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Abstract

Existing sales forecasting models are not comprehensive and flexible
enough to consider dynamic changes and nonlinearities in sales time-
series at the store and product levels. To capture different big data char-
acteristics in sales forecasting data, such as seasonal and trend variations,
this study develops a hybrid model combining adaptive trend estimated
series (ATES) with a deep neural network model. ATES is first used to
model seasonal effects and incorporate holiday, weekend, and market-
ing effects on sales. The deep neural network model is then proposed to
model residuals by capturing complex high-level spatiotemporal features
from the data. The proposed hybrid model is equipped with a feature-
extraction component that automatically detects the patterns and trends
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in time-series, which makes the forecasting model robust against noise
and time-series length. To validate the proposed hybrid model, a large
volume of sales data is processed with a three-dimensional data model to
effectively support business decisions at the product-specific store level.
To demonstrate the effectiveness of the proposed model, a compara-
tive analysis is performed with several state-of-the-art sales forecasting
methods. Here, we show that the proposed hybrid model outperforms
existing models for forecasting horizons ranging from one to 12 months.

Keywords: Machine Learning, Sales Forecasting, Big Data, Regression
Model, Deep Learning

1 Introduction

Sales forecasting is a prediction process based on previous sales history, pur-
chasing behaviour, promotional activities, and expected market conditions
(Ma et al, 2016). Proper sales forecasting outlines demand for a product and
also helps in decreasing the costs of storing inventory; at the same time, it
reduces the probability that stock-outs and long customer wait times will occur
(Pavlyshenko, 2018). This has a direct effect on a company’s profits. Timely
and accurate sales forecasts are crucial in bridging the gap between supply
and demand (Gahirwal, 2013). Sales forecasting helps companies define their
plans for sales and operations, and the improved management performance
positively affects investors and results in increased company value. Poor sales
forecasting may lead to insufficient or overstocked inventories and the failure
to satisfy customer needs (Chen and Lu, 2017).

Earlier research has reported several challenges in sales forecasting. An
appropriate forecasting methodology may be associated with incorrect assump-
tions, leading to poor sales forecasts. Notably, although the shallow neural
network has been viewed as a promising sales forecasting model, it has insuf-
ficient capacity for capturing seasonal and trend variations from raw datasets
(Zhang and Qi, 2005). In addition, discontinuous and unstable previous data
can lead to defective predictions. Indeed, forecasts for individual items usually
have short and sparse life-cycles, which prevents estimations of important fea-
tures such as seasonality (Jha et al, 2015). Moreover, markets are so dynamic
that new products, promotional campaigns, and changes in public sentiment
make it difficult to make decisions based only on the modelling of previous
data (Chu and Zhang, 2003; Disney et al, 2021). Other factors should also be
considered, such as weather conditions, significant events, holidays, and socio-
economic conditions, which can cause multiple seasonal cycles, a high volatility
in sales, and high dimensionality in data (Ganesan et al, 2019; Thomassey,
2010; Eachempati et al, 2022).

Generally, poor sales forecasting is due to three main reasons. First, an
inappropriate forecasting model may be chosen; it may not be able to capture
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the trends and seasonality aspects of sales time series properly. Forecasting
sales with such a model may also lead to stock-outs or overstocks of products
(Bose, 2009). Second, sales forecasts may be based on erroneous assumptions,
such as estimated predictive density and relationships among lagged values and
error terms (Kolassa, 2016). Finally, unless relevant features that affect future
sales are selected, forecasts may be too slack, especially in the early stages of a
new product launch (Liu et al, 2013). Therefore, the first and mandatory step
for proper sales forecasting is to extract the features that are strongly related
to the demand for items in the dataset, particularly the trends and seasonality
of product sales (Zhang and Qi, 2005).

In addition to the above issues with data, the main challenge for devel-
oping sales forecasting models with big data is to effectively model scarce
and skewed data at the store and item levels (Ma and Fildes, 2021; Ulrich
et al, 2021). Indeed, the huge amounts of data collected using technologies
such as point-of-scale (POS) and Internet of Things (IoT) allow companies
to better understand customer behaviour and improve sales forecasting per-
formance (Boone et al, 2019; Ren et al, 2020). However, at the same time,
the characteristics of big data, namely, their large volume, variety, velocity,
and veracity, pose several challenging problems for sales forecasting methods.
More precisely, locally optimal solutions may have a negative effect on tradi-
tional statistical and machine learning methods when one is learning how to
use large-scale models; they also require a high-performance computing capac-
ity (Zhang et al, 2018). A large velocity of sales among items and stores also
requires that the models provide real-time sales forecasts. Therefore, great
complexity in computations is another issue to overcome.

Numerous statistical and machine learning methods use time-series analysis
to generate forecasting models (Box et al, 2015). These models make use of
historical demand patterns as a baseline to predict future demands (Ma et al,
2016; Zhao and Wang, 2017).

Statistical methods used previously for sales forecasting include traditional
regression or time-series models, such as the single exponential smoothing
(SES) (Taylor, 2011; Teunter et al, 2011; Li and Lim, 2018), autoregressive
integrated moving average (ARIMA) (Ramos et al, 2015), and Holt-Winters
exponential smoothing (HWES) methods (Gelper et al, 2010). These mod-
els were based on modelling trends and seasonalities in univariate time-series.
To improve the performance of these traditional statistical models, the effects
of additional important drivers, such as the marketing strategy, were later
incorporated (Ali and Pinar, 2016; Huang et al, 2019).

Most recently, category- and store-specific seasonality and marketing effects
were combined with adaptive sales figures to obtain an interpretable retail
forecasting model that considered random disturbances as well as the bias
introduced by model regularization (Ali and Giirlek, 2020). However, these tra-
ditional statistical models rely on pooling observations across items and stores;
as a result, distorted estimates can occur when one is considering diverse items
and stores and big data. In order to consider the periodicities and holiday,
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weekend, and marketing effects for specific items and stores, here we propose
the adaptive trend estimated series (ATES) model, which uses the data polar-
ity spectrum for specific items and stores, discovers underlying periodicities
using the spectral density function, and uses Box-Cox transformation to model
changes in the sales time-series.

Machine learning models, such as artificial neural networks and extreme
learning machines, have been proved to outperform the above statistical meth-
ods by building generic model structures that can easily handle complex
nonlinear patterns in data (Sun et al, 2008; Loureiro et al, 2018; Kharfan et al,
2021; Li et al, 2021). Notably, deep neural networks are reported to be effective
in capturing more complex features and multilevel representations from sales
forecasting datasets. Specifically, recurrent neural networks such as long short-
term memory (LSTM) (Weng et al, 2019) and gated recurrent unit (GRU)
neural networks (Noh et al, 2020) automatically capture high-level temporal
features from big data to accurately forecast sales. These deep neural networks
were specifically designed to handle sequential data with patterns over time.

However, the current sales forecasting datasets not only contain sequen-
tial data but also other data components, such as information about stores
and items. To make use of this additional information, a spatiotemporal
matrix should be produced. Recurrent neural networks on their own cannot
effectively handle such datasets. The convolution neural network (CNN) is
ideal for processing such data because it enables the capturing of both scale-
invariant features and local trend features (Wu et al, 2020; Ma et al, 2016;
Pan et al, 2020). We here propose a novel GRU-CNN-LSTM architecture to
take advantage of the above deep neural network models. The combination of
CNN and GRU is used to extract complex high-level spatiotemporal features
from big data, and LSTMs are then trained using these features to perform
multistep-ahead forecasting.

To effectively capture different patterns in the underlying big data, here
we first use the ATES model to capture linear patterns. Then, the extracted
linear component (residues of the ATES model) is added to the nonlinear
GRU-CNN-LSTM model. Using a hybrid forecasting model is considered a
good strategy because it has the capabilities to capture linear and nonlinear
patterns in the data (Zhang, 2003). Moreover, recent research suggests that
such hybrid architectures provide forecasts that are more accurate than those
estimated by either pure statistical or machine learning models (Smyl, 2020).

In summary, the contributions of this study are twofold:

® A novel ATES+GRU-CNN-LSTM sales forecasting hybrid model is pro-
posed that is specifically designed for big data. The proposed model
effectively uses the diverse spatiotemporal characteristics of items and stores
present in big data. It automatically learns the three-dimensional features
in the time-series data for each item and store and incorporates the effect
of product promotion.
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e A large benchmark dataset is used for a wide range of items and stores to
demonstrate that the proposed hybrid model can achieve better forecasting
results than state-of-the-art sales forecasting methods.

The rest of this paper is structured as follows. Section 2 introduces a
brief review of the literature on the state-of-the-art methods used for sales
forecasting. Section 3 presents techniques for data pre-processing and mod-
elling. Section 4 explains in detail the proposed forecasting models. The
empirical results for sales forecasting with big data are shown in Section 5.
Section 6 presents discussions of the empirical results. Finally, Section 7 offers
conclusions reached by the study and outlines future research directions.

