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Abstract

Purpose – The objective of this paper is to propose a consumer-behavior-based intelligence (CBBI) model to
identify market structure so as to monitor product competition. Competitive intelligence extracted from
Chinese e-business clickstream data is exploited to examine the relevance of consumers’ heterogeneous
behavioral feedback, namely, click, tag-into-favorite, time-of-browsing, add-into-cart, and remove-from-cart, to
visualize the competitive product market structure and to predict product-level sales.
Design/methodology/approach –Our proposed CBBImodel consists of visualization and prediction, which
explore e-business clickstream data. We conduct the visualization and segmentation of market structure in the
form of a perceptual map by employingK-means clustering algorithm andmultidimensional scaling technique.
Concurrently, we developed an updated Bayesian linear regression (BLR) to predict product-level sales by
considering consumers’ heterogeneous feedback. Our updated BLR specifically integrated the estimated
knowledge of the previous periods to verify whether product sales are period-dependent due to the consumer
memory effect in e-commerce, improving the conventional BLR of diffuse prior distribution setup in terms of
mean absolute error (MAE) and root mean squared error (RMSE).
Findings – Considering the performance of consumers’ heterogeneous actions, the present research visualized
three different segments of the competitive market structure in a perceptual map, and its horizontal axis is
shown as a signal of the ascending trend of product sales. The previous five-day period was ascertained to be
the best size of a time window for the consumer memory effect on product sales prediction. This hypothesis is
supported by the concept that product sales are period-dependent. The results of the proposed updated BLR
indicate that consumer tag-into-favorite, add-into-cart, and remove-from-cart feedback have positive impacts
on product-level sales while click and time-of-browsing have the opposite effect.
Originality/value – While the identified competitive product market structure elaborates consumer
heterogeneous feedback toward alternative product choices, this paper contributes by extending those
homogeneous consumer preferences-related marketing studies. The perceptual map’s configuration in respect
to period-dependent product sales facilitates the effective inclusion of consumer behavior application in
product sales prediction research in e-commerce. This paper helps sellers and retailers better comprehend the
impacts of heterogeneous feedback and the consumermemory effect on the degree of competition in the form of
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product sales. The research results also offer a managerial implication about shaping the competitive edge by
conducting different product management strategies in e-commerce platforms.
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effect, Clickstream, Bayesian linear regression, Perceptual maps
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1. Introduction
The competition to Amazon.com, the leader of global electronic commerce marketplaces,
experienced an 8 percent increase from 2017 to 2018 (Grasso, 2018).More andmore online sellers
struggle to constantly adjust their productmanagement strategies to copewith intensivemarket
competition. Specifically, firms in e-business tend to choose their products by analyzing market
structure, speculating what is popular in a certain marketplace, and what their competitors are
selling. It is well recognized that consumer feedback or market responses expedite knowledge
management for competitive product market structure, which is the core strategy for helping
firms shape their competitive advantage (Day et al., 1979; Porter, 1979; Phau and Lum, 2000).
However, in the current dynamic competition environment, it requires real-time data and
effectivebusinessmodels or technological advancement in thediscipline ofmarketing to conduct
accurate market segment strategies to achieve dynamic product positioning.

To positively influence product competition, researchers on market structure have made
efforts to mitigate adverse consequences caused by intensive competition. Current survey-
based data research (DeSarbo et al., 2006; DeSarbo andGrewal, 2007) and scanning panel data
investigation (Erdem, 1996; Leszczyc et al., 2000) constitute consumer judgmental studies.
However, the former is constrained by consumer recall bias and the effect of uncertain
demand (Netzer et al., 2012), while the latter disregards the consideration set of alternative
product choices in the prepurchase stage during a whole shopping process. Employing the
data source of consumer judgmental studies, however, makes it difficult to completely
understand the dynamics of a competitive product market.

Thanks to the development of the information technologies of Web 2.0, a variety of user
activity-related data is available for product market analysis. Human–computer interaction
and interface design are now critical factors for a successful retail business (Ijaz et al., 2016).
User experiences of shopping are affected by various factors, such as time consumed,
products purchased, the level of fatigue involved, and so on. It has also been found that
interactive displays can deliver product information in an effective way, which can enhance
shopping experiences and sales (Ijaz et al., 2014; Ijaz and Rhee, 2018). The degree of user
interaction based on consumer behavior online depends on a variety of Internet marketing
strategies (Wu, 2002). Some researchers have scrutinized competitive product market
structure, through such factors as frequency of products in online reviews (Bao et al., 2008;
Lee and Bradlow, 2011; Netzer et al., 2012), search keywords (Wei et al., 2016), or weblog data
of e-commerce (Kim et al., 2011; Ringel and Skiera, 2016). These previously mentioned
researches have verified that competitive product market structure could be measured well
by online users’ behavioral feedback. However, they focus on a homogeneous measurement
that manifests consumer preferences of products. Investigation into the effects of consumer’s
heterogeneous feedback on product competition and how to build a product-level or brand-
level competitive edge in product market structure remains underexplored. Furthermore,
prior research has primarily considered the local competitive level among products and their
choice substitutes (DeSarbo et al., 2006; DeSarbo and Grewal, 2007; Bao et al., 2008). However,
product sales volume is one of the most explicit measurements of the global competitive level
in the electronic market (Ou and Chan, 2014; Ringel and Skiera, 2016). Intuitively, the higher
sales a product owns, the stronger its competitive edge becomes. Thus, we can quantify the
product competition in the form of product-level sales.

APJML



In the context of e-commerce, consumer feedback takes various forms. For example, a
consumer can click on an item page implying her preference toward the focal product (Moe
and Fader, 2004; Ding et al., 2015). Also, the time that she spends on browsing the item detail
page might help infer whether she intends to purchase or just browse (Montgomery et al.,
2004; Su and Chen, 2015; Raphaeli et al., 2017). In the case that she tags the item to favorites
(e.g. the different forms of favorites: the List in Carrefour, France; the Wish List in Amazon,
USA; the Shoucangjia in Taobao, China), this shows a positive signal of the likelihood that she
will buy the item (Ou and Chan, 2014). Moreover, changes in deletions and additions of
product substitutes within a shopping cart might be vital for determining competitive
product market structure (Day et al., 1979; Kukar-Kinney and Close, 2010), but these changes
are still not a concern in product market research. Hence, this study argues that consumer
click, time-of-browsing, tag-into-favorite, add-into-cart, and remove-from-cart are valuable
for identifying the competitive product market structure and predicting product-level sales to
monitor product competition.

Prior historical knowledge could influence consequent rational decision-making (Simon,
1979), owing to the consumermemory effect (Yan et al., 2009; Strandburg, 2013). Akin to sales
prediction, demand forecast is found to be more accurate as a result of a state-dependent
policy (Azoury and Miyaoka, 2009), verifying the consumer memory effect in e-commerce. In
our study, we found that product sales might be period-dependent as consumers browse and
tag products into favorites in the current period but which they plan to buy later. We argue
that the current consumer decision is bounded rational as it is influenced by their memory
effect, that is, historical knowledge and previous experiences (Simon, 1979; Yan et al., 2009;
Strandburg, 2013). Therefore, we hypothesize that product sales are period-dependent. In
essence, the estimated knowledge from the previous period significantly facilitates the
accurate prediction of product sales.

