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Abstract

This study attempts to optimize a delivery service strategy for Internet shopping by considering time-
dependent consumer demand, demand–supply interaction and consumer socioeconomic characteristics.
A nonlinear mathematical programming model is formulated for solving the optimal number and duration
of service cycles for discriminating strategy by maximizing profit subject to demand–supply interaction. An
example is employed to demonstrate the application of the model. Results suggest that discriminating ser-
vice strategy is a better strategy in response to time-dependent consumer demand than uniform strategy.
Finally, the proposed model is demonstrated to yield more profit than models that do not consider varia-
tions in consumer demand or demand–supply interaction.
� 2005 Elsevier Ltd. All rights reserved.
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1. Introduction

Electronic data interchange (EDI) and related technologies have made it more efficient to trans-
mit information to suppliers. At the same time, information flow-based Internet shopping has
markedly improved consumer service by reducing order processing time and providing delivery
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information. Since real-time consumer demand is processed via the Internet, operator inventory
costs are reduced by ordering goods from wholesalers or manufactures and shipping them directly
to consumers. However, high order frequency and small order quantity that characterize con-
sumer Internet shopping behavior make it expensive to deliver goods to individual consumers
(Huppertz, 1999). With fixed transportation costs for each shipment, the average logistics cost
per item decreases with increasing shipment size. Therefore, a larger quantity of goods will accu-
mulate with longer shipping cycles, which also results in an increased delay in receiving ordered
goods, thus reducing consumer intention to shop via the Internet. The above process involves a
trade-off between consumer demands and operator logistics costs.

The goal of delivery strategies is to reduce logistics costs and satisfy consumer needs. A crucial
factor in optimizing a delivery service strategy is consumer demand. The assumption of constant
demand is highly controversial, since in reality demand varies with time, space, and consumer
socioeconomic characteristics. For example, peak demand for food products is likely to occur
at lunchtime. Serving consumers via uniform shipping cycles without considering variations in
cumulative quantities ordered during each shipping cycle may result in high logistics costs under
time-dependent consumer demand. Conversely, shipping cycle has a dramatic influence on con-
sumer intention to shop via the Internet because it determines delay in receiving ordered goods.
When a consumer orders goods from an Internet store, they typically receive delivery information
with respect to each service cycle, which is posted on the Internet. Upon the completion of the
service cycle, the goods ordered during that cycle are shipped to consumers. Thus, service cycles
coincide with shipping cycles for Internet store operators. In addition to time-dependent con-
sumer demand, consumer demand for Internet shopping is also characterized by socioeconomic
characteristics, and temporal and spatial variations. Even when served by the same service cycles,
consumers with different characteristics perceive Internet shopping differently, which may further
influence consumer demand for Internet store goods and, thus, profit. In summary, how to deter-
mine an optimal delivery service strategy for Internet shopping by considering demand–supply
interaction, time-dependent consumer demand and consumer characteristics has become
important.

Previous empirical studies have investigated the impacts of delivery-related issues on consumer
satisfaction with Internet shopping (e.g., Rabinovich, 2004; Esper et al., 2003; Rabinovich and
Bailey, 2004). Studies of consumer choices between shopping modes focused primarily on inves-
tigating the influences of demand and supply attributes on consumer intention to shop via the
Internet (e.g., Sim and Koi, 2002; Bhatnagar and Ghose, 2004). Some studies have quantified con-
sumer demand for Internet store goods and costs under different shipping strategies (Khouja,
2001; Hsu et al., 2003; Chen, 2001). However, few have integrated issues such as consumer socio-
economic characteristics, time-dependent consumer demand, demand–supply interaction and the
24-h nature of Internet shopping into their models.

Discriminating service strategy proposed in this study differs significantly from the traditional
and typical uniform service strategy in which all consumers are served according to the same deliv-
ery cycle. Periods with considerable consumer demand suggest that frequent and short service cy-
cles are suitable and may stimulate consumer demand for Internet store goods because of reduced
delay in receiving ordered goods; this perspective also implies that long service cycles are suitable
when demand is very low. Such an approach would reduce logistics costs and boost profit. The
Internet store in this study is assumed to operate as a retailer, ordering a batch of goods from
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wholesalers or manufactures and distributing these goods to consumers. Delay in receiving or-
dered goods is determined here as the time between consumers ordering and receiving goods,
and depends on delivery cycles which include lead time for processing and handling.

This study explores how to optimize a delivery service strategy for Internet shopping in terms of
service cycle frequency and duration by considering time-dependent consumer demand and de-
mand–supply interaction. The model applies mathematical programming methods and compares
profit between using discriminating and uniform service strategies thereby identifying the optimal
strategy for Internet store operators. This study uses R-company selling flowers via the Internet in
Taiwan, as an example to demonstrate the application of the model.

The remainder of this paper is organized as follows. Section 2 reviews the literature on Internet
shopping and physical distribution problems. Section 3 formulates the consumer choice probabil-
ity model for Internet shopping and aggregates consumer demand for Internet store goods in each
service cycle. Nonlinear programming problems are formulated in Section 4 for determining the
optimal number and duration of service cycles for discriminating service strategy and uniform ser-
vice strategy by maximizing Internet store profit subject to demand–supply equality. In Section 5,
a case study and numerical examples are presented to demonstrate the application of the model
and the effects of changing in key parameters on the optimal solution. Finally, Section 6 presents a
summary of study findings and conclusions.
2. Literature review

The major issues related to Internet shopping have been extensively examined in numerous
studies, including marketing, pricing and payment, etc. (e.g., Pavitt, 1997; Reynolds, 1997; Kiang
et al., 2000; Peterson et al., 1997). O�Cass and Fenech (2003) examined Internet user adoption of
the Web for retail/purchase behavior. Burke (1997) noted that the home-shopping system elimi-
nated drive time and checkout time and enabled shoppers to access distant stores and showed the
retailing technology is most convenient when it matches shopping and media habits. Verhoef and
Langerak (2001) identified delivery delay for ordered goods as major disadvantage of Internet
shopping.

Previous studies examining the differences in consumer choice in the contexts Internet shopping
and conventional shopping focused mainly on analyzing the pros and cons of Internet shopping
or the influencing consumer intention to shop on the Internet using collected empirical data (e.g.,
Manski and Salomon, 1987; Koppelman et al., 1991; Sim and Koi, 2002). Salomon and Koppel-
man (1988) established a framework of shopping behavior for examining consumer choices
among in-home and out-of-home shopping modes. Their framework comprises a description of
the shopping–purchasing process and hypotheses relating to influences on individual choices
regarding alternative shopping modes. Sherman and Topol (1996) investigated emerging technol-
ogies, including electronic retailing and interactive shopping, and their influences on consumers,
retailers and manufacturers. Other studies examined the demographic and psycho-graphic char-
acteristics of Internet shoppers using local shopper surveys (e.g., Verhoef and Langerak, 2001;
Raijas, 2002). Olson and Boyer (2003) investigated how end user viewpoints and characteristics,
such as education and tenure in the workforce, influence use of the Internet as a purchasing ave-
nue. Heim and Sinha (2001) provided an empirical analysis which examined the relationship
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between customer loyalty and the order procurement and fulfillment processes of electronic retail-
ers. They found that short delivery times have a significant influence on customer loyalty. Heim
and Sinha (2002) further developed a taxonomy of service processes and attempted to link elec-
tronic service processes with customer ratings of service performance. They found that a positive
and significant correlation between the ordering of the configurations in the taxonomy and con-
sumer satisfaction with web site aesthetics, production selection and product information, etc.
Furthermore, Nagurney et al. (2001) proposed a network equilibrium framework for analyzing
consumer preference for Internet shopping vs. store shopping under an assumption of multicrite-
ria decision makers.

