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Abstract
We develop a bi-objective optimization for a retailer product line, composed of substitutable
variants, that seeks tomaximize the retailer’s profit and consumer surplus concurrently, where
the surplus is measured as a utility scaled in dollars. With fast-moving consumer goods
in mind, we utilize a deterministic, price-dependent, utility model to develop the demand
function. The problem is then formulated as a bi-objective mixed-integer nonlinear program.
The ε-constraint method is used to fully develop the set of Pareto optimal solutions for this
problem. Specifically, we derive analytical bounds on the values of ε that lead to Pareto
optimal solutions. We then propose a scheme with simple steps that allows developing as
many efficient solutions, as needed. To overcome the computational burden, we adopt a
linearization scheme, which recast the problem into an integer-linear program that proves
to be solvable within couple CPU seconds for large, industry-size, instances with tens of
products and numerous consumer segments. Numerical examples on small- and large-size
instances indicate that providing the customer with a high surplus level typically requires low
prices and, surprisingly, small assortments (to reduce fixed costs). Another counter-intuitive
observation that we make is that the price of a product sometimes raises when the required
customer surplus level in the market is increased. This is due to cannibalization among
products and change in the optimal assortment structure.

Keywords Multi-objective optimization · Assortment planning · Pricing ·
Retail management · ε-constraint method

1 Introduction andmotivation

Recent years have seen the rise of sophisticated analytical tools in retail operations manage-
ment. This is fueled by (1) the shift from manufacturing to services with the emergence of
the “post-industrial age” (Wei 2005), (2) the wide availability of data and the high interest in
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utilizing analytics in decision making (Baker 2008). The significance of work in this area led
to a new retail management paradigm that some are referring to as “rocket science retailing”
(Fisher 2009). The majority of works in the emerging trend of retail analytics are focused
on three main inter-wind tactical retail decisions on pricing, assortment and inventory (e.g.,
Ghoniem and Maddah 2015; Kok et al. 2009; Maddah et al. 2011, 2014).

To the best of our knowledge, all the works that target optimizing the key tactical retail
decisions adopt a single-objective of maximizing the retailer’s profit. However, in practice
retailers are often concerned with satisfying their customer needs and growing demand for
their products, and have major concerns such as increasing footfall, increasing market share,
maintaining customer loyalty, keepingupwith the competition, etc., in addition tomaximizing
profit. In fact, in several interviews thatwe hadwith the topmanagement ofmajor supermarket
chains, the executives questioned the validity of several models that we proposed to them
and criticized the central focus on maximizing profit as a sole driver of the decision making
process. As a remedy, for this gap between theory and practice, we propose a bi-objective
optimization model that seeks to concurrently maximize the retailer’s profit and the customer
surplus.

In this paper, the customer surplus, i.e., the difference the customer reservation price and
the retail price, is seen as a surrogate for the retailing practice objectives of footfall, market
share, loyalty, etc.Our demand function is generated by aggregating consumer preferences for
several customer segments. Such a demandmodel is common in marketing (e.g., Dobson and
Kalish, 1988, 1993), and more recently in retail operations management (e.g., Ghoniem and
Maddah 2015; Ghoniem et al. 2016). The resulting model involves deterministic demand for
the products, which is driven by pricing and assortment decisions. Such deterministic demand
is observed for many products, in practice, especially fast-moving consumer goods (FMCG)
such as groceries and other long-cycle durable products typically sold in supermarkets with a
steady customer base and a reliable supply. Some recent studies and industry reports confirm
the existence of such demand patterns in practice. For example, Sarnevitz (2007) mentions
such deterministic demand models in describing SAS retailing decision support system.
Moreover, Ghoniem and Maddah (2015) apply nonlinear regression on-demand data for a
Tuna category from a US supermarket and find that a demand function based on a price-
dependent, deterministic utility provides a good fit.

Our model focuses on optimizing the retailer’s profit and the customer surplus for a
category of substitutable products, with the pricing and assortment as decision levers. Such
pricing and assortment models are common in bothmarketing (e.g., Dobson andKalish 1988,
1993; Green and Krieger 1985, 1987; MacBride and Zufryden 1988; Kohli and Sukumar
1990) and operations management (e.g. Ghoniem andMaddah 2015; Ghoniem et al. 2016; Li
and Huh 2011; Subramanian and Sherali 2010). Several of the related marketing papers (e.g.,
Dobson and Kalish 1993; Green and Krieger 1985) consider optimizing retailer profit and
customer surplus objectives similar to ours. However, each objective is addressed separately
with a “profit problem” and “surplus problem” typically analyzed with the main objective of
tailoring suitable heuristics.

