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Abstract 
Economic forecasting has always been the focus of international economic research with 
the development of statistics. As a large coastal city in China, Shanghai is the center for 
implementing various policies for promoting economic development and developed 
strongly in such situations. GDP is a good indicator to find out a realistic basis for its 
rapid policy-driven development. Considering the complexity of the influencing factors 
of GDP, the time series analysis that internalizes the influencing factors into endogenous 
variables is a relatively suitable method. This research will mainly focus on analysing 
Shanghai's GDP in 31 years by using the time series method. However, there are many 
models for time series analysis, and the forecast power is also completely different. Since 
the exponential smoothing model and the ARIMA model are both widely used time series 
forecasting models, this article will use both the ARIMA model and a Holt-winters-No 
seasonal model bases on the Exponential Smoothing method to establish a model of 
Shanghai's GDP and make a forecast of the GDP within a certain period of time. To 
illustrate the effectiveness of forecast results, a comparative analysis of the application 
of the two models to the GDP problem is carried out through the modeling process and 
forecast results. As a result, through the analysis of the forecast results, the article 
proposes that the exponential smoothing model shows better forecast power in dealing 
with data affected by long-term trends, and GDP can indeed be affected by policies in the 
long run. Suggestions about the improvement of the model and the making of GDP-
related policies are given through the research results to provide some references for 
promoting economic development in various places in the post-epidemic era. 
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1. Introduction 

The degree of economic prosperity symbolizes the level of development of a region, and GDP 
has always been an important indicator of economic prosperity. In the post-epidemic era, the 
economic downturn is spreading around the world. According to Huang (2021) said in his essay, 
in the first quarter of 2020, the GDP of China was shrunk by 6.8%, which is the first decline in 
the past 30 years [1]. At the same time, the report from the Shanghai Bureau of Statistics reveals 
that there has been a short increase in the GDP of Shanghai in 2020, which led to a different 
GDP growth trend from China to Shanghai. It shows that Shanghai is unique in terms of 
economic growth, which may be due to its subject policies. Based on this situation, a method to 
maintain GDP growth may be found in the case of Shanghai. 
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Since 2020 is not far away from now, there are very few relevant studies on Shanghai GDP using 
the data up to 2020. Besides, due to the complexity of economic growth itself and the 
measurable degree of factors, the forecast results of many models will not be accurate enough, 
making the empirical research difficult to carry out. Based on the above difficulties, a method 
is vital to internalize the GDP into a time trend and strip it out from the influences from many 
other variables and research GDP itself. Since GDP is obviously a set of data sorted over time, 
the time series analysis method is used to analyze Shanghai's GDP data. 
The article would first review some theoretical development processes and GDP analysis of the 
entire time series. Then determine the specific forms of exponential smoothing model and 
ARIMA model through data analysis to analyse Shanghai's economic growth using the data of 
its GDP. This article would use the Shanghai Bureau of Statistics data to build the ARIMA model 
and find the ARIMA(p,d,q). Then according to the ARIMA(p,d,q), the forecast trend graph will 
be drawn, and the GDP from 2021 to 2023 can be forecast. The same operation will be used to 
build the Holt-Winters-no seasonal model with the idea of exponential smoothing. By 
comparing the modeling process and forecast results, the answer of the selection for a better 
GDP forecasting model can be discovered.  
In conclusion, the superiority of the exponential smoothing model in analyzing long-term 
trends and the long-term impact of policies on GDP has been proved, and the research on a GDP 
with policy-driven like Shanghai also provides some reference for other regions to formulate 
policies.  