On the supply side of Internet shopping, Huppertz (1999) concluded that the major problem in
electronic commerce is that frequent small-sized orders lead to high transportation costs. Khouja
(2001) proposed an optimal mix strategy of drop shipping and in-house inventory for e-retailers,
and identified optimal solution of order quantity for in-house inventory to the drop-shipping
model under uniform, exponential, and normal demand distributions. Moreover, Hsu et al.
(2003) introduced a discriminating shipping strategy for Internet store operators that varies the
optimal shipping cycles for different consumer locations and determined the optimal shipping cy-
cles based on consumer demand and distance to the distribution center. In another line of re-
search, numerous studies have investigated physical distribution problems using analytical
approaches (e.g., Burns et al., 1985; Blumenfeld et al., 1985). This research typically considered
shipping problems under inelastic demand and focused on operating issues such as scheduling,
routing, and configuration of physical distribution. However, little research has investigated the
influence on logistic costs of time-dependent demand, demand–supply interaction and the 24-h
nature of Internet shopping.

Recent studies have investigated carriers or provider issues and their effects on consumer ser-
vices and operating strategies. Most of these empirical studies dealt with these issues by testing
hypotheses. Rabinovich et al. (2003) investigated the impacts on supply chain efficiency of infor-
mation exchanges between e-retailers and end consumers. Rabinovich (2004) later examined an
Internet retailer�s inventory liquidity and its relationship to the retailer�s ability to fulfill its guar-
antees, and found that Internet retailers should align inventory liquidity and delivery performance
to fulfill economically consumer orders. Rabinovich and Bailey (2004) concluded that Internet
retailers usually adopt revenue-maximizing strategies for their physical distribution pricing poli-
cies that reflect the physical distribution service quality they provide. Esper et al. (2003) found that
allowing consumers to choose a carrier leads to increased levels of anticipated satisfaction with the
online experience and an increased willingness to buy.

Boyer et al. (2002) developed preliminary frameworks for analyzing e-services and found that
the strategic operations choices regarding fit between delivery processes and products must play
an important direct role in the consumer perceptions of delivery services. Chen (2001) investigated
the benefits of a segmentation strategy in which price-delay combinations were available for sev-
eral market segments. In Chen�s model, Poisson process was employed to describe consumer ar-
rival at the selling process and identified that consumers are segmented according their willingness
to pay for one unit of a product. Chen found that the benefit of market segmentation is large if
more patient consumers are in the market.

However, the interaction of time-dependent consumer demand and logistics cost related to dif-
ferent delivery service strategies in Internet shopping has seldom been investigated. Furthermore,
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while consumer demand for Internet store goods may increase by employing frequent and short
service cycles, the extent depends on variations in consumer socioeconomic, temporal and spatial
distributions and, furthermore, how Internet store operators set up service cycles during a given
operating day. Although these issues have been previously addressed, there is currently no math-
ematical model that can determine an optimal delivery service strategy by integrating all issues.
This study demonstrates how demand–supply interaction can be carefully considered in advance
when solving delivery service cycle problems. Specifically, this study formulates a model that can
determine an optimal delivery service strategy for Internet store operators by integrating demand–
supply interaction, time-dependent consumer demand and consumer characteristics.
3. Consumer demand for Internet store goods

Three key groups of factors influence shopping behavior, namely goods characteristics, shop-
ping mode attributes, and consumer characteristics (Salomon and Koppelman, 1988). Generally,
goods that require detailed examination before purchase are considered inappropriate for Internet
markets (Liang and Huang, 1998). Thus, the goods discussed here are those that are appropriate
for Internet markets. This study designs a consumer choice probability model for choosing be-
tween Internet and conventional shopping modes. To capture dynamic and time-sensitive con-
sumer demand, this study considers issues such as differences in consumer socioeconomic
characteristics, temporal variations in ordering time of consumer goods, and spatial variations
in consumer locations and competitions between Internet stores and retail stores in urban and
non-urban areas.

3.1. Individual characteristics

Previous empirical studies have developed logit models to investigate the effects of shopping
mode attributes, characteristics of consumer shopping behavior on Internet shopping (Koppel-
man et al., 1991; Koyuncu and Bhattacharya, 2004; Bhatnagar and Ghose, 2004). Following
the formulation of logit models in literature, this study applies a binary logit model to determine
consumer choice probabilities for both Internet and conventional shopping. Let Ux,k(t, j) repre-
sent the total utility of consumer x who orders goods in zone j at time t via shopping mode k.
Furthermore, Ux,k(t, j) = Vx,k(t, j) + ex,k, where Vx,k(t, j) denotes the deterministic component,
and ex,k denotes a random utility component representing the unobservable or immeasurable fac-
tors of Ux,k (t, j). Supposing that all ex,k are independent and identically distributed as a Gumbel
distribution,1 then the probability of choosing shopping mode k can be estimated using the binary
logit model (Ben-Akiva and Lerman, 1985). Let subscripts TS and R denote Internet shopping
and conventional shopping, respectively, and the choice probability of choosing Internet stores
for consumer x in zone j at time t, Px,TS(t, j), can then be estimated as:
1 To arrive at the standard logit formulation, it is necessary to assume that the random utility component is
independently and identically distributed as a Gumbel distribution (Ben-Akiva and Lerman, 1985).
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P x;TSðt; jÞ ¼
eUx;TSðt;jÞ

eUx;TSðt;jÞ þ eUx;Rðt;jÞ
. ð1Þ
For simplicity, this study omits subscript x in the following disaggregate choice model in which
formulations of the model are also discussed based on individual consumers. The difference in
the utility value of consumer shopping via Internet stores and conventional retail stores deter-
mines the probability of choosing Internet shopping, which can be rewritten as:
P TSðt; jÞ ¼
evðt;jÞ

1þ evðt;jÞ . ð2Þ
This study assumes technological advances and well-organized facilities in Internet shopping
environments enable consumers to access Internet stores with little effort; therefore, search time
for goods via the Internet can be ignored. Assume the quality of a good is the same regardless
of whether it is purchased via Internet shopping or conventional shopping. The utility function
v(t, j) discussed here then has the following specifications:
vðt; jÞ ¼ b0 þ b1

pTS

I
þ b2T TS;t � b1

pR

I
� b3T t;R;j; ð3Þ
where pTS and pR denote the prices of goods via Internet shopping and conventional shopping,
respectively; TTS,t represents delay in receiving ordered goods for consumers ordering goods via
Internet at time t, and includes the goods handling/processing time and transportation time, while
Tt,R,j denotes access time for consumers purchasing goods via retail stores in zone j at time t. Fur-
thermore, I represents consumer average income per unit time; b1, b2, b3 are parameters that ex-
press the tastes of consumers; and b0 reflects alternative specific constant for Internet shopping.
The average value of time for delay in receiving ordered goods, VOT, then can be estimated using
Eq. (3). Restated,
VOT ¼ ovðt; jÞ=oT TS;t

ovðt; jÞ=opTS

¼ I
b2

b1

. ð4Þ
Eq. (4) indicates that the average value of time for delay in receiving ordered goods depends on
consumer income per unit of time. Consumers with higher income are more concerned with delay
in receiving ordered goods than consumers with lower incomes. The value of time for delay in
receiving ordered goods can also be expressed as consumer willingness to pay for one unit of delay
savings in receiving ordered goods. Moreover, consumers with higher incomes may be willing to
pay higher prices of goods via Internet shopping to receive ordered goods with less delay as Eq.
(4) shows.

