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Abstract - This study takes the sales volume of the smartphone, specifically the iPhone, as research subject. To improve the 

performance of the sales forecast, this study aims to integrate the Bass diffusion model with the model of autoregressive 

integrated moving average (ARIMA) so that forecasts can be conducted with results that have a high accuracy level. The 

predictive ability of the Bass model was accurate in the first three quarters, but over time, the forecasting accuracy slowly 

decreased. Considered with the ARIMA model for future prediction, the accuracy of the predicted values improved 

significantly by taking into account the autocorrelation between sequence values. 
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I. INTRODUCTION 

 

Among continuously innovative technological 

products, consumer electronic items in the market 

account for an important role. The shipment volume 

of smartphones among consumer electronics products 

is higher than that of other types of electronic 

products. Smartphones have not only gradually 

replaced functional cellphones and brought new life 

experiences to people, but have also become 

representatives of innovative technological products. 

Compared with traditional mobile phones, 

smartphones are equipped with more powerful 

operating systems; besides, they have close-to-mature 

mobile network technology, and their design allows 

users to download applications for various purposes. 

As vendors continuously launch a variety of 

functional and entertainment-based applications, 

smartphone sales have boomed. Therefore, this study 

discusses the short-term forecast of innovative 

products, specifically smartphones. As the life cycle 

of products is shortened by rapid changes of current 

markets and consumer demand, the production plans 

and marketing strategies are prepared within a limited 

time when companies launch new products. 

Furthermore, sales forecasts for new products are 

prepared on the basis of limited data.  

 

This study focuses on the short-term forecasting 

model of sales volume, which is based on the ARIMA 

model of time series. The model was employed for 

sales forecasts on smartphones that have been most 

rapidly developed and have a broad market potential. 

The main objectives of this study are summarized as 

follows: 

a. Based on the model of Bass diffusion, 

combined with the ARIMA model of time series, the 

forecasting model of short-term sales volume is 

created.  

b. Under limited data, the model is expected to 

achieve good predictive performance to assist the 

company in planning and sales strategy. 

c. By building a short-term sales forecasting 

model, we can understand the future trend of 

smartphone sales. 

 

II. LITERATURE REVIEW 

 

The Bass diffusion model has been widely used in the 

study of diffusion patterns and demand forecasts, 

regarded as the enlightenment for diffusion model 

research. Mahajan and Peterson (1978) turned the 

number of household growth in the social system into 

variables that affect the market potential volume. 

Norton and Bass (1987) proposed the substitution and 

diffusion models among different generations, and 

applied them to the alternative prediction of DRAM 

and SRAM product memory capacity. Mahajan and 

Muller (1996) explored the timing of the introduction 

of different generations of IBM computers and how 

to make effective decisions, and came up with the 

adoption behavior of leapfrog possibly conducted by 

potential adopters among multiple generations. The 

patterns of Norton and Bass (1987) and Mahajan and 

Muller (1996) are an extension of the Bass model for 

the diffusion patterns of different generations of 

products. Jun and Park (1999) holds that product 

demand comes from consumers’ behavior of making 

choices. Consumers will buy products and maximize 

their utility and understand the sales patterns of new 

products and develop the sales forecasting model for 

multi-generation products. 

Proposed by Box & Jenkins (1976), the ARMA 

model consists of three parts: autoregressive (AR), 

moving average (MA), and systematic approach 

integrated by differential processing. Its construction 
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process is a trial-and-error iterative process. The 

model has been widely used in a variety of different 

areas, such as forecasting stock market and exchange 

rate fluctuations, and is also one of the most popular 

short-term forecasting methods at present. 

Wood and Dasgupta (1996) used the Morgan Stanley 

US Capital Markets Index from 1982 to 1983 as the 

basis of their study, and applied diversified regression, 

ARIMA, and neural network-like approach to make 

predictions. The researchers compared the ability 

differences of the three methods in directionality and 

true value. Research results show that the multiple 

regression analysis performance is the worst, and the 

ARIMA index accuracy performs the best. Choi, 

Hauser and Kopecky (1999) extended the empirical 

direction and research methods of Fama (1990) 

against that of the United States stock market. They 

explore whether a long-term balanced relationship 

exists between the stock growth rate and the 

industrial production growth rate. In the ARIMA 

model, a considerable adaptation effect is observed. 

