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Abstract Regarding a two-echelon supply chain consisting of a logistics service integrator
(LSI) and several functional logistics service providers (FLSPs), this paper establishes a
two-stage order allocation model considering demand updating and the FLSPs’ fairness
preferences. This model is a multi-objective programming model, whose goal is to maximize
profits of the LSI and the total utility of FLSPs. The ideal point method is used to obtain the
optimal solution. In the numerical example, the impacts of FLSPs’ behavioral parameters and
demandupdate parameters on the order allocation in the social services network are discussed.
Besides, multi-methodological method is used to verify the theoretical perspectives through
an empirical study of Tianjin SND Logistics Company. Our study obtains a few important
conclusions. For example, when demand of the second stage is updated, there is an optimal
updating time maximizing the supply chain performance. Increased demand of the second
stage results in greater supply chain performance. When the demand during the second stage
decreases, the bigger the difference of the fairness preference coefficients among FLSPs, the
greater the LSI’s profits and the lower the FLSPs’ total utility will be. However, the difference
of the fairness preference coefficients among FLSPs has little influence on the LSI’s profits
and total utility of the FLSPs, when the demand during the second stage increases.
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1 Introduction

Social network refers to the stable relationship formed by social individual member’s inter-
action, and focuses on the interaction and contact between people, and social interaction will
influence people’s social behavior (Borgatti and Everett 1997; Gómez et al. 2008; Perry-
Smith and Mannucci 2015). Social network theory has been widely applied in the enterprise
field since the 1990s (Valente 1996; Choi and Sethi 2010; Brashears and Gladstone 2016),
and various social cooperation networks have emerged. In logistics service outsourcing, the
logistics service integrator (LSI) and functional logistics service providers (FLSPs) form the
logistics service supply chain, in which the LSI integrates service capabilities from multiple
FLSPs to provide integrated logistics services for customers (such as manufacturing com-
panies) (Liu et al. 2011). In general, there are usually multiple FLSPs for one LSI. After
obtaining customer demand, the LSI assigns the orders to many FLSPs according to the
demand, and finally the FLSPs provide complete logistics service capabilities to finish the
logistics service, thus forming a network of logistics service supply chain. Logistics service
supply chain is a typical social cooperation network. For example, YTO Express of Tianjin,
a branch of YTO Express in north China, integrates 42 FLSPs in Tianjin, which provides
service capabilities such as warehousing, transportation and other human handling to help
YTO Express of Tianjin finish customer’s logistics service demand from all the 31 provinces
and autonomous regions in China (Liu et al. 2015a). During the cooperation of the LSI and
FLSPs, the LSI’s rational allocation of orders is one of the important decisions in supply
chain network management (Mallik and Harker 2004). When faced with multiple FLSPs, the
LSI knowing how to allocate the orders rationally is a key to ensuring long-term stability of
supply chain operations.

However, from the view of practice, service orders allocation decisions are often faced
with updated service needs in the service supply chain network (Fisher and Raman 1996;
Wang et al. 2015). Allocating the orders with demand update seems much more difficult.
On the one hand, changes in the total number of allocated orders will result in the order
being re-allocated, causing changes in order allocation results. On the other hand, the sec-
ond order allocation will result in a quantity difference from the first allocation. Due to the
FLSPs’ fairness preference behavior, the difference in order allocation will directly affect
the FLSPs’ utility function, thereby affecting the decision-making of the FLSPs. FLSP’s
unfair preferences exist in practice (Güth et al. 1982; Camerer 2003; Charness and Rabin
2002; Andreoni and Miller 2002). The allocation process after demand updating must take
fairness factor into account. Therefore, two key factors must be considered in order allo-
cation: demand updating and FLSPs’ fairness preferences. Without considering these two
factors, LSIs are affected. For example, during China’s online shopping market promotion
on November 11, 2011, e-commerce transactions of Taobao in China reached 3.36 billion
Yuan (Ram, 2011). Nationwide outlets of China’s YTO Express Logistics Company solely
collected a total of 2.67 million parcels. The data is constantly updated annually. On Novem-
ber 11, 2015, e-commerce transactions of Taobao in China has grown to 91.217 billion Yuan,
and YTO Express Logistics Company received a total of 53.28 million parcels, which had to
be delivered to customers across 31 provinces by their service FLSPs within 3–5days (Sun
2015). The surge in demand was completely beyond the expectations of YTO Express in
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October, and YTO Express Logistics Company’s lack of order allocation rules with demand
updating made service order allocation unfair for different FLSPs and resulted the FLSPs
preparing too much or too little service capability. Problems such as a logistics “warehouse
explosion,” delay of distribution, cargo damage were caused (Zhang and Xiao 2011; Xia
2015; Sun 2015). Some FLSPs even dropped out of collaboration with YTO Express Logis-
tics Company after the selling season. Therefore, YTO Express Logistics Company is under
great pressure during promotional period every year and urgently needs to solve the order
allocation problem under demand updating. The similar problems also occurred in China’s
SND logistics company. SND provides logistics services for companies such as Procter &
Gamble and Siemens by integrating its own capabilities and the capabilities of other FLSPs,
such as Tianjin SMF Logistics Co., Ltd., which formed a networked service supply chain. In
the logistics service network, when the demand is updated, SND will re-assign the customer
orders, and the FLSPs will adjust their existing cooperation strategies based on the fairness of
the order allocation by SND. Some FLSPs will even directly quit the cooperation with SND.
For example, in September 2015, when the demand of SND’s customer Procter & Gamble
was updated, SND re-allocated the Tianjin to Taicang City orders based on the demand.
Tianjin Jiangxin Antai Company, one of SND’s FLSPs, felt a serious injustice about the allo-
cation, finally directly gave up the orders, and announced the suspension of cooperation with
the SND. Clearly, in the case of demand update, the decision-making of the order allocation
needs to be made more scientific and rational by LSIs.

From theoretical perspective, research on supply chain order allocation has been proposed
very early. As for the methods for solving the order allocation problem, the commonmethods
are linear programming (Ghodsypour and O’brien 1998), nonlinear programming (Benton
1991) and mixed-integer programming (Ghodsypour and O’brien 2001). But these models of
order allocation have deficiencies in two aspects. On the one hand, traditional supply chain
management is usually based on the rational economic man assumption, without considering
the influence of the behavior on the order allocation. Only Liu et al. (2015a) took into account
the behavior factors in amulti-period order allocationmodel of a two-echelon logistics service
supply chain, and introduced the fairness preference function to themodel.But demandupdate
was not considered in Liu et al. (2015a). On the other hand, previous studies on the order
allocation of supply chains haven’t considered the environment of demand update. Therefore,
we will investigate the effect of fairness preference on the order allocation based on demand
update, and discuss the influence rules of increased demand and decreased demand.

This paper is expanded from Liu et al. (2015a) and Eppen and Iyer (1997a, b). Different
from Liu et al. (2015a), we studied order allocation in service supply chain with demand
update and analyzed the impacts of the lead time and the cost parameter of demand update
on supply chain coordination. Different from Eppen and Iyer (1997a, b), from the view of
practice, we considered the influence of the FLSP’s fairness preference coefficient on the
order allocation, based on which we constructed the FLSP’s utility function. We adopted the
multi-methodological method to solve the problem (Choi et al. 2015), established a two-stage
order allocation model from a theoretical perspective, and conducted an empirical study of
Tianjin SND Logistics Company to analyze the influences of demand update and fairness
preference on the order allocation and verify the theoretical conclusions. The following
problems are studied:

• What impacts will the FLSPs’ behavior of fairness preference have on their total utility,
the LSI’s profit and the total performance of the supply chain under demand update on
the basis of Liu et al. (2015a)? Will the rules be significantly different from those of Liu
et al. (2015a)?
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• After updating the demand, is there any significant difference of order allocation rules in
a supply chain in two cases of increased demand and decreased demand? What impact
will the two cases have on the total performance of a supply chain?

• Is there optimal time for demand update? Will the parameters of demand update, such as
cost update coefficient, affect the total performance of the supply chain?

In this paper, we established a multi-objective order allocation decision model, whose
goal is to maximize profits of the LSI and the total utility of the FLSPs. Then we solved the
model and conducted a series of numerical analysis, then discussed the impacts of FLSPs’
behavioral parameters and demand update parameters on the order allocation. Besides, multi-
methodological methods are used in this paper, verifying the theoretical perspectives through
an empirical study of Tianjin SND Logistics Company. This paper makes contribution in
two aspects. On the one hand, we introduced inequity aversion function into the service
supply chain order allocation problem, and explored the interaction effects of demand update
and fairness preference behavior on task assignment. On the other hand, some important
conclusions in this paper have very good guidance on the task allocation decisions for LSIs.
For example, the LSI should select optimal time to update the demand for greater supply chain
performance. In addition, fairness preferences of the FLSPs will have different influences on
supply chain performance under increased demand and under decreased demand, so the LSI
should select different order allocation strategies.