Some of the operations management works consider side constraints in the profit model
formulation aimed at addressing practical considerations such as target market share and
price ranges (e.g., Subramanian and Sherali 2010). However, none of the works in either
marketing or operations management examines maximizing profit and surplus (or any other
customer satisfaction criterion) concurrently in a way that reveals the trade-offs in pricing
and assortment decisions. The main contribution of this paper is analyzing the key trade-offs
between the retailer bottom line (profit) and the customer needs (surplus) via the pricing and
assortment decision levers. Specifically, we develop a bi-objective, profit-surplus, mathemat-
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ical program and propose a comprehensive approach for identifying the set of Pareto optimal
solutions.

Our highly applicable approach, with instances of tens of products solved in couple CPU
seconds, is based on an effective linearization scheme from the recent related literature (e.g.,
Ghoniem and Maddah 2015) and the method of ε-constraint for analyzing multi-objective
problems (e.g., Chankong and Haimes 1983; Lin 1976).

The remainder of this paper is organized as follows. Section 2 presents a formulation of the
classic single-objective problem of assortment and pricing planning for profit maximization.
Section 3 presents a similar formulation aimed at maximizing customer surplus and develops
a simple closed-form solution for this problem. Section 4 formulates a bi-objective, profit-
surplus, formulation for assortment and pricing planning. Section 4 also utilizes results and
constructs from Sects. 2 and 3 to propose an effective scheme for identifying the set of Pareto
optimal solutions based on the ε-constraint method. Section 5 presents numerical results for
small- and large-size instances of the problem in Sect. 4 that serve to illustrate the application
of the model, demonstrate computational tractability, and draw managerial insights. Finally,
Sect. 6 concludes the paper and presents ideas for future research.

2 The retailer profit problem

Let � � {1, 2, …, n} be a set of products from which the retailer composes the assortment.
Consider a market with m consumer segments that make purchase decisions over a selling
season. Customer segment i comprising si customers, i � 1, … m, purchases at most one
product from � in a way that maximizes surplus (utility). Consumer i surplus from Product
j is the difference between its reservation price, αij , and the retail price, pj. The utility of
the no-purchase option, j � 0, is zero. A customer segment buys a product that yields the
maximum positive surplus. If no product yields a positive surplus, the customer opts for a
no-purchase. Adding Product j to the assortment incurs a fixed cost f j. In addition, the unit
cost of Product j is cj. Let zj be a binary variable such that zj � 1 if and only if Product j is
offered in the optimal assortment. In addition, let xij be a binary variable such that xij � 1 if
Customer i purchases Product j.

The profit problem involves jointly determining the assortment to offer (decision variables
zj) and prices (decision variables, pj) in a way that maximizes profit. This can be formulated
as the following nonlinear integer program denoted by APPO (assortment and pricing profit
optimization). The objective function in (1) maximizes profit. Constraints (2) and (3) ensure
that a customer chooses a product that maximizes nonnegative surplus, or buys nothing.
Constraint (4) requires that a customer segment purchases at most one product from the
offered assortment. (This implies that all si customers in a Segment i buy the same product, or
buy nothing. Ghoniem and Maddah 2015 propose ideas to relax this assumption.) Constraint
(5) enforces selection from the products offered in the assortment. Finally, Constraints (6) and
(7) aggregate product demand and enforce binary and non-negativity restrictions on decision
variables, respectively.

APPO-Maximize � �
n∑

j�1

[
p j d j − c j d j − f j z j

]
(1)

subject to
n∑

k�1

(αik − pk)xik ≥ (
αi j − p j

)
z j , ∀i, j (2)
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n∑

k�1

(αik − pk)xik ≥ 0, ∀i (3)

n∑

j�0

xi j � 1, ∀i (4)

xi j ≤ z j ∀i, j (5)

d j �
m∑

i�1

xi j si , ∀ j (6)

x, z binary, p, d ≥ 0 (7)

ProblemAPPO has received significant attention in the literature. The reader is referred to
Dobson and Kalish (1993) and Ibrahim et al. (2014) for base formulations similar to APPO,
and Ghoniem and Maddah (2015) and Ghoniem et al. (2016) for recent works involving
expansions on the supply and demand sides of APPO.One recent enhancement in the solution
methodology of APPO involves linearization. We avail of one such linearization scheme in
our solution for the bi-objective profit-surplus problem in Sect. 4.