Since it typically takes longer to receive goods purchased from an Internet store than when pur-
chased at a conventional store, consumers usually prefer to make fewer purchases from Internet
stores (Koyuncu and Bhattacharya, 2004). The heterogeneity of consumers implies that consum-
ers may perceive the same delay in receiving goods differently; that is, different consumers have
different waiting costs (Chen, 2001). In this study, consumer income distribution is applied to
investigate the relationship between consumer socioeconomic characteristics, consumer demand
for Internet shopping and delivery service strategies for Internet shopping. Assume that individual
consumers with different personal incomes are served by the same supply condition, then the
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expected choice probability of selecting Internet shopping for all consumers can be further esti-
mated by aggregating individual consumer choices based on the binary logit model and income
distribution. The generalized exponential family of distributions2 can describe income distribution
(Bakker and Creedy, 2000). This study assumes that personal income I is distributed with a nor-
mal distribution,3 with mean l and standard deviation r. From Eq. (3), all other things being
equal, v(t, j) is a function of I, so the pdf of v(t, j) can be expressed through the transformation
of the pdf of I. The pdf of v(t, j), fv(t,j)(v(t, j)) then can be expressed as:
2 Th
Negat

3 Th
fvðt;jÞðvðt; jÞÞ ¼ fI I ¼ b1ðpR � pTSÞ
b0 þ b2T TS;t � b3T t;R;j � vðt; jÞ

� �

� b1ðpR � pTSÞ
ðb0 þ b2T TS;t � b3T t;R;j � vðt; jÞÞ2

�����
����� 8t; 8j. ð5Þ
Consequently, taking the expected value of choice probability of selecting Internet shopping yields
the following expression for the expected choice probability:
E½P TSðt; jÞ� ¼
Z 1

0

P TSðt; jÞf ðP TSðt; jÞÞdP TSðt; jÞ 8t; 8j; ð6Þ
where E[PTS(t, j)] represents the expected value of choice probability of selecting Internet shopping
in zone j at time t.

The difference in the utility values of Internet shopping and conventional shopping determines
the probability of selecting Internet shopping, PTS(t, j), in Eq. (2); that is, PTS(t, j) is a random var-
iable transformed by v(t, j). Consequently, the pdf of PTS(t, j), f(PTS(t, j)), is presented as:
f ðP TSðt; jÞÞ ¼ fvðt;jÞðvðt; jÞÞ ¼ ln
P TSðt; jÞ

1� P TSðt; jÞ
1

P TSðt; jÞð1� P TSðt; jÞÞ

����
���� 8t; 8j. ð7Þ
From Eq. (7), since vðt; jÞ ¼ ln P TSðt;jÞ
1�P TSðt;jÞ, the relationship between the differential of v(t, j), dv(t, j),

and that of PTS(t, j), dPTS(t, j), can be further calculated as dvðt; jÞ ¼ 1
P TSðt;jÞð1�P TSðt;jÞÞ dP TSðt; jÞ.

Then, substituting Eq. (7) for_f(PTS(t, j)) in Eq. (6), Eq. (6) can be rewritten as:
E½P TSðt; jÞ� ¼
Z 1

0

P TSðt; jÞ � f ðP TSðt; jÞÞdP TSðt; jÞ

¼
Z 1

0

P TSðt; jÞ � fv v ¼ ln
P TSðt; jÞ

1� P TSðt; jÞ

� �
dvðt; jÞ. ð8Þ
Similarly, from I ¼ b1ðpR�pTSÞ
b0þb2T TS;t�b3T t;R;j�vðt;jÞ in Eq. (5), the relationship between dI and dv(t, j) can be

expressed as dI ¼ �b1ðpR�pTSÞ
ðb0þb2T TS;t�b3T t;R;j�vðt;jÞÞ2 dvðt; jÞ. Furthermore, from Eqs. (2), (3) and (5), Eq. (8)

can be rewritten as:
e exponential family includes useful distributions such as the Normal, Binomial, Poisson, Multinomial, Gamma,
ive Binomial, etc. (McCullagh and Nelder, 1989).
e probability distribution function (pdf) of I is fIðIÞ ¼ 1ffiffiffiffi

2p
p

r
e�

1
2

I�l
rð Þ2 .



4 Ac
receip

480 C.-I. Hsu, H.-C. Li / Transportation Research Part E 42 (2006) 473–497
E½P TSðt; jÞ� ¼
Z 1

0

P TSðt; jÞ � fv v ¼ ln
P TSðt; jÞ

1� P TSðt; jÞ

� �
dvðt; jÞ

¼
Z 1

0

eb0þb1
pTS�pR

I þb2T TS;t�b3T t;R;j

1þ eb0þb1
pTS�pR

I þb2T TS;t�b3T t;R;j
fIðIÞdI

¼
Z 1

0

eb0þb1
pTS�pR

I þb2tTS;t�b3tt;R;j

1þ eb0þb1
pTS�pR

I þb2tTS;t�b3tt;R;j
� e

� I�l
rð Þ2
2ffiffiffiffiffiffi

2p
p

� r
dI ; 8t; 8j. ð9Þ
3.2. Variations in ordering time of consumer goods and locations

The impacts of ordering time of consumer goods on their choice probabilities are further ana-
lyzed. Delay in receiving ordered goods is demonstrated in past studies as an important influence
on the probability of choosing Internet shopping (Raijas, 2002; Hsu et al., 2003). Once service cy-
cle lengths are determined, delay in receiving ordered goods decreases with reducing time between
ordering time of consumer goods and the end time of the service cycle, and vice versa. Moreover,
the smaller the number of retail stores in areas or in regular store closed hours is, the longer access
time to retail stores will be. Therefore, it is important to understand how ordering time of con-
sumer goods, which is related to delay in receiving ordered goods and access time to retail stores,
influences the utility functions and choice probabilities.

Suppose the entire study period is divided into S consecutive service cycles, and let Ti represent
the duration of service cycle i, Ti = (ti,0, ti,m), i = 1,2, . . . , s, where s is the last service cycle during
the entire study period, ti,0 and ti,m represents the start and end times of the service cycle i, respec-
tively. Consequently, the sum of the time duration of all service cycles represents the entire study
period, T, namely

Ps
i¼1ðti;m � ti;0Þ ¼ T . At each ti,m, i = 1,2, . . . , s, Internet store operators begin to

deliver ordered goods accumulated during service cycle i.
This study ignores the vehicle routing problem of goods delivery and simplifies the problem by

employing TR to represent average goods delivery time to consumers. Restated, consumers receive
ordered goods between ti,m and (ti,m + TR). Lead time4 includes the time required for order trans-
mission, order processing and order preparation. The above definition of lead time influences de-
lay in receiving ordered goods. This study defines ‘‘lead time’’ as the total time used by Internet
store operators for preparing goods for delivery, namely handling and processing time at each ser-
vice cycle. Consequently, a relationship exists among delay in receiving ordered goods, ordering
time of consumer goods and lead time. Delay in receiving ordered goods when consumers order
goods via the Internet at time t, TTS,t, thus can be given by
T TS;t ¼
ðti;m þ T RÞ � t; t 2 ðti;0; ðti;m � T lÞÞ
ðtiþ1;m þ T RÞ � t; t 2 ððti;m � T lÞ; ti;mÞ

;

(
8t; ð10Þ
cording to Coyle et al. (1996), lead time is the total time that elapses from placing an order until its eventual
t.
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where Tl represents lead time. Access time to retail stores depends on the density of retail stores
opened during different service cycles and different zones. From Eq. (10), delay in receiving or-
dered goods is influenced by ordering time of consumer goods. Owing to the time required for
goods handling and processing, if ordering time of consumer goods falls during ((ti,m � Tl), ti,m),
the ordered goods will not be shipped until the end of service cycle (i + 1).

