
Journal of Mechanical Engineering Research and Developments 

ISSN: 1024-1752 

CODEN: JERDFO 

Vol. 44, No. 9, pp. 184-196 

Published Year 2021 

 

184 
 

Mitigation of Bullwhip Effect in Supply Chain using Data 

Analytic Methods 

Ishan Aggarwal
†
, Anurag Pandey

†
, Kaja Bantha Navas Raja Mohamed

‡
, Jose S

†
, 

John Rajan A
†
* 

†School of Mechanical Engineering, Vellore Institute of Technology Vellore, India. 

‡School of Mechanical Engineering, Sathyabama Institute of Science and Technology, Chennai, India. 

* Corresponding Author Email: ajohnrajan@gmail.com 

ABSTRACT 

One of the most significant problems faced by supply chain managers all around the world in a smooth supply 

chain functioning is the ―Bullwhip effect‖. An accurate demand forecast can help in reducing the BWE. In this 

paper, a comparative study is performed on two time-series forecasting models - ARIMA and TBATS - to 

analyse which one of them is more accurate method for two time-series patterns – one with seasonality 

variations and one without seasonality variations. The results obtained, proved that ARIMA was the better 

option for seasonality variation data while TBATS was superior for data with complex seasonality. The choice 

of the forecasting model still poses a problem for marketing companies and supply chain managers. The paper 

explorers how the less advanced methods may be better than newer methods in specific cases. To the author‘s 

knowledge, none of the previous research papers have explored the applicability of these methods for different 

time series pattern data sets.  
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INTRODUCTION 

 

Figure 1. Slight change in demand on the customer 

As seen in Figure 1, the slight change in demand on the customer end leads to an increasing variation pattern in 

planning and forecasting of demand for the above entities such as retailers, distributor, manufacturer and 

supplier. This increasing variation pattern can be compared to a Bullwhip or Whiplash controlled by customer. 

So, in simple terms, variation in actual demand and forecast is known as Bullwhip effect. Numerous research 

papers in the past have studied the demerits of the BWE and the solutions to reduce it[1]. Although better 

coordination between suppliers and customers, fast decision making and moving towards a demand-driven 

supply chain are various ways to control its effects[2]–[4][5], one of the major and most effective way to 

smoothen the supply chain and minimize the BWE is to have an accurate demand forecast. A poor demand 
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forecasting is one of the reasons as well as one of the effects of the BWE. The Bullwhip or Whiplash Effect is 

the phenomenon of increasing demand and inventory fluctuations as we move up the supply chain (from 

customers to suppliers).  

Going further up in the supply chain, the effects of the BWE can be observed even more clearly because at 

every level in the supply chain (retailer, distributor, manufacturer, supplier, etc) the desire to keep stock on hand 

and an ample inventory persists[6]. Although the BWE cannot be completely nullified, it is extremely important 

to minimize its effects. To minimize these effects, an accurate forecast for demands is necessary and even 

though it is a given that forecasts will be inaccurate, our aim must be to decrease this inaccuracy[7]–[9]. The 

time series forecasting can be a quite complex process because it is not easy to identify the best model for 

forecasting depending on the pattern of the time series. A time series can be univariate or multivariate[10]. In 

this paper, we have chosen a univariate time series in which only one variable i.e. a scalar observation is 

recorded for a period of time with equal time intervals. A univariate time series may have several patterns such 

as linear, trend or seasonal[11]. Seasonality in the time series indicates that the measurements are either 

increasing or decreasing in a repetitive pattern over a specific time period in the calendar such as months, 

quarters or seasons[12]. In our study, we have selected 2 data sets- one following a linear pattern and one with 

seasonality. Today there are several software packages and models to perform a demand forecast.  

In the past, several studies have been performed on these models but there haven‘t been significant studies on 

which model to prefer depending on the time-series patterns[13]. To identify which forecasting model would be 

more applicable for a specific time-series data set, we have chosen two widely used packages and have 

performed a comparative study to arrive on a conclusion from the obtained results. We have chosen the time 

series forecasting methods – SARIMA (Seasonal ARIMA) and TBATS to realize which of them is the better 

and more accurate method. None of the previous research papers have explored the applicability of these 

methods for different time series pattern data sets and therefore we have worked on analysing the BWE when 

these two models are used for forecasting. The coming sections of the paper are as follows. Section 2 comprises 

a review of the existing literature work. Section 3 would comprise our methodology for the study. Section 4 

compiles all the results obtained from the study. Section 5 concludes the paper by drawing inferences from the 

obtained results and providing further scope for study. 

