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Which Product Description Phrases affect Sales Forecasting? An
Explainable AI Framework by Integrating WaveNet Neural Network

Models with Multiple Regression

Abstract

The rapid rise of many e-commerce platforms for individual consumers has generated a
large amount of text-based data, and thus researchers have begun to experiment with text
mining techniques to extract information from the large amount of textual data to assist in
sales forecasting. The existing literature focuses textual data on product reviews; however,
consumer reviews are not something that companies can directly control, here we argue
that textual product descriptions are also important determinants of consumer choice. We
construct an artificial intelligence (Al) framework that combines text mining, WaveNet
neural networks, multiple regression, and SHAP model to explain the impact of product
descriptions on sales forecasting. Using data from nearly 200,000 sales records obtained
from a cross-border e-commerce firm, an empirical study showed that the product
description presented to customers can influence sales forecasting, and about 44% of the
key phrases greatly affect sales forecasting results, the sales forecasting models that added
key product description phrases had improved forecasting accuracy. This paper provides
explainable results of sales forecasting, which can provide guidance for firms to design
product descriptions with reference to the market demand reflected by these phrases, and
adding these phrases to product descriptions can help win more customers.

Keywords: Text Mining; Sales Forecasting; Wavenet Neural Network; Explainable Al;
Cross-Border E-Commerce



1. Introduction

Sales forecasting refers to the estimation of the sales quantity and sales amount of all
or specific products and services in a specific time in the future through systematic sales
forecasting models based on past sales. Sales forecasting is very important in both
traditional retail and e-commerce, and the accuracy of forecasting affects the planning,
strategy, marketing, logistics, warehousing, and resource management decisions of retailers
and other members of the supply chain [8, 23, 67]. Accurate sales forecasting is critical for
companies operating in high-volume, low-margin industries. Inaccuracies in forecasts can
lead to stockouts or excess inventory, resulting in an inability to meet customer demand or
an increase in working capital, and for both cases, additional unnecessary costs [66].

Sales forecasting is also a key task in supply chain management. By generating more
accurate sales forecasts at stock keeping unit (SKU) level, it is possible to reduce the
bullwhip effect and achieve timely delivery, thereby improving the effectiveness of supply
chain management [27]. In the context of the supply chain, existing research focuses on
identifying and analyzing the influencing factors in sales forecasting[63], as well as
constructing new sales forecasting models [62]. Additionally, the application of artificial
intelligence methods to sales forecasting [13] [27] and improving the accuracy of sales
forecasting[ 73] have always been the research priorities in sales forecasting.

Cross-border e-commerce businesses face markets with greater uncertainty,
fluctuating sales demand, and intense competition, requiring companies to provide
customers with competitive prices and products in a relatively short period of time, so
accurate sales forecasting is critical to bridging the gap between supply and demand. Cross-
border e-commerce companies improve their inventory decisions through timely and
accurate sales forecasts [11, 12]. Research on improving the accuracy of forecasting models
has attracted the attention of many scholars [32, 41]. Traditional forecasting models including
the Winters exponential smoothing, the Box-Jenkins ARIMA model [9], and the multivariate
regression method. The Winters model is a viable method for multi-step forecasting under
stable economic conditions. Traditional sales forecasting methods are mainly based on
historical sales data, which can lead to a certain lag. The relationship between sales volumes
and their influencing factors is complex and often non-linear [74]. Therefore, in addition to
traditional forecasting models, machine learning-based forecasting models combining artificial
intelligence algorithms with time series are widely used. A supply chain market analysis
conducted in 2018 revealed that 19% of companies use machine learning and deep learning
methods to improve prediction accuracy [1]. In analyzing the impact of unstructured data such
as textual data on sales, scholars have mostly used deep learning based on neural networks, and
much of the literature has demonstrated that neural network models are more favorable than
traditional models in terms of predictive accuracy [28, 39], and that neural network models can
capture dynamic non-linear trends and seasonal patterns, as well as the interactions between
trends and patterns [47]. Deep learning models exhibit exceptional performance compared to
existing algorithms. However, deep learning is not as widely used in business decision making
as expected due to its computational complexity, lack of big data infrastructure, and the
opaqueness (black box) of deep learning [56]. How to use deep learning models to improve
prediction accuracy while providing explainable decision support to firms is the key to this



study? Through explainable output of results, the business decision makers can understand how
decisions are made and how these data science understandings correspond to existing business
knowledge to mitigate the risk of adoption [14].

In addition, the input characteristics have a direct impact on the model's forecasting
effect. Identifying and capturing the factors affecting demand is the basis and basic
guarantee of scientifically accurate sales forecasting results. Generally, the factors that
affect the accuracy of sales forecasts can be summarized into three aspects: historical data
[2], random factors such as seasons, holidays and promotions [3,4] and consumer factors
[5-7]. With the development of e-commerce, more and more textual data is generated, such
as product descriptions and user reviews of e-commerce platforms, online shoppers
increasingly rely on "word-of-mouth" recommendations [8] and product reviews [9,10] to
make purchases, thereby influencing sales forecasts for products. But from a business
perspective, word-of-mouth and user reviews are external and only indirectly controllable
[11]. Business owners have considerable control over their product descriptions [12].
Companies can design another type of text that is directly related to sales, specifically, they
can design product descriptions that are presented to consumers. Particularly in e-
commerce, products that rank high in search results tend to sell better, as customers often
look for products through search engines. Companies therefore use search engine
optimization (SEO) techniques to design product descriptions to improve the ranking of
their products in search results. Therefore, in this study, product descriptions are used as
text mining objects and important input features in sales forecasting models to investigate
their impact on sales forecasts.

