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Abstract

Nowadays, people tend to rely on Internet to do their shopping. Even though shopping
online is constantly rising, its channels convert only a small fraction of their visitors
into buyers. This might be either because of technical factors (for example, website
design or functionality) or because of the initial user’s intentions. By using stochastic
processes a shop manager can acquire valuable data that can be used to rise the
conversion percentage and the successfully completed sales. In this essay, we study
the phenomenon of cart abandonment and we propose a hidden Markov model that
detects user’s characteristics, heterogeneity and intentions on the fly. Then this
information is proposed to be used by the store in order to adapt properly and reduce
the probabilities of cart abandonment and by the store’s manager to gain a better

understanding of the way consumers tend to use the website.
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1. Preface

E-commerce is a worldwide emerging way of shopping. According to Eurostat (March
2013), during 2012, 45% of individuals born in European Union (27 countries) have
made an online purchase during the last 12 months (appendix 1, table 1). This
percentage varies among the European countries from 27% (Cyprus, 2012) to 81%
(Norway, 2012). In Greece, 30% of individuals have made an online purchase in 2010,
which is the last year of available data. Given the technological advancement of Greece

in the last years, it is safe to assume that this percentage has been risen during 2012.

The total turnover of products and services sold online in Europe was expected to
reach over 305 billion euro in 2012, compared with 254 billion in 2011 (20% increase).
This amount makes Europe the world’s largest online market, while United States is
the second biggest one with a turnover of 280 billion euro in 2012 and Asia-Pacific the
third with a turnover of 216 billion euro (Ecommerce Europe, November 2012)(figure

1).
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Figure 3 - 2012 online turnover (in billion euros) (Ecommerce Europe, November
2012)



According to Invesp Consulting (2011) online shopping is chosen by consumers at
increasing rates for a variety of reasons. Among them, time saving is the most
significant factor (73%), together with greater variety of products and services that can
be found online (67%). Also, the simplicity of price comparison between similar or
competitive products (59%), the lower taxes when store is abroad (e.g. on Asian
countries) (30%) and the avoidance of crowds (58%) are quite important factors.
Finally, as long as money is concerned, the reduced prices (55%) and the reduction of
other costs (such as transportation, parking, etc.) (40%) constitute a considerable

advantage (figure 2).
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Figure 4 - Why consumer prefer online shopping (Invesp Consulting, 2011)



E-commerce is a vast way of shopping but its channels diachronically convert into
buyers on average only 2 to 4 percent (Li and Chatterjee, 2005; Search Marketing
Standard, 2007; Smart Insights, March 2013) of their visitors. This percentage may rise
up to 8% when there is cart activity, meaning there have been products added to the
virtual shopping cart (Smart Insights, March 2013). Consequently, only a small portion

of consumers that visit an online store compete a purchase.

There are a lot of online store visitors that do not intent to buy something and they are
just browsing through the website seeking for information. Nevertheless there is a
significant amount of missed purchases than could have been converted, if the

browsing experience or other factors (e.g. psychological ones) were different.

In this essay we are going to focus on methods of increasing conversion rates on online
stores by using stochastic processes applications. Specifically, we are going to focus on
“cart abandonment”, the phenomenon where a consumer leaves an online store
without buying anything, even though there were already items placed on the virtual
shopping cart. We are going to approach this phenomenon by studying existing hidden
Markov models (HMM) that are designed to predict and interact with visitor’s

intentions and other characteristics.

Moe and Fader (2004) stated that online shopping differs from offline because the
latter costs significantly more in terms of time, transportation, etc. Therefore,
conversion (visitors to buyers) at offline stores is higher since customers are more
likely to buy. Also, information seeking and alternative evaluation has already occurred
online, so customers are more aware of whether they want to buy and what, when
they visit a brick and mortar store (Kukar - Kinney and Close, 2010). It is concluded that
customers visit online and offline stores for a variety of reasons apart from actually

buying a product or a service (e.g. information seeking, price comparison, etc.).

In order to focus on online carts and their key role to online buying experience, it is

essential to describe the consumer’s shopping process at an online store. Such a



process consists of 4 stages and follows the information processing theory of

consumer choice (Howard and Sheth, 1969):

1. the consumer views a shopping page — a page with product information and,
maybe, price (information seeking stage)

2. the consumer adds the product to the shopping cart (consideration stage)

3. the consumer decides to start the checkout process by choosing to visit the
shopping cart page (evaluation stage)

4. the consumer decides to buy the items (or some of them) contained in the

shopping cart (purchase decision stage)

While the consumer browses through a lot of different products in the online store,
the aforementioned stages may occur more than once, except from the decision to
buy the items (fourth stage) or abandon the cart which may happen only once. Also,
on the first step, the consumer may choose to visit other pages on the online store as
well, such as pages with information about the store, the means of payment provided,

the shipping costs, store’s reviews and testimonials, etc.

Online shopping behavior differs from offline in a great variety of ways and so,
shoppers behave in fundamentally different ways (Ganesh et al., 2010). Consequently,
the usage of online and offline shopping carts should not be considered as the same.
While in an offline store, customers tend to add items on their shopping carts when
they are almost definite they want them and they are going to buy them. On the
contrary, while on online stores, customers may use their shopping cart as a bookmark
facility for organizational and research reasons (Kukar - Kinney and Close, 2010) or
even for hedonic reasons (Kukar - Kinney and Close, 2010). During browsing through
an online store, customers find interesting items or maybe similar items and they place
them in their virtual shopping cart so they can review and compare them further when
they are done browsing. This item selection does not necessarily mean an intention of
buying since it can be only for comparison reason or future reference (Punj and

Moore, 2009).