2. Literature Review 

2.1. Time Series Analysis Theory 
As an important theory in establishing a model to understand the random mechanism of a 
series of observation data and forecast the possible value in the future, time series analysis 
theory is evolving with many time series models evolving. It has gone through a long process of 
development. Yule(1927) firstly created the AR(2) and AR(4) models to explore the period of 
disturbed series in research about Wolfer's sunspot numbers [2]. This autoregressive model 
objectively reflects the relationship of different variables in a time series. Based on Yule's 
research, Walker(1931) improve the model to AR(S) model [3]. To further improve the 
accuracy of the model, Slutzky(1937) deduced the MA(h) model by doing a moving average 
process of a series from the last number of some winning lotteries and clarified the character 
when superimposing the random error term on a time series model [4]. Under the basis of a 
discrete stationary random process and the empirical researches from some other scholars, 
Wold(1938) proved that the discrete stationary random process is composed of linear 
regression and implicit cyclic [5]. This idea of stripping out the linear part laid a theoretical 
foundation for the subsequent method that use the ARMA model to fit a stationary series. 
Subsequently, Box and Jenkins created the ARIMA model in 1970 [6]. As the ARIMA model 
provides a method that helps to transform a non-stationary times series into a stationary series, 
the ARIMA model is widely used and developed rapidly. After that, more and more scholars are 
devoted to researching time series analysis theory by using the basis of the ARIMA model. For 
example, Engel(1982) deduced the ARCH model [7]. Similarly, Bollerslev(1986) propose the 
GARCH model [8].  
Similarly, to explore regular time influences for the purpose of accurate forecast value, some 
scholars have not focused on the description of autocorrelation but the trend and seasonality 
in a time series. They use the idea of smoothing the irregularly changing parts in a period to 
reduce the influence of irregularly changing. Holt proposed a special weighted moving average 
method in 1957, which adopted a basic principle that to use the past data in the time series to 
have a weighted moving average on the time series to forecast the future development trend of 
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such time series[9]. Three years later, Winters(1960) had an exponential smoothing for both 
trends and seasonal fluctuations in a time series and then combined the smoothing results of 
trend factors and seasonal factors to forecast the original time series. This smoothing method 
expanded the application of exponential smoothing and improved the forecast accuracy for 
data with seasonal fluctuations [10]. Later scholars who did time series analysis summarized 
the research results of Holt and Winters and made the method evolve into a Holt-Winters model. 
Other new models are gradually appeared and became the cutting-edge method for studying 
economic problems such as economic growth forecast problems around the world.  
Generally speaking, time series theory is used to study a specific indicator. In most cases, it is 
by superimposing several complex models to improve the forecast accuracy. The application of 
time series theory was on the improvements to various models rather than concrete abstract 
social issues. This means that it is difficult to explain the model intuitively, and when the time 
series which we want to analyze contains significant deterministic factors, we often hope that 
the model has high fitting accuracy and is easy to explain. Therefore, it became an unavoidable 
defect of a complex time series model. 

2.2. Research in GDP 
With the rapid economic development, many scholars have begun to research the trend and 
changes in GDP. The research results have been abundant in recent years, and the research 
models and methods are also different. For example, Kiani(2005) used the non-linear artificial 
neural network and the model based on the time series to study the growth rate of real GDP in 
many countries [11]. Hogrefe(2008) used a mixed frequency approach to process the forecast 
data, making the forecast GDP more accurate [12]. Arkhangel'skii forecast the Ukrainian's GDP 
by vertical balanced forecasting method [13].  
In short, the research of GDP forecast has always been a hot research topic. At the same time, 
the GDP data over the years is usually be regarded as a series with autocorrelation or consists 
of many variables with inherent causal relationships. However, the relationship between the 
factors within the GDP is complex. That means it is not very meaningful in the practical aspect 
that uses the structural causal model and analyzes the results only by continuously adding 
different variables blindly to improve forecast accuracy. Furthermore, considering the 
variability of influencing factors in the post-epidemic era, the GDP forecast data for this year 
may not be accurate enough if it was calculated by the past few years that the epidemic has not 
yet occurred. In the post-epidemic era, more research on GDP may come up in the coming years. 
Therefore, under the consideration of providing a good forecast model to study the real inner 
relationship between the past data, current data, error term and forecast value of economic 
growth, this article will use GDP to measure the economic growth of a region and regard GDP 
as a set of time series. According to time series analysis theory, to have a forecast of GDP by 
using ARIMA model and Exponential Smoothing model, then use the forecast value to fit the 
real data and analyze the model's applicability according to the curve fitting and forecast value. 

3. Methodology 

3.1. Research Design 
3.1.1. ARIMA Model 
(1) Structure of ARIMA model 
Since the series can change into a stationary series by performing d difference operations. i.e. 
 

y ~I(d)                                                                              (1) 
Then: 
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  u = ∆ y = (1 − B) y                                                               (2) 
 

Where u  is a stationary series, i.e. u ~I(0), so the ARMA(p,q) model can be established as the 
following format. 
 

u = c + ∅ u +. . . +∅ u + ε + θ ε +. . . +θ ε                              (3) 

 
The ARMA(p,q) can change into ARIMA(p,d,q) by performing d difference operations according 
to the content above, where 'p' is the order of autoregression model i.e. AR(p), 'q' is the order 
of moving average model i.e. MA(q), 'ε ' is a white noise process, 'c' is a constant term. 
(2) Stationary test 
Before starting modeling an ARIMA model, the stationary need to be tested. The stationary can 
be preliminarily judged according to the line chart. And the ADF (Augmented Dickey-Fuller) 
test will be used to verify the judgments. It's a testing method that is used when the series has 
a high lag correlation during an autoregressive process:  
 

𝑦 = 𝑏𝑦 + 𝑎 + 𝜀                                                                  (4) 
 
