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ABSTRACT
The e-commerce adoption level within our society has been growing in the past decade, leading to
dynamically evolving demand patterns across retailing channels. In this work, we study a dual-chan-
nel retailer’s optimal demand shaping strategy, through e-commerce marketing efforts and store
service levels, in the presence of this dynamic evolution. Our stylized model integrates the growing
adoption of e-commerce within society with individual consumers’ channel choice, and explicitly
models the reference effects of the retailer’s prior decisions on consumer decision-making in a multi-
period setting. This model allows us to characterize the settings in which e-commerce marketing is
beneficial for the retailer, and to show that the retailer’s optimal demand shaping strategy depends
on the product’s e-commerce adoption phase. Interestingly, we find that if the retailer provides the
consumers with information on store availability levels, then the retailer’s optimal service levels stay
constant over time, even if e-commerce adoption in the society grows.
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1. Introduction

“Nearly all growth in retail comes from e-commerce,” states
E-commerce Europe (2016), as online sales in Europe grew
by 13.3%, whereas the growth in total retail sales merely
reached 1% in 2015. A similar trend prevails in the United
States, where online sales have increased by 14.5% on aver-
age in the past 3 years—four times as fast as traditional
retail (The U.S. Department of Commerce, 2017). For con-
sumers, e-commerce can be considered a new service, and
not all consumers are “adopters” of e-commerce (i.e., con-
sider the option of buying a product online), as this requires
confidence in, and access to, this new service, as well as will-
ingness to wait for the product that is purchased online.
However, as the sales volumes indicate, this is changing
quickly, thanks to various factors, including not only
retailers’ marketing efforts for e-commerce, but also the
“word of mouth” effect, enhancements in cyber security,
introduction of smartphones, etc.

Growing e-commerce adoption introduces new demand
dynamics that have implications for dual-channel retailers’
marketing and operational decisions. Consumer purchasing
decision now also critically depends on whether or not a
certain consumer is an adopter of e-commerce. As a result,
different service aspects gain importance over time. For
instance, although the e-commerce delivery time may not be
of major importance when e-commerce adoption is low, it

may have a considerable impact on the demand captured if
more consumers are willing to purchase the item online.
Thus, depending on the e-commerce adoption level in soci-
ety, the retailer can experience an expansion/shrinkage in
her demand across channels at different periods in time.
This brings a new dimension to the dual-channel retailer’s
decision-making process: the retailer needs to decide how to
split the potential demand between her online and store
channels in each period, having varying degrees of e-com-
merce adoption. This is the problem we study in this article.
The retailer can achieve this “demand shaping” through
integration of marketing and operational decisions. This
common industry practice is implemented by retailers such
as Shopify, E-bay, and Intel through novel tools and tech-
nologies (Forbes, 2016; IBM, 2017). Consider Intel’s (2013)
new virtual reality tool: “Aside from reducing inventory-
related costs, the solution provides a revolutionary in-store
experience that can strengthen brand awareness.”

Motivated by these practices, we consider a multi-period
setting in which a dual-channel retailer needs to determine
the target inventory service levels in the store channel as
well as the marketing efforts for the online channel, which
has 100% availability. In other words, a rising number of e-
commerce adopters are faced with a choice between guaran-
teed service from the online channel but in exchange for a
delivery delay, and immediate service from the store channel
but only if the product is in stock in each period. The
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product availability aspect is important, as consumers can
learn about the stock levels through their own experiences
or word-of-mouth over time, and make their future channel
choices accordingly. In this dynamic environment, the
retailer’s objective is to optimize over these two “levers,” in
a way to “shape” the demand over the two channels, with
the goal of maximizing the expected profit (i.e., revenue
minus inventory and marketing-related costs) over the plan-
ning horizon.

We explicitly consider that e-commerce adoption levels
in society evolve over time, as a result of endogenous factors,
which we model in terms of the retailer’s e-commerce mar-
keting efforts (e.g., using novel virtual reality technologies
and mobile apps), and exogenous factors, which we model in
terms of the word-of-mouth effect. This is in line with
Roger’s (1962) diffusion of innovations theory, in that con-
sumers rely highly on word of mouth when it comes to
adopting new services and shopping mechanisms, such as
e-commerce. Industry research also supports this phenom-
enon: “With all the advertising and marketing tools [… ],
nothing has quite the impact of referrals from friends, col-
leagues, and sometimes even complete strangers” Forbes
(2017a). This is because, “customer-to-customer interactions
are important determinants that shape a firm’s demand or
market share, especially [… ] for new, innovative products
of which some features are unknown” (Debo and
Veeraraghavan, 2009).

Our modeling of the consumer choice process as a func-
tion of product availability at the store is also important
(Netessine and Tang, 2009): Due to the time and energy
invested in their shopping trips, “consumers would not
patronize a firm without some form of assurance that they
can find what they are looking for” (Su and Zhang, 2009).
Thus, our model brings a new dimension to the extensive
literature on joint marketing and operational decisions for
dual-channel retailers, through integrating e-commerce
adoption, inventory-driven demand, and consumer learning
into the modeling framework—all these aspects are essential
for modeling the impact of evolving e-commerce adoption
on a dual-channel retailer’s demand shaping decisions in a
multi-period setting. In this study, we aim to address the
following questions: How should a dual-channel retailer
adjust its marketing efforts and inventory service levels over
time to optimally shape demand under growing e-commerce
adoption? Do products at different phases of e-commerce
adoption and with different profit and sales margins necessi-
tate different strategies? What is the impact of providing
consumers with accurate information on the retailer’s service
levels on the retailer’s demand shaping strategy?

In order to address these questions, we develop an ana-
lytical model that integrates a consumer choice model with a
diffusion model in a multi-period setting. In particular, we
utilize the consumer choice model to model consumers’ pur-
chasing and channel choice decisions, which are influenced
by: (i) store inventory availability, on which consumers build
predictions through their own prior experiences with the
retailer as well as through word of mouth; and (ii) consumer
heterogeneity with respect to unwillingness to wait for

online delivery, distance to the store, and adoption status of
the e-commerce option, where the latter is derived from the
diffusion model based on word-of-mouth and the retailer’s
e-commerce marketing efforts. Consequently, as discussed
above, the retailer’s demand across channels is influenced by
the exogenous word of mouth effect, and shaped endo-
genously through its e-commerce marketing efforts and store
service levels. Of course the retailer can utilize various levers
that may cover a range of marketing and operations deci-
sions to shape demand in this multi-period setting with
growing adoption of e-commerce. As representative of those
decisions, we consider the retailer’s store inventory and
e-commerce marketing efforts in our stylized model, although
our modeling framework applies to various other decisions.

To our knowledge, this article is the first to study the
impact of growing e-commerce adoption on a dual-channel
retailer’s tactical decisions in a multi-period setting. We con-
tribute to the literature both from a modeling and from an
insights perspective. First, by building onto the existing
works in the literature, we provide a modeling framework
that incorporates consumers’ e-commerce adoption status
into consumer choice between different retail channels. The
majority of the studies in the multi-channel retailing litera-
ture assume that all consumers are e-commerce adopters.
This assumption leads to extremely high demand volumes
for the online channel—in certain settings it is suggested
that 100% of the total market demand can be captured
through the online channel (Chen et al., 2008). Given that
the e-commerce sales constitute less than 15% of the total
retail sales, this may not be realistic, even for product cate-
gories whose e-commerce adoption levels are the highest
(refer to Section 6.1 for the e-commerce sales percentages
for different product categories). Next, we consider a multi-
period setting in which the longer-term effects of the
retailer’s decisions can be captured. The majority of the
works in the multi-channel retailing literature considers a
single-period setting where such effects cannot be modeled.
Our modeling framework is able to capture those endoge-
nous effects (i.e., e-commerce marketing efforts and store
service levels) along with certain exogenous factors (i.e.,
word-of-mouth effect) that drive e-commerce adoption. In
our analysis, we demonstrate the impact of incorporating
these aspects into the model. For example, we find that
ignoring the growth in e-commerce adoption would result
in much lower inventory order quantities and sales volumes
compared with the setting where evolving adoption dynam-
ics are taken into account.

