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Abstract

The rank pricing problem involves determining optimal prices for a set of products while accounting for
customers’ budgets and preferences. This study develops an iterated greedy-based metaheuristic to efficiently
solve this problem. The core idea is to generate a sequence of solutions by iteratively applying destruction and
reconstruction phases. In this process, some components of a solution are removed, yielding partial solutions
from which complete solutions are reconstructed. A local search method with three neighborhood explo-
ration strategies is then applied. Computational experiments demonstrate the effectiveness of the proposed
algorithm by comparing its performance with exact and heuristic methods from the literature. It consistently
finds optimal or near-optimal solutions for instances with known optima. For most cases where the optimal
solution is unknown, the algorithm matches or outperforms the best-known solutions. Moreover, it achieves
these results with significantly lower computational times, reinforcing its suitability for solving the rank pric-
ing problem.

Keywords: rank pricing problem; iterated greedy; solution destruction; solution reconstruction; metaheuristic algorithms;
bilevel optimization

1. Introduction

The rank pricing problem (RPP) is a pricing optimization problem, which consists of determining
the optimal prices for a set of products offered by a company, while considering both the budgets
and the preferences of a set of customers, each of whom is interested in purchasing a single unit
of one product (Calvete et al., 2019). The problem assumes an unlimited availability of products.
Each customer ranks the products in a strict order based on their characteristics and personal
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Table 1
An instance of the RPP with nine customers and five products

Products Budget

Customers i1 i2 i3 i4 i5

k1 3 — 4 •5 — 72
k2 2 4 1 •5 3 67
k3 •5 — 3 4 — 66
k4 3 2 •4 5 — 57
k5 2 •5 4 — 3 54
k6 4 — •3 5 2 49
k7 2 •5 3 — 4 48
k8 2 4 — 5 •3 32
k9 3 5 2 4 — 22

Optimal prices Revenue

66 48 49 67 32 426

preferences; that is, ties in preferences are not allowed, meaning that two products cannot be
equally preferred. On the one hand, customers aim to maximize their satisfaction by acquiring
their most preferred product among the ones they can afford. On the other hand, the goal of
the company is to maximize its revenue, which is computed as the total amount of money paid
by the customers who make a purchase. A lower price may reduce revenue if customers were
already willing to pay more, but it can also broaden the pool of potential buyers by making
the product more affordable. Conversely, setting a higher price has the potential to increase
revenue, though it risks discouraging purchases if the price exceeds what customers are able
to pay.

Table 1 presents an instance of the RPP with nine customers and five products. The central part
of the table reports the preference of each customer for every product (the larger the number, the
stronger the preference), while the last column displays their budgets. If “high” prices are set, for
instance, p1 = 66, p2 = 67, p3 = 57, p4 = 72, p5 = 54, the purchasing decision of customers is k1 →
i4; k2 → i2; k3 → i1; k4 → i3; k5 → i5; customers k6, k7, k8 and k9 cannot purchase any product,
and the company’s revenue is 316. In contrast, if “low” prices are chosen, for instance p1 = 49,
p2 = 48, p3 = 22, p4 = 57, p5 = 32, the customers’ selection would be k1, k2, k4 → i4; k3, k6 → i1;
k5, k7 → i2; k8 → i5; k9 → i3, and the company’s revenue is 419. The optimal product prices appear
in the last row of the table, and the products purchased by each customer in the optimal solution
are indicated with a red dot in the preference matrix. In this solution, customers k1, k2, k3, k5, and
k7 purchase their most preferred product; customer k4 purchases their second choice; customers
k6 and k8 purchase their third choice; and customer k9 cannot purchase any product. The total
company revenue amounts to 426.

The RPP exhibits an underlying hierarchical structure, as customers react to the prices set
by the company to make their purchasing decision. Therefore, bilevel optimization provides an
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appropriate modeling framework for this problem. The bilevel optimization model with one leader
and one follower can be formulated as

