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Abstract. We develop a model of store choice and category purchase quantity in which the
customer may buy from different types of stores. The two types are low-priced stores (where the
customer incurs a non-zero fixed cost but can buy at low item prices) and convenient stores
(where the customer incurs negligible fixed cost but must pay higher item prices). In contrast to
previous models, our model recognizes that customers plan ahead; it is dynamic and incorporates
long-run shopping costs. Additionally, we allow consumers to tailor their purchases to the type
of store they choose. We find that shoppers accelerate their purchases when they choose low-
priced stores.

Analysis of our model results in a new theory of store choice and purchase quantity
decisions. This theory describes shopping behavior in terms of at most three household-level
parameters. Consumers select stores and determine category purchase quantities on the basis of
simple differences between these parameters and current household inventory levels. We also
conducted an econometric analysis to compare our theory to the prevailing store choice theory.
We show that our model explains consumer shopping behavior better than the prevailing theory
both in and out of sample, despite using fewer statistical parameters and simpler statistical
constructs.
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1. Introduction and Related Literature

1.1. Introduction

In recent years, many grocery retailers have instituted programs to gather and record their
customers’ purchase histories. The primary objective of these programs is to gain sufficient
information about shopper behavior for the retailer to target individual households. Shopper
loyalty may be the most critical such element of information, because loyalty, or its absence,
determines (a) whether an offer is necessary for the shopper to patronize the store and (b) if so,
how likely the shopper is to respond to different incentives. In this paper, we gain insight into
shopper loyalty by jointly modeling consumer’s store choice and category purchase quantity
decisions.

Consider a shopper deciding which grocery store to visit to buy products that her family
needs. Those needs, which clearly depend on the household’s category inventories and
consumption rates, are known before she makes the shopping trip. If her family needs only a
small amount, the consumer will weight the convenience of available stores heavily in making
her store choice decision and will probably select a convenient outlet, even if its prices are
relatively high. If her family needs a lot on that shopping occasion, she will weight retailer
prices heavily and so be inclined to select a low-priced store, even if it is relatively inconvenient.

Bell, Ho and Tang (1998) modeled this scenario. They theorized that the consumer first
compiles a list of items to purchase, then prices that list at available stores (i.e., calculates the
variable costs), and, taking into account the convenience of each store (i.e., the consumer’s fixed
costs), chooses the one that minimizes the sum of fixed and variable costs. The consumer’s
decision process is sequential; quantity is determined first, then the store is chosen conditional on

quantity. From an inventory-modeling perspective, Bell, Ho and Tang considered only the costs



of ordering, or purchasing, products. Other inventory-related costs, such as shortage costs,
carrying costs and expected future costs, were not considered, because the theory does not allow
shoppers to plan ahead.! Yet shoppers clearly do plan ahead. For example, they buy items in
greater quantities when price deals are offered (Neslin, Henderson and Quelch, 1985;
Krishnamurthi and Raj, 1988; Gupta, 1988) and buy bigger baskets when it is advantageous to
do so (Fox and Hoch, 2003).

Allowing shoppers to plan ahead requires that we relax Bell, Ho and Tang’s assumption
that the shopping list is independent of the store. In fact, we propose that shoppers visit stores
where their fixed costs are high (i.e., inconvenient) but their variable costs are low (i.e., low
prices) precisely because buying large baskets there reduces long-run costs compared to buying
smaller baskets at convenient stores with high prices. Our assumption is also consistent with the
stylized fact that shoppers buy much more at Wal-Mart or Costco than at 7-11, regardless of their
category inventory levels and consumption rates. Returning to the previous example, had the
shopper chosen a low-priced store and incurred substantial cost to travel there, she would likely
have taken advantage of the lower prices by buying products or purchasing in quantities in
excess of her short-term needs. Neslin, Henderson and Quelch (1985) defined this as purchase
acceleration.

Our research objective is to advance the understanding of the process by which
consumers make shopping decisions. To that end, we develop a normative model of shopping
behavior that allows buyers to plan ahead by applying stochastic dynamic inventory theory to the
household. The costs of shopping in our model include purchasing (i.e., fixed and variable)
costs, along with shortage costs, carrying costs, and expected costs in future periods. Store

choice and category purchase guantity decisions are made so as to minimize long-run shopping

! In the language of inventory modeling, models that ignore future costs are called myopic.



costs. Before each trip, the shopper determines what purchase quantities minimize her long-run
discounted shopping costs at the different types of stores. She then compares the long-run costs
of shopping at different types of stores and selects both the store and category purchase
quantities that minimize costs. Thus, these decisions are made jointly, not sequentially.
Moreover, in our theory of shopping behavior, a buyer may be better off spending more at a low-
priced store rather than spending less at a convenient store. This is because spending more
(implying larger purchase quantities) at a low-priced store on the current visit can save on
shopping costs in the long run. Previous models of shopping behavior do not allow this
possibility; they focus on minimizing expenditures for the current trip only.

We test the descriptive validity of our shopping behavior model by developing
econometric specifications for our model and that of Bell, Ho and Tang (1998), then estimating
both using IRI panel data. Comparing the two econometric models, we find that ours fits better
both in and out of sample, despite using fewer parameters. This suggests that modeling
consumers as forward-looking results in a more accurate description of shopping behavior.
Moreover, our model is easier to estimate econometrically because it avoids Bell, Ho and Tang’s
intermediate shopping list construct, which must be modeled using hierarchical equations.

Analysis of our dynamic model shows that the shopper’s optimal decision rule is
straightforward. The rule can take on one of three possible forms; each applies to a different
type of consumer. The first form applies to consumers loyal to low-priced stores (a “price
shopper”), the second form applied to consumers loyal to convenient stores (a “convenience
shopper”), and the third form applies to consumers loyal to neither store type (a “store
switcher”). On each trip, a convenience shopper will buy enough in each category to restore

inventory to a fixed, household-specific target level. A price shopper will go to the store only if



inventories are below a household-specific threshold, in which case she will buy enough in each
category to restore inventory to a fixed household-specific target level. A store switcher will
behave like a convenience shopper if household inventories are higher than a household-specific
threshold, but will behave like a price shopper if inventories are lower than that threshold. This
optimal decision rule is fundamentally different from decision rules previously applied to
shopping behavior.

