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ABSTRACT

We propose a framework of estimating shopping-path
length, in which the floor is represented by the graph G(V, E)
with a vertex set V and an arc set E and the shopping-path
length is measured by the number of zones (vertices) shoppers
visit. We used the Markov-chain to model the dynamics of
distribution of shoppers on the vertecies in the graph. We
derive the (discrete) probability distribution of shopping path
length using the transition matrix in the Markov-chain, and
derive the expected path length. We proposed the index called
the improvement importance index to quantify how local changes
in the transition probability affect the entire shopping path
length. We have tested our framework to the test data from an
industrial application and the estimated path-length is
compared to the actual one. We have a result that the error of
estimation is 0.2%.

Keywords: vehicle routing, logistic, supply chain management

1. INTRODUCTION

There is a strong consensus among both academia and
industry that many purchases in a retail store are unplanned.
For examples, Underhill 2009 claimed that "Supermarkets
are places of high impulse buying..., 60 to 70 percent of
purchases there were unplanned, grocery industry studies
have shown us". These facts make shoppers’ in-store
behavior studies an important topic.

In order to increase the unplanned buying, it is
important to know what factors that affect the number of
purchases. One approach to analyze this is to divide a
shopping path into a series of three exhaustive sequential and
interrelated decisions the visit-shop-buy (Sorensen 2016, Hui
et al. 2009). Using this double-conversion process we can
divide the number of items purchased as follows:

nbznvxpspr'

where n,, is the number of items bought (purchased), n,, is
the number of items visited (reached), p, is conversion rate
from visitors to shoppers, and p,, is the conversion rate from
shoppers to buyers. This distinction is important, because it
allows us to take different in-store marketing activities
depending on which of conversions to fail. The first measure
n, plays a critical role in the effectiveness of in-store
marketing activities, while the other two measures p, and p,
can be rather accounted for by products’ attractiveness itself.
To estimate n,, it is necessary to understand shopping
behaviours of customers deeply. shopping behaviours,
however, is a very complex dynamical system. Thus, it is
difficult to estimate how design factors (e.g., at-shelf
promotions, aisle structure, product arrangement, or in-store
communications) can influence dynamics of shopping trip.

In this study we propose a framework of estimating
shopping-path length, in which the floor is represented by the
graph G (V, E) with a vertex set V and an edge set E and the
shopping-path length is measured by the number of zones
(vertices) shoppers visit. We used the Markov- chain to
model the dynamics of distribution of shoppers on the
vertecies in the graph. We derive the (discrete) probability
distribution of shopping path length using the transition
matrix in the Markov-chain and derive the expected path
length. We proposed the index called the improvement
importance index to quantify how local changes in the
transition probability affect the entire shopping path length.
We have tested our framework to the test data from an
industrial application and the estimated path-length is
compared to the actual one.

The reminder of this paper is as follows. In section 2,
we review the existing literatures. In section 3, we explain
our proposed model. In section 4, we describe the field data
used to estimate our model. We then discuss our results and
managerial implications based on the behavioral findings. In
section 5, we provide conclusion.



Ohmori et al.: A Shopping-path Length Estimation Using Markon-chain-based Shopper Dynamics Model

Operations and Supply Chain Management 12(2) pp. 68 - 73 © 2019

69

2. PROPOSED MODEL

It is known from prior research that the shopping trips
vary in length depending on various factors. Those factors
include shopping mission (Walters and Jamil 2003), the day
of the week (Kahn and Schmittlein 1989; Tanskanen et al.
2002), store type (Sorensen 2009) and store layout (Sorensen
2010) Several papers compare shopping lengths across
countries (i.e. Sorensen 2010, Hui et al. 2009b). Sorensen
2016 studied data collected on 75,000 shoppers across a
series of three stores to develop behavioral segmentation of
shoppers. They developed three segmentations from
mathematical clustering as quick, fill-in, stock-up. They
discovered those three segments vary in shopping path
length. Similarly, Inman, Winer, and Ferrari 2009 divide
shoppers into three groups according to whether they visited
’all aisles’, 'most aisles’, ’a few aisles’.

Relationship Between In-Store Travel Distance and
Unplanned Spending is also studied (Kollat and Willett
1967, Rock1987, Granbois 1968, Hui et al. 2009c). Kollat
and Willett 1967 claimed that “in-store stimuli usually
reminds shoppers of present or future needs rather than
evoking new needs”. Therefore, the longer the distance
shoppers walk in the store, the more exposure to in-store
stimuli to remind them of such potential needs. Other metrics
to use are store-coverage (Granbois 1968, Hansen and Ottar
Olsen 2006, Hui et al. 2013, Knox et al. 2011; Kollat and
Willett 1967), the time spent in the store (Granbois 1968),
and the number of aisles shopped (Granbois 1968), each of
which has correlation with the unplanned buying.