This study proposes an explainable framework that combines deep neural networks,
text mining, multiple regression and SHAP model to analyze and explain the impact of
product description on sales forecasting. We used text mining analysis to convert product
descriptions into bag-of-words (BOW) vectors, which are used as explanatory parameters
in a WaveNet neural network model to predict sales and construct a sales forecasting model.
Then, we compared the results of a multivariate WaveNet sales forecasting model that
included BOW, historical sales and price with those of a model that included only historical
sales and price, and found that the accuracy of the sales forecasts improved significantly
when the BOW parameters were combined. After that, we use multiple regression to
identify the key product description word vectors that affect the sales prediction results as
feature factors, build the WaveNet sales prediction model again, and finally interpret the
deep learning model using the SHAP model to output the importance of the features to
explain the impact of each word vector on the prediction results to help business decision
makers find keywords that can optimize product search and product description on e-
commerce platforms, and provide decision support for more timely and accurate sales
forecasting. The main contributions are as follows:

Firstly, to the best of our knowledge, this paper is the first to apply the results of textual
analysis of product descriptions to a sales prediction model of WaveNet neural network and
to interpret the WaveNet model using SHAP. Most importantly, it is shown that the
combination of textual analysis results improves the accuracy of sales forecasting. Thus,
this work advances the literature on sales forecasting.



Secondly, we built an explainable framework which provides an explanation for the
results of deep learning, discovering the impact of product descriptions on sales forecasts
through deep neural network algorithms, multiple regression analysis was used to select the
important feature factors affecting sales forecasting, to achieve dimensionality reduction of
the feature variables, and finally to improve the accuracy and interpretability of sales
forecasting with the combination of the reduced dimensional WaveNet model and SHAP
model.

In addition, the findings presented in this paper provide a useful guide to a company's
sales forecasting process. Using the explainable framework can help companies understand
why product descriptions can influence sales forecasting and how the results of our analysis
can be used to improve product descriptions to drive sales.

The remainder of the paper is organized as follows. Section 2 provides a literature
review of text mining techniques in sales forecasting, text mining in sales forecasting and
the explainability. Section 3 presents an explainable framework for sales forecasting that
fuses text mining, WaveNet, multiple regression and SHAP. Section 4 describes the
empirical data sources and data processing procedures. Section 5 presents and analyses the
empirical results, demonstrating the significant impact of text-mining based parameters on
sales forecasting, and explains the sales forecasting results and the support for business
decisions. In Section 6 we discuss the implication for marketing decision support,
implications from interpretable forecasts and give limitations and potential for future
research. Finally, Section 7 concludes and gives summary of the paper.

2. Literature review
2.1 Sales forecasting approaches and WaveNet model

Sales forecasting is often used as an input to many operational and business decisions
that affect a company's profitability and is an integral part of many core management
decisions in an organization, such as pricing, ordering and inventory management [48, 58,
62]. Sales forecasting is also one of the fundamental inputs in supply chain planning
decisions [55]. E-commerce companies face faster changing consumer demand [25], sales
forecasting often involves generating forecasts for a large number of products in many
stores within a short-term forecast horizon, and the accuracy of forecasts becomes
extremely important to meet customer demand and increased expectations within shorter
lead times [8].

Linear statistical methods, mainly including linear regression, moving average and
other statistical time series analysis models, such as autoregressive integrated moving
average (ARIMA) [13, 65], have been widely used for sales forecasting, but they are not
comprehensive and flexible enough to account for dynamic changes and non-linearities in
sales time series [18].To capture the dynamic changes in sales, scholars have developed
new sales forecasting methods. Machine learning and deep learning algorithms have been
proven to outperform traditional predictive models in terms of predictive accuracy in a
number of areas [3, 4, 34, 49, 72]. Using deep learning in business analytics and operations
management, deep neural networks are expected to improve forecasting performance
compared to traditional machine learning models [39]. For example, deep learning methods



were used to achieve more accurate sales forecasting in the fashion industry [47]. A new
model based on Light GBM and LSTM was developed to obtain accurate sales predictions
in the supply chain [70]. Economic indicators were employed as influencing factors, and
deep learning was utilized to enhance the accuracy of retail predictions [68]. Additionally,
a meta-learning framework based on a newly developed deep convolutional neural network
was proposed to accurately predict the sales of different products using different ensemble
models in different time periods [48].

WaveNet is a neural network model that performs prediction tasks based on time series
data. The key part of the WaveNet model is causal convolution. By using causal
convolution, it is ensured that the model does not violate the modelling order of the data.
Stacked inflated causal convolutions allow WaveNet to have a very large receptive field
with only a few layers, as well as computational efficiency, while maintaining input
resolution throughout the network. As WaveNet models have obtained good predictive
performance in multivariate time-series forecasting, such as electricity load forecasting [54],
urban air quality forecasting [6], grid power forecasting [37] and WaveNet models are less
commonly used in sales forecasting, therefore, this paper applies the WaveNet model for
multivariate time series sales forecasting.

2.2 Text mining in sales forecasting

In recent years, advances in text mining techniques have made it possible to process
large amounts of textual data, which is widely used in forecasting models in various fields
and helps to improve forecasting errors. For example, scholars have extensively utilized
textual data such as public opinion and news reports to forecast the volatility of stock
trading [42], stock indices[22], crude oil market volatility [31], and visitor numbers to
tourist destinations[52] by extracting text feature vectors through text mining techniques,
resulting in improved forecasting results. It has also been found that misinformation/fake
news (on Internet platforms) can have an impact on consumer purchase behavior
[33].Companies have also found commercial value in user-created content, such as using
text mining techniques to mine online reviews to obtain consumers' sentiment preferences
[71] and integrating textual data into customer churn prediction (CCP) models to improve
their predictive performance [17]. Textual data is also increasingly being used in sales
forecasting [46, 60], such as leveraging the quantity and quality of user-generated Facebook
data to enhance product predictions [15], and incorporating customer search data from
Google into time series models to improve out-of-sample prediction errors[7]. However,
the main way existing studies used textual data for sales forecasting was to perform
sentiment analysis on online review texts, transforming the texts into sentiment factors as
sales forecasting variables [20, 21, 40]. A method for sales forecasting using a multiple
regression sales forecast model that utilized both numeric and textual data from customer
reviews was proposed by [57]. They use the BOW method to mine textual data because this
method requires minimal data pre-processing and parsing, thus making the resulting model
efficient and scalable. The results showed that the forecasting performance of this approach
for both tasks was strong and significantly better than those of the models that ignored the
textual content of customer reviews. In this paper, textual data of product descriptions are
added to a time series forecasting model to analyze the effect of product descriptors on the