From an insights perspective, our work improves our
understanding of how dual-channel retailers should operate,
at a tactical level, in today’s dynamic demand environment.
Our main findings are as follows. First, retailers whose strat-
egy is to be in close proximity to their consumers can
exploit the consumer’s tradeoff between convenience and
product availability to expand their market coverage. This
leads to lower service levels at a tactical level. Next, even
though e-commerce marketing activities improve the
retailer’s market coverage by allowing it to capture greater
demand in settings where the store is not easily accesible to
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consumers, i.e., in large service radius, retailers should be
cautious: when the majority of the consumers are located
within close proximity to the store, e-commerce marketing
leads to consumer migration, which is not necessarily profit-
able (see Forbes, 2017b). Otherwise, the retailer’s optimal
demand-shaping policy depends on the product’s e-com-
merce adoption phase. For example, not surprisingly, our
numerical results reveal that if a product is at a mature
adoption phase, then the retailer does not need to promote
the online channel as aggressively as in the earlier adoption
phases, but needs to increase the store service levels.
Interestingly, we show that the retailer’s optimal service lev-
els vary over time, mainly due to the fact that consumers
need to predict the retailer’s current availability level using
prior information. That is, if the retailer provides the con-
sumers with accurate information on their current store
availability level, then the retailer’s optimal service levels do
not need to vary over time, even as e-commerce adoption
grows. This finding implies that by providing consumers
with perfect information on current store availability level,
the retailer enjoys an optimal service level policy that is
much easier to implement than the optimal policy in the
limited information setting.

In the following, we first present an overview of the
related literature to clarify our contributions.

2. An overview of the related literature

To our knowledge, this article is the first to incorporate the
growing e-commerce adoption in a dual-channel retailer’s
demand-shaping strategy. The related literature includes
research on dual-channel retailing, inventory-driven
demand, adaptive learning, and technology diffusion.

There is a growing body of operations management (OM)
literature on dual-channel retailing management (see Cattani
et al. (2004), Tsay and Agrawal (2004a) and Agatz et al.
(2008) for excellent reviews). A strand of research in this
area focuses on coordination issues in decentralized systems
where a manufacturer and its intermediary are engaged in
both vertical and horizontal competition through price and/
or service interactions (Chiang et al., 2003; Tsay and
Agrawal, 2004b; Boyaci, 2005; Chiang and Chhajed, 2005;
Cattani et al., 2006; Chen et al., 2008). Recently, some OM
scholars have examined the impact of new shopping trends
on dual-channel retailers’ decisions in centralized settings
(e.g., Balakrishnan et al. (2014), and Gao and Su (2016)).
Most of the aforementioned works study a dual-channel
retailer’s decisions at a strategic level, by considering single-
period models, with the assumption that all consumers are
adopters of e-commerce. Hence, neither the partial adoption
of e-commerce and its dynamic growth within society, nor
the longer-term effects of such decisions is adequately
studied. We contribute to this literature by considering a tac-
tical level, multi-period problem, which is able to capture
those endogenous effects (i.e., e-commerce marketing efforts
and store service levels) along with certain exogenous factors
(i.e., word-of-mouth effect) that drive e-commerce adoption.
Our findings show that ignoring the growth in e-commerce

adoption would lead to much lower total order quantities
and sales volumes compared with that of the setting in which
these dynamics are modeled.

In order to model the endogeneity of retailer’s store serv-
ice level decisions, we draw upon the literature on inven-
tory-driven demand; that is, research in which product
availability is used as a lever by the firm to stimulate
demand. Dana and Petruzzi (2001) extend the classic single-
period single-channel newsvendor problem by assuming that
utility-maximizing consumers choose between the product
and an outside option based on the firm’s current availabil-
ity, under both exogenous and endogenous price settings
(see Dana and Petruzzi (2001) for an extensive review of
research on inventory-driven demand.) Chen et al. (2008)
utilize a similar demand model for a dual-channel retailer
with a 100% availability in the online channel and an endog-
enous newsvendor type of setup in the store channel, similar
to the setting in this article. The modeling of demand in our
work is similar to the aforementioned works in that con-
sumers are utility-maximizers, and the resulting demand is
dependent on the retailer’s inventory availability. As
opposed to Dana and Petruzzi (2001), we replace the pricing
decision with e-commerce marketing efforts. Most impor-
tantly, we extend these works to a multi-channel multi-
period setting, which allows us to show that similar service
level findings apply when: (i) a high service level in one
channel (store) stimulates the channel’s own demand, while
reducing the demand for the other channel (online), whose
adoption level increases over time and is also impacted by
the retailer’s decisions; (ii) consumers switch between chan-
nels in case of a stock-out; and (iii) consumers learn
over time.

The adaptive learning paradigm is commonly used to
model reference effects of retailer’s prior decisions on con-
sumer decision-making in a multi-period setting. The adap-
tive learning phenomenon assumes that consumers do not
always treat the most recently revealed information as a per-
fectly reliable reference; rather, they adjust to this new infor-
mation gradually by merging it with past experience to
update their beliefs (Liu and van Ryzin, 2011). It is common
to model this type of learning through exponential smooth-
ing in multi-period settings (Akerman, 1957; Monroe, 1973;
Sterman, 1989; Popescu and Wu, 2007; Wu et al., 2015). In
particular, similar to Liu and van Ryzin (2011), we model
consumers’ prediction of the retailer’s current product avail-
ability level as an exponential smoothed average of the prod-
uct availability level in the previous period and consumers’
prior estimate. A fundamental difference between this work
and our research is that although high availability stimulates
demand in our model by providing consumers with a higher
assurance of availability, in the setting studied by Liu and
van Ryzin (2011) the effect is the exact opposite: expectation
of high availability during the sale season discourages con-
sumers from buying during the regular season at full price.
From that perspective, our work differs from Liu and van
Ryzin (2011), as there is no strategic “wait and decide” com-
ponent. That is, all consumers make their purchasing deci-
sion under the uncertainty that the product may be out of
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stock at the store. The dual-channel retailing aspect of our
work is also new within this stream of literature, and it
allows us to study the impact of consumer learning on the
demand split across channels.

We draw upon the literature on diffusion of innovations
(Rogers, 1962) to model the penetration of e-commerce
adoption within society. Diffusion models study the penetra-
tion of new technology, products, and services (e.g., e-com-
merce) within society over time (Sterman, 2000). In
particular, the Bass diffusion model represents this phenom-
enon mathematically in a stylistic manner as a function of
interactions among current adopters and non-adopters in
the form of word of mouth, and external factors such as
marketing efforts (Bass, 1969; Mahajan et al., 1995; Dodson,
2014). From that perspective, the papers that are most rele-
vant to our research include Lewis and Long (2009), which
uses the Bass diffusion model to forecast e-commerce sales
of a retailer, and Barabba et al. (2002), which utilizes a dif-
fusion model in conjunction with a logit choice model to
study the “awareness generation” among consumers for a
new service and the actual number of consumers who buy
the new service given that they are aware of it. However, as
opposed to our work, these studies solely concentrate on the
forecasting aspect or use simulation studies to examine
high-level strategic decisions of the firm, such as deciding
between an incremental versus an aggressive market-
ing strategy.

3. The demand model

3.1. Overview and assumptions

We consider a dual-channel retailer that serves a “population”
of consumers within a given store service radius k. In each
time period, the product is demanded by a random subset of
the population, i.e., “market size” or “total demand,”
M�U½0; b�. Consumers are brand- and product-sure, inter-
ested in buying at most one unit of the product, and have a
homogenous valuation, v, of the product. Heterogeneity in the
consumer base is captured in three dimensions: travel distance
to the store (variable R�U½0; k�), unwillingness to wait for
online delivery (variable D�U½0; 1�), and adoption status of
the online channel at time t (Bernoulli variable Xt). Similar to
Cattani et al. (2006), Chen et al. (2008), and Yoo and Lee
(2011), the distributions of random variables R and D are
assumed to be independent and static across time. From a
demand modeling perspective, we contribute to the literature by
incorporating the e-commerce adoption status into consumer
choice. We do this through the introduction of random variable
Xt, which evolves over time and leads to two groups of consum-
ers in each time period t: consumers who consider the online
option for purchasing the product (i.e., adopters, with Xt¼ 1)
and consumers who do not (i.e., non-adopters, with Xt¼ 0).