The remainder of the paper is organized as follows: Sect. 2 is a literature review regarding
order allocation, fairness preference and demand update. Section 3 is model building and
assumptions. Section 4 establishes an order allocation model of a two-echelon logistics
service supply chain considering the FLSP’s fairness preference with demand update, and
it shows the solving method of the model. Section 5 is numerical simulation; the effect
of different behavioral parameters and related demand updating parameters on the order
allocation results is analyzed. Section 6 presents an empirical case of Tianjin SND Logistics
Company. The main conclusions and future research will be given in Sect. 7.

2 Literature review

Our research is mainly concerned with the order allocation of a two-echelon logistics ser-
vice supply chain considering the FLSP’s fairness preference with demand update. Thus,
the literature review is mainly related to fairness preference theory and fairness preference
function, supply chain order allocation, and supply chain coordination with demand update.
Our research aims will be proposed after summarizing the literature and its deficiencies.

2.1 Inequity behavior and fairness preference function

Fairness centers on how people are treated by others, especially the requirement that they
be treated alike, in the absence of significant differences between them, so fairness behavior
is closely related to social network theory (Judd et al. 2011; Choi and Messinger 2016).
Social network theory, a new research paradigm of sociology, originates from the 1930s and
matures in the 1970s (Freeman 1978). Social network refers to the stable relationship formed
by social individual member’s interaction, and focuses on the interaction and contact between
people, and social interaction will influence people’s social behavior (Borgatti and Everett
1997; Gómez et al. 2008; Perry-Smith and Mannucci 2015). Social network theory has been
widely applied in the enterprise field since the 1990s (Valente 1996; Choi and Sethi 2010;
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Brashears and Gladstone 2016). Logistics service supply chain network contains logistics
services integrators and logistics service providers, which refer to the traditional functional
logistics enterprise, such as transportation enterprise, storage enterprise, etc. Their businesses
are often limited to a particular region due to single and standard service function. Finally,
the providers are integrated by logistics service integrator as suppliers in the construction of
national and even global service network (Liu andWang 2015; Christopher 2016). Therefore,
logistics service supply chain is a typical social cooperation network. In the logistics service
supply chain, there are close relationship and interaction between the LSI and FLSPs, so
fairness and behavior problem is also one of the important issues in logistics service supply
chain management (Tate 1996; Bottani and Rizzi 2006; Wang et al. 2016).

Enterprises sometimes may act contrary to their self-interests, which is an unnatural phe-
nomenon in the cooperation of the supply chain. Therefore, behavior operations have been
a branch of operations management in recent years. In general, the utility function is usu-
ally used to analyze and describe the behavior and underlying motivation of the enterprise
decision-making in the operations theory (Larsen et al. 1999; Choi et al. 2015). For the
discussion of equity behavior, a series of easily used equity preference utility functions has
been put forward, stemming from the simplification of form and feasibility of handling since
the 1990s. Rabin (1993) proposed a creative way to formalize the first reciprocity model
based on motivation equity of equity preference theory, in which an equilibrium model of
equity preference is obtained by building a good function and a reciprocity function. On the
basis of Rabin (1993), Fehr and Schmidt (1999) proposed adverse inequality and an unequal
favorable utility function according to human selfishness and an attempt to keep equity with
other members of the group, which was used in other operations literature, such as Liu et al.
(2015a). Bolton and Ockenfels (2000) proposed an equity preference utility function based
on equality, reciprocity, and competition, which shows that comparisons are not just pairwise
among supply chain members; instead, some members will judge the equity according to the
ratio between their own income and the average income of the entire group. Behavior opera-
tions research, especially Camerer (2003), introduced behavioral factors into the analysis of
agent utility, which corrected the traditional utility functions. Falk and Fischbacher (2006)
used psychology to extend equity preference to the game between the participants, combining
equity preference and experimental economics to establish and analyze a theoretical model.
Different from the goodwill and malicious metric function in Rabin (1993), they quantified
the degree of goodwill and malicious degrees by income differences among members. These
previous studies made equity preference theory mature, but research in which preference the-
ory is applied to the supply chain order allocation is rarely done. Only Liu et al. (2015a) used
the fairness preference function proposed in Fehr and Schmidt (1999). Fairness preference
utility function is the most common type of function; therefore, this paper will also draw on
the modeling process based on the theory of fairness preference utility function proposed in
Fehr and Schmidt (1999) with an attempt to explain the influence of behavioral factors on
the supply chain order allocations.

2.2 Supply chain order allocation

Research on order allocation is one of the hot spots in the field of supply chain management.
However, scholars are mainly involved in the order allocation among multi-suppliers and
multi-cycles under limited production capacity or limited service capacity, most of which
concentrate on the order allocation of manufacturing products (Basnet and Leung 2005;
Demirtas and Üstün 2008; Zhang et al. 2016). Most research models are constructed using
multi-objective programming, such as the the objective integer programming model and

123



182 Ann Oper Res (2018) 268:177–213

the 0–1 integer programming model. In the complicated models, a hybrid algorithm based
on a combination of genetic algorithms (GAs) and heuristic rules is also a commonly used
method (Che andWang2008). In recent years, some scholars have considered amore complex
environment, taking order allocation together with other factors, such as supplier selection,
inventory and BOM information into consideration, which has gradually become an impor-
tant trend of research. For example, some scholars use the Analytic Hierarchy Process (AHP)
to select vendors, allocating the orders by building multi-period dynamic integer program-
ming models according to the result of selection (Mafakheri et al. 2011). Analytic network
process (ANP) is also used for supplier evaluation, according to which orders are allocated
by establishing fuzzy multi-objective linear programming models (Lin 2012). In the research
on order allocation, the manufacturing sequence, manufacturing time and other factors are
considered combined with BOM information, resulting in the establishment of a non-linear,
dynamic, multi-objective integer programming model, which can be solved by genetic algo-
rithms (GAs) (Che and Wang 2008). A dynamic random integer programming model is
designed in some studies of order allocation when considering inventory factors, which can
be solved by a heuristic algorithm (Zhou et al. 2011).

With the rise of supply chain services in recent years,more andmore scholars have begun to
explore the order allocation problems in service supply chains,most ofwhich relates to supply
chain logistics services. In the field of logistics and supply chain services, the complexity of
the order allocation environment is considered in some studies, such as the distribution of
environmental emergency (Liu et al. 2011) and the mass customization service environment
(Liu et al. 2013); behavioral factors have been considered in other studies, such as the order
allocation research considering prospect theory (Liu et al. 2014) and order allocation study
considering inequity averse behavior (Liu et al. 2015a). However, these studies do not take
into account the updated demand environment, nor do they combine the updated demand
environment and inequity averse behavior.

In addition to the field of logistics and supply chain services, some scholars have explored
the order allocation problem in the supply chain, in which service characteristics are added.
For example, Wei et al. (2013) studied the issue of a supplier allocating fixed service capacity
to two retailers, and found that the retailers’ strategies in the game won’t be affected by the
supplier’s allocation rules. Eruguz et al. (2014) explored the optimal reorder intervals R
and order-up-to levels S in the service supply chain with commitments situation, in which a
sequential optimization procedure is used to solve the problem.

2.3 Supply chain coordination research considering demand updating

In order to be responsive to changes in the market, demand information collection and
consumer preferences are critical, some scholars such Choi and Sethi (2010) reviewed the
information updating systematically from supply and demand aspects respectively. Existing
literature on demand update can be divided into two types according to the source of demand
formation: one is based on the observed market demand signal information (Gurnani and
Tang 1999; Zhang et al. 2013); the other is based on actual observed demand (Bradford
and Sugrue 1990; Eppen and Iyer 1997a, b; Tsay 1999; Milner and Rosenblatt 2002). Eppen
and Iyer (1997a, b) is most similar to this paper. They studied a two-stage model with two
opportunities to meet the demand, in which orders are played at the beginning of the first
phase, and the demand will be updated according to the actual observed market demand after
the initial realization of demand in order to re-correct the orders in the second stage to meet
the market demand.
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From the content of the supply chain coordination with demand update, related research
mainly includes two fields: One is the retailer updating the demand to optimize ordering
policy; the other is supply chain coordination with demand update. In the study of ordering
strategies, the single selling season of fashion products with two replenishment opportunities
was the first to be researched (Bradford and Sugrue 1990; Eppen and Iyer 1997a, b). From
the supply chain perspective, research on two replenishment opportunities began earlier
with Gurnani and Tang (1999), who studied retailers using observed demand information
based on market signals to update the demand and optimize a two-stage ordering decision
problemunder uncertain demand. Subsequently,many scholars extended the problem tomore
complex cases and explored the second order problem in many cases, such as retailers being
allowed to purchase goods in external markets (Sethi et al. 2004), service level constraints
(Sethi et al. 2007), and a number of products (Miltenburg and Pong 2007a, b). In the supply
chain coordination, there are also many scholars such as Tsay (1999), Donohue (2000), and
Milner andRosenblatt (2002)who conducted research on demand update and pointed out that
supplier and retailer conducting a proper contract can improve the supply chain’s profit when
themarket demand can be predicted. Chen et al. (2006) studied the pricing and inventory joint
decision-making problems with demand update and random demand, and finally designed
a buy-back contract to share the market risk. Liu et al. (2015b) studied the two-stage batch
ordering strategy of logistics service capacity with demand update. From the above two
aspects of the literature, the existing literature on demand update mainly studies newspapers
andmagazines, DVDs, food,medicines and other perishable goods, and only regards the price
or lead time and order quantities as a decision variable. However, the research on logistics
service demand order allocation strategies is rare.