Fang and Kwong (1991) discussed the exchange rate 

forecast of the ARIMA and regression models; they 

used the monthly data of the exchange rate of the US 

dollar against the UK pound from 1983 to 1988, and 

the UK/US interest rate difference, the UK/US 

national gross margin, the UK/US currency provision 

difference, and the UK current account balance as an 

explanatory variable for the regression model. The 

research results showed that the prediction accuracy 

of ARIMA model was better than that of the 

regression model. Mehran and Shahrokhi (1997) 

compared the predictive performance of the exchange 

rate with the ARIMA model, the random walk model, 

the forward exchange rate model, and the real-time 

exchange rate model. They used the Mexican peso 

exchange rate, root of mean square error (RMSE), 

mean absolute error, and mean absolute percentage of 

error (MAPE) from January 1982 to December 1991 

as the evaluation criteria. They also selected the 

ARIMA (1,1,1) model for their empirical study. Their 

findings showed that compared with other models, 

the ARIMA model performed better in predicting the 

future spot exchange rate. 

As recognizable from the preceding literature, the 

ARIMA model has a fairly accurate matching effect 

in the stock market forecast and the volatility forecast 

of exchange rate. Therefore, this study is based on the 

model of Bass innovative product diffusion, which is 

combined with the ARIMA model and applied to the 

prediction of smartphone products. A review of the 

forecast results is also conducted. 

 

III. RESEARCH METHODOLOGY 

 

The Bass diffusion model can be expressed by the 

following mathematical equation: 

Bass model:      
    

      
        , (1) 

f(t): at time point t, the probability density function of 

the product is adopted; 

F(t): at time point t, the cumulative distribution 

function of the product is adopted; 

p: innovation coefficient (external impact), 0＜p＜1; 

and 

q: imitation coefficient (internal impact), 0＜q＜1. 

From a discrete point of view, we assume that m 

represents the market potential, that is, the number of 

final potential adopters of the innovative product on 

the market. Then, 

n(t)= mf(t): number of adopters at time t, and 

N(t) =mF(t): cumulative number of adopters at time t. 

Equations (2), (3) can be inferred from the 

aforementioned mode, and Equation (4) can be 

inferred from the Bass model. 
    

      
           

 

 
     

(2) 

 

 
After collecting the data on smartphone sales, the 

Bass diffusion model can be adopted to calculate the 

innovation coefficient, imitation coefficient, and 

market potential by the non-linear least squares (NLS) 

method. 

     
     

  
            

 

 
      

(5) 

Based on the preceding parameters, the forecasting 

model of short-term sales of smartphones can be 

created; using the existing data, we can evaluate the 

fitness and forecasting ability of the forecasting 

model. This study adopted a post-prediction approach 

and reserved the observed values in the samples. 

Then, with the remaining sample data, this study 

evaluated the ability of model predictions. 

The dependent variable Y(t) of the AR model consists 

of the prior p-period value of the variable itself, and 

an error term. The equation can be expressed with 

AR(p) as follows: 

               

 

   

 

(6) 

In Equation (6), δ is a constant term, yt is the 

dependent variable of the period t, that is, the 

weighted average of the observed value of the past 

period p; p is the maximum lag number in the AR 

process; and φi is the coefficient of the t-i period 

variable itself. 

The MA model is the simplest time series model 

based on the variable Y(t), and is produced by the 

weighted average of the i.i.d. (independently and 

identically distributed) random variables, which is 

shown by MA(q) in the following equation: 

               

 

   

 

(7) 

In Equation (7), μ is the constant term, i is the time 
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period, q is the maximum lag number,    is the 

coefficient of the error term of the t-i period, and    

is the error term. The time series    is determined by 

the error term of the current period and the former 

period i, and the MA is the white-noise process; the 

averaged number is zero, the variation number is    

and is characterized by homogeneity, and the error 

term of the different periods has the self-related 

coefficient of zero. 

ARMA (p, q) is a combination of the aforementioned 

two processes. In ARMA, the first part is AR (p), 

which indicates that the sequence is affected by the 

numerical value of the former period p; the second 

part is MA (q), which indicates that the sequence is 

affected by the numerical value of the residual term 

of the period q. Thus, ARMA (p, q) can be expressed 

as follows: 

               
 
           

 
   , (8) 

where C is a constant term, i.e., δ + μ;    is the AR 

coefficient; and    is the MA coefficient. 