This paper makes a number of contributions. We offer insights into the determinants of
shopper loyalty: which store the consumer chooses on a given visit and how much she purchases.
These insights give retailers with or without customer purchase histories the opportunity to
improve their targeting decisions. We find that category inventories, which vary predictably
depending upon the quantity and timing of previous purchases, drive consumers’ shopping
decisions. Retailers that gather customer purchase histories could use this information to predict
household-level switching probabilities at any point in time. Knowing when individual shoppers
are likely to visit different types of stores (e.g., supercenters) not only enables targeting of
specific households (who) but also optimal timing (when) and duration (how long) of loyalty
offers. Moreover, our very general decision rule for shopping behavior is characterized by no
more than three parameters. This offers the possibility of predicting individual shopper loyalty,
or lack thereof, without detailed purchase histories or unobserved shopping lists. As a result,
retailers without customer card programs might also be able to engage in more effective
targeting.

We also develop a theoretical basis for modeling the store choice and category purchase
quantity decisions of rational shoppers using stochastic dynamic programming. Although we are

not the first to apply such a model in marketing (e.g., see Blattberg et al., 1978), we are the first



to describe the shopper’s optimal decision rule (“optimal policy” in the language of dynamic
programming) in both the finite and infinite horizon cases. Arrow (1958, p. 28) pointed out the
importance of such decision rules: “The idea that we choose not a definite set of actions for the
future but a strategy specifying how to act under all possible contingencies is of fundamental
importance in all problems involving behavior over time when uncertainty is present.” The
optimal decision rule for our model shows that store switchers will accelerate their purchases
when shopping at low-priced stores, an explanation that is completely independent of retail price
variation (the existing explanation for purchase acceleration). We also show how a household’s
recent shopping decisions impact subsequent decisions—something dynamic models are
particularly well-suited to doing. On a technical note, we advance the mathematical literature on
dynamic programming by establishing the optimal decision rule (i.e., policy) for a new type of
stochastic dynamic system.
1.2. Related Literature

Choice of store (or store type) has been a frequent subject of theoretical and empirical
investigation. A research stream relating store choice to location flourished in the mid-twentieth
century (e.g., Hotelling, 1929; Reilly, 1938; Huff, 1964). This research proposed and tested law-
like relationships between the distance a shopper has to travel from her home to a given store and
the shopper’s probability of choosing that store. Investigators found that the probability of store
choice decreases non-linearly in travel distance, but that travel distance offers limited
explanation of individuals’ store choice behavior. Another stream of research questioned
shoppers directly about the factors that affect their choice of store (e.g., Arnold, Ma and Tigert,
1978; Arnold and Tigert, 1982; Arnold, Oum and Tigert, 1983). In general, shoppers identified

convenience, prices and assortment as the most important factors in their choice of store.



Research has also been conducted on store switching behavior and, from the retailer’s
point of view, store traffic. Studies of store switching focused on identifying the determinants of
switching behavior, computing store transition probabilities, and describing switching behavior
(Popkowski Leszczyc and Timmermans, 1996, 1997; Popkowski Leszczyc, Sinha, and
Timmermans, 2000; Rhee and Bell, 2002). They found a relationship between store switching
and the time interval between store visits, but no relationship between switching behavior and
shopper demographics or retail prices. Interestingly, they found the best predictor of a shopper’s
switching probability on a given visit to be its recent switching behavior. Other studies tested
the effect of sales promotion on store traffic (Walters and Rinne, 1986; Kumar and Leone, 1988;
Walters and MacKenzie, 1988; Grover and Srinivasan, 1992; Vilcassim and Chintagunta, 1992).
In sum, these studies found that advertised products occasionally have a weak relationship to
store traffic, but that retail price changes have little effect. Moreover, store traffic effects could
be due to either store switching or incremental store visits.

The size of the market basket has also been studied. Kollat and Willett (1967), Frisbie
(1980), and Kahn and Schmittlein (1989, 1992) found systematic differences between larger
“major” shopping trips and smaller “fill in” trips, both in terms of basket size and the time
interval between trips. More recent research by Bell and Lattin (1998) considered the
relationship between market basket size and store choice. They assumed basket size to be an
unchanging household characteristic and found that basket size determines preference for the
type of store (in their study everyday low price (EDLP) versus promotional (HiLo) stores).
However, there is substantial evidence that store choice and basket size are not fixed, rather they

vary widely over time (e.g., Frisbie, 1980; Kau and Ehrenberg, 1984; Kahn and Schmittlein,



1989; Uncles and Hammond, 1995; Popkowski, Leszczyc and Timmermans, 1997; Fox and
Hoch, 2003). Our analysis offers some insights into this variability.

The remainder of the paper unfolds as follows. In 82, we develop our theoretical model
of shopping behavior. In 83, we specify econometric models to compare our theory to the
prevailing model in the literature. The econometric models are estimated using IRI panel data,
and fit tests and parameter estimates are presented. Finally, we consider the managerial

implications of our findings along with potential research topics in 84.

2. Models of Store Choice and Shopping Behavior

2.1. Modeling Overview

Our investigation requires a model with four characteristics: (a) forward-looking consumers, (b)
variation in household needs over time, (c) multiple stores, and (d) multiple categories. By
definition, in order to allow consumers to be forward-looking we must use a dynamic modeling
framework. To generate variation in household needs over time, we specify stochastic inter-
shopping times together with fixed consumption rates. While we could alternatively have
assumed stochastic consumption rates and fixed inter-shopping intervals (Blattberg, et al., 1978),
random inter-shopping times better reflect recent findings in this area (Kim and Park, 1997;
Leszczyc, Sinha and Timmermans, 2000; Chiang, Chung and Cremers, 2001).2 Specifying inter-
shopping time with a stochastic distribution implies that shopping trips are triggered by random
events, such as isolated stockouts or special occasions, and considerations such as time off from

work, mood, etc.

2 Kim and Park find that 68% of all customers can be classified as “random” shoppers based on their distribution of
inter-shopping times. The remaining customers are classified as “routine” shoppers because their distribution is
relatively more predictable. Our model covers both types of shoppers.