To fill in this research gap about consumer’s heterogeneous feedback and the memory
effect of rational decision-making in the literature of market structure, this work aims to
examine the potential impacts of consumers’ heterogeneous behavioral feedback and
consumer memory effect on product competition using real-time clickstream data.
Specifically, this study investigates the following:

(1) Are product sales period-dependent? Does the estimated knowledge from the
previous period facilitate the accuracy of product sales forecast due to the consumer
memory effect?

(2) Can the consumers’ heterogeneous feedback, such as click, time-of-browsing, tag-
into-favorite, add-into-cart, remove-from-cart, be exploited to visualize and identify
competitive product-level market structure?

(3) What are the effects and valence of consumers’ heterogeneous feedback on predicting
the degree of product competition in the form of product-level sales?

Hence, this study proposes a consumer-behavior-based intelligence (CBBI) model to monitor
product competition by visualizing product-sale market structure in a perceptual map. Based
on consumer intelligence about users and objectiveness in clickstream data from one of the
top e-commerce platforms in China, our proposed CBBI model includes the visualization part
describing product market structure and the prediction part predicting product sales. Firstly,
similar to the past research (Kim et al., 2011; Ringel and Skiera, 2016), we apply the
conventional K-means clustering algorithm andmultidimensional scaling (MDS) technique to
approach market segmentation and visualization. Secondly, we propose updated Bayesian
linear regression (BLR) for product sale prediction. There are several advantages of
employing updated BLR in our study. The BLR is appropriate in a high-uncertainty
environment of product sale forecasting (Azoury and Miyaoka, 2009). Specifically, point
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estimation in ordinary least squares (OLS) estimates the unknown value for a certain
parameter of independent variable too precisely, resulting in overfit issue. The BLR relaxes
this restriction and involves uncertainty by outputting posterior probability distribution
(PPD) (Rossi and Allenby, 2003; Albert, 2009). In addition, our proposed updated BLR is a
dynamic approach, which is different from stable linear regression (Rossi and Allenby, 2003;
Albert, 2009). We incorporate the prior historical knowledge to update the product sale data
in the current period since the product sales’ high uncertainty and the consumer memory
effect can then be determined. Overall, the proposed updated BLR can decrease the product
sales’ uncertainty and learn the consumer memory effect by allowing for prior historical
knowledge and outputting predictive distribution. Last, but not least, as different durations
of the memory effect could influence the accuracy of product sales prediction, we conduct a
sliding window approach in our proposed updated BLR to ascertain the best size of a time
window endogenously based on the data.

The identified competitive product market structure elaborates consumer heterogeneous
feedback toward alternative product choices, and this study theoretically extends research on
homogeneous feedback for product market structure (Kim et al., 2011; Netzer et al., 2012;
Ringel and Skiera, 2016). At the same time, this study contributes to the existing studies on
consumer memory effect and product competition. In terms of managerial implications, the
findings may help sellers and retailers more deeply understand competitive product market
structure with respect to consumer behaviors, as well as offer a theoretical backup to shape
their competitive edge by conducting different product management strategies in
e-commerce platforms.

2. Related work
2.1 Product market and traditional methods
Competitive product market structure is defined as the set of products that consumers
determine to be substitutes within relevant specific usage situations (Day et al., 1979). Elrod
et al. (2002) considered consumer influences and defined market structure analysis, which
aims at obtaining a fundamental understanding of competition, broadly as explanations of
the extent to which the products/services under consideration are substitutes or
complements. Managers can benefit from market structure insight and make better
market strategies for not only the design and development of new products but also
repositioning of the existing products (Lee and Bradlow, 2011). For a certain product
category, market structure can be characterized as a set of product submarkets for useful
representation of competition. That is, these submarkets reflect the discrete representation of
competition behind the entire market structure. Previous studies showed several ways of
defining a submarket partition, including a combination of features or consumers’
perceptions of quality and style (Urban et al., 1984; France and Ghose, 2016) and a
combination of cultural, individual, and institutional sources (Glushko et al., 2008). Moreover,
a submarket can be defined as a brand at the lowest level of granularity. However, complete
brand loyalty is not always assumed for every product category if each brand is considered
as separate submarket (France and Ghose, 2016). Ehrenberg et al. (2004) found that a great
degree of substitutability among brands occurs in the frequently purchased consumer
product markets. Thus, the relationship among brands should be considered.

A large number of methodologies pervade market structure analyses, depending upon
either judgmental or behavioral data. Among traditional data analyses, customer judgmental
studies can reveal the dynamics of consumer-based cognitive product marketing. DeSarbo
et al. conducted a survey about automobiles and presented competitive asymmetric
characters of product marketing (DeSarbo et al., 2006; DeSarbo and Grewal, 2007). Generally,
since consumers are bounded by cognitive capacity, survey-based data commonly indicate
that consumers might answer ambiguously owing to memory recall bias, or unexpected
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demand in the future, namely, the uncertain demand effect (Netzer et al., 2012). This effect
produces higher uncertainty about whether consumers can recall their latest purchase
decisions and if this affects their intentions to purchase in the future.

Another traditional stream of literature relies on scanner panel data to infer the intention
hidden in consumers’ purchase behavior (Erdem, 1996; Leszczyc et al., 2000). For instance,
Erdem (1996) devised amarket structure among brands of margarine and liquid detergent by
modeling consumer purchased goods in shopping baskets. Also, Leszczyc et al. (2000)
modeled scanner panel data to examine the market structure of grocery stores. Nonetheless,
one of the disadvantages of panel data is that such analysis commonly requires repeat
transactions of consumables without considering durables (Ringel and Skiera, 2016). What is
more, it merely concentrates on products in individual consumers’ shopping baskets instead
of all products. That is, scanner panel data can only serve to investigate the productmarket in
the postpurchase phase, which disregards the consideration set in the prepurchase stage.

2.2 Previous analysis methodologies to identify market structure
Recently, improved information technologies have been effectively developed in Web 2.0.
Enormous amounts of online Web information have attracted scholars’ attention concerning
competitive product market structure identification based on either well-structured or
unstructured data.

The consumers’ feedback in discussing text is one flexible source to identify competitive
product structure and discover primary competitors of a business entity. Bao et al. (2008)
created a Web information extraction method for identifying main competitors based on the
content discussed and compared by Web users. Acquiring co-occurrence of brands in
messages as a key variable using text mining methods, Netzer et al. (2012) provided
competitive landscape of sedan cars and diabetes drugs from online forums. In addition, Lee
and Bradlow (2011) analyzed structured pros and cons lists (i.e. phrases) to generate product
attribute market structure, based on finer granularity of online reviews at a review platform.
They found that online herding bias is concealed in online opinions, for users attempt to have
views liked popularly and that can be accessed publicly.

Online search data offer another perspective of consumers’ feedback in a competitive
product market. To cope with the great heterogeneous of consumer behavior and preference,
there is a need for market segmentation from the perspective of marketing management.
(Bruwer et al., 2017; Su and Liu, 2017; Sultan et al., 2018). Research could also benefit from a
facilitating tool known as mapping in a more visual representation, which delineates where
things are in relation to one another intuitively (MacInnis, 2011). Kim et al. (2011) proposed a
multiattribute method to visualize competitive camcorder market structure with product
search data from Amazon.com. They utilized homogeneous feedback, users’ searching
behavior. Products searched in the same specific period were identified as competitive
products, and they found that such competitive networks are verified to be effective by daily
percentile rankings of products. Ringel and Skiera (2016) similarly used the single consumer
search action in the LED-TV market as input for visualization in low-dimensional mapping.
Wei et al. (2016) exploited search keywords to model a novel bipartite graph, specifically
quantified the local competitive degrees among brands in the fields of computers and cars.
They found that conjoint keywords and their search volume from query logs have a
significant influence on forecasting market share monthly.