accuracy of sales forecasting.
2.3 Explainability of Artificial Intelligence

Explainable Al describes a process that allows one to understand how an Al system
decides, predicts, and performs its operations. The weights of features in linear models,
paths in decision trees can be directly examined to understand the predictions of the
model, providing traceability and transparency in the decision-making process. In
contrast, deep learning models such as recurrent neural networks (RNN), long short-
term memory (LSTM), and convolutional neural networks (CNN) are black box. Such
methods as decision trees are called intrinsically interpretable methods, and the other
category is to give interpretability by using post-hoc methods after training a black box
model. Combining tree-based models with deep learning models to enhance model
interpretability is a common approach. For example, in a supply chain sales forecasting
hybrid model, the combination of lightGBM and LSTM models has been used to
improve the accuracy and efficiency of forecasts, while leveraging the intrinsic
interpretability of lightGBM to explain the forecast results[70]. One example of a post-
hoc method is the SHAP (SHapley Additive explanations) approach and its variants,
the outputs of this type of models are usually graphs that illustrate the individual feature
importance and the feature dependencies [24, 29].

While machine learning can improve the accuracy of predictions, its 'black box'
nature makes it difficult to be understood and trusted by business decision makers, and
fairness, accountability and transparency of Al systems are important in all areas where
Al models are used [75]. The complexity of the algorithms hinders transparency and
accountability of the overall system and may weaken the deployment of Al-driven
decision support systems [35], making the interpretation of machine learning critical
[29]. Increasingly, scholars are considering model interpretability while ensuring the
accuracy of forecasting models. For example, a structured effects neural network was
applied to predict remaining useful life while providing a high degree of accountability
and flexibility in deep learning [38]. By using a Variable Order Bayesian Network
(VOBN) model on recruitment data, a comprehensive, accurate, and interpretable
analysis framework was built as a decision support tool for HR recruiters [53]. An
interpretable and non-discriminatory RegTech application offered automatic
assessment of financial consumer complaints[61]. Bayesian methods[50] and Local
Interpretable Model-agnostic Explanations (LIME) [59] are commonly used for local
post-explanations in research on model interpretability. In addition, Partial Dependence
Plot (PDP) [51] and the Time Fusion Transformer (TFT) [44] have been employed to
study the interpretability of time series forecasting.

Existing studies have focused on the impact of online review data on sales, but
less on the relationship between product description text and sales forecasts, and rarely
apply text as a direct parameter to sales forecasting models. Although the same word
vectors are used to process the text, a multiple regression model is directly used in the
analysis of the impact on sales, and its prediction accuracy is lower than that of neural
network models, and the high-dimensional data prediction accuracy is lower than that



of neural network models, and the high-dimensional data may be over-fitted, thus
affecting the prediction results [57]. In this study, textual data is transformed by word
vectors into a deep neural network WaveNet model to sales forecasting, using multiple
regression to analyze the impact of product descriptor vectors on sales forecasting
accuracy, and finally using SHAP models to interpret the deep learning forecasting
results to support decision making.

3. Proposed approach for sales forecasting

A conceptual model on consumer response in an online shopping environment was
proposed by[19]. The model utilizes the Stimulus-Organism-Response (S-O-R)
framework as its foundation. Stimuli are defined as the total sum of visible and audible
cues to online shoppers, while product descriptions, reviews, and website navigation
are categorized as high task-related cues that are relevant to the shopping objective.
These cue stimuli can lead online consumers to choose alternative products for purchase.
Empirical analysis showed that product descriptions (online stimuli) influence
consumers' emotions and attitudes towards products (organism, affective/cognitive
states), which in turn affect their purchase intention (response) [36]. Product description
information presented to consumers on e-commerce platforms has a significant impact
on consumer product perception [64], and online shopping satisfaction [69].

Textual information of product descriptions is usually used to describe search
attributes, such as product color, brand, usage, effectiveness, and marketing messages;
several empirical studies have confirmed that firm-generated product descriptions
influence consumer behavior [26, 30, 45]. Therefore, this study uses text mining to add
product descriptions to a model for sales forecasting and uses explainable forecasting
output to help decision makers obtain more accurate sales forecasting results and
product description keywords that can significantly affect sales, and uses the output
results of product description feature importance to improve product descriptions on e-
commerce platforms.