In light of the need for a dynamic and stochastic model, we apply the dynamic, stochastic
inventory framework developed in operations research (e.g., Karlin, 1957). Within this
framework, we allow the consumer to choose between (1) a low-priced store with low unit prices
but a high fixed cost (i.e., inconvenient) and (2) a convenient store with high unit prices but
minimal fixed cost. To ensure the applicability of our model, we assume the stochastic
distribution is strongly unimodal, a class that includes “almost all of the principal distributions
occurring in statistical practice” (Karlin, 1957, p. 282). We allow for multiple categories in the
market basket by treating the contents of the basket as a composite shopping good (note that
modeling multiple products/categories explicitly using a stochastic dynamic program is known to
be intractable). The “composite commodity theorem” (Hicks, 1936; Leontief, 1936; Lewbel,
1996) permits aggregation over product categories to create a single composite good if the
relative prices of those categories persist over time. Statistical testing of Lewbel’s criterion
supports the use of a composite good for our empirical data.

The store choice decision is based, in part, on the household’s current inventory level,
denoted by the variable x. Our inventory model could be applied to a specific category, in which
case x would represent the current inventory level of that category®. However, since store choice
decisions depend on needs across categories, we use X to represent the current inventory level of
the composite good. The current level can be increased to a higher level y (y = x) by paying
the fixed and variable costs of ordering from the store selected. To simplify the comparison of
store types, we assume a fixed cost of K (K >0) at the low-priced store and 0 at the convenient

store. The unit purchase prices are c, at the low-priced store and c, at the convenient store

® Treating multiple commodities as a single composite commodity is commonplace in government, industry, and
academic applications.
* As done by Ho, Tang, and Bell (1998) in their inventory model of purchase quantity for loyal shoppers.



with ¢, >c, . We assume that the household has knowledge of these prices, a reasonable

assumption given that a basket of goods exhibits little price variation compared to individual
categories (see Fox, Montgomery, and Lodish, 2003).

At time t,, inventory can be purchased up to a level y (y=Xx), which becomes the
inventory available for consumption until the subsequent trip at time t,. Observe that y is the

inventory level immediately after purchase and before consumption in the period of purchase

(the order quantity is therefore y —x). The density for inter-shopping intervals t (t =t, —t,) is
denoted by (t).° Since consumption occurs at a constant rate d by assumption, the

consumption in a period is also random and given by & =dt. Consequently, é has density
9(&) :%w(fld), and thus ¢() inherits the general properties imposed on ¢(). We shall

henceforth use & as the stochastic element in our model since costs are more easily expressed in

terms of this unit, which is also the one used in most inventory analyses. The expected

consumption in a period is u :J’£¢(E)d£. When the next shopping opportunity occurs at time
0

t, (=t, +¢&/d), a penalty cost is applied at a rate of c, per unit shortfall. At the same time,
holding costs are applied at a rate c, to the average of beginning and ending inventory levels.

This deviates from the more traditional approach of calculating holding costs based solely on
period ending inventory levels, but it is appropriate for a problem involving grocery purchases.

In our model, having positive inventory at the start of a period ensures a positive holding cost.



2.2. A Dynamic Stochastic Model of Store Choice

The analytic development for the dynamic store choice model follows conventional dynamic
programming principles. Here, the consumer shops using a planning horizon of n periods and
must consider the longer-term effects of decisions made in the current period. Time periods are
numbered in reverse order so that period 1 is the last period in the planning horizon, while period
n is the first period.

The principal difficulty in analyzing our dynamic model is caused by the concave
ordering cost function created by the choice of stores (see Figure 1). This difficulty was
observed by Karlin (1958) and Porteus (1971) for their dynamic models with fixed time periods
and stochastic consumption. In general, the simple structure obtained in static one-period
models need not carry over to dynamic models without suitable assumptions.

For the case of concave ordering costs, Porteus (1971) has shown that a generalized (s, S)
policy is optimal for the n-period problem assuming mild cost conditions and the stochastic
distribution of consumption is a one-sided Polya density. The class of one-sided Polya densities
is difficult to characterize but known to include the exponential distribution and all finite
convolutions thereof. Nevertheless, it is a restrictive assumption; for example, it is known that
the normal, truncated normal, uniform, beta, and most members of the gamma distribution are
not in this class. Consequently, restricting the distribution of inter-shopping times to be a one-
sided polya density may not adequately reflect household-level heterogeneity.

This motivates us to consider distributions that are strongly unimodal. This much richer
class of distributions includes, among others, the normal, truncated normal, uniform, gamma for

shape parameters a =1, and beta distribution for parameters p=1 and g=1 (see

® Technically speaking, this is the density for the interval between shopping opportunities. When the household has
an opportunity to shop, they may decline shopping and wait for a subsequent opportunity, thus no trip is observed.
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Dharmadhikari and Joag-dev, 1988). As noted by Karlin, it does not include the F and t
distributions, but it does include the noncentral F and the noncentral t as special cases (see
Karlin, 1956). In contrast to one-sided Polya densities, strongly unimodal densities have a very

simple characterization: log(g(x)) is concave’.

Our subsequent developments rely heavily on the properties of both quasi-convex and K-
convex functions. This is largely due to their properties under integral convolutions, which play
a significant role in the dynamic analysis of most stochastic inventory models. Quasi-convexity
ensures that a function cannot increase and then decrease. K-convexity ensures that a secant
approximation cannot overshoot the function to the right by more than K units. It is well known
that quasi-convexity is preserved for pure integral convolutions provided the distribution is
strongly unimodal, a result due to Ibragimov (1956). For a simple proof, the reader is referred to
Theorem 1.10 of Dharmadhikari and Joag-dev’ (1988). K-convexity is preserved under integral
convolutions without any distributional restrictions (Zipkin, 2000). But neither quasi-convexity
nor K-convexity is necessarily preserved for the minimum of two functions having these
properties, which makes analysis of the dynamic equations in our problem more complicated.

