
1 
 

  A panel data approach for fashion sales forecasting 

 

Shuyun Ren(shuyun_shara@live.cn), Tsan-Ming Choi, Na Liu 

 

Business Division, Institute of Textiles and Clothing,  

The Hong Kong Polytechnic University, Hung Hom, Kowloon, Hong Kong 

 

Abstract: Sales forecasting is an important problem in fashion retail operations. In this paper, 

we propose a novel panel data based particle-filter (PDPF) model to conduct fashion sales 

forecasting. We evaluate the performance of proposed model in terms of sales quantity and color 

trend prediction by using real data from the fashion industry. The experimental results provide 

novel insights and practical guidance to operations managers on the use of panel data for fashion 

sales forecasting. 
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Introduction 

An accurate sale forecasting is one of the key success factors of the supply chain management in 

the fashion industry. For the past few decades, many forecasting methods for the fashion product 

have been proposed and studied. Traditional statistical methods, such as auto-regression, 

exponential smoothing, ARIMA, SARIMA are probably the most widely used techniques for 

fashion sales forecasting. The advantages of these models are being fast, simple, mature and easy 

to understand. But the factors considered by these models are usually limited (Ni and Fan 2011). 

With the advance of computing technologies, artificial intelligence (AI) models, which are more 

versatile than statistical models, have been widely employed to implement fashion sales 

forecasting in recent years ((Frank, Garg et al. 2003) (Au, Choi et al. 2008) and (Yu, Choi et al. 

2012) ). Despite being powerful, AI methods usually require a substantial amount of time for 

conducting forecasting and the forecasting performance largely depends on having sufficient 

historical data for training. The limitations of both AI methods and statistical methods hence call 

for the development of innovative new methods. This paper also follows this line of hybrid model 

forecasting model research but with different focal point and methods.  
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Panel data models (Anderson and Hsiao 1982), typically refer to data containing time series 

observations of a number of individuals. Therefore, observations in panel data involve at least two 

dimensions; a cross-sectional dimension and a time series dimension. Time series and 

cross-sectional data are special cases of panel data that are in one dimension only. It usually 

contains observations of multiple phenomena obtained over multiple time periods for the same 

individuals. It has been widely applied in forecasting over the past decades.  

In this paper, the panel data method is employed because of its ability in capturing the 

individual effects that exist among cross-sectional sales data but are not captured by the included 

explanatory variables (e.g., the effect from the sales of other correlated products). However, it is 

difficult for the panel data method alone to capture the nonlinear features among the variables 

(Hsiao 2003). To overcome this shortcoming, we propose the use of the particle filter method. In 

fact, the particle filter (PF) is a state-space model that has been a powerful tool in modeling and 

forecasting dynamic systems (Do Chung, Li et al. 2012). Arulampalam et al. (Arulampalam, 

Maskell et al. 2002) suggest that, in highly nonlinear environments, a nonlinear filter such as a 

particle filter can offer a good performance in tracking unexpected changes. In our work, PF is 

adopted to predict the uncertain patterns since. Recently, using the PF method, Li et al. (Li, Yu et 

al. 2013) examine a two-stage model which helps to predict energy price for different 

interconnected regions. Their analysis indicates that the proposed method yields better and more 

stable forecasting result, compared to some other commonly adopted AI methods.  

It is known that fashion products are quite different from other traditional products. For 

instance, there are a lot of stock-keeping-units (SKUs) even under one single product line. In 

general, these SKUs demands are correlated. Thus, the sales of fashion products are not only 

influenced by the factors such as size, color, price, etc, but also the sales of correlated items. 

Motivated by this, this paper applies the panel data method supported by the particle filter to 

investigate the complex relationship between sales amount and other influence factors in fashion 

sales forecasting.  