 

The basis of the ARIMA model construction must be 

a steady and smooth sequence, but the variation trend 

of the time series does not necessarily show a steady 

state. When the time series is not fixed and is steadily 

increasing with time, it is called time series of 

instability (non-stationary). Therefore, adopting the 

differential approach is necessary to convert the 

instable sequence into a smooth one until the 

sequence value becomes stable. 

The difference operator is 

                   . (9) 

Equation (9) shows that the relationship between 

  and the lagged operation factor B is   = 1-B. Then, 

taking the second-order difference for example, the 

relationship can be expressed as follows: 

 
The ARMA model, which is added to the extension of 

the differential operation, is the non-directional time 

series converted to the smooth row by the d-order 

difference (d> 0) in the original series. This model 

can be called (p, d, q)-level ARIMA of order (p, d, q). 

Since the number of users n(t) of the product at time t 

is affected by pre-t-1, the Bass diffusion model can be 

substituted into the ARIMA model, and the latter 

period is deduced from the historical data of the 

product. The number of adopters in the Bass diffusion 

model and the cumulative number of adopters is the 

sum of the number of adopters per period; the number 

of adopters in period t will be affected by that of the 

adopters in the t-1 period. Thus, the estimate of the 

Bass diffusion model can be substituted into the 

ARIMA model. 

After the estimation of the Bass diffusion model is 

obtained, the current value is calculated and plotted 

into the ACF and PACF graphs for differential 

judgment. After the parameter estimation and fitness 

analysis are conducted, the value of the available 

parameters can be substituted into Equation (11) for 

calculation. 

 
where    is the previous estimate obtained under the 

Bass model,    is the forecast value obtained under 

the ARIMA model, and C is the sum of the constant 

obtained under the AR and MA models. 

This studied model is a non-linear regression function 

that uses the NLS to estimate the parameters and 

obtain the standard deviation. Parameter estimation is 

conducted through the SAS software. 

In the assessment of model matching ability, the 

adjustment coefficient (adjusted R square) and 

revision of Theil’s inequality coefficient (  ) are used 

as the criterion of judgment. In terms of model 

prediction ability, the average absolute percentage 

error (MAPE) is used as the criterion. 

 

IV. EMPIRICAL STUDY 

 

This section uses the built-up time series ARIMA 

model to construct the innovation diffusion model as 

the empirical research foundation, and takes iPhone 

as the empirical object. Data collection was 

conducted from 2014 to 2018 and was substituted 

into iPhone sales in the model for empirical research. 

The model of parameter estimation, matching ability, 

and model of forecast are analyzed.  

 

 
Table 1. Estimation of Bass Model Parameters for iPhone 

Shipment 

 

Table 1 shows that the estimated values of the 

innovation coefficient p, imitation coefficient q, and 

market potential m are 0.22573, 0.005291, and 

5.9028E8, respectively, where the greater p-value is 

the innovation coefficient p and the market potential 

m, which indicates that the interpretation ability of 

the two is less than that of the imitation coefficient q, 

but still within the acceptable range, and the p-value 

of the imitation coefficient q is less than 0.5, thereby 

showing that the explanatory ability is sufficient, with 

adj.   value up to 0.9911. The matching ability of 

the model is good, so this study further analyzes the 

prediction results. 

 

According to the empirical results of the Bass model, 

the estimated value for the fourth quarter of 2014 to 

the first quarter of 2016 was substituted into Equation 

5, and the average percentage error is used as the 

criterion to judge the prediction ability of the model. 

Using the information from the second quarter of 

2016 to the first quarter of 2018, we conduct the 

subsequent forecast. The results are shown in Table 2. 
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Table 2 Bass model predictive ability analysis 

 

Table 2 shows that the average absolute percentage 

error (MAPE) of the Bass model is 8.952%. 

According to the Lewis (1982) evaluation principle, 

the forecasting abilityis characterized by high 

accuracy. 