Access time to retail stores in zone j at time t, Tt,R,j, can be obtained via T t;R;j ¼ Rt;j

V , where Rt,j
5

denotes the average distance to retail stores in zone j at time t, and V represents the average con-
sumer travel speed.

Normally, total consumer demand for Internet store goods can be estimated by multiplying to-
tal consumer demand for goods and the expected probability of selecting Internet shopping. As-
sume total consumer demand for goods in zone j at time t is exogenous and denoted as qt,j, then
the time-dependent consumer demands for goods of the Internet store at time t for all zones, qt,
can be expressed as qt ¼

Pn
j¼1qt;jE½P TSðt; jÞ�. Furthermore, total consumer demand for Internet

store goods during service cycle i for discriminating service strategy, Qi, can be further represented
as:
5 Th

area p
numb
Qi ¼
Xti;m
t¼ti;0

qt ¼
Xti;m
t¼ti;0

Xn

j¼1

qt;jE½P TSðt; jÞ�; i ¼ 1; 2; . . . ; s. ð11Þ
Furthermore, from Eq. (11), total consumer demand for goods from the Internet store during ser-
vice cycle i increases with increasing expected value of the probability of selecting Internet shop-
ping, E[PTS(t, j)].

Assume the entire study period is equally divided into S 0 consecutive service cycles for uniform
service strategy, and the duration of each cycle is T

S0, where T is the entire study period. The dura-
tion of service cycle i for uniform service strategy is denoted using T 0i, namely, T 0i ¼ t0i;0; t

0
i;0 þ T

S0

� �
,

i = 1,2, . . . , s 0, where s 0 is the last service cycle for uniform service strategy, and t0i;0 and t0i;0 þ T
S0 rep-

resent the start and end times of service cycle i assuming a uniform service strategy, respectively.
Total consumer demand for Internet store goods during service cycle i for uniform service strat-
egy, Q0i, can be calculated as follows:
Q0i ¼
Xt0i;0þT

S0

t¼t0
i;0

qt ¼
Xt0i;0þT

S0

t¼t0
i;0

Xn

j¼1

qt;jE½P TSðt; jÞ�; i ¼ 1; 2; . . . ; s0. ð12Þ
4. Mathematical programming models for the optimal service cycles

The discussions completed to date deal with dynamic and time-sensitive consumer demand, and
demonstrate how service cycle duration influences consumer demand for Internet store goods.
This section further investigates how consumer demand for goods from Internet stores influences
e average distance to retail stores can be approximatedM using one half of the square root of the average market

er retail store (Hsu and Tsai, 1999); that is, 1
2

ffiffiffiffiffi
Aj

nt;j

q
, where Aj denotes the area of zone j, and nt,j represents the total

er of retail stores in zone j at time t.
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logistics costs for Internet store operators. Moreover, this study devises a mathematical program-
ming model for determining the optimal number and duration of service cycles during the entire
study period by considering the relationship between consumer demand and logistics costs and
assuming that Internet store operators are seeking to maximize profit.

4.1. Logistics cost functions for discriminating service strategy

The average logistics cost functions for discriminating and uniform service strategies are formu-
lated, respectively, by an analytical approach. Because of various numbers of orders accumulating
during different service cycles during the entire study period, the average logistics cost during the
study period is estimated using the weighting average method based on service cycle number and
duration. Logistics cost is divided into transportation cost and inventory cost. This study ignores
the problem of fleet capacity, and assumes the fleet to have sufficient capacity to carry all ordered
goods. The transportation cost involves both fixed and variable transportation costs. Fixed trans-
portation costs are costs attributable to each shipment regardless of shipment volume, while var-
iable transportation costs involve loading/unloading costs and depend on quantity transported
per shipment, namely the number of items ordered during each service cycle. Transportation costs
increase with the number of items transported. This study denotes c as a base value of fixed trans-
portation cost, wt as a multiplier reflecting additional labor cost during different service cycles,
such as weekend, night hours, or non-regular hours, because of the 24-h nature of Internet stores
and h as variable transportation cost per item shipped. The average transportation cost per item
shipped during service cycle i for discriminating service strategy, ATCi, can be expressed as
follows:
ATCi ¼
1

Qi

ðc � wt þ hQiÞ ¼ hþ c � wt

Qi

; i ¼ 1; 2; . . . ; s. ð13Þ
Economies of scale exist, as illustrated in Eq. (13), since ATCi decreases with increasing total con-
sumer demand for Internet store goods during service cycle i, Qi. The average transportation cost
per item during the entire study period for discriminating service strategy, ATC, can be further
expressed as follows:
ATC ¼ 1

S

Xs

i¼1

ATCi ¼ hþ 1

S

Xs

i¼1

c � wt

Qi

; ð14Þ
where S denotes the number of service cycles for discriminating service strategy.
Inventory costs discussed here reflect the relationship between the batch ordering of goods by

Internet store operators to their suppliers and continuous ordering of goods by consumers. Con-
sider the situation illustrated in Fig. 1, and moreover consider that three curves in the figure rep-
resent the cumulative number of goods, which have been: (1) ordered by consumers; (2) delivered
and (3) ordered by the operator of the Internet store from suppliers. The shaded area in the figure
represents the number of ‘‘item-hours’’ for items carried by the Internet store. Furthermore, de-
note ti,o as the time when the operator of the Internet store orders batch o of service cycles i and
Qi,o as the number of items ordered in batch o of service cycle i.
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Fig. 1. Inventory cost profile.
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The inventory cost per item of goods per unit time can be estimated based on purchasing cost
per item, p and inventory carrying rate, x. Therefore, the total inventory cost of service cycle i for
discriminating service strategy, ICi, results from the difference between the time when the operator
ordered the batch and the time when the consumers ordered the goods; that is,
ICi ¼ px Qi;oðti;m � ti;oÞ �

Pti;m
ti;o

qt

h i
, i = 1,2, . . . , s. Furthermore, the average inventory cost per

item of goods of service cycle i for discriminating service strategy, AICi, can be determined by
dividing ICi by the total consumer demand during that cycle, namely:
AICi ¼
1

Qi

px Qi;oðti;m � ti;oÞ �
Xti;m

ti;o

qt

" #
; i ¼ 1; 2; . . . ; s. ð15Þ
Furthermore, the average inventory cost per item for the entire study period, for discriminating
service strategy, AIC, can be presented as follows:
AIC ¼ 1

S

Xs

i¼1

AICi ¼
1

S

Xs

i¼1

1

Qi

px Qi;oðti;m � ti;oÞ �
Xti;m

ti;o

qt

" #
. ð16Þ
Consequently, the average logistics cost per item during the entire study period for discriminat-
ing service strategy, ALC, can be expressed as the sum of the average transportation cost per item
and the average inventory cost per item, restated
ALC ¼ ATCþAIC ¼ hþ 1

S

Xs

i¼1

1

Qi

c � wt þ px Qi;oðti;m � ti;oÞ �
Xti;m

ti;o

qt

" # !
. ð17Þ
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4.2. Logistics cost functions for uniform service strategy

The average logistics cost per item for the uniform service strategy is formulated in a manner
similar to that for discriminating service strategy, as mentioned above. The average transportation
cost per item of service cycle i for uniform service strategy, ATC0i, can be presented as follows:
ATC0i ¼ hþ c � wt

Q0i
; i ¼ 1; 2; . . . ; s0; ð18Þ
where Q0i denotes total consumer demand for goods from the Internet store during service cycle i
for uniform service strategy, as illustrated in Eq. (12).