We assume that the retailer can influence the proportion
of the adopters within the population (PrðXt ¼ 1Þ) through
the level of her e-commerce marketing efforts x. That is, in
addition to the exogenous factors that may play a role in e-
commerce adoption, such as the word-of-mouth effect, the
retailer can also endogenously influence the adoption level

within the population at time t through e-commerce mar-
keting efforts x (FtðxÞ � PrðXt ¼ 1Þ). This approach is in
line with the literature on diffusion of innovations. In par-
ticular, we use the Bass diffusion model to represent, for a
certain product, the penetration of e-commerce adoption
within the population through imitation via word of mouth;
and innovation through the retailer’s marketing efforts
(Bass, 1969; Sterman, 2000). In our context, penetration, for
a certain product, refers to the adoption of the “idea/option
of buying online.” However, individual consumers still make
rational choices on whether or not to purchase the item and
through which channel (store or online) so as to maximize
their utility. Hence, our demand model integrates the diffu-
sion model with a consumer choice model to represent the
demand generation process across channels over time. That
is, two processes happen simultaneously in our demand
model: (i) adoption of the idea of acquiring the item
through the online channel penetrates within the population
over time through retailer’s marketing efforts, which is
determined endogenously, and word of mouth, which is
exogenous; and (ii) individual (heterogeneous) consumers
choose between channels based on their own characteristics
and inventory availability (see Figure 1).

We assume that the online channel has 100% inventory
availability, whereas the store setting is similar to a newsven-
dor setting: the retailer decides on the store inventory level
before the random demand is realized. (This simplifying
assumption preserves the essential aspects of the problem,
and is in line with the literature and industry practices; see
Appendix C.) In this setting, both consumer types make
their purchasing and channel decisions so as to maximize
their utility considering the predicted store inventory avail-
ability, as stock-outs are costly for consumers. That is, while
non-adopters (Xt¼ 0) choose between the store and the no
purchase option, adopters (Xt¼ 1) also include the online
option in their choice set. Furthermore, consumers engage
in availability-based channel substitution. That is, among the
store-bound consumers who face a stock-out at the store,
those who also derive a positive utility from the online
channel switch to the online channel (see Figure 1).

Next, we present the consumers’ channel choice process.
Throughout, we represent random variables in upper-case
letters and their realization in lower-case letters. We also use
indices o, s, and n to denote the online channel, store chan-
nel, and no purchase option, respectively.

3.2. Consumer choice

Let p denote the price of the item in both channels (v> p),
and l the online delivery lead time. Then, a consumer with
index pair (d, r) derives the following utilities from the
online and store channels:

Uo;t d; rð Þ ¼ v�p�dl; if Xt ¼ 1
undefined; otherwise

; and

�

Us;t d; rð Þ ¼ v�p�r; with probability nt
�r; otherwise

;

�
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where nt is the consumers’ predicted store availability level,
which is a function of the retailer’s store service levels as
detailed in Section 3.3. We assume, without loss of general-
ity, that consumers derive zero utility from the no purchase
option. Then, given the uncertainty on product availability
at the store, the consumer’s expected utility for the store
channel in period t can be written as:

E Us;t d; rð Þ� � ¼ nt v�pð Þ�r:

Our consumer choice model is similar to other works in the
OM literature that focus on dual-channel retailing, e.g., Cattani
et al. (2006), Chen et al. (2008), and Gao and Su (2016). We
extend these works by introducing variable Xt, which allows us
to model the proportion of e-commerce adopters by time t.
The proposed model is also in line with the economic theory of
consumer choice, and incorporates the impact of channel-spe-
cific hassle costs in both purchasing and channel choice deci-
sions (McFadden, 1973; Tirole, 1988). Observe that consumer
choice, hence, demand, is driven endogenously by both the
product availability level at the store (at), and the retailer’s e-
commerce marketing efforts (x). Although the former directly
impacts the consumer’s predicted availability level nt, the latter
determines the proportion of e-commerce adopters (i.e.,
PrðXt ¼ 1Þ ¼ FtðxÞ). Consequently, this model allows us to
investigate how the interplay between the retailer’s store service
levels and e-commerce marketing efforts impacts the retailer’s
demand shaping capability.

3.3. Demand shaping

As explained in Section 3.1, the retailer observes a randommar-
ket size, i.e., total demand, M�U½0; b�, in each period; that is,
the probability distribution of the market size is exogenous and

identical across the different time periods. In other words,
although the market size in each period is exogenous, the split of
the total demand across channels (and the no purchase option)
in each period is determined endogenously. This assumption
implies that the existence of an online channel does not grow
the overall market but only serves to split the existing market.
(These assumptions are common in practice, and are in line
with the literature; see Appendix C.)

We first introduce the following events:
Events:
Bi;t : Event that a random consumer obtains the highest

utility from option i 2 fs; o; ng in period t, for t ¼ 1; :::;T;
e.g., ðBo;tjXt ¼ 1Þ ¼ fUo;tðd; rÞ > maxðE½Us;tðd; rÞ�; 0Þg.

Bc;t : Event that a random consumer obtains the highest
utility from the store channel and also derives a positive
utility from the online channel in period t, for t ¼ 1; :::;T;
i.e., ðBc;tjXt ¼ 1Þ ¼ fE½Us;tðd; rÞ� > Uo;tðd; rÞ > 0g.

Then, for a random market size of M�U½0; b� with prob-
ability distribution function fMð�Þ; we can express the ran-
dom demand volumes across channels (Zo;t;Zs;t), and the
number of consumers who choose to not buy the item (Zn;t)
in period t as follows:

Zi;t � MIi;t x; ntð Þ; for i 2 s; nf g; and

Zo;t � MI1o;t x; ntð Þ þ I2o;t x; ntð Þ
Is;t x; ntð Þ Zs;t�qs;t½ �þ;

where;
Ii;t x; ntð Þ �

X
x2 0;1f g

Pr Bi;tjXt ¼ x
� �

Pr Xt ¼ xð Þ; for i 2 s; nf g;

I1o;t x; ntð Þ � Pr Bo;tjXt ¼ 1
� �

Pr Xt ¼ 1ð Þ;
I2o;t x; ntð Þ � Pr Bc;tjXt ¼ 1

� �
Pr Xt ¼ 1ð Þ; (1)

Figure 1. Overview of the integrated demand model.
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and qs,t denotes the retailer’s order quantity for the store
channel in period t.

In line with the Bass model (1969), the proportion of the
total demand which will have adopted the e-commerce
option by time t (PrðXt ¼ 1Þ) is given by the cumulative dis-
tribution function:

Pr Xt ¼ 1ð Þ ¼ Ft xð Þ ¼ 1�e� xþað Þt

1þ a
x e

� xþað Þt ; (2)

where parameter x (coefficient of innovation), which we
endogenize in our model, signifies the level of the retailer’s
e-commerce marketing efforts, and parameter a (coefficient
of imitation) can be interpreted as the word-of-mouth
effect on e-commerce adoption. An analogous model
applies in discrete-time settings, such as the setting consid-
ered in this article, where the adoption rate can be discre-
tized as FtðxÞ ¼ Ft�1ðxÞ þ ftðxÞ; for t � T, with ftðxÞ
representing the proportion of new adopters in time t, i.e.,
the probability mass function (Bass, 1969). In practice,
parameter a depends on the product and the societal struc-
ture (Levin et al., 2005; Kacen et al., 2013), and can be esti-
mated using maximum likelihood or regression analysis if
preliminary data are available (Bass, 1969), or by evaluating
data from similar products otherwise (e.g., data on mail
orders or tele-marketing could be used for e-commerce)
(Dodson, 2014). On the other hand, the retailer may have
some control over the marketing parameter, x, which we
endogenize in our model. (Refer to Appendix C for a dis-
cussion on other factors that may impact the diffusion of
e-commerce adoption.)