To formalize the costs described in section 2.1, we define the holding cost function to be

h(u) =.5c,(u+u”) and the shortage (penalty) cost function to be p(u)=c,u”, where

u® =max(u,0), u” =max(-u,0). The holding cost function is appropriate for our application

because it allows us to treat the current period’s holding cost as a constant multiple of the

average of period beginning and ending inventories. Observe that if a consumer buys up to y

® These distributions are also known as Polya frequency functions of order 2 (Karlin, 1957) or said to have a
monotone likelihood ratio (Karlin, 1956).

" Strictly speaking, Theorem 1.10 is stated for the convolution of a strongly unimodal distribution (i.e., logconcave
density) and a unimodal distribution. However, the only property of the unimodal distribution needed in the proof is

11



units at the start of a period and then experiences random consumption of ¢ units, the holding

cost for the period is .5¢c,(y+(y-&)") = .5¢c, (y-&+(y-&")+.5¢,& = h(y-¢&)+.5¢,¢.
Assuming future costs are discounted by a factor a (0 < a <1), we define f__ (u) to be
the minimum expected discounted cost of managing household inventory over periods n-1, n-2,
..., 1, starting with household inventory level u in period n-1.2 If the consumer buys up to y
units at the start of period n, then the expected penalty and shortage cost in the current period
combined with the minimum expected discounted cost over the next n-1 periods is given by the

function G, (y),

G,1(y) = [ P(y =~ @A + [h(y - Hp(@dE +af f,,(y - p(¢)de +

of . (O) PEIE + 50,1 2.1)

Observe that the trailing constant .5c, ¢ in G, (y) comes from calculating the expected holding

cost in the current period.
The general dynamic equation describing the minimum expected discounted cost for
managing household inventory over the next n-periods (beginning with household inventory

level x) is therefore
f,00=Min inf[5(y=x) K. +e (y=+G W] jnflev(y=0+G. 0] 22)

Define the extended function

f.(0) z<0

0T e s

that it is increasing up to a point and then decreasing thereafter. The preceding quasiconvexity result is obtained by

12



If we define m(u) = p(u) + h(u) +c u + afn_l(u), then we must have

g,ng[CN(y—x)+Gn(y)]= ygx —CNX+cNﬂ+-5chﬂ+_jmm(y—E)¢(E)d€ , (2.3)

Under loose conditions, the function m(z)will be decreasing on (-,0] and increasing on
[0,00) . This property is needed in the proof of our upcoming “optimal choice theorem.” This
condition is true, for example, if ¢, =.5c, +c, , which is sensible as shortage costs are generally

assumed to be larger than marginal purchase costs in dynamic models without a revenue term.

In what follows, we will assume costs are such that m(z) is decreasing on (—o0,0] and increasing

on [0,0) . This permits the following result.

Theorem 1 (Optimal Choice Theorem, Finite Horizon): Assume that the inter-shopping trip
time density is strongly unimodal. Then for the n-period dynamic model, one of the following
three policies is optimal for each household:

(A) An order-up-toS, (base stock) policy for shopping exclusively at the

convenient store. Whenever a shopping opportunity occurs, the shopper goes
to the convenient store and replenishes household inventory back up to S, .

(B) An (s.,S,) policy for shopping exclusively at the low-priced store.
Whenever an opportunity occurs, if inventory is below s, , the shopper goes
to the low-priced store and replenishes household inventory back up to S, .
If inventory is above s, , they do not shop.

(C) An (s,S,,S.) mixed store policy. If household inventory is below s, the
shopper replenishes stock up to S, from the low-priced store; if household
inventory is between s and S, they replenish household inventory up to S
units from the convenient store; if household inventory is above S, , they do
not shop.

applying this more general theorem to — f (X) and then reversing the sign.
® Recall that periods are numbered backwards, as is customary in dynamic programming models.
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Proof: The proof follows that in Fox, Metters, and Semple (2003) except (i) the cost assumption
needed here is ¢, =.5c, +c,, (ii) the holding cost is modified to reflect average beginning and
ending inventory levels, and (iii) the function G,_(y) defined in equation (2.1) includes an
additional constant, .5c, 4.

Our theorem does not preclude the possibility that the optimal policy changes between
the three forms for different values of the planning horizon n. For example, in the case n=1, the
consumer might use a pure convenient store strategy; for n=2, the consumer might prefer a
mixed store strategy; for n=3, they might switch to a pure low-priced store strategy. However, in

our application we assume n is “large,” so that the optimal policy has stabilized and any end-of-

horizon effects are negligible. This is bolstered by the following two results:

Theorem 2 (Convergence of Optimal Costs). Assume the stochastic distribution of

consumption is stationary. Then the optimal cost functions f in the n-period problem converge
uniformly to a unique function f on every closed bounded interval [0,M].

Proof. See Fox, Metters, and Semple (2003).

We remark that this result is important for demonstrating that the long run optimal cost for each
household is well defined. The function f represents the infinite horizon costs of shopping.

Finally, we have the following theorem regarding the optimal policy for the infinite horizon case.

Theorem 3 (Optimal Choice Theorem, Infinite Horizon). For the infinite horizon problem,
the optimal policy has one of the three forms described in the n-period problem.
Proof. The proof is identical to that in Fox, Metters, and Semple (2003) with straightforward

adjustments for the holding cost function.
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On the basis of Theorems 2 and 3, we may assume a stationary optimal decision rule in the next

section’s econometric analyses.

3. Econometric Testing

3.1. Econometric Models

To test our theory of shopping behavior, we develop an econometric specification of the
normative model detailed in 82, which we will refer to as “FMS.” We also specify an alternative
model, reflecting the most prominent current theory of store choice, for comparison to FMS.
Both models assume that consumers' shopping decision rules are household-specific and
stationary.  Household-level heterogeneity is modeled using random coefficients. The
stationarity assumption for FMS is indicated by Theorems 2 and 3.