In this section, we propose a four-step interpretable framework to sale forecasting.
Figure 1 summarizes the proposed Explainable Al framework. The step 1 in our
Explainable Al framework is the processing of the input data, including the cleansing
of the historical sales data and the text mining of the product description, this step
outputs the sales data and product description word vectors for training and testing. In
the step 2, two WaveNet models are constructed, model A contains time series of
historical sales data and prices, and model B adds word vector features in addition to
the features in model A. Both models are trained and forecasted using the same training
and testing sets, and the prediction errors of the two models are output. The step 3 uses
multiple regression to analyze the key product description phrases that affect the
accuracy of sales forecasting using the prediction error difference between the two
models as the dependent variable and the product description phrases as the explanatory
variables, while dimensionality reduction is applied to the product description features
of the model. In the fourth step we constructed WaveNet model C containing feature
variables of historical sales, prices, and reduced-dimensional product descriptions for



sales forecasting, and used the SHAP model to output prediction results and feature
importance results to further analyze the impact of product descriptions on sales
forecasting to help companies make accurate sales forecasts and optimize product
descriptions on e-commerce platforms using key phrases.
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Figure 1. Explainable Al Framework for Sales Forecasting

3.1 Text mining using BOW method
The BOW vectors are constructed for the product descriptions as follows. First, a

setofterms S = {termi |1e {1, ...,d }} is defined, where d denotes the total number of

terms. Then, a d -dimensional vector V; for product J is built as follows:

. 0 term ¢ desc.
v('):{ ' Lie{l,...d}, (1)

. N
! 1 term; e desc;

where desc ; denotes the description of product j. A product description can be a

word or a combination of words. As some words in product descriptions always appear
at the same time, they are combined in one term. The BOW vector converted from a
product description is shown in Table 1.



Table 1. BOW vector converted from the product description (ex. Product CZ1213)

Term Miss Rose Lip gloss Waterproof Sexy red New

Component of

e v
BOW vector 1 L

Value 1 1 1 0 0

3.2 WaveNet neural network model

WaveNet [2] is a neural network model consisting of a multilayer CNN
(Convolutional Neural Network) that can predict based on time series data. The core of
WaveNet is the Dilated Causal Convolutions layer, which allows it to correctly handle
temporal order and deal with long-term dependencies without leading to an explosion
of model complexity. The WaveNet model is adopted to obtain the discrete probability
distribution of the logarithmic sales at time step (t+1), and it is expressed as follows:

Prt+l(S :st+l)’st+1e{0"“’255} P (2)

First, the logarithmic sale Iog(salesi +1) is quantified to 256 possible values

using data cleansing, as explained in detail in Section 4.2. Then, the value with the
highest probability is taken as a forecast value. Let the forecast value at time step ibe

S; , then it holds that:
S, =argmaxPr_, (S =s.,). (3)
Sl+1

It 1s necessary to input all sales of previous time steps, that are

{Salesl,--gsalestfl} to the WaveNet model. The model then generates a discrete

probability distribution function of logarithmic sales from time step 2 to time step #:

Pr(S=s)=d(s|s,.5.1:60).ie{2t}, 4)

| 1
where d () denotes the discrete probability distribution function, and € represents

the set of parameters; function d () uses a Softmax mapping. A Softmax function

maps a set of values to a set of probability distributions whose sum is one, which is
expressed as:



exp(a(s|s, +5.4;0))
Zziexp(a(s | Spey Sicas '9)) ’
255

where » d(S|s;,+,5.,;0)=1,and a(.) is an activation function of the WaveNet
S=0

d(Si |31""’Si—1;9): (5

model, which is expressed as:

a(si|s1,++,Si—1;0) = Linear(ReLU(Linear(ReLU (X}~ Skippedy))))
Skipped; = tanh(Wy i *s) © a(Wgy, x * S) (6)

where * denotes a convolution operator, [J denotes an element-wise

multiplication operator, o(-) is a sigmoid function, and Kk is the layer index; g,

and g, denote filter and gate, respectively; W is a learnable convolution filter that

includes a parameter set @; S is the vector of dilated causal convolution operated
sales; N is the number of layers, ReLU denotes a rectifier, and Linear denotes a
linear operation with the same number of input and output dimensions.

Since the actual values of sales,,---,sales, are known, the parameter set & can

be optimized so that the actual values correspond to the highest probabilities.
Specifically, the joint probability of historical sales data is factorized as a product of

conditional probabilities; let p,(s;)=Pr, (S =s;), p(-) denotes the joint probability

function. The goal is to obtain a parameter set € that will increase the value of p ()

as much as possible, which is expressed as:

@ =argmax p(s,, --,S,)- (7)
6

Then, the ideal & can be iteratively obtained by:

6’:=9+a-a—p, (8)
00

In this work, a logarithmic operation is performed on p(-) without changing its

monotonicity; this, Eq. (8) becomes:

0 =argmaxIn(p(s,,--,s,))
o0

IN(P(S,5) = SIS 5,5, 156) G

255

- i(a(si IS, 8,.4:0) = 1In Zexp(a(s IS8 1;0)))

$=0



By training the model on other input variables, the WaveNet can be optimized to
forecast sales with the required characteristics. For instance, a product can be chosen
by adding the product price to the model as an extra input parameter. Similarly, for
forecasting using the product description text mining results, the BOW vectors
converted from the product description are added as an extra input parameter.

The model is trained on the other inputs in the way of global training, which is
characterized by a single latent representation h that influences the output
distribution across all time steps. Then, the activation function given by Eq. (6)
becomes:

a(si|s1,++,Si—1;0) = Linear(ReLU(Linear(ReLU (X}~ Skippedy))))
Skipped) = tanh(Wy_ j *s + I(g;kh) Oo (Wgz,k xS+ I{g;kh> (10)

where V denotes a learnable linear projection, and vector V' h represents broadcast
a time dimension.

3.3 Explainable framework for sales forecasting
The developed model is specified to explain the variation in Iog(sales it +1) ,

where sales; represents the sales of product j in time step ¢, for products
je{l---,J} and over time steps te{l,---,T}.

Model A considered only variables in traditional sales forecasts, such as historical
sales and prices (p), regardless of the impact of product descriptions on sales. The
variables were fed to the WaveNet neural network input for sales forecasting as follows:

Model A: log(sales](tﬂ) + 1) = WaveNet(log(salesj1 + 1) ) e log(salesjt +
1),n(p))) + iern)- (11)

Model B considered the influence of the product description on sales, based on
Model A:

Model B: log(salgsjzﬂ) + 1) = WaveNet(log(salesjl + 1), e log(salesjt +

1),n(p;).v;) + &esny- (12)
A variable V; that was a d -dimensional vector that represented information

related to the product description was introduced using the BOW method.