2 Literature Review

Accurate sales forecasting has been increasingly recognized as a major concern
for companies in the supply chain because markets are becoming more com-
petitive and companies need to be more cost-efficient to achieve a competitive
advantage. Production schedules need to be precisely planned because changes
in production cause higher costs. Further, many internal and external factors
may have a significant impact on sales, but their effects are usually difficult
to anticipate. Sales forecasting helps companies spot and analyze those fac-
tors and, thus, gives a company time to make decisions and effectively plan its
sales and operations.

Sales forecasting methods can be categorized as qualitative or quantitative.
Qualitative methods tend to be expensive and biased owing to the forecaster’s
limited capacity for processing complex business information. For sales fore-
casting with big data, quantitative methods are more appropriate because they
make use of the information stored in a company’s databases to produce fre-
quent forecasts for a large number of items and stores. There are two main
categories of quantitative forecasting methods, i.e., statistical time-series meth-
ods and machine learning methods. Statistical time-series methods mainly rely
on a trend analysis of sales data to generate forecasts. Machine learning meth-
ods usually rely on a supervised mode; they minimize the forecasting error for
historical training data by learning an accurate data representation from mul-
tiple inputs. The output is a prediction based on out-of-sample observations.
Here, we review a large and growing body of studies that have investigated
various quantitative methods for sales forecasting.

2.1 Sales Forecasting Using Statistical Time-Series
Methods

In the past, the conventional method of forecasting sales was via statistical
time-series methods. In the last decade, many studies have focused on statisti-
cal time-series methods, including linear models (using linear functional form),
such as ARIMA (Ramos et al, 2015), seasonal ARIMA (SARIMA) (Arunraj
and Ahrens, 2015), and HWES (Gelper et al, 2010), and nonlinear models, such
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as generalized autoregressive conditional heteroscedasticity (GARCH) (Chen
and Ou, 2011) and the Markov regime-switching model (Choi et al, 2011). The
forecasts of these methods were sometimes combined to obtain more accurate
predictions (Misiorek et al, 2006). In particular, ARIMA and its variations
were widely applied in the sales forecasting domain (Box et al, 2015). Recently,
several hybrid methods have been developed that combine ARIMA with non-
linear methods to improve performance. For example, a blended probabilistic
model was proposed that expanded the ARIMA and XGBoost algorithms to
predict store sales; it outperformed the individual ARIMA and XGBoost mod-
els (Pavlyshenko, 2016). Similar findings were observed for the combination of
ARIMA with artificial neural networks (Zhang, 2003).

By extending the exponential smoothing formulation, Taylor developed five
univariate exponentially weighted methods for forecasting intraday time-series
sales data to deal with both intraweek and intraday seasonal cycles (Taylor,
2010). The methods make use of discount weighted regression, time-varying
splines, and singular value decomposition techniques. However, these methods
may be prone to judgmental biases in producing clusters of intraweek periods
within the seasonal exponential smoothing and a selection of knots in the
regression splines.

When considering trends in consumer behaviour, as well as seasonal and
holiday effects on time-series data, Taylor and Letham (2018) introduced a
modular regression algorithm named Prophet, by which the unpredicted nature
in time-series data can be calculated. Domain experts can easily adjust the
Prophet model’s parameters. Later, Navratil and Kolkova (2019) used the
Prophet algorithm to identify seasonal trends in revenue development in the
e-commerce industry. To account for the seasonal trend, holidays and seasonal
changes were adjusted before fitting the model. Indeed, the Prophet model
allows for the adjustments needed for scalable forecasting. However, the selec-
tion of relevant model components and the manual performance control require
an analyst’s experience and domain knowledge.

Scalable forecasting has become increasingly important since the emergence
of big data analytics as a tool to model sales data features. Notably, it has
become easier for modellers to account for the outliers, trends, seasonality, or
stationarity in sales time-series with big data. However, to make the most of
the potential of big data, it is important to learn from large-scale datasets.
Harsoor and Patil (2015) used the Hadoop MapReduce algorithm to handle
large volumes of sales data and execute batch processing by item representa-
tion. Afterward, Tehrani and Ahrens (2016) exploited the K-means clustering
algorithm to pinpoint homogeneous groups of items in big data forecasting.

Ma et al (2016) developed a LASSO (least absolute shrinkage and selec-
tion operator) regression model equipped with Granger causality testing and
a feature extraction component to overcome the problem of high dimension-
ality incurred by using sales history, promotional information, and time event
information. This method improved the accuracy of the baseline model by
12.6%. However, this approach is accurate and reliable only when a sufficiently
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long time-series is available. Moreover, this method is computationally effi-
cient at the cost of discarding potentially useful factors. Similarly, Sagaert
et al (2018b) used multiple LASSO models to perform multistep-ahead sales
forecasts. LASSO produced reliable forecasts in the case of high dimensional
problems.

In summary, previous studies found that larger datasets, in particular those
with an increasing number of observations per item, decreased forecasting
errors. In addition, a larger diversity in stores and items resulted in a more
reliable and robust forecasting performance. Despite the fact that statistical
time-series methods are popular in the related literature, these forecasting
models may have issues. First, the feature engineering is manual (except in
LASSO) and to a large degree relies on the experience of the model builder.
Second, these methods can be compromised when extrapolating the latent
patterns present in big data. More precisely, linear models cannot capture
common real-world features, such as occasional outlying samples or asymmet-
ric life-cycles (Xia and Wong, 2014). Modelling complex relationships between
time-series data and other determinants of sales is difficult in linear models.
The nonlinear forecasting model, on the other hand, assumes that the under-
lying process of generating time-series data is constant; this is not realistic,
however, in the changing real-world business environment. Sales forecasting
data that are nonrepetitive limit the reliable identification of model param-
eters. Therefore, machine learning models have emerged to solve the above
problems.

2.2 Sales Forecasting Using Neural Network Models

To address the above-mentioned inherent nonlinear features in sales forecasting
data, machine learning models have been developed over the last decade.

The first applications of machine learning methods in sales forecasting used
feed-forward neural networks and extreme learning machines (Sun et al, 2008).
In this way, the high volatility of demand was effectively modelled. To improve
the generalization performance of neural networks, heuristic algorithms were
later introduced that fine-tuned the parameters of the sales forecasting systems
(Wong and Guo, 2010), further, hybrid approaches were developed that con-
sidered relation analysis in time-series to support purchasing decisions (Chen
and Ou, 2011).

To overcome the problem of diverse patterns in the groups of product
items, clustering methods were used to feed the machine learning methods
(e.g., support vector regression and extreme learning machine) (Chen and Lu,
2017). The curse of the dimensionality problem related to the large number
of features was tackled using advanced feature selection methods (Jiménez
et al, 2017). Another problem of neural network-based models is their lack of
interpretability, which was addressed by machine learning models with uni-
form explanations produced on the level of the model and examples to enable
what-if analyses (Bohanec et al, 2017). Alternatively, fuzzy sets were incorpo-
rated into the neural network model to obtain a fuzzy neural network model
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capable of modelling the effects of promotional marketing activities in big
data-driven sales forecasting (Kumar et al, 2020). However, the problem of
overfitting individual forecasting models was overcome by combining multi-
ple diverse predictors in an ensemble forecasting model (Pavlyshenko, 2019; Ji
et al, 2019).

To consider the large and highly diverse number of features affecting future
sales, Loureiro et al (2018) evaluated the performance of deep neural networks
for the first time. Deep feed-forward neural networks were shown to be superior
to shallow neural networks and other traditional machine learning methods
(e.g., decision trees, random forest, support vector machines), in particular,
for the large number of stores evaluated. This is attributed to the capacity of
these deep neural networks for capturing complex multilevel features from large
and high-dimensional sales forecasting datasets. The main limitation of deep
feed-forward neural networks is that temporal features cannot be taken into
account. Therefore, LSTM and GRU recurrent neural networks were recently
used to model long and short high-level temporal patterns in sales time-series
(Weng et al, 2019; Noh et al, 2020). GRU represents an enhanced (but sim-
plified) version of LSTM because of its ability to solve the vanishing gradient
problem.

Although recurrent neural networks are effective in modelling tempo-
ral components in the data, important sales determinants are present in
other feature sources. Most importantly, it is necessary to consider the
three-dimensional nature of the sales data, including not only the temporal
component but also the dimensions related to stores and items. Therefore,
spatiotemporal models based on CNN have attracted increased attention (Wu
et al, 2020; Ma and Fildes, 2021; Pan et al, 2020). Two CNNs were combined in
a meta-learning framework proposed by (Ma and Fildes, 2021). The first CNN
was used to extract sales data; the other CNN captured the high-level features
from other influential factors. Dilated causal convolutions were used in the
WaveNet CNN model (Kechyn et al, 2018). Thus, a computationally effective
version of CNN was obtained that can be applied to large-volume datasets.