Similarly, the average transportation cost per item of goods for the entire study period for uni-
form service strategy, ATC 0, can be formulated as:
ATC0 ¼ 1

S0
Xs0

i¼1

ATC0i ¼
1

S0
Xs0

i¼1

ATC0i ¼ hþ 1

S0
Xs0

i¼1

c � wt

Q0i
. ð19Þ
Similar to the analyses in Section 4.1, the average inventory cost per item of goods of service
cycle i for uniform service strategy, AIC0i, can be formulated as:
AIC0i ¼
1

Q0i
px Qi;o ti;0 þ

T
S0
� ti;o

� �
�
Xti;0þT

S0

ti;o

qt

2
4

3
5; i ¼ 1; 2; . . . ; s0. ð20Þ
The average inventory cost per item during the entire study period for the uniform service strat-
egy, AIC 0, then can be further formulated as:
AIC0 ¼ 1

S 0
Xs0

i¼1

AIC0i ¼
1

S 0
Xs0

i¼1

1

Q0i
px Qi;o ti;0 þ

T
S0
� ti;o

� �
�
Xti;0þT

S0

ti;o

qt

2
4

3
5. ð21Þ
4.3. Formulation of the optimal problem

Profit throughout the entire study period can be calculated based on the price of goods via
Internet shopping (pTR), purchasing cost per item (p), average logistics cost per item (ALC)
and total consumer demand for Internet store goods throughout the entire study period,Ps

i¼1Qi, such as
s ¼ ðpTR � p�ALCÞ �
Xs

i¼1

Qi; ð22Þ
where s represents profit throughout the study period. Eq. (22) illustrates the relationship between
profit, the average logistics cost per item and total consumer demand for Internet store goods
throughout the study period, whereby the larger total consumer demand for Internet store goods
during the entire study period or the smaller the average logistics cost per item of goods, larger
profit achieved by the Internet store operator. Additionally, profit throughout the entire study
period for uniform service strategy, s 0, can be formulated as:
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s0 ¼ ðpTR � p�ALC0Þ �
Xs0

i¼1

Q0i. ð23Þ
A nonlinear programming problem is formulated here for determining the optimal number and
duration of service cycles for discriminating service strategy by maximizing profit subject to de-
mand–supply equality. From Eqs. (9), (11), (17) and the discussion above, the nonlinear program-
ming problem for maximizing profit throughout the study period given discriminating service
strategy is as follows:
Max
S;T i¼ðti;0;ti;mÞ;ti;o;Qi;o

s¼ ðpTR� p�ALCÞ
Xs

i¼1

Qi ð24aÞ

s:t: ALC¼ATCþAIC¼ hþ 1

S

Xs

i¼1

1

Qi

c �wt þ px Qi;oðti;m� ti;oÞ �
Xti;m

ti;o

qt

" # !
;

ð24bÞ

Qi ¼
Xti;m
t¼ti;0

qt ¼
Xti;m
t¼ti;0

Xn

j¼1

qt;jE½P TSðt; jÞ�; i¼ 1;2; . . . ; s; ð24cÞ

E½P TSðt; jÞ� ¼
Z 1

0

eb0þb1
pTS�pR

I þb2T TS;t�b3T t;R;j

1þ eb0þb1
pTS�pR

I þb2T TS;t�b3T t;R;j
� e

�ðI�l
r Þ2
2ffiffiffiffiffiffi

2p
p

� r
dI; ð24dÞ

Xs

i¼1

ðti;m� ti;0Þ ¼ T . ð24eÞ
Eq. (24a) represents the objective function that maximizes profit throughout the study period. Eq.
(24b) defines the average logistics cost per item as Eq. (17). Moreover, Eq. (24c) represents the
total consumer demand for Internet store goods during service cycle i. Eq. (24d) expresses ex-
pected value of probabilities of selecting Internet shopping. Furthermore, Eq. (24e) constrains
that the summation of the duration of all service cycles must be equal to the entire study period.
The nonlinear programming model for maximizing profit throughout the study period for uni-
form service strategy can be formulated in a manner similar to that for discriminating service
strategy. This study further compares the objective value between discriminating and uniform ser-
vice strategies and suggests that with the higher value for adoption by Internet store operators.
Furthermore, this study compares the values of profit obtained by the Internet store from discrim-
inating and uniform service strategies using n ¼ s�s0

s � 100%, where s and s 0 represent profit using
discriminating and uniform service strategies, respectively. If n is positive, discriminating service
strategy is suggested; otherwise, uniform service strategy is recommended.
5. Numerical example

A case study is presented to demonstrate the application of the proposed model using data
available from R-company selling flowers via the Internet in Taiwan. For simplicity, this study
merely chose six cities from all of the cities currently served by R-company as study zones, and



Table 1
The initial values of base demand and supply parameters

Symbol Definition Initial value

l Mean of the probability distribution of consumer income 353.4 NT$/h
r Standard deviation of the probability distribution of consumer income 199.2 NT$/h
I Consumer average hourly income 353.4 NT$/h
b0 0.4* (2.02)
b1 �8.4* (�3.35)
b2 �0.018* (�2.76)
b3 �0.095* (�1.98)
V The average consumer travel speed 25 km/h
pTS The price of goods via Internet shopping NT$ 1050
p Purchasing cost per item of goods NT$ 850
pR The price of goods via conventional shopping NT$ 1280
h Variable transportation cost per item NT$ 135
c Base value of fixed transportation cost NT$ 850
Tl Lead time 0.5 h

* Significant at the 5% level; t-statistics are reported in parentheses.
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assumed one operating day, namely 24 h, as the study period, with the unit of time for study being
1 h. Base values for parameters in the utility were calibrated using data collected via street inter-
views conducted at Taipei Railway Station and several large shopping districts in Taipei City6 and
base values for logistics cost functions are estimated from Ministry of the Interior, ROC (2001) as
listed in Tables 1 and 2, respectively. Table 1 lists the initial values of base demand and supply
parameters while Table 2 lists the related data on study zones. The multipliers reflecting extra cost
during different service cycles, wt are two during AM 0:00–7:00 and PM 9:00–12:00, and one dur-
ing other times of day. Fig. 2(a) and (b) illustrate time-dependent consumer demand for goods in
Taipei City and over the entire study area, respectively. From Fig. 2(b), consumer demand for
goods is extremely low during AM 0:00–5:00, and peaks near PM 6:00.