Also, there are different moments during the online shopping process where
customers choose to abandon their carts. The majority of cart abandonment occurs
before customer enters the checkout process, namely before hitting the “buy” or the
“checkout” button or anchor. Another common moment of abandoning carts is at the
point of sale, namely when the customer is asked to fill in shipping and payment

information.

According to previous studies, approximately 7 out of 10 online virtual shopping carts
are abandoned (Oliver and Shor, 2003; Goldwyn, 2002; Smart Insights, March 2013).
Online stores may have the opportunity to reduce cart abandonment provided they
are aware of why and when it happens. Generally, the reasons of online shopping cart

abandonment can be distinguished in two broad categories (Li and Chatterjee, 2005):

e \Website design and browsing experience factors (e.g. insufficient product
information or shipping costs, limited website functionality, confusing buttons
or design, over-detailed registration requirement, unstable interactivity with
website and more)

e Consumer’s motivation factors (e.g. high prices, desire of more comparison
before purchase, postpone purchase, lack of time, lack of means of payment,

shipping issues and more)

According to WorldPay (January and February 2012), the most common reasons
consumers are abandoning their online virtual shopping carts are the following (Figure

3):

e Presented with unexpected costs (56%)
e Just browsing (37%)

e Found better price elsewhere (36%)

e Overall price too expensive (32%)

e Decided against buying (26%)

e Website navigation too complicated (25%)



e \Website crashed (24%)

e Process was taking too long (21%)

e Excessive payment security checks (18%)

e Concerns about payment security (17%)

e Delivery options were unsuitable (16%)

e Website time out (15%)

e Price presented in a foreign currency (13%)

e Payment was declined (11%)

Payment was declined

Price presented in a foreign currency
Website time out

Delivery options were unsuitable
Concerns about payment security
Excessive payment security checks
Process was taking too long
Website crashed

Website navigation too complicated
Decided against buying

Overall price too expensive

Found better price elsewhere
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Presented with unexpected costs
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Figure 3 — Why do online shoppers leave without paying? (WorldPay, January and

February 2012).




It is, therefore, essential for the shop manager to provide such an experience to its
visitors that will lead to more purchases. This experience should take under
consideration website design and browsing experience as well as customer’s

motivation and psychology.

In this essay, we are going to approach the cart abandonment phenomenon by
analysing store’s data. The aim is to examine the main reasons that customers leave
the store prior to buying. Then, by using stochastic processes, we are going to analyze
store’s consumer heterogeneity. This information can then be used by store owners or
managers to design and provide unique online experiences for different customer

segments.



2. Literature Review

There are a lot of different definitions as far as “cart abandonment” is concerned. Cho
(2004) stated that cart abandonment occurs when a consumer visits an online shop
intending to make a purchase but does not complete it and abandons this intention.
Moore and Mathews (2006) have a slightly different approach since they define cart
abandonment when a consumer puts items in the shopping cart to gather information
but decides to abandon the cart before the final purchase stage. A more recent
definition by Ouellet (2010) concludes that cart abandonment occurs when a shopper
begins the checkout process but does not complete it. The difference between these
definitions lies on whether the check-out process has been initiated before the cart

abandonment occurred or whether there was only cart activity (selection of products).

As far as the behavioral factors are concerned, Cho (2004) concluded that the intention
of buying online depends on the past e-shopping experience of the shopper. Later, Cho
et al. (2006) came to the conclusion that delay factors, such as perceived uncertainty,
medium/channel innovation and contextual characteristics, combined with consumer
characteristics, have a significant impact on online shopping hesitation and, thus, cart
abandonment. According to Egeln and Julie (2012), the cart abandonment can be

looked at in two different ways: behaviorally and technologically.

There are other behavioral factors that may increase or decrease the buying likelihood
of an online shopper. Such factors may be promotional codes or coupons (Oliver and
Shor, 2003), hyperlinks, promotions and other advertisements that consumers
encounter online (Mandel and Johnson, 2002), etc. People tend to quit an online store
when they are prompt to add a coupon code and they do not have one, or they
encounter promotions or special offers to products similar to the ones they intended

to purchase.

Regarding the technological or web-site factors, the checkout process complexity, the

web site design, the graphics load time, the online purchase confirmation time (the



time that takes for the user to receive a confirmation that his or her order has been
received correctly), the registration process (or the need of a registration for an order
to be placed), the login issues, and the credit card security threats are some of the
most common factors that affect the buying intention and the cart abandonment

(Rajamma et al., 2009).

Furthermore, it is essentially important that there is congruity and consistency
between the e-commerce website and the firm and its actual stores (Wang et al.,
2009; Close and Kukar — Kinney, 2010). Finally, the website’s personality may have a
key effect of website’s perceived quality and, thus, to consumers’ purchase intention
(Poddar et al., 2009). People expect to have online a similar experience with the actual
stores, namely they want the same branding (colors, mottos and so on), similar level of
innovation and technology, same products, etc., in order to maintain the buying

desirability.

There is little previous work regarding mathematics and stochastic processes in
general, or hidden Markov models in particular. Most related researches analyze
clickstream data to produce results. Clickstream is the recording of the parts of the
screen a computer user clicks on, while web browsing or using another software

application™.

Wang et al. (2000) built a hidden Markov model in combination with Viterbi algorithm
in order to adjust a website on the fly based on user’s clickstream data. Montgomery
et al. (2004) used clickstream data from a major online bookstore to model the
browsing behavior state in relation with user’s goals or state of mind. Sismeiro and
Bucklin (2004) used a similar methodology on an automobile website in order to model
the shopping process. Moe (2003) used clickstream data to reveal shoppers’
underlying objectives and categorize them as buyers, browsers, searchers or

knowledge-builders. Li and Chatterjee (2005) proposed a four-stage model of online

! http://en.wikipedia.org/wiki/Clickstream
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shopping process by using hidden Markov process to capture unobserved navigation

orientation and account for consumer heterogeneity.