These previous research findings have greatly facilitated competitive product market
structure analysis relying on online search data. Nonetheless, the current studies focus on the
homogeneous feedback, which indicates the co-occurrence of products displaying a local
competitive edge (Bao et al., 2008; Lee and Bradlow, 2011; Netzer et al., 2012; Ringel and
Skiera, 2016; Wei et al., 2016).
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2.3 Business intelligence analysis using big clickstream data
Clickstream data capture individual users’ activities online from weblogs (Bucklin and
Sismeiro, 2009). Within the context of e-commerce, the clickstream data are used to
investigate site usage and consumer browsing behavior (Moe and Fader, 2004; Montgomery
et al., 2004; Su and Chen, 2015; Raphaeli et al., 2017), recommendation systems and purchase
behavior (Sismeiro and Bucklin, 2004; Olbrich and Holsing, 2011; Nishimura et al., 2018;
Alfian, 2019), and persuasion and advertising effects on the Internet (Ansari and Mela, 2003;
Bonfrer and Dr�eze, 2009; Rutz and Bucklin, 2012).

The sequence of pages visited by individual-level consumers previously motivated
scholars to consider consumer visiting patterns online for webpage optimization and website
design (Moe and Fader, 2004; Montgomery et al., 2004). Clickstream data provide the
opportunity to dynamically capture cumulative browsing effects consistent with real
consumer behavior. Su and Chen (2015) considered these accumulating visit behaviors as
information that comprehensively reflects diverse consumer interest patterns. Raphaeli et al.
(2017) studied consumer intent orientation in mobile service and PC devices by their
navigation sequence across different platforms.

Moreover, purchase conversion research appeals to e-commerce managers. In the
application of clickstream, the probability of Internet buying is mostly estimated by either
individual consumer purchase decisions, such as a binary probit model (Sismeiro and
Bucklin, 2004), or segments of aggregated consumers, such as a latent classmodel (Nishimura
et al., 2018). In social commerce, Olbrich and Holsing (2011) investigated interface features
and social shopping factors for predicting purchase likelihood of consumers depending on
clickstream. Certainly, the most direct application of clickstream data in purchase conversion
is recommendation systems (Bucklin and Sismeiro, 2009). Alfian (2019) exploited similar
customers’ browsing history and transactional data to achieve recommendation in the case of
digital signage marketing.

Click-through rate is an intuitive standard metric for evaluating the performance of
persuasion and advertising online. Ansari and Mela (2003) proposed a two-phase method to
investigate the effects of e-mail customization on click-through rate. Based on the temporality
of clickstream data, Bonfrer and Dr�eze (2009) forecasted and monitored the marketing
performance of e-mail campaigns in real time. Rutz and Bucklin (2012) found that consumers’
next choices of brand-specific pages to view are influenced by banner ad exposure in their
current browsing session.

These informative studies have been driven by the details of the individual-level
granularity, temporality, and cumulative effect hidden in clickstream data. They have
provided an opening viewpoint for exploring market structure in recent times, as well.
Market segmentation of consumers is identified by personality characteristics classified
into small-scale clickstream data (Wen and Peng, 2002). But, few studies have focused on
the clickstream within the product market. However, some scholars collected big
clickstream data to analyze camcorder and LED television market structures, but as
mentioned previously, the studies (Kim et al., 2011; Ringel and Skiera, 2016) considered
the competitive edge of products in the single search data instead of consumer deletion
and addition feedback toward alternative product choices in the course of a shopping
journey.

3. The CBBI model
Unlike a single measurement that models local competitive ratios among products in most
existing studies, this study proposes a CBBI model for modeling consumer heterogeneous
feedback from sequential individual users’ activities online. This CBBI model is a business
analysis model that could predict future sales and visualize the market structure depending
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on product category itself. Moreover, it considers general consumer heterogeneous feedback
in global e-commerce platforms, such as click, tag-into-favorite, time-of-browsing, add-into-
cart, and remove-from-cart, to visualize the competitive product market structure and to
predict product-level sales. Take tag-into-favorite, for example. There are different forms of
favorites, such as the Listes in Carrefour, France, the Wish List in Amazon, USA, and the
Shoucangjia in Taobao, China. In sum, the CBBI model is convenient and appropriate for
global e-commerce. A conceptual workflow is illustrated in Figure 1.

Through human–computer interactive feedback between service and client sides (e.g.
mobile phones or computers), the electronic marketplaces record all consumers’ actions from
server sides in a B2B/B2C environment. It is the clickstream data recording consumer
transaction information and interactive feedback that the CBBImodel applies to visualize the
focal market structure and predict product-level sales. The CBBI model consists of an
intuitive visualization part and a prediction part. The product competition identified by CBBI
might provide an efficient and low-risk tactic for relevant stakeholders, especially for sellers,
supply chain managers, and manufacturers.

The purpose of competitive product market analysis is designed to be much more of a
description than a prediction (Netzer et al., 2012). For straightforward description of product
competition, achieving market segmentation and visualization of product or brand
competitors is vital (Kim et al., 2011; Ringel and Skiera, 2016). Therefore, in the
visualization part of CBBI, we employed the conventional K-means clustering algorithm

Consumers

Client sides Server sides Sellers

& managers
Manufacturers

CBBI model

CBBI model

Clickstream data

1. Visualization part

2. Prediction part

Sale_rank

Product1
Product2
Product3
...

Product

competition

Figure 1.
Consumer-behavioral-

based
intelligence model
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and MDS technique in the field of product market structure (Kim et al., 2011; Ringel and
Skiera, 2016). Also, two evaluation indicators were used to determine the optimal number of
segments in the focal market structure. The silhouette index was used to interpret and verify
the consistency of the clusters theoretically (Savaresi and Boley, 2004), while the heuristic
Elbow principle was applied to ascertain the practicability (Kodinariya and Makwana, 2013).
The visualization part for a description of product market structure is demonstrated in
Section 5.

3.1 Updated BLR model
The BLR model embraces probability distribution to conduct linear regression rather than
point estimation in OLS. The purpose of BLR is not to determine the single best value of
parameters but to determine the probability posterior distribution (Rossi and Allenby, 2003;
Albert, 2009). There are two strengths of the BLR. It can not only adapt prior knowledge
(prior distribution) from experts in the model but also quantify the uncertainty of the model
due to its output of probability distribution. Conventionally, BLR utilizes the conventional
diffuse prior distribution setup (noninformative prior distribution), assuming estimation
merely depending on data. However, similar to sales predication, Azoury andMiyaoka (2009)
exploited BLR and found that the state-dependent demand forecast policy is optimal. In other
words, it is sensible to assume that the current consumer decision is bounded rational as it is
impacted by the consumer’s historical knowledge and previous experience (Simon, 1979).
Hence, we assume that product sale is period-dependent, since consumers might browse and
tag products in the current period, but they could buy later. Thus, BLR was suitable for us to
examine our hypothesis.