Due to the complexity in solving a nonlinear programming problem, some approximate meth-
ods are required and the greedy algorithm is applied in this study due to its simple implementation
and speed. In this study, the initial values, including the number and duration of service cycles, are
randomly generated. Then the greedy algorithm is applied to obtain the best results for service
duration for a specific number of service cycles. To verify this optimal solution, this study tests
6 The survey was for three weeks in March 2002. After eliminating incomplete questionnaires, 952 complete
questionnaires remained. The questionnaire consists of two data sets. The first set asked shoppers several questions to
obtain socioeconomic and demographic data such as income, resident area and Internet experience. The sample had a
fair proportion of different-income people, with an average monthly income of NT$ 55,000, and the residences of the
population were spread widely throughout Taipei City. In the second set, respondents were asked whether they
purchase via Internet stores based on different values for various attributes of Internet shopping and conventional
shopping such as prices of goods via Internet shopping and conventional shopping, delay in receiving ordered goods,
access time for purchasing goods via retail stores, etc. The commercial software package LIMDEP (Econometric
Software, 1996) was used to calibrate the model�s parameters. Similar to the finding of Hsu et al. (1998), this study
found that the most significant factors are price of goods, delay in receiving ordered goods, and access time for
consumers purchasing goods via retail stores.



Table 2
The related data about study zones

Zone, j Area, Aj (km2) Number of retail stores, nt,j

9:00–11:00 11:00–22:00 22:00–23:00 23:00–9:00

Taipei city 272 83 105 76 6
Taipei county 2186 37 97 43 3
Ilan county 2137 11 15 7 1
Taoyuan county 1221 48 68 35 2
Hsinchu county 1428 17 20 9 1
Hsinchu City 104 31 34 17 2

(a) (b)

Fig. 2. (a) Time-dependent consumer demand for goods in Taipei City. (b) Total time-dependent consumer demand for
goods over the entire study area.
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a variety of initial values for the duration of a specific number of service cycles. After several tri-
als, the optimal duration for a specific number of service cycles can then be determined. This pro-
cedure is repeated until the optimal durations of service cycles were obtained for each number of
service cycle. By comparing the profit values obtained using different numbers of service cycles
with the optimal duration, the global optimal number and duration of service cycles that obtain
the largest profit can then be determined. The model is programmed using Visual C++, a com-
puter-modeling program developed by Microsoft. Table 4 and Figs. 3 and 4 summarize the initial
solution results.
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Fig. 3. Accumulated consumer demand for Internet store goods for discriminating service strategy.
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Fig. 4. (a) Average logistics cost per item vs. the number of service cycles for discriminating service strategy. (b)
Consumer demand for Internet store goods vs. the number of service cycles for discriminating service strategy. (c) Profit
vs. the number of service cycles for discriminating service strategy.
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Fig. 3 is time-dependent consumer demand for Internet store goods for discriminating service
strategy. From Fig. 3, the solid line represents the accumulated time-dependent consumer demand
for Internet store goods for discriminating service strategy, while the dotted line represents the
number of goods to be shipped during each service cycle. Moreover, Fig. 3 reveals that numerous
items are demanded between 9:00 and 20:00, and a densely spaced service cycle; in contrast, the
duration of a single service cycle is 13 h at night, implying extremely low demand during this cycle.
Table 3 lists the results and the optimal objective function value for discriminating and uniform
service strategies, respectively. The optimal number of service cycles for uniform service strategy is
six, and each service cycle lasts approximately 4 h, as listed in Table 3. Consumer demand for
goods differs significantly between uniform and discriminating service strategies, namely 818
Table 3
Results and the optimal objective function value for discriminating and uniform service strategies

Strategy Discriminating Uniform

Optimal number of service cycles 6 6
Consumer demand for Internet store goods (items) 864 818
Average logistics cost per item (NT$) 141.41 149.51
Objective function value (Profit, NT$) 50,569 41,240
Duration of service cycles 9:00–12:00 0:00–4:00

12:00–14:00 4:00–8:00
14:00–16:00 8:00–12:00
16:00–18:00 12:00–16:00
18:00–20:00 16:00–20:00
20:00–9:00 20:00–0:00

n 18.44%
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and 864 items, respectively. However, the average logistics cost per item for the uniform service
strategy is NT$ 149.51, which exceeds the NT$ 141.41 for discriminating service strategy. For dis-
criminating service strategy, a high density of service cycles exists during periods with high con-
sumer demand, thus further stimulating consumer demand for Internet store goods. The average
logistics cost per item for discriminating service strategy can also be reduced by employing short
service cycles during regular hours and long service cycles during late night hours to avoid the
high extra cost. Comparing the objective value for discriminating and uniform service strategies
yielded a positive value of n, namely 18.44%, and indicated that discriminating service strategy is
the optimal strategy for Internet store operators.

Fig. 4(a), (b) and (c) individually examine the relationships among average logistics cost per
item, consumer demand for Internet store goods, profit and the number of service cycles required
to discriminate service strategy. Fig. 4(a) illustrates the average logistics cost per item vs. the num-
ber of service cycles required for discriminating service strategy. As illustrated in Fig. 4(a), the
average logistics cost per item increases with increasing number of service cycles during a day.
Fig. 4(b) displays consumer demand for Internet store goods vs. the number of service cycles re-
quired to discriminate service strategy. However, although consumer demand for Internet store
goods increases with the number of service cycles but at a deceasing rate, as shown in
Fig. 4(b), profit does not continuously increase in the same way. Fig. 4(c) illustrates profit vs.
the number of service cycles required to discriminate service strategy, and demonstrated that prof-
it is maximized when a day contains six service cycles. Furthermore, the optimal batch ordering
time for the Internet store operator when ordering from the supplier is 0.5 h before the end of each
service cycle.

So far, this study has conducted a numerical example for a company selling flowers in Taiwan.
Next, this study further explores the influences of changes in key decision parameters on optimal
service strategy, along with optimal service cycle number and duration.

The base value of fixed transportation cost includes vehicle depreciation, purchasing cost, and
so on. Increased number of service cycles per day leads to more frequent dispatching and thus
higher transportation costs. Table 4 lists the optimal objective function values for discriminating
Table 4
Results and the optimal objective function value for discriminating and uniform service strategies under different values
of base value of fixed transportation cost

Base value of fixed transportation cost (NT$) 1200

Strategy Discriminating Uniform
Optimal number of service cycles 6 6
Consumer demand for Internet store goods (items) 859 818
Average logistics cost per item (NT$) 143.76 155.60
Objective function value (Profit, NT$) 48,321 36,326
Duration of service cycles 9:00–13:00 0:00–4:00

13:00–15:00 4:00–8:00
15:00–17:00 8:00–12:00
17:00–18:00 12:00–16:00
18:00–20:00 16:00–20:00
20:00–9:00 20:00–0:00

n 24.82%
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and uniform service strategies under different base values of fixed transportation cost, namely
NT$ 1200. Comparing the results of Tables 3 and 4 reveals that the higher value of the base value
of fixed transportation cost produces higher average logistics cost per item for both discriminating
and uniform service strategies. The frequencies of service cycles under fixed transportation costs,
namely NT$ 1200 and NT$ 850, are the same, meaning that rather than serving consumers by
reducing frequent service cycles when facing the increased cost, Internet store operators should
adopt the original strategy for attracting consumer demand. However, the value of n, which indi-
cates the advantage of discriminating regarding uniform service strategies, is larger for higher
fixed transportation cost, namely 24.82% vs. 18.44%, as listed in Tables 3 and 4, respectively.

