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Abstract: In this paper, forecasting models are constructed for the monthly Short Message 
Service (SMS) income of the one of subsidiary company of the China Mobile using ARIMA 
model. Data covering the period January 2001 through December 2004 were used to develop 
the model. We give a general expression of ARIMA model and provide procedures to model 
and to predict SMS income using ARIMA model. In the end of the paper, we provide the 
95-percent probability limits and forecast of the series to compare with the actual 
observations. Our experiments showed that ARIMA model could be used to model and to 
predict SMS income in China. 
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1. INTRODUCTION 

After bring out the Short Message Service, the SMS has got a remarkable development. 
The SMS traffic is increasing linearly and the proportion of SMS is becoming increasingly 
large in the gross income of the Mobile telecom operator. Due to the SMS is cheap、in time、
convenient and so on, it is popular with many people. The total number of short message sent 
by China Mobile and China Union’s is up to 280 billion in 2004. It’s a miraculous number. 
The purpose of this paper is to forecast the SMS income by using ARIMA model. Obtaining 
the accurate forecast of the income of SMS is important to operator, since the forecast is 

ITC19/ Proceedings of Poster
Beijing University of Posts and Telecommunications Press

2463-2470



helpful to the telecom operator when they need make plans and achievement examining. In 
this paper, we give a general expression of ARIMA model and provide procedures to model 
and to predict SMS income using ARIMA model. 

2.  ARIMA MODEL 

To facilitate the subsequent discussion, a brief sketch of the ARIMA model is now given. 

Let ty be a random time series, 0,1,...,t n= . The ARIMA(p,d,q) models, or called 

Box-Jenkins models, can be expressed that: 

( ) ( )d
t tp qB y Bφ θ∇ = ε

d
q

  Or 

1 1 2 2 1 1 2 2t t t p t p t t t q ty y y yφ φ φ ε θ ε θ ε θ− − − − −∇ = + + + + − − − −L L ε −

p

 

Where  

, ,p d q = non-negative integers, 

B = the backshift operator such that , ,…,t t-1=yBy 2
t t-2=yB y =p

t tB y y −  

( )p Bφ ， ( )q Bθ = polynomials in  of order and , respectively, B p q

2
1 2( ) 1 p

pp B B B Bφ φ φ φ= − − − −L , 2
1 2( ) 1 q

qq B B B Bθ θ θ θ= − − − −L  

tε = random disturbances assumed to be independently distributed as 2(0, )N σ . 

The parameters 1, 2, ..., pφ φ φ are called autoregressive parameters, 1, 2, ..., qθ θ θ are called 

moving-average parameters. The parameter p is called autoregressive order, q is called 
moving-average order. Classical Box- Jenkins models describe stationary time series. That is 
to say, the precondition of using Box- Jenkins models is that the time series must be stationary. 
If it is not, we must transform the time series into a stationary time series. In the most time, 
the economic time series are non-stationary. It is lucky that the most non- stationary time 
series have their good character that they can become stationary by taking one or more 
differences. The parameter d is called difference order, it denotes the times of difference.  

1t t ty y y −∇ = − , ,…, 2
1t t ty y y −∇ =∇ −∇ 1 1

1
d d d

t ty y− −
ty −∇ = ∇ −∇ . 

Concerning the sample autocorrelation function (SAC) is used very extensively to 
identify an appropriate ARIMA model in the following discussion, it is instructive to give a 
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brief introduction about the SAC. The sample autocorrelation function  (also known as the 

serial correlation function) is defined as 

kr

2

1 1
( )( ) (
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t t

r y y y y y y
−

+

= =

= − − −∑ ∑ )         1, 2,..., 1k n= −  

Where ty = the sample mean, and n = the number of observations. 

3.  MODELING 

The steps of modeling the SMS income by using ARIMA models are as follows: 
First, according to the plot of the SAC ﹑SPAC and time series, we determine whether 

the time series we wish to forecast is stationary or not and judge whether the time series has 
seasonal factors. If the time series is non-stationary, we transform the original time series in to 
a stationary time series by differencing or seasonal differencing. 