“ min′′
x F (x, y)

subject to
Gj (x, y) � 0, j = 1, . . . , q,

where, for every x fixed, y solves
min

y
f (x, y)

subject to
gh(x, y) � 0, h = 1, . . . , p,

where x ∈ R
n are the upper level (UL) variables controlled by the leader and y ∈ R

m are the lower
level (LL) variables controlled by the follower; F, f : Rn+m −→ R are the UL and LL objective
functions, respectively; and Gj (x, y) � 0, j = 1, . . . , q, and gh(x, y) � 0, h = 1, . . . , p, indicate, in
their respective cases, the constraints associated with the upper and lower levels. The quotation
marks refer to the ambiguity that arises when the LL problem has multiple optimal solutions that
lead to different values of the UL objective function. In such cases, the leader cannot anticipate
which solution the follower will choose. Therefore, a selection rule must be established to select one
of these optima to properly evaluate the UL objective. When the LL problem has a unique optimal
solution for any given set of UL decision variables, the bilevel problem is said to be well-posed.
In this case, the use of quotation marks is no longer necessary. A comprehensive overview of
bilevel optimization, including optimality conditions, solution methods, applications, and related
developments, can be found in Aussel et al. (2025), Bard (1998), Colson et al. (2007), Dempe
(2002), Dempe and Zemkoho (2020), Kleinert et al. (2021), Dias Garcia et al. (2024), and Sinha
et al. (2018) and the references therein. In the context of the RPP, the UL problem represents the
company’s pricing decisions, while the LL problem models the customers’ purchasing behavior:
each customer selects the most preferred product among those within their budget. This naturally
leads to a bilevel formulation involving a single leader (the company) and multiple followers (the
customers), each of whom independently solves their own decision problem.

Bilevel optimization problems are, in general, challenging to handle and solve to optimality
(Dempe and Zemkoho, 2020). This complexity is particularly relevant when dealing with large-
scale instances of the RPP (Calvete et al., 2019). However, the literature on metaheuristic algo-
rithms for solving the RPP is limited, with existing approaches primarily focusing on evolutionary
algorithms and variable neighborhood search (Calvete et al., 2024b; Jiménez-Cordero et al., 2025).
This paper aims to fill this gap by proposing a novel iterated greedy-based metaheuristic with local
search, designed to achieve high-quality solutions while significantly reducing computational time,
particularly for large instances.

As described by Ruiz and Stützle (2007), iterated greedy (IG) is a stochastic local search method
relying on a simple but effective idea. Starting from an initial solution, the method iteratively
generates new solutions by applying two main phases: the partial destruction of the incumbent
solution by removing some of its components, followed by its reconstruction using a greedy
constructive heuristic. The acceptance criterion determines whether the new solution replaces the
current one in the iterative process. IG has demonstrated its ability to provide good solutions in
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short computational times for combinatorial problems such as scheduling (Ruiz and Stützle, 2007;
Ding et al., 2015; Fernandez-Viagas and Framinan, 2019; Feng et al., 2024) or routing problems
(Karabulut and Tasgetiren, 2014; Nucamendi-Guillén et al., 2018; Wang et al., 2020; Dao et al.,
2022). For a broader overview and more references on these applications, see Stützle and Ruiz
(2018) and Ramalhinho and Stützle (2025).

The fundamental idea of destructing and reconstructing solutions has been widely applied across
various fields, often under different names and interpretations, as will be noted in the literature re-
view section. As highlighted by Stützle and Ruiz (2018), while the use of varying terminology and
perspectives across the literature may cause some confusion, these approaches share a fundamental
principle: the repeated use of constructive methods starting from intermediate or partial candidate
solutions. The core idea behind the IG framework is to generate a sequence of solutions by itera-
tively applying destruction and reconstruction phases. In this process, components of a solution are
removed, yielding partial solutions from which complete solutions are reconstructed. This iterative
loop can be further enhanced with a local search phase, aimed at refining the reconstructed solu-
tions.

The IG algorithm developed in this study consists of (1) a specialized greedy algorithm for com-
puting the initial solution, in which each product is selected in random order and assigned the
price that increases the company’s revenue the most; (2) two procedures in the destruction phase
for selecting the products whose prices will be removed, which differ in how the products, that is,
the solution components to be destroyed, are selected; (3) a method for applying the specialized
greedy algorithm in the reconstruction phase; (4) a local search method with three neighborhood
exploration strategies; and (5) a non-standard acceptance criterion.

Building on the previous discussion, the main contributions of this study are the following:

• introducing the first IG algorithm to solve the RPP,
• developing a specialized greedy algorithm to construct/reconstruct a feasible solution,
• defining two specific procedures to partially destroy incumbent solutions throughout the execu-

tion of the algorithm,
• proposing several local search procedures to enhance the algorithm’s performance, and
• conducting extensive computational experiments to demonstrate that the algorithm provides

high-quality solutions within very short computational times.