The multiplier reflecting extra costs during different service cycles implies compensation wages
because of shipping and handling goods during non-regular hours, for example night hours. Inter-
net store operators can reschedule service cycles to avoid the high logistics costs associated with
the increasing values of the multiplier reflecting extra cost. However, such rescheduling may influ-
ence the likelihood of individual consumers choosing Internet shopping, and influences consumer
demand for Internet store goods.

Table 5 lists the optimal objective function values for discriminating service strategy for differ-
ent multiplier values reflecting extra costs. As the Table displays, the optimal number of service
cycles is six for a multiplier value of two. However, the optimal number of service cycles is seven
when the multiplier values are 2.5 and 3.0. The reason for this decision is that because of the logis-
tics costs increase with increasing multiplier, and thus the Internet store operator should employ
more frequent service cycles for attracting more consumers to offset the influence of increasing
multiplier value on logistics cost. Furthermore, to avoid high additional costs during non-regular
hours, the additional service cycle is employed during regular hours, as listed in Table 5.

In this study, consumer income significantly influences demand, which further determines the
optimal number and duration of service cycles. Consumer income reflects consumer perceptions
regarding delay in receiving ordered goods. Even with the same service cycles and delay in receiv-
ing ordered goods, valuations of Internet shopping differ among consumers. Specifically, consum-
ers with different income levels have different levels of concern with delay in receiving ordered
goods and price levels. The model captures variations in consumer characteristics by employing
Table 5
Results and the optimal objective function values for discriminating service strategy under different values of multiplier
reflecting extra cost

Multiplier reflecting extra cost 2.0 2.5 3.0

Optimal number of service periods 6 7 7
Consumer demand for Internet store goods (items) 864 879 879
Average logistics cost per item (NT$) 141.41 142.98 144.17
Objective function value (Profit, NT$) 50,569 50,120 49,074
Duration of service cycles 9:00–12:00 9:00–12:00 9:00–12:00

12:00–14:00 12:00–14:00 12:00–14:00
14:00–16:00 14:00–16:00 14:00–16:00
16:00–18:00 16:00–17:00 16:00–17:00
18:00–20:00 17:00–18:00 17:00–18:00
20:00–9:00 18:00–20:00 18:00–20:00

20:00–9:00 20:00–9:00
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consumer income distribution and individual logit model to estimate the expected choice proba-
bility of choosing Internet shopping for all consumers. An aggregation bias exists, which affects
the accuracy of the optimal decision if variations in consumer income are not considered while
using an average customer income value to represent the perceptions of different consumers
regarding delay in receiving ordered goods. Table 6 lists the optimal objective function values
without and with consideration of variations in consumer characteristics.

As listed in Table 6, owing to considering variations in consumer characteristics, operators of
Internet stores employ more frequent service cycles to serve various consumers and thus satisfy
more demand. The optimal number of service cycles from models without considering variations
in consumer characteristics is two, less than for models that do consider variations. Because of
many shipments during the entire study period, the average logistics cost per item for models that
consider variations in consumer characteristics exceeds that for models that merely use an average
consumer income value; however, the operator gains more profit for models that consider varia-
tions in consumer characteristics, as illustrated in Table 6.

Besides socioeconomic characteristics such as income, consumer demand for Internet shopping
is also characterized by temporal and spatial variations, which could influence the optimal deci-
sion regarding the number and duration of service cycles. Spatial variations reflect various com-
petitions between Internet stores and retail stores in different zones. Besides spatial variations,
consumer demand also displays time-dependent distribution. Serving consumers with service cy-
cles without considering time-dependent consumer demand may incur high logistics cost and low
consumer demand. This study compares profit, average logistics cost per item and consumer de-
mand for Internet store goods from models that do and do not consider temporal and spatial vari-
ations in consumer demand of Internet shopping, respectively. For models that do not consider
spatial variations in consumer demand of Internet shopping, the average time required to access
retail stores during each hour is obtained by averaging access time to retail stores across all zones.
Additionally, consumer demand for goods during each hour for zones is uniform and obtained by
dividing total consumer demands for goods by the entire study period, namely 24 h.
Table 6
Results and the optimal objective function values without and with consideration of variations in consumers�
characteristics

Without consideration of variations
in consumers� characteristics

With consideration of variations
in consumers� characteristics

Optimal number of service cycles 2 6
Consumer demand for Internet

store goods (items)
742 864

Average logistics cost per
item (NT$)

137.30 141.41

Objective function value
(Profit, NT$)

46,545 50,569

Duration of service cycles 14:00–19:00 9:00–12:00
19:00–14:00 12:00–14:00

14:00–16:00
16:00–18:00
18:00–20:00
20:00–9:00



Table 7
Comparisons of results from models with and without consideration of temporal and spatial variations in consumer
demand of Internet shopping

Without consideration With consideration
of spatial and
temporal variations

Temporal Spatial

Optimal number of service cycles 6 5 6
Consumer demand for

Internet store goods (items)
847 840 864

Average logistics cost per item (NT$) 142.91 140.31 141.41
Objective function value (Profit, NT$) 48,355 50,139 50,569
Duration of service cycles 3:00–7:00 9:00–13:00 9:00–12:00

7:00–10:00 13:00–16:00 12:00–14:00
10:00–13:00 16:00–18:00 14:00–16:00
13:00–18:00 18:00–20:00 16:00–18:00
18:00–22:00 20:00–9:00 18:00–20:00
22:00–3:00 20:00–9:00
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Table 7 compares the results from models with and without consideration of temporal and spa-
tial variations in consumer Internet shopping demand, respectively. As listed in Table 7, though
the optimal number of service cycles from models with and without considerations of temporal
variations in consumer Internet shopping demand is the same, the durations of service cycles differ
considerably. For models that consider time-dependent consumer demand, demand increases and
logistics cost reduces because of the service cycle being densely spaced during periods with larger
demands and long duration of service cycles during night hours. Consequently, the Internet store
operator achieves increased profit. As for comparisons between model with and without consid-
erations of spatial variations, service cycles are less frequent for models that do not consider spa-
tial variations in consumer demand for Internet shopping. Moreover, profit is lower because of
issues regarding spatial variations in consumer locations and competition between Internet and
retail stores in urban and non-urban areas being ignored in optimizing the service cycles.

Delivery service strategies must not only minimize logistics costs, but also must satisfy con-
sumer needs. Previous investigations have considered physical distribution problems other than
demand–supply interaction by assuming exogenous consumer demand. This study compares
the number and duration of service cycles determined with and without demand–supply interac-
tion. A nonlinear mathematical programming model without demand–supply interaction, namely
Eqs. (24a), (24b) and (24e), is applied to optimize the service cycles, where data on consumer de-
mand for goods from Internet stores is given and displays time-dependent consumer demand for
goods, as illustrated in Fig. 2(b). For comparison, the operator is assumed to adopt an identical
market share that in models with demand–supply interaction, namely 68%.