Scott et al. (2006) used nested hidden Markov models to track Internet browsing
behavior. In their research they used two hidden Markov chains in order to gather all
the necessary data. One hidden Markov model was used to track the sequence of page
requests within a session and another hidden Markov model to track consecutive web
sessions by the same user. This model was implemented on a small e-commerce
website to determine the roles of session-level and page-level chains. Through the
collected data, Scott et al (2006) came to the conclusion that session-level model was
able to discover the “session type” (for example, if it is a buying session or searching
session, etc.), while the page-level model accounted for other data features that would

not be possible to be gathered by the session type model.

Ching et al. (2004) applied a hidden Markov model to classify the customers of a
company (CRM application). A similar research was conducted by Netzer et al. (2008).
Their proposed model captured the dynamics of customer relationships, but also took
into account the effect of encountering with the firm and its impact on buying

behavior.

In a more recent research, Chang C. (2012) developed a non-homogeneous multiple-
segment hidden Markov model to capture dynamic variation and cross-sectional

heterogeneity in customers’ channel choice.

Finally, hidden Markov models have been used by researchers in order to estimate the
impact of personal characteristics or demographics on the selection of products. Ebbes
et al. (2010) used such models to estimate the dynamics of strategic groups. Also, Du
and Kamakura (2006) used data from the American market to study the household life
cycle in combination with the quality of life. Moon et al. (2007) used hidden Markov
models to determine the consumer behavior in combination with the unobserved

promotion of the competitive products.

10



To conclude, previous research has defined cart abandonment, has concluded on the
broad categories of factors that affect cart abandonment on online shops and has

made a solid connection with the actual shops (if the brand has any).

Regarding mathematics and stochastic processes, there is little previous research and
it is mostly on clickstream analysis, browsing behavior, tracking shopping processes,

customer relation management applications and customer heterogeneity.

11



3. A mathematical approach

3.1. Markov Chains

A Markov chain is a mathematical system that undergoes transitions from one state to
another (or remain to the same state), between a finite or countable number of
possible states (S;, Sy, ..., Sn). A Markov chain is a memoryless process since each
transition is only depended on the current state of the system and not on the

sequence of previous events.
P[at=S;| gt-1=Si, 9t-2=Sk, -..] = P[a:=Sj| q+-1=Si], gt is the state on time t.

This mathematical system is named after Andrey Markov, a Russian Mathematician

(1856 - 1922) known for his work on stochastic processes®.

A Markov chain is a random process which in each discrete-time (or step) is in a certain
state. Such a system changes randomly, making it generally impossible to predict with
certainty the state of the chain at a given point in the future. However, the probability

of each state to be the current state on a given step in the future can be calculated.

In order to completely characterize a Markov chain there should be stated all the
available states and the transition probabilities. A transition probability is the
probability of transition from one specific state to another specific one (e.g. from state

A to state B).

Pij = P[a=S;] 91=Si], 1 <i,j <N
0< Pij <1

N
Z pij =1
j=1

? http://en.wikipedia.org/wiki/Andrey_Markov
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A simple Markov Chain example is described by figure 4.

¢

= O
wnd

Figure 4 - A simple Markov chain

In figure 4, both the available states and the transition probabilities are mentioned. For
instance, if in a given time the system is on state “a”, in the next step it will be again in

o“n

state “a@” with probability 1/3 or in state “b” with probability 2/3. Likewise, if the

system is in state “c”, in the next step will be on state “a” with probability 1/6, in state

“b” with probability 1/6 or it will remain on state “c” with probability 2/3.

Alternatively, a Markov Chain may be given as a two-dimensional matrix, known as

“transition matrix”.

Paa Pab Pac 1/3 2/3 0
P=|Pba Pbp DPb|=|(1/5 0 4/5
Pca Pcb  Pecc 1/6 1/6 2/3

In this matrix are included all the necessary information (states and transition

probabilities) to define a Markov chain.

13



Given the transition matrix and the current state of the system (x"), it is possible to
calculate the probabilities for each state to be the current state at a later period. For
example, if at present (time n) the system is on state “b”, then 3 time periods later (at

time n+3) the distribution will be:

x(n+3) — x(n)pS

1 2 0-3 29 34 24

3 3 135 135 135

1 4 47 20 128

x™3) =10 1 0]|= -1 =0 1 0l|—/— — —
[ ]5 0 5 [ ]225 90 225

1 1 2 61 72 76

6 6 3 270 270 135

=[0.209 0.222 0.569]

Namely, three time periods later, the system will be on state “a” with probability
0.209, on state “b” with probability 0.222 or on state “c” with probability 0.569. By
applying the same method, it is possible to calculate the state probabilities for any

given future time.

Furthermore, there can be developed second order Markov chains. In these processes
the next stage does not depend only on the current stage but it takes into account the
last two ones. Likewise, there can be third order Markov processes and so forth. For

example:

P[Clt=5j | 9t-1=Si, Qe-2=Sk, ..., Qt-n=Sq, w]= P[Qt=5j | 9t-2=Si, Qt-2=5k]

In general, there can be Markov chains of order m where m is finite. In these Markov

chains the next state is depended on the previous m states:

P[ansn I c]n-lzsn-l; Qn-Zzsn-Z; Y Q1=S1] = P[ansn | Qn-1=5n-1,CIn-2=5n-2, Y qn-mzsn-m]; for

n>m.