3.1.1. FMS Model — Our FMS model addresses the behavior of household h (h = 1, ..., H)
which may purchase goods in category in (in = 1, ..., Iy) during store trip j, (jn = 1, ..., Jn). For
clarity, the subscripts of i, I, j and J referring to household h will be omitted during our
exposition. The choice of store type for FMS is specified as a latent variable probit with

observation equation

1ifz. =0
7. = ) . 3.1
"0 otherwise 3.4
The latent dependent variable of the probit, z,*, is modeled with a linear regression
|
Zy; = G, + 6, LOY,; + Z .10 INVy +17; (3.2)
1=1

where 0y is a 1+2 vector of household-level parameters with the first an intercept parameter, the
second corresponding to store type loyalty, and the final | parameters corresponding to
category inventories,

LOYj,; is household h’s loyalty to low-priced stores prior to store trip j,
INV;j is household h’s inventory of category i prior to store trip j, and

15



IThj is a random error term.

Because travel distances between households and stores do not change over time, they are
captured in the household-level intercept, &n. Store loyalty, LOYy;, is a time-varying measure of
convenience reflecting the shopper’s familiarity with store layouts, category locations within
store, etc. This variable, adopted from Bell, Ho and Tang (1998), is operationalized as the
proportion of all previous trips that were made to low-priced stores. Consistent with the
normative model developed in 82, category inventories are the only other time-varying
predictors of store choice. Note that inventory levels are standardized by the household’s
category consumption, and so represent “days of supply.” We standardize purchase quantities in
the same way, dividing by category consumption. Because the normative model’s s and S
parameters are not category-specific, we restrict each household’s inventory parameters in
equation (3.2) to be the same for all categories (&n = ... = G+1n). Thus, there are three
parameters per household.

Conditional on selection of either a low-priced store (zy,=1) or convenient store (z,=0),
the household determines how much to purchase in each product category that it uses. Across all
households and shopping trips, we observe that only 13.3% of category purchase observations
are nonzero, indicating category incidence. In other words, on a given trip the shopper does not
buy in most categories that it uses. Following Tellis (1988), we model category purchase
quantity with a censored regression (see Tobin, 1958) because of the many zero observations.

The observation equation for category purchases is

= q;ij if Oy >0

o (3.3)
=0 otherwise

Qnjj
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where gpi* is a latent continuous variable for purchase quantity, observed only if it is greater
than zero. As continuous (gnij>0) and discrete (gnij=0) observations are modeled, the censored
regression incorporates both category incidence (whether to buy in the category) and purchase
quantity (how much to buy in the category) decisions.” Moreover, it enables us to make
inferences about purchase acceleration. Censored regressions have been used previously in
marketing applications to model purchase quantity (e.g., Tellis, 1988; Fox, Montgomery and
Lodish, 2003) and duration (Thomas, 2001; Thomas, Blattberg, and Fox, 2004). Latent category

purchase quantity is modeled with a linear regression
q;ij = Lon + BinZy + BonINVy; + & (3.4)

where By is a vector of household-level parameters,

Zyj IS the observed choice of store type from equation (1) which takes the value 1 if
household h visits a low-priced store on trip j, 0 otherwise,

and &j is a random error term.
Note that this equation specifies category purchase quantity as a function of (a) the household’s
category inventory level (INVy;), (b) an intercept reflecting the buy-up-to amount for convenient
store purchases, and (c) an indicator variable for choice of a low-priced store, z,;, thereby
permitting the buy-up-to amount in low-priced stores to differ from convenient stores. Thus, the
FMS specification of category purchase quantity is consistent with the optimal shopping decision
rules proposed in Theorem 1. Note also that the household subscripts for all parameters in
equations (3.2) and (3.4) reflect our specification of random coefficients.

We complete the FMS specification with distributional assumptions about the residuals.
Because the normative model in 82 makes no reference to unmodeled factors, we assume that

residuals in these equations are independent and identically distributed with

® The likelihood function of the censored regression model incorporates both binary (probit) and conditional
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My ~ N(O,aj), and (3.5)

£y ~N(0,02). (3.6)

3.1.2. Alternative Model, BHT — The alternative model comes from Bell, Ho and Tang (1998),

which we will refer to as “BHT.” It uses an a priori shopping list to predict store choice. More

specifically, it assumes that purchase quantities are planned before the store trip is made

(exogenous to the model), though the planned quantities are not observed. Because BHT was

developed for a slightly different application than our own model, we must modify the

implementation of BHT in order to compare it to FMS. However, our implementation is entirely
consistent with the theory proposed by Bell, Ho and Tang.

Fundamental differences between the original BHT implementation and our
implementation of the model are due to (a) our binary choice of store type vs. Bell, Ho and
Tang’s multinomial choice among individual stores, and (b) our category-level analysis of
purchases vs. Bell, Ho and Tang’s sku-level analysis. Because we model the choice of store type
rather than individual store, our implementation of BHT must determine at which retailers the
shopper prices her list. For the store type that is chosen on a given trip, we know which retailer
is chosen—so we know at which retailer the shopper priced her list. For the store type not
chosen, however, we must allow for the shopper to price her list probabilistically at the available
retailers. To do so, we assume that household h’s probability of pricing the list on visit j at
retailer R among retailers of type T (R T) is equal to the conditional probability of visiting that
retailer when shopping at a type T store, p(R|T)nj. P(R|T)n; is operationalized as the proportion of
type T store visits that the household made to retailer R prior to visit j. Thus, the probability is

updated with every shopping trip. Regarding our implementation at the category rather the sku

continuous (LS regression) likelihood components. The former can be interpreted in this case as the likelihood of
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level, this is necessary in order to compare BHT to FMS (which assumes category-level purchase
decisions). Note that, by implementing BHT at the category level, we implicitly assume that
shopping lists are formed at the category (e.g., ketchup, butter, toilet paper), rather than the sku
(e.g., Heinz 32 oz. plastic easy-pour bottle, Land O’ Lakes one Ib. lightly salted, Cottonelle 12
roll 200 ct. pretty prints) level as Bell, Ho and Tang did. Our assumption is consistent with
empirical evidence that 72% of shopping list entries refer to categories, not sku’s or even brands
(Spiggle, 1987). We also note that Bell, Ho, and Tang included category-level predictors
(inventory and consumption rate) to estimate the probability of individual sku’s being on the
unobserved shopping list.*

We begin our BHT specification by modeling the latent dependent variable for choice of

store type, z* as a regression

|
271, = Gy, + 0, LOY,, + Z Ay (PRICE! - PRICEY, )+ &, 3.7

where for store type T in which retailer R is chosen and therefore known PRICE; = PRICE,
for store type T that is not chosen PRICE; = Z (p(R 1T)y PRICEi?),

RT
On isa 2x1 vector of response parameters,

Anij is the quantity of category i entered on household h’s shopping list for visit j, and

&y is a random error term.
Consistent with BHT’s theory, the shopper balances the expected price savings, or lack thereof,
when buying the shopping list at a given store type (variable shopping cost) with the fixed cost
of shopping there (which is again captured in the household-specific intercept dyn and store

loyalty parameter o14). In fact, the right-hand-side of equation (7) can be shown to be equivalent

category incidence; the later as the likelihood of purchase quantity conditioned on incidence.