Table 8 compares the results from models with and without demand–supply interaction. The
table shows that the optimal number of service cycles using models without demand–supply inter-
action is two, which is less than that using models with demand–supply interaction. This finding
implies that without considering demand–supply interaction, the Internet store operator seems to
minimize average logistics cost per item by assuming inelastic demand and applying the least fre-
quent service cycles. However, further applying the proposed model to calculate the revised re-



Table 8
Comparisons of results from models with and without demand–supply interaction

Model with demand–supply
interaction

Model without demand–supply
interaction

Duration of service cycles 9:00–12:00 12:00–14:00 8:00–17:00 17:00–8:00
14:00–16:00 16:00–18:00
18:00–20:00 20:00–9:00

Initial results Revised results

Consumer demand for Internet store goods (items) 864 864 720
Average logistics cost per item (NT$) 141.41 136.97 137.36
Objective function value (Profit, NT$) 50,569 54,330 45,106
Market share 68% 68% 58%
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sults, namely Eqs. (11), (17) and (22), yields lower demands because of higher delay in receiving
ordered goods with the service cycles, and implies that the operator overestimates the market de-
mand. As for models dealing with demand–supply interaction, the influence of service cycles on
consumer demands is examined in such a way that demands reduce with increasing delay in receiv-
ing ordered goods. Furthermore, consumer demands then influence operator logistics cost. Final-
ly, the optimal number and duration of service cycles from the demand–supply convergent state
leads to higher profit than for models without demand–supply interaction, as listed in Table 8.

As Chen (2001) indicated, consumers may be willing to pay a higher price for goods to receive
them faster and that different consumers have varying waiting costs. Since consumer income is
positively related to the price consumers are willing to pay for goods as Eq. (4) shows, the Internet
store operator may increase profit by serving high-income consumers with frequent service cycles
and high-priced goods. However, consumer intention to shop via the Internet may be reduced due
to the high price of goods and, thereby, influence profit. This study further investigates the rela-
tionship between consumer average hourly income, the price of goods via Internet shopping and
the optimal frequency of service cycles.

Table 9(a) lists two scenarios based on consumer average hourly income and the price of goods
via Internet shopping. The price of goods and consumer average hourly income are higher under
scenario 2 than those under scenario 1, in which the standard deviation of the probability distri-
bution of consumer income remains the same. Moreover, the percentage change in consumer
average hourly income and in the price of goods via Internet shopping between scenario 1 and
2 are both 11.65%.

Table 9(b) presents a comparison of the objective function values from scenarios 1 and 2. The
optimal number of service cycles in scenario 2 is 7, which is larger than that in scenario 1. Due to
Table 9(a)
Scenarios based on consumer average hourly income and the price of goods via Internet shopping

Scenario 1 Scenario 2

Consumer average hourly income (NT$/h) 353.4 400.0
The price of goods via Internet shopping (NT$) 1050 1188



Table 9(b)
Comparisons of results from different scenarios

Scenario 1 Scenario 2

Optimal number of service cycles 6 7
Consumer demand for Internet store goods (items) 864 865
Average logistics cost per item (NT$) 141.41 145.84
Objective function value (Profit, NT$) 50,569 166,218
Duration of service cycles 9:00–12:00 10:00–13:00

12:00–14:00 13:00–15:00
14:00–16:00 15:00–16:00
16:00–18:00 16:00–17:00
18:00–20:00 17:00–19:00
20:00–9:00 19:00–22:00

22:00–10:00
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the frequent service cycles in scenario 2, the average delay in receiving ordered goods in scenario 2
is less than that in scenario 1. Additionally, consumer demand for Internet store goods in scenario
2 is not reduced by the high price of goods. This finding indicates that as consumer average hourly
income increases, consumer demand for Internet store goods becomes less price sensitive and,
thereby, an increase in price will increase profit. Conversely, this finding also demonstrates that
consumers with high incomes are more sensitive to delay in receiving ordered goods than the price
of goods; that is, these consumers may be willing to pay more to receive ordered goods faster.
Therefore, profit in scenario 2 is increased.
6. Conclusions

Recent studies have investigated Internet shopping carriers and provider issues and their effects
on consumer services and operating strategies. Most of these empirical studies dealt these issues
by collecting empirical data and testing hypotheses. This study further develops a mathematical
programming model that can determine the optimal number and duration of service cycles for
Internet shopping by exploring demand–supply interaction and time-dependent consumer de-
mand. This study shows how demand–supply interaction can be carefully considered in advance
of solving delivery service problems. This study also shows how variations in consumer socioeco-
nomic, temporal and spatial distributions influence consumer demand for Internet store goods
and, thereby, profit.

The results show discriminating service strategy yields better objective values than uniform ser-
vice strategy, from which indicates that the Internet store operator and consumers may benefit
from spacing service cycles according to time-dependent consumer demand. This finding also sug-
gests that in practice an Internet store operator should employ frequent and short service cycles
for periods with increased demand and long service cycles when demand is very low. The results
further show that when transportation cost increases, the optimal frequent service cycles remains
the same or increases. This finding indicates that the impact of reduced consumer demand for
Internet store goods on profit is more significant than the increased logistics cost and, therefore,
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Internet store operators should employ more frequent service cycles to attract consumers and off-
set the influence of increasing costs.

The results show that variations in consumer socioeconomic, temporal and spatial character-
istics play important roles in determining the optimal number and duration of service cycles and
that not considering these variables yields reduced profit. This finding implies that the Internet
store operator should carefully investigate the temporal and spatial distribution of consumer de-
mand, income and needs and provide a delivery service strategy tailored to these criteria. For
example, service cycles could be intensely spaced for a consumer area or region with numerous
retail stores or during periods of large consumer demand. The finding also implies that consum-
ers with high income are more sensitive to delivery delay than to the price of goods and, thus,
serving these consumers with frequent service cycles for high price of goods could yield in-
creased profit.

Conversely, this study shows that without considering demand–supply interaction, the Internet
store operator typically minimizes average logistics cost per item by assuming inelastic demand
and then applying least-frequent service cycles. However, this strategy yields lower profit than
strategies that consider demand–supply interaction. In this study, demand–supply interaction is
examined in a way that reduces logistics cost due to a large accumulation of goods based on long
and less frequent service cycles; however, this strategy also results in an increased delay in receiv-
ing ordered goods, thus reducing consumer intention to shop via the Internet. Consequently, this
finding in this study implies that the delivery service strategy may not only affect consumer de-
mand for Internet store goods, but also operator logistics costs. In practice, Internet store oper-
ators may investigate the effects of service cycles on consumer demand for Internet store goods
and its relationship with logistics costs.

This study can be extended in several ways. On the demand side, this study focused only on
choice probabilities for two shopping modes rather than that among shopping stores within each
mode. Future studies may use the joint or nested logit models to determine consumer choice
probabilities for a specific Internet store. Second, the case study is based on an Internet store
selling flowers in Taiwan with a study period of one operating day. Future studies may apply
the model to different goods, such as computers and extend the study period beyond one day.
Such studies would need to examine the impact of different characteristics of goods on consumer
intention toward Internet shopping and calibrate a consumer demand function. Finally, as Chen
(2001) suggested, profit may be improved by segmenting the market and then serving different
market segments with different combinations of prices and service cycle frequencies. Future stud-
ies may expand this study�s model and address this issue by determining an optimal segmenting
strategy and investigating the relative influences of the price of goods and delay in receiving or-
dered goods on consumer intention to shop via the Internet in the contexts of these different
segments.
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