We set Saleit as sale of a product i in the period t, observing n individual products in total
m time periods, t ∈ fw1;w2; . . . ;wmg. The normal regression model could be expressed as

Saleit ¼ β0 þ β1Clickit þ β2Timeit þ β3Tagit þ β4Addit þ β5Remit þ εit

ε ¼ ðε1t; . . . ; εntÞ∼iid N
�
0; σ2

�
; i ¼ 1; 2; . . . ; n (1)

or expressed specifically as

Salet
�� β; σ2;Xt ∼Nn

�
Xtβ; σ2In

�
(2)

where Xt is defined as the heterogeneous behavioral feedback 5 3 1 vector in the current
period t. The corresponding parameter vector is set as β ¼ ðβ1; β2; � � � ; β5Þ

0
, and In is an

identity matrix. Also, Nnðμ ¼ Xtβ;A ¼ σ2InÞ is n-dimension normal distribution, μ is a mean
vector, and A is a covariance matrix. The error vector ε follows as a standard normal
distribution, and εitð1≤ i≤ nÞ is independent and identically distributed.

This studydefines heterogeneous behavioral feedbackXt in a specific period t as follows.We
defineClickit ¼

P
k∈KClickkit as the frequency of a focal product i clicked and then viewed byall

K individual consumers. Simultaneously, the accumulated time that consumersK havebrowsed
product i is representedasTimeit ¼

P
k∈KTimekit. In thecontext of e-commerce, thebehaviors of

product tagging and adding into a shopping cart have a significant positive impact on the
possibility of the consumer buying a product (Ou and Chan, 2014). We argue that two types of
feedback, tag-into-favorite and add-into-cart, are associated with product sales. Thus, the
frequencies of a focal product i tagged into a favorite set and added into a shopping cart are
denoted as Tagit ¼

P
k∈KTagkit and Addit ¼

P
k∈KAddkit, respectively. Moreover, consumer

preferences, such as consumer deletion behavior, need to be involved in the analysis of product
marketing (Day et al., 1979;Ding et al., 2015).Then,we calculate the frequency of removinga focal
product i from shopping carts by all K consumers as Remit ¼

P
k∈KRemkit.
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In the ordinary linear regression model, variances σ2 are assumed to be equal. Instead, the
Bayesian inference approach commonly sets θ ¼ ðβ; σ2Þ as an unknown parameter vector.
As in the study of Zellner (1976), we use diffuse prior distribution during the first period t:

p
�
βt; σ

2
t

�
∝
�
σ2
t

�−1
: (3)

In the light of the properties of multivariate normal distribution (Zellner, 1976; Albert, 2009),
the posterior distribution by Bayesian inference of the model can be inferred as:

p
�
βt; σ

2
t j Salet

� ¼ p
�
σ2t j Salet

�
p
�
βt j σ2t ; Salet

�
(4)

βt j σ2t ; Salet ∼Nn

�bβt;Vβtσ
2
t

�
(5)

σ2t j Salet ∼ invgammaððn� kÞ=2; S=2Þ$ (6)

Accordingly, we utilize stochastic simulation to sample σ2t first by pðσ2t jSaletÞ and then βt by
pðβt jσ2t ; SaletÞ, which could estimate the posterior distribution of parameters bθt ¼ ðbβt ;bσ2t Þ.
The estimated parameters bθt ¼ ðbβt;bσ2t Þ in period t keep constant to forecast product sales in
the consequent period, and this remains typical of noninformative prior BLR (Albert, 2009;
Zellner, 1976). In this study, we take it as the stable BLR.

As the BLR can involve uncertainty by incorporating prior historical knowledge (Rossi
and Allenby, 2003; Albert, 2009), it is a dynamic approach different from stable linear
regression (Azoury and Miyaoka, 2009). Hence, we incorporate the use of prior historical
knowledge to update the product sales in the current period, since the high uncertainty of
product sales could be learned by BLR. Generally, we update the prior information with the
average of posterior distribution bθt ¼ ðbβt ;bσ2t Þ in the previous period t instead of diffuse prior
distribution in a stable BLR. Also, we compare the performance of predicting the future
product sales between the stable BLR and our proposed updated BLR to test the hypothesis
that the product sales are period-dependent.

In addition, considering consumer memory effect as a marketing strategy, Yan et al. (2009)
used onedayand sevendays as the short-termand long-termperiod, respectively, and concluded
that targeting user behavior within a short-term period ismore effective thanwithin a long-term
period. Based on their research, Strandburg (2013) suggested that such short-term tracking on
advertising is contextually based. When memory effect involves the product market structure,
except for the period-dependent assumption, the specific duration for the memory effect is not
given endogenously, and it needs to be exogenously determined by the data. Empirically,
ascertaining the best size of the time window is essential for preparing a more appropriate
management decision earlier to avoid deteriorative conditions in the future.

Therefore, we propose an updated BLR model that conducts a sliding window approach
(Chu, 1995; Deypir et al., 2012). Such an approach does not only incorporate the prior
knowledge for clickstream data but also identifies the best time period owing to its emphasis
on the current period and its bounded memory requirement (Simon, 1979).

In the proposed updated BLR model, we divide our sequential data into m time periods
w ¼ fw1;w2; . . . ;wmg (i.e. m time windows) in a manner of a sliding window approach
shown in Figure 2, wherein the size of the time window is kwjk ¼ λ and j ¼ 1; 2; . . . ;m. The

issue of ascertaining the best size of the timewindow is transformed to solve λ* exogenously
when we optimize the performance of the updated BLR. That is to say, λ is a parameter

defined by exogeneity. Specifically, we infer bθw1
¼ ðbβw1

;bσ2w1
Þ in the first period w1 from the
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stable BLRmethod. Recursively, the prior information of θwjþ1
¼ ðβwjþ1

; σ2wjþ1
Þ in the current

period wjþ1 is updated by the estimated mean of bθw1
¼ ðbβw1

;bσ2w1
Þ in the previous window wj.

For sake of the expression of simplicity and consistency with Eqns 1–6, it is worth
mentioning the setup t ∈ fw1;w2; . . . ;wmg in the following equations.

Given predictor Xt ¼ x*t by the knowledge of multivariate Bayesian model, the posterior
predictive distribution of product sale Salet will be:

p
�
~Salet j Salet

�
¼

Z
p
�
~Salet j βt; σ2t

�
p
�
βt; σ

2
t j Salet

�
dβtdσ

2
t (7)

Note that the posterior samples for prediction could sample ~Salet from the normal distribution
based on the posterior distribution of bβt;bσ2t .
3.2 Evaluation metrics
For prediction, we compute the posterior means of sale ~Saleit of every single product in the
period t. Mean absolute error (MAE) and root mean squared error (RMSE) are adopted to
evaluate the effectiveness of our proposed approach. MAE and RMSE can be calculated as:

MAE ¼ 1

n

X
i∈n

���Saleit � ~Saleit

��� (8)

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

n

X
i∈n

�
Saleit � ~Saleit

�2
s

(9)

where ~Saleit and Saleit denote the predicted product sales and sample sales of the i product in
e-commerce, respectively, while n is the total number of the products. Obviously, the lower
values of MAE and RMSE represent better accuracy.