14



Since the state probabilities for future steps are calculable, it is essential to use them in
order to make decisions at present time. Such decisions, which are related to the cart
abandonment phenomenon (Kim et al., 2010), may be, for example, whether to show
some advertisement to the user or make some discount (Oliver et al., 2003) or,
probably, provide him with related products (Ghani et al., 2002) or even change the
look and feel of the website. The effect of such decisions can be easily calculated by

using Markov decision processes.

3.2. Hidden Markov Model

A hidden Markov model (HMM) is a Markov model which contains unobserved
(hidden) states. In Markov models, all states are visible and known to the observer, so
the only parameter is the transition probabilities. On the contrary, in hidden Markov
models the state is not visible by the observer. The observer can only see the output
that depends on the state. Hidden Markov Models are widely used in speech
recognition, biology, signal processing, neuro-linguistic programming and other

scientific fields.

One of the most common hidden Markov model examples was first stated by Rabiner
(1989) and is described by Figure 5. In this problem, there is a hidden room (not visible
by the observer) which contains three baskets, X1, X2 and X3. Each basket contains a
known mix of balls. Each ball is marked y1, y2, y3 or y4. Someone chooses one of the
available baskets and draws a random ball from it. Then, he puts the selected ball

somewhere were the observer can see it.

The man that selects the balls has some procedure to decide the basket from which he
will draw the ball. This procedure is only depended on the previous selected basket.

Meaning that the selection of n-th basket is only depended on the (n-1)-th basket.

15



Figure 5 — A Hidden Markov Model by Rabiner (1989)

The actual process cannot be observed and the only available data for the observer is
the sequence of labeled balls that he sees. Even if the observer is aware of the
composition of the baskets, he still cannot be sure from which basket was the ball
drawn. Based on the mathematics developed by Baum et al. (1970), the observer can
work out other information, such as the likelihood that the n-th ball was drawn from

each of the baskets.

In figure 5, X stands for the states, y stands for the possible observations, aj; state the

transition probabilities and bj, the output probabilities.

In general, a hidden Markov model can be completely described by declaring the

following:

16



e the hidden states

S=1{S1,Sy ..., Sn}

e the observable states

0= {01, 0Oy, ..., O|v|}

e the transition probabilities (from state i to state j)

ajj = P[qw:1=5j| 9¢=Si]

e the transition probabilities for state j of observing the k-th item

B = {bj(k)}

bj(k) = P[ox at t|q:=S]
1<j<N
1<ksM

e the initial probabilities

p ={pi}
pi = Plg: =S
1<i<N

Given the aforementioned data, the probability of observing a specific series of events

(transitions) is calculated by:

17



P;(0i1 = 0j1,...,0ip = 0ip) = 2§ 21 28 =1 o Dopma[P(Sin = S I3 P(Sir =
St|Sir—1 = Sr-1) HIP(OL'T = or|Sir = s7)]

The aim of the model is to find the hidden state sequence that was most likely to have
produced a given observation sequence (Blunsom, 2004). In this case the Viterbi

algorithm can be applied in order to estimate the single best state sequence.

In its most general form, the Viterbi algorithm may be viewed as a solution to the
problem of maximum a posteriori probability estimation of the state sequence of a
finite-state discrete-time Markov process observed in memoryless noise (Forney, 1973).
Nowadays, the Viterbi Algorithm is used in broad variety of applications including
keyword spotting, speech synthesis, speech recognition, computational linguistics,

bioinformatics and others.

Given a hidden Markov model where S is the state space, p; the initial probabilities, aj;
the transition probabilities from state i to state j and y1, v, ..., y: the observed outputs,
the most likely state sequence (xi, ..., X¢) that produced these observations can be

calculated by the following relations:

Vi = P(y1|k)pk

Vik = Pye| k)max(axkVi-1,x)

In the above relations Vi is the probability of the most probable state sequence
responsible for the first t observations that has k as its final state. The Viterbi path can
be retrieved by saving back pointers that remember which states x were used in the
second equation. Ptr(k,t) is the function that returns the value of x used to compute

Vik ift>1orkift=1. Then:

x7 = argmax(Vrx)

Xt-1 = Ptr(xe,t)

18



Furthermore, hidden Markov models have the ability of training in order to be able to
estimate the model parameters that best describe the process. Training can be either
supervised or unsupervised, depending on the available data. If the input data is only
provided, then there should be used the unsupervised training to guess a model that
may have produced the provided observations. If both input and output data is given,
then there can be performed supervised training by equating inputs to observations

and outputs to states.

The supervised training is very useful in the proposed model (chapter 4.3) since it can
assist on calculating the required transition probabilities for the initial implementation
of the model (chapter 4.4). For this kind of training it can be used the Baum-Welch
algorithm (Rabiner, 1989) which only requires a large amount of dataset with both

inputs and outputs included.

The Baum—Welch algorithm can compute maximum likelihood estimates and posterior
mode estimates for the transition probabilities, when given only inputs as training
data. For a given probability in the transition matrix, all paths to that probability are
summed and, also, there is a link (transition from S; to S;). The joint probability of S;,
the link and S; can be calculated and normalized by the probability of the entire string
(x). Then, there is calculated the probability of all paths with all links beginning from S;
and normalized by the probability of the entire string (t). Finally, the expected
transition from S; to §; is divided with the expected transitions from S;. As long as the
data provided grows bigger, then some particular transitions will be reinforced and

their value will be increased reaching a local maximum (MacKay, 1997).

19



4. The proposed model

The proposed model is based on a hidden Markov model similar to the one designed
by Li and Chatterjee (2005). In order to construct the model, it is essential to describe
extensively the different stages that a user walks through while browsing on an online
shop. As discussed in chapter 2, the browsing process consists of 4 stages and follows

the information processing theory of consumer choice (Howard and Sheth, 1969).

Each visit on a website is called session and lasts until the user quits the site, either
having completed a purchase or not. If the user returns to the website later, this

accounts for a new browsing session.