The difference between the forecasting results of Models A and B could be
regarded as a difference in the impacts of the product descriptions on sales. It was
examined which terms have a more significant impact through a multiple regression



analysis:
&5 =65 = PotFoonV; (13)

where f,V; expressed the effects of the description of product j, and fgoy

denoted a d -dimensional parameter vector that represented the effects of product
descriptions.

Model C adds product description characteristics with significance based on the
results of multiple regression, based on Model A:

Model C: log(sal(;;(\tﬂ) + 1) = WaveNet(log(salesjl + 1), ...,log(salesjt +
1)'ln(pj)'”k) + 5;:(t+1)- (14)

Finally, SHAP values were calculated to explain model C. We generated
explanatory visualizations using the public python package. The SHAP values give
accurate information about which features contribute to the predicted values and an
estimate of their overall impact on the predictions.

4. Data preparation
4.1 Data overview

We conducted this study in collaboration with a cosmetic sales firm operating on
the AliExpress cross-border e-commerce platform which is the China's largest cross-
border export B2C platform and the world's third largest English online shopping site,
is Alibaba's cross-border e-commerce platform for the international market, through the
Alipay international account for guaranteed transactions, and the use of international
logistics channels transport delivery for overseas buyers and customers. The historical
sales data is obtained from partner cosmetic sales firm's sales records on the AliExpress
platform (Figure 2). The sales record data consisted of 524,253 collected from July 26,
2016, to September 7, 2019, during a total of 1,139 days. The parameters of one record
example of the data are shown in Table 2.

Table 2. Data overview

Field Example
Order time 2017/11/12 0:00:43
Customer L...
Country Israel
City Nazareth-illit
Product Miss Rose Brand lips Matte Moisturizing Lipstick Makeup Lipsticks Lip Stick Waterproof
description Lipgloss Mate Lipsticks Make up [38]
SKU CZ1213-38

Order quantity 1



Amount (USD) 1.12

The product descriptions are obtained from the e-commerce platform of the partner
companies, and contain the product descriptions of similar best-selling products, and
we obtained the product descriptions of other companies for similar products through
the search of keywords. The product description represents the content presented to the
customers on AliExpress cross-border e-commerce platform, as indicated by the dashed
box in Figure 2, but the product descriptions that are shown in the Table 2 and the figure
are different. The product-description content represents a description of the same
product (main SKU, stock keeping unit), but without any punctuation; also, the letter
case is not standardized, and there are even misspellings.

SKU is a coding and classification method used for products after they are stocked,
and it is also the smallest unit of inventory control. It can be measured in terms of pieces,
boxes, pallets, etc. Each product corresponds to a unique SKU number, which includes
attributes such as brand, model, configuration, grade, packaging capacity, unit,
production date, shelf life, purpose, price, place of origin, etc. When the attributes of a
product are different from those of other products, it is defined as a unique item
corresponding to a specific SKU number. In our data, a product’s SKU is generally
composed of the main SKU and a sub-SKU. For instance, for the product "CZ1213-
38," the main SKU was "CZ1213," and the sub-SKU was "38." Sub-SKUs were only
used to distinguish the details of the product, such as different colors of the same type
of lipstick. Therefore, the products with the same main SKU were regarded as the same
products, and their sales were summarized. The sales referred to the order quantity, not
the amount. Then, each six-hour period was divided into a time step, starting from July
26, 2016, at 6:00. The product sales were summarized in order to form historical sales
data.
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First, the life cycle of the product, which was defined as a time interval between
the first and last sales records of the product, was analyzed. The data included the
sales of 1,083 products, but only the sum of sales of 37 products with the highest sales
accounting for more than 80% of the total was considered. The statistical description
of the life cycles is shown in Table 3.

Table 3. The statistical description of life cycles of 37 representative products™®

Size 37 25% Quantile 431
Mean 585.97 Median 598
Std 197.62 75% Quantile 750
Min 192 Max 991

* The unit of life cycle is day.

As shown in Table 3, both the mean and median of the life cycles of 37
representative products were approximately 590 days. Thus, six products with life
cycles of approximately 590 days were selected to examine specifically. The historical
sales data of these six products are shown in Figure 3, where the outlier values that
deviate from the mean of historical sales by more than three standard deviations are
replaced with the mean of non-outlier values.
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Figure 3. The historical sales data of six products with the life cycles of approximately 590
days* (*: In the figure, each unit on the horizontal axis represents six hours; every four units represent

a period of one day)

As shown in Figure 3, the main sales of products were generally concentrated
between half of the life cycle and 2/3 of the life cycle, which was approximately 300-
400 days. Considering the full seasonal cycle, one-year sales data, from November 12,
2017 to November 10, 2018, were used to obtain data samples for further analysis. The
data on November 11 were avoided because that day is the busiest sales day of the year
on the analyzed shopping platform, so the sales of most products could be much higher
on that day than on any of the other days of the year. The total number of extracted sales
records was 192,876. The products were first sorted by sales in descending order, and
then the cumulative sales were calculated, and finally, the top 80% of the products were



selected to be used in the forecasting-model development process. The sum of the sales
of these products accounted for 80% of the total sales of all the products in the collected
data.

4.2 Sales data cleansing

The sales data was cleaned through several steps. First, the values that deviated
from the mean of historical sales by more than three standard deviations were replaced
with the mean to mitigate the impact of outliners. Next, the historical cumulative sales
of each product were calculated, and the cumulative sales were converted into the
cumulative sales percentage (cumulative sales / total sales), and then the main part,
which was from 10% to 90% of the cumulative sales, was taken as a sample. Then, the
logarithm of sales was calculated to mitigate the impact of scale problems. Namely,

log (sales +1) was calculated, where the sales value was increased by one to avoid the

log parameter being zero. Finally, the logarithm of sales was normalized and mapped
to 256 integers in the range of [0, 255]. This was done because, in the product sales
forecasting, the SoftMax function was used to output the occurrence probability of all
possible sales values. Thus, it was necessary to convert continuous sales into a limited
number of discrete values. The z-transformation was applied to the logarithm of sales,
and it was quantized to 256 possible values. The data cleansing results are shown in
Figure 4.