19 Bell, Ho and Tang (1998) implemented their model so that shoppers adjusted only category incidence, not
purchase quantity, in response to their own inventory levels. Our implementation of their model relaxes this
restriction, so that model fits may be compared.
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to the corresponding equations (1) — (3) in Bell, Ho and Tang (1998, p. 355) for shoppers
choosing between two stores/types.

Equation (3.7) uses latent shopping list entries in many categories to predict a single store
choice. For identification, we must therefore model shopping list quantities. Following Bell,
Ho, and Tang (1998), we develop a hierarchical equation that enables us to use purchase quantity
to infer shopping list quantity. This is accomplished by partitioning category purchase quantity,

g*nij, into planned and unplanned components:

Qi = Anij + P (3.8)
where the planned component—the shopping list entry, Any—depends on prior inventory level,
while the unplanned component, oy, depends on in-store marketing activities like deal and
display (note Bell, Ho, and Tang used these same predictors in a hierarchical equation to specify

the latent shopping list). We model the two components with linear regressions

/\hij = Wy + Wy, INVy + 7, (3.9)
and Prij = q;ij = A = Von * VinDEALy; +1,,DISB; + 4y (3.10)

where wy, and y, are 2x1 and 3x1 vectors of response parameters,

the predictors are: INVy;; the household’s inventory in category i prior to trip j, DEALupj
and DISPy;; the household’s probabilities of encountering a price deal and in-store display
in category i on trip j, and

Thij and ¢yij are random error terms.

Equation (3.9) is estimated simultaneously with equation (3.7), thus avoiding the identification
problem described above. Ay in equation (3.9) is restricted to be non-negative.

We can rewrite equation (3.10) either to compare BHT model fits to FMS or to create a
hierarchical equation for the estimation of Auj. The former objective is accomplished by

rewriting the equation for purchase quantity as
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q;ij = A * Von T VinDEAL,; + )5, DISP; + {; . (3.10a)

The latter objective is accomplished by rewriting the equation as prior information about the
shopping list quantity
Avi = Oy = Von — VinDEALy; = ¥, DISP, + ;. (3.10b)
By using equation (3.10b) as prior information about the shopping list, we are able to incorporate
all relevant information in the estimation of Ayj. We place no restrictions on the y parameters, so
the shopping list is not limited to categories or quantities that were subsequently purchased. Bell
Ho and Tang (1998, p.355) acknowledged that shoppers might fail to purchase items that were
on their lists or buy quantities different than they had planned. Our implementation of BHT
allows for both of these possibilities; their original implementation did not. Note that all
parameters in equations (3.7), (3.9) and (3.10) have random coefficients, as indicated by the
household subscripts.
As with FMS, we assume that the errors in equations (3.8) and (3.10) are independent and

identically distributed with
Zw ~ N(0,02) and (3.11)
Ky =Ky + Z 7., ~N(0,02). (3.12)
Observe that the composite error term specified in equation (3.12) is the sum of normal error
terms in equations (3.7) and (3.9), which are estimated simultaneously. We complete our
specification of BHT with Ay;. Using Bayes rule, we specify the posterior of Ay; to be the average

of equations (3.9) and (3.10b), weighted by the inverse of the error variances from equations

(3.11) and (3.12) divided by the appropriate number of observations. Formally
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1 = (q;ij ~Von ~V1nDEALy; —y,,DISR, )(Jilnz)"' (a)0h — @y, INVy; )(ngnq) (3.13)
" e, )+ oz n,) o

where n; is the total number of observations in the store choice model and nq is the total number
of category purchase observations.

We reiterate that, even though we adapted the original specification slightly in order to
compare it to FMS, equations (3.1), (3.3), (3.7) and (3.9) - (3.13) represent a faithful
implementation of the theory underlying BHT.

3.2. Data

The empirical analysis is conducted using multi-outlet IRI household scanner panel data that
captures packaged goods shopping trips and purchases in a large metropolitan market over two
years (see Fox, 1999, for procedural details about this wand panel dataset). Though the dataset
includes multiple retail formats (e.g., grocery and drug stores, mass merchandisers and
warehouse clubs), we focus on the four largest supermarket chains, which together account for
75% of panelist’s grocery store purchases.’* Along with the panel dataset, we use detailed
merchandise files containing price and promotional information for all sku’s in ten product
categories: candy, carbonated beverages, coffee, diapers, dog food, household cleaners, laundry
detergent, salty snacks, sanitary napkins, and shampoo.