Second, according to the identifying regulations, we tentatively identify an appropriate 
ARIMA model.  

Third, check the model whether it is adequate. 

3.1 Using the SAC to Find a Stationary Time Series 
The SAC can be used to identify whether the time series is stationary or not. This can be 

done because we can relate the behavior of the SAC to stationarity. In general, it can be 
shown that, for non-seasonal data: 

1. If the SAC of the time series values either cuts off fairly quickly or dies down fairly 
quickly, then the time series values should be considered stationary. 

2. If the SAC of the time series values dies down extremely slowly, then the time series 
values should be considered non-stationary. 

The precise meaning of the terms “fairly quickly” and “extremely slowly” are somewhat 
arbitrary, so we always need experience to help us to determine. According to experience, for 
non-seasonal data, if the SAC cuts off fairly quickly, it will often do so after a lag k that is less 
than or equal to 2. Now we can use the above criteria to find a stationary time series. If the 
SAC either cuts off fairly or dies down fairly quickly, then the original time series values 
should be considered stationary. If the SAC dies down extremely slowly, the original time 
series values should be considered non-stationary. In such case, data transformation is 
necessary. Then we compute the SAC for the transformed data. If the SAC either cuts off 
fairly or dies down fairly quickly, the transformed data should be considered non-stationary, 
so a further data transformation is necessary.  
 There is another way to determine whether the time series is stationary by analyzing the 
plot of the time series. If the plot of time series displays a distinct upward tendency, then it is 
reasonable to believe that the time series is non-stationary. If the time series seem to fluctuate 
with constant variation around a constant, then the time series can be considered stationary.  
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 The SAC can also be used to find whether the time series has seasonal pattern. If the SAC 
of the time series has a periodic spike after the lag 2 or 3, then the time series can be 
considered has seasonal pattern. We can eliminate the seasonal factors by seasonal difference.  

Figure 1 shows the shape of the SMS income series from January 2001 to December 
2004, altogether 48 items data. Figure 2 and 3 show the SAC and SPAC the original time 
series respectively. From the figure 1, we can find that the original time series has noticeable 
upward tendency. The SMS income increases linearly in the most time except some 
fluctuation during Oct 2003 and Jun 2004. So we can tentatively believe that the original time 
series is non-stationary. From the figure 2, we can find that the SAC for original time series 
dies down extremely slowly. The SAC value of lag 1 is 0.920, lag 2 and lag 3 is 0.856、0.797. 
So we can conclude that the original time series is non-stationary.  
 This conclusion says that we must use data transformation in order to obtain stationary 
time series. After some experiment, we find that the second difference of the original time 
series can be considered stationary. In figure 4, we present the shape of the second difference  
of the original time series. Figure 5 and figure 6 is the SAC and SPAC for the second 
difference of the original time series respectively. Since the SAC for this time series cuts off 
fairly quickly, and since the plot of values of the second difference of the original time series 
indicates that these values seem to fluctuate around a constant value, we can conclude that the 
second difference of the original time series is stationary. From the figure 5, we also can find 
that this time series does not has periodic spicks that are noticeable nonzero. So we can 
believe that this time series has not seasonal pattern.  

Figure 1 Original values of monthly SMS income
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Figure 2 The SPSS output of the SAC for the original time series

312927252321191715131197531

SA
C 1.0

.8

.6

.4

.2

.0

-.2

-.4

-.6

-.8

-1.0

Figure 3 The SPSS output of the SPAC for the original time series 
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Figure 4 Second difference of  the original time series
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Figure 5 The SPSS output of the SAC for second difference time series
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Figure 6 The SPSS output of  SPAC for second time series
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3.2 Identifying an Appropriate ARIMA Model 
 Identifying the parameter p and q is important in applying ARIMA model. Before we can 
forecast the SMS income, we should find out the value of p and q. The model 

1 1 2 2t t t t q ty qε θ ε θ ε θ ε− −= − − − −L −

py

 is called the moving average model of order q,  

1 1 2 2t t t t p ty y yε φ φ φ− −= + + + +L −  is called the autoregressive model of order p. 