The remainder of this paper is structured as follows. Section 2 offers a review of the literature
pertinent to this study. To make this study self-contained, Section 3 presents the formulation of
the RPP as a bilevel problem and two reformulations as single-level problems. Section 4 provides
a comprehensive and detailed description of the IG algorithm introduced in this paper to solve
the RPP, outlining its key components and main characteristics. The computational experiments
conducted to assess the performance and effectiveness of the proposed algorithm are presented in
Section 5. Specifically, these experiments focus on selecting the best configuration of the algorithm
as well as comparing its performance with other exact and metaheuristic algorithms proposed in
the literature. Finally, Section 6 summarizes the main findings of the paper and offers some con-
cluding remarks.
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2. Literature review

This section begins by examining existing methods for solving the RPP, along with recent variants
proposed in the literature. Some references on other problems involving preferences or prices mod-
eled using bilevel optimization have also been included. It concludes with an overview of general
references on IG algorithms as well as a number of recent contributions that illustrate its continued
application across different contexts.

Calvete et al. (2019) introduce the bilevel formulation of the RPP and propose two single-level
formulations of the problem. The first one comes from reformulating the bilevel problem by lever-
aging the properties of the LL problems. The second one directly formulates the problem as a single-
level model, in which a specific set of constraints captures the structure of customers’ preferences.
As both formulations are nonlinear (Calvete et al., 2019, p. 13), they propose two linearizations and
a branch-and-cut algorithm to solve them. They conduct extensive computational experiments, in-
cluding instances with 30, 50, 100, and 150 customers.

As mentioned in the previous section, to the best of the authors’ knowledge, there are only two
studies developing metaheuristic methods for solving the RPP. Calvete et al. (2024b) propose an
evolutionary algorithm whose chromosomes are vectors of length equal to the number of prod-
ucts, and the vector components represent the prices set by the company for each product. Every
chromosome can be directly linked to a feasible solution of the RPP by solving the LL problems as-
sociated with customers. The evolutionary algorithm applies the uniform crossover. The mutation
operator switches some components of the chromosome to another possible price. The algorithm
also includes a local search procedure, which is applied after the crossover and mutation operators.
This procedure consists of examining the entire set of products in a random order, with the aim of
identifying products (if any) such that changing their prices individually could improve the revenue.
The extensive computational experiments conducted show that the algorithm delivers excellent per-
formance with CPU times significantly lower than those required to solve the instances using an
off-the-shelf optimization algorithm.

Jiménez-Cordero et al. (2025) propose two heuristic methods to solve the RPP. The first one con-
sists of a variable neighborhood search algorithm working with vectors of prices. The second one
takes the core principles of the evolutionary algorithm developed by Calvete et al. (2024b), exclud-
ing its local search procedure. In addition, they propose four local search procedures based on how
some prices can be modified to improve revenue, depending on the relationship between product
prices and customer budgets, which are applied in combination with both heuristic methods. Their
computational experiments involve three instances showing that the use of the four local search
procedures provides the best outcomes whatever the heuristic method used.

Subsequent research on the RPP has explored new problem variants, such as the rank pricing
problem with ties (RPPT) and the capacitated rank pricing problem (CRPP). Domínguez et al.
(2021) introduce the RPPT by allowing customers to express indifference among multiple prod-
ucts and thus, assigning them the same preference value. They propose different single-level for-
mulations of the problem and develop exact algorithms to solve them. Building on this research,
Calvete et al. (2024c) take advantage of the bilevel structure of this type of problem to pro-
pose a bilevel formulation for the RPPT, demonstrating its competitiveness in solving instances
from previous studies. On the other hand, Domínguez et al. (2022) extend the RPP by incor-
porating capacity constraints on the number of copies available for sale for each product. Their
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study explores different approaches depending on whether envy among customers is permitted
or not.