2.4 Summary of literature review

As can be seen from the above review of the literature, the independent research on supply
chain order allocation, inequity behavior and fairness preference function, and supply chain
coordination considering demand updating are relatively abundant. Although there are some
studies combining the supply chain order allocation and behavioral factors or demand update,
the combination of the three studies hasn’t yet emerged, namely, the study of supply chain
logistics services order allocation models with demand update considering FLSP’s fairness
preference. Therefore, to combine the dual characteristics of FLSP’s fairness preferences and
demand update, the integrated allocation strategy of logistics service will be the focus of this
study. This paper is expanded fromLiu et al. (2015a) and Eppen and Iyer (1997a, b). Different
from Liu et al. (2015a), we studied order allocation in service supply chains with demand
update and analyzed the impacts of the lead time and the cost parameter of demand update
on the supply chain coordination. Different from Eppen and Iyer (1997a, b), we considered
the influence of FLSP’s fairness preference coefficient on the order allocation from reality,
and constructed FLSP’s utility function based on the fairness preference coefficient. This
paper establishes a two-stage order allocation model considering FLSP’s fairness preference
with demand update, and discusses the impacts of FLSP’s behavioral parameters and demand
update parameters on the order allocation.

3 Problem description and model assumptions

In this section, the problem and basic assumptions are described in detail. Notations used in
model building are listed as well. In Sect. 3.1, both the problems and the decision process
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of order allocation are described. In Sect. 3.2, important assumptions and notations in our
model are listed specifically.

3.1 Problem description and the decision process

Suppose a logistics service supply chain consisting of an LSI and n FLSPs that cooperate
with each other. The model assumes that some of the logistics service capability needed by
customers comes from the LSI itself, the rest comes from its FLSPs. There are two stages of
the customer’s demands, and the specific sequence of events is as follows:

In the first stage, the LSI and the FLSPs distribute the profits and the costs with revenue-
sharing contracts, with the sharing ratio set by the LSI. The LSI predicts market demand
and shares information with the FLSPs, and then allocates the orders initially according to
the original market forecast in order to better respond to fluctuations in demand caused by
demand update. Taking into account the requirements of equitable distribution, the order
allocation result is open to the each FLSP, namely that the FLSPs know the number of orders
assigned to each other. The FLSPs’ satisfaction and feelings of equity about the LSI are
generated based on the result of order allocation. Finally, the customer’s demand is finished
at the end of the first stage.

In the second stage, the customer’s demand will change on the basis of the demand of the
first stage. The LSI updates the demand information before achievement of the customer’s
demand of the second stage, with a lead time t . Meanwhile, the FLSPs adjust the quoted
price of the current phase based on the degree of satisfaction with the allocation result in the
first stage. Finally, the LSI allocates orders and supply chain members get their own profits
after the customers’ demand achievement of the second stage.

3.2 Model assumptions

Except for those presumptions, other related assumptions are given as follows:

Assumption 1 Assuming an LSI and n FLSPs have a long-term cooperation. The LSI
receives customers’ orders and finishes some of the orders with its own logistics service
capability and allocate the others to various functional logistics service FLSPs. In order to
achieve fairness, the result of the order allocation is open, and the allocation results can
be known by all FLSPs. With demand uncertainty considered, the demands are assumed to
be random variables following normal distribution N (μ, σ 2) (Zhang et al. 2013; Liu et al.
2015a).

Assumption 2 Due to the market volatility, the market demand still meets a normal dis-
tribution after the demand update in the second stage, and the distribution parameters are
concerned with the update time t . Based on the method of Cheng (2012), the updated demand
distribution is assumed that (X |ξ) ∼ N

(
μ (ξ) , υ2

)
, in which ξ is an estimate of the demand

according to the collected demand information at a lead time of t before the second stage. The

expectation of the updated demand is μ(ξ) = σ 2μ+τ 2(t)ξ
σ 2+τ 2(t)

, variance is υ2(t) = 1
σ−2+τ−2(t)

.

In which, τ (t) is the demand forecasting accuracy, and τ (t) = γ ebt , γ > 0. The details of
proof process are listed in Appendix.

Assumption 3 The LSI and the FLSPs are supposed to distribute the profits and the costs
with revenue-sharing contracts in both stages and the profit distribution coefficient of the
FLSP i is set as (1 − ri ) (Giannoccaro and Pontrandolfo 2009). ri is the profits distribution
coefficient of the LSI.
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Assumption 4 Toguarantee fairness of the order allocation, theLSI does not allow theFLSPs
to form alliances or conspiracy relationship (Huang et al. 2013). In the order allocation,
each FLSP maximizes its own utility with fairness concern, which is true in the actual
logistics service provider market. For instance, Baogong Logistics Company, one of the
largest LSI in China, integrates more than 500 storage companies, more than 1200 highway
transportation companies, and over 500 manual loading and unloading companies into its
chain and then delivers the integrated logistics services to its customers, such as Procter &
Gamble, Philips and etc. (Liu et al. 2014). Therefore, there is full of competition among
the numerous FLSPs when Baogong Logistics Company allocates its orders to its FLSPs.
BaogongLogistics Company requests its FLSPs involved in the order allocations signing self-
discipline agreement to avoid forming an alliance relationship with each other. Otherwise, the
FLSPswill be eliminated from the order allocation because of their violation of self-discipline
agreement.

All the related symbols are explained in Table 1.

4 Model building

4.1 The decision model in the first stage

An order allocation model of a logistics service supply chain considering fairness preference
will be set up in this section. It is a multi-objective programming model, and the objective
functions and constraint conditions of the model are as follows:

(1) The objective function 1: Maximization of the LSI’s profit

Set λ as the LSI’s unit income to provide logistics capacity. ci,1 is unit quoted price of the
FLSP i in the first stage. K represents the profit rate of the LSI’s own service capability, and
� is the order allocated to the LSI’s own capacity. The LSI’s profit of logistics services in

the first stage can be expressed as
n∑

i=1
ri
(
λ − ci,1

)
xi,1. Thus we get objective function 1 as

follows, which maximizes the LSI’s profit in the first stage:

max Z1,1 =
n∑

i=1

ri
(
λ − ci,1

)
xi,1 (1)

(2) The objective function 2: Maximization of FLSPs’ overall utility

In this paper, this fairness preference function is introduced into the measurement of the
FLSPs’ utility. First, di,T is set as the original order allocation utility of FLSP i in period T .
According to Liu et al. (2011), di,T is expressed as follows,

di,T =

⎧
⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

θ+
i

xi,T
, xi,T > θ+

i

di,0 + xi,T −θ−
i

θ+
i −θ−

i

(
1 − di,0

)
, θ−

i ≤ xi,T ≤ θ+
i

xi,T
θ−
i
di,0, 0 < xi,T < θ−

i

i = 1, 2, . . . n; T = 1, 2;

(2)

where the available range of logistics capacity for FLSP i is [θ−
i , θ+

i ] and di,0 is the initial
utility of FLSP i when the order volume of FLSP i is equal to θ−

i . θ+
i , θ−

i and di,0 can all be
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Table 1 Notations for the model

Symbol Description

ci,1 The price of unit logistics service capability for FLSP i at the first stage

ci,2 The price of unit logistics service capability for FLSP i at the second stage

c′i,1 The cost of unit logistics service capability for FLSP i at the first stage

c′i,2 The cost of unit logistics service capability for FLSP i at the second stage

cg Cost coefficient of the demand update

αi The fairness preference coefficient of FLSP i in disadvantageous inequity

βi The fairness preference coefficient of FLSP i in advantageous inequity

Ai,T The utility decrease of FLSP i in the T th period at disadvantageous
situation i =1, 2, . . . , n; T=1,2; the same as below

Bi,T The utility decrease of FLSP i in the T th period at advantageous situation

di,T The order volume allocation utility of FLSP i in the T th period

di,0 The initial utility of FLSP i when the order volume of FLSP i is equal to θ−
i

ei The weight of FLSP i

ξ Estimation of the demand according to the demand information collected
during lead time t before the second stage (Estimated Demand Average)

K The profit rate for the LSI’s own service capability

ki The constant patience limit of FLSP i .

n The total number of FLSPs

ρi,T The inequity feeling of FLSP i in the T th period

ri The profits distribution coefficient of FLSP i

R The total orders of logistics service demand in every period

θ−
i The capacity lower limit provided by FLSP i

θ+
i The capacity upper limit provided by FLSP i

υi,T The adjusted order allocation utility (AOAU) of FLSP i in the T th period

wi1 The weight of FLSP i’s profit to its utility

wi2 The weight of FLSP i’s fairness preference to its utility

λ The unit logistics service capacity

� The orders assigned to the LSI’s own service capability

τ(t) Demand forecasting accuracy, reflecting the closeness of accurate demand
forecast to actual demand

xi,T Order volume of FLSP i allocated by LSI in the T th period

Z1,T LSI’s total profits in the T th period

Z2,T FLSP’s total utility in the T th period

TP Total performance of the supply chain

obtained by investigation when the LSI conducts the order allocation. Second, υi,T is set as
the AOAU of FLSP i in the T th period.