If the lag coefficient b=1, it will become a unit root. When the unit root exists, the relationship 
between the independent and dependent variables is deceptive. That is because any error in 
the residual series does not decay as the sample size (i.e. the number of the period) increases, 
which means that the residuals will permanently affect the model. The ADF test is to determine 
whether the series has a unit root. If the series is stationary, there is no unit root. Otherwise, 
there will be a unit root. Therefore, the '’hypothesis of the ADF test is that there is a unit root. If 
the significance test statistic is less than three confidence levels (10%, 5%, 1%), it corresponds 
to (90%, 95, 99%) confidence to reject the null hypothesis. If the ADF test shows that the series 
is not stationary, the difference operation will be used to make it become a stationary time 
series which can be used to establish the ARIMA model. 
(3) Identification of ARIMA model 
To analyze time series samples, we must first analyze the data, identify the model, and select 
the appropriate model structure, i.e. the AR(p) or MA(q) or ARMA(p,q). This article will use the 
model identification method from Box-Jenkins, which is to visually judge the characteristic of 
truncate and tailing from autocorrelation function graph and partial autocorrelation function 
graph to choose a suitable model type. 
(4) Determine the order of the ARIMA model 
After the initial identification of the order in a model, we also need to determine the order of 
the model to establish a specific model. The autocorrelation function and partial 
autocorrelation function can only be used to make a preliminary determination. So we need to 
use the AIC method. This method is based on the likelihood function value and the number of 
unknown parameters in a model to measure the goodness of fit of a model. A model with more 
parameters means that it is more flexible, and the risk of the model is also greater. In most cases, 
AIC can be expressed as the following structure. 
 

AIC = 2k − 2 ln(L)                                                                 (5) 
 

The 'k' is the number of parameters, and the 'L' is the likelihood function. The less the AIC values 
are, the better the model's goodness of fit. 
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(5) Estimation of ARIMA model 
After selecting the model, the next step is to estimate the parameters in the model. This article 
will use MLE (Maximum Likelihood Estimate) method. The estimate method is under the 
thinking that the sample is from the population that maximizes the probability of the sample. 
Therefore, the maximum likelihood function estimation of the unknown parameters is the 
parameter value that maximises the likelihood function. 
(6) Significance test of ARIMA model 
The significance test of the model is essentially the independence test of '', which tries to check 
whether the extracted information is sufficient or not. Null hypothesis '' is defined as the 
residual series is a white noise series, and once the '' is rejected, it means that there is still 
relevant information remaining in the series. The model is not significant in the fitting. 
Otherwise, the fitting is significant. 
(7) Forecast of ARIMA model 
The fit and forecast of the series is the final goal of analyzing the time series. The series can be 
fitted after the model has passed the significance test. If the fitting is good, the model can be 
forecast which means that the model will estimate the future value of the series from the 
observed sample values. 
3.1.2. Exponential Smoothing Model 
(1) Exponential smoothing method 
Exponential smoothing methods produce forecasts that are weighted averages of past 
observations, with weights that decay exponentially as past observations increase in the 
distance from the forecast value. In other words, the closer the observation value to the forecast 
value, the higher the weight. According to the different fluctuation forms of time series data, 
different exponential smoothing methods can be used to increase the forecast accuracy. 
(2) Identification of exponential smoothing model 
What factors are included in a time series can be roughly judged by observing the line chart 
which can help to establish a suitable model. The judgment can be verified through the value of 
RMSE (root mean squared error). RMSE is the arithmetic square root of the mean squared error. 
Since the dimension of the mean square error is different from the dimension of the data, it 
cannot directly reflect the measures of dispersion, so the square root of the mean square error 
is taken to obtain the RMSE: 
 

RMSE = ∑ (y − y )                                                              (6) 

 
Where y  is the observation value, y  is the forecast value. The less the value of RMSE, the better 
the model is. 
(3) Holt-Winters-no seasonal model 
Through the line chart and RMSE, this article will use the Holt-Winters method to establish an 
exponential smoothing model. It can forecast data that contains trends and seasonal factors. 
The construction of the Holt-Winters model is based on the triple exponential smoothing 
method, including non-seasonal models and seasonal models. 
By observing the line chart of Shanghai's GDP data, we can see that there is no seasonal trend 
in GDP data, so a Holt-winters-no seasonal model can be constructed.  The model consists of a 
forecast equation and two smoothing equations. According to this idea, a Holt-Winters-no 
seasonal model is established for the time series, and its k-period forecast formula is: 
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y = a + b k 
(7) 

𝑎 = 𝛼𝑦 + (1 − 𝛼)(𝑎 + 𝑏 )

𝑏 = 𝛽(𝑎 − 𝑎 ) + (1 − 𝛽)𝑏
 

 
This is an exponential smoothing model with two parameters. Where k>0, and stand for 
intercept, Slope and are damping factors and α, β ∈ [0,1]. 