LITERATURE REVIEW 

Various studies have proposed the fruitful forecasting models with different capabilities and their advantages 

over one another[14]–[17]. Some of the most common of these techniques include Naïve method, Drift method 

[15], Simple Exponential Smoothing (SES)[16], [18], Holt method with drift[17], ETS(Error, trend, seasonal) 

method[19], and ARIMA [20]are successfully used to model univariate time series. Whereas, some of the 

popular time series methods such as SARIMA(Seasonal ARIMA) and ETS are capable of handling seasonal 

pattern[21] but often fail to give satisfactory results when it comes to complex seasonality. Some approaches 

can handle only periodic seasonality. Today, a time series with complex seasonality is more common in 

practical applications. For example, constant seasonality may not be possible in many cases such as the different 

number of days in a month, multiple seasonal periods or dual calendar effect where some communities may be 

using a different calendar based on different religion or beliefs.  While TBATS technique was proven to be more 

effective than methods like SARIMA while dealing with complex seasonality [22], however, none of the studies 

highlights the effectiveness of SARIMA method over TBATS under the conditions when the series has simpler 

seasonality. Hence, in this paper, we are analyzing the case where TBATS may be better than ARIMA or vice-

versa. 

METHODS 

A time series model is used to forecast future demands based upon historical data. The demand values vary with 

time and this data is analyzed to perform a demand forecast. A time series can be algebraically expressed as 

given in Eq. (1) 

          (     -          -   )                                                    (1) 

where xt+1is the unknown value to be predicted from the historical data available.  
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In an Autoregressive (AR) model, the forecast is done based on a linear combination of past values. An AR 

model of order ‗p‘ i.e. AR(p) model can be written as Eq. (2) 

yt=c+ϕ1y − +ϕ2yt−2+⋯+ϕpyt−p εt                                                                 (2) 

whereε is white noise (error). The AR model is quite flexible in analyzing a variety of time series patterns but is 

often restricted to stationary data sets. The Moving Average (MA) model uses the past data of forecast errors for 

forecasting future values. An MA model of order ‗p‘ i.e. MA(p) model can be expressed as Eq. (3) 

yt c εt θ1ε −  θ2ε −2+⋯ θqεt−p                                                                               (3) 

where εt is white noise (error). 

The Non-Seasonal Auto Regressive Integrated Moving Average (ARIMA) model is obtained by the 

combination of differencing with regression and the moving average model. The ARIMA(p,d,q) model can be 

expressed as: 

y′  c ϕ y′ −  ⋯+ϕpy′ −p θ ε −  ⋯ θqε −q ε                                                   (4) 

where y′t is the differenced series. 

The auto.arima() function in R software uses an algorithm to select by itself, the model with the least AICc 

value by differentiation and hence obtaining an ARIMA model. 

The Seasonal ARIMA or SARIMA can be used for modeling a wide range of data with seasonality. 

ARIMA (p,d,q)(P,D,Q)m  where m is the no. of observations per year and the uppercase notation is for the 

seasonal part and lowercase for the non-seasonal part of the model[23]. SARIMA (1,1,1)(1,1,1) model may be 

represented as Eq. (5) 

y’ +m=φ1yt+φ2yt−1+...+φpy −p+m+ϕ1yt+ϕ2yt−s+...+ϕPyt−P+m−θ1et−θ2et−1−   −θqe −q+m−   −Θ1et−

Θ2et−s−   −ΘQe −Q+m                                                                  (5) 

p – auto regressive order,  

d –first differencing degree  

q –moving average order 

P – autoregressive seasonal order 

D – differencing degree (seasonal) 

Q – moving average order(seasonal) 

s – periods/season 

c - constant 

ϕj- jth autoregressive parameter (non-seasonal) 

θj- jth moving average parameter (non-seasonal) 

εt−q - error for t-q 

εt- error at time t 

ϕ - jth autoregressive parameter(seasonal) 

Θ- jth moving average parameter(seasonal) 

The seasonal component includes the backshifts of the seasonal period. 

Now, to forecast the demand for the given data set using SARIMA we first need to plot our data as time series. 

Then, we have to remove any trend in the time series to get the best results. It may be an upward or a downward 

trend. To remove the trend from the data, we have to make our data stationary on the mean. By 1
st
 order 

differencing of the series, the trend is removed and the data gets stationary on the mean. The next step is to 

make the data stationary on variance since it is necessary to achieve reliable forecasting results. Performing the 

log transform on the original series (initial) is the best way to make our series stationary on variance. Upon log 

transformation, we observe that the data is now stationary on variance but not on mean because we have used 

the original series and have not performed differencing on this series. Now, we again difference the series to 

make it stationary. Now our next objective is to find patterns in this data. For this, we plot the ACF 
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(autocorrelation factor) and PACF (partial autocorrelation factor) which helps us in identifying AR and MA 

model components in the residuals.  