4. Data description and experiments
4.1 Clickstream data and description
Aiming at forecasting product sales and monitoring product competition using our proposed
CBBImodel, we acquired a clickstream dataset from one of the top three e-commerce retailers
in China. Due to business privacy, the terms of the product and brand were anonymous. The
dataset was comprised of each user’s recent weblog and was extracted over two weeks from
April 1 to April 16, 2016. Each data entry recorded an interaction that occurred when a
consumer accessed a product. The frequency of human–computer interactions, consisting of
consumers’ multiple activities, had more than 13.1 million action points by 78,746 distinct
consumers across approximately 200,000 stock-keeping unit products of 399 brands in 8
product categories.
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T-3

Figure 2.
An illustration of time
window λ ¼ 3 of a
sliding window
approach
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A rich product category with an abundance of products enabled us to generalize our
proposed CBBI model. However, in the context of e-commerce, consumers prefer those
categories of products that have low outlay and intangible value proposition and are
frequently purchased (Phau and Meng Poon, 2000). In other words, online consumer
preferences vary across product categories. Specifically, the product category itself
determines product market structure and product segments (Erdem, 1996; Netzer et al.,
2012). Thus, we implemented the CBBImodel disaggregated by product category. In practice,
however, it is much more detailed for managers to conduct product management tactics.
Table I shows summary statistics of our dataset sorting by product category. Without a loss
of generality, this study selected the first category of products as an illustration for analysis
while using other categories for robustness testing.

The descriptive statistics for heterogeneous behavioral feedbacks and product sales in the
first category of products within half a month are displayed in Table II. Consumer
preferences were rather diverse toward a total of 3,158 products, as the standard deviation
(SD) (Table II, column 4) of each feedback was rather larger than the corresponding mean
(Table II, column 3). Together, they imply that there will likely be segments of the product
market in consumers’ perceptual space.

4.2 Testing the hypothesis and ascertaining the best time period
A multicollinear test was conducted on the five heterogeneous behavioral feedbacks of each
subset and showed that a collinear problem did not exist. To verify the hypothesis that
product sales are period-dependent, we conducted the proposed updated BLR and stable BLR
to examine the period-dependent effect on predicting sales.

Considering the long-term and short-term memory effect on rational decision-making
(Simon, 1979; Yan et al., 2009; Strandburg, 2013), we therefore chronologically divided the
clickstream data into subsets with specific time window size λ in the manner of a sliding
window (Chu, 1995; Deypir et al., 2012). Next, the initial subset was set as the first-time

Category No. of brands No. of products No. of consumers No. of records

1 126 3,158 16,351 963,049
2 51 2,496 34,922 3,013,837
3 63 1,995 22,701 1,306,452
4 73 2,057 25,721 15,921,69
5 38 3,077 64,446 5,239,810
6 124 4,304 12,231 928,154
7 89 1,793 4,696 129,194
8 18 628 4,645 27,269

Variable Product-level definition Mean SD Min Max

Click Freq of click 192.8 728.116 0 14,507
Time Time duration of browsing an item (second) 5,338 20,846.788 0 427,962
Tag Freq of an item tagged in favorites 0.4971 2.164 0 39
Add Freq of an item added to the cart 3.459 14.774 0 323
Rem Freq of an item removed from the cart 1.847 7.544 0 154
Product sale Proportion of sales of an item in the market (%) 0.0318 0.158 0 2.84

Note(s): In the BLR, we employed the logarithm form of these consumer heterogeneous feedbacks for
nondimensionalization, and we added 1 to the logarithmic result of each variable to avoid zero issues

Table I.
Summary statistics of
the sort-by-product-

category dataset

Table II.
Statistical description

of variables of first
category
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window dataset w1 for estimating the distributions of parameters bθw1
¼ ðbβw1

;bσ2w1
Þ, which are

shown as the yellow blocks in Figure 3. Also, the following subset wjþ1 with equal size is
illustrated as the green blocks in Figure 3, respectively. The prior knowledge in the previous
window wj (yellow blocks in Figure 3) can be utilized to predict the sales in the current
window wjþ1 (green blocks in Figure 3). In the sliding window approach (Chu, 1995; Deypir
et al., 2012), the time window moves one block (a day in our study) forward over time,
indicating that the following sets dynamically apply the up-to-the-minute data to predict the
sales. We considered the size of window λ ranging from 3 to 7 days. Taking the three-day
window as an example, the first three days form the initial setw1, and the consequent setwjþ1

is applied to predict the sales for the next three days. This form demonstrates the advantage
of being able to predict the sales for the following days in a more real-time manner.

4.2.1 Hypothesis testing: period-dependent product sales.Updated and stableBLRswere run
to test the hypothesis: Product sales are period-dependent. The results of the stable BLRand the
proposed updated BLR with different sizes of time windows λ are depicted in Figure 4. The
lower MAE and RMSE values represented a better model fit. In general, the MAE and RMSE
values of updated BLR were obviously much lower than those of the stable BLR, shown in
Figure 4, respectively, indicating that the updated BLR outperformed the stable BLR nomatter
if evaluated byMAE or RMSE. The results indicated that estimated knowledge in the previous

Timeline/day

7-day window

w1 wj+1 =w2

3-day window

4-day window
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Figure 3.
Sliding time window
over time

Figure 4.
Performance of
different time window
settings from stable
and updated BLR in
MAE (left) and RMSE
(right) analyses
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period is helpful to infer the sale of products by influencing consumer consequent purchase
decisions, thus supporting the hypothesis that product sales are period-dependent.

4.2.2 Ascertaining the best size of a time window. Figure 4 presents the different
performances of updated BLR varying from three- to seven-day windows for exogenously
ascertaining the best size of time period λ*. For the MAE value of the updated BLR, as shown
in the left of Figure 4, it decreased from the three-day window (0:069) to the five-day window
(0:051). However, the curve soared and reached 0:147 at the seven-day window once when the
timewindow exceeded five days. The right of Figure 4 shows that the RMSE value followed a
similar pattern. Hence, we found that λ* ¼ 5, indicating that the five-daywindowwas the best
size of time window for predicting product sales of the sample product category.

Robustness analysis of the other product categories was also conducted, and similar results
showed that the product sale is period-dependent, as well as that the best size of the time
windowwas λ* ¼ 5, thus representing themost appropriate duration for thememory effect for
each product category to forecast andmonitor product sales in this focal e-commerce platform.

5. Visualizing competitive product market structure
To gain a better understanding of product marketing, we developed perceptual maps to
represent the market structure of the first product category with the final five-day window
dataset. We utilized the two conventional unsupervised learning algorithms for visualizing
productmarket structure (Kim et al., 2011; Netzer et al., 2012; Ringel and Skiera, 2016). In other
words, we used K-means clustering and the MDS technique to construct the perceptual maps
where consumer heterogeneous feedback is elaborated and there is no corresponding
dependent variable for the product sale.