On the basis of the di,T , with inequity aversion function (Liu et al. 2015a), we introduce
the utility function vi,T , which represents the utility due to the fairness preference of FLSP
i , which is shown in Eq. (3).
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vi,T = di,T − αi

∑n
j=1 max(x j,T − xi,T , 0)

(n − 1)
∑n

j=1

∣
∣x j,T − xi,T

∣
∣

−βi

∑n
j=1 max(x j,T − xi,T , 0)

(n − 1)
∑n

j=1

∣
∣x j,T − xi,T

∣
∣ = di,T − Ai,T − Bi,T (3)

where xi,T denotes FLSP j’s allocated order volume in the T th period. αi and βi represent the
fairness preference coefficient at a disadvantageous or advantageous situation respectively,
which can be obtained by the questionnaire to the FLSPs set by the LSI or behavioral experi-
mental approach. Thesemethods have been discussed in supply chain order allocationmodels
considering fairness preference (Cui et al. 2007; Ho and Su 2009; Katok and Pavlov 2013;
Ho et al. 2014; Choi and Messinger 2016). Ai,T denotes the utility decrease of FLSP i in
the T th period at a disadvantageous situation and Bi,T denotes the utility decrease of FLSP
i in the T th period at a disadvantageous situation. According to the formula (3), the inequity
feeling of FLSP i in the T th period is ρi,T , ρi,T = Ai,T +Bi,T

di,T
.

• Structure of each FLSP’s total utility function

The comprehensive order allocation utility (COAU)of FLSPs is divided into twoparts. The

first part comes from the profit of the FLSP, namely,
(1−ri )(λ−ci,1)xi,1−c′

i,1xi,1
λxi,1

. Its denominator
is income from FLSP i providing logistics service capacity and its numerator is the net profit
of FLSP i . The second part comes from the order volume, namely, vi,1. Then, the weight of
each part is set as wi1 and wi2, respectively, and wi1 + wi2 = 1. Thus, the COAU of FLSPi

in the T th period is wi1
(1−ri )(λ−ci,1)xi,1−c′

i,1xi,1
λxi,1

+wi2vi1. FLSPs’ utility function varies from
0 to 1 after the standardization process, which is different from the general utility function
in previous researches.

• Total utility function of all FLSPs

Assume the weight of the FLSP i is ei ,
n∑

i=1
ei = 1, and we can get the second objective

function which maximizes the utility function of all FLSPs in the first phase:

max Z2,1 =
n∑

i=1

ei

[

wi1
(1 − ri )

(
λ − ci,1

)
xi,1 − c′

i,1xi,1

λxi,1
+ wi2vi1

]

(4)

(3) The constraints of the model

There are three constraints in this model: (1) the LSI should have adequate capacity to meet
the customers’ demand; (2) The allocation results should be profitable for the LSI; (3) The
allocation results should meet the participation constraint.

First, the LSI should have adequate capacity tomeet the customers’ demand.With demand
uncertainty and R ∼ N (μ, σ 2) considered, an opportunity constraint Pr ob(

∑n
i=1 xi ≥ R) =

α is set and αrepresents the probability of meeting customers’ demand. For example, when
α = 95%, the total capacity of FLSPs can meet 95% of the customers’ demand at least.
According to Liu et al. (2011), the uncertain demand constraints can be transformed and the
transformed constraint is

∑n
i=1 xi + � = μ + −1 (α) σ .
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Second, the allocation results should be profitable for the i th FLSP. The i th FLSP’s profit
of unit logistics service capacity in the first stage is (1 − ri )

(
λ − ci,1

)
xi,1 − c′

i,1xi,1. And
then it must satisfy (1 − ri )

(
λ − ci,1

)
xi,1 − c′

i,1xi,1 > 0.
Finally, the allocation results shouldmeet the equity constraint. The participation condition

of order allocation for an FLSP is to ensure that its inequity feeling is lower than its patience
limit, which means ρi,1 < ki . Therefore, the order allocation model in the first stage is as
follows:

max Z1,1 =
n∑

i=1

ri
(
λ − ci,1

)
xi,1 + Kλ� (5)

max Z2,1 =
n∑

i=1

ei

[

wi1
(1 − ri )

(
λ − ci,1

)
xi,1 − c′

i,1xi,1

λxi,1
+ wi2vi1

]

(6)

s.t.

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(1 − ri )
(
λ − ci,1

)
xi,1 − c′

i,1xi,1 > 0
n∑

i=1
xi,1 + � = μ + −1 (α) σ

ρi,1 < ki
xi,1 ≥ 0
n∑

i=1
ei = 1

n∑

i=1
θ−
i ≤ R ≤

n∑

i=1
θ+
i

0 < � ≤ �0

0 < K < 1
i = 1, 2, . . . , n

(7)

In Eq. (7), the first constraint represents that the LSI’s order price should be greater than the
FLSP’s unit service cost; the second constraint is that all FLSPs’ capability should meet the
demand of customer orders; the third constraint means that the inequity feeling of each FLSP
in the first phase should be below the limit; the fourth constraint shows the tasks assigned to
each FLSP are not negative; the fifth constraint is an equation constraint, which indicates the
sum of the weight of each FLSP’s utility is 1; the sixth constraint denotes that customers’
requirements will be lower than all FLSPs’ total capability; the seventh constraint shows
that the LSI’s own service capability must be in a certain range; finally, the eighth constraint
represents the range of the unit profit rate of the LSI’s own capability.

4.2 The model in the second stage

After the implementation of customer demand in the first phase, the customers’ demand will
change on the basis of customer demand in the first stage. Then the LSI will decide the
optimal time to update demand information, at the same time the FLSPs will adjust the effort
of the current phase according to the satisfaction with the result of the order allocation in the
first stage, resulting in affecting the unit quoted price of the FLSP. Finally, LSI allocates the
orders to all FLSPs.

4.2.1 The process of Bayesian updating

According to the assumptions, the average demand before demand update is unknown, while
the variance is known. The average and variance after demand update are all unknown,
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but updated demand still meets the normal distribution and the distribution parameters are
related to information and the lead time of the demand update (Pratt et al. 1995). During
the demand update process, we observe the current demand information of average and
variance firstly, and then decide the average and variance on the basis of the lead time
of demand update. The longer the lead time, the less accurate the prediction, and the less
the prediction cost will be. According to the Assumption 2, the expectation of the updated

demand isμ(ξ) = σ 2μ+τ 2(t)ξ
σ 2+τ 2(t)

, variance is υ2(t) = 1
σ−2+τ−2(t)

. ξ is an estimate of the demand
according to the demand information collected during lead time before the second stage. We
define ξ > μ as increased demand, namely the estimate of the demand is higher than the
average demand before the second stage. Also, ξ < μ is defined as decreased demand,
namely the estimate of the demand is smaller than the average demand before the second
stage. The τ (t) represents the prediction accuracy and keep a logarithmic relationship with
the update time: τ (t) = ζeβt . Therefore, taking Iyer and Bergen (1997) as a reference, we
assume that the price proposed by the FLSPs after updating the demand is associated with
forecasting accuracy and fairness preference in the first stage, namely, the more accurate the
prediction and the fairness preference in the first stage, the higher the quoted price. So we

set ci,2 = ci,1
(
1 + 1

τ(t)

) (
1 + ρi,1

)
. For the LSI, updating the demand will also produce the

update cost, which is proportional to the update time t and cost coefficient of the demand
update, namely Cg, then the updated cost for the LSI will be

Cg
γ τ(t) .

Cg
γ

represents the cost of
demand update when the lead time of demand update t close to zero.