 

Now we switch on to our other forecasting model, TBATS (Trigonometric Seasonal, Box-Cox Transformation, 

ARMA residuals, Trend and Seasonality). It is a model based on exponential smoothing[11]. It is known for its 

ability to deal with multiple seasonalities as it models each seasonality with a trigonometric representation based 

on the Fourier series. The trigonometric representation of the seasonality terms gives the model more flexibility 

to handle complex seasonalities with high frequencies and also reduce the parameters of the model. The 

modelling algorithm for TBATS is fully automated but it does not account for the covariates. 

It can be expressed as:  

  
( )

 {
(  
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In the above set of equations,  
( )

 is the observation at time t, having parameter ω,    is the level component,    

is the growth component and   
( )

 is a possible seasonal component with seasonal frequencies mi.   is the 

irregular component of the time series. w is the Box-Cox parameter[24].  and  I are the ARMA (p,q) 

coefficients and the parameters for defining the irregular component dt . ε is the white noise error term. The 

damping parameter is used to smooth out the peaks and valleys of a graph or in other words, dampens the trend 

in the data and is denoted by φ. , β and  are smoothing parameters responsible to specify the coefficients of 

level smoothing, trend smoothing and seasonal smoothing respectively.     given by the formula 2πj/m.     
( )

 and 

    
 ( )

 are the seasonal components expressed by the TBATS model with trigonometric expressions. 

TBATS also uses the Box-Cox Transformation[24] for non-linear data and applies an ARMA representation to 

identify any autocorrelation in the residuals. In the above set of equations, the Eq. (12),(13) and (14) are 

specifically for the TBATS model and the rest of the equations are the same as the BATS model. These 3 

equations are used for the seasonal part of the data. The TBATS model specifically uses trigonometric 

expressions based on the Fourier series to analyse seasonal data in the dataset. TBATS requires only 2 seed 

stages regardless of the length of the data, which is an added advantage. The TBATS model comes under the 

forecast package of R [19] and has been recently developed in python as well. We however have used the model 

in R. TBATS is largely an automated model and itself chooses many parameters depending upon the user's data. 

We first need to define our ―date‖ field in the form of a specific date or time. We then need to define the 

numeric value in the ―value‖ field. Then, under the forecasting techniques, we need to select the required 

seasonality depending on our data. We can then obtain the graph and refine it according to our wish and format. 



Mitigation of Bullwhip Effect in Supply Chain using Data Analytic Methods 

 

188 
 

All other results are obtained because R software has auto-installed dependencies and also TBATS model is an 

automated process. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. Framework for Model Selection 

 

If MAPEARIMA < MAPETBATS 

and 

ρARIMA>ρTBATS 

 

Use TBATS 

Model 

Use ARIMA 

Model 

Compare the two methods on the bases of: 

1. MAPE (Mean Absolute Percentage Error) for Actual vs Predicted data. 

2. Coefficient of Correlation (ρ) between Actual vs Predicted data. 

3. Bullwhip Effect 

Method 1: ARIMA 

1. Difference the data to remove trend. 

2. Apply log transform to differenced 

series to make the series stationary. 

3. Plot ACF and PACF to identify the 

potential for possible AR and MA 

model. 

4. Call auto.arima function in R to 

determine best fit ARIMA model. 

5. AIC and BIC are used to obtain best 

ARIMA fit model.[27]. 

6. Forecast using the selected model for 

the given time duration. 

Method 2: TBATS 

1. Create a TBATS model in R using tbats 

function for the required time 

duration [19]. 

2. Estimate parameters X0, α, β, γ, ω, Φ, 

based on AIC and BIC [27]. 

3. Forecast using the selected model for 

the given time duration. 

 
 
 
 

Data of Sales Figures for two 

companies namely ABC and XYZ Ltd. 

YES NO 
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EXPERIMENTS 

Step 1) Interpreting Original Series 

The developed models are based on two of the open-sourced data from the companies, however, the names are 

not disclosed and taken and ABC Ltd. And XYZ Ltd respectively. Figure 3. Original Sales of ABC Pvt. Ltd. and 

Figure  show the sales of ABC Ltd. and XYZ Ltd respectively. 

 

Figure 3. Original Sales of ABC Pvt. Ltd. 

Here, in Figure , it is seen that the sales figure follows an upward trend pattern with a seasonal component. 

The sales data for 10 years is taken into consideration for forecasting the sales in next 2 years (i.e. 2014-2015). 