Descriptive statistics for the four store chains are presented in Table 1. Prices in the table
are the average of weekly prices for every product in each of the ten categories that is sold
simultaneously at all four store chains (1020 products per week), weighted by sales. We observe
that prices offered at two of the chains (labeled low-priced 1 and 2) are significantly lower than

the other two chains (labeled convenient 1 and 2). To ensure that the low-priced stores offer

1 The availability of packaged goods purchases in our dataset at all grocery outlets and several other retail formats
permits us to track shopper inventories more accurately than previous studies.
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persistently lower prices than convenient stores, we conduct pairwise signed-rank tests
comparing weekly prices at each low-priced chain with each convenient store chain. These tests
clearly confirm that prices at the two low-priced chains are significantly lower than at either
convenient store chain (all p-values are <0.0001). As an aside, we note that the two low-priced
retailers advertise everyday low prices (EDLP), while the convenient retailers do not. Contrary
to prevailing wisdom, however, Table 1 shows that purchases of promoted items are just as
common at low-priced (EDLP) store chains as convenient store chains. Thus, it does not appear
that shoppers are engaging in substantially more price search in either store type.*2

We selected 148 households for our econometric test based on the following screening
criteria. To ensure that households faithfully recorded their purchases throughout the 24-month
duration of the panel, we included households in the dataset only if (a) they recorded grocery
purchases in every month, (b) they averaged no more than 14 days between grocery shopping
trips, and (c) they spent an average of at least $100 per month at supermarkets. One more
screening criterion was required because of a key assumption underlying our model—that low-
priced stores have a higher fixed cost than convenient stores. Using travel distance as a proxy
for fixed cost, we required that (d) households be closer to a convenient store than a low-priced
store. The resulting dataset of 148 households included a total of 19,938 store visits. We tracked
category purchases (and inventories) visit-by-visit in each of the ten categories that a household
used.’® On average, we captured purchases (and inventories) in seven categories per household
(min=2, max=10) for a total of 143,938 category purchase observations over the 24 months.

Descriptive statistics for households in the dataset are presented in Table 2.

12 This is consistent with Bell, Ho and Tang's argument that "deal effects somewhat cancel out, in basket shopping"
(1998 p. 354, footnote 3).
3 We defined usage as making at least five category purchases during the 24-month period.
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The dataset was partitioned into three samples. The first six months were used to
initialize the loyalty variable. The next twelve months were used to estimate the econometric
models. This calibration sample was comprised of 9,964 store visits and 71,971 category
purchase observations. The final six months were used to test out-of-sample fits. This holdout
sample was comprised of 4,817 store visits and 34,620 category purchase observations.

Note that our model does not address cherry picking behavior (Lal and Rao, 1997; Fox
and Hoch, 2003). Because multiple store visits during a single day (i.e., without intervening
consumption) suggest that the shopper cherry picked, splitting her basket between stores, we
omitted such visits from our analysis.

3.3. Econometric Model Results

We estimated the FMS model, equations (3.1) — (3.6), and the BHT model, equations (3.1), (3.3)
and (3.10) — (3.14). Our treatment of censored data, use of hierarchical equations and Bayesian
inference led us to use a hierarchical Bayesian approach and Markov Chain Monte Carlo
estimation methods (Gelfand and Smith, 1990; Casella and George, 1992; also see Chib, 1993,
for application to censored regressions). A detailed discussion of the estimation procedure is
available as a technical report from the authors.

Table 3 shows fit statistics for the two models. Both in and out of sample, FMS fits
better than BHT even though it uses fewer parameters. Specifically, the log-likelihood of FMS
is substantially higher in sample (-83588 vs. -85985 for BHT) and out of sample (-41715 vs. -
42399 for BHT). The superiority of FMS in terms of information criteria (AIC, CAIC and BIC)
is even more pronounced, because it is a more parsimonious model (888 parameters vs. 1036

parameters for BHT).
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Table 4 shows parameter estimates for both models. Posterior means are reported, along
with associated probabilities that parameters are < or > 0; confidence intervals are based on
random coefficients for the 148 households. The signs of parameters in the FMS model, which
are in the first panel of Table 4, are all consistent with 82. The effects of inventory are negative
for both the quantity model, indicating that lower inventories lead to larger purchase quantities,
and the choice model, indicating that lower inventories increase the probability of choosing a
low-priced store. The lack of significance of the inventory parameter in the choice model is
probably due to the limited number of categories per household for which we have information,
compounded by our constant consumption assumption, which introduces measurement error into
the computation of category inventories.

A key parameter of interest in the FMS model is the store type parameter in the purchase
quantity equation. This variable is positive and significant (p=0.05), showing that category
purchase quantity is greater in low-priced stores than convenient stores, even after controlling for
category inventory level. Because the normative model suggests that this parameter will be
positive for store switchers, as opposed to loyals, we estimate the correlation between the
household’s store type parameter and propensity to switch store types. The household’s
switching propensity is measured by computing a Herfindahl index for its choice of store type.
If the household is perfectly loyal to either low-priced or convenient stores, the Herfindahl index
is the maximum of one; if the household visits both store types in equal amounts, the Herfindahl
index is the minimum of 0.5. Across the 148 households, we find the correlation between
Herfindahl indices and standardized parameter estimates for store type to be -0.54 (p<0.0001).
Thus, the more loyal a household is to one store type, the less it accelerates purchases when

shopping at low-priced stores.
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The parameter estimates for BHT, found in the second panel of Table 4, have signs that
are consistent with Bell, Ho and Tang (1998). Specifically: (a) the loyalty parameter for low-
priced stores, din, has a positive effect on the probability of choosing a low-priced store; (b) the
category inventory parameter, win, negatively affects inclusion on the shopping list, effectively
reducing savings at the low-priced store and thus the probability of choosing a low-priced store;
(c) the presence of a price deal increases purchase quantity, as reflected in the j4, parameter; in-

store display also has a positive effect on purchase quantity, as reflected in ysn.

4. Discussion, Implications and Future Research Topics

We have proposed and tested a model of shopping behavior that links two important consumer
decisions—store choice and basket size—with the cost of managing a household’s category
inventories.

4.1. Discussion of Findings and Implications

(&) We find that the dynamic model of shopping behavior proposed in this paper fits the choice
of store type and category purchase quantity decisions better than the prevailing model of
shopping behavior due to Bell, Ho and Tang (1998). This is probably because our model allows
category inventory levels to affect the store choice and purchase quantity decisions differently.
By comparison, Bell, Ho and Tang’s unobserved shopping list relates to both store choice and
purchase quantity without parameterization. Also, in the BHT store choice equation shopping
list quantities are weighted by price savings, though evidence suggests that price variation does
not affect store switching (Rhee and Bell, 2002).

(b) We find that, independent of the shopping list construct, category inventory is a key driver of
shopping behavior. This insight may have implications for the targeting of individual customers.