4.3 Product description data cleansing

The product description data was subjected to several steps to obtain text mining
data. First, product descriptions were converted into lowercase, and non-letter
characters were removed. The spelling mistakes were corrected, and the expressions of
synonyms were unified. Next, the description of each product was divided into three
categories: brand, phrases, and words. Then, it was ensured that the resulting form of a
word was a known word in a dictionary, which has been known as the lemmatization
process, and the duplicate words were removed. The lemmatization process removes
affixes only if the resulting word is in its dictionary. The product descriptions before
and after data cleansing are shown in Table 4.

Table 4. Comparison of product descriptions before and after data cleansing

Product description (ex. Product CZ1213)

. Miss Rose Brand lips Matte Moisturizing Lipstick Makeup Lipsticks Lip Stick
Before cleansing ] o
Waterproof Lipgloss Mate Lipsticks Make up

Brand Miss Rose

After

. Phrases Lipgloss
cleansing

Words Brand, lip, matte, moisturizing, lipstick, makeup, waterproof




Raw data (ex. Product CZ1213)
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Figure 4. Sales data cleansing results



5. Empirical results
5.1 Model evaluation and cross-validations

WaveNet neural network is capable of extracting features of sales variations across
different time spans, if the product's sales exhibit seasonality, the model will expect the
neural network to learn these patterns and incorporate them into the forecasted results.
Since deep learning models can automatically capture features from high-dimensional
data, we use WaveNet model A as a benchmark model to compare the sales prediction
performance with CNN and LSTM model based on the metrics of the regression task,
i.e., mean absolute error, root mean square error, and mean square error. Table 5
summarizes the sales forecast results of the three models, and it can be seen that the
WaveNet model has better forecasting results. Therefore, in our article we chose the
WaveNet deep learning model as the sales forecasting model.

Table 5. Comparison of model forecasting performance

Forecasting model Mean Absolute Error Mean Square Error Root Mean Square Error
WaveNet 23.07 14.3 27.95
LSTM 23.12 15.12 30.56
CNN 38.39 24.42 47.2

Then, we divide the time series dataset into 5 contiguous blocks for cross-
validation. Each block is first used to test the model and then retrain it. The first time,
the first data block was used as the training level and the second as the test set, the
second time, the first and second data blocks were used as the training set and the third
as the test set, the third time, the first, second, and third data blocks were used as the
training set and the fourth as the test set, and the fourth time, the first, second, third,
and fourth data blocks were used as the training set and the fifth as the test set. The
mean absolute error, root mean square error and mean square error are used to evaluate
the prediction results of the model. Table 6 summarizes the prediction results of four
different datasets, and the differences in the prediction performance of the four datasets
are small, and the model predicts better as the training set data increases, from which
reflects the robustness of our WaveNet model.

Table 6. Cross-validation results

Forecasting model Mean Absolute Error Mean Square Error Root Mean Square Error
DataSet1 24.24 13.04 32.56
DataSet2 23.71 30.62 30.62
DataSet3 22.96 24.49 24.65
DataSet4 21.18 24.19 26.35

5.2 WaveNet Models A and B forecasting results

The one-year sales data, as well as the price of the products and the BOW vectors
converted from the product descriptions, were used to train Model A and Model B. The
training objective was that the mean cross-entropy of 10 training epochs had to be less



than 0.02. Then, each trained model was used to forecast sales for the next seven days.
As mentioned above, each day was divided into six-hour time intervals: 0:00 - 6:00,
6:00 - 12:00, 12:00 - 18:00, and 18:00 - 24:00; thus, each day included four time steps.
Thus, there were 28 (seven days times four time steps) forecasted values for each
product. The comparison between the actual and forecasted sales values of Model A
and Model B are shown in Figure 5 and Figure 6, respectively.
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Figure 6. The kernel density estimation (KDE) curves of the actual and forecasted sales values of
Model A and Model B

Figure 5 shows the confusion matrices of forecasting results of Model A and
Model B. As shown in Figure 5, most of the forecasting results were within the diagonal
squares marked by the dashed box, indicating that they were close to the actual values.



From the confusion matrix, both Model A and Model B perform best when the actual
value is in the 64-95 range, with the predicted value also tending to fall within this
range. Additionally, compared to Model A, Model B, which incorporates BOW vector
parameters, shows a slight improvement in prediction accuracy in this range.
Furthermore, the KDE curves of actual and forecasted sales values of Model A and
Model B are shown in Figure 6, where the same trend as that of the confusion matrices
can be observed.

In order to validate the forecasting results of the WaveNet neural network model,
it was investigated whether the forecast errors of Model A and Model B obeyed the
mean normal distribution. The frequency distributions of the forecasting errors of
Model A and Model B are shown in Figure 7. In addition, the statistical descriptions
and normality test results of the forecasting errors of Model A and Model B are given
in Table 7.
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Figure 7. Frequency distributions of forecasting errors of Model A and Model B

Table 7. Statistical descriptions and normality test results of forecasting errors of Model A and

Model B
Forecasting errors
Model A Model B
Size 728 728
Min -89 -104
Statistic Max 126 106
Mean 7.3530 6.7102
Std 34.3798 31.9775
Skew of data set -0.0275 0.0409
Skew test
Skew test p-value 0.7596 0.6493
Kurt of data set 0.0477 -0.0711
Kurtosis test
Kurt test p-value 0.6941 0.7809

Normal test Norm test p-value 0.8832 0.8675




It was tested from three aspects, whether the distribution of the dataset differed
from the normal distribution. The null hypothesis (HO) was that the data set obeyed the
normal distribution, while the opposite hypothesis (H1) was that the dataset did not
obey the normal distribution. The two-sided p-value was calculated for the hypothesis
test. The results showed that the p-value was sufficiently large not to reject HO, i.e., the
forecasting errors of Models A and B obeyed the normal distribution. Thus, the
forecasting result of the WaveNet neural network model could be considered to be valid.