3.2. Basic Assumptions  
Assumption one: Regard Shanghai's GDP from 1990 to 2020 as a time series data. 
Assumption two: The influence of "disturbing" factors such as economic fluctuations and 
changes in macroeconomic policies is not considered during the modelling process.  

3.3. Data Collection 
The GDP of Shanghai from 1990 to 2020 was obtained from the Shanghai Bureau of Statistics 
[14]. According to this data and draw the linear chart, it can be roughly seen that GDP has a 
long-term exponential upward trend and is not horizontally stable, as is shown in Table 1 and 
Figure 1. 
 

Table 1. Three Scheme comparing 
Time(years) GDP(100 million CNY yuan) 

1990 781.66 
1991 893.77 
1992 1114.32 
1993 1519.23 
1994 1990.86 
1995 2518.08 
1996 2980.75 
1997 3465.28 
1998 3831.00 
1999 4222.30 
2000 4812.15 
2001 5257.66 
2002 5795.02 
2003 6804.04 
2004 8101.55 
2005 9197.13 
2006 10598.86 
2007 12878.68 
2008 14536.90 
2009 15742.44 
2010 17915.41 
2011 20009.68 
2012 21305.59 
2013 23204.12 
2014 25269.75 
2015 26887.02 
2016 29887.02 
2017 32925.01 
2018 36011.82 
2019 37987.55 
2020 38700.58 
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Figure 1. Line chart of Shanghai's GDP 

3.4. Modeling of ARIMA Model 
The GDP of Shanghai from 1990 to 2020 was obtained from the Shanghai Bureau of Statistics 
[14]. According to this data and draw the linear chart, it can be roughly seen that GDP has a 
long-term exponential upward trend and is not horizontally stable, as is shown in Table 1 and 
Figure 1. 
3.4.1. Logarithmic Processing 
It can be seen from the table that from 1990 to 2020, Shanghai's GDP has shown an upward 
trend, and it is not difficult to see that the growth trend has the characteristics of an exponential 
function. Due to the large gap between the specific values of GDP, the logarithm of GDP is now 
processed and recorded as LNGDP. After taking the logarithm of GDP, the line chart still shows 
an upward trend, but the upward trend is relatively gentle, as it is shown in Figure 2. 
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Figure 2. Line chart of LNGDP 

 

3.4.2. Stationary Handling 
Previously, the data had been logarithmically processed to eliminate differences caused by 
large numerical gaps. But this step does not ensure that the data is stationary. The ADF test 
should be used to check whether it is stationary. As shown in Table 2, which was out put by 
Eviews, in the case of intercept, which is most significant, the t-value of the ADF test was still 
higher than the 10% critical value, which shows that the original series is not stationary. 
Therefore, the series of LNGDP need to be different one time, denoted as D(LNGDP). 
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Table 2. The ADF test of LNGDP 
  t-Statistic Prob.* 

Augmented Dickey-Fuller test statistic -2.528705 0.1206 
Test critical values: 1% level -3.711457  

 5% level -2.981038  
 10% level -2.629906  

 

As for D(LNGDP) shown in Table 3, in the case of None, the ADF test t-value is -2.439, which is 
less than the 5% critical value -1.954. The P is 0.016 and less than 0.05, which means it is very 
significant that the time series data now is very stable. At this point, the autocorrelation of the 
data should be further checked. An autocorrelation test is used here. 
 

Table 3. The ADF test of D(LNGDP) 
  t-Statistic Prob.* 

Augmented Dickey-Fuller test statistic -2.439104 0.0169 
Test critical values: 1% level -2.656915  

 5% level -1.954414  
 10% level -1.609329  

 

3.4.3. Correlation Analysis 
It can be seen from Figure 3 that the autocorrelation function graph ACF is truncated at the 1st 
order or close to the 2nd order, and the partial autocorrelation function graph PACF is 
truncated at the 1st order. According to the time theory method, the autocorrelation and partial 
autocorrelation included in these data can already be rejected, and the ARIMA model can be 
proved lacking forecastability. However, from the practical point of view, the model still has 
some forecasting power. At the same time, to get more detailed experimental results, this article 
will continue the modeling process. Therefore, through the autocorrelation and partial 
autocorrelation graph, this study can roughly infer that the suitable ARIMA model is AR(1), 
MA(1), ARMA(1,1), or ARMA(1,2). 
 

