Actual value ARIMA

Predictive value

LSTM

Predictive value

1992 809.148 734.465 766.994

1993 644.751 881.906 693.364

1994 1575.736 794.800 1551.854

1995 2025.294 1850.985 2039.298

1996 1316.641 2231.616 1314.520

1997 575.491 1378.873 572.908

1998 593.512 579.121 599.236

1999 1190.540 631.955 1188.995

2000 1249.609 1260.348 1252.145

2001 1724.612 1337.749 1722.420

2002 1812.652 1829.985 1824.170

2003 1594.135 1904.609 1584.276

2004 2156.407 1691.463 2166.339

2005 4207.451 2336.321 4210.928

2006 4052.754 4438.173 4076.587

2007 4194.155 4268.935 3938.381

2008 3350.975 4378.319 3554.789

2009 3847.568 3515.299 3782.591

2010 3843.085 4016.255 3732.414

2011 3979.936 4006.726 3718.295

2012 3864.620 4136.533 3790.705

2013 3604.896 4005.951 3785.027

2014 4935.472 3762.637 4675.913

2015 5305.733 5121.702 5063.327

2016 4869.672 5483.524 4952.507

2017 5186.590 4715.124 5166.283
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Year Actual value ARIMA

Predictive value

LSTM

Predictive value

2018 4165.548 4462.291 4168.240

2019 3333.095 4243.773 3668.210

Model comparison
As shown in Table 2, the MAPE, MAE, RMSE and MSE of the training set in LSTM model were 3.2014,
0.0158, 0.1257 and 0.0006, respectively, which are signi�cantly lower than those of ARIMA model. The four
evaluation indexes of the testing set in LSTM model were 4.2187, 0.0243, 0.1559 and 0.0002, which are also
signi�cantly lower than those of ARIMA model. 

 
Table 2

Comparison of ARIMA and LSTM models in predicting DALY of pneumoconiosis
Performance

index

Training set Testing set

ARIMA LSTM ARIMA LSTM

MAPE 40.6247 3.2014 17.1573 4.2187

MAE 0.0919 0.0158 0.1140 0.0243

RMSE 0.3032 0.1257 0.3376 0.1559

MSE 0.0163 0.0006 0.0158 0.0002

Prediction of DALY for future pneumoconiosis in Tianjin
Combined with the calculation results of evaluation indexes of training set and test set, the performance and
accuracy of LSTM model in predicting DALY of pneumoconiosis were better than those of ARIMA model.
Therefore, LSTM model was used to �t the disease burden from 1990 to 2019, and the DALY of
pneumoconiosis in Tianjin from 2020 to 2023 was predicted to be 2873.82, 2550.19, 2291.02, 2069.68
person-years, showing a downward trend.

Discussion
Pneumoconiosis is the most serious occupational disease that endangers the health of workers in Tianjin,
causing a huge disease burden every year. In this study, DALY was used to quantitatively analyze the disease
burden of pneumoconiosis patients in Tianjin from 1990 to 2019. The application of mathematical models
to accurately predict the development trend of pneumoconiosis burden is helpful for health decision makers
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to grasp the status of pneumoconiosis burden, so as to make objective judgments as soon as possible and
take effective prevention and control measures. As far as we know, this study �rst used ARIMA model and
LSTM model to establish a prediction model of pneumoconiosis burden in Tianjin.

ARIMA model is a classical time-series model developed on the basis of linear regression model, which
combines the advantages of autoregressive model and average moving model[36]. It can reveal the dynamic
law of data and unify the comprehensive effect of in�uencing factors into the time variable, which can not
only avoid the in�uence of factors related to disease burden or the di�culty of obtaining data, but also
overcome the random interference problem. However, it has strict requirements on data and requires data to
meet stationary sequences or stationary sequences after differential conversion. Moreover, the model
identi�cation and calculation are relatively complex, and there are problems such as weak nonlinear
mapping performance and di�cult to �t irregular sequences[28, 37]. In this study, the DALY of
pneumoconiosis was non-periodic and seasonal data, and the �uctuation range of data was large. It was
necessary to use the quadratic difference to meet the requirements of the stationary sequence, but the
difference data generated the corresponding information loss. The results show that the �tting effect of
ARIMA model can basically re�ect the �uctuation trend of DALY of pneumoconiosis in Tianjin, but the MAPE
of the testing set and the training set of ARIMA model were higher than 10%. It is generally believed that
MAPE < 10% indicates that the model has strong prediction e�ciency[38]. Therefore, the effect of ARIMA
model in predicting the disease burden of pneumoconiosis is general.

LSTM is an advanced recurrent neural network that aims to mine information from data itself, learn time
patterns and capture nonlinear dependencies[39]. In the model, each neuron calls information circularly and
transmits it to the next neuron. At the same time, the weights are adjusted by adding or subtracting
information to avoid the problems caused by long-term sequences and store useful memory in a longer time.
Therefore, it can produce better prediction results when the number of data sets is large, and it is more
suitable for data with large �uctuations[31, 33]. The results of this study suggested that all the evaluation
indexes of LSTM model were lower than those of ARIMA model, and MAPE was lower than 10%, indicating
that LSTM neural network model has high application value for the prediction of pneumoconiosis disease
burden.

The LSTM model was used to predict that the disease burden of pneumoconiosis in Tianjin will decrease in
the next four years. To a certain extent, this prediction result shows that with the joint efforts of occupational
disease prevention and control institutions and society at all levels, the prevention and control of
pneumoconiosis in Tianjin has achieved remarkable results, and the disease burden caused by
pneumoconiosis will be improved. However, pneumoconiosis is still the main occupational disease in
Tianjin, and the disease burden of pneumoconiosis is still at a high level throughout the country. The next 10
years is an important strategic opportunity to promote the construction of healthy China, and strengthening
the study of disease burden is an important measure. In the future, with the help of more mathematical
prediction models, we will improve the monitoring and early warning of pneumoconiosis disease burden and
effectively improve the level of occupational disease prevention and control.

Conclusion
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The LSTM neural network model has better overall performance than the traditional ARIMA model in
predicting the disease burden of pneumoconiosis, and it will have great application prospects in the �eld of
occupational diseases in the future. However, there are still some shortcomings in this study. This study only
establishes the model from the perspective of single variable time-series without considering other relevant
factors, which may lead to large deviations with external changes. However, with the development of
prediction theory and technology, more prediction methods and appropriate models will be applied to the
prediction and early warning of occupational diseases, so as to achieve a more scienti�c and accurate
prediction of future trends.
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Figures

Figure 1

LSTM neural network unit structure

Figure 2
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DALY trend of pneumoconiosis in Tianjin from 1990 to 2019

Figure 3

(a) The DALY time series of pneumoconiosis in Tianjin for ARIMA modeling, 1990-2016 (b) Autocorrelation
diagram of original sequence (c) First Order Difference Graph of Logarithmic Original Sequence (d) Second
Order Difference Graph of Logarithmic Original Sequence (e) ACF, autocorrelation function diagram (f) PACF,
partial autocorrelation function diagram
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Figure 4

(a) the Quantile-Quantile Plot of residual (b) The BIC values of ARIMA models with different p and q values

Figure 5

Loss function of LSTM model
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Figure 6

(a) ARIMA (0,2,1) prediction model of DALY in pneumoconiosis (b) LSTM prediction model of DALY in
pneumoconiosis