3 The customer surplus problem

We consider the total surplus customers make in the market, as defined in Sect. 2. This can
be seen as the total utility (scaled in dollars) gained by all customers in the market. The
customer surplus problem is formulated in the nonlinear integer program APSO (assortment
and pricing surplus optimization) that follows. Note that APSO has the same constraints and
decision variables as the profit problemAPPO in Sect. 1, in addition to a constraint restricting
the prices above the unit costs in (8). This constraint allows avoiding eccentric “loss leader”
cases, which do not contribute to this paper’s objective of balancing profit and surplus. The
main difference is the objective function (1a) which measures total customer surplus.

APSO-Maximize W �
n∑

j�1

m∑

i�1

xi j si
(
αi j − p j

)

subject to (2)−(7)

(1a)

p j ≥ c j , ∀ j (8)

Theorem 1 shows that APSO has a simple closed-form solution by noting that maximum
customer surplus involves prices set atmarginal costs and constructing an optimal assortment,
accordingly.

Theorem 1 An optimal solution to APSO is characterized by

(i) Prices pj*=cj, j ∈ S*,
(ii) Product selection given via xij � 1, if and only if j � j̄(i)where j̄(i) � max

j∈�
(αi j −c j ),

and xij � 0, j ∈ Ω|{ j̄(i)}, i ∈ 1,…,m,

(iii) An assortment S∗ �
m⋃

i�1
{ j̄(i)},

(iv) A maximum customer surplus W ∗ �
m∑

i�1
si [αi, j̄(i) − c j̄(i)].
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Proof The proof is by construction. Note that W ≤ W ∗ � ∑m
i�1 si [αi, j̄(i) − c j̄(i)] and that

setting xij � 1 if and only if j � j̄(i) and p j̄(i) � c j̄(i) yields an objective value equal to W*.

Furthermore, it can be verified that the solution xij � 1 and z j � 1 if and only if j � j̄(i),
i∈C, and p j̄(i) � c j̄(i) is feasible as it satisfies Constraints (2)–(7).

Theorem 1 establishes that an optimal solution to the customer surplus problem APSO
is characterized by prices equal to marginal costs and an assortment having products each
offering a customer segment maximum “average margin” (reservation price minus unit cost).
This result is similar to a fundamental result in economics where price equals marginal cost
under perfect competition (see, for example, Pindyck and Rubinfeld 2013, pp. 279–287, for a
recent account). The commonmarket setting for perfect competition is amarket withmultiple
firms offering a single and homogeneous productwith no barriers to entry and exit.Ourmodel,
in this paper, considers a single firm offering multiple substitutable products. Theorem 1
implies thatmaximizing customer surplus is equivalent to assuming that a competitivemarket
exists for each product that the firm offers.

Theorem 1 has important implications for the bi-objective, profit-surplus, optimization
in Sect. 4, as it facilitates the search for efficient solutions via the ε-constraint method by
utilizing the maximum surplus W* as an upper bound on ε.

4 Bi-objective profit-surplus optimization

Based on Sects. 2 and 3, a two-objective problem that is sought to balance the retailer profit
and the customer surplus would be

APPSO-Maximize � �
n∑

j�1

[
p j d j − c j d j − f j z j

]
(1)

Maximize W �
n∑

j�1

m∑

i�1

xi j si
(
αi j − p j

)
(1a)

subject to (2) − (8)

The solutions of APPSO that we are seeking are Pareto optimal solutions, which are
defined as follows. Let p � (p1, p2, …, pn) denotes the pricing variables, z � (z1, z2, …,
zn) denotes the assortment variables, and y � (p, z). Further, let �(y) and W (y) respectively
denote the profit and surplus resulting from a feasible solution y. Then, a solution y* is Pareto
optimal if there exists no other feasible solution y such that�(y)≥�(y*) and W (y)≥W (y*),
with at least one of the two inequalities being strict.

For solving APPSO and obtaining Pareto efficient solutions, we utilize the ε-constraint
method, where we consider maximizing profit subject to a constraint enforcing a lower bound
on the customer surplus.