Autocorrelation Partial Correlation AC  PAC  Q-Stat  Prob

1 0.722 0.722 17.259 0.000
2 0.430 -0.192 23.588 0.000
3 0.314 0.180 27.104 0.000
4 0.134 -0.289 27.765 0.000
5 -0.032 0.004 27.805 0.000
6 -0.053 0.053 27.920 0.000
7 0.003 0.122 27.920 0.000
8 -0.042 -0.181 27.995 0.000
9 -0.027 0.164 28.028 0.001

10 0.111 0.110 28.624 0.001
11 0.150 -0.013 29.765 0.002
12 0.058 -0.170 29.942 0.003
13 0.039 0.078 30.029 0.005
14 0.072 0.031 30.344 0.007
15 -0.036 -0.138 30.427 0.010
16 -0.133 -0.036 31.636 0.011

 
Figure 3. The autocorrelation and partial autocorrelation graph 

 

3.4.4. Model Fit 
By fitting the above four models, The AIC value can be calculated that AR(1) is -3.361, MA(1) is 
-3.463, ARMA(1,1) is -3.538, and ARMA(1,2) is -4.028. The ARMA(1,2) model has the lowest AIC 
value, so the ARMA(1,2) model should be selected obviously. Table 4 illustrates that AR(1) and 
MA(2) in the ARMA(1,2) model is significantly meaningful. The adjusted R-squared of the model 
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fitting is 0.785, which is relatively high and indicate that the model fitting is good. From now 
on, the three parameters of p, d, q from ARIMA(p,d,q) is determined, and ARIMA(1,1,2) model 
can be used to forecast Shanghai's GDP data if the residual series is a white noise series. 
 

Table 4. The output of the ARMA (1,2) model 
Variable Coefficient Std. Error t-Statistic Prob. 

C 0.077881 0.025917 3.005019 0.0058 
AR(1) 0.865389 0.064474 13.42239 0 
MA(2) -0.902231 0.136502 -6.609647 0 

R-squared 0.80012  Mean dependent var 0.129937 
Adjusted R-squared 0.784745  S.D. dependent var 0.066264 

S.E. of regression 0.030744  Akaike info criterion -4.028564 
Sum squared resid 0.024575  Schwarz criterion -3.88712 

Log likelihood 61.41418  Hannan-Quinn criter. -3.984266 
F-statistic 52.03907  Durbin-Watson stat 1.488109 

Prob(F-statistic) 0    
Inverted AR Roots 0.87    
Inverted MA Roots 0.95  -0.95  

3.4.5. White Noise Test 
The stationarity test of the residual of this model is carried out by doing an ADF test of the 
residual series. As it is shown in Table 5, in the case of None, the ADF test result table shows 
that the t-value is less than 1% critical value, the model residual is a stationary white noise 
series. 

 

Table 5. The ADF test of residual 
  t-Statistic Prob.* 

Augmented Dickey-Fuller test statistic -4.437402 0.0001 
Test critical values: 1% level -2.650145  

 5% level -1.953381  
 10% level -1.609798  

3.4.6. Forecast of GDP by ARIMA Model 
Draw the fitting accuracy graph of the forecast value to the actual value, where GDPF is the 
forecast value of this model. Through Figure 4 and Table 6, the fitting effect of the model can be 
confirmed. 
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Figure 4. Fit chart of GDPF by ARIMA model 
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Table 6. GDP error percentage table of ARIMA model 
Years Actual value of GDP Forecast value GDP Error of forecast Percentage of error 
1990 781.66    
1991 893.77    
1992 1114.32 1019.59 -94.73 8.50% 
1993 1519.23 1160.41 -358.82 23.60% 
1994 1990.86 1320.69 -670.17 33.70% 
1995 2518.08 1503.1 -1014.98 40.30% 
1996 2980.75 1710.71 -1270.04 42.60% 
1997 3465.28 1947 -1518.28 43.80% 
1998 3831 2215.92 -1615.08 42.20% 
1999 4222.3 2521.99 -1700.31 40.30% 
2000 4812.15 2870.34 -1941.81 40.40% 
2001 5257.66 3266.8 -1990.86 37.90% 
2002 5795.02 3718.02 -2077 35.80% 
2003 6804.04 4231.57 -2572.47 37.80% 
2004 8101.55 4816.06 -3285.49 40.60% 
2005 9197.13 5481.28 -3715.85 40.40% 
2006 10598.86 6238.38 -4360.48 41.10% 
2007 12878.68 7100.07 -5778.61 44.90% 
2008 14536.9 8080.77 -6456.13 44.40% 
2009 15742.44 9196.95 -6545.49 41.60% 
2010 17915.41 10467.3 -7448.11 41.60% 
2011 20009.68 11913.13 -8096.55 40.50% 
2012 21305.59 13558.67 -7746.92 36.40% 
2013 23204.12 15431.51 -7772.61 33.50% 
2014 25269.75 17563.05 -7706.7 30.50% 
2015 26887.02 19989.03 -6897.99 25.70% 
2016 29887.02 22750.12 -7136.9 23.90% 
2017 32925.01 25892.6 -7032.41 21.40% 
2018 36011.82 29469.16 -6542.66 18.20% 
2019 37987.55 33539.77 -4447.78 11.70% 
2020 38700.58 38172.67 -527.91 1.40% 
2021  43445.54   
2022  49446.77   
2023  56276.98   