 

Figure 4. Original Sales of XYZ Ltd. 

Here, from Figure , it can be seen that the sales figures for XYZ Ltd. do not follow a clear seasonal pattern.  

Here, the sales pattern for 4 years is taken into consideration for forecasting the sales in next 1 year. 

Step 2) Making the series stationary 

Figure  and Figure  represent the differenced log series for ABC Ltd. and XYZ Ltd. respectively.  
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Figure 5. Differenced Log Series (ABC Ltd.) 

 

Figure 6. Differenced Log Series (XYZ Ltd.) 

In time series analysis, we need to remove certain trends and seasonality patterns in order to apply any model. 

[25]. The term non-stationary series refer to varying mean or variance over time which represents trend and 

seasonality respectively in the series. It is necessary to make the series stationary (i.e. stable on mean and 

variance) in order to apply forecasting method. In order to make the series stationary, log differencing approach 

is used in which each entry is subtracted from its predecessor, and then log is taken of the differenced series. 

Now, following this approach, we can see that in Figure  and Figure , the series becomes stable about mean and 

variance. 

Step 3) Interpreting their respective ACF and PACF plots 

Now, the ACF and PACF plots of the two companies are shown in Figure  and Figure .  

 

 

Figure 7. ABC Ltd. 
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Figure 8. XYZ Ltd 

The terms ACF and PACF refer to Autocorrelation and Partial Autocorrelation respectively.Error! Reference 

source not found. [26]. Autocorrelation is correlation between different values in time-series per unit time. 

Similarly, partial autocorrelations show the correlation between different time durations or specific lags like 

seasonality. This helps to get an idea of AR and MA components in the time-series. As seen from the plots, 

there are significant number of spikes in the plot which lie outside the dotted line representing the insignificant 

zone. This means that the plot carries some information about AR and MA coefficients. 

ARIMA Forecast 

Here, we have used Auto.arima function in R to select best ARIMA fit model. 

 

 

Figure 9 

 

Figure 10 

Auto.arima functions uses AIC and BIC values ( Akaike Information Criterion and Bayesian Information 

Criterion respectively) [27]. The values of AIC and BIC as predicted by R are shown in Figure  and Figure  for 
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ABC ltd. and XYZ Ltd. respectively. It can be seen that for ABC ltd (Figure 9), the seasonal value comes to be 

12, whereas, for XYZ ltd(Figure 10), the component comes to be 52. This is because, in the case of XYZ ltd, the 

data is in terms of months whereas, in the case of XYZ ltd, the data is in terms of weeks, so both of them come 

out to be equal to a year approximately. 

Plots of Forecasted value from ARIMA. 

 

Figure 11. ARIMA Forecast (ABC Ltd.) 

In Figure 11, the ARIMA forecast of ABC ltd. is shown for two years ahead of actual data(i.e. 2013-2015). The 

red line shows the mean forecast, whereas the green lines represent the bracket within two times the standard 

deviation that is displayed on either side of the red line. By observation also, we can see that the ARIMA 

method is effective as the forecast looks somewhat similar to the previous years alongside following the upward 

trend. This is because of the sales data for ABC ltd. followed a seasonal pattern unline XYZ ltd. 

 

Figure 12. ARIMA Forecast (XYZ Ltd.) 

In Figure 12, which shows the ARIMA forecast of XYZ Ltd.(having non-seasonal data), it can be observed that 

the ARIMA model does not provide good results as the forecast graph does not look similar to previous values. 

So, from observation also it can be assumed that the ARIMA model is not effective when the data does not 

follow a seasonal pattern. 



Mitigation of Bullwhip Effect in Supply Chain using Data Analytic Methods 

 

193 
 

TBATS Forecast 

Now, we find the forecast from TBATS method by method developed by [11]. One of the biggest advantages of 

TBATS is that it can be applied fully automatically through any data analytics software. In this paper, R 

Software‘s auto forecast package is used as developed by [19].  

Plots for TBATS 

 

Figure 13. TBATS Forecast (ABC Ltd.) 

Figure 13, shows the sales forecast of ABC ltd. for two years (i.e. 2013-2015), by TBATS method. It is 

observed that TBATS gives satisfactory results for constant seasonally pattern, though Error! Reference 

source not found. in the results section shows that ARIMA method gave better results based on all the three 

parameters mentioned in the table. 

Please note that the darker shaded region implies 85% confidence while the lighter shaded region implied 90% 

confidence. 

 

Figure 14. TBATS Forecast (XYZ Ltd.) 