Shopper marketing strategies aimed at increasing travel
distance studied based on the observation shoppers’
behaviors. Granbois 1968 and lyer 1989 studied the product
relocation strategy and discuss the effect of placing popular
products in scattered locations throughout the store, forcing
shoppers to cover a longer distance in the store. Hui et al.,
(2013) studied in-store mobile promotion strategies and
revealed that strategically promoting three product
categories through mobile promotion could increase
unplanned spending by 16.1%.

Recent research has examined many other factors that
drive unplanned purchases. The factors include budget
deviation (Stilley, Inman, and Wakefield 2010), browsing
and shopping (Hui et al. 2009), social influences (Zhang et
al. 2014), and factors that influence unplanned purchases and
spending (Bell, Corsten, and Knox 2011, Hui et al. 2013,
Inman, Winer, and Ferraro 2009). While this research stream
has developed valuable managerial insights, most of the
factors are very hard to control directly by retailers.

Our research makes two contributions to the literatures
on the prior in-store studies. First, we build a model that can
be estimated only from the traffic data. With recent advances
in the RFID technologies, it is much easier to obtain the
traffic data. Second, our model can quantify how local
changes in the transition probability affect the entire
shopping path length. Individual activities in the store are
often interconnected, and thus, actions that attract shoppers
in one zone can end up exacerbating another. With our
model, it is easier to examine how local changes in design
factors can influence dynamics of shopping trip and path
length as a whole. This feature will help the retail manager

compare alternative action plans in the context of what-if
simulation.

3. PROBLEM FORMULATION

3.1 Floor Representation
Let G(V, E) denotes a graph represented by VV and a set

of arcs E between nodes respectively.

. G(V,E): A graph represented by A set of nodes V and
a set of edges E

. V={01,-,n,n+1}: A set of nodes (0: Entrance,
1, -+, n:In-store zones, n + 1:Exit)

. T = [Ty, -+, T ] T2 The number of customers who is
visiting node i at time ¢t

. p;;- Transition probability from node i to node j for
v(i,j) EE

®@ —@—@— 0
|
®@—0 — ®
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Figure 1 An example of graph of 11 nodes

«

3.2 Spatial Distribution of Shoppers
Let m,; is the probability of a shopper stays at node i at
period t. m, = [m., ", Tm]T can be interpreted as the
shopper’s spatial distribution at node i at period t. By the law
of total probability, 7 ,.); can be derived as follows:
prob{x.,, = j} =
=i}
S Mer1)j = Zipij”ti
© myy = Py,
where P is the transition probability matrix with element p,;.
From this equation, we have r, for vVt as
. = (PH)Tn,.
For steady state, we get 7 = (P*) .
We assume the Markov property of p;; as
pij = probix. . = jlx, = iy, x g =i_q,, %0 = o}
= prob{x,,; = jlx, = i;}
where x, is the node at which a shpper visits at period t. The
Markov property is interpreted that the x,,, is determined
only by the last step x,. This assumption is not realistic if we
consider the behavior of a particular shopper, because
transition probability from node i to node j is clearly
dependent on what the shopper has done. However, if we
consider the behavior of a group of a large number of
shoppers, this assumption becomes justified by the law of
large numbers.

The example of transition probability of the graph
described in Figure 2 is given as follows:

> probix.,; = jlx = ijprobix,
i
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Figure 2 An illustration of shoppers spatial distribution dynamics (0:Entrance Node, n + 1:Exit Node, R:Cash Register)

o 1 0 0 0 0 0 0 0 0 0 7
o 0 08 0 0 02 O 0 0 0 0
0 01 0 07 0 02 0 0 0 0 0
0o 0 01 0 O 0 09 0 O 0 0
0 06 0 0 0 02 0 01 O 0 01
P=l0 0 02 0 03 0 02 0 03 O 0
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We see py;, = 1 that the entrace node 0 is the source
node and p1¢y(10y = 1 that exit node 10 is the sink node. For
example, with m, = [1,0,0,0,0,0,0,0,0,0,0]" that the all
shoppers stay at the entrance node 0, dynamics of shoppers’
distribution is described as follows:

t 01 2 3 4 5 .« 10 - 20 50
T 10 0 0 0 0 « 0 -« 0 0
Ty 0 1 0 01 0 003 - 0 - 0 0
m; 0 0 08 0 018 0 - 007 - 002 0
Tz 0 0 0 056 0 018 -« 0 -« 0 - 0
Tw 0 0 02 0 010 0 - 025 - 006 - 0
T=ims 00 0O 02 0 018 - 0 - 0 0
mg 0 0 0O 0 054 0 - 009 - 003 0
Ty 0 0 0 002 0 005 -« 0 -« 0 o 0
Tg 0 0 0 0 006 0 - 017 - 004 - 0
T 00 0 0 0 039 -« 0 - 0 0
lmo 0 0 0 012 012 018 - 043 - 085 1

We see that at t = 10, 43% of shoppers will get into
the exit node, and at t = 50, all shoppers get into the exit
node. Figure 2 illustrates how this spatial distribution is
changed over time.

3.3 Parameter Estimation

Let ¥, = {0,1} be the random variable to take one if k-
th shopper stayed at node i moves to node j and take zero
otherwise, and y, be the realization of Y,. Therefore, this
process can be interpreted as the Bernoulli process
[Yi, -, Ya, 1" = [y1,+, ¥, )" with N; times trial.

Let N; be the total number of visits at node i, and N;;
be the total number of shoppers to move from node i to node
Jj. The maximum likelihood of Bernouli process is as follows:

l’("tlpuk(l_p A=y

.y Nj oo
pijk_l k(l_pij)zk=1(1 i)

Ly, yw,pif)

N N
pij ](1 - pij)(N Nij)

logL(yy, -,y IPij) = Nyjlog(pi;) + (N — Njj)log(1 —py;)

With dlogL

= 0, we have
pij

Nij/pij - (N - Nij)/(l
& pij = N;;/N;

—pij) =0

3.4 Path Length Estimation

In this section we describe our proposed method to
estimate shopping path length. Let p;? be the conditional
transition probability that a shopper stayed at node i will stay
at node j after m steps. The p;j is calculated as follows:

pl] = (Pm)ij

Using this expression, we can define pg,,q, as

transition probability from the entarance node 0 to the exit

node n + 1 after m steps. For example, P1° is calculated as
follows:

0O 0 007 O 025 0 009 0 017 0 043
0 003 0 005 0 011 O0 014 0 0.08 0.58
o 0 006 0 019 0 009 0 014 0 052
0 003 0O 006 0 010 O 012 0 0.08 0.62
0O 0 002 0 006 0 003 0 005 0 084
P°=]o 002 0 004 0 008 0 010 0 006 070
o 0 005 O 013 0 008 0 011 0 0.63
0 001 O 002 0 004 O 006 0 004 083
o 0 003 0 010 O 005 0 008 0 074
0 002 O 004 0 007 0 009 0 006 073
0 0 0 0 0 0 0 0 0 0 1

We see that the shopper stayed at the node 0 is
distributed after 10 steps as
[0,0,0.07,0,0.25,0,0.09,0,0.17,0,0.43]7. For example, 43%
of shopper stayed at node 0 will go to the exit node. Using
this expression, we can form the cumulative probability
distribution (CDF) of n,, is as follows:

F(m) = prob(n, <m) = pgl,41)

Also, the probability distribution of n, can be
calculated as follows:

fm)

Therefore, expected value of n,, is calculated as:
(o]

E(r,) = ) mx f(m)

= prob(n, =m) =F(m) —F(m - 1)

As there is no closed form of f(m), we calculate this
length numerically. Practically, f(m) — 0 quickly as m —
o, S0 it is enough to have large number N and calculate as

N

E(r,) = ) mx f(m)
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3.5 Improvement Importance Index

To analyze the effect of improvement of marketing
actions, e.g. in-store promotions, we propose the
Improvement Importance Index. This is the index to quantify
how the local changes in p;; will have an effect to an overall
shopping-path length.

Let we assume that the transition probability from node
i to node j is increased by some marketing actions, say, p';;
:=p;; + Ap;;. With this change, the transition probability
from node i to the other adjecent nodes is decreased. Let N;
denote the set of adjacent nodes of node i, and N;; = N;\j is
the set of adjecent nodes of node i excluding the node j. We
set the transition probability from node i to Vk € N, ; by

1-Ap;j

L= Dy, X ,Vk €N;;
Dik Dik Zleﬁlijpil 5]

We define P’ is the transition probability matrix after
improvement actions. We define the operatior % E(n,) as
Y

0 _ E(m,|P") — E(n,|P)
—FEMm,) = lim ,
opi; 4pij=0 Ap;;
where E(n,|P) is the conditional expected number of n,
given transition probability P. Again, as we do not have a
closed expression, we calculate this value numerically. We
call this value as Improvement Importance Index. By
calculating this value, we can find which of arcs in the graph
should be improved.