3.5. Modeling of Exponential Smoothing Model 
3.5.1. RMESEA Test 

Table 7. Single exponential smoothing model 
Parameters: Alpha 0.999 

Sum of Squared Residuals 92997505 
Root Mean Squared Error 1732.028 

End of Period Levels: Mean 38700.03 
 

Table 8. Double exponential soothing model 
Parameters: Alpha 0.538 

Sum of Squared Residuals 22396603 
Root Mean Squared Error 849.983 

End of Period Levels: Mean 
Trend 

39131.94 
2684.421 
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Table 9. Holt-winters-No seasonal model 
Parameters: Alpha 

Beta 
0.4799 
1.0000 

Sum of Squared Residuals 19738635 
Root Mean Squared Error 797.9537 

End of Period Levels: Mean 39834.17 
Trend 3199.062 

 
As the GDP line chart is drawn above, Shanghai GDP has a long-term upward trend with 
exponential growth, and there is no seasonal trend, so the exponential smoothing method can 
be used for modeling. Considering the applicability of the data without seasonal effects, the 
Single, Double, and Holt-winters-No seasonal model can be chosen for the forecast. The optimal 
exponential smoothing model can be selected by comparing the lowest RMSEA value of these 
three models. From Table 7, Table 8 and Table 9, the Holt-winters-No seasonal model has the 
smallest RMSEA value. So the Holt-winters-No seasonal model should be used to forecast 
Shanghai's GDP. 
3.5.2. Forecast of Holt-winters-No Seasonal Model 

Table 10. GDP error percentage table of Holt-winters-No seasonal model 
Years Actual value of GDP Forecast value GDP Error of forecast Percentage of error 
1990 781.66 781.66   
1991 893.77 1346.06 452.29 50.60% 
1992 1114.32 1476.31 361.99 32.50% 
1993 1519.23 1476.17 -43.06 2.80% 
1994 1990.86 1691.09 -299.77 15.10% 
1995 2499.43 2173.09 -326.34 13.10% 
1996 2957.55 2824.47 -133.08 4.50% 
1997 3438.79 3446.97 8.18 0.20% 
1998 3801.09 3997.74 196.65 5.20% 
1999 4188.73 4363.68 174.95 4.20% 
2000 4771.17 4656.07 -115.1 2.40% 
2001 5210.12 5142.91 -67.21 1.30% 
2002 5741.03 5639.02 -102.01 1.80% 
2003 6694.23 6200.79 -493.44 7.40% 
2004 8072.83 7187.25 -885.58 11.00% 
2005 9247.66 8786.95 -460.71 5.00% 
2006 10572.24 10403.85 -168.39 1.60% 
2007 12494.01 11961.27 -532.74 4.30% 
2008 14069.87 13949.24 -120.63 0.90% 
2009 15046.45 15797.32 750.87 5.00% 
2010 17165.98 16866.75 -299.23 1.70% 
2011 19195.69 18583.78 -611.91 3.20% 
2012 20101.33 20744.57 643.24 3.20% 
2013 21602.12 21994.23 392.11 1.80% 
2014 23560.94 23176.23 -384.71 1.60% 
2015 24964.99 24915.7 -49.29 0.20% 
2016 27466.15 26517.84 -948.31 3.50% 
2017 30133.86 29006.6 -1127.26 3.70% 
2018 32679.87 32122.27 -557.6 1.70% 
2019 38155.32 35232.15 -2923.17 7.70% 
2020 38700.58 40880.33 2179.75 5.60% 
2021  43033.23432   
2022  46232.29632   
2023  49431.35833   



Volume 3 Issue 5, 2022 

DOI: 10.6981/FEM.202205_3(5).0031 

252 

Frontiers in Economics and Management 

ISSN: 2692-7608 

 

0

10,000

20,000

30,000

40,000

50,000

1990 1995 2000 2005 2010 2015 2020

GDP GDPF  
Figure 5. Fit chart of GDPF by Holt-winters-No seasonal model model 

 
Draw the fitting accuracy chart of the forecast value to the actual value, where GDPF is the 
forecast value of the Holt-winters-No seasonal model. Through Figure 5 and Table 10, the 
average error and fitting effect can be confirmed. 