4.1. The session stages

4.1.1. Stage 1 - Information seeking

On the first stage the user is engaged to information seeking and processing activities.
In this stage, the user is browsing through different pages of the website trying to
collect information in order to complete his goal (e.g. make a purchase or compare
products). Such information might be product details, characteristics and price, related
products, complementary products or information about the store, its physical

location, shipping costs or about the means of payment provided.

During the information seeking stage, the user might choose to use a series of features
on the store, such as log in to his account (or create an account if he does not have one
already), use the in-store search engine to find a specific category, product or brand,
bookmark a page for visiting again later and so on. Engaging with such features might
indicate the user’s intentions. For example, Li and Chatterjee (2005) discovered that
users that log in to their account early during their session, in opposition to those that
do not log in at all, are purchase oriented users and it is more likely to buy something

before leaving the store.

20



Additionally, the series of visited pages may discriminate “hedonic” from “buying”
browsing. For example, hedonic — or information seeking — visitors tend to spent more
time on information pages, so they have a longer page view duration. Another
important piece of information is the referrer, namely the location from where the
user arrived to the online store. A referrer might be a search engine or another
website. Sessions without a referrer indicate that the user either typed the store
address directly on the address bar or had previously bookmarked the webpage on the

browser’s favorites.

4.1.2. Stage 2 - Consideration stage

Consideration stage accounts for adding a product to the virtual shopping cart. This
process may vary from one click (no browsing disturbance) to several ones. Adding a
product to the cart does not necessarily reflect an intention of buying. Hedonic or
information seeking users may add multiple products on their cart only for bookmark
or comparison reasons. Li and Chatterjee (2005) discovered that people with a buying
intension tend to add fewer items on their carts mainly because they are aware of

their needs and actual goals.

Consideration stage is very important because it indicates cart usage and thus
accounts for cart abandonment sessions. After stage 2, a visitor may choose either to
go back to stage 1 and continue browsing looking for more products, or proceed to

stage 3 and initiate the checkout process.

4.1.3. Stage 3 - Evaluation stage

Evaluation stage is triggered when a user has finished selecting items and chooses to
start the checkout process. In most cases, visitors that do not intent to buy, drop out of
the online shop prior to this stage. Thus, evaluation stage indicates a strong intention

of buying.
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Usually, in this stage the user is provided with several information about his or her
order, such as the selected items, the selected quantity of each item, their price, the

total price, shipping costs and so on.

While on evaluation stage, the online shopper can make changes to his order (for
example remove items from the cart or change the quantity of the selected items),
choose to return to stage 1 (information seeking) in order to find more information on
the products he selected or find more desired products or, finally, proceed to stage 4

which is the purchase decision stage.

4.1.4. Stage 4 - Purchase decision

The last session stage is the purchase decision. After stage 3 the customer may initiate
the purchase process which consists of filling in all the necessary information for the
order to proceed. Necessary information includes shipping address, online payment,

etc.

Unlike brick and mortar stores, where people do not usually abandon at the checkout
process, the online purchase decision process might be pretty tricky since the
customer can abandon his or her cart quickly and easily without second notice and
without feeling guilty or embarrassed. This might happen if he or she feels losing
control of the process or insecure (for example about the money transfer). Quitting the
process at this stage is also referred as “checkout abandonment” since the quitting
reasons, usually, are not referred to the visitor’s initial intentions but to store

variables, such as shipping costs or means of payment (Websitemagazine, May 2013).

During purchase decision stage, the user can still go back to stage 1 to find more
products or useful details or to stage 3 in order to make changes to his order before

initiating checkout again.
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4.2. The Markov model

4.2.1. Time independent model

The aforementioned online shopping process can be formed into a Markov model. This
model consists of six stages: stages one to four (S1, S2, S3, S4) plus one stage for
quitting the store without buying something (EF) and one stage for quitting the store

having made a purchase (EW).

There have already been mentioned the possible transactions between the different
stages, but for the model to be complete, it should be provided with the transition
probabilities as well. These probabilities are currently unknown, so they will be
referred with two indexes, one representing the starting state and the other the
ending one. For example, the probability for transitioning from stage one to stage two
will be P1,, or the probability quitting from stage 2 will be P,s. Therefore, the

transition matrix should be:

P11 P12 P13z 0 Pygr 0

Py 0 Py3 0 Py 0

P = P3; 0 0 P3y Pzgr 0
Pyy 0 Py3 0 Pupr Papw

0 0 0 0 1 0
-0 0 0 0 0 1

Some notes on the transition probabilities:

e Py, stands for the probability to visit another informational page consecutively.
This is the only case a user to be on the same stage for two consecutive time
periods.

e Leave the online store after purchased something can be occurred only through
stage 4. Thus, P4ew is the only possibility for “EW”.

e The last two rows are for “EF” and “EW”. Both stages represent the exit from the
site. These are absorption stages since the user once reached them, cannot
return to any other stage. Going back to the site triggers a new visiting session.
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e The probabilities Perer and Pewew are 1 only to make the model complete. They
do not represent an actual event or transition.

e After a customer purchases successfully he might choose to continue browsing
the site to gather information on other products. This event should trigger a new
session.

e Wherever the probability is 0, the corresponding transition is impossible

according to the session structure described earlier.

We can create a visual graph of the Markov model using Mathematica 9.0 (figure 6).
The transition matrix can be declared with the “DiscreteMarkovProcess” option. The
“DiscreteMarkovProcess” option combined with “Graph” can result to the drawing of

the model (figure 6).