The ε-constraint method is expected to perform well in our setting. In general, it is known
that the ε-constraint method does not have the scaling behavior of goal programming and
other weight-based methods. In particular, when some of the solutions are non supported, as
it is the case with the integer linear program, in this paper, goal programming and weight-
based methods are not guaranteed to generate all efficient solutions (e.g., Abdelaziz et al.
1999; Ehrgott 2005; Visée et al. 1998). This is not the case for the ε-constraint method. The
only challenge with the ε-constraint method is typically to find the full range of ε values that
lead to efficient solutions. In this paper, we derive this range explicitly in Theorem 2. Our
algorithm for solving the bi-objective profit and surplus optimization problem, APPSO pre-
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sented subsequently in this section, first defines the range in Theorem 2 and then proceeds to
develop a large-sample of Pareto-optimal solutions uniformly covering the efficient frontier.

The resulting ε-constraint formulation is as follows

APPO(ε)-Maximize � �
n∑

j�1

[
p j d j − c j d j − f j z j

]
(1)

subject to
n∑

j�1

m∑

i�1

xi j si (αi j − p j ) ≥ ε (ε)

(2) − (8)

It iswell-established that an optimal solution toAPPO(ε) defines aPareto-efficient solution
to the bi-objective problem APPSO (e.g., Chankong and Haimes 1983; Lin 1976) when the
ε-constraint (ε) is binding, i.e., holding at equality. As such, two challenges are (1) identifying
values of ε that yield feasible solutions and (2) identifying values of ε for which (ε) is binding.
Theorem 1 establishes an upper bound, W*, on ε, which is obtained by solving the single-
objective customer surplus problem, APSO, in Sect. 3. In addition, Lemma 1 establishes that
the total customer surplus obtained from solving the single-objective profit problem, APPO,
in Sect. 2, Wmin, defines a lower bound on ε values beyond which Constraint (ε) is binding,
which defines a lower bound on ε subsequently in Theorem 2. (Note that by Constraints (3)
of APPO, Wmin ≥0.)

Lemma 1 The Constraint (ε) of APPO(ε) is binding if and only if ε>Wmin.

Proof First, if ε <Wmin, then a solution that will maximize the profit while not violating (ε)
is having the right-hand side of (ε) equal toWmin,

∑n
j�1

∑m
i�1 xi j si (αi j − p j ) � Wmin. The

solution here is, in fact, the optimal solution of APPO. Second, for ε � ε0 >Wmin, suppose,
by contradiction, that Constraint (ε) is not binding, and an optimal solution to APPO(ε0)
with assortment and product selection variables zj*(ε0) and xij*(ε0) and prices pj*(ε0) is
reached with

∑n
j�1

∑m
i�1 xi j

∗(ε0)si
[
αi j − p j

∗(ε0)
]

> ε0. Then, increasing all the prices in
the optimal assortment by the same amount δ to pj

′(ε0) � pj*(ε0) + δ, while keeping zj*(ε0)
and xij*(ε0) unchanged, until (ε) is binding,

∑n
j�1

∑m
i�1 xi j

∗(ε0)si
[
αi j − p j

∗(ε0) − δ
] �

ε0,1 will maintain the feasibility of the solution, by not violating any ofAPPO(ε0) Constraints
(2)–(8), and will increase the profit objective (1), which contradicts the optimality of pj*(ε0).

Lemma 1 and its proof are intuitive. It states that when the customer surplus targeted by
APPO(ε) is below that obtained, unconditionally, in the profit problemAPPO, ε <Wmin, then
in the optimal solution of APPO(ε), the surplus is set to Wmin, and the ε-constraint is not
binding. Second, when the surplus targeted by APPO(ε) is below that obtained by APPO,
ε >Wmin, then there is no benefit of exceeding the minimum targeted surplus level, and the
ε-constraint is binding. In other words, in the solution to the ε-constraint problem, APPO(ε),
targeting bi-objective optimization of the retailer profit and the customer surplus, the optimal
pricing and assortment solution maintains a surplus level as close as possible to that of the
single-objective retailer profit problem, APPO.

Next, Theorem 2 presents our main analytical result.

1 Note that the price displacement δ that renders (ε) binding is given by δ �{∑n
j�1

∑m
i�1 xi j ∗ (ε0)si

[
αi j − p j ∗ (ε0)

] − ε0

}
/
[∑n

j�1
∑m

i�1 xi j ∗ (ε0)si

]
.
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Theorem 2 The complete set of Pareto optimal solutions to APPSO can be obtained by
solving APPO(ε) for ε ∈ [Wmin, W*].