4. Result 

According to the result shown above, the ARIMA model forecast of Shanghai's GDP from 2021 
to 2023 is 43445.54, 49446.77 and 56276.98. The forecast of Shanghai's GDP from 2021 to 
2023 by the Holt-winters-No seasonal model is 43033.23432, 46232.29632 and 49431.35833. 
As for the ARIMA model, through the analysis of its forecast results, although the forecast value 
keeps a consistent trend with the actual value, their overlap is less. Similarly, it can be seen from 
Table 11 that the average error percentage between the forecast value and the actual value is 
as high as 33.2%. Both cases demonstrate that the model has large errors. As for Holt-winters-
No seasonal model, it can be seen that the forecast value and the actual value not only maintain 
a consistent growth trend but also almost completely coincide. Similarly, from the forecast 
error percentage table of the Holt-Winters-No seasonal model, which is drawn as table 10, it 
can be seen that the average error of the modified model is only 6.7%. The small error 
demonstrated the forecast accuracy is extremely high.  
After further comparing the forecast value errors of the two models through Table 11, a result 
that can be clearly confirmed is a huge difference between the two forecast results. The absolute 
value of the overall error for the Holt-Winter-No seasonal model is less than the ARIMA model. 
Obviously, it is considered that the Holt-Winter-No seasonal model has higher forecast accuracy 
than the ARIMA model. From the comparison of future forecasts without actual value, the 
difference between the two models is not so large in the first year. However, as time goes on, 
the difference between the two models becomes larger and larger, which is related to the 
algorithms of the two forecast models. The forecast value of the Holt-winters-No seasonal 
model is increased by an annual increase of about 319.9 billion yuan, which is approximately 
the average of Shanghai's growth in the past three years. This trend reflects Holt-winters-No 
seasonal model is generally inference based on the average of previous data. Compared with 
the Holt-winters-No seasonal model, the method of the AMIRA model is more complicated. 
However, it still can be roughly seen that the forecast is based on a certain growth rate of about 
13.8% per year. 
Above all, the Holt-Winter-No seasonal model should be used for forecasting Shanghai's GDP 
from 1990 to 2020 and only supplemented by ARIMA (1, 1, 2). The final forecast of Shanghai's 
GDP from 2021 to 2023 is 43033.23432, 46232.29632 and 49431.35833. This shows that 
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Shanghai's GDP will maintain a stable growth of about 319.9 billion yuan in the next three years 
without considering inflation. 
 

Table 11. Forecast error comparison of ARIMA and Holt-winters-No seasonal model 

Years Actual value of GDP Forecast value of 
ARIMA 

Forecast value of 
Holt-Winters Error of ARIMA Error of Holt-

Winters 
1990 781.66  781.66   
1991 893.77  1346.06  452.29 
1992 1114.32 1019.59 1476.31 -9473.00% 361.99 
1993 1519.23 1160.41 1476.17 -35882.00% -43.06 
1994 1990.86 1320.69 1691.09 -67017.00% -299.77 
1995 2518.08 1503.1 2173.09 -101498.00% -326.34 
1996 2980.75 1710.71 2824.47 -127004.00% -133.08 
1997 3465.28 1947 3446.97 -151828.00% 8.18 
1998 3831 2215.92 3997.74 -161508.00% 196.65 
1999 4222.3 2521.99 4363.68 -170031.00% 174.95 
2000 4812.15 2870.34 4656.07 -194181.00% -115.1 
2001 5257.66 3266.8 5142.91 -199086.00% -67.21 
2002 5795.02 3718.02 5639.02 -207700.00% -102.01 
2003 6804.04 4231.57 6200.79 -257247.00% -493.44 
2004 8101.55 4816.06 7187.25 -328549.00% -885.58 
2005 9197.13 5481.28 8786.95 -371585.00% -460.71 
2006 10598.86 6238.38 10403.85 -436048.00% -168.39 
2007 12878.68 7100.07 11961.27 -577861.00% -532.74 
2008 14536.9 8080.77 13949.24 -645613.00% -120.63 
2009 15742.44 9196.95 15797.32 -654549.00% 750.87 
2010 17915.41 10467.3 16866.75 -744811.00% -299.23 
2011 20009.68 11913.13 18583.78 -809655.00% -611.91 
2012 21305.59 13558.67 20744.57 -774692.00% 643.24 
2013 23204.12 15431.51 21994.23 -777261.00% 392.11 
2014 25269.75 17563.05 23176.23 -770670.00% -384.71 
2015 26887.02 19989.03 24915.7 -689799.00% -49.29 
2016 29887.02 22750.12 26517.84 -713690.00% -948.31 
2017 32925.01 25892.6 29006.6 -703241.00% -1127.26 
2018 36011.82 29469.16 32122.27 -654266.00% -557.6 
2019 37987.55 33539.77 35232.15 -444778.00% -2923.17 
2020 38700.58 38172.67 40880.33 -52791.00% 2179.75 
2021  43445.54 43033.23432   
2022  49446.77 46232.29632   
2023  56276.98 49431.35833   