If category inventories can be tracked, then a household’s changing propensity to visit low-
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priced or convenient stores, as well as its expected purchase quantities, may also be monitored.
Our results could also be used to inform retail managers about the timing of promotional offers
that target non-loyal shoppers. For example, a convenient store retailer might use promotions to
motivate targeted households to shop more frequently (e.g., coupons that expire rapidly), before
their inventory levels are drawn down far enough to justify a low-priced store visit.

(c) We also find that shoppers accelerate their purchases when visiting low-priced stores, either
buying before there is a short-term need or buying in quantities exceeding the short-term need.
The propensity to accelerate purchases depends on whether the shopper is loyal to a single store
type (either a “price” or *“convenience” shopper) or not (a “store switcher”). The lower the
household’s propensity to be loyal to one type, the more that household will accelerate purchases
when visiting low-priced stores (r=-0.54). Purchase acceleration is a within-household
phenomenon, meaning that the same household will buy more when shopping at low-priced
stores as compared to convenient stores. Because retailers incur a fixed cost to service a
shopper, this implies that the same store switcher might be systematically more profitable for
low-priced than convenient stores, holding margins fixed. Further, our evidence of purchase
acceleration offers an alternative explanation for Bell and Lattin’s (1998) finding associating
large market baskets with the choice of EDLP (i.e., low-priced) stores.

(d) Together, the above findings have implications for the dynamics of store choice. Recall that
the optimal decision rule states that, for switchers, a low-priced store visit requires household
inventories to be at or below the threshold s (see Theorems 1 and 3). If the most recent visit t
days ago had been made to the low-priced store, then a low-priced store visit today would

require that S_ - td < s (remember the consumption rate is constant d). In other words, the
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household's inventory level from the prior visit, drawn down by subsequent consumption, must

be at or below s. It follows that

t> . (4.1)

Similarly, if the most recent visit t days ago had been made to the convenient store, then a visit to

the low-priced store today would require that

t> . 4.2)

Because our purchase acceleration finding implies that S > Sy, then

-S Sy -8

Prob t > SLd < Prob t>

(4.3)

Consequently, the probability of choosing the low-priced store if the most recent visit had been
made to the low-priced store is less than if the most recent visit had been made to the convenient
store.

Applying Bayes theorem together with this inequality and its complement enables us to
characterize similar relationships for convenient store visits. Figure 2 shows a 2x2 transition
matrix of store visits, comparing conditional probabilities for the choice of both store types to the
marginal probabilities. The diagonal elements of the matrix, which reflect inertial behavior, are
lower than the associated marginal choice probabilities. The off-diagonal elements, which
reflect store switching, are higher than the marginal choice probabilities. This “ping-ponging”
pattern of switching behavior implies that managerial evaluations of store loyalty should
recognize that first-order switching probabilities are systematically higher than marginal

probabilities of visiting a particular type of store.
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4.2. Directions for Future Research

Our investigation of multi-store shopping using an integrated dynamic framework suggests new
directions for future research. The introduction of price variability into the model is an important
extension, but one which substantially complicates the analysis. Another possibility is a broader
investigation of purchase acceleration, incorporating both price variation and store type as causal
factors. Such an investigation might focus on the conditions (stochastic distributions, fixed and
variable costs, etc.) that promote this behavior, or measure the magnitudes of purchase
acceleration from both causes. Finally, our empirical investigation found a number of instances
when multiple grocery stores were visited with no intervening consumption. Drawing on the
conventional wisdom of retailers, we conjecture that these are instances of “cherry picking,” or
systematic exploitation of promotional discounts across stores. Identifying and understanding

cherry-picking behavior is another interesting and important topic for future research.

29



Figure 1: Concave Ordering Costs

Order Cost

~

Order Size

Figure 2: Transition Matrix for Low-Priced / Convenient Store Visits

Choice on Visit (v-1)

Low-Priced(L),.1 Convenient(N),.;
Choice Low-Priced(L), Pr(L,|Ly.1) < Pr(L) Pr(L,|Ny.1) > Pr(L)
on Visit
V) Convenient(N), Pr(N, |Ly.1) > Pr(N) Pr(Ny [Ny.1) < Pr(N)
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Table 1. Data Description — Stores

Store Chai Average Avg. Travel % Sales on
ore hain Price Distance Discounted ltems
Convenient 1 $3.50 2.33 27.2%
($0.23) (5.36) (6.2%)
Convenient 2 $3.77 1.61 22.7%
($0.26) (4.06) (5.7%)
Low-Price 1 $3.19 6.46 22.7%
($0.26) (6.05) (5.9%)
Low-Price 2 $3.10 6.35 32.6%
($0.21) (6.52) (6.3%)
Average $3.39 4.19 26.3%

Table 2: Data Description — Households

Mean StdDev

Family Size (#) 3.15 1.44

Income (x $1000) 56.4 26.1

Working Woman (%) 68.5% 46.6%
College Educated (%) 23.3% 42.4%
Homeowner (%) 90.4% 29.5%
Married (%) 77.4% 42.0%
Children Under 6 (%) 21.2% 41.0%
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Table 3: Model Fit Comparison

In Sample
Log-
Model Likelihood AlC CAIC BIC
FMS -83588 168064 172427 171539
BHT -85985 173006 178097 177061
Out of Sample
Log-
Model Likelihood AlC CAIC BIC
FMS -41715 84319 88400 87512
BHT -42399 85834 90595 89559
Table 4: Parameter Estimates
FMS BHT
Variable Parameter Estimate Variable Parameter Estimate
Choice of Store Type
INTERCEPT Bon -2.395 INTERCEPT Jon -3.83
(0.24) (0.01)
LOYALTY G1n 4.322 LOYALTY J1n 4.03
(0.00) (0.00)
INVENTORY Gon -0.001 INTERCEPT Won 574
(0.45) (x SAVINGS) (0.15)
INVENTORY W1n -0.018
(X SAVINGS) (0.36)
Purchase Quantity
INTERCEPT Bon -30.41 INTERCEPT Yon -77.436
(0.03) (0.01)
STORE TYPE Bin 11.31 DEAL V1n 39.094
(0.05) (0.09)
INVENTORY Ban -0.312 DISPLAY Van 412.881
(0.01) (0.01)
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