In this setting, for a given set of x and nt, the random
store demand (Zs;t ¼ MIs;tðx; ntÞ) consists of consumers
(both adopters and non-adopters) who obtain the highest
utility from the store channel. We do not consider inven-
tory carry over and backlogging costs in order to be able to
analyze the retailer’s optimal marketing efforts and service
level decisions at a tactical level. Then, if the store demand
does not exceed the order quantity (Zs;t � qs;t), the retailer
fully satisfies the store demand and ends up with inventory
that is discarded with zero salvage value at the end of
period t. Otherwise, among those consumers who face a
stock-out upon their visit to the store, ½Zs;t�qs;t�þ, a pro-
portion

I2o;t x; ntð Þ
Is;t x; ntð Þ

 !

switches to the online channel, as they also derive a positive
utility from the online channel. Therefore, the random demand
in the online channel consists of: (i) consumers who derive the
highest utility from the online channel (MI1o;tðx; ntÞ); and (ii)
store-bound consumers who switch to the online channel due
to availability-based channel substitution

I2o;t x; ntð Þ
Is;t x; ntð Þ Zs;t�qs;t½ �þ

 !
;

see Figure 1.
Both type 1 and type 2 service levels, detailed below, are

relevant for the retailer’s demand-shaping decisions (see
Dana (2001), Chen et al. (2008), and Su and Zhang (2009)
for a discussion of using type 2 service levels to model the
endogenous inventory-driven demand in similar settings):

1. Type 1 service level, which we refer to as the “store
service level,” defined as

at � Pr Zs;t � qs;tð Þ ¼ Pr M � qs;t
Is;t x; ntð Þ

� �
:

Since M�U½0; b�, the order quantity for the store chan-
nel follows:

qs;t ¼ at bIs;t x; ntð Þ: (3)

Similarly, considering 100% type 1 online service level and
incorporating availability-based channel substitution, the
retailer’s order quantity for the online channel, qo;t , follows:

qo;t ¼ bI1o;t x; ntð Þ þ 1�atð ÞbI2o;t x; ntð Þ: (4)

2. Type 2 service level, which we refer to as the “actual
store availability level,” follows:
b atð Þ � Pr a random consumer finds the item at the storeð Þ

¼ E Pr a random consumer finds the item at the storejZs;t
� �� �

¼
ðbat
0

1fM mð Þdmþ
ðb
bat

qs;t
zs;t

fM mð Þdm

¼
ðbat
0

1
1
b
dmþ

ðb
bat

bat
m

1
b
dm

) b atð Þ ¼ at 1�ln atð Þ� �
:

In the absence of perfect information on the current store
availability level, we model the consumers’ prediction

Figure 2. Market segmentation for (a) e-commerce non-adopters, and (b) e-commerce adopters for the case where THd;t<1 and THr;t<k.
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process using exponential smoothing. That is, at the begin-
ning of each period t, consumers update their predicted
store availability level using the realized availability level in
period t�1, which is obtained through word of mouth,
social media, etc. (Bernstein and Federgruen, 2004):

nt ¼ kb at�1ð Þ þ 1�kð Þnt�1; for k 2 0; 1ð � and

t ¼ 2; :::;T;with n1 ¼ b a0ð Þ:
Our modeling of the consumers’ prediction process is in

line with experimental and empirical evidence, which suggests
that consumers do not treat the most recent information as
perfectly reliable; rather, they adjust to the new information
gradually by merging it with past experience (Liu and van
Ryzin, 2011). In that context, k represents the rate with which
consumers adjust to this new information. Our learning model
implies that consumers are homogeneous in their learning
speed, as well as in their predicted store availability. This is not
an unreasonable assumption, as today’s consumers can easily
share information with each other through word of mouth,
social media, etc. to gather information about the past avail-
ability levels in order to form a common prediction of the cur-
rent availability level (bt) of the company (Bernstein and
Federgruen, 2004). These assumptions are commonly used in
the literature that utilizes adaptive learning, see Section 2.
(Please refer to Appendix C for a detailed explanation.)

3.4. Market segmentation

We characterize the retailer’s market segmentation in terms
of exogenous parameters k, store service radius, and l, deliv-
ery time, which determine the business setting that the
retailer operates in (see Appendix C for a discussion on the
retailer’s business setting). Let,

THr;t�min r :E Us;t d;rð Þ� � ¼ 0
	 


;k
	 
¼min nt v�pð Þ;k	 


;

THd;t�min d :Uo;t d;rð Þ ¼ 0
	 


;1
	 
¼min

v�p
l

;1

� �
;

THl;t� d;rð Þ :E Us;t d;rð Þ� � ¼ Uo;t d;rð Þ	 


¼ d;rð Þ :d¼ 1�ntð Þ v�pð Þ
l

þ1
l
r

� �
: (5)

Then, consumers (both e-commerce adopters and non-
adopters) whose travel distance to the store is less than THr;t

(i.e., r<THr;t) derive a positive utility from the store.
Similarly, e-commerce adopters whose unwillingness to wait
for the online delivery of an item is less than THd;t (i.e.,
d<THd;t) derive a positive utility from the online channel. On
the other hand, THl;t represents the set of e-commerce adopt-
ers who are indifferent between the store and online channels.

Figure 2(a) and (b) illustrate the market segmentation
for e-commerce non-adopters and adopters for the case
where THd;t<1 and THr;t<k. In this case, a portion of the
consumers choose the store channel, given by events
Bs;tjXt ¼ 0 (for non-adopters) and Bs;tjXt ¼ 1 (for adopt-
ers). Furthermore, for adopters, the store-bound consum-
ers who also receive a positive utility from the online

channel (Bc;tjXt ¼ 1) switch to the online channel if they
face a stock-out at the store. Consumers who choose the
online channel (Bo;tjXt ¼ 1) consist of store-bound con-
sumers switching to the online channel when they adopt
e-commerce (the gridded region to the left of threshold
THr;t) and consumers captured by the online option who
would, otherwise, opt not to purchase the item (the
gridded region to the right of threshold THr;t). Hence, the
online channel expands the retailer’s market coverage by
reducing the volume of “choice-based lost demand,” i.e.,
consumers who choose not to purchase the item through
either channel (Bn;tjXt ¼ 0 [ Bn;tjXt ¼ 1). (We refer the
reader to Equation (1) for a general formulation of the
demand volumes across channels as a function the afore-
mentioned events, which form the basis for the demand
split across channels. We provide the analytical expres-
sions for the respective proportions in Table 1.) This
result is in line with the findings of Deloitte (2017), which
states that for retailers “that have direct to consumer
channels (i.e., an existing retail location) digital platforms
can not only complement the existing channel strategy,
but also broaden the markets.” Hence, by enabling
retailers to expand their consumer reach, online channels
may allow retailers to capture greater number of consum-
ers and increase revenues. This partially explains why
retailers, such as Walmart, Target, and Kohl’s, have strate-
gically turned to multiple channels in the past.

Lemma 1. If THr;t<k () nt<W � k=v�p, then the online
channel expands the retailer’s market coverage by reducing
the volume of choice-based lost demand in period t.
Otherwise, there is no choice-based lost demand in period t,
i.e., ðBn;tjXt ¼ 0 [ Bn;tjXt ¼ 1Þ ¼ ;.

Lemma 1 suggests that for any product (defined by
parameters v and p), there exists a threshold for nt, i.e., the
availability level that allows the retailer to capture the entire
market demand within the store service radius, k. In partic-
ular, the retailer incurs no choice-based lost demand if
nt>W. This finding is in line with empirical evidence that
consumers are willing to travel further if certain stock avail-
ability (and/or price, which is exogenous in our model) is
assured. As Grewal et al. (2012) emphasize, this has an
important implication: retailers located farther away from
consumers need to ensure greater product availability in
order to lure consumers to the store.

Lemma 2 fully characterizes the demand split across chan-
nels and the volume of choice-based lost demand for any given
x and nt; see Equation (1). Not surprisingly, the demand split
depends on: (i) the retailer’s tactical decisions, including store
service levels (at, through dependence on nt), and e-commerce
marketing efforts (x); (ii) the retailer’s business setting (k and
l); (iii) product characteristics (v and p), and (iv) word-of-
mouth effect. However, Lemma 2 also indicates that the
retailer’s demand is piece-wise non-linear, which leads to a dif-
ficult optimization problem, as discussed in Section 4.