4.2.2 Model objectives and constraints

(1) Objective function 1: maximization of the LSI’s profit

In the second stage, the FLSPs will adjust the quoted price of the current phase according
to the satisfaction with the result of the order allocation in the first stage. After the demand
update, the LSI will allocate the orders according to the new demand distribution. Therefore,

the profit of the LSI and FLSP i is ri
[(

λ − ci,2
)
xi,2 − Cg

τ(t)

]
+ Kλ�, where the first part is

the revenue gained by cooperation, the second part is the demand update cost, and the third
part is the profit from LSI’s own capacity. The resulting objective function 1 is as follows,
which maximizes the profits of the second phase:

max Z1,2 =
n∑

i=1

{
ri

[(
λ − ci,2

)
xi,2 − Cg

τ (t)

]
+ Kλ�

}
(8)

(2) Objective function 2: maximization of the FLSPs’ total utility

Similar to the first phase, the FLSPs’ total utility consists of two parts. The first part
comes from the profits of the FLSPs. The second part comes from the order volume related
to fairness preference. Its denominator is income from FLSP i providing logistics service
capacity and its numerator is the net profit of FLSP i . The second part comes from the order

volume. Then the i th FLSP’s profit utility is

[
(λ−ci,2)xi,2− Cg

τ(t)

]
(1−ri )−c′

i,2xi,2

λxi,2
. The final order

allocation utility of FLSP i due to fairness preference is vi,2. Therefore, the total utility of
FLSP i in the second stage can be represented as:
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wi1

[(
λ − ci,2

)
xi,2 − Cg

τ(t)

]
(1 − ri ) − c′

i,2xi,2

λxi,2
+ wi2vi2

The total utility of all FLSPs is shown as Eq. (9).

max Z2,2 =
n∑

i=1

ei

⎧
⎨

⎩
wi1

[(
λ − ci,2

)
xi,2 − Cg

τ(t)

]
(1 − ri ) − c′

i,2xi,2

λxi,2
+ wi2vi2

⎫
⎬

⎭
(9)

(3) The constraints of the model

Similar to the first stage model, there are three important constraints for the model in
the second stage, namely that the FLSPs’ capabilities must satisfy the constraints of the
customer’s demand, the FLSPs gain positive revenues and the requirement of the FLSPs’

fairness constraints. In particular, (1 − ri )
[(

λ − ci,2
)
xi,2 − Cg

τ(t)

]
− c′

i,2xi,2 > 0 represents

the profits of the FLSP i is positive;
∑n

i=1 xi,2 + � = μ (et ) + −1 (α) σ denotes that the
orders allocated to all FLSPs should meet the demand of customer order; ρi,2 < ki shows
that the tasks assigned to each FLSP are not negative.

Therefore, the order allocation model in the second phase is as follows.

max Z1,2 =
n∑

i=1

{
ri

[(
λ − ci,2

)
xi,2 − Cg

τ (t)

]
+ Kλ�

}
(10)

max Z2,2 =
n∑

i=1

ei

⎧
⎨

⎩
wi1

[(
λ − ci,2

)
xi,2 − Cg

τ(t)

]
(1 − ri ) − c′

i,2xi,2

λxi,2
+ wi2vi2

⎫
⎬

⎭
(11)

s.t.

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(1 − ri )
[(

λ − ci,2
)
xi,2 − Cg

τ(t)

]
− c′

i,2xi,2 > 0
n∑

i=1
xi,2 + � = μ (et ) + −1 (α) σ

ρi,2 < ki
xi,2 ≥ 0
n∑

i=1
ei = 1

n∑

i=1
θ−
i ≤ R ≤

n∑

i=1
θ+
i

0 < � ≤ �0

0 < K < 1
i = 1, 2, . . . , n

(12)

Z1,2 represents the profit maximization of the LSI in the second stage, and Z2,2 is the
overall utility maximization of the FLSPs. In equation (12), the first constraint represents that
the LSI’s order price should be greater than the FLSP’s unit service cost; the second constraint
is that the orders allocated to all FLSPs should meet the demand of customer orders; the third
constraint shows that the tasks assigned to each FLSP are not negative; the fourth constraint
means that the feelings of fairness preference of each FLSP in the first phase should be below
the limit; the fifth constraint is an equation constraint, which indicates the sum of the weight
of each FLSP’s utility is 1; the sixth constraint denotes that customers’ requirements will be
lower than all FLSPs’ total capability; the seventh constraint shows that LSI’s own service
capability must be in a certain range; finally, the eighth constraint represents the range of
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the unit profit rate of the LSI’s own capability. We need to note that, as the market demand
changes, demand of the second stage may increase or decrease compared with the first stage.

4.3 Model solution

Earlier researches often solve the two-stage ordering models by dynamic programming
method, namely getting the optimal value by reverse solving (Zheng et al. 2015). Demand
update is based on the predicted demand update information before the first-stage ordering
instance, rather than the actual observed market signals after the first-stage ordering oppor-
tunity (Gurnani and Tang 1999; Donohue 2000; Song et al. 2014). In this way, the first
stage ordering decision will depend on the ‘observed’ market signals during the interval,
which are unknown when the first-stage ordering strategy is made. This traditional model-
building and solution methodology actually is based on the forecasted market signals, rather
than observed market signals during the interval (Liu et al. 2015b). In this paper, we aim to
study the logistics service capacity ordering strategy with actual ‘observed’ demand update
signals. In addition, in reality, with the development of information technology, the enter-
prises’ capability of information collection has improved greatly. As a result, the buyer tends
to adopt actual observed demand update information rather than predicted demand update
information in its demand update process to increase the efficiency and accuracy of demand
update (Liu et al. 2015b). For example, TAOBAO will update the sales amount every month
based on that of the last month instead of the predicted demand update information. Thus, we
do not build a traditional nested dynamic programming model based on backward induction;
rather, we follow the decision sequence and establish a two-stage ordering model based on
decision sequence.

Besides, in this paper, the LSI makes decisions about the order allocation in both the first
stage and the second stage according to time, namely, the customer’s demand achieved after
the order allocation of the demand in the first stage. The customer’s demand in the second
stage changes on the basis of the demand in the first stage, and the FLSPs will adjust their
efforts in the second stage according to the fairness preference in the first stage, resulting in
affecting the unit logistics capacity of the FLSPs. The LSI updates the demand based on the
above and makes the second allocation. Hence, we would like to study the observed market
demand signals and explore the logistics supply chain order allocation in this case. Similar
to Eppen and Iyer (1997a, b), a sequential solution should be used in this paper when solv-
ing the two-stage model. First solve the first model, and then take it into the second model.
Because these are multi-objective programming models, the multi-objective programming
problem-solving idea transforms themulti-objective problem into a single objective problem;
therefore, the ideal point method can be used to solve the above two models.

Step 1: Because there are two objective functions for the two models in this paper, we
might as well set the objective function for Z1 and Z2 for simplicity. Solve the optimal value
Z∗
1 of the Z1 without considering the other objective function Z2; at the same time solve the

optimal value Z∗
2 of the Z2 without considering the other objective function Z1. Therefore,

the combination of the optimal solution Z∗ = (Z∗
1 , Z

∗
2), which is the ideal point.

Step 2: the normalization of the objective function. Because Z1 and Z2 are not in the same
dimension therefore, we must normalize them.

Z ′
1 = Z1/Z

∗
1 ; Z ′

2 = Z2/Z
∗
2

Step 3: construct the evaluation function. Because the ideal point is generally difficult to
achieve, we can seek the closest point Z∗ as an approximation, and the evaluation function
is constructed as follows:
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Table 2 Parameter settings
FLSP ci [θ−

i , θ+
i ] wi1 wi2 ei ri d0i ki

A1 24 [15, 40] 0.4 0.6 0.3 0.5 0.3 0.6

A1 15 [20, 35] 0.4 0.6 0.5 0.4 0.35 0.6

A3 26 [25, 45] 0.3 0.7 0.2 0.6 0.35 0.6

φ[Z(x)] =
√

δ(Z1/Z∗
1)

2 + (1 − δ)(Z2/Z∗
2)

2 (13)

In formula (11), δ is the weight of the two objective functions after the normalization .
Step 4: minimization of the ϕ[Z(x)], namely,

min
x∈D φ[Z(x)] =

√
δ(Z1/Z∗

1)
2 + (1 − δ)(Z2/Z∗

2)
2 (14)

The constraints of the twomodels are shown as formula (7) and formula (12), respectively.
Because ϕ[Z(x)] is the combination of the LSI’s profit goal and the FLSPs’ total utility

goal, ϕ[Z(x)] can be viewed as the total performance of the supply chain (TP).