Proof Follows from Theorem 1 and Lemma 1, and the seminal result that the solution to an
ε-equality-constraint problem leads to a Pareto efficient solution (e.g., Chankong and Haimes
1983, p. 275; Lin 1976).

Theorem 2 allows obtaining a representative snapshot set of the Pareto optimal solutions
set by applying the following simple steps.

Step 1 Solve the single-objective profit problem APPO (numerically). Note down the
resulting surplus Wmin.2

Step 2 Obtain the maximum customer surplus objective value from Theorem 1, W*.
Step 3 Choose the number of desired Pareto optimal solution k. Set �ε � (W* −

Wmin)/(k−1).
Step 4 For r � 1 to k − 1, solve APPO(Wmin + r�ε).
There remains another challenge related to numerically solving the nonlinear integer

program in APPO(ε), which can be shown to be a NP-hard problem. Ghoniem and Maddah
(2015) and Ibrahim et al. (2014) report that commercial nonlinear solvers (e.g., Lingo and
Baron) are not capable of even handling small-size instances for the simplified profit version
of the problem, APPO, described in Sect. 2. To address the computational complexity, we
adopt a linearization scheme from the recent literature.

Ghoniem and Maddah (2015) propose a linear reformulation of APPO based on the fol-
lowing change of variables,

gi j � xi j p j , ∀i, j

w j � z j p j , ∀ j (9)

This leads to an equivalent linear problem, which proved to be solvable efficiently, within
fewCPU seconds typically, with commercial integer linear programming solvers like CPLEX
for large-scale, industry-size problems involving tens of products in the offer set �. The
linearized problem remains NP-Hard. However, due to its convenient form, ILP solvers
handle it with high efficiency for realistic-size problems.

It can be easily shown, following the logic in Ghoniem andMaddah (2015), that (9) is also
a valid linearization for our ε-constraint problem, APPO(ε). An equivalent linear formulation
of APPO(ε) follows.

APPOL(ε) Maximize
n∑

j�1

[
m∑

i�1

si gi j − c j d j − f j z j

]

subject to
n∑

j�1

m∑

i�1

(
xi j siαi j − si gi j

) ≥ ε

n∑

k�1

(αik xik − gik) ≥ αi j z j − w j , ∀i, j

n∑

k�1

(αik xik − gik) ≥ 0, ∀i

2 Denote the optimal solution to APO by the decision variables xP
ij , zP

j , and pP
j , then Wmin can be written as

Wmin � ∑n
j�1

∑m
i�1 x P

i j si

(
αi j − pP

j

)
.
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n∑

j�0

xi j � 1, ∀i

xi j ≤ z j , ∀i, j

d j �
m∑

i�1

xi j si , ∀ j

gi j ≤ max
k

{
αk j

}
xi j , ∀i, j

gi j ≥ p j − max
k

{
αk j

}(
1 − xi j

)
, ∀i, j

gi j ≤ p j , ∀i, j

w j ≤ z j max
i

{
αi j

}
, ∀ j

w j ≥ p j −max
i

{
αi j

}(
1 − z j

)
, ∀ j

w j ≤ p j ∀ j

p j ≥ c j , ∀ j

x, z binary, p, d, g, w ≥ 0

5 Numerical study andmanagerial insights

In this section, we present a small size example to illustrate our model. We also present
a large-scale, industry-size example to emphasize the applicability of the model in a real-
world setting where typically tens of substitutable products are under consideration in a
given category. For both classes of instances, we draw useful managerial insights. Finally,
we present a real-life example for a further illustration of real-world applicability.

5.1 Small-size illustrative example

Consider a small market with three customer segments and four products in the offer set
�. The values of demand and cost parameters for this market, as defined in Sect. 2, are in
Table 1.

We illustrate solving the bi-objective problem APPSO with these parameters following
the steps defined in Sect. 3.