Competitivemarket segmentation and identification ofmajor competitors in a focal segment
can gain attention from sellers and manufacturers for the sake of reducing uncertainty in
product marketing and management (Grasso, 2018). Thus, we applied a K-means clustering
algorithm to address the aforementioned issues. Also, we used the silhouette index (SI), ranging
from 0 to 1, as an evaluation index to interpret and verify the consistency of clusters (Savaresi
and Boley, 2004). The higher the SI is, the higher cohesion and separation the segments of the
market have. The results of SI on the incremental number of submarkets are given in Figure 5.
Though the SI of two segments was the highest ðSI ¼ 0:469Þ, that of three segments was the
optimal point according to the heuristic Elbow principle for practicability (Kodinariya and
Makwana, 2013). Robustness analysis for identifying the segments of the market structure
related to other product categories was also conducted. Nevertheless, the optimal number of
submarkets depended on the product category itself.
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Table III presents the clustering results for the averages of heterogeneous feedback and
product sale. The results suggest that product sale is positively associatedwith the segments,
meaning that segment 3 is the most dominant product segment in the focal product market
structure while the market share of other segments is rather minor. Furthermore, we mapped
the three competitive product segments with heterogeneous consumer feedback, and themap
of product market structure we derived is depicted in Figure 6. Each of the scatter points in
the figure is a specific product in the first product category. We added an overlay (scatter
color, i.e. red, green, and blue, respectively) that shows market segments derived through the
K-means clustering algorithm, and the scatters with the shapes of a triangle, cross, and
square represent the products from the top-three brands, respectively. Although the two
dimensions cannot have a single and global meaning across the clusters, it was surprising to
find that the closer a focal product point was to the positive of the horizontal axis, the stronger
its competitive degree was in consumers’ perceptual space. Irrespective of product sale, our

Segment log_Click log_Time log_Tag log_Add log_Rem Product sale

Segment1 2.251 4.513 0.020 0.113 0.087 0.003
Segment2 4.928 8.228 0.237 1.167 0.712 0.062
Segment3 6.572 9.920 0.903 2.742 2.083 0.543

Note(s): Consumer heterogeneous feedback was considered as input in the unsupervised learning algorithm
K-means clustering while product sale was not a consideration

Product_7418

segment

others

Rank_Brand
Top1_Brand306
Top2_Brand489
Top3_Brand587

1

2

3

Competitive edge
Note: Consumer heterogeneous feedback was as input in the unsupervised learning algorithm

MDS while product sale was not a consideration

Table III.
Means of variables of
segments

Figure 6.
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visualization results indicate that the horizontal axis could be represented as a signal of the
ascending trend of product sale in Figure 6.

For product-level market structure, product proximity is the basic feature of identifying
the market clusters shown in the product map. Smaller Euclidean distances represent higher
product similarity. We see that three distinguishable market segments are built with regard
to products in close proximity. Visually drawn from Figure 6, the two areas shaped by the red
scatters for segment 1 (consisting of 1,750 unique products) and those shaped by the green for
segment 2 (264 correspondingly) are much larger than the blue area for segment 3 (only 145
products). Statistically, 6.7 percent of the products in segment 3 account for 78.68 percent of
product sales in the whole market, while most products present very little competition, which
is close to the 80/20 rule, verifying the known Pareto principle in e-commerce (Fujiwara et al.,
2004; Zuo et al., 2019).

On the other hand, we found that there was an overlapped scope between the adjacent
segments shown by the color-overlapped rug plots at the left and bottom of Figure 6. Even
though the horizontal axis of the MDS as a signal of the ascending trend of product sales the
best-seller product_7418 had was the most competitive (2.36 percent of product sales in the
product market), but was not at the farthest position to the right on the plot. This finding
illustrates the heterogeneous preferences across consumers, suggesting that consumer
heterogeneity could be further explored for mining business intelligence (Ding et al., 2015),
especially formeasuringmarket structuremore precisely. The segments indicated that different
levels of competition are driven by consumer perceptual preferences, providing amore intuitive
insight to help in effectively scouting for deadly competitors in different product submarkets.

In respect to the brand-level market structure, we took the three top brands as examples for
particular managerial implications. We found that products of the three top brands were
mainly distributed in segments 2 and 3, shownas the scatterswith the shape of a triangle, cross,
and square in Figure 6, where the brands no.306 and no.489 had dominant positions in the
entire product market and whose overall product sales were 19.62 percent and 17.69 percent,
respectively. But, the two brands had 19.41 percent and 17.06 percent, respectively, in segment
3, both accounting for over 95 percent of product sales by themselves (19.41/19.62 percent and
17.06/17.69 percent, respectively) in that product market. For the managers, integrating lean
and sustainable supply chain management could benefit from appropriate product cutdown
(Zhu et al., 2018) to achieve cost-effectiveness. Nonetheless, adopting a product-diversified
managerial strategy to hedge competitive risks (Peterson et al., 1997) is equally as vital. The
top-three brands, no.587, had 9.82 percent of the product sales in segment 3 and overall, 12.99
percent of product sales in the entire market. However, notably, brand no.587 was still the
dominant brand in segments 1 and 2. In other words, the brand owner might adopt a product-
diversified marketing strategy to accelerate sales for products belonging to brand no.587.

6. Parameter estimation by updated BLR
For a clear expression, a multicollinear test was again conducted in the final five-day
window. Variance inflation factor (VIF) analysis showed that no collinear problem existed
among all behavioral feedbacks, specifically, click (4.668 < 10), time-of-browsing
(3.150 < 10), tag-into-favorite (1.799 < 10, add-into-cart (5.166 < 10), and remove-from-
cart (4.195 < 10). After ascertaining the best period, we conducted our proposed updated
BLR for the final five-day-window dataset to again present the results of parameter
estimation. More specifically, we ran a Bayesian inference algorithm for 100,000 iterations
in the R programming language (the R-3.4.1 version). The first 95,000 iterations served as
the “burn-in” period to ensure convergence, and the last 5,000 iterations served as the input
for our parameter inference. Compared with the OLS method of point estimation, the
updated BLR outputs the posterior distribution of parameters bθt ¼ ðbβt;bσ2t Þ, as shown in
Figure 7.
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Based onwhat is shown in Figure 7, we can deduce that it is intuitive that each heterogeneous
feedback is significantly associatedwith product sale, since zeros do not lie in their 95 percent
posterior probability interval, which is in line with the rule of the BLR (Rossi and Allenby,
2003; Albert, 2009). Interestingly, taking log_Click as an example, we commonly think that
themore frequently a consumer clicks a focal product, the higher is the likelihood that shewill
buy it. However, the posterior distribution of parameter β1 was stabilized from –0.0182 to
–0.0084, implying that consumers might reveal dislikes toward products in the course of
online shopping, turning into negative outcomes on product sale. The SD bσ of sale of products
was large and stable at 0.137 as compared with the average 0.0318 product sale, representing
much larger differences in degree of competition across products. The result was consistent
with the findings for segments of the product market structure shown in Section 5.

We exemplify the posterior distribution of bθt ¼ ðbβt ;bσ2t Þ in Table IV. We can conclude
from the data displayed in Table IV that click and time-of-browsing have a significant
negative impact on product sale ðbβ1 ¼ −0:013; bβ2 ¼ −0:002Þ. The findings show that a
high level of consumer engagement in products is not necessary to complete transactions,

log_Click log_Time

-0.018 -0.014 -0.010 -0.005 -0.003 -0.001

0.105 0.115 0.125

log_Fav log_Add

log_Rem ERROR SD

0
10

0

0
10

0

25
0

0
40

80
D

en
si

ty

0
20

0
50

0

D
en

si
ty

D
en

si
ty

0
40

80
D

en
si

ty

0
40

80

D
en

si
ty

D
en

si
ty

0.145 0.155 0.165 0.175

β1

β3

β5

β4

β2

0.050 0.060 0.070 0.130 0.135 0.140 0.145
σ

Note: Here, log_Click, log_Time, log_Tag, log_Add, and log_Rem represent the logarithm

form of heterogeneous feedback, respectively, denoted in Table 2

Figure 7.
Posterior distribution
of parametersbθt ¼ ðbβt ;bσ2t Þ

APJML



which might be owing to the fluctuant human interest affected by the occurrence of events
(Han et al., 2008; Ding et al., 2015). For instance, consumers have hedonic shopping
motivations impacting their online impulse buying behavior during a comparatively short
shopping trip (Ozen and Engizek, 2014). Nonetheless, when consumers shift to hedonic
motivation, they will click more and browse more products but not necessarily make a
transaction. Thus, consumer heterogeneity should be considered in the online environment
more so than in its brick-and-mortar counterpart (Fu et al., 2013), which might lead to
interpreting the negative effects of click and time-of-browsing and considering under what
boundary conditions such feedback will change the valence of effects.