In view of the predictive capability of the Bass model, 

the value of MAPE gradually loses its accuracy after 

five seasons. To maintain the accuracy of the 

predicted value at an excellent or higher level, this 

study combines the Bass model with ARIMA for the 

later five amendments. The model after the 

combination is shown in the following equation: 

       

                               

                        (12) 

  ：previous estimate obtained under the Bass model, 

  ： predicted value of current term obtained under 

the ARIMA model, and 

 ： sum of constants obtained for AR and MA modes. 

 

In this study, we calculate the estimated value of    

according to the Bass model described in the previous 

section. For the predictive ability to be maintained 

within the range of high accuracy after three quarters, 

i.e., the MAPE value of 0%-10%, the    estimated 

sequence values obtained under the Bass model is 

conducted in data stability analysis. The ACF and 

PACF graphs are plotted on the estimated values of 

the Bass model. As shown in Fig. 1 and 2, the 

sequence data is highly auto-correlated and does not 

decrease rapidly as the lag period increased. Thus, 

this sequence is a non-stable time series, and should 

be calculated on scores of difference, and will repeat 

differential processing until the unstable sequence is 

turned into a smooth line time series, before the next 

stage is processed. In general, the second-order 

difference in sequence data is sufficient to convert the 

data into a smooth row of time series. 

 

  
Fig.1 ACF Bass model Fig.2 PACF Bass model 

We take out the first-order difference from the Bass 

model estimates and then draw the ACF and PACF 

graphs. As shown in Fig. 3 and 4, the values of the 

sequence are more obvious when their lagging values 

are 2 and 4, and the rest fall within the standard 

deviations of the two. The ACF diagram clearly 

indicates that the sequence has obvious rules, and 

because the data collected in this study are quarterly, 

this sequence is presumed to be seasonal. 

 

  
Fig.4 ACF first-order 

difference Bass model 

Fig.5 PACF first-order 

difference Bass model 

 

The difference of the ARIMA model is set to 1, and 

the study exhaustively lists all possible order 

combinations of p, q. Furthermore, to ensure the 

reliability of the estimated parameters, this study 

keeps the model of the p-value at less than 0.05. The 

results are shown in Table 3. 

 

 
Table 3. Parameter estimation of ARIMA model 

 

The AIC and SBC values are calculated through the 

sequential values, as shown in Table 4, in which the 

AIC and SBC values of ARIMA (2,1,4) are lower 

than those of other models. According to the 

definition of period, the smallest combination of the 

minimum value of period is selected for the best 

estimation of parameters, which means good fitting 

quality. Thus, this study selected ARIMA (2,1,4) to 

analyze the predictive capacity. 

 
Table 4. Verification of estimates from tentative models 

 

In this study, the MAPE values of more than 5% in 

the Bass model estimates, i.e., from the first quarter 

of 2017 to the first quarter of 2018, were modified for 

predictive values under the ARIMA (2,1,4) model, as 

shown in Table5. 



International Journal of Management and Applied Science, ISSN: 2394-7926                          Volume-5, Issue-8, Aug.-2019 

http://iraj.in 

Integrating Time Series with Diffusion Models and Predicting Sales of Innovative Products: Case Study on iphone 

 

31 

 
Table 5. Predictive ability analysis of ARIMA (2,1,4) model 

 

V. CONCLUSION 

 

This study takes the smartphone, iPhone, as an 

example, and adopts the basic Bass diffusion model 

to estimate the market potential. Then, the parameters 

are used to estimate the matching ability of the model. 

Accordingly, we found that the innovation coefficient 

is greater than the imitation coefficient, indicating 

that iPhone buyers are mainly influenced by the mass 

media rather than word of mouth. For the ARIMA 

model, the estimated values of the Bass diffusion 

model are adopted to calculate and draw the ACF and 

PACF graphs before deviation judgment is made. 

Then, the parameters are estimated and the models 

are verified. Accordingly, the predicted value 

estimated by the Bass diffusion model is an unstable 

time-series value, which can be converted into a 

stable time series by the first-order difference, and 

which belongs to the time series with seasonal 

variations. Then, in this study, we conducted the 

model verification on the values of parameter 

estimation and found that the model with p-value of 

more than 0.05 can be adopted for next-step testing 

before the most optimal model can be determined 

finally. Then, after considering the concept of time 

series, we were able to increase the forecasting ability 

substantially 
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