The advantages of recurrent neural networks and CNN were used in a GRU-
CNN hybrid forecasting model (Wu et al, 2020). GRU was used to extract
temporal features from the time sequence of sales, and the feature vector
of other variables was utilized in the CNN module. However, GRU suffers
from its gradient explosion problem originating from the nonlinear dynamics
representing sequential data.

To overcome the above problems, here we propose to use the GRU-CNN
component to extract the spatiotemporal features in the first phase and then
apply LSTM for multistep-ahead forecasting. Thus, the number of parameters
in LSTM is reduced, and, at the same time, the risk of the vanishing gradient
is reduced; further, the blended GRU-CNN-LSTM architecture is more robust
to noise in the data than is LSTM.

An overview of the state-of-the-art statistical time-series methods and
machine learning methods is presented in Table 1.
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Table 1 State-of-the-art statistical time-series methods and neural networks for sales
forecasting

Authors Area Method

Harsoor and Patil (2015) Walmart stores HWES & Hadoop

Tehrani and Ahrens (2016) Fashion k-Means Clustering

Ma et al (2016) Retail LASSO

Zhao and Wang (2017) E-commerce CNN

Kechyn et al (2018) Grocery WaveNet CNN

Sagaert et al (2018b) Tire industry LASSO, Linear Regression
Loureiro et al (2018) Retail Deep NN

Liang et al (2019) Product marketing XGboost & Light GBM
Ganesan et al (2019) Food Dynamic ANN
Pavlyshenko (2019) Rossmann Store Stacking (NN, LASSO, RF, ARIMA, ExtraTrees)
Kraus et al (2020) Pharmacies Deep-embedded LSTM
Pan et al (2020) E-commerce CNN

Ma and Fildes (2021) Retail CNN-based meta-learner
this study Grocery ATES4+GRU-CNN-LSTM

Table 2 Data description

Attribute Name Description

id Sale id

date Date on which sales was done

store_nbr Store id from which item was sold

item_nbr Item id which was sold

unit_sales Unit of item that was sold

on_promotion Information of whether item was promoted or not

3 Data Modelling

To forecast sales with big data, we obtained a large-scale real-world dataset
from Kaggle, which has details on sales of different products in different stores
(Kaggle, 2018 (accessed February 3, 2020). Corporacién Favorita, a large
Ecuadorian grocery retailer that operates hundreds of supermarkets, main-
tained this dataset, which comprises roughly 125 million data samples over
five years from 2013 to 2017 or an average of 70,000 per day. Each record has
the date, store number, item number, unit sales, and on-promotion data, as
shown in Table 2.

The dataset includes retail sales for 4,100 items and 54 stores. Each item
in the dataset had its own characteristic patterns that could best be modelled
independently. Grocery sales forecasting is a challenging problem for compa-
nies. Overforecasting may cause grocers to become overstocked with perishable
goods, whereas underforecasting may cause popular items to sell out quickly
and potential profits to be lost. Moreover, retailers often have to provide cus-
tomers with new stores and unique products to meet their needs and adapt to
their seasonal tastes (Kechyn et al, 2018).

After data collection, data cleaning was performed by detecting and dis-
carding corrupted, incorrect, and incomplete samples. Figure 1 presents a
three-dimensional model by which big data can be easily evaluated and manip-
ulated. In this model, the X, Y, and Z axes denote stores from different cities,
unique items, and dates in the time span, respectively. To demonstrate the
model efficiency, Figure 2 shows the XY, YZ, and ZX plots displayed in two
dimensions. Specifically, Figure 2(a) describes the relation between item and
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store (city), Figure 2(b) the relation between date and item, and Figure 2(c)
the relation between date and store.

To effectively model these relations, three different two-dimensional models
must be implemented; this is less effective, however, particularly when dealing
with big data. The three-dimensional model makes data retrieval and manip-
ulation easier and also allows for the visualization of the dynamics of product
sales and promotional, weekend, or holiday effects. This data representation
also helps in the processing of data, overcoming the time-consuming perfor-
mance issues of big data. Further, this data model can be fitted easily as an
input to deep neural network models, thereby becoming part of the proposed
GRU-CNN-LSTM architecture.
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Fig. 1 Visualization of the three-dimensional data model for product-specific store-level
sales forecasting. Date denotes time dimension; item represents product dimension (item);
store stands for geographic dimension. This model is more realistic and enables better deci-
sions at the store level, but additional noise must be modelled at the disaggregate level.

4 Proposed Method

Sales forecasting is a traditional persuasive application of time-series meth-
ods to trend, seasonal, and cyclical factors. Nevertheless, forecasting for such
time-series is challenging because of the difficulty in predicting demand, which
depends on many factors. Therefore, state-of-the-art statistical time-series
methods such as ARIMA, SARIMA, HWES, and PROPHET (Taylor and
Letham, 2018) still perform satisfactorily on this prediction task (Liang et al,
2019). However, sales prediction is considered a regression problem as well
as time-series problem due to the repetitive nature of past data. This moti-
vates researchers to implement supervised machine learning algorithms, which
often produce better results (Pavlyshenko, 2018). In this study, therefore, we
propose a hybrid model specifically designed for sales forecasting, i.e., the
ATES+GRU-CNN-LSTM model.



Springer Nature 2021 BTEX template

Deep-Learning Model Using Hybrid Adaptive Trend 11

4.1 Adaptive Trend Estimated Series (ATES)

Traditional statistical time-series methods treat sales data as multivariate
panel data with shorter time-series, assuming cross-sectional variations because
data come from multiple stores within a single retail chain (Ali and Giirlek,
2020). Sales S;j; for the i-th item and j-th store at time ¢ are considered a func-
tion of confounding variables, usually represented by the vector of seasonality
variables, trend patterns, item-store fixed effects, and marketing variables.

Here, we propose to use the ATES model to deal with different seasonal
effects present in business time-series. Inspired by the Prophet forecasting
model, the seasonal effects are modelled in an additive manner, so that the
newly added components can reveal new sources of seasonality. In addition to
the flexibility in seasonality effects, the ATES model incorporates the effects
of holidays and promotions, which are important determinants of retails sales.

In the proposed ATES model, the traditional multivariate regression model
is combined with the spectral analysis of multivariate time-series, which helps
researchers to understand the dynamics in the serially correlated data using
simple nonparametric models. Spectral analysis has recently received consid-
erable attention in big data analytics because it can be effectively applied to
compare large sets of time series data (Caiado et al, 2020; von Sachs, 2020;
Skare and Porada-Rochori, 2020). The computational efficiency is achieved by
condensing relevant information rather than using all of the information of the
time-series. More precisely, the ATES model was outlined to consider the fol-
lowing data features: Box-Cox transformation, polarity spectrum, and trend
periodogram.

4.1.1 Growth Factor

The Box-Cox power transformation is a class of transformations used to sim-
plify the structure of the forecasting model and obtain normal errors with
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constant variance. Previous empirical studies have shown that this transforma-
tion of time-series significantly improves the forecasting accuracy in the retail
sales domain (Proietti and Liitkepohl, 2013). In the Box-Cox transformation,
the appropriate value of parameter A is identified, which indicates the power
to which the time-series is raised:

log(s iHfA=0
G, = S;qfl t) , (1)
== otherwise

where s; denotes the sales value at time ¢, and the value of parameter \ varies
from -5 to +5. To illustrate, if A = 1, then Gy = s; — 1; therefore, the data are
moved downward, but there is no transformation in the nature of the time-
series (original scale is preserved). For all other values of A, the time-series
will change its shape to approximate normal distribution. Also note that, for
A = 0, we obtain the logarithmic transformation.

4.1.2 Data Polarity Spectrum

The time-series sales data have a habit of jumps in the sales of a store or prod-
uct monthly, weekly, or after a certain period of time. This occurs frequently
and depends on the human purchasing behaviour or promotional activity.
Sometimes, similar patterns can be observed in other products or stores, thus
indicating the nature of sales data as a polar spectrum. To illustrate, the data
polarity spectrum is shown in Figure 3 for monthly and weekly polarity.

To detect the polarity spectrum, we considered the periodic moment, ampli-
tude (height of the underlying function) with the phase (start point of the
function), and a covariance stationary process. Random variation in the time-
series allows the amplitude and phase to vary. Let {S;} be a sequence of scalar
random variables, where t = 0,+1,£2, ..., and E (S;) = p, Cov (S, St—k) = Ak
Here, S; is observed at ordered intervals such as a week or month. Also, the
first and second moments of the procedure do not rely on time, that is, p and
Ak are time-invariant. Therefore, the simple stochastic process of the polarity
spectrum can be represented as:

Sy = acos (wt) + dsin (wt) , (2)

where « and § are normally distributed random variables and w is the angular
frequency index (measured in cycles per unit time). Note that the amplitude is
calculated as A = sqrt(a? +§2) and the phase is defined as ¢ = tan=!(—§/a).