Bilevel optimization has also been applied to model other problems involving preferences, prices,
or both. In the context of facility location problems involving customer preferences, Hansen et al.
(2004) consider the simple plant location problem with order introduced by Hanjoul and Peeters
(1987), in which customers choose their most preferred facility based on individual ranked prefer-
ence lists without ties. The problem is modeled as a pure binary linear bilevel optimization problem
in which the leader decides which facilities to open, while the follower, representing all customers as
a single decision-maker, selects the preferred assignments. The bilevel model is then reformulated
as a single-level problem by replacing the LL optimization with a set of constraints that ensure its
optimality. Vasilyev et al. (2009) and Vasilyev and Klimentova (2010) contribute to this problem
by introducing valid inequalities and developing a branch-and-cut method. Camacho-Vallejo et al.
(2014) propose an evolutionary algorithm designed to leverage the bilevel structure of the problem
as an alternative to exact methods. Calvete et al. (2025) extend the problem to consider ties in the
preference lists and model it as a bilevel optimization problem, which requires the pessimistic ap-
proach to handle the ties. Lin et al. (2024) add preferences to the p-median problem and develop
two exact branch-and-cut solution methods. Calvete et al. (2020) introduce capacity constraints
on the facilities, which may prevent all customers who wish to use a facility from actually being
served by it. The paper analyzes the implications of two proposed problem approaches and adopts
the bilevel optimization formulation. Additionally, the authors develop an effective metaheuristic
algorithm based on a general framework inspired by evolutionary algorithms that takes advantage
of the bilevel structure of the model.

Regarding pricing problems, Labbé and Violin (2016) and the references therein provide a review
of studies up to that year involving price setting in hierarchical frameworks, where a leader sets taxes
or prices on certain activities, and followers choose among taxed and untaxed options to minimize
their operational costs. The authors focus on problems defined over network structures, where the
leader owns a subset of arcs and the followers are users who travel between nodes in the network
seeking minimum-cost paths. A bilevel approach has been taken by Kochetov et al. (2015) to ad-
dress pricing within location decisions. They propose two hybrid local search-based algorithms:
one using variable neighborhood descent and the other combining genetic search principles. Their
effectiveness is evaluated against CPLEX, with results showing strong competitiveness. Addition-
ally, Panin and Plyasunov (2012) analyze the computational complexity of the bilevel model, while
Panin and Plyasunov (2023) offer a broader review of related facility location and pricing problems,
summarizing the main contributions and results from their research over the years. López-Ramos
et al. (2019) address transportation on congested roads through a bilevel model that integrates net-
work pricing with hazmat routing and network design. The UL represents the operator, who sets
tolls to maximize profit while accounting for construction and risk exposure, whereas the LL mod-
els vehicle routing decisions under congestion and toll charges. A reformulation combined with
a tailored local search is proposed. Lin and Tian (2023) study a facility location problem where
customers are responsible for travel costs, where prices are restricted to discrete values to reflect
practical considerations. They model the problem as a bilevel program and propose two exact so-
lution methods: a reformulation into a single-level mixed integer model using closed assignment
constraints, and a branch-and-cut algorithm with tailored bilevel feasibility cuts. Computational
results show the latter to be more efficient. Jacquet et al. (2024) address a profit-maximization
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problem for an electricity retailer who seeks to design a menu of contracts and propose a quadrati-
cally regularized model of customer response. Gao et al. (2025) address the optimization of the con-
struction and operation of agricultural product origin warehouses. In their bilevel formulation, the
UL supply chain enterprise decides on the location, capacity, and pricing of the warehouses, while
the LL planters determine the allocation of their agricultural products among the warehouses to
maximize profits. To solve the problem, the authors develop a hybrid adaptive large neighborhood
search algorithm integrated with a heuristic rule-based mechanism. Benati et al. (2025) address a
pricing problem in the financial industry, modeled as a bilevel optimization problem between a
broker, who sets transaction fees, and an investor, who decides asset purchases in response. The
broker’s profit-maximization problem is formulated using an ordered median function, while the
LL identifies the investor’s optimal choice given the broker’s pricing policy.

Finally, combining prices and preferences, Calvete et al. (2024a) study a facility location problem
in which customers are responsible for travel costs, and preferences may include ties. The problem is
formulated as a bilevel optimization model, where the presence of ties can lead to multiple optimal
solutions in the LL problem. The assumption of rational customer behavior makes classical opti-
mistic or pessimistic tie-breaking rules unsuitable. Therefore, each customer’s decision is modeled
as a lexicographic biobjective problem: first maximizing preference, then minimizing access cost
to the selected facility. The resulting bilevel model is reformulated as a single-level mixed integer
program using duality theory and bounded big-M constants. The computational study evaluates
the reformulation’s effectiveness and analyzes the impact of preference list length and facility open-
ing costs.