Figure 14 shows the forecasted sales of XYZ Ltd, which followed a non-seasonal trend. It is interesting to see 

that unlike ARIMA method, which failed in forecasting sales figures for XYZ Ltd, as observed in Figure 12, 

TBATS method gives much better results. This is also verified in Error! Reference source not found. in the 

results section. 
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Please note that the darker shaded region implies 85% confidence while the lighter shaded region implied 90% 

confidence. 

RESULTS AND DISCUSSIONS 

Error! Reference source not found.. Estimated performance parameters between forecasted and actual values. 

 
ARIMA TBATS 

Data Correlation(ρ) MAPE BWE Correlation(ρ) MAPE BWE 

ABC ltd. 0.9870124 5.60% 0.9805492 0.9727515 7.40% 0.8714629 

XYZ ltd. 0.4255657 4.50% 1.090344 0.6386897 3.80% 1.015516 

We now use the forecasted values obtained using the two models to calculate the forecasting error in terms of 

the Mean Absolute Percentage Error (MAPE). 

     
                             

                  
     

From Error! Reference source not found., it can be observed that the MAPE for the demand forecasting of 

ABC ltd. is significantly less in ARIMA as compared to TBATS. Thus, it can be inferred that the forecasting 

accuracy of the ARIMA model for the seasonal data set is more than that of the TBATS model.  

Also from the table, it is observed that the MAPE in the forecasting of XYZ ltd., is less for the TBATS model in 

comparison to the MAPE of the ARIMA model. This indicates that the TBATS model seems to give more 

accurate forecasting results when the data set has complex seasonality patterns as compared to the ARIMA 

model. 

    
                 

                  
 

According to [28], if the value of BWE is 1, it implies that there is no variance amplification. If it is more than 

1, it indicates the presence of the BWE and if less than one, then the smoothing effect is observed[12]. The most 

preferable value for reducing the BWE is 1.  

Here, Base Stock Policy is used to calculate the Bullwhip effect [29]. 

The order/production quantity is calculated by qt = (Dt
L
– Dt-1

L
) + Dt-1 

Where Dt
L
 is the forecasted demand during the lead time ‗L‘ in time ‗t‘, 

Dt-1
L
 is the demand forecasted during the lead time at ‗t-1‘ and 

Dt-1 is the actual demand at time period ‗t-1‘ 

Using the calculated order qty. we calculate the BWE for all the cases. Accurate forecasting would result in the 

reduction of the BWE and the results would justify our analysis made using the MAPE. 

It can be observed from Error! Reference source not found. that for the first case i.e. ABC ltd., the BWE for 

ARIMA is closer to one as compared to the BWE in the TBATS model, which assures that for seasonal time 

series, ARIMA model is more accurate. Also in the second case, the forecasting for XYZ ltd., the BWE for 

TBATS is much better than for ARIMA. This affirms that TBATS proves to be a more accurate forecasting 

model for seasonal data than the ARIMA model. 

Coefficient of Correlation (ρ): 

                           ( )  
 (∑  )  (∑ )(∑ )

√  ∑   (∑ )    ∑   (∑ )  
 

It can be observed in Error! Reference source not found. the value of Coefficient of Correlation between 

actual and predicted data, is higher in the case of ABC ltd, which is higher for ARIMA model than TBATS 

model. Because ABC Ltd. has simpler seasonality, it can be seen that ARIMA model is better for seasonal data 

[28,29]. On the other hand, in the case of XYZ Ltd, which has complex seasonality, TBATS model has a higher 
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coefficient of correlation than ARIMA model, thus showing TBATS is more effective for forecasting with 

complex seasonality. 

CONCLUSIONS 

As the limitations of traditional forecasting methods are highlighted in the paper, modern methods like TBATS 

become necessary. However, there are times when a simpler seasonality pattern is observed, in which case, the 

models like ARIMA produce better results. In this paper, two models have been applied to each of the two 

company‘s open-sourced data, however, the names aren't disclosed and are represented as ABC Ltd. and XYZ 

Ltd. One of the companies, ABC Ltd., had sales figures which followed simple seasonality while other, XYZ 

Ltd. had complex seasonality pattern. Error Component MAPE, Bullwhip Effect using Base Stock Policy and 

the Coefficient of Correlation were studied for different forecasting models to compare the forecasting of the 

two models. TBATS is found to be more suitable for forecasting the data set with complex seasonal patterns and 

giving minimum error while the ARIMA model proved to be better for ABC Ltd. which has a simper pattern in 

its data set. The study can help the readers to get an idea about the applicability of two different methods used 

for time series forecasting in different scenarios. The future scope of the work can include producing more 

accurate forecasting models by combining two or more of the existing methods or developing an entirely new 

method for forecasting based on different trend patterns. 
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