4.1.3 Trend Periodogram

Spectral analysis also allows us to examine underlying periodicities in the data.
To investigate the periodic component of the time-series data, a periodogram
is used to show the intensities (amplitude) against the data frequencies or
periods (frequency characteristics). The periodogram is traditionally used to
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estimate the spectral density of the time-series. Considering n observations of
the time-series, the trend periodogram is defined as the function of intensities
I(f;) at frequency f; = 1/n or period p; = n/i, that is, the é-th harmonic of the
primary frequency 1/n (Iwok, 2016). This actually determines the periodicity
or seasonality of the time series, which also indicates the maximum peak of
each period. Hence, the trend periodogram can be expressed as:

MW

Pi=) I(f) 3)

@
Il
—

4.1.4 ATES Model

This forecasting model is designed so that the periodic and polar characteristics
are calculated on the transformed data to split the data into various parts;
then, the forecasting model is fine-tuned and applied for each part separately,
as illustrated in Figure 4.

Jan
10- Dec Feb — Mar

0 20 4& 6 8 100

(a) Monthly Data Polarity Plot (b) Weekly Data Polarity Plot

Fig. 3 Polarity effect of monthly and weekly sales data
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’

Fig. 4 Process flow of ATES model
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First, for each time unit ¢, the transformed value Gy is calculated using the
power parameter \ determined for training data. The transformed time-series
is divided into subsets as follows:

GT = {{le G2a cee 7Gr}a {G$+17 Gm+27 sy Gml}a ey {GI”+1, Gz"+27 RN} Gt}}
(4)

Then, Equation 4 is used to calculate the polarity spectrum for each subset
of G, which actually determines whether the subset has the polarity nature
or not. If some values from the tail end of the subset dissatisfy the polarity
nature, then that part is eliminated from the previous subset and is added to
the next subset. As a result of this process, the data polarity set is generated:

GR ={{G1,Gs,...,Gq},{Gas1,Gasa,....Ga},... . {Gani1,Gania,...,Ge}}.
(5)

Similarly, Gr is examined through the trend periodogram function, and
each subset of G is restructured accordingly. Thus, the harmonic cycle nature
of the training data is identified, which produces the periodogram set as
follows:

GE ={{G1,G2,...,Go}, {Gpi1,Gpi2, -, G}y {Gpng1, Gprya, ..., Gi}}
(6)

Finally, the training data are split into n parts, noted as ( =
{¢1,Ca, -, Cn}, using the following equation, where the nonintersect values are
considered as noise or added to the next subset using the X\ scaling value:

¢=GEnGE. (7)

The k-th subset is considered a “season” of time-series, where (; =
{{Dk, Sk}, {Dk+1,Sk+1}s -+ {Dkta, Skt+x}}, where Dy denotes the day for
the k-th subset, k=1,2,... n.

Now, for each (i, the Prophet decomposable time-series model is applied
that includes the holiday, weekend, and promotional effects (Ali and Giirlek,
2020; Efat et al, 2018), as follows:

Gi(Ck) = gtk + Stk + her + perc + €, (8)

where G; is the transformed sales amount in time ¢, g denotes the trend
function representing nonperiodic changes in the time-series, s, represents
the periodic changes (seasonality), hy and pg represent the irregular effects
of holidays and promotional variables, respectively, and e is the adjustable
error value. For each (i, the next subset is forecast, and the forecasting error
FE) is calculated, which actually updates the error parameter e;,. Next, the (j
and (i1 subset data are fed to training data to calculate the forecasting error
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and tune the remaining parameters in Equation 8. This iterative process will
produce forecast values, as presented in Algorithm 1.

Algorithm 1 ATES model for sales forecasting

Input: n parts of training data ¢ = {(1, (2, ..., }
Output: forecasts F = {{D1,51},{Dt+2,52}...,{Drsy, Sy}}
Begin
N+ {1,2,...,n}
for each N; € N do
M ¢" UG
st regression(Cx)
Sk 1/ZI
o < (5)
htk < th X Khp
Dtk < Zpt X Kp

Fy < {{dk+1, 841} s {dkra, Skta}}
Fo  Ceq
ST (Fi—Fo)?
kg1 ™
E — ——2X5Be 5 100% where SE), -
k {drktat1:Shtat1} % k Z]m.;kulx

€kt1 <+ paramFitting(Cr+1, k)

end for

& <« median{&k &k+1, ---,En}

M€« train(¢, &)

F o~ {{Dey1, Si}y oo {Digyy Syb}
End

Compared with traditional time-series models, the Prophet model does not
explicitly account for the temporal features in the data. In addition, the model
fits fast; it is also robust to missing values, is modular, has easily interpretable
parameters, and accommodates multiple seasonality aspects. The modules of
the Prophet model are defined as follows.

A nonlinear growth function g, is assumed:

Sﬁ 1/21
Gue = (S,C) ~ 1 9)
1

The smooth seasonal effect is approximated using the Fourier series as

follows: N
2mnt . 2mnt
s = nE:I (ancos (P) + by sin <P>) , (10)

where P is the regular period, n represents the weight (number of cycles),
and a, and b, are Fourier coefficients. The choice of n is automated using
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the Akaike information criterion because increasing N may result in model
overfitting. This component allows for modelling seasonal patterns in the sales
time-series.

The effects of holidays and promotional variables are defined as follows:

hi = Zpg X Kp, (11)
bt = Zpt X Kp, (12)

where Zp; and Z,; are vectors of dummy variables representing holiday and
on-promotion dates, respectively, and x; and k), are parameters indicating a
change in the forecast; priors kp, k, ~ Normal (0, 5) are used (Taylor and
Letham, 2018).

4.2 GRU-CNN-LSTM Architecture

Inspired by the GRU-CNN and CNN-LSTM hybrid forecasting models (Wu
et al, 2020; Kim and Cho, 2019), in which GRU (LSTM) captures temporal
features of sales time-series and CNN is used to extract features from the
spatiotemporal matrix characterizing the remaining input variables, here we
propose a blended GRU-CNN-LSTM architecture, as shown in Figure 5. By
using LSTM for multistep-ahead forecasting in the second stage, the proposed
model overcomes the gradient explosion problem of the GRU-CNN model and,
at the same time, improves the LSTM robustness and learning effectivity by
reducing its number of parameters. Here, the CNN feature extraction module
works on high-dimensional data using a spatiotemporal matrix.

To reduce the dimensionality of the sales time-series, characteristic-based
clustering was performed. That is, global characteristics were extracted from
the data and clusters were formed based on these characteristics, rather than
on the original time-series data. This not only makes the subsequent fore-
casts more effective but makes the forecasting model more robust to noise
and missing data (Wang et al, 2009). Using this dimensionality reduction pro-
cess, arbitrarily long time-series can be clustered. This is also useful for retail
sales because time-series of different lengths are usually available for individ-
ual stores. Indeed, the structural-based clustering is reportedly more robust
against time-series length and noise than dimensionality reduction methods
that use point-level data (Wang et al, 2006). Structural characteristics of time-
series, namely, the trend, seasonality, and kurtosis, were investigated using the
characteristic-based clustering methods. We found that the selection of kur-
tosis (heavy-tails) generates high-quality hierarchical clustering, indicating a
“peaked” distribution of the data. To identify peaks in the data, therefore, we
used the excess kurtosis K, defined as follows:

1 < 4
K= @;(St —5)" =3, (13)

where ¢ is the standard deviation and n is the number of data samples. Where
heavy-tails (upward or downward) were detected, we split the data into C
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parts. Thus, a limited number of data patterns is obtained that represent the
relevant characteristics of the time-series, and, at the same time, the model
becomes less sensitive to noise (Wang et al, 2006). The spatiotemporal matrix
can be expressed as:

Xk (1) Xk (2) R Xk (n)
where n represents the n-th time sequence of each k-th data part.