Lemma 2. Ii;tðx; ntÞ; i 2 fs; ng, and Iyo;tðx; ntÞ; y 2 f1; 2g, are
(i) piece-wise continuous in nt 2 ð0; 1�, and (ii) continuous
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and differentiable in x>0, and can be fully characterized as
in Table 1.

4. The retailer’s optimization problem

In this section we study the retailer’s optimal demand
shaping policy through e-commerce marketing efforts, x�,
and store service levels over the planning horizon,
~a� ¼ ða�1; a�2; :::; a�TÞ, in the presence of evolving adoption
of e-commerce. We do this by explicitly considering the
reference effects of such decisions within a multi-
period setting.

Let CF � ðpþ s�cÞ=ðpþ sÞ, where p is the unit sales
price, c is the retailer’s unit purchasing cost, and s is the
unit lost sales cost, with s< c< p. That is, CF represents
the “critical fractile” for the single-period newsvendor
problem with exogenous demand. For analytical tractabil-
ity, in the remainder of this article we restrict ourselves to
the case where the initial service level equals critical frac-
tile (a0 ¼ CF), and assume that CF> 0.547 (under this
condition, the first-order optimality conditions become
sufficient). This condition is satisfied for a variety of prod-
uct categories such as fashion items, electronics, and
home goods, as demonstrated in the numerical study of
Section 6.

The retailer incurs a cost for its e-commerce marketing
efforts. To improve presentation, we express the cumula-
tive cost of marketing over the planning horizon by GðxÞ,
which is convex increasing in the marketing effectiveness,
x. This is in line with the literature, e.g., “as with all
inputs used in the production process, the marginal effec-
tiveness of advertising diminishes as more and more is
spent on advertising. Thus, advertising is subject to dimin-
ishing marginal returns.” (Mukherjee, 2002). Then, given
the retailer’s marketing efforts, its expected profit function
in period t, E½ptðx; at; ntÞ�, comprised of the expected sales
revenue less the purchasing cost and the lost sales cost, is
as follows:

E pt x;at;ntð Þ½ �¼ p E Zo;t½ �þE min qs;t;Zs;tð Þ½ �ð Þ�c qs;tþqo;tð Þ

�s
Is;t x;ntð Þ�I2o;t x;ntð Þ

Is;t x;ntð Þ

 !
E Zs;t�qs;tð Þþ
� �"

þE Zn;t½ �
#
: (6)

Substituting Equations (1) to (4) in Equation (6), the
retailer’s optimization problem reduces to the following
form (see the Appendix for derivations):

maximize
~0<~a �~1
0<x

E P x;~að Þ½ � ¼ �G xð Þ þ
XT
t¼1

E pt x; at; ntð Þ½ �

¼ �G xð Þ þ b
XT
t¼1

I1o;t x; ntð Þ þ I2o;t x; ntð Þ
h i pþ s

2
� c

� �

þ Is;t x; ntð Þ�I2o;t x; ntð Þ
h i

pþ s�cð Þat� pþ sð Þ a
2
t

2

� 
� s
2

�
:

(7)

The retailer’s objective function is non-linear, non-sep-
arable in ~a, and not necessarily well-behaved, as we show
in Section 4.1. Consequently, in what follows, we study
the structural properties of this problem. In particular,
we first derive, in Section 4.1, the optimal service levels
for a given marketing strategy, ~a�ðxÞ. Then, in Section
4.2, we study the behavior of the objective function,
E½Pðx;~a�ðxÞÞ�, in x. This analysis leads to an efficient
two-stage algorithm that provides the optimal solution to
Equation (7). (See Appendix C for a discussion on the
cost structure of the problem.)

4.1. The retailer’s optimal store service levels (stage
2 problem)

The following lemma exploits the structure of the retailer’s
expected profit function for a given x.

Table 1. Proportion of demand across channels as a function of x and nt

THd;t ¼ 1 () l 2 ð0; v�p� THd;t < 1 () l 2 ðv � p;1Þ
THr;t<k () nt<W

I1o;t ¼
FtðxÞ; ifnt � 1� 1

B

½1� 1
2BW

½1�ð1�ntÞB�2�FtðxÞ; otherwise

8>>>><
>>>>:

I1o;t ¼ ½1� n2t
2W�BFtðxÞ

I2o;t ¼ FtðxÞ�I1o;t I2o;t ¼ BFtðxÞ�I1o;t
Is;t ¼ FtðxÞ�I1o;t þ nt

W ð1�FtðxÞÞ Is;t ¼ nt
W ½1� ð2�ntÞB

2 FtðxÞ�
In;t ¼ 1�I1o;t�Is;t In;t ¼ 1�I1o;t�Is;t

THr;t ¼ k () nt 	 W

I1o;t ¼

FtðxÞ; ifnt � 1� 1
B

½1� 1
2BW

½1�ð1�ntÞB�2�FtðxÞ; if 1� 1
B
<nt � 1þW� 1

B

½ð1�ntÞ þ
W
2
�BFtðxÞ; otherwise

8>>>>>>>>><
>>>>>>>>>:

I1o;t ¼ ½ð1�ntÞ þ W
2 �BFtðxÞ

I2o;t ¼ FtðxÞ�I1o;t I2o;t ¼ BFtðxÞ�I1o;t
Is;t ¼ 1�I1o;t Is;t ¼ 1�I1o;t
In;t ¼ 0 In;t ¼ 0

where W � k=ðv�pÞ and B � ðv�pÞ=l
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Lemma 3. For any given x>0;E½Pðx;~aÞ� is continuous, and
(i) increasing in ~a for ~0<~a<CF �~1, and (ii) jointly concave
in ~a for CF �~1 �~a �~1. Furthermore, for any
k 2 ð0; 1�; a�t ðxÞ 2 ½CF; 1Þ; t ¼ 1; :::;T�1, and a�T ¼ CF.

Remark 1. For the special case where k¼ 0, a�t ðxÞ ¼ a� ¼
CF; t ¼ 1; :::;T; for any x>0.

Lemma 3 indicates that demand endogeneity forces the
optimal store service levels to be at least as high as the crit-
ical fractile. This intuitive finding is in line with, and
extends upon, the results in the existing literature on inven-
tory-driven demand in the single-channel single-period set-
ting; see Dana and Petruzzi (2001) and the references
therein. Specifically, we show that such findings apply in a
dynamic multi-channel multi-period setting in which: (i) a
high service level in one channel (store) stimulates the
channel’s own demand, while reducing the demand for the
other channel (online), whose adoption level increases over
time and is also impacted by the retailer’s decisions; (ii) con-
sumers switch between channels in the case of a stock-out;
and (iii) consumers learn over time. Indeed, as Remark 1
indicates, when there is no consumer learning (i.e., k¼ 0),
there is no dependence among the periods through store
service levels and the problem reduces to the single-period
newsvendor problem with exogenous demand, whose solu-
tion is given by CF.

In order to answer the research questions posed in
Section 1, we next explore several structural properties of
the retailer’s optimal service levels.