Input: Graph[{“Stage 1”, “Stage 2", “Stage 3”, “Stage 4”, “EF”, “EW"},
DiscreteMarkovProcess [3, {{P11, P12, P13, O, P1EF, 0}, {P21, O, P23, O, P2EF, 0}, {P31,
0,0, P34, P3EF, 0}, {P41, 0, P43, 0, PAEF, PAEW}, {0, 0, 0,0, 1, 0}, {0, 0, 0, 0, 0, 1}}]]

Figure 6 — Markov model graph designed by Mathematica 9.0
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The online store manager can use the aforementioned Markov model to produce
useful insights about the buying experience his shop offers. By using suitable scripts or
applications on the website, the manager can track a series of data and actions or
events that occur on the store. The data analysis will calculate all the transition
probabilities that are required by the model, which then will give information on the

strong and weak parts of the store’s buying experience.

The calculation of the probabilities might indicate weaknesses on the system that were
not obvious in advance. For example, if the P4 probability (people that exit the site
although they had already begun the checkout process) is high, then probably the
checkout process should be improved in order to reduce the cart abandonment
phenomenon. Furthermore, the manager can compare this data with the data of the
general industry or its competitors (if similar data are available or can be obtained) in

order to evaluate further the store’s performance.

4.2.2. Time dependent model

In most real life occasions the visitor is affected and influenced by the store and the
information provided. In these situations, the transition probabilities are not constant
throughout the whole browsing session but change according to the visitors’ actions
and choices (Mandel and Johnson, 2002; Sismeiro and Bucklin, 2004; Montgomery et
al., 2004; Hauser et al, 2009).

Such occasions can be approached with the non-homogeneous Markov chains. The
non-homogeneous Markov Chain model does not assume a homogeneous behavior of
the stochastic process. In other words, the transition probability matrix is not a

constant but a function of time (Fu et al, 2008).
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4.3. The hidden Markov model

Although the aforementioned Markov model (either time dependent or independent)
produces some interesting results, it still has some important restrictions. The model
might indicate spots on the store that need to be improved, but it does not provide
any information regarding the general direction of the improvement. For example, if
the probability Pi, (this probability states the addition of a product in the virtual
shopping cart) is low then maybe the user is not satisfied by product description pages,
but there is no information on what a satisfactory product description page would look
like, what information would it provide or in what order, how long should it be and so

on.

This model does not take under consideration neither the customer heterogeneity
(gender, age, income, family or marital status, race, etc.) nor the interactions that the
customer had while on the internet (for instance banner advertisement, promotional
messages, usage of website features and more). Such constraints can be overcome by
an appropriately designed hidden Markov model, which can provide information on
some of the user heterogeneity as far as user characteristics and demographics are

concerned.

It is, therefore, important for the model to take under consideration the visitor’s
unobserved purchase intention. This will be resolved by applying a latent (or hidden)
level which will determine the visitor's behavior, thus the probabilities to trigger
certain events (such as putting an item in the virtual shopping cart) while browsing.
Such intentions do not stand idle during browsing on the website but might change
depending on the interactions that the user has with or on the shop (Montgomery et

al., 2004).

Moreover, Bloch et al. (2004) concluded that the unobserved purchase intention is

influenced by many intrinsic or extrinsic factors and may lead to a variety of different
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outcomes. The impact of the stimuli that the user absorbs from the store may

accelerate or distract from the purchase (Li and Chatterjee, 2005).

On the other hand, one of the most challenging disadvantages or difficulties of the
hidden Markov model is that it is expensive in means of data and computer power
required. Most of the data gathering can be easily and quickly done by using special
scripts or applications that track and record all the events that a user triggers on an

online store.

Also, the ability to connect an e-commerce site with the widely used social media can
harvest even more user data (for instance gender, age, hobbies and other interests,
profession, location, etc.). Thus, the amount of gathered data is very big and not easily

analyzed.

The challenge, therefore, lies upon the integration and the analysis of the data which
can be done by using statistics and mathematics software packages as well as

programming scripts.

Browsing sessions can be divided into four — unobserved — categories (Moe, 2003):

a) Buying
b) Browsing
c) Searching

d) Knowledge building

There might be a relation between these latent categories and the session stages
(information seeking, consideration, evaluation, purchase) the user walks through. As
mentioned earlier, the visitor’s initial intention may change during the browsing
session. The tendency of moving from an intention to another is influenced by a series
of events, actions or characteristics. These factors are analyzed in the following

categories:
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1. Demographic variables

Age: The age of the visitor that is browsing the online shop plays a vital role on the
purchase intention. Different ages have a different behavior, as far as shopping cart
is concerned. For instance, younger customers may add easily a product in their

cart but are less likely to complete the purchase (Hoyer and Maclnnis 2008).

Gender: The gender of the potential customer in comparison with the shop’s target

group (Hoyer and Maclnnis 2008).

Race: Depending on the country, race might be an important factor (Hoyer and

Maclnnis 2008).

Marital and family status: Married customers or customers with children have

different needs, preferences and habits (Hoyer and Maclnnis 2008).

Financial Status: Financial status or income is a factor that influences the
consumer’s behavior. Income not only affects the purchase intention but the
amount that the customer is willing to spend as well. Also, customers with financial
issues might add products to their carts without true intention of buying (Hoyer

and Maclnnis 2008).

2. Page-Specific variables: information or promotions that might be available on a

product page (Li and Chatterjee, 2005).

Price: Price is important information for the purchase process. However, when
stated it might have a varying effect to the session’s intention. For example,
customers may be discouraged to add a product in their shopping cart because of

the price, although they are willing to pay such a price for that product.
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Promotional messages: Promotional messages or campaigns might change the
user’s orientation. Customers that are on browsing session may purchase a product
if the promotion is appealing. On the other hand, promotional messages might
have a negative impact. For instance, promotions that refer to buying more than
one item for a lower price, might distract customers from their initial intentions

and quit store or abandon cart.