Step 1 Solving APPO numerically (using CPLEX) gives an optimal profit-maximizing
assortment SP � {1,2,3} and corresponding optimal prices pP

1 � 80, pP
2 � 93, pP

3 � 88.5
where Customer 1 buys Product 2, Customer 2 buys Product 3, Customer 3 buys Product
1, i.e., xP

12 � xP
23 � xP

31 � 1, and xP
ij � 0, otherwise. Then, the minimum customer surplus

in the Pareto optimal solution set is given by Wmin � s1
(
α12 − pP

2

)
+ s2

(
α23 − pP

3

)
+ s3(

α31 − pP
1

) � 2978.
Step 2 The maximum customer surplus in the Pareto optimal set is obtained from The-

orem 1, W ∗ � ∑3
i�1 si [αi, j̄(i) − c j̄(i)], where j̄(1) � 2, j̄(2) � 3, and j̄(3) � 1, which

implies that W*� 35,174.
Step 3 We select to have around 20 Pareto optimal solutions, specifically k �21, and,

accordingly we set a step length of surplus among solutions of �ε � (35,174 − 2978)/20 �
1609.8.
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Table 1 Parameters for the illustrative example

Product, j
1 2 3 4

Customer, i Reserva�on Prices, αij Segment Size, si
1 82 95 88 80.5 879
2 81 86.5 89.5 83.5 1,220
3 80 88 83 83.5 464

Unit Costs, cj
70 79 76 81

Fixed Costs, fj
500 1,028 733 800

Step 4 We solve APPO(2978), APPO(4587.8), …, APPO(35,174). The results are in
Table 2.

Table 2 presents 19 Pareto optimal solutions out of a total of 21 that we obtain, sorted by
increasing customer surplus (decreasing retailer profit). We chose not to report the last two
Pareto optimal solutions, as they involve a negative profit (because of the fixed costs), and
may be seen as unrealistic by many retailers. Table 2 reveals that the computational effort
for this illustrative example is negligible, as indicated in the third column reporting the CPU
time it took to solve each instance. A graphical representation of the results in Table 2 is
given in Figs. 1, 2 and 3.

Table 2 and Figs. 1, 2 and 3 reveal the following insights.

(1) The trade-off between the customer surplus and the retailer profit takes on a linear form
as it is clear in Fig. 1 for the efficient frontier and Fig. 2 showing profit and surplus as
two different plots. This is because the trade-off is mostly due to the pricing decision, as
the assortment decision seems to be not too sensitive to the profit-surplus mix. It is to be
noted, however, that the trade-off is not linear, as the assortment decision, while mostly
static, lead to nonlinear behavior. This will become clearer in the large-scale example
of the following section.

(2) The assortment decision does not seem too sensitive to the profit-surplus trade-off, as
aforementioned, and as obvious from the optimal assortment reported in Table 2. An
interesting observation, however, is that allocating a high amount of surplus to customers
leads to a smaller assortment, as the optimal assortment shifted from being {1,2,3}
for Solutions 1 and 2 in Table 2, having a low surplus, to {2, 3}, in all subsequent
solutions with a higher surplus. This may seem counter-intuitive, as high surplus could
be interpreted as giving customers “all they want.” This surprising behavior is due to
the presence of fixed costs for including products in the optimal assortment. As the
customer surplus level increases and the profit margin erodes, the fixed costs of some
products, e.g., Product 1 in this example, cannot be covered anymore, which leads to
excluding such products from the optimal assortment.

(3) The optimal retail prices generally decrease withmore customer surplus in themarket
as shown in Table 2 and Fig. 3. However, this is not a consistent behavior. When the
assortment changes or the substitution dynamics amongproducts shift, the prices of some
products may increase with more customer surplus, which may also be seen as counter-
intuitive. For example, when the assortment shifted from {1, 2, 3} in Solution 2 to {2, 3}
in Solution 3 which entails more surplus, the price of Product 3 increased from 87.18 to
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Table 2 Pareto optimal solutions for the illustrative example

Solution # Customer surplus
(ε)