Theorem 1. For a given x>0 and a�T ¼ CF, there exists a
unique vector ða001ðxÞ; :::; a00T�1ðxÞÞ such that the optimal sol-
ution ða�1ðxÞ; :::; a�T�1ðxÞÞ has the following structure:

where

W ¼ k
v� p

; a0001 ¼ a : b að Þ ¼ W� 1�kð Þb a0ð Þ
k

� �

and a000t ¼ fa : bðaÞ ¼ Wg, for t ¼ 2; :::;T, and
n00t ðxÞ � kbða00t�1ðxÞÞ þ ð1�kÞn00t�1ðxÞ, for k 2 ð0; 1� and t ¼
2; :::;T; with n001 ¼ bða0Þ:

Theorem 1 fully characterizes the retailer’s optimal serv-
ice levels for a given x, and shows that they follow a thresh-
old policy that is tailored to the retailer’s business setting (k)
and product characteristics (v and p). Specifically, if W is
sufficiently small, i.e., W<bðCFÞ, then the retailer does not

need to increase its store service levels beyond the critical
fractile, as this policy enables the retailer to capture the
entire market through the store channel, due to the suffi-
ciently small service radius; see Lemma 1. Otherwise, the
retailer increases its store service levels beyond the critical
fractile. In particular, for relatively small W, i.e.

b CFð Þ � W< min
t2 2;:::;T½ �

n00t xð Þ	 

;

higher service levels, i.e., ða0001; :::; a000T�1Þ, allow the retailer
to capture the entire market. However, higher service levels
come at a cost. Therefore, for larger W, i.e., larger service
radius, there is no benefit in increasing the service levels
beyond a threshold ða001ðxÞ; :::; a00T�1ðxÞÞ, and some choice-
based lost demand becomes inevitable. (We provide an
example to demonstrate the retailer’s optimal service levels
as a function of k in Appendix D.) These findings may par-
tially explain why many retailers such as Kohl’s and Target
strive to “get closer to the customer” as a strategic move.
For example, by introducing new stores, Kohl’s is able to
expand its market reach beyond the traditional “suburban
customer base” (Higgins, 2015). At a tactical level, this ena-
bles the retailer to exploit the consumer tradeoff between
convenience and product availability (Grewal et al., 2012)
and lower its service levels. Similarly, Target has announced
that it will open 35 new stores in high-traffic urban areas
and college campuses in 2018, with 12 suburban stores being
closed in the same period (DeBaun, 2017). Such a strategy
may naturally lead to changes in the market size, due to the
adjustments in service radii, an aspect which is not explicitly
captured in our model.

Observe that although the retailer’s optimal service levels
for sufficiently small W are independent of the e-commerce
marketing efforts (equivalently, e-commerce adoption level)

and equal to CF, the growing e-commerce adoption does
lead to changes in the optimal order quantity for each chan-
nel (q�i;t; i 2 fo; sg), as highlighted in Theorem 2.

Theorem 2. For each time period t ¼ 1; :::;T; q�s;tðxÞ is
decreasing, q�o;tðxÞ is increasing, and q�s;tðxÞ þ q�o;tðxÞ, is
increasing in x when W<bðCFÞ.

As e-commerce adoption grows, more people consider
the online channel in their choice set. Although a portion of
the additional online demand is due to those consumers,
who would have constituted lost demand in the absence of
an alternative channel, another portion is due to consumer

a�1 xð Þ; :::; a�T�1 xð Þ� �

¼
CF; :::;CFð Þ; if W<b CFð Þ
a0001 ; :::; a

000
T�1

� �
; if b CFð Þ � W<mint2 2;:::;T½ � n00t xð Þ	 


a1; :::; aT�1ð Þ : a000t � at � a00t xð Þ; 8 t ¼ 1; :::;T�1
	 


; if mint2 2;:::;T½ � n00t xð Þ	 
 � W<maxt2 2;:::;T½ � n00t xð Þ	 

a001 xð Þ; :::; a00T�1 xð Þ� �

; if W 	 maxt2 2;:::;T½ � n00t xð Þ	 

;

8>>><
>>>:
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migration from the store channel. Hence, the order quantity
in the store (online) channel decreases (increases), while a
net increase in the total order quantity prevails. This result
is consistent with industry findings that a significant portion
of the sales growth for multi-channel retailers comes from
e-commerce (Business Insider, 2017). This has implications
for retailers’ strategic decisions such as network design,
warehousing, etc. In the next section, we study the retailer’s
optimal marketing decision.

4.2. The retailer’s optimal marketing effort (stage
1 problem)

The following lemma characterizes the retailer’s expected
profit function with respect to x.

Lemma 4. E½ptðx; at; ntÞ�; t ¼ 1; :::;T, is continuous in
x. Further:

1. For nt<W;E½ptðx; at; ntÞ�, for t ¼ 1; :::;T, is strictly
decreasing in x when at satisfies

pþ s
2

�c� nt
W

ðpþ s� cÞat þ ðpþ sÞ a
2
t

2

� 
� 0;

and
2. For nt 	 W;E½ptðx; at; ntÞ�, for t ¼ 1; :::;T, is strictly

decreasing in x when at satisfies
pþ s
2

�c� ðpþ s� cÞat þ ðpþ sÞ a
2
t

2

� 
� 0:

Theorem 1 and Lemma 4 not only allow us to develop
an effective two-stage algorithm to determine the retailer’s
optimal solution, but also enable us to indicate the settings
in which it is not profitable for the retailer to invest in
e-commerce marketing to further increase online demand.

Theorem 3. When W<bðCFÞ;E½ptðx; a�t ðxÞ; n�t ðxÞÞ�;
t ¼ 1; :::;T, is strictly decreasing in x.

Thus, if the retailer’s optimal service level strategy allows
her to capture the entire market through the store channel
(i.e., W<bðCFÞ), that is, no choice-based lost demand is
incurred, then it is optimal to serve all consumers through
the store channel only. Marketing for a competing online
channel in this setting results in lower profits due to con-
sumer migration. Hence, if the retailer opens an online
channel as a strategic necessity, then e-commerce marketing
efforts should be at a minimal level, i.e., x� goes to zero. In
other cases, however, i.e., when the retailer cannot capture
the entire market through the store channel only, the online
channel becomes a complementary and profitable option.
Therefore, in such settings, it is paramount that the retailer
leverages its decision levers in order to attain the maximum
profit. This result can be partially explained by industry
findings that retailers that take pride in their close proximity
to consumers, such as Walmart, Pier 1, and Michaels, are
also the ones that are “criticized for their slowness to
embrace digital shopping” (Forbes, 2017b). According to
Forbes (2017b), “more and more retailers are increasing
their investment in online shopping and cross-channel

integration only to experience a migration of sales from the
store channel to e-commerce, frequently at lower profit.”

5. Impact of perfect information

In this section, we study the impact of information-sharing
strategies retailers can adopt in order to improve consumers’
experience at the store. In particular, we study the setting in
which the retailer shares with the consumers its store service
level in the current period, i.e., nt ¼ bðatÞ. Then, consumers
no longer need to predict the current store availability level.
This can be achieved, to some extent, through mechanisms
such as providing store service level information on the
retailer’s website, mobile application, catalogs. This type of
information sharing may incur some cost, which depends
on the specific setting. We ignore this cost in our analysis,
but it can easily be considered in the model. Our goal is to
gain insight into the impact of this type of information shar-
ing, which helps eliminate the consumers’ dependence on
the partial information provided by other consumers in a
multi-period setting. In theory, this approach is similar to
the rational expectations paradigm, which suggests that con-
sumers have correct beliefs on the retailer’s inventory deci-
sions, and the retailer makes its decisions based on the
correct beliefs of consumers’ purchasing response. As Wu
et al. (2015) state, rational expectations paradigm is nor-
mally adopted in single-period settings in which reference
effects cannot be incorporated. By providing consumers with
full/perfect information on availability, the rational expecta-
tions paradigm assumes that the retailer can optimize its
inventory decisions, which would be accurately anticipated
by the consumers.

We first present the structure of the retailer’s optimal sol-
ution for the perfect information setting, which we denote
by the superscript P.

Lemma 5. For a given x>0; E½PPðx;~aÞ� is continuous, and
(i) increasing in ~a for ~0<~a<CF �~1, and (ii) jointly concave
in ~a for CF �~1 �~a �~1. Furthermore, a�Pt ðxÞ ¼
a�P 2 ½CF; 1Þ, for t ¼ 1; :::;T.