 

The panel data based particle filter model 

 

In the PDPF model, the time-series trend of previous sale, the prices of the items under study, and 

the whole panel impact from the other correlated products are chosen to be the decision variables 

for conducting sales prediction. The panel data model allows us to construct and test the more 

complicated behavioral models than the purely cross-sectional or time-series data. It also provides 

the possibility of generating more accurate predictions for individual forecasting outcomes than 

those forecasting methods based solely on time-series data. As a remark, the forecasting problem 

with very few historical data would be solvable by the panel data method (Hsiao 2003).  
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The fashion apparel market is strongly influenced by many factors. These factors, commonly 

called explanatory variables, are often uncontrollable and sometimes unknown and also difficult to 

quantify their impact (De Toni and Meneghetti 2000). In this PDPF model, we incorporate some 

key factors, such as previous sale, corresponding price, and the interaction with other correlated 

product items, into the model. We consider two-component structure for the hybrid PDPF fashion 

sales forecasting model, namely the linear and non-linear components. The panel data method is 

proposed to investigate the relationship among these factors in the linear component and PF is 

used to handle the non-linear factors as it is known to be suitable for such a task. The fashion sales 

of item i  during the time interval t , denoted by itFS ,can be represented as follows 

it it itFS S N  , (1) 

where itS  and itN  denote the linear component and the nonlinear noise, respectively.  

The common panel data model is hence constructed as： 

*

1 P , 1,...,K; 1,...,kt k kt kt ktS S k t T          ,  (2) 

where itS is the sale of item i  during the time interval t ; Pit is the corresponding price;   is 

coefficient for cross-section;   is coefficient for time-series; there are K  items for each 

forecasting category. The independent error term it  distributes over i  and t , with mean zero 

and variance 
2

u  and is assumed to be uncorrelated with price and previous sale. 

Assuming that 
itS is the forecasting value from the panel data, the nonlinear behaviour that 

the panel data can hardly capture is described as: 

it it itFS S   .                         (3) 

In this paper, PF is adopted to track the nonlinear behaviour in the forecasting procedure 

because it is particularly useful in dealing with nonlinear and non-Gaussian problems (Sarkar 

2003). In fact, PF is a sequential Monte Carlo methodology and the basic idea is using particles to 

represent the probability density function (PDF) of state. Since the actual sales of fashion product 

will be affected by many non-linear factors, we present the nonlinear error model which follows 

the state space representation in the following: 
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1( , ) Tansfer Functionit it it itf             (4) 

Measurement Functiont it it ity S        (5) 

where it and it follow Gaussian distribution 
,

2. . . (0, ) and (0, )
i t

i i d N N i  , independently. In the 

measurement equation, ty  is the observation from each forecasting step.  

For the PF model, based on (Zhong, Fung et al. 2010), we introduce its analytical model as 

follows. First, assuming that the probability density function (PDF) of the initial state 0( )p   is 

known, the optimized state estimation is obtained by calculating the degree of confidence of 

1:t( | )tp y in different states, 1:ty  represents a set of observations from period 1 to t . Then, the 

conditional density 1:t( | )tp y is recursively updated according to Equations (6) and (7). 

1: 1 1 1 1: 1( | ) ( | ) ( | )t t t t t tp y p p y d          ,              (6) 

1: 1
1:

1: 1

( | ) ( | )
( | )

(y | )

t t t t
t t

t t

p y p y
p y

p y

 
 



  ,                 (7) 

where 1: 1ty   is defined as the history observation sequence with the random variables. The 

denominator  1 1 1: 1( | ) ( | )t t t tp p y d        is a constant, which is available from the likelihood 

function and the statistical characteristic of the observation noise. PF provides an approximate 

solution for the discrete-time recursive updating of the posterior probability density function

1:( | )t tp y . Under PF, the posterior distribution of t  is approximated by a collection of weighted 

particles 1{ , }n n N

t t nw   . The posterior density can be calculated by  

1:

1

( | y ) ( )
N

n n

t t t t t

n

p w   


   ,                           (8) 

where δ is the delta-Dirac function and the weight 
n

tw  of each particle is updated according to 
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   ,                 (9) 

The importance function ( )q  , known as a proposed conditional distribution, is important in the 

performance of PF (Gordon, Salmond et al. 1993). In general, the closer the importance function 

( )q   to the distribution of p( ) , the better the approximation is. The aim of choosing the optimal 

importance function is to minimize the variance of the true weights so that degeneracy problem is 

diminished in one way. The details of choosing the optimal importance function can be found in 

(Djuric, Kotecha et al. 2003). 