Banner advertisement: Banner advertisement can have a positive impact to
information seeking visitors and convert sessions from browsing to purchasing.
However, banners might distract people from their initial goal by presenting them

alternative opportunities. Such a distraction might lead to cart abandonment.

Hypertext links: The presence of hyperlinks (or anchors) to other pages (such as the
home page or the category page) may have a different result depending on the
orientation of the visitor. Purchase oriented visitors might find the presence of
hyperlinks distractive, while browser oriented ones may use them to find more

suited information and end up buying something.

3. Session-specific variables (Li and Chatterjee, 2005)

Previous purchase: The familiarity of the website and the online purchase process
is a strong intention indicator. Visitors that have bought something from the online
store in the past are more likely to purchase something during the browsing

session.

Time duration: The time that the visitor stays on a specific page may have an effect
on his buying intention. Sessions with longer or shorter duration may indicate

intention of buying or information seeking.
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Visit depth: The visit depth stands for the amount of pages a visitor views during
his or her session. This information may reveal intention against browsing or

purchasing.

Use website services: Extended usage of website services, such as internal search
engine, log in to account, wishlist and so on, might indicate towards a purchasing

intention session.

4, Comparison shopping activities (Li and Chatterjee, 2005)

The last section is about the visitor’'s behavior not at the online store, but on other
sites related to the shop or not. This kind of data is more difficult to acquire since
in most cases might require the cooperation of competitive or external companies
and stores. Despite the difficulty in collecting the data, this information may reveal

a lot of useful insights about the visitors’ true shopping intentions.

Comparison shopping sites: if the user has made any searches on comparison
shopping sites, such as booking.com for hotels for instance. Extended former
research can provide information on the purchase intention but on the available

amount of money as well.

Number of page views at other similar online shops: Whether the visitor has
browsed other competitive online shops before in order to collect information on

product details and prices.

Number of page views at other non-similar online shops: Whether the visitor has
the tendency to visit online stores. Spending time on a lot of stores selling different
kind of products might indicate a lower purchase intention, since the user tends to

browse for hedonic, information seeking or other reasons.



It should be noted that each shop manager should choose which of the
aforementioned factors are playing a key role to his or her company and monitor
them. Factors that can be calculated programmatically by the website, such as the
page-specific and the session-specific variables are the observed variables that are
going to be used into the hidden Markov model. The latent variables of the model
consist of the demographic variables and the comparison shopping activities, that
cannot be calculated or found by the website’s algorithms and, thus, have to be

estimated by the model.

Furthermore, store managers might conclude into adding more factors to their own
list, provided that there is a way to gather the necessary information from the users. It
is not necessary to focus on all of the factors. Also, each manager should analyze the
data to determine which factors are playing an important role to the cart

abandonment phenomenon or to the shop’s general function.

4.4. Proposed model implementation

In reality, when a user is browsing throughout an online shop, various online scripts
are able to track visitor’s actions and collect some of the aforementioned information.
So, the store itself holds some information about the current user. Such information
might be his or her gender, his or her age, statistics about his or her previous visits
(such as time on site, visit depth and other) and so on. All the rest information that is
not known to the website comprises the latent (or unobserved) information. This
latent information is estimated by the hidden Markov model that was described

earlier.

The implementation of the model is divided into two steps. In the first step, there
should be some prerequisite actions to make the model applicable to the actual site.
During this first, preliminary, step, the store’s manager collects data from previous
visits on the site, for example from all the sessions during the past months, and runs

the model in order to calculate the necessary probabilities. The more the available
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data, the more accurate the calculated probabilities would be. Though, relatively old
data might be proven misleading, since consumer’s behavior changes continually over

the time.

This step corresponds to the supervised training process described at chapter 3.3. Both
inputs and outputs are known to the store’s manager and can be used in order to

accurately calculate the required probabilities.

Had the probabilities been calculated, the model is ready to be attached on the online
store itself. Each visitor’s session is divided into two main parts. The first part (the
earlier one) is used for estimation reasons while the second part (the later one) is used
for predictions. If a visitor has already been in the website in the past, then the first
part can be skipped, since for the estimation can be used the data from his previous

visits.

During the estimation part, the model follows the user through his browsing session
and tracks several pieces of data (mainly clickstream data and any of the
demographical or behavioral characteristics possible). Based on the collected data, the
model creates a series of probabilities for each one of the latent factors that the
store’s manager has chosen to track. Namely, following the hidden Markov model
description made on chapter 3.3., the model “views” the observable states (estimation
part) and tries to predict the hidden ones (prediction part) given the transition

probabilities calculated on the preliminary step.

Then, during the prediction part, the store holds some probabilities about the visitor’s
characteristics. For example, the model can predict that the visitor is male with a
probability of p and female with a probability of 1-p. Of course, the same applies to all
the unobserved (latent) states, which are the factors chosen from the manager. The
longest the visitor stays on the online store, the more accurate the predictions are

becoming.
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Based on these predictions, the store manager can assign certain actions to be
granted. For example, if the model indicates that the user is female with a probability
over a defined percentage (i.e. 70%), then the website’s design might automatically
change as well as the related products, the product’s description and so on.
Alternatively, if the model indicates that the user is within certain range of age, then
the store will take some other initiative in order to fit this characteristic. The target is
that the store takes initiatives based on the combined probabilities of all the predicted

characteristics, in order to aim for the best result possible (sale).
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5. Managerial implications

The insights from the implementation of the aforementioned model provide a
prescriptive tool for managers aiming to decrease the shopping cart abandonment
rate, among other interesting characteristics. The results can be grouped into two

broad categories.