Furthermore, as shown in Table 7, Model B that included the product description
BOW variables achieved more accurate forecasting. The error mean of Model B was
closer to zero than that of Model A, and the error standard deviation was smaller.
Therefore, adding product descriptions to the forecasting model positively affected
forecasting results accuracy.

5.3 Multiple regression analysis of product description features

In order to examine the impact of each specific product sales parameter, according
to Eq. (13), the results that Model B forecasted more accurately than Model A were
selected and used as a dependent variable that expressed the difference between the
forecasting errors of the two models. Also, the BOW vectors were converted from the
product descriptions as explanatory variables to conduct a multiple regression analysis.
The results are given in Table 8.

Table 8. Multivariate regression analysis results of product sales and product description BOW

vectors
Coef Std err P-value
Constant 3.206 1.997 0.109
Terms of BOW vectors

1 Lipgloss -26.066 6.838 0.000**
2 Moisturizing 13.565 2.975 0.000**
3 Liquid -10.864 3.000 0.000**
4 Glitter -4.816 1.268 0.000**
5 Beauty 13.384 3.336 0.000**
6 Powder 7.293 1.811 0.000**
7 Moisturizer 13.423 3.719 0.000**
8 New -10.372 3.131 0.001**
9 Makeup 4.975 1.730 0.004**
10 Velvet, glossy, balm 6.178 2.206 0.005**
11 Gold -3.531 1.252 0.005**
12 Brighten -4.992 1.785 0.005**
13 Bronzer 4.819 1.705 0.005**
14 Concealer 5.563 1.957 0.005**
15 Lip -9.241 3.406 0.007**
16 Red -4.500 1.668 0.007**
17 Stamp, eye 4.878 1.839 0.008**
18 Eyeliner 5.008 1.928 0.010**



19 Silver -3.661 1.452 0.012*

20 Waterproof 7.245 2.935 0.014*
21 Illuminator -5.026 2.038 0.014*
22 Black 4.564 1.915 0.018*
23 Metal color 6.654 2.960 0.025*
24 Natural -3.905 1.743 0.026*
- Snail (cream), whitening, nourish, 4957 2041 0.028*

skin tone, acne treatment, day

Anti-wrinkle, deep facial,

26 hyaluronic acid serum, intensive lifting, 5.195 2.480 0.037*
firming
27 Double -3.318 1.594 0.038*
28 Pudaier (brand) 5.339 2.611 0.041*
29 Miss Rose (brand) -4.822 2.504 0.055
62 Glow kit, highlighter -0.207 1.428 0.885
63 Anti-aging, skin care essence 0.243 1.707 0.887
64 White 0.130 1.349 0.923

* Denotes significance at the 5%-level.

x% Denotes significance at the 1%-level.

As shown in Table 8, although the BOW vectors with high correlation were
combined, there were still 64 BOW vectors converted from the product descriptions.
Also, the coefficient estimates of 28 of 64 BOW vectors were statistically significant,
having a p-value of less than 0.05 and accounting for 43.75% of the total BOW vectors.
Thus, the information reflected by these terms could be considered to affect the sales
of the related products significantly and positively. Consequently, adding BOW vectors
from product description can improve sales. Hence, the text mining analysis on product
descriptions can be helpful to sales forecasting.

5.4 Explanation of sales forecasting results

We obtained 28 BOW vectors with significant effects on sales forecasting from
the multiple regression results of the error difference between Model A and Model B
and the product description BOW, so we added these 28 BOW vectors to Model A to
form the new WaveNet Model C. Similarly, we used the same training and test sets as
Model A and Model B for sales forecasting, and the performance of the forecasting
results is shown in Table 9. From Table 9, we can find that the forecasting accuracy of
the model is improved after the dimensionality reduction of the product description
feature vectors.



Table 9. Comparison of WaveNet Model forecasting performance

Forecasting model Mean Absolute Error Mean Square Error Root Mean Square Error
Model_A 23.07 14.30 27.95
Model_B 18.14 10.72 22.68
Model_C 17.07 10.30 20.93

Finally, we use the SHAP model to interpret the output results of WaveNet Model
C. By SHAP value, we can get the influence of each feature variable on the output
results of the model. Figure 8 and Figure 9 show the importance of ranking of each
feature variable. Using our proposed explainable Al framework for sales forecasting
can help firms improve the accuracy of forecasting, and firm decision makers can make
better operational management strategies for purchasing and inventory based on the
model's forecasting results.