4. CASE STUDY

4.1 Data Set

The data set used in this case study is the customer
survey data of shopping path in the grocery store located at
Tokyo in Japan. In this survey, investigators chase shoppers
and record walking path of each shopper.

* Time: AM10:00-PM9:00

» Day of the week: four successive days from Thursday
to Sunday

« Sample size: 556 (see Table 1 for details)

The floor layout is presented as in Figure 3. The aisle
space between gondolas and their intersections are divided
into 170 zones and labeled as nodes. Adjacent nodes are
connected by arcs. There are 170 nodes and 471 arcs, and the
entrance node is located at left-upper corner and the registers
are located at nodes 50, 52, 54, 56, 58, 60, 62, 64, 66 along
the left edge, each of which is connected to the exit node 171.

Table 1 Sample size for Age/Sex segments

Age Male Female
20-30 7 11
30-40 17 7
40-50 24 82
50-60 25 83
60-70 43 94

=70 43 56
Total 159 397

71
Table 2 Top 10 Arcs of Improvement Importance Indices
fi]
i j E(n,
j T (ny)
37 36 1.55
37 161 1.54
37 38 1.49
165 163 1.39
35 146 1.39
35 34 1.39
39 38 1.38
165 164 1.36
39 162 1.36
165 169 1.34
35 36 1.33
I E—ﬂ u) [m] O (]
) - ) %) @) (19}

i

G

{130} I (1ar}

{163 I {6z} )

s | G a8 (a1 {13) ‘ (@) e

Figure 3 Floor layout

R R R R R

R
D (D)

Figure 4 Aisle configurations (Left: Current Configuration, Right:
Alternative Configuration)

4.2 Analysis
The result of estimation of path-length E(n,) and
average path-length n,, of 556 shoppers are given as follows:
« E(n,) =916
« n,=914
Estimation error is only 0.2%, and thus, we see that our
method could guess the path-length properly. The
improvement importance indices for 471 arcs are calculated.
Of all 471 arcs, the top 10 arcs are given as in Table 2. All
of nodes in top 10 arcs are located right-bottom corner of the
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floor. This suggests that if the retailer have a marketing
actions around right-bottom corner, shoppers tend to stay
longer. This will help the retailer focus on their effort.

We consider the effect of aisle configuration. From the
analysis of the improvement importance index, we consider
an alternative configuration as presented in Figure 4. In the
alternative configuration, we eliminate one middle cross
aisle between the two most left aisles. By doing so, we expect
that much more shoppers are forced to move to the right-
bottom corner, where there are many arcs with higher
improvement importance index.

For the calculation of the expected path-length, we set
D(ss)(97) = P(ss)(97) = P(97)(98) = P(osy(o7) = 0 Where the
arcs (88,97) and (97,98) are in the cross-aisle. We increase
the transition probability for the arc Vk € Ngg)(97) and Vk €
N(97)(0s) @S the same approach in the section 3.5 as p;;, ==

P tDi; ] T
% The result of consideration is given as follows:
ij

. Current Configuration: 91.6
. Alternative Configurations: 95.1

Therefore, we see that eliminating cross-aisle will force
shoppers to move along outer track towards right-bottom
corner.

5. CONCLUSIONS REMARKS

In this study, we propose a framework of estimating
shopping-path length. We model the dynamics of spatial
distribution of shoppers in the floor using Markov-chain. We
derive the (discrete) probability distribution of shopping path
length using the transition matrix in the Markov-chain and
derive the expected path length. We proposed the index
called the improvement importance index to quantify how
local changes in the transition probability affect the entire
shopping path length. We have tested our framework to the
test data from an industrial application and the estimated
path-length is compared to the actual one. We have a result
that the error of estimation is 0.2%. We compare two aisle
configurations and estimate the benefit of eliminating a
cross-aisle from the current configuration.

For future research, we are interested in testing our
model to different data sets to validate the model. Especially,
we are interested in comparing path-length of different size
of stores. We also consider more comprehensive discussion
about the relationship between design factors (e.g., at-shelf
promotions, aisle structure, product arrangement, or in-store
communications) and its potential benefits using our model.
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