Interestingly, the optimal store service levels in the perfect
information setting become identical over time, i.e., independ-
ent of the consumers’ e-commerce adoption level. This sur-
prising finding highlights that the retailer’s store service levels
vary over time, mainly due to the fact that consumers need to
predict them using past information, which may not accu-
rately reflect the current availability level. From a technical
perspective, this finding has an important implication: by pro-
viding consumers with availability information, the retailer
reduces its optimization efforts, as it needs to solve the Stage 2
(service level) optimization problem only once regardless of
the length of the planning horizon or e-commerce adoption
level of the product. More importantly, from a practical per-
spective, this finding implies that by providing consumers
with accurate information on the current store availability
level, the retailer enjoys an optimal service level policy that is
much easier to implement than that in the limited informa-
tion (i.e., adaptive learning) setting.
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The reasoning for this rather counter-intuitive finding is
as follows. For a given x in the perfect information model,
there is no link between the different time periods (i.e., the
profit in period t depends only on decision variable at).
That is, even though the adoption level Ft evolves through-
out the planning horizon, the formulation of the retailer’s
profit function is identical across time. Therefore, our multi-
period problem reduces to a single-period problem in a per-
fect information setting. In each period, the retailer’s objec-
tive is to set service level at in such a way that both e-
commerce adopters and non-adopters are split across chan-
nels in an optimal way. In this setting, even though Ft deter-
mines the proportion of adopters and non-adopters within
the consumer base, the channel choice decision for an
adopter (or a non-adopter) is only dependent on the service
level at (or the expected probability of obtaining the item
bðatÞ ¼ nt) in a given time period t. That is, if service levels
are kept identical over time, then the proportion of adopters
(or non-adopters) who choose a certain channel would also
be identical over time, as consumer decision-making
remains the same. Therefore, if a certain inventory availabil-
ity level provides the retailer with the highest profit in
period t, it should also provide the highest profit in all other
periods, as the split of adopters and non-adopters across
channels remains the same. Consequently, the retailer does
not need to adjust its service levels over time. Intuitively
speaking, even though the number of adopters and non-
adopters vary across time, each individual only considers the
expected probability of obtaining the item (i.e., availability
level) in their choice. Hence, as long as the retailer’s order
quantities across channels are adjusted to meet the same
availability level over time (under rising Ft), the retailer’s
single service level decision guarantees optimal demand
shaping. This finding is highlighted in Theorem 4.

Theorem 4.
1. For a given x>0, there exists a unique a0 such that the

optimal solution, a�P, has the following structure:

a�P ¼
CF; if W<bðCFÞ
a : bðaÞ ¼ W; if bðCFÞ � W<bða0Þ
a0; if W 	 bða0Þ:

8<
:

2. For each time period t ¼ 1; :::;T; q�Ps;t ðxÞ is decreasing,
q�Po;tðxÞ is increasing, and q�Ps;t ðxÞ þ q�Po;tðxÞ is increasing
in x;

3. When W<bðCFÞ;E½ptðx; a�PÞ�; t ¼ 1; :::;T, is strictly
decreasing in x.

Theorem 4 shows that the retailer’s optimal service level
strategy continues to follow a threshold policy in the perfect
information setting. More importantly, Theorem 4 states that
the optimal order quantities across channels, qi;t , for
i 2 fo; sg, should evolve over time in order to accommodate
the change in the number of e-commerce adopters. Therefore,
it is important to note that even though the optimal service
levels remain constant over time, the dynamic nature of the
problem is reflected in the time-varying (optimal) order quan-
tities across channels throughout the planning horizon.

The results in Sections 4 and 5 enable us to bound the devi-
ation between the optimal service levels in the limited versus
perfect information settings. Specifically, Theorem 5 estab-
lishes an upper bound on the absolute difference between a�P

and~a� for any problem instance characterized by CF.

Theorem 5. For any problem instance with a given CF,
we have:

1. ja�P � a�t j ¼ 0, for t ¼ 1; :::;T; if W<bðCFÞ;
2. ja�P � a�t j<UBðCFÞ�CF; for t ¼ 1; :::;T; if W 	 bðCFÞ,

where UB(CF) is an upper bound on ~a�, for a given CF, and
corresponds to the solution of the following equation with
k¼ 1 and F0 ¼ Ft; 8t ¼ 1; :::;T:

UBðCFÞ �
�
a1 :

@E½Pðx;~aÞÞ�
@a1

����
j 6¼1
aj¼CF ¼ 0

�
:

Hence, the impact of information sharing on availability
levels is especially important with sufficiently large service
radii (i.e., W 	 bðCFÞ), and for products with small CF for
which the absolute difference between a�P and ~a� may go
up to 8% (for CF¼ 0.57), see Figure 3.

6. Numerical study

In this section, we present a numerical study based on real
products to provide insight on how the retailer’s optimal
demand shaping strategy is impacted by various parameters.
We also quantify the impact of providing consumers with
information on the retailer’s current store availability level.

6.1. Data and approach

We select three product categories that are currently at dif-
ferent phases of e-commerce adoption, i.e., early, established,
and mature adoption phases. According to Egol et al.
(2012), a representative set of such product categories
includes household items, apparel, and electronics, for which
the percentage of e-commerce sales (over all retail sales) are
given by 3%, 14%, and 34%, respectively, in 2012, when the
overall e-commerce sales constituted 15.1% of the total retail
sales. We use these percentages as a proxy for the current
adoption levels (F0). According to Mahajan et al. (1995), the
parameter a for the word-of-mouth effect for monthly

Figure 3. Upper bound on the absolute difference between a�P and ~a� as a
function of CF.
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diffusion typically lies between 0.025 and 0.042. Hence, in
our numerical study, we use a ¼ 0:025; 0:034; 0:042 for the
household, apparel, and electronics items, respectively, for a
planning horizon of four periods (T¼ 4), and with a ran-
dom market size of M�U½0; 1000�. (Similar findings are
obtained for various other parameter values.)

For each product category, we choose a dual-channel
retailer (Garmin Ltd., 2015; Fossil, Inc., 2015; The Yankee
Candle Company, Inc., 2015) and an item that the corre-
sponding retailer offers online (candle, wallet, and auto navi-
gator). We determine the item’s online price, p, through the
retailer’s website, and assume that the item is offered in the
store at the same price and that its lost sale cost is zero
(s¼ 0). We then use the published gross profit margin,
ðp�cÞ=p, which equals the critical fractile for the product
when s¼ 0, for each retailer (The Wall Street Journal, 2013:
CSIMarket, Inc., 2015) to estimate the retailer’s purchasing
cost, c (see Table 2).

6.2. Results

We first use the candle example as a representative product
to demonstrate how the retailer’s optimal decisions and the
resulting profit change with various problem parameters
when W 	 bðCFÞ in Tables 3 and 4. (The findings are simi-
lar for the other products considered.) The retailer’s optimal
solution is trivial otherwise, see Theorems 1 and 3. Then,
we compare the optimal decisions for all three products in
Table 5. We consider that the e-commerce marketing cost
function is in the form, GðxÞ ¼ h � x2, with h ¼ 5000, and
assume k ¼ 15; l ¼ 10, and v ¼ pþ 5 for all products (unless
otherwise noted). Retailers may work in different business
environments, with different k and l parameters; consumers’
product valuation v can also vary across products.
Therefore, we also conduct a sensitivity analysis with respect
to k, l and v parameters, see Appendix D.

Table 3(a) and (b) shows how the retailer’s optimal solu-
tion and the resulting profit change with k. Interestingly, for
smaller values of k we observe a monotone pattern over
time, i.e., a�1>a�2>a�3>a�4, whereas for larger k, the monoto-
nicity disappears. This is because a smaller k implies that
the consumer places more (less) weight on her earlier (most
recent) experience(s), which amplifies the effect of earlier
availability levels on the retailer’s demand-shaping ability in
the later stages. As a result, when k is small (e.g., k<0:96
for the example in Table 3), the optimal service levels
decrease over time. As k grows, however, the most recent
observations start having a higher impact on the predicted
availability level in a given period. With a higher k, consum-
ers adjust to the new information faster, and this incenti-
vizes the retailer to increase its recent service levels, which
are quickly transformed into higher predicted store

availability by the consumers. This results in an overall
growth in the service levels as k increases, eventually making
a non-monotonic service level pattern possible. Since store
service levels and e-commerce marketing efforts pose a cost
tradeoff, higher service levels lead to a lower investment in
e-commerce marketing as k gets higher. However, the retailer
benefits from faster consumer learning, i.e., the expected
profit increases in k. In Appendix D, we provide a sensitivity
analysis that shows the impact of the planning horizon on
the retailer’s optimal decisions (Table 10 of Appendix D).