5 Numerical analysis

This section verifies the validity of the model through numerical analysis, explores the influ-
ence of related parameters on the overall supply chain performance, and further puts forward
effective suggestions for supply chain optimization. The numerical analysis is conducted on
a PCwith 2.4 GHz dual core processor, 2 GBmemory andWindows 7 system.We programed
and simulated numerical results using Matlab R2008 software. In Sect. 5.1, basic values of
the numerical analysis will be given, and the data setting is completely the same as in Liu et al.
(2015a). In Sect. 5.2, the influences of the fairness preference on the total performance of the
supply chain, the LSI’s profit and the total utility of FLSPs will be shown. In Sect. 5.3, the
influences of the cost parameters on the total performance of the supply chain, the LSI’s profit
and the total utility of the FLSPs will be shown. In Sect. 5.4, the two cases of increased and
decreased demand will be discussed, and the influence of the demand on total performance
of the supply chain, the LSI’s profit and the total utility of the FLSPs will be analyzed.

5.1 Basic data

Arbitrary parameter settings and numerical results to demonstrate the model validity and
applicability are not acceptable. As we discussed the research motivation in the introduction,
in order to compare the research results of Liu et al. (2015a) which do not consider the factor
of demand updating, we will use the same data setting as Liu et al. (2015a) in numerical
analysis. Suppose that there were three FLSPs, A1, A2 and A3, providing logistics service
to LSI B, and LSI B would assign orders to all the FLSPs. It is assumed that the transport
capacity demanded by B follows normal distribution N(100, 4) (α = 95%), which can be
obtained by market observation. Unit logistics service capacity income λ = 60. Weight δ

equals 0.5 which can be obtained through expert scoring and analytic hierarchy process.
K = 0.8. Take the simulation data of Cheng (2012) as a reference, set γ = 1, b = 0.2. The
transport capacities of A1, A2 and A3 are shown in Table 2.

ki is obtained by a survey measure of patience in terms of a question that asks respondents
to indicate their general impatience (Vischer et al. 2013). The accurate question is that “If
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Fig. 1 Total performance when ξ < μ

your company participates the order allocation, what’s your tolerance of unfair?” Answers
are coded on a 10-point scale, with “0” referring to “very impatient” and “10” referring to
“very patient”. For example, if the respondents answer is 6, which means his patience is 6/10,
that is 0.6. αi and βi can be obtained by questionnaire survey set by the LSI or behavioral
experimental approach, which has been discussed in supply chain order allocation model
with fairness concern (Cui et al. 2007; Ho and Su 2009; Katok and Pavlov 2013; Ho et al.
2014; Choi and Messinger 2016). d0i could be obtained when the utility functions is tested
with scaling judgments (Cross 1982; Fisman et al. 2007).

The order allocation result in the first stage is calculated using the Matlab software:

x1,1 = 22.143, x2,1 = 23.289, x3,1 = 34.343, � = 23.515

Z∗
1,2 = 4058.0, Z∗

2,2 = 0.387. Take the xi,1 into the model of the second stage, and we can
get the total performance of the supply chain is 0.773.

5.2 The influence of estimate market demand ξ on the order allocation after
demand updating

When studying the influence of estimate market demand on the result of the order allocation,
we set αi = 0.3, βi = 0.2, Cg=500. When ξ > μ, we set ξ = 120, ξ = 130, ξ = 140;
when ξ < μ, we set ξ = 80, ξ = 85, ξ = 90. The influence of ξ on the result of the order
allocation is shown in Figs. 1, 2, 3, 4, 5 and 6.

FromFigs. 1 and 2, we can find that when ξ > μ, the total performance of the supply chain
is greater than that when ξ < μ, which suggests that increased demand will result in greater
total performance of the supply chain. No matter ξ > μ or ξ < μ, total performance of the
supply chain first increases and then stabilizes with the increase of the lead time of demand
update, so there exists an optimal updating time. Less lead time requires a higher flexible
ability for enterprises, resulting inmore costs.When the lead time increases to a certain value,
updating demand won’t produce much value, and therefore supply chain performance is no
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Fig. 2 Total performance when ξ > μ
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Fig. 3 Profit of the LSI when ξ < μ

longer of great change. In addition, when the lead time of the demand update is certain, the
higher the average market demand is, the greater the total performance of the supply chain
will be.

We can get from Figs. 3 and 4 that when ξ > μ, the profit of the LSI is greater than that
when ξ < μ, which suggests that increasing demand will lead to increased profit of the LSI.
Profit of the LSI first increases and eventually stabilizes with the lead time of the demand
update, so there exits an optimal updating time, which is consistent with Figs. 1 and 2. In
addition, from Fig. 3, when ξ < μ, the bigger the estimate market demand ξ is, the greater
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Fig. 4 Profit of the LSI when ξ > μ
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Fig. 5 Utility of FLSPs when ξ < μ

the profit of the LSI will be, as demand will have direct influence on the profit of the LSI.
However from Fig. 4, we can find when ξ > μ, the estimate market demand ξ has little
impacts on the profit of the LSI, because when the demand decreases, profit of the LSI is so
little that small change of demand won’t cause influence on profit of the LSI.

We can get from Figs. 5 and 6 that when ξ > μ, utility of the FLSPs is greater than
that when ξ < μ, which suggests that increasing demand will lead to increased utility of
the FLSPs. Simultaneously, utility of the FLSPs first increases and eventually stabilizes with
the lead time of the demand update, which indicates an optimal updating time. It can be
seen from Fig. 5 that when ξ < μ, the estimate market demand ξ has little impacts on the
total utility of the FLSPs., because the LSI will decrease the orders allocated to itself when
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Fig. 6 Utility of FLSPs when ξ > μ

faced with decreased demand in order to keep its FLSPs’ satisfaction. But from Fig. 6, we
can find that when ξ > μ, total utility of FLSPs increases with the estimate market demand
before updating the demand. This is because the LSI will reallocate the new increased market
demand fairly to his FLSPs for their satisfaction.

5.3 The influence of fairness preference on the order allocation

When studying the influence of FLSPs’ fairness preference on the result of the order alloca-
tion, we set Cg=500, and then discuss the effects in three following cases when ξ = 120 and
ξ = 80.

Scenario 1: α1 = α2 = α3 = 0.3, β1 = β2 = β3 = 0.2,
Scenario 2: α1 = 0.28, β1 = 0.18;α2 = 0.3, β2 = 0.2;α3 = 0.32, β3 = 0.22
Scenario 3: α1 = 0.2, β1 = 0.1;α2 = 0.3, β2 = 0.2;α3 = 0.4, β3 = 0.3
Scenario 1 represents fairness preference of the three FLSPs are the same. Scenario 2

shows small difference among the fairness preference of the three FLSPs. Scenario 3 shows
big difference among the fairness preference of the three FLSPs. The consequence is shown
in Figs. 7, 8, 9, 10, 11 and 12.

We can get from Figs. 7 and 8 that total performance of the supply chain first increases
eventually stabilizes with the lead time of the demand update, which is consistent with Fig. 1.
From Fig. 7, we can get that the lower the difference of fairness preference among the FLSPs
is, the greater the total performance of the supply chain will be. Because different fairness
preferences of the FLSPs makes the final order allocation result depend on the fairness factor
andweakens the effect of the profit. Thus it’s better to select FLSPswithoutmuch difference in
the fairness preference for the improvement of the total supply chain performance. However
from Fig. 8, we can obtain that when the lead time is certain, the difference of fairness
preference among the FLSPs has less influence on the total supply chain performance when
ξ > μ than ξ < μ. This is because when the demand increases, the LSI’s profits will have
a larger proportion in the total performance, thus reduce the FLSP ’s fair effects on total
performance.
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Fig. 8 Total performance when ξ > μ

We can get from Figs. 9 and 10 that the profit of the LSI first increases and eventually
stabilizes with the lead time of the demand update, which is consistent to the conclusion in
Figs. 3 and 4. It can be seen from Fig. 9 that when ξ < μ, the lower the difference of fairness
preference among the FLSPs is, the greater the profit of the LSI will be. This is because the
LSI hopes that their FLSPs have varying degrees about fairness preference, thus improving
the flexibility and reducing the difficulty of the order allocation. However when ξ > μ, the
difference of fairness preference among the FLSPs will have little impacts on the profit of
the LSI.

We can get from Figs. 11 and 12 that utility of the FLSPs first increases and eventually
stabilizes with the lead time of the demand update, which is consistent to the conclusion in
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Fig. 9 Profit of the LSI when ξ < μ
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Fig. 10 Profit of the LSI when ξ > μ

Figs. 5 and 6.When ξ < μ, the bigger the difference of fairness preferences among the FLSPs
is, the lower the utility of the FLSPs will be. As the difference of fairness preferences will
cause the final order allocation to mainly depend on fairness factor, and the profit utility will
decrease, and so does the total utility. But when ξ > μ, the difference of fairness preference
among the FLSPs will have little impacts on the total utility of the FLSPs. This is because
when the demand increases, profit utility is so large that the utility difference of fairness
preference would not be so obvious.
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5.4 The influence of cost coefficient of the demand update on the order allocation

When studying the influence of FLSPs’ fairness preference on the result of the order alloca-
tion, we set α1 = α2 = α3 = 0.3, β1 = β2 = β3 = 0.2, and then discuss the effects in three
cases of Cg=300, Cg=400 and Cg=500 when ξ = 120 and ξ = 80. The consequences are
shown in Figs. 13, 14, 15, 16, 17 and 18.