 

Case study 

A. Datasets 

In our dataset, sales data of six fashion items with seven kinds of color, together with other related 

properties of the items are included. In our analysis, in order to check the feasibility of our 

proposed model, we reclassify the weekly dataset according to item and color. In other words, the 

relationship between sales and price will be modeled in two types of data category, namely (i) item 

and (ii) color. The data set of each category contains 36 samples. The first 24 sample are used as 

the training data (for estimating the model parameters) and the remaining 12 samples are used to 

do the forecasting test. Notice that for sales forecasting, it is commonly explored based on the 

historical data in a time-series form (e.g., in most of the papers reviewed in Section II). However, 

in our research, we employ the panel data based forecasting model by considering the tendency of 

time series and the effect from other related properties of items.  

 

B. Modeling 

To assess the performance of proposed PDPF model, we construct two different relationship 

models in terms of sales and color trend prediction by panel data.  

Modeling sales forecasting 

As described in Section III, to establish a three-dimensional relationship model among sales, 

previous sale and corresponding price, it is necessary to test whether the panel data is stationary or 

not. Table 1 provides the test results which imply that the probability of having a common unit 

root is 0. The null hypothesis that the common unit root of sale and price series is non-stationary is 

hence rejected. In other words, the panel datasets that we adopt to construct forecasting model are 

stationary and the panel data estimation model can be structure directly. 

 

Table 1. Unit root test result 

http://www.sciencedirect.com/science/article/pii/S0360544208001199#tbl2


6 
 

Method Null hypothesis Statistic probability 

Levin, Lin & Chu t* common unit root process -12.0064 0.0000 

ADF- Fisher Chi-square individual unit root process 178.015 0.0000 

PP- Fisher Chi-square individual unit root process 199.606 0.0000 

*Significant at the 5% level. 

 

Table 2. Hausman test result 

Test Summary Chi-Sq. Statistic Chi-Sq.d.f Probability 

Cross-section random 128.4 2 0.0000 

*Estimated cross-section random effects variance is 0. 

The Hausman testing result further reveals that a fixed effect model should be constructed for our 

forecasting problem. Thus, the linear component of fashion product sale can be described as 

follows:  

*

1 P , 1,..., , 1,...,it i it it itS m S i N t T           ,    (10) 

where m  represents the effect from the whole panel, 
*

i  represents the effects of those variables 

peculiar to the i th item in more or less the same way over time., the parameters   and   

indicate the degree that the sale of item i  at time t  is determined by the value of the previous 

sale and the corresponding price.  

Notice that Eq. (10) states the relationship among different decision variables, i.e. how the 

sale is related to the previous sale and its corresponding price. We now proceed to present the 

estimation of Eq. (10) using the maximum likelihood estimator. Table 3 summarizes the outcome 

of the estimation procedure using a panel of data. 

Table 3. Estimation result of the sale forecasting model 

coefficient m  
    

1  2  3  4  5  6  

estimation 5.49 0.15 0.02 15.4 -5 -4.3 3.01 -4.8 -4.3 

T-Statistic 5.44 1.70 1.41 - - - - - - 

 

The estimation results show that the demand of each fashion item mainly depends on the overall 

sales trend m . Previous sale and the corresponding price are also important for explaining the 

demand changes of each item. This result is consistent with our expectations because the price of 

fashion product should play the same important role as in the previous sale.  

Modeling color forecasting  
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Color forecasting is to estimate the demand of different color, and sales amount is used to 

represent the SKU level sales quantity. The testing process is similar to the sale forecasting model, 

and the result indicates that the color-price panel data is stationary and the fixed effect model 

would be selected. The fashion color forecasting model could be described as: 

*

1 P , 1,..., , 1,...,jt j jt jt jtCS m S j N t T           . (11) 

In this model, we use the total sale of each colour item to measure the colour popular tendency, 

jCS in the above equation; j  represents different types of colour which includes black, blue, 

brown, red, white, green, grey. The panel data estimation results are listed in Table 4. 

Table 4. Estimation result of the color forecasting model 

coefficient m      
1  2  3  4  5  6  

estimation 4.45 0.18 -0.0012 15.4 -5 -4.3 3.01 -4.8 -4.3 

T-Statistic 4.63 2.20 -0.11 - - - - - - 

Similar to the estimation result of the SKU sale forecasting model, the fashion colour trend also 

mainly depends on the whole market tendency and the previous colour trend. However, the price 

effect is much less important in the color forecasting scenario than in the SKU sale forecasting 

scenario. 