Feature Extraction j Prediction
I
; 1-D Feature
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:( 1
I
| | |
| i |
| i i
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pa ‘ based # o # LSTM
Model 1 Composition v
| |
| i
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I
I
|
I
I
|
/

Fig. 5 Forecasting pipeline for blended GRU-CNN-LSTM architecture

The GRU feature extraction module preserves temporal information in
the hidden layers and consists of two gates, i.e., the reset gate and update
gate. The optimal time lag is selected using the reset gate. In recurrent neural
networks, hidden state outputs h; at time ¢ are calculated based on the input
time series x; and the hidden state h;_;. The recurrent neural network model
can be represented as follows:

hi = g1 (Whzhi—1 + Whpai—1 + bp), (14)
U = go(Whyhe + by), (15)

where g, denotes the output at time t; Why, Wpy, and Wp, represent the
weight matrices of hidden layers; g; and g» are nonlinear activation functions;
and by, and b, are bias vectors. GRU is then defined as follows:

up = (W + Wyecr—1 + by), (

re = o(Wypxy + Weeci—1 + by), (17
é = tanh(Weghy + Wie(re ® ci—1) + be), (
=1 —-w)®c_1+u ® é, (

where W,,, W,., and W, denote, respectively, the weight matrices of the update
gate, reset gate, and candidate activation vector ¢; c; is the cell state vector;
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o is the sigmoid activation function; ® stands for the scalar product; and b,,
b, and b, are bias vectors.

The LSTM structure is similar to that of GRU but consists of four gates;
the input, input modulation, forget, and output gates:

iy = o(Wigws + Wanhi—1 + Wicei—1 + b;), (20)

ft = O’(mext + Whnhi—1 +Wieecr—1 + bf), (21)

¢t = fr @cioq + i @ tanh(Wezpze + Wiphe—q (22)
+Weeei—1 + be),

o1 = 0(Wogs + Whphe—1 + Woecr—1 + bo), (23)

ht = 0oy ® tanh(cy), (24)

where W;, Wy, and W, are, respectively, the weight matrices of the input,
forget, and output gate.

To build the GRU-CNN-LSTM architecture, at first the GRU and CNN are
trained on the same training data separately as presented in Figure 6. In the
CNN module, the two-dimensional spatiotemporal matrices are stacked into
three-dimensional matrix blocks. The res-convolution blocks perform convo-
lutional operations to extract high-level features, and pooling layers are used
to condense the features and produce the flattened (one-dimensional) data
representation. Next, the GRU and CNN one-dimensional flattened data are
merged accordingly as inputs for LSTM, where the merged data are divided
into smaller datasets representing lags used for multistep-ahead forecasts.
Each forecasting model consists of two LSTM layers and one dense layer to
consolidate the forecasted output.

4.3 Hybrid Model

The combination of the ATES and GRU-CNN-LSTM models allowed us to
capture different aspects in the underlying data. Hybrid models integrating
linear and nonlinear components have proved to an effective strategy for time-
series forecasting (Zhang, 2003; do Nascimento Camelo et al, 2018; Smyl, 2020).
However, the sales time-series data are assumed to comprise a linear component
L; and a nonlinear component N; (Zhang, 2003). First, ATES is used to model
the linear component, which leads to residuals containing only the nonlinear
component. Second, the GRU-CNN-LSTM model is employed to model the
nonlinear residuals from the ATES model. Then, the hybrid forecast F; can
be obtained as follows:

Ft = Lt(ATESforecast) + Nt(GRU —CNN — LSTMforecast/ATES) (25)

where L; denotes the linear component captured by applying the ATES model
to the data, and N, denotes the nonlinear component captured using the
blended GRU-CNN-LSTM architecture. First, the proposed ATES model cal-
culates the periodic and polar characteristics on the transformed data. Then,
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the ATES model is fine-tuned on training data, thus accommodating multi-
ple seasonality aspects. From this component, the residuals R; at time ¢ are
calculated that contain only the nonlinear relationship as follows:

Rt = Ft - -[:ta (26)

where I:t is the forecasted value from ATES, and residuals R; are modelled
using the nonlinear component N; (i.e., using the GRU-CNN-LSTM model).
The combined forecast g; is then obtained as follows:

U = Ly + Ny, (27)

where Nt is the forecasted value from GRU-CNN-LSTM.
However, residual analysis alone is inadequate to detect any nonlinear
patterns in the data; therefore, we model the residuals using our blended
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GRU-CNN-LSTM model. Our blended GRU-CNN-LSTM architecture is a
feed-forward network that operates on the deseasonalized and normalized data
to provide multiple-step-ahead forecasts.

In this section, we outlined three methods for sales forecasting with big
data. The ATES model utilizes the traditional multivariate regression model
and augments it with the spectral analysis of multivariate time-series. The
GRU-CNN-LSTM model was designed to capture high-level spatiotemporal
features in the data. Finally, the hybrid model integrates both models, so that
the linear and nonlinear components of the data can be effectively modelled.

5 Empirical Result

5.1 Experimental Setup

The proposed sales forecasting models were evaluated on the large real-world
dataset introduced in Section 3. To assess the performance of the proposed
models, each store within the dataset was given an individual forecast, and
the performance measures were calculated as the average over all the stores in
the dataset. The data for years 2013 to 2016 were used for training; the data
for the year 2017 were used for testing. To obtain the optimum values of the
model hyperparameters, a 10-fold cross-validation was applied on the training
data. Hereinafter, we report the errors obtained for the testing data only.

The proposed models were deployed in Python. More precisely, the Python
Data Analysis Library (Pandas) was used to process the data, and the Python
scikit-learn package was used to implement the proposed methods. The Python
code for Prophet is available at https://github.com/facebook/prophet.

To demonstrate the effectiveness of ATES, five other statistical time-series
models were selected from those most effective at forecasting sales in earlier
research: ARIMA (Ramos et al, 2015), SARIMA (Arunraj and Ahrens, 2015),
SES (Taylor, 2011), HWES (Gelper et al, 2010), and PROPHET (Taylor and
Letham, 2018). The parameters of the statistical time series models were set
as follows:

¢ ARIMA — numbers of auto-regressive terms, nonseasonal differences, and
lagged forecast errors p,d,q = {0, 1, 2, 3}

HWES - seasonal and trend factors with a season cycle length of 28
PROPHET - daily frequency and seasonality with periods = 365

SES — span = 28, smoothing factor o = 2/(span + 1)

SARIMA - p,d,q = {0, 1, 2, 3}, seasonal order = 12

For the purpose of comparison with the proposed GRU-CNN-LSTM model,
we used the traditional shallow, artificial feed-forward neural network (ANN)
(Sun et al, 2008), a deep feed-forward neural network (DNN) (Loureiro et al,
2018), recurrent neural networks (GRU (Noh et al, 2020) and LSTM (Weng
et al, 2019)), CNN (Pan et al, 2020), and CNN + LSTM (Kim and Cho, 2019).
The settings of the hyperparameters for the tested neural network models came
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from the extensive set of experiments; the optimal combinations, as obtained
using the grid search procedure, are presented in Table 3.

Stochastic gradient descent with an Adam optimizer with MSE loss func-
tion was used to train the neural network-based models. Rectified linear unit
(ReLU) was employed as hidden activation functions. The output shape of
(33,1) was used to obtain predictions for the next 30 days and three, six, and
12 months. We also tested different numbers of hidden layers, sizes of windows
and batches, epochs and learning rates, as indicated in Table 3.

Table 3 Parameters of neural network-based forecasting models

Parameters ANN CNN DNN GRU LSTM CNN+4LSTM GRU-CNN-LSTM
Hidden layers 2 7 3 3 2 5 7
Window size 1 24 20 20 30 25 25

Batch size 30 30 30 40 16 30 32

No. of epochs 100 200 100 200 70 90 400

Input shape (239,1) (220, 24,1) (220,20) (240,1,20) (220,20,1) (187, 2, 18,1) (187, 2, 18,1)
Learning rate 0.1 0.1 0.1 0.1 0.001 0.01 0.01

5.2 Forecasting Performance Evaluation

To evaluate the forecasting performance of the proposed models, different
point forecast accuracy measures were used, namely, the root mean square
error (RMSE), mean absolute percentage error (MAPE), and percentage fore-
cast error (PFE). Unlike the absolute error measures, minimizing the RMSE
yields unbiased point forecasts, but it is sensitive to the intermittent demand
items associated with high forecast errors (Kolassa, 2016). Therefore, we also
employed MAPE and PFE to demonstrate the forecasting performance in
terms of percentage. These measures are unit-free; therefore, they can be used
to compare the forecasting performances across different datasets. The conven-
tional measures do not provide a problem context. That is why PFE was used;
it is a forecasting alternative that offers a high level of forecasting certainty
(almost 95%), allowing us to say that the forecast will be within PFE% of the
actual value (Klimberg and Ratick, 2000). The error measures are defined as
follows:

RMSE = , (28)
Z |S¢— S|
MAPE = =5t % 100%, (29)
n
2 X Se
PFE = 2% « 100%, (30)
Sti1

where n is the number of periods predicted, S; and S, are the actual and
forecasted values in time ¢, respectively, and s, is the standard error.
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Fig. 7 Sales forecasts of statistical time-series methods for a selected item-store samples

5.3 Experimental Results

In the first set of experiments on the large benchmark dataset, we compared
the performance of ATES with several state-of-the-art statistical time-series
models. To evaluate the robustness of the forecasting models, forecasts were
produced of multistep-ahead predictions, namely, one-, three-, six-, and 12-
month forecasting horizons. This is also important from the perspective of
business sales and operations planning (Berry et al, 2020).