Table 3 shows that when consumers are provided with
accurate information on store inventory availability, both
the retailer’s optimal total order quantity, i.e.,PT

t¼1 qo;t þ qs;t , (hence, the number of consumers satisfied)
and the optimal expected profit increase compared with the
adaptive learning (limited information) setting. Furthermore,
as k increases, the optimal solution for the adaptive learning
setting approaches the perfect information setting. Hence,
sharing availability information with consumers is most ben-
eficial in settings with slow-learning consumers. Finally, the
percent loss in expected profit (D ¼ ðE½P�P�
�E½P��Þ=E½P�P�) due to not sharing the availability infor-
mation with consumers may exceed 2% (when k¼ 0), which
can be significant in the retailing industry. In Table 11 of

Table 2. Financial data for the items considered in the numerical study

Item Category Profit margin (CF) (%) List (sales) price (p) ($) Purchasing cost (c) ($) Sales margin (p – c) ($)

Auto navigator Electronics 58 129.99 54.60 75.39
Wallet Apparel 55 50.00 22.50 27.50
Candle Household 57 24.99 10.75 14.24

Table 3. Retailer’s optimal decisions and resulting expected profit for the (a)
adaptive learning, and (b) perfect information settings, with a¼ 0.025
and F0 ¼ 0:03

(a) Adaptive learning (limited information) setting with various values of k

k x� a�1 a�2 a�3 a�4 q�total E½P�� Dð%Þ
0.00 0.0570 0.570 0.570 0.570 0.570 947 4,932 2.14
0.25 0.0563 0.618 0.608 0.593 0.570 980 4,950 1.79
0.50 0.0553 0.638 0.630 0.612 0.570 1,000 4,975 1.29
0.75 0.0546 0.645 0.641 0.629 0.570 1,013 4,996 0.87
1.00 0.0542 0.646 0.644 0.645 0.570 1,021 5,010 0.60

(b) Perfect information setting

x�P a�P1 a�P2 a�P3 a�P4 q�Ptotal E½P�P�
0.0547 0.645 0.645 0.645 0.645 1,054 5,040

Table 4. Retailer’s optimal decisions and resulting expected profit under (a)
various values of current adoption level, and (b) various values of word-of-
mouth effect, with k ¼ 0:5

(a) Under various values of F0 (a¼ 0.025)

F0 x� a�1 a�2 a�3 a�4 q�total E½P��
0.03 0.0553 0.638 0.630 0.612 0.570 1,000 4,975
0.33 0.0389 0.639 0.630 0.613 0.570 1,402 5,269
0.63 0.0219 0.640 0.631 0.613 0.570 1,822 5,565
0.93 0.0042 0.640 0.631 0.613 0.570 2,265 5,863

(b) Under various values of a (F0 ¼ 0:03)

a x� a�1 a�2 a�3 a�4 q�total E½P��
0.025 0.0553 0.638 0.630 0.612 0.570 1,000 4,975
0.525 0.0673 0.634 0.625 0.610 0.570 1,311 5,145
1.025 0.0583 0.628 0.621 0.608 0.570 1,599 5,355
1.525 0.0445 0.624 0.620 0.610 0.570 1,800 5,515
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Appendix D, we present the values of some intermediary
variables, e.g., the expected sales quantities across channels,
at the optimal solutions provided in Table 3. Our findings
show that both the store and the online sales exhibit
dynamic change in volume across time, with store sales
always exceeding the online sales volumes. Furthermore, our
results show that the majority of the online sales can be
attributed to additional sales due to market expansion.

Not surprisingly, the product’s current e-commerce adop-
tion level has a large impact on the retailer’s optimal policy.
For a given k (k ¼ 0:5), Table 4(a) and (b) illustrates that as
the initial adoption level increases, the retailer’s e-commerce
marketing efforts decrease as expected, and the retailer can
afford to increase its store service levels. Furthermore, as the
dual-channel option becomes available to more consumers,
the retailer satisfies a higher demand (due to a decrease in
choice-based lost demand), and the retailer’s expected
profit increases.

Interestingly, an increase in the word-of-mouth effect (a),
which stimulates e-commerce adoption, leads to a non-mon-
otone pattern in the retailer’s e-commerce marketing effort,
as shown in Table 4(b). In particular, for sufficiently small
(large) values of a, the retailer’s optimal marketing effort
increases (decreases) in a. The word-of-mouth effect, a, not
only affects the magnitude of the adoption level, but it also
affects the shape of the overall adoption curve. Depending
on the magnitude and speed of the overall growth in adop-
tion during the planning horizon, the retailer may adopt a
different marketing strategy, which, according to our results,
need not follow a monotone pattern.

Finally, Table 5, which reports the optimal strategy for
candle, wallet and auto navigator, underscores that the
retailer’s optimal demand shaping strategy greatly depends
on the product’s characteristics, including the e-commerce
adoption phase as well as profit and sales margins, and a
customized strategy highly benefits the retailer.

7. Conclusions and future research directions

In this article we study a dual-channel retailer’s demand
shaping strategy in the presence of growing e-commerce
adoption. Our findings indicate that while promoting e-
commerce adoption through marketing efforts benefits the
retailer by enabling it to expand its market coverage in large
service radii, this strategy does not work for all retailers:
when the majority of the consumers are located within close
proximity to the store, e-commerce marketing leads to con-
sumer migration, which is not necessarily profitable (see
Forbes, 2017b). In such settings, retailers can exploit the
consumer tradeoff between convenience and product avail-
ability to expand their market coverage. This enables

retailers to maximize their profit via lower service levels.
Otherwise, the retailer’s optimal demand shaping policy crit-
ically depends on the product’s e-commerce adoption phase.
For example, not surprisingly, we find that if a product is at
a mature adoption phase, then the retailer does not need to
promote the online channel as aggressively as in the earlier
adoption phases, but needs to increase the store service lev-
els. By incorporating the reference effects of retailer’s prior
service level decisions on consumer decision-making in this
multi-period setting, we show that the retailer’s optimal
service levels vary over time, mainly due to the fact that
consumers need to predict the retailer’s current availability
level using prior information. That is, if the retailer provides
the consumers with accurate information on their current
store availability level, then the retailer’s optimal service lev-
els do not need to vary over time, even as e-commerce
adoption grows. This implies that by providing consumers
with perfect information on current store availability level,
the retailer enjoys an optimal service level policy that is
much easier to implement than the optimal policy in the
limited information setting.

Our model, in its current form, assumes a uniform cost
structure across channels, represented by unit product pur-
chasing cost, as additional costs are highly dependent on the
retailer’s business model. It is an important future research
direction to expand our model to conduct case studies of
retailers with varying cost structures. For example, operating
a certain channel may offer several benefits, in terms of risk
pooling and lower fulfillment costs. Since we study a dual-
channel retailer’s tactical decisions, we ignore certain aspects
of the problem, such as inventory carry over and backlog-
ging; hence, it would be interesting to study an extension of
this problem at an operational level, considering such com-
ponents. An important research direction is to incorporate
other decision levers in problem formulation, such as the
ability to expand the service radius through investment.
Lastly, studying this problem in a competitive setting would
provide valuable insights with respect to dual-channel
retailers’ marketing and inventory decisions. Despite these
modeling assumptions, we believe that the insights gained
can be of value to retailers on their demand shaping deci-
sions under growing e-commerce adoption, and that the
innovative modeling aspects of our work can provide a theo-
retical framework that can be used as a basis for a realistic
tool, which can be used in practice.
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Table 5. Retailer’s optimal decisions and resulting expected profit for the three products

Product Sales margin ($) Profit margin (%) F0 a x� a�1 a�2 a�3 a�4 q�total E½P��
Candle 14.24 57 0.03 0.025 0.0553 0.638 0.630 0.612 0.570 1,000 4,975
Wallet 27.50 55 0.14 0.034 0.0249 0.620 0.611 0.593 0.550 1,044 9,051
Auto navigator 75.39 58 0.34 0.042 0.1791 0.645 0.638 0.621 0.580 1,711 30,201
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