C. Assessment Criteria 

In the results analysis, the mean squared error (MSE) and symmetric mean absolute percentage 

error (SMAPE) are used to measure the forecasting accuracy of our proposed model. They can be 

described as: 

2

1

1
( )

n

t t

i

MSE A F
n 

  , (12) 

1

1

| |

( )

n

t tt

n

t tt

F A
SMAPE

F A













. (13) 

where tF  is a vector of n predictions, and tA is the vector of the true values. 

 

Computation analysis 

A. Sales Forecasting for Different Items 

To assess the forecasting performances of the proposed method, the Pure Panel Data method in 
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which the PF part is not included and PDPF are applied for conducting forecasting with the same 

dataset. The comparison of the overall forecasting errors for different items by using Pure Panel 

Data and PDPF is shown in Table 8. In the analysis, the sales amount of different fashion items 

include T-shirt, dress, bag, pant, accessory and belt are forecasted. Notice that the data of all items 

are collected in the same time period so as to enable the panel data to reveal the interactions 

between sales of different items. MSE and SMAPE are used to assess the overall forecasting 

performances. 

As shown in Table 5, it is encouraging to note that the proposed PDPF model outperforms the 

pure panel data method in most cases. It is hence clear that the proposed method is suitable for 

conducting fashion sales forecasting. However, the products Bag and Belt are the exceptions with 

which the proposed PDPF model fails to provide better forecasting results than the other methods. 

A closer look into the product features reveals that the sales of Bag and Belt are likely to be 

seriously affected by the sales of other items (e.g., T-shirt, Dress, Pant), which could be explained 

mainly by the panel structure. The pure panel data method is hence very powerful and appropriate 

for forecasting the sales of these items. As a remark, in the real practice, there are a lot of fashions 

items need to be forecasted in order to make strategy decision. However, our proposed PDPF 

method can forecast a lot of items simultaneously and deliver stable and accurate results in 

general.  

Table 5. Forecasting comparison for different items by using pure panel data and PDPF 

Item Pure Panel Data PDPF  

 MSE SMAPE MSE SMAPE 

T-shirt 64.45 10.60% 47.80 7.91% 

Dress 3.02 27.36% 1.03 13.83% 

Bag 1.00 17.44% 1.76 23.95% 

Pant 13.12 10.76% 9.19 9.24% 

Accessory 3.29 30.31% 1.11 18.99% 

Belt 1.82 34.44% 5.58 52.03% 

Mean 14.5 21.82% 11.08 20.99% 

B. Comparison between Sales Quantity Forecasting and Color Forecasting 

We compare the forecasting accuracy of the sales (item) forecasting and the color (trend) 

forecasting in this subsection. Firstly, Fig. 1 and Fig. 2 show the SMAPE of pure panel data 

method and the PDPF method for both forecasting schemes. The circle axis denotes the 

forecasting time points while the vertical axis refers to the error percentages. From Fig 1, it can be 

observed that, except for some special cases that SMAPE equals 100%, the forecasting accuracy of 

sales quantity is more centralized and the mean SMAPE is better than that of color forecasting. 
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However, in Fig 2, the situation is totally different. In fact, the PDPF model improves the 

forecasting accuracy by 2.97% when the data is classified in color while the improvement of item 

category is only 0.83% in the same experimental situation. Compared to the pure panel data 

method, the PDPF model adopts PF to capture the nonlinear features that the panel data method 

cannot describe.  

 

Fig.1. SMAPE results of Panel Data for sales and color. 

 

 

Fig.2. SMAPE results of hybrid PDPF model for sales quantity and color trend. 

 

Conclusion 

Nowadays, the fashion industry is known to be information driven. The wise use of information 

for conducting sales forecasting helps a lot in enhancing the operations management of fashion 
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companies. However, fashion sales forecasting is always a challenging problem owing to many 

inherent features such as high volatility as well as limited data availability. In order to develop a 

useful and innovative fashion sales forecasting framework, we employ the panel data method and 

the particle filter (PF) approach to form the PDPF model. The core advantage of this hybrid PDPF 

model is that the respective construct enables us to construct a multi-dimensional correlation of the 

influence factors, including time-series trend of previous sale, the price of product items under 

forecast, and the effects from other correlated product item. 
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