If a time series can be described by the moving average model of order q, the SAC and SPAC 
for the time series have these features: 

1. The SAC for the time series has spikes at lags 1, 2, … , q, and cuts off after lag q. 
2. The SPAC for the time series dies down.  

If a time series can be described by the autoregressive model of order p, the SAC and SPAC 
for the time series have these features: 

1. The SAC of the time series dies down. 
2. The SPAC of the time series has spikes at lags 1, 2, … , p and cuts off after lag p. 

If the SAC and SPAC for time series are all die down, then it can be considered that this time 
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series fit for a mixed autoregressive-moving average of order (p, q). 
 According to the above strategies, we can tentatively decide the type the ARIMA models. 
From the figure 5, we find that the value of SAC at lag 1 is -0.574, at lag 2、lag 3 and lag 4 is 
0.039、0.059 and -0.047 respectively, and there are no spikes after lag 3 except for lag 7. So 
we can believe that The SAC has spikes at lag 1 and cuts off after lag 1. From the figure 6, we 
can find that the SPAC shows a dieing down pattern. Since the SAC has spike at lag 1 and 
cuts off after 1, and since the SPAC dies down, we can conclude that this time series can be 
described the moving average model of order 1.  

3.3 Diagnostic Checking 
We have tentatively selected the model ARIMA(0, 2, 1) to describe the original time 

series, but we can not sure whether this model can be used to describe the original times 
accurately. So we should check the selected model by the SAC for residual. 
 If the most SAC values for residual are noticeably non-zero, then we can deduce that this 
model is adequate. From the figure 7, we can find that the most SAC values for residual fall 
down to the two-standard-deviation line, so we can conclude that this model is adequate.  

Figure 7 The SPSS outout of the SAC for residual
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4.  FORECASTING 

Since we have confirmed that the original time series can be described by model 
ARIMA(0, 2, 1),  we can forecast the SMS income in 2005. Table 1 presents the forecast 
values from Jan 2005 to Jun 2005. We also present the Std Error and Relative Error and 
Actual observation in table 1. Form the Table 1, we can find that the forecast is more ideal at 
the second half year in 2004. The relative error of the forecasts is near 0.02. The result of the 
model tells us the SMS income in Jan 2005 will be 25833515 RMB, in Feb 2005, that will be 
up to 26908018 RMB, the Feb will be have more large increase than Jan. Figure 8 presents 
the whole comparison of actual value with forecast value of the time series. We also give out 
the 95-percent probability limits in the Figure 8. From the figure, it is very distinct that the 
SMS income will go on increasing in the following months in 2005.  
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Table 1  
The point forecasts and actual observations 
Time Actual Forecast Std Error Relative Error

Jul-04 18574711.2 19060986.32 1660461.859 -0.026 

Aug-04 18990680.56 19487312.13 1661909.940 -0.026 

Sep-04 20260908.53 19913666.34 1663422.135 0.017 

Oct-04 21302868.58 21213720.63 1664996.849 0.004 

Nov-04 22570033.56 22279596.18 1666632.616 0.013 

Dec-04 24780946.70 23575009.47 1668328.079 0.049 

Jan-05   25833515.34 1670081.981  

Feb-05   26908018.41 2461247.041  

Mar-05   28004455.91 3138496.422  

Apr-05   29122827.86 3769972.318  

May-05   30263134.24 4381022.638  

Jun-05   31425375.06 4984172.019  

Figure 8 The SPSS output of the forecasts and actual observations
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5. CONCLUSIONS 

The ARIMA model is a very extensive and useful model, and is broadly used on 
short-term forecasting. Using ARIMA model to model and forecast always can get good effect. 
In the paper, we give a general expression of ARIMA model and provide procedures to model 
and to forecast SMS income using ARIMA model. We also give detailed descriptions on 
identifying an appropriate ARIAM model. Our experiments showed that ARIMA model could 
be used to model and to predict SMS income.  
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