Profit CPU time (secs) Assortment, S* Prices

p1* p2* p3*

1 2978.00 29935.00 0.012 {1, 2, 3} 80.00 93.00 88.50

2 4587.80 28325.20 0.006 {1, 2, 3} 80.00 93.00 87.18

3 6197.60 26751.40 0.005 {2, 3} – 87.97 89.50

4 7807.40 25141.60 0.007 {2, 3} – 86.77 89.50

5 9417.20 23531.80 0.006 {2, 3} – 86.01 89.01

6 11027.00 21922.00 0.007 {2, 3} – 85.38 88.38

7 12636.80 20312.20 0.006 {2, 3} – 84.76 87.76

8 14246.60 18702.40 0.009 {2, 3} – 84.13 87.13

9 15856.40 17092.60 0.011 {2, 3} – 83.50 86.50

10 17466.20 15482.80 0.005 {2, 3} – 82.87 85.87

11 19076.00 13873.00 0.006 {2, 3} – 82.24 85.24

12 20685.80 12263.20 0.008 {2, 3} – 81.62 84.62

13 22295.60 10653.40 0.009 {2, 3} – 80.99 83.99

14 23905.40 9043.60 0.006 {2, 3} – 80.36 83.36

15 25515.20 7433.80 0.008 {2, 3} – 79.73 82.73

16 27125.00 5824.00 0.008 {2, 3} – 79.10 82.10

17 28734.80 4214.20 0.008 {2, 3} – 82.28 77.28

18 30344.60 2604.40 0.005 {2, 3} – 81.66 76.66

19 31954.40 994.60 0.006 {2, 3} – 81.03 76.03
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Fig. 1 Efficient frontier for the illustrative example

89.50. In addition, comparing Solutions 16 and 17, toward the bottom of Table 2, indi-
cates another price increase of Product 2withmore surplus. This is due to cannibalization
among Products 2 and 3. Had the price of Product 2 kept decreasing in Solution 17,
Customer 2 would have shifted from Product 2 to Product 3, leading to an inferior profit.
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5.2 Large-scale, real-world size example

We consider a large-scale example with 75 products and 7 consumer segments, which is
reminiscent of real-world assortment planning situations. To generate the parameters for
this example, we adopt a Monte Carlo scheme from Ghoniem and Maddah (2015) that
was crafted to yield realistic values. Specifically, the size of customer segment i, si, was
drawn from a uniform distribution with support (150, 400), si ~U(150, 400). The products
variable and fixed cost were also generated from uniform distributions, cj ~U(100, 140) and
f j ~U(500, 2000). Finally, the reservation prices were generated relative to variable costs as
αij � U(0.99, 1.04)×cj. The reader is referred to Ghoniem and Maddah (2015) for more
details. We followed the steps outlined in Sect. 4, and illustrated in Sect. 5.1, to generate
a representative set of Pareto optimal solution for this example, which is given in Table 3.
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Table 3 Pareto optimal solutions for the large-scale example

Solution # Customer
surplus (ε)

Retailer
profit

CPU time (s) Assortment Prices

p13 p59 p65 p70

1 46.59 9902.72 0.58 {13, 59, 70} 129.27 138.32 139.23 136.96

2 752.75 9197.30 0.54 {13, 59, 70} 129.53 138.59 139.23 136.96

3 1458.91 8890.02 0.468 {59,65, 70} – 138.18 139.23 135.64

4 2165.07 8184.24 0.466 {59, 65, 70} – 137.95 139.14 135.63

5 2871.23 7478.08 0.421 {59, 65, 70} – 137.43 139.14 135.63

6 3577.39 6771.92 0.423 {59, 65, 70} – 136.91 139.14 135.63

7 4283.54 6065.76 0.444 {59, 65, 70} – 136.39 139.14 135.63

8 4989.70 5359.60 0.439 {59, 65, 70} – 135.87 139.14 135.63

9 5695.86 4653.45 0.47 {59, 65, 70} – 135.52 138.81 135.63

10 6402.02 3947.29 0.57 {59, 65, 70} – 135.17 138.45 135.63

11 7108.18 3241.13 0.494 {59, 65, 70} – 134.83 138.08 135.63

12 7814.34 2534.97 0.524 {59, 65, 70} – 134.72 137.34 135.52

13 8520.50 1828.81 0.525 {59, 65, 70} – 134.46 137.08 135.26

14 9226.66 1122.65 0.566 {59, 65, 70} – 134.20 136.82 135.01

15 9932.82 416.49 0.59 {59, 65, 70} – 134.09 136.42 134.61

Similar to Sect. 5.1, we generate a total of 21 Pareto optimal solutions, butwe restrict attention
to the 15 solutions with positive profit.

Table 3 highlights the computational efficiency of our proposed scheme with a running
time below one second for all instances, despite the large size of the problem. A graphical
representation of the results in Table 3 is given in Figs. 4, 5, 6 and 7. Table 3 and Figs. 4, 5, 6
and 7 reveal similar insights to those in Sect. 4 with (1) dominating linear trade-off between
the customer surplus and the retailer profit, as illustrated in Figs. 4 and 6, (2) small assortment
of three products despite the high customer surplus in the market and large offer set, in order
to save on fixed cost, (3) prices decreasing with the customer surplus level, albeit for some
exceptions of prices increasing as surplus decreases as illustrated for example for Product 59
in Fig. 6.