From Table 4, it can be observed that ATES consistently outperformed
the compared models for the one- and three-month-ahead forecasting horizons.
However, for the medium-term predictions of 6 and 12 months, the traditional
ARIMA and Prophet methods performed better. This can be attributed to
adaptive changes in the ATES model parameters based on seasonal or periodic
effects. For sales forecasting with big data, this flexibility is even higher than
for Prophet, which results in an error decrease for shorter forecasting horizons
but may lead to uncertain intervals for longer projections (Taylor and Letham,
2018). For a better illustration, the one-month-ahead forecasts for a random
store and particular product are presented in Figure 7. Specifically, it can be
seen that ATES is particularly effective in capturing unexpectedly high peaks
of sales. This in turn may cause wide uncertainty intervals for longer forecasting
horizons.

In the next run of experiments, we employed the neural network models for
sales forecasting. Table 5 shows that the proposed blended GRU-CNN-LSTM
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Table 4 Forecasting error performance for statistical time-series methods

Time Dimension { [MSE

| ARIMA HWES PROPHET SES SARIMA ATES
One Month 1.1622 1.8134 1.0493 2.0516 2.0501 0.6185
One Quarter 1.9369 3.1048 1.9826 3.0917 3.1025 1.7642
Half Year 3.3461 4.8744 3.3650 5.8629 5.3274 3.9617
One Year 4.9628 6.3890 5.3586 7.0677 6.0118 5.2242
Time Dimension { MAPE

l ARIMA HWES PROPHET SES SARIMA ATES
One Month 11.37% 14.88% 8.51% 15.84% 15.18% 4.62%
One Quarter 14.65% 19.16% 11.39% 19.39% 18.93% 7.24%
Half Year 21.37% 24.77% 13.05% 22.64% 21.02% 13.41%
One Year 25.48% 27.87% 15.51% 25.42% 22.28% 15.36%
Time Dimension ‘ Pre

l ARIMA HWES PROPHET SES SARIMA ATES
One Month 3.76% 4.39% 2.78% 8.56% 7.92% 2.14%
One Quarter 4.56% 7.82% 4.92% 10.22% 11.66% 4.37%
Half Year 5.83% 13.76% 5.26% 14.78% 14.42% 6.23%
One Year 6.29% 16.27% 6.23% 17.03% 18.18% 8.45%

Table 5 Forecasting error performance for neural network models

Time Dimension ‘ RMSE
| ANN CNN DNN LSTM GRU CNN+4LSTM GRU-CNN-LSTM
One Month 1.3127 1.4451 1.0679 1.1421 1.0395 1.2833 0.9614
One Quarter 2.4127 2.8964 1.8727 2.0716 1.5189 1.6185 1.4584
Half Year 4.7519 4.5148 2.2459 3.7811 2.6958 2.7862 2.2183
One Year 5.2274 5.6367 3.8391 5.2198 4.0294 3.9739 4.4719
Time Dimension ‘ MAPE
‘ ANN CNN DNN LSTM GRU CNN+LSTM GRU-CNN-LSTM
One Month 16.72% 14.78% 9.73% 17.58% 12.38% 12.92% 6.44%
One Quarter 19.46% 18.61% 11.34% 19.03% 16.54% 14.81% 9.05%
Half Year 21.03% 20.05% 14.28% 22.38% 18.89% 16.29% 14.17%
One Year 22.59% 23.81% 22.07% 23.67% 20.76% 17.02% 17.44%
Time Dimension ‘ PRE
l ANN CNN DNN LSTM GRU CNN+4LSTM GRU-CNN-LSTM
One Month 4.88% 8.94% 4.69% 6.02% 5.27% 5.48% 4.69%
One Quarter 5.46% 12.37% 6.19% 6.47% 6.26% 7.44% 5.34%
Half Year 7.39% 15.62% 11.44% 7.02% 10.68% 9.29% 7.17%
One Year 8.12% 17.69% 13.15% 7.15% 12.69% 13.27% 7.41%

approach performed best in terms of most forecasting performance dimen-
sions. When comparing the recurrent neural networks, GRU seemed superior
to LSTM, indicating the vanishing gradient problem in LSTM leading to model
overfitting. It must be admitted that this comparison failed to identify a clear
benefit of GRU-CNN-LSTM over a longer forecasting horizon of six and 12
months. This suggests that characteristic-based clustering is particularly effec-
tive for short forecasting horizons; for medium-term predictions based on deep
neural networks, this method appears to be less effective. In other words, for
longer prediction periods, the original time-series data can also be used as
inputs of recurrent neural networks to achieve high accuracy.

The results suggest that the proposed GRU-CNN-LSTM model overcomes
this drawback of LSTM. This can be partly explained by a loss of information
caused by the flattening of the spatiotemporal matrices into one-dimensional
time-series data in ANN, DNN, GRU, and LSTM. On the one hand, the results
for CNN show that this neural network model was not effective in capturing
the high-level temporal features in the data. On the other hand, CNN could be
combined with recurrent neural networks to extract additional features from
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Fig. 8 Sales forecasts of neural network models for a selected item-store sample

Table 6 Forecasting error performance for hybrid time-series/neural network models

Time Dimension ‘ RMSE
l ATES4+CNN ATES4+DNN ATES4+GRU ATES4+GRU-CNN-LSTM
One Month 0.5849 0.4937 0.5298 0.3166
One Quarter 1.2297 1.2124 1.0151 0.9476
Half Year 1.9849 1.4126 2.1826 1.0237
One Year 4.0217 3.4265 4.6392 2.9274
Time Dimension ‘ MAPE
| ATES+CNN ATES+DNN ATES+GRU ATES+GRU-CNN-LSTM
One Month 3.89% 3.73% 4.26% 2.57%
One Quarter 7.62% 6.94% 6.21% 6.03%
Half Year 10.14% 11.81% 12.79% 9.84%
One Year 15.24% 14.76% 15.07% 12.61%
Time Dimension ‘ PRE

l ATES4+CNN ATES+DNN ATES+GRU ATES4+GRU-CNN-LSTM
One Month 2.07% 1.14% 1.62%

1.03%
One Quarter 3.41% 3.39% 3.94% 2.48%
Half Year 4.63% 5.44% 5.27% 3.88%
One Year 8.39% 6.51% 7.91% 6.02%

the data and thus produce more accurate forecasts. When compared with the
results for the statistical time-series methods, the proposed GRU-CNN-LSTM
model achieved remarkable forecasting errors for longer forecasting horizons.
This was due to its capacity for recurrent predictions, capturing both short-
and long-term spatiotemporal patterns in the data. As illustrated in Figure 8,
the proposed GRU-CNN-LSTM model was also effective in capturing sales
peaks in the short term.

In the final run of experiments, the hybrid ATES+GRU-CNN-LSTM
model was compared with its hybrid counterparts, namely, ATES+CNN,
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Fig. 9 Sales forecasts of hybrid time-series/neural network models for a selected item-store
sample

ATES+DNN, and ATES+GRU. The compared hybrid models were trained in
the same manner as ATES+GRU-CNN-LSTM. Table 6 shows that the pro-
posed ATES+GRU-CNN-LSTM model outperformed its hybrid competitors
in terms of all evaluation measures irrespective of time period. In addition, our
hybrid model performed substantially better than single ATES (Table 4) and
GRU-CNN-LSTM (Table 5), indicating that the underlying sales data com-
prised of linear and nonlinear components in the short- and long-term. This
finding was confirmed by the good forecasting performance of the remaining
hybrid models. Figure 9 shows that the hybrid models are particularly accurate
in predicting the short-term sales peaks.