However, products tagged-into-favorite ðbβ3 ¼ −0:159Þ or added-into-cart ðbβ4 ¼ −0:117Þ
are more likely to have a higher degree of competitiveness in market. Intuitively, the sale of
products depends on the level of consumer preference for the products. This finding is in
accordance with the case of tagging behavior in Taobao.com (Ou and Chan, 2014). The
consumer tags the item to favorites, which represents a positive signal on the probability to
purchase the item and could be exploited to shape the competitive edge of a seller (Olbrich and
Holsing, 2011; Ou and Chan, 2014).

Besides consumer preferences, consumer deletion behavior needs to be considered when
analyzing product markets (Day et al., 1979). However, the consumer remove-from-cart
function is positively and significantly associated with product sale ðbβ5 ¼ −0:063Þ, which
implies that consumers continue to have purchase intention of a choice alternative for one
that was removed. In fact, many consumers use their online shopping cart as a tool to help
gather information. Even though tag and add-into-cart serve as indicators of desires of
consumers to buy, the feedback remove-from-cart conveys information about the consumer
consideration set to sellers or product managers (Kukar-Kinney and Close, 2010). Such
information may delay consumers’ purchase decisions but still give an implication that the
product removed is still in the consumer consideration set.

7. Discussion and implications
7.1 Key findings
The present study proposes a CBBI model to highlight the role of consumer heterogeneous
feedback and the memory effect of rational decision-making on visualizing product market
structure and predicting dynamic product competition in terms of product sales. The results
of the study provided significant findings.

Particularly in the prediction part of the CBBI model, the proposed updated BLR
incorporating prior historical knowledge outperformed a stable BLR in terms of MAE
and RMSE analyses, suggesting that product sale is period-dependent due to the
consumer memory effect. Furthermore, through the sliding window approach (Deypir
et al., 2012), the evaluation of MAE showed that the performance of different sizes of the

Estimated coefficient

Standard errorMean 5% 50% 95%

Intercept 0.013 0.009 0.013 0.018 0.0028
log_Click �0.013 �0.016 �0.013 �0.011 0.0014
log_Time �0.002 –0.003 �0.002 �0.001 0.0007
log_Tag 0.159 0.152 0.159 0.166 0.0042
log_Add 0.117 0.112 0.117 0.122 0.0031
log_Rem 0.063 0.057 0.063 0.069 0.0035
Error sd 0.137 0.134 0.137 0.140 /

Note(s): Estimates in bold indicate that zero does not lie in the 95 percent posterior probability interval

Table IV.
Posterior distribution

of parameter estimates
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time window setting decreased from a three-day window (0:069) to a five-day window
(0:051), and the curve soared and reached 0:147 at a seven-day window. RMSE presented
a similar pattern. Robustness analysis of other product categories also ascertained that
the size of five-day time window ðλ* ¼ 5Þ was the most appropriate duration for the
memory effect for each product category to forecast product sales in the focal e-commerce
platform.

Our findings from the description part of CBBI model utilizing the K-means
clustering and MDS technique with consumer heterogeneous feedback showed that three
market segments are optimal for identifying the product market structure. As shown in
Figure 6, it was surprising to find that the closer a focal product point was to the
positive of the horizontal axis, the stronger its competitive degree was in consumers’
perceptual space. In particular, segment 1 was the least competitive edge segment, and
segment 3 was the most dominant market segment. That proved to be intuitive for
scouting for major product or brand competitors in each segment. Overall, the
description part of CBBI initially indicated that consumer heterogeneous feedback is
associated with product sale.

Moreover, for product-level market structure, 6.7 percent of products in segment 3
accounted for 78.68 percent of product sales in the entire market while most products
had very little competitive advantage, which was close to the 80/20 rule, verifying the
known Pareto principle in e-commerce. As to the brand-level market structure, the two
top brands were mainly distributed in the most competitive segment 3, revealing a lean
and sustainable supply chain management. At the same time, the top-three brands
were scattered widely in each segment, indicating a product-diversified managerial
strategy.

To further scrutinize the effects of consumer heterogeneous feedback on product sales,
our research employed the updated BLR to demonstrate that click and time-of-browsing have

significant negative impacts on product sales ðbβ1 ¼ 0:013; bβ2 ¼ 0:002Þ. However, products
tagged-into-favorite ðbβ3 ¼ 0:159Þ or added-into-cart ðbβ4 ¼ 0:117Þ were found to be more
likely to have a higher degree of global competitiveness in the market. Interestingly,
consumer remove-from-cart was positively and significantly associated with product sales

ðbβ5 ¼ 0:063Þ. The implications of these key findings are discussed in the following section.

7.2 Theoretical implications
This study is among one of the first that focuses on consumer heterogeneous feedback in
product market structure. Most all of the previous studies have focused on homogeneous
feedback to monitor the competitive edge of products in single search data (Bao et al., 2008;
Lee andBradlow, 2011; Netzer et al., 2012; Ringel and Skiera, 2016;Wei et al., 2016), This study
highlights the competitive intelligence of consumer behavior, that is, consumers’ click, time-
of-browsing, tag-into-favorite, add-into-cart, remove-from-cart, in determining a product’s
competitive edge in terms of product-level sales. By extending the literature of product
market structure from the perspective of consumer feedback data (Kim et al., 2011; Netzer
et al., 2012; Ringel and Skiera, 2016), this study proposes a CBBI model to visualize product
market structure and predict dynamic product competition using clickstream data. Thus, a
number of theoretical insights were provided by this study.

Firstly, this study contributes to the existing studies on the consumer memory effect and
product competition. In terms of the discipline of operation management, Azoury andMiyaoka
(2009) found that the state-dependent policy is optimal for forecasting product demand and
inventoryproduction. Inmarketing science, previous studies (Yan et al., 2009; Strandburg, 2013)
were largely concerned about the consumer memory effect on marketing strategies. Instead of
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merely focusing on the consumer memory effect, this study utilized prior knowledge to infer
consumer consequent purchase decisions resulting in the degree of product-level sale, namely,
the competitive edge of individual products. Robustness analysis of each product category
suggested that product sale is period-dependent in e-commerce. On the other hand, the size of
the timewindow λ* ¼ 5was found to be themost appropriate duration for thememory effect to
forecast product sales from the perspective of the slidingwindow of time series. This study also
suggests a new integrated theoretical lens for considering the consumer memory effect based
on rational decision-making (Simon, 1979) to examine the product competition.