5. Discussion 

Any forecast model is based on certain assumptions. It is difficult for any assumption to include 
all the complex relationships in the real world, so the applicable conditions must be considered. 
Faced with the short-term forecast of GDP, both ARIMA and Holt-winters-No seasonal models 
show certain applicability. This study shows that the simple Holt-winters-No seasonal model 
has a better fitting effect and smaller forecast error, which is more applicable for Shanghai's 
GDP forecast problem. This differs from the results of studies where ARIMA is usually more 
predictive, possibly because the model is better or worse under different conditions depending 
on the situation. Therefore, it is necessary to examine the data before choosing a suitable model. 
As the Shanghai's data used in this article, the data itself has the characteristics of exponential 
increase, but since the LNGDP does not actually have much autocorrelation relationship after 
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difference processing, the forecast power of ARIMA will decrease. Conversely, the exponential 
smoothing model will have a strong forecast power in the face of some logarithmic function that 
has no autocorrelation and can even be stable in the original order.  

5.1. Suggestions 
5.1.1. Suggestion for Model Choosing 
As mentioned before, in the face of a real time series problem, data judgment is vital. If an 
ARIMA model needs to be used, the data should be either no exponentially rising feature or an 
obvious exponentially rising feature. In this way, the autocorrelation of the data within the 
series is enhanced. For some series that can be stable in the original order and not stable after 
the first-order or second-order difference, the exponential smoothing model can be used to 
analyze the internal exponential relationship. 
5.1.2. Suggestion for Shanghai City 
According to this forecast, Shanghai will continue to maintain stable GDP growth in the post-
epidemic era. This is inseparable from the policy orientation it has always been subjected to 
and international trade opportunity during the epidemic. As a major trade and technology city 
in China, Shanghai should continue to adhere to the implementation of national strategies such 
as the strategy for integrated development of the Yangtze River Delta, continuously strengthen 
the "four functions" of global resource allocation, scientific and technological innovation 
sources, high-end industry leadership and open hub portals. At the same time, it should further 
develop high-tech industries and seize opportunities such as vertical medical care and 
unmanned stores, which can put the capital advantages in trade during the epidemic into the 
technological development of the post-epidemic era, to find a new GDP growth point. 

5.2. Contribution 
There is a lot of comprehensive research about GDP forecast or model comparison. However, 
considering the particularity of Shanghai GDP data, this essay still has some contributions in 
applying the time series method. 
On aspects of the theory: this article proves that complex models in empirical research do not 
always have high forecast power. The forecast power of a model actually comes from the 
applicability of a model to the intrinsic relationship within the data itself. 
On aspects of practical: this article proves that GDP is indeed affected by long-term policies and 
is still effective even in the post-pandemic era. In this way, it can further provide a reference for 
formulating effective long-term policies such as the integrated development of the Yangtze 
River Delta. 
According to the analysis and explanation of the result, two gaps can be found. Firstly, due to 
the long forecast time, price factors greatly affect nominal GDP. The forecast result will be more 
accurate if this article uses the GDP deflator to eliminate the impact of price factors and use the 
real GDP. Secondly, in practical applications, the article can try to establish the model with 
better forecast power by combining two models or incorporating more data. 

6. Conclusion 

After more than 30 years of rapid growth, the GDP, the statistical indicator of Shanghai's 
economic aggregate, must contain rich information on this growth process, showing certain 
periodicity and growth laws. A model suitable for GDP research is an important research 
question. Through analysing Shanghai's GDP data, this essay applies two classic time series 
models to its GDP future forecast. And through the experimental results, on the one hand, it is 
concluded that in the description of data with a strong trend, the forecast power of ARIMA is 
relatively low. At this time, a relatively simple exponential smoothing model can often have 
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better forecast accuracy. On the other hand, the forecast of Shanghai's economic data from 2021 
to 2023 through the model proves that the policy will impact the long-term trend of GDP, thus 
providing some reference for solving the problem of the global economic downturn caused by 
the epidemic. In conclusion, by improving the model, the forecast accuracy can be improved to 
find better policies to promote GDP growth. Although the two methods have forecast ability in 
practical application, they also have certain shortcomings. They are only suitable for data with 
a high degree of trend or autocorrelation. The forecasting accuracy can be further improved by 
selecting the real GDP and using a combination forecasting model. And Shanghai policymakers 
can also continue the positive impact of the policy in the long term by adjusting and promoting 
good policies like the strategy for integrated development of the Yangtze River Delta. In 
conclusion, through such efforts, the steady growth or even the excessive growth of GDP will 
become a reality in the future. 
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