As is shown in Figs. 13 and 14, when ξ > μ, total performance of the supply chain first
increases and eventually stabilizes with the lead time of the demand update. We can know
from Fig. 13 that when the lead time of the demand update is certain, Cg has little impacts
on the total performance of supply chain. This is because total performance of supply chain
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Fig. 14 Total performance when ξ > μ

depends on the overall effect of the two functions of theLSI andFLSPs, and the results brought
by the functions of the LSI and FLSPs are offset when ξ < μ, thus the total performance
of supply chain won’t change. It can be seen from Fig. 14 that Cg also has little impacts on
the total performance of supply chain. Because when faced with increased demand, the cost
of demand update has little influence on the profit of LSI and the total utility of the FLSPs,
resulting in little impact on the total performance of supply chain.

As can be seen from Figs. 15 and 16, when ξ > μ, the profit of the LSI first increases
and eventually stabilizes with the lead time of the demand update, which is consistent with
the conclusion of Figs. 3 and 4. Besides, we can see from Fig. 15 that when ξ < μ, the
bigger the cost coefficient of the demand update is, the greater the profit of the LSI will be,
which is consistent with the expected results. However, from Fig. 16, we can obtain that when
ξ > μ, the cost coefficient of the demand update has little impacts on the profit of the LSI,
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Fig. 16 Profit of the LSI when ξ > μ

as the increased market demand will bring significant growth of profit for the LSI, resulting
in negligible reduction of profit for the LSI caused by the increased cost coefficient of the
demand update.

As can be seen from Figs. 17 and 18, utility of the FLSPs first increases and eventually
stabilizes with the lead time of the demand update. It can be seen from Fig. 17 that when
ξ < μ, the bigger Cg is, the greater the total utility of the FLSPs. Because the larger the
demand cost, the more accurate the update will be, leading to increased FLSPs’ profit utility,
which results in increased total utility of FLSPs. In addition, from Fig. 18, we can get that
when ξ > μ,Cg has little impacts on the total utility of the FLSPs. This is because the
current profit is so large that demand cost only accounts for a small proportion, and will not
produce large fluctuations.
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5.5 Discussion

From the above numerical analysis, we can find the estimate of the demand before the second
stage, fairness preference coefficient of the FLSPs and the cost coefficient of demand update
will have influence on the total performance of supply chain, profit of the LSI and the total
utility of the FLSPs. The impact relationships are shown in Table 3.

In addition, there is an optimal updating time for the LSI, the FLSPs and the supply chain.
When faced with decreased demand, the higher the estimate of the demand before the second
stage is, the greater the profit of the LSI will be, but the total utility of FLSPs won’t change.
However when faced with increased demand, the higher the estimate of the demand before
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the second stage is, the greater total utility of FLSPs will be, but profit of the LSI won’t
change.

6 Model application: a case examination from Tianjin SND Logistics
Company

In this section, we will use the case of Tianjin SND Logistics Company to analyze and verify
the conclusions put forward by the above models.

According to the theory of social network, social network refers to the relatively stable
relationship system formed by interaction among social members. Social network is con-
cerned with the interaction and connection between people. Therefore, social interaction will
affect people’s social behavior, in which Tianjin SND Logistics Company can be taken for
an example. Tianjin SND Logistics Company, a professional FLSP and LSI, was founded in
June 2007 and now has more than 500 staff and 30 branch offices covering main metropolises
in China. It is also one of the top 10 logistics companies in Tianjin. Currently, SND has more
than 210 FLSPs, which are providers of SND. SND currently has incorporated 2000 trucks
of capacity and more than 160,000 square meters of warehouses, in addition, SND also
owns more than 30 vehicles as its own capacity. By integrating the service capacity of these
FLSPs, SND has successfully established widespread business relations and a cooperation
networkwithmore than 20multi-nationalmanufacturing enterprises, such as Procter&Gam-
ble, Siemens, and Delphi, and is able to provide personalized services according to clients’
requirements.

In the networked supply chain structure, SND must take full account of various social
behaviors, such as fairness preference behavior of the upstream FLSPs, in satisfying the
customer’s demand. For example, SND provides logistics services for Procter & Gamble,
Siemens, Carrefour,Mars andKimberly-Clark through the integration of Tianjin SMFLogis-
tics Co., Ltd., Beijing XKST Logistics Co., Ltd., Tianjin HONGWU Logistics Co., Ltd.,
Tianjin CQY Cargo Transport Co., Ltd. and other 10 providers, thus forming a network of
social service supply chain, which are shown in Fig. 19. In this social service network, when
the demand changed, SND will re-assign order tasks to the upper six FLSPs according to the

Siemens

Carrefour 

Mars 

Kimberly-Clark 

Procter & Gamble Tianjin SMF Logistics Co., Ltd.

Beijing XKST Logistics Co., Ltd.

Beijing BYTD Logistics Co., Ltd. 

Tianjin KAD Logistics Co., Ltd.

Tianjin CQY Cargo Transport Co., Ltd

Tianjin HONGWU Logistics Co., Ltd.

SND 

Fig. 19 The SND-centered logistics service supply chain network
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demand of downstream client, such as Procter & Gamble. The six FLSPs will adjust their
existing pricing strategy based on the fairness of the allocation, which will affect the final
task allocation results and the overall supply chain performance. So the demand update of
downstream customer in the supply chain and the fairness preference behavior of upstream
FLSPs in the supply chain will affect the final order allocation results and supply chain
performance.

With demand updating, SND allocates the customers’ orders reasonably taking into
account the FLSPs’ behavior of fairness preference. And the typical practice is as follows.

Firstly, the demand of SND’s customers often varies with time. Especially on the New
Year’s Day, National Day and other major festivals, customer demand changed greatly, hence
the demand needs to be updated. Managers of SND said that “If the update time is early
enough, SND’s FLSPs can prepare the service capability well, but the poor update accuracy
will also produce extra costs. When the update time is too late, the FLSPs of SND will lack
enough service capability stock, which will result in reduced ability to respond to market
changes for SND. Therefore, SND must consider the influence of update on data accuracy
and flexibility of the FLPS’s when selecting an optimal update time”. In addition, according
to our survey, the total performance is better in peak season than in off-season no matter
for SND or its FLSPs. Turnover of SND’s two FLSPs are listed in Table 4 when they are
in response to sudden increase customer demand of Procter & Gamble in May 2015. It can
be seen from Table 4 that in the case of a surge in demand (such as in May 2015 and June
2015), logistics business turnover brought to SND by Procter & Gamble also showed rapid
growth trend. Table 4 also shows the growth of the logistics business of two providers of
SND. The first FLSP—the logistics business of Tianjin HONGWU Logistics Ltd. shows a
growing trend; the second FLSP—the logistics business of Tianjin CQY Cargo Transport
Co., Ltd. also appears a growing trend. However, the growing speed of HONGWU Logistics
is less than that of CQY Cargo Transport.

Therefore, this case can verify the conclusions from Figs. 1, 2, 3„ 4, 5 and 6, namely that
the total performance of supply chain will be better when ξ > μ than ξ < μ, thus increased
demand will lead to increased profit of LSI and total utility of FLSPs, resulting in increased
total performance of supply chain.

Secondly, according to our research, difficulty of updating demand information is dif-
ferent for SND’s customers. It’s much difficult to update the demand for some customers,
while easier for others. Generally, SND will update the demand information one month in
advance before the peak season (such as New Year’s Day, the National Day), then it collects
customer’s demand information to predict demand and share the information with FLSPs. In
the peak season, increased demand will produce obvious rising supply chain performance,
having masked the impact of demand updating cost to a certain extent. In the off-season,
due to the small volume of business, the cost of updating information will have more obvi-
ous impact on profit of the LSI, so SND does not cost that much in terms of information
update, only update information simply. Therefore, this case can verify the conclusions from
Figs. 1, 2, 3, 4, 5, and 6, namely that the lower the cost coefficient of update demand, the
greater the profit of the LSI will be when ξ < μ; while ξ > μ, cost coefficient of update
demand has little influence on profit of the LSI.