The linear nature trade-off between profit and surplus is less pronounced here, as indicated,
for example, in the left side of Fig. 4. To further examine the nonlinear behavior in Fig. 4,
we generated further solutions with a smaller step for ε in the range highlighted by the small
square in Fig. 4. The resulting behavior at this micro-level is shown in Fig. 5, revealing a
high degree of nonlinearity.

5.3 Real-world example

To illustrate the applicability of themodel in the realworld,we apply to data froma small Tuna
category obtained from a chain of grocery stores in the Northeast of the US. The category is
composed of two highly substitutable Tuna products, 3 Diamond and Geisha. Ghoniem and
Maddah (2015) fit a deterministic utility demand model (similar to the one in this paper) to
two years worth of data on weekly prices and demand. Ghoniem andMaddah (2015) analysis
reveal threemarket segments, (1) customers who prefer 3 Diamond, (2) customers who prefer
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Fig. 5 Nonlinear behavior of the efficient frontier

Geisha, and (3) switchers. The resulting demand function is given in Table 4. The costs in
Table 4 were estimated based on data obtained from the retailer directly. We again followed
the steps outlined in Sect. 4 to generate a representative set of Pareto optimal solutions for
this example, which is given in Table 5. Similar to Sect. 5.1, we restrict attention to solutions
with positive profit.

Table 5 indicates that the retailer is better-off offering an assortment containing both Tuna
products, which is in-line with the real data in Ghoniem and Maddah (2015). Pricing wise,
the real-life prices hovered around $0.5 for 3 Diamond and $0.55 for Geisha over different
weeks, which is close to the high-profit in Table 5.What is noteworthy in the real price data in
Ghoniem and Maddah (2015) is that the retailer adopted prices which are not Pareto-optimal
in some weeks, suggesting a loss opportunity in profit or in customer satisfaction.
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6 Conclusions

In this paper, we develop what seems to be the first multi-objective optimization model of
tactical retail decisions, within the realm of assortment and pricing planning. Our work is
under a deterministic utility assumption, which is sought to be applicable to fast-moving
goods having steady demand levels. Our work proves to be computationally tractable as
we propose a simple scheme for developing the set of Pareto optimal solutions, which was
run in few CPU seconds thanks to a linearization scheme and a judicial application of the
ε-constraint resting on analytical results for the separate profit and surplus problems.

Our work yields useful managerial insights on the trade-off between profit and surplus
in assortment and pricing planning. For example, we find that high surplus level, aimed
at increasing customer satisfaction, typically requires low prices, and, surprisingly, narrow
assortments (to save on fixed costs). We also observe another counter-intuitive behavior, on
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Table 4 Real-world data on a Tuna category

3 DIAMOND GEISHA
Product, j 1 2

Customer, i αij si
Prefer 3 DIAMOND 1 $          0.65 $     0.45 1,133 
Prefer GEISHA 2 $          0.47 $     0.58 1,191 
Switchers 3 $          0.50 $     0.50 3,297 

cj
$          0.40 $     0.47 

fj
$        17.10 $   20.10 

Table 5 Pareto optimal solutions
for the real-life example

Solution # Customer
surplus (ε)

Retailer
profit

Assortment Prices

p1 P2

1 $169.95 $536.81 {1, 2} $0.50 $0.58

2 $227.35 $479.41 {1, 2} $0.49 $0.58

3 $284.75 $422.01 {1, 2} $0.47 $0.58

4 $342.15 $364.61 {1, 2} $0.46 $0.57

5 $399.55 $307.21 {1, 2} $0.45 $0.56

6 $456.95 $249.81 {1, 2} $0.44 $0.55

7 $514.36 $192.40 {1, 2} $0.43 $0.54

8 $571.76 $135.00 {1, 2} $0.42 $0.53

9 $629.16 $77.60 {1, 2} $0.43 $0.47

10 $686.56 $20.20 {1, 2} $0.41 $0.47

a limited scope, where the price increases in a high-surplus market as a result of a shift in
the assortment structure and the cannibalization among different products.

Our results are encouraging as they demonstrate the ability to effectively apply multi-
objective optimization principles (MOOP) to real-world retailing decisions. Future work
could address further applications of MOOP to retailing decisions, possibly in different
market settings (e.g. to fashion goods with stochastic demand), or on different decision
facets (e.g. inventory and space allocation).
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