5.4 Significance Tests

Choosing the appropriate forecasting model is challenging when one consid-
ers different accuracy measures. Moreover, comparisons among the forecasting
models should be based on reliable error estimates. This is why we calculated
the MAPE for each store in the data, which in turn allowed us to compare the
methods statistically. To perform statistical comparisons, we used the stan-
dard Wilcoxon nonparametric signed-rank test as recommended in previous
research because it is less restrictive to the nature of the error and less sus-
ceptible to outliers (Flores, 1989; Lu et al, 2012). The null hypothesis is that
there is no significant difference between two samples.
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Table 7 Results of Wilcoxon signed-rank test between the ATES model and five
competing statistical time-series methods

ARIMA HWES PROPHET SES SARIMA
Z-statistic -15.76 -15.27 -15.65 -15.58 -15.11
p value 5.50e-56 1.24e-52 3.18e-55 9.62e-55 1.32e-51

ATES model

Table 8 Results of Wilcoxon signed-rank test between the GRU-CNN-LSTM model and
six competing neural network models

ANN CNN DNN LSTM GRU CNN+4LSTM
Z-statistic -4.64 -4.22 -5.35 -4.82 -4.30 -5.39
GRU-CNN-LSTM p value 3.525e-6 2.356e-5 7.65e-8 1.413e-6 1.67e-5 7.015e-8

Table 9 Results of Wilcoxon signed-rank test between the hybrid ATES+GRU-CNN-
LSTM model and three baseline hybrid time-series/neural network models

ATESTCNN ATESIDNN ATES+GRU

Z-statistic -4.51 -4.76 -4.76

ATES+GRU-CNN-LSTM "' 1o 6.33c-6 1.920-6 1.92¢-6

The results of the Wilcoxon signed-rank test in Table 7, 8, and 9 are
based on the MAPE values. The p-values indicate the statistically different
performance for the ATES, GRU-CNN-LSTM, and hybrid ATES+GRU-CNN-
LSTM models when compared with the statistical time-series methods, neural
networks, and hybrid models, respectively.

5.5 Robustness Evaluation

To produce a robust and unbiased estimate of model prediction error, a com-
mon approach is to create multiple training/testing splits and average the
errors over all the splits (Ferreira et al, 2017). Therefore, we split the data
into multiple training/testing sets using different relative ratios. Specifically,
in addition to the 80% relative ratio applied above, we considered two other
relative ratios, i.e., 60% and 70%. In other words, the first three (three and a
half) years were used for training and the last two (one and a half) years were
used for testing for the 60% (70%) ratio. The one-month-ahead forecasting
horizon is evaluated in Table 10, 11, and 12.

Table 10 shows that the ATES model consistently outperformed the
compared statistical time-series methods irrespective of the relative ratio of
training data. Similar evidence can be observed for the GRU-CNN-LSTM
and ATES+GRU-CNN-LSTM models in Table 11 and Table 12, respectively.
Notably, the forecasting performance substantially dropped for the 60% rela-
tive ratio, indicating that there were insufficient training samples to properly
capture the temporal patterns in the data.

To evaluate the robustness of the proposed model to different markets,
we used the sales dataset for 45 Walmart stores'. The task was to predict
department-wide sales for each store. The dataset contains sales from May 2,
2010, to November 1, 2012. Similar to the grocery sales dataset, each record
contained the date, store number, department number, item number, weekly

Yhttps:/ /www.kaggle.com/c/walmart-recruiting-store-sales-forecasting/data
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Table 10 Robustness evaluation of statistical time-series methods for different
proportions of training data

Relative Ratio % ARIMA HWES PROPHET SES SARIMA  ATES

80% 11.37% 14.88% 8.51% 15.84% 15.18% 4.62%
70% 12.56% 18.87% 10.33% 23.27% 17.89% 6.34%
60% 18.34% 22.77% 14.67% 27.54% 19.02% 9.41%

Table 11 Robustness evaluation of neural network models for different proportions of
training data

Relative Ratio % ANN CNN DNN LSTM GRU CNN+4LSTM GRU-CNN-LSTM
80% 16.72% 14.78% 9.73% 17.58% 12.38% 12.92% 6.44%
70% 17.26% 14.59% 10.44% 19.33% 16.54% 13.81% 8.67%
60% 20.14% 26.81% 15.32% 21.11% 18.32% 16.15% 10.34%

Table 12 Robustness evaluation of hybrid time-series/neural network models for different
proportions of training data

Relative Ratio % ATES+4+CNN ATES4+DNN ATESH+GRU ATES4+GRU-CNN-LSTM

80% 3.89% 3.73% 4.26% 2.57%
70% 6.01% 5.47% 6.29% 3.43%
60% 9.39% 8.61% 8.48% 6.24%

sales for the given department, and whether the week is a holiday week. Over-
all, the dataset encompassed 421,570 data samples (the data for years 2010 to
2011 were used for training; the data for 2012 were used for testing).

The results for the Walmart dataset are presented in Appendix 1, showing
the performance of statistical time-series methods, neural network models,
and hybrid models. When comparing the performance of statistical time-series
and neural network models, the results suggest that ATES performed best for
the shortest forecasting horizon, while the GRU-CNN-LSTM neural network
model was more effective for the remaining time dimensions, thus confirming
the results obtained for the grocery sales dataset. In addition, the hybrid time-
series model ATES+GRU-CNN-LSTM provided further improvement of the
forecasting performance in terms of most performance measures, confirming
the effectiveness of the proposed hybrid model.

5.6 Comparison with Existing Models

It should be noted that the benchmarked dataset has been used in several
related studies to date. Among the first studies, Chu et al (2018) proposed
a model called ”substituting a subtree with an approximate subprogram”
(SAS-GP), which used an effective global optimization of genetic program-
ming. The model was applied to one-day-ahead predictions based on sales
on seven previous days, and it significantly outperformed other evolutionary-
based prediction methods. The WaveNet CNN model (Kechyn et al, 2018) was
proposed to make use of dilated causal convolutions that are reportedly faster
to train than recurrent neural networks. Feature maps in CNN were replaced
with unsampled filters to avoid increasing receptive fields. As a result, the
model performed excellently for the relatively short forecasting horizon of 16
days. An attention-based architecture called the temporal fusion transformer
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Table 13 Comparison with existing models for the grocery sales dataset

Authors Forecasting Method Performance
horizon

Chu et al (2018) 1-day SAS-GP RMSE=0.631

Kechyn et al (2018) 16-days WaveNet NWRMSLE=0.578

Kuleshov et al (2018) 1-month RNN-+recalibration MAPE=17.3%

Vairagade et al (2019) 1-day RF MAE=0.022,
MSE=0.001

Weng et al (2019) 1-day LightGBM + LSTM NWRMSLE=0.504

Ding et al (2020) 1-day LR, SVR, CatBoost RMSE=1.120(LR),
RMSE=0.782(SVR),
RMSE=0.605(CatBoost)

Lim et al (2021) 1-month TFT P50QL=0.147

Sprangers et al (2022) 1-month BiTCN sMAPE=0.674,
NRMSE=1.317

Paria et al (2022) 1-month HRDNN sMAPE=0.208

this study 1-month ATES+GRU-CNN- RMSE=0.317,

LSTM MAPE=2.57%,

PFE=1.03%

Legend: BiTCN - bidirectional temporal convolutional network, HRDNN - hierarchical regularized
DNN, LR - linear regression, NRMSE - normalized RMSE, NWRMSLE - normalized weighted
root mean squared logarithmic error, P50QL - P50 quantile loss, RF - random forest, SAS-GP -
substituting a subtree with an approximate subprogram genetic programming, sMAPE - symmet-
ric MAPE, SVR - support vector regression.

(TFT) was proposed by Lim et al (2021) for multistep-ahead predictions, pro-
viding the forecaster with interpretable temporal dynamics. The time-varying
relationship was considered in the used recurrent neural network, and the fea-
ture selection component was integrated into the model to detect relevant
inputs. The one-month-ahead prediction of sales was performed using 90 days
of past information to demonstrate that the TFT outperformed the ARIMA,
deep-state space models, and autoregressive recurrent networks.

To demonstrate the effectiveness of the proposed model, the performance
of the ATES+GRU-CNN-LSTM hybrid model was compared with the results
of other models that have been applied to the grocery sales dataset in pre-
vious studies. The results obtained in the previous studies are presented in
Table 13, which shows that these studies differ in the forecasting horizon and
the performance measures used for the models. When considering forecasting
models using the same performance measures as our study, our hybrid model
outperforms these models in terms of both RMSE and MAPE. Specifically,
the proposed model achieved a reduction in RMSE error by almost half com-
pared with the SAS-GP (Chu et al, 2018) and CatBoost models (Ding et al,
2020). Similarly, there was a considerable reduction in MAPE (by almost 15%)
compared with the RNN model augmented with a recalibration component
(Kuleshov et al, 2018). This validates the effectiveness of the proposed model
compared with existing machine learning and deep learning neural network
models.

5.7 Summary of Experimental Results

The results of this study show which forecasting methods perform best in
forecasting sales with big data. The adaptive and flexible ATES model, which
integrates seasonal and periodic effects performed significantly better than
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the competing models based on statistical time-series methods. Likewise, the
proposed GRU-CNN-LSTM deep learning-based model was superior to the
compared neural network models. However, the performance of the proposed
models differed significantly for the forecasting horizons examined. The ATES
additive model proved to be more accurate for one-month-ahead and three-
month-ahead forecasting horizons but was not adequate for more complex and
challenging longer forecasting horizons. Further improvement in forecasting
performance could be achieved by combining ATES and GRU-CNN-LSTM.