Meanwhile, our product descriptions are not only from the firms' own descriptions
of their products, but also from the descriptions of other firms on the e-commerce
platform for products in the same category, especially the product descriptions of those
best-selling products. Therefore, the keyword vectors output from the model and their
impact on sales forecasting showed in Figure 8 and Figure 9, can help decision makers
to better formulate marketing strategies, optimize product descriptions on product
pages on e-commerce platforms, and add product description keywords to the titles of
relevant products to gain more attention from consumers and thus increase product sales.
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6. Discussion
6.1 Implication for marketing decision support

Previous research has shown that information disseminated by sellers exhibits
strong persuasive power, and it has as much impact on purchase likelihood as user-
generated information such as word-of-mouth reviews [5]. Product descriptions,
including textual descriptions, have a significant impact on perceived convenience [30]
and credibility [43], making them one of the factors influencing consumer purchasing
behavior [26]. The existing research literature mainly analyzed the influence of a part
of types of web information, such as online reviews and service guarantees, on
consumers' purchase decisions [20, 21, 57, 71, 74]. This study focuses on product
descriptions to obtain product description keywords that can impact sales forecasting
and consumer buying behavior, and proposes an explainable approach using text mining
and deep learning to accurately identify product selling points to support enterprise
operation and marketing decisions

The BOW method and WaveNet neural network model are used to demonstrate

that product descriptions presented to customers can influence sales forecasting.
Forecasting models with a vector of product description words are more accurate than



models without texture data. Furthermore, using multiple regression analysis, we
identified word groups in product descriptions that can significantly influence sales (p-
value < 0.05), and the forecasting accuracy was again improved by adding the
significantly influential word groups back into the baseline deep learning model, and
we used the SHAP values to output the importance of each product description feature
that is, the degree of influence on sales forecasting results. Our results show that
approximately 44% of the terms used in product descriptions can significantly influence
the level of sales forecasts, and these product descriptions can be considered as selling
points for the product. Therefore, companies can add certain types of terms to product
descriptions to promote product sales. In addition, companies and marketers should
refer to the customer needs reflected in these terms when designing product descriptions.
The method proposed in this study has broad applicability. As long as the descriptive
text of the product displayed to the consumer at the time of sale is clarified and historical
product sales data over a certain time span is available, it is possible to find out which
phrases have a significant impact on the sales of the product. In addition, textual data,
such as typically unstructured data, companies are faced with the urgent problem of
how to eliminate invalid distracting content from the data during analysis. This study
considers textual data in the form of product descriptions and our method can also be
considered as a text mining technique that can be used to remove noise, i.e. invalid
interfering content, from the data.

6.2 Implications from inter-pretable forecasts

There is a very rich research literature on time series forecasting [6, 10, 13, 31,
72]. Traditional statistical models, as well as machine learning and deep learning
models, have been widely used in time series forecasting, and the use of deep learning
models [4, 18, 25, 47] has increased rapidly especially with the increase in data volume
and the high dimensionality and nonlinearity of features. Sales forecasting is typical of
time series forecasting, and scholars have continued to improve the accuracy of sales
forecasting in terms of research methods and feature engineering [16, 27]. However,
using complex deep learning models for critical decision making faces the challenge
that these models are often used as "black boxes". This means that we need to explain
the output of the models to the decision makers and increase their trust in the models
and the results.

Explainable Al is essential for users to understand, trust and manage these Al
'partners’. The range of explainability includes algorithmic transparency, global
explainability and local explainability. Using the inherent interpretability of the tree
model to explain the model output is a common research approach [29, 70]. In addition
to the explainable algorithm TFT on time series forecasting [44], existing locally
explainable algorithms such as LIME (locally explainable model agnostic explanation)
and SHAP (SHapley additive explanation) are mostly used for machine learning of
classification problems. And, we found that the existing literature lacks explainable
studies of the WaveNet model. Therefore, we provide new ideas for decision-supported
interpretable machine learning, providing a framework for applying explainability to
deep learning, especially for time series prediction based on convolutional neural



network model. Our model combines WaveNet with multiple regression based on
textual data as well as SHAP model to provide improved forecasting performance
compared to traditional machine learning, while also being highly explainable.
Examining each product description phrase through multiple regression analysis of the
error difference between two WaveNet deep learning models, merging product
description phrases with significant impact into the forecasting model indicates further
improvement in forecasting performance. Using the SHAP model to output the
importance of features and their impact on output results allows business decision
makers to use our explainable AI model for more accurate sales forecasting, providing
decision support for business operations management, while helping them find key
phrases that impact sales forecasting to optimize product description information on e-
commerce platforms to help businesses gain more consumer attention.

6.3 Limitations and potential for future research

The method proposed in this study can be further extended to other areas. For
example, the method could be used to examine and determine which keywords in media
reports have had a significant impact on stock market prices over a certain period of
time. This would involve replacing product descriptions with the text of media reports
and replacing product sales data with historical stock market price data. It is also
possible to check which topics in the search engine have a significant impact on the
GDP of a particular country. This can be found by replacing product descriptions with
search engine search history and replacing product sales with the country's GDP. The
results of the study found that the BOW vector obtained by text mining of product
descriptions had a smaller impact on product sales compared to the historical product
sales and price variables. Whether the reasons for this are that product descriptions
naturally have less impact on product sales than historical sales and prices, or that some
information is lost when converting product descriptions to word vectors, is unclear and
therefore future research should be extended to explore these reasons. At the same time,
the current forecasts are still based on intra-SKU forecasts, and taking into account the
influence of inter-SKU factors in the predictor variables is also one of the future
research directions, as well as on interpretability future research could further expand
on the transparency and global interpretability studies of the WaveNet model's time
series forecasting algorithm.

7. Conclusion

This study presents an explainable framework for sales forecasting based on deep
learning. We transform product descriptions, which are unstructured textual data, into
word vector variables and add them to a WaveNet sales forecasting model, which has
higher forecasting performance than traditional time series forecasting methods and
forecasting models that do not consider product descriptions. Multiple regression and
SHAP model were also used to explain the forecasting results, helping companies to
better understand and trust the model and the forecasting results, and to improve the
interpretability of the forecasting model and results. The main conclusions based on the



results obtained are as follows: (1) Adding product descriptions to the forecasting model
helps to improve forecasting accuracy. (2) If historical sales data is available for a
certain time span, then the company can identify the terms that have the greatest impact
on product sales and change the product descriptions accordingly. (3) Companies can
increase sales by adding key phrases to describe their products to customers in a more
appealing way at the point of sale.
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