Firstly, store’s manager can acquire information on the way people tend to use store’s
website (e.g. for seeking information, for comparing products, for purchasing, etc.) and
secondly he or she can take actions (change or initiate advertising campaigns, redesign
the website, change the online buying procedure, etc.), towards the increase of

purchase intention and sales.

As long as the website functionality is concerned, there are a lot of parameters that
can be changed based on the results of the model. Some proposed examples (Naidu et
al., 2007; Kotze et al., 2002) include the name of the shopping cart, the title of the
“buy now” or the “add to cart” button, the communication messages that assist the
visitor on his or her shopping, the required steps to complete the purchase, the

visibility of the price, the signing in process and more.

The store is not a static unity that is designed to serve simultaneously all the different
kinds of customers or visitors. Had this model been applied, the store will be dynamic
and able to adapt instantly on the customers characteristics and needs, as they have
been estimated by the model. For example, by taking into account the model’s
estimations for the user’s gender or age or financial status (latent variables), can
change the design of the website (colors, font faces, font sizes, widget positioning,
etc.), the suggested related products, the banner advertisements or even the titles or
the tags of the elements (buttons, functions and so on). Doing so will encourage users

to go through the entire shopping process successfully, leading to more sales.
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The website can use the model’s predictions in order to decide on the customer’s
characteristics and adopt the outfit that suits best. The manager is advised to go
through the preliminary process of the model’s implementation where the prior data is
used to calculate the initial transition probabilities. In the same stage, the manager can
run a cluster analysis on the same dataset in order to determine the different clusters
of customers that visit the website (Fayyad et al, 1996; Adomavicius and Tuzhilin,
2001). When the model will be embodied on the website, it will first categorize the
visitor on one of those clusters in order to start adjusting the outlook and its
parameters before deciding on the specific characteristics of the user with a higher

probability rate.

Also, the data acquired by the hidden Markov model could provide valuable
information on the ways customers are finding the store and how effective, in the
mean of purchases, these ways are. For example, since the model can target the
entrance sources (e-mail campaign, banner advertisement on other website, link on
other website, etc.), the manager can use this information in order to design
appropriately his or her next promotional campaigns. Also, he or she may take other
useful information as well, such as the amount of money someone is willing to spend

on the store in combination with the entrance source.

Using this information, the manager can decide the products or the services he or she
will promote through each available channel. For example, if e-mail marketing attracts
consumers with higher income than advertising on social media or other websites,
then promoted products can be rearranged on the different campaigns according to
their price or to their targeted audience. If all the latent variables are taken under
consideration, the manager is available to build more effective and targeted

campaigns.

Finally, regarding the cart abandonment phenomenon, the manager can choose to
take under consideration only the data form the sessions where the cart abandonment
occurred. By doing so, he or she can decide on actions that should be taken towards
satisfying customer’s needs that concern the online experience offered by the store.
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Such actions should have a positive effect on visitor’s intentions towards buying

(against browsing, searching or knowledge building).

To conclude, applying the proposed hidden Markov model has both methodological
and practical advantages. Regarding the suggested methodology, the proposed model
can produce a series of data whose analysis can indicate the way people come to the
online store, the way they use it and the way the leave from it. Thus, apart from any
implementation, the manager can acquire a better view of the impact the website has
on the consumers and their buying or non-buying intentions. This result is of a great
assistance since it does not affect only the functionality of the website, but the

company’s management as well.

Regarding the practical advantages, the implementation of the proposed model can
convert the online store into a dynamic environment adapted to the personalized
needs of each individual customer. In this way, consumers find a store that is suitable
to their own desires and needs and by doing so it is maximized the time they spent on
the store, the different products they browse through and, finally, the store’s

conversion rate.
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Appendix 1 - Tables

Table 1: Eurostat — Online shopping data (March 2013)

Internet

Country or use:
Geographic
region
European Union 42
(27 countries)

European Union

(25 countries)

European Union

(15 countries)

Belgium 55
Bulgaria :
Czech Republic

Denmark

Germany 34
(including former

GDR from 1991)

Estonia

Ireland 50

37

Internet
banking

Internet
use:
selling
goods
or
services

17

14

18

16

Last
online
purcha Online
se: in purchases:
the 12 computer
months  software
45 12
44 9
46 15
54 15

Individuals
who
ordered
goods or
services
over the
Internet
from sellers
from other
EU
countries in
the last 12
months

19

31

36

Individuals
who
ordered
goods or
services
over the
Internet
from sellers
from other
countries
(EU or non
EU) in the
last 12
months

21

34

10

39

Individual
s who
ordered
goods or
services
over the
Internet
from
sellers
from the
rest of the
world
(non-EU)
in the last
12
months

8

11

16

Individual
s who
ordered
goods or
services
over the
Internet
from
sellers
with
unknown
country of
origin the
last 12
months

3

Individuals
who booked
travel and
holiday
accommoda
tion over
the Internet
in the last
12 months

29

30

25

43

Online

purchases:

video
games
software
and
upgrades

7

Online
purchases:
computer
software
other than
video
games and
upgrades

8

10

11

Individuals
who placed
a bet or
play
gambling or
lotto over
the Internet
in the last
12 months



Greece
Spain
France

Italy

Cyprus
Latvia
Lithuania
Luxembourg
Hungary
Malta
Netherlands
Austria
Poland
Portugal
Romania
Slovenia
Slovakia
Finland
Sweden
United Kingdom
Iceland
Norway
Croatia
FYROM
Serbia
Turkey

38

35
50
23
40

65

53

44

94
86
63
85
90

11
21

16

16

39
48
27
64
29
39

48

77
71
74
52
81

22

13

30

17
23
26
55
26

26

41

22
26
26
60
27

29

46

10
12

10

14

27
36
18

52

25

25

67
61
52
35
62

10

18
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