6 Discussion

As noted in the literature review, forecasting sales with big data requires
capturing complex multilevel features from the data. Compared with other
machine learning methods, deep neural networks have proven to be the most
effective for this challenging task (Loureiro et al, 2018). However, the results
of previous studies are inconclusive in this regard. Vairagade et al (2019) com-
pared the random forest and neural networks to show that the random forest
produced a lower MAPE and MSE. However, this finding turned out to be valid
only for smaller datasets, as only 10-most-purchased items and a relatively
short time-series were used for forecasting. Moreover, only the traditional feed-
forward neural network was used for comparison. This study yielded results
that corroborate the findings of a great deal of the previous studies in sales fore-
casting (Loureiro et al, 2018; Pan et al, 2020; Ma and Fildes, 2021), suggesting
that deep learning neural networks outperform statistical time-series methods.
Given the results of the deep neural network comparisons, the capacity of the
GRU model to solve the vanishing gradient problem proved to be particularly
important in sales forecasting. However, this aspect of deep neural networks
has proven to be only valid for longer forecasting horizons, indicating that the
effects of seasonality and holidays/promotions are crucial for shorter-term pre-
dictions of retail sales, which is consistent with earlier research (Arunraj and
Ahrens, 2015; Ma et al, 2016).

Significant improvement in forecasting performance across forecasting hori-
zons was achieved by combining the ATES and GRU-CNN-LSTM models.
This finding is in agreement with Li et al (2018), who showed the superiority
of modelling the linear component and nonlinear residuals in sales data using a
combined model over individual linear and nonlinear forecasting models. These
results are also consistent with those of other studies (Arunraj and Ahrens,
2015) and suggest that, in the presence of strong seasonality, traditional and
hybrid sales forecasting models perform better than neural network models.

7 Conclusions

This study set out to propose a sales forecasting hybrid model capturing both
linear and nonlinear patterns in big data. To deal with the size of the data,
data were split based on spectral characteristics in ATES, and kurtosis was
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used to produce data parts in the CNN module of the GRU-CNN-LSTM archi-
tecture. In addition, compared with models used in previous studies for sales
forecasting, the models proposed in this study were intended for a more chal-
lenging task of multistep-ahead predictions ranging from one to 12 months.
The present study confirms previous findings highlighting a role for hybrid
forecasting models and contributes additional evidence that underlined the
importance of (1) flexible additive modelling of seasonal effects in the linear
component, and (2) spatiotemporal representation of items and stores in the
nonlinear component of sales data. For the latter component of the hybrid
model, high-level spatiotemporal features obtained from CNN and GRU were
combined as flattened data and used by the LSTM component to forecast the
sales data. One of the most interesting finding to emerge from this study is
that the proposed hybrid ATES+GRU-CNN-LSTM model proved to be robust
across forecasting horizons. Overall, using the hybrid model, it was possible
to reduce the MAPE value by 2.05% for one-month-ahead and by 2.75% for
12-month-ahead forecasts of grocery sales relative to the compared statistical
time-series and neural network models.

The contribution of this study to the current literature lies in the devel-
opment of a hybrid modelling approach to sales forecasting that is robust to
forecasting horizons. To find a cutting-edge solution for multistep-ahead sales
forecasting, we have devised a multi-stage methodology that additively mod-
els the big data characteristics in sales forecasting data. The evidence from
this study suggests that the flexible linear component is perfectly adequate for
short-term sales forecasts, while for accurate long-term forecasts it needs to be
combined with a hybrid architecture based on deep learning. With reasonably
accurate forecasting results up to one year in advance, the proposed solution
can be expected to improve inventory management performance and adjust
operational decisions especially in promotional marketing. Another important
implication is that the underlying big data should be stored and accessed using
a three-dimensional data model for effective product-specific store-level sales
forecasting.

Finally, a number of limitations need to be noted regarding the present
study. One limitation is that the weights of individual items were not con-
sidered. Indeed, giving a larger weight to perishable items is recommended in
future studies. For that purpose, the loss function of the forecasting model
must be modified. The proposed hybrid model can also be improved by using
additional determinants of sales relevant for a given industry. One advantage
of our models is their easy modularity, which allows analysts to add relevant
factors, such as macroeconomic indicators and government policies (Sagaert
et al, 2018a). A further study could also assess the performance of spatiotem-
poral transformer-based deep learning models (Lim et al, 2021) in modelling
the nonlinear residuals. For future research directions, we also recommend the
application of the proposed forecasting models in different business domains
with similar data characteristics such as e-commerce or energy forecasting as
well as in other domains (e.g., mobile networks and air quality forecasting).
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Appendix 1: Forecasting error performance for the Walmart sales dataset
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Statistical time-series methods
RMSE

Deep-Learning Model Using Hybrid Adaptive Trend

Time Dimension ‘

l ARIMA HWES PROPHET SES SARIMA ATES
One Month 0.1072 0.1630 0.2135 0.1678 0.1147 0.0824
One Quarter 0.2833 0.3345 0.3342 0.8877 0.2567 0.2100
Half Year 0.3976 0.5782 0.4123 1.2340 0.4123 0.3321
One Year 0.7560 0.8876 0.5678 1.3456 0.6318 0.4567
Time Dimension ‘ MAPE
l ARIMA HWES PROPHET SES SARIMA ATES
One Month 14.58% 18.96% 23.78% 17.90% 13.59% 8.62%
One Quarter 18.56% 24.80% 25.23% 28.31% 21.93% 17.24%
Half Year 26.79% 31.21% 28.35% 47.10% 25.02% 23.77%
One Year 41.35% 44.87% 31.41% 55.42% 32.28% 27.66%
5
Time Dimension { PFE
| ARIMA HWES PROPHET SES SARIMA ATES
One Month 4.66% 4.99% 5.67% 4.96% 4.92% 4.23%
One Quarter 8.56% 8.92% 9.22% 10.12% 8.26% 7.38%
Half Year 11.23% 11.76% 11.22% 16.78% 11.42% 10.26%
One Year 13.44% 13.77% 13.23% 20.03% 13.18% 11.23%
Neural network models
Time Dimension I RMSE
‘ ANN CNN DNN LSTM GRU CNN+4LSTM GRU-CNN-LSTM
One Month 0.2105 0.1194 0.1044 0.1223 0.1072 0.1361 0.0918
One Quarter 0.3012 0.1988 0.2109 0.2467 0.2234 0.2123 0.1876
Half Year 0.3987 0.3184 0.2908 0.3123 0.2987 0.2911 0.2843
One Year 0.6881 0.4765 0.4908 0.5467 0.4654 0.4678 0.4123
Time Dimension ‘ MAPE
‘ ANN CNN DNN LSTM GRU CNN+LSTM GRU-CNN-LSTM
One Month 24.58% 15.11% 13.23% 13.79% 14.17% 14.09% 12.11%
One Quarter 30.21% 24.45% 23.78% 21.90% 19.54% 20.10% 17.00%
Half Year 41.89% 31.22% 29.09% 33.89% 28.22% 29.21% 23.22%
One Year 49.56%  41.22%  39.54%  40.22% _ 38.78% 39.22% 31.87%
ST
Time Dimension { PrE
| ANN CNN DNN LSTM GRU CNN+4LSTM GRU-CNN-LSTM
One Month 4.90% 4.60% 4.39% 4.12% 4.34% 4.31% 4.01%
One Quarter 8.23% 8.37% 9.01% 8.47% 8.21% 8.01% 7.64%
Half Year 11.23% 10.89% 10.18% 10.23% 10.01% 11.21% 9.87%
One Year 13.78% 13.58% 13.15% 13.45% 12.69% 12.27% 11.78%
Hybrid time-series/neural network models
Time Dimension ‘ RMSE
l ATES4CNN ATES4+DNN ATES4+GRU ATES4+GRU-CNN-LSTM
One Month 0.1241 0.1356 0.1230 0.0851
One Quarter 0.1723 0.1733 0.2145 0.1409
Half Year 0.2562 0.2312 0.2876 0.2133
One Year 0.3578 0.3289 0.3512 0.2809
Time Dimension { MAPE
l ATES+CNN ATES4+DNN ATES4+GRU ATES4+GRU-CNN-LSTM
One Month 16.12% 15.32% 14.93% 12.43%
One Quarter 18.21% 18.81% 18.99% 16.22%
Half Year 24.34% 26.22% 26.44% 22.65%
One Year 30.18% 31.45% 30.70% 28.11%
Time Dimension ‘ PrE
| ATES4+CNN  ATES+DNN ATES+GRU  ATES4+GRU-CNN-LSTM
One Month 4.32% 4.12% 4.22% 2.43%
One Quarter 7.88% 7.78% 7.65% 5.38%
Half Year 10.83% 10.67% 10.27% 8.88%
One Year 13.32% 12.51% 13.01% 11.32%
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