Thirdly, fairness will be required by the SND’s provider in the process of order allocation,
and fairness, impartiality, openness must be guaranteed by SND. SND will also choose
similar FLSPs without much difference of fairness preferences to increase provider’s utility
according to the requirements of providers.Meanwhile, SND designed a corresponding order
allocation process, but also various providers can learn assignment progress and results from
allocation process. Generally, when SND allocates orders to its FLSPs, cooperation with the
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FLPSs in the next stage will be affected if the order allocation is unfair, and some FLSPs
may quit the cooperation with SND. Especially in the off-season, this phenomenon will be
more obvious, while in the peak season, the rising demandwill reduce the effect to the overall
performance largely, so this phenomenon is not expressively so prominent. Thus, for the entire
supply chain performance, it is most conducive for long-term cooperation to select FLSPs
with similar degree of fairness preferences. Therefore, this case can verify the conclusions
from Figs. 7, 8, 9, 10, 11 and 12, namely that the lower the difference of fairness preference
among the FLSPs, the greater the total performance of supply chain will be. When ξ < μ,
the difference of fairness preference coefficient will reduce the total utility of the FLSPs,
while when ξ > μ, the difference of fairness preference coefficient has little influence on
total performance of supply chain.

7 Conclusions and management insights

In this paper, a two-stage order allocationmodel consideringFLSPs’ fairness preferenceswith
demand update was established, and Matlab R2008 numerical simulations were performed
to study the impacts of increasing and decreasing demand, lead time of the updated demand
information, the FLSPs’ feelings of inequity and the cost coefficients of the demand update
on the coordination of the logistics service supply chain. Muti-methodological method is
used in this paper, studying the problem by modeling analysis and empirical study. Our study
obtained some important conclusions and management implications. Main conclusions will
be shown in Sect. 7.1. Implications for managers and researchers are displayed in Sect. 7.2.
Future research directions are provided in the end of Sect. 7.2.

7.1 Main conclusions

There are three main conclusions. Firstly, in the logistics service network, demand update
and fairness preference will affect the order allocation strategy and cooperative behavior
of the network members. When the demand is updated, the fairness preference behavior of
the FLSPs will affect their total utility and thus influence their cooperation strategy such as
quotation strategy towards the LSI, which will affect the order allocation strategy of the LSI
and the overall performance of the supply chain. This finding improves the existing social
network theory from behavioral perspective.

Secondly, total performance of supply chain first increases and eventually stabilizes with
the lead time of the demand update, so there is an optimal updating time. Cost coefficient of
demand update has little influence on the total performance of supply chain.

Thirdly, there are different rules under increased demand and decreased demand. When
demand is increased, the higher the estimation of the demand before the second stage is, the
greater the total utility of FLSPs will be, but the profit of the LSI won’t change. Difference
of fairness preferences among the FLSPs has less influence on total performance of supply
chain, the profit of the LSI and the total utility of the FLSPs compared with that under
decreased demand. When demand is decreased, estimation of the demand before the second
stage has a positive correlation with the total performance of supply chain and the profit of
the LSI, but the total utility of FLSPs won’t change.
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7.2 Insights for manager and researcher

From a manager’s point of view, this article has a number of management insights on LSIs
and FLSPs. For the LSI, first, the increase of market demand is beneficial to its own profit,
therefore, from the perspective of long-term cooperation, the LSI’s efforts should be to
improve the accuracy of demand forecasting and reduce demand update costs. Second, if the
LSI is concerned with overall performance of the supply chain, it should select FLSPs with
similar degree about fairness preference and the order allocation must be equitable to reduce
the loss aversion of the FLSPs’ fairness preferences. Third, the LSI should choose an optimal
lead time t of the demand information update; bigger or smaller t will be both unfitted. For
the FLSPs, FLSPs should establish certain coordination (such as income compensation) with
LSIs or to establish a certain FLSP alliance to try to reduce their sensitivity degree of inequity.
At the same time, FLSPs and LSIs should unite and establish a reasonable income allocation
mechanism to minimize the impact of fluctuations in demand, which is conducive to making
the supply chain system achieve higher profits and increase the overall utility of the FLSPs.

From a researcher’s point of view, this paper has a theoretical inspiration in two main
aspects. On the one hand, this article analyzed and studied the actual decision problems from
the perspective of behavioral operations management and introduced the fairness preference
function to the order allocation problems of the service supply chain. Because the fairness
preference exists in a wide variety of problems, this factor can be applied to the allocation
problems in other areas of the supply chain. On the other hand, the modeling of this paper
considered the demand update factor and introduced the concept of prediction accuracy, and
built the order allocation model of the second stage according to a decision-making sequence
based on the observed information update. Thesemodeling ideas can be used for other similar
research on demand update as a reference.

This paper still has some drawbacks. For example, the demand information update con-
sidered in this paper is based on actual collection of demands, rather than the traditional
modeling mode of predicted-updating information, so subsequent researchers can refer to
the modeling idea of this paper and can also compare the differences between two ways of
demand updating between the allocation results and finally show comparative advantages
and disadvantages of the two methods of updating. In addition, this paper has not discussed
the scenario of capacity combination, in future studies, researchers can try to establish the
order allocation considering the FLSPs’ capacity match combined with the prospect theory
based on Liu et al. (2014) to investigate order allocation with demand update.
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Appendix

Referring to Cheng (2012), the proof is listed as follows.
In this proof, we combine the Bayesian updating theory and lead time. If the lead time is

T0, retailer orders at T0 which is the normal lead time. When the lead time is Tn , the retailer
orders at Tn which is the shortest lead time. The practical lead time point t can take values
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T0 Tn 0T1 T2

The normal lead 
time

The shortest 
lead time

Sales point

Fig. 20 The expressions of lead time

from T0 to Tn when demand will be updated. Sales point is 0, and the below timeline chart
is shown in Fig. 20.

Bayesian demand forecast modifies the demand information through mixing the collected
information samples into the existing information and updating the demand distribution.
Collected information can be derived from market signal sent from pre-seasonal product
(Choi et al. 2004). We assume the market demand obeys normal distribution of θ , which
represents themathematical expectation of demand, so the conditional distribution of demand

is p ( X | θ) ∼ N
(
θ, σ 2

)
, P ( X | θ) = (

2πθ2
)−n/2

exp

{
− 1

2θ2

n∑

i=1
(xi − θ)2

}
, in which σ 2 is

known. Bayesian view is that any unknown quantity can be regarded as random variables,
described with probability distribution, which is called prior distribution. So we can obtain
the prior distribution of θ according to the experience and data information before demand
update (Choi et al. 2015).

Variance is a reflection of the prediction accuracy, so it has a certain relationship with
updated lead time, namely the later the demand update and the smaller the lead time, the
more fully the collected information, and the smaller the variance should be. We assume
the relationship between prediction accuracy τ and t is τ(t) = ebt , and θ also obeys the
normal distribution, namely when the lead time of demand update is t , the mean of θ is
μ, the variance is τ 2(t), then the prior distribution of θ is f (θ) ∼ N (μ, τ 2(t)). π (θ) =
(
2πτ(T0)2

)−1/2
exp

{
− 1

2τ(T0)2
(θ − μ)2

}
.

Joint distribution of X and θ can be written as

h (X, θ) = k1 · exp
{
−1

2

[
nθ2 − 2nθ x̄ +∑n

i=1 x
2
i

σ 2 + θ2 − 2θμ + μ2

τ(t)2

]}

In which, x̄ = 1
n

n∑

i=1
xi , k1 = (2π)−(n+1)/2τ(t)−1σ−n

.

If A = n
σ 2 + 1

τ 2(t)
, B = nx̄

σ 2 + μ

τ 2(t)
,C =

n∑

i=1
x2 i

σ 2 + μ2

τ 2(t)
then,

h (X, θ) = k1 · exp
{
−1

2

[
Aθ2 − 2Bθ + C

]}

= k1 · exp
{

− (θ − B/A)2

2/A
− 1

2

(
C − B2

A

)}

Note that A, B and C are all irrelevant with θ, then the marginal density function of sample
can be calculated.

m(X) =
∫ +∞

−∞
h(X, θ)dθ = k1 · exp

{
−1

2

(
C − B2

A

)}
(2π/A)1/2
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Posteriori distribution can be obtained by Bayesian formula.

π (θ |X) = h (X, θ)

m (X)
= (2π/A)1/2 exp

{
− 1

2/A
(θ − B/A)2

}

This shows that in a given sample, posteriori distribution of θ is N (B/A, 1/A), namely

θ/M ∼ N

(
nx̄σ−2 + μτ−2(t)

nσ−2 + τ−2(t)
,

1

nσ−2 + τ−2(t)

)

When the lead time of demand update is t , estimation of the demand according to the
demand information collected during T0 ∼ t before the second stage is ξ , namely x̄ =
ξ, n = 1. Hence, μ(ξ) = σ−2

σ−2+τ−2(t)
ξ + τ−2(t)

σ−2+τ−2(t)
= σ 2μ+τ 2(t)ξ

σ 2+τ 2(t)
υ2(t) = 1

σ−2+τ−2(t)
.

The posteriori distribution of θ is f (θ |ξ ) ∼ N (μ(ξ), υ2(t)). The demand distribution is
m (X |ξ ) ∼ N

(
μ (ξ) , σ 2 + υ2(t)

)
.
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