From the theoretical perspective, this study extends the research on homogeneous
feedback for visualization of product market structure (Kim et al., 2011; Netzer et al., 2012;
Ringel and Skiera, 2016). Akin to these studies (Netzer et al., 2012; Ringel and Skiera, 2016),
without considering product sales, the conventional K-means clustering and MDS
incorporate consumer heterogeneous feedback and indicate that those factors could reveal
the competitive degree of products by using the horizontal axis in the map of consumers’
perceptual space. Thus, this study provides a novel perspective that incorporates consumer
heterogeneous feedback to identify market structure.

In terms of the different effects of consumer heterogeneous feedback, this study also
extends the stream of research (Bao et al., 2008; Lee and Bradlow, 2011; Wei et al., 2016) on
homogeneous feedback to predict the competitive degree of products. It also extends and
validates the related research (Olbrich andHolsing, 2011; Ding et al., 2015), indicating that the
more consumers click a product, the deeper the product is visited and the lower the
probability of purchase. The time spent on a product also represents the same negative
impact on purchase probability. The feedback of tag-into-favorite is positively associated
with product sales, as shown by the studies (Olbrich and Holsing, 2011; Ou and Chan, 2014).
Thus, tags can be a useful social signal for making the shopping journey more effective
through helping consumers to access what they demand. Similarly, the shopping cart is
identified as the consideration set for consumers: when consumers add a product into
shopping cart, this indicates their intention to purchase such a product. Shopping cart
abandonment is highest among consumers who have a hedonic motivation or are planning a
future purchase and simply gathering information (Day et al., 1979; Kukar-Kinney and Close,
2010). Notably, the products that have been abandoned still hold positive significance for
further transactions. Hence, this study provides researchers with a springboard to further
integrate consumer preferences, product deletion, and addition behavior to investigate
product competition.

7.3 Managerial implications
The results also have valuable practical implications. First, they suggest that the memory
effect could be valuable to sellers for sales prediction in the platform of e-commerce. As the
number of products grows enormous, the consequent abundance of product information
results in dynamic and competitive circumstances that require sellers to adjust their product
management strategies in a timely fashion in accordance with intensive competition in
market structure (Grasso, 2018). The study shows that incorporating the memory effect can
potentially improve product sale prediction accuracy. At the same time, the updated BLR
allows sellers to conduct a sliding window approach to predict the sales in a time period that
their personalization demands to prepare a better strategy earlier to avoid the worst
conditions and manage the risk in the future.

Second, the visualization part of CBBI provides sellers and managers with an intuitive
way to find the position where their products or brands stand. As informed by the perceptual
product map, its horizontal axis, which serves as a signal of the ascending trend of product
sales, enables sellers to position their products and quickly scout for their major competitors
in consumer perceptual space in a straightforward manner. Furthermore, the three
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distinguishing market segments displayed in different competitive degrees could help sellers
choose their products based on what is popular in a specific market segment and what is the
major product substitution.

Despite the existence of the Pareto principle in the market structure, we found that the
corresponding lower number of products contributed to the major sales in the entire market.
Products belonging to the top-three brands, no.587, also were dominantly distributed in each
segment, suggesting that adopting a product-diversified managerial strategy to hedge
competitive risks (Peterson et al., 1997) is vital for sellers. In such a case, sellers and product
managers might adjust their marketing strategies to satisfy consumers’ varied demands. On
the other hand, products belonging to the top-two brands, no.306 and no.489, merely were in
themost competitive edge segment. Thus, for their sellers andmanagers, integrating lean and
sustainable supply chainmanagement (Zhu et al., 2018) could be beneficial for achieving cost-
effectiveness. Specifically, it is beneficial to cut down product supply in the other two
segments and make accurate marketing strategies to boost product sales. However, since the
number of market segments depends on the product category, sellers and managers should
be cautious about generalizing the two strategies from one product category to another.

Third, the detailed distribution of parametersbθt ¼ ðbβt ;bσ2t Þ from the updated BLR could be
highly informative for product managers and manufacturers when conducting further
simulations of product sales by controlling some variables. For instance, sellers and product
managers could control some behavioral variables constantly and simulate the sale of a focal
product. This would be a novel perspective when scouting for new products according to
popularity across consumers in order to resist competitive risk. The current e-commerce has
heavily applied the collaborative filter algorithm to achieve personalization marketing,
through recommending consumers’ popular products based on those consumers who have
similar transaction histories. However, our findings suggest that personalization marketing
tactics could incorporate not only consumer similarity but also a social commercemechanism
and consideration set within shopping cart. Tagging a product into favorites has a positive
impact, and it is a social signal to attract potential buyers to buy such a product. A better
webpage design for personalization marketing would be to include some related high-
frequency tagged-into-favorite products to drawmore attention andmake the search process
more effective, as well as to help consumers to find what they indeed need. Our results also
demonstrate that both the products added-into-cart and those removed-from-cart have a
positive influence on product sales. Thus, sellers and retailers need to pay attention to the
consideration set in the shopping cart. Akin to the implication of tagging behavior, when
consumers search products, the page of the searching results could display the related
products that have been added to cart, as well as highlight their characteristics. Consumers
tend to use their cart as a consideration set to store their desired products, to track prices, or
for other purposes, which might cause a delay in making a purchase (Kukar-Kinney and
Close, 2010). Thus, abandoned carts are still valuable for both consumers and sellers. The
specific products removed-from-cart also provide sellers and managers an opportunity to
understand information about consumers’ consideration sets. On the one hand, sellers and
managers could still recommend such products to consumers while their prices change to
gain profit. On the other hand, it is likely that this would provide alternatives or
complementary products with which to target consumers.

8. Limitations and future research directions
This research is subject to several limitations. First, consumer heterogeneity of clickstream
data is not fully considered in this study. This might have had some influence on why
consumer click and time of-browsing have negative impacts on product sales and under what
boundary conditions these two types of feedback could have opposite effects. These negative
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impacts may indicate that, when consumers shift to hedonic motivation, they will click
products more and spend more time without making a transaction. Further research is
encouraged to take consumer heterogeneity into consideration. Second, seasonality could
influence product sales of different product categories, especially clothing products.
However, seasonality was not considered as an input variable to predict the product sales in
the model. It would also be relevant to further explore the effect of seasonality to measure
market structure more precisely. More data on both of these factors could enhance the
empirical findings of the current study.

Highlights

� We propose a consumer-behavior-based intelligence (CBBI) model to identify market
structure so as tomonitor product competition, using real-world clickstream data from
top-two e-commerce retailers in China.

� By taking users’ online behaviors into account, the research develops an updated
Bayesian linear regression (BLR) that outperforms the conventional BLR in terms of
mean absolute error (MAE) and root mean squared error (RMSE) analyses, thus
supporting the hypothesis that online product sales are period-dependent owing to the
consumer memory effect in e-commerce.

� Based on consumers’ heterogeneous behavioral feedback, the current research
visualizes three different segments of the competitive market structure in a perceptual
map, its horizontal axis shown as a signal of the ascending trend of product sales.

� The estimated results of the proposed updated BLR imply that consumers’ online
behavioral feedback of tag-into-favorite, add-into-cart, and remove-from-cart have
positive impacts on product-level sales in e-commerce, while other types of user
shopping status, such as click and time-of-browsing, have negative effects on sales.

� The optimal number of market segments depends on the product category itself.
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