The literature on IG algorithms is extensive, as it has been shown to be a highly efficient ap-
proach for addressing combinatorial problems, both on its own and in combination with other
techniques. To avoid duplicating references already covered in other papers, three studies that of-
fer numerous additional sources on the topic are highlighted. Stützle and Ruiz (2018) provide an
overview of the method’s principles, its applications, and its relationship with other approaches, of-
fering an extensive list of references. In particular, their discussion of the relationships between IG
and other algorithms, such as large neighborhood search (LNS) (Pisinger and Ropke, 2019), is of
interest as both share a destruction/reconstruction structure. While both IG and LNS are designed
to escape local optima and explore the solution space, they differ in key aspects of strategy and
scope. IG typically removes a small, fixed portion of the current solution and reconstructs it using
a greedy heuristic, following a relatively simple and focused trajectory through the search space. Its
strength lies in its simplicity and efficiency, especially when paired with an effective construction
heuristic. In contrast, LNS is designed to explore much larger and more diverse neighborhoods by
employing more complex and often adaptive destroy and repair operators. These operators may
be selected dynamically during the search process, allowing LNS to flexibly adapt to the problem
structure and escape deep local optima more effectively. Summarizing, although both frameworks
follow a similar conceptual structure, IG emphasizes efficiency and simplicity, whereas LNS prior-
itizes exploration power and flexibility. Missaoui et al. (2023) present a comprehensive review of
the literature on variants of IG algorithms for combinatorial problems. Finally, Ramalhinho and
Stützle (2025) present an up-to-date survey of IG and iterated local search algorithms, highlight-
ing successful recent applications of both. They also emphasize that these frameworks appear in the
literature under different names, reflecting their conceptual similarities. In addition, a number of re-
cent studies (Demir, 2024; Mendoza-Gómez and Ríos-Mercado, 2024; Huerta-Muñoz et al., 2025;

© 2025 The Author(s).
International Transactions in Operational Research published by John Wiley & Sons Ltd on behalf of International Federation

of Operational Research Societies.

 14753995, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/itor.70105 by U

niversidad D
e Z

aragoza, W
iley O

nline L
ibrary on [22/10/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



8 H. I. Calvete et al. / Intl. Trans. in Op. Res. 0 (2025) 1–34

Liu et al., 2025; Mousavia et al., 2025; Wang et al., 2025) highlight the growing interest and on-
going activity in this research area. Based on previous studies and searches in scientific databases,
it can be concluded that the majority of papers on IG algorithms focus on scheduling problems
because the nature of the solutions lends itself well to the process of destruction and subsequent
greedy reconstruction. As far as the authors are aware, IG has never been applied to solve the RPP.

3. The bilevel formulation of the RPP

To formulate the RPP, let K = {1, . . . , |K|} and I = {1, . . . , |I |} be the sets of customers and prod-
ucts, respectively. For each customer k ∈ K, let bk be their budget. Let Sk ⊆ I , with Sk �= ∅, be
the subset of products that the customer k is interested in, and let

{
sk

i ∈ N : i ∈ Sk
}

represent the
preference values assigned by the customer to the products of interest. Notice that the greater the
preference value, the more preferred the product is. It is assumed that each product appears on at
least one customer’s preference list. If this is not the case, the product may be excluded from the
study. In addition, {pi � 0 : i ∈ I} are the UL decision variables representing the product prices, and{
xk

i ∈ {0, 1} : k ∈ K, i ∈ Sk
}

are the LL decision variables representing the customers’ purchasing
decisions (xk

i = 1 if customer k ∈ K buys product i ∈ Sk, and xk
i = 0 otherwise).

Calvete et al. (2019) propose the following bilinear–linear bilevel mixed integer optimization
formulation for the RPP with a single leader (the company) and multiple independent followers
(each of the customers):

max
p

∑
k∈K

∑
i∈Sk

pixk
i (1a)

subject to

pi � 0 i ∈ I, (1b)

where, for each customer k ∈ K, the variables {xk
i }i∈Sk solve:

max
x

∑
i∈Sk

sk
i xk

i (1c)

subject to (1c)

∑
i∈Sk

xk
i � 1, (1d)

∑
i∈Sk

pixk
i � bk, (1e)

xk
i ∈ {0, 1} i ∈ Sk. (1f)

The company aims to maximize its revenue (1a). For each customer k ∈ K, the corresponding
LL problem maximizes the preference value obtained by the purchase made (1c), while ensuring
that the customer buys at most one product (1d) and pays no more than their available budget (1e).

© 2025 The Author(s).
International Transactions in Operational Research published by John Wiley & Sons Ltd on behalf of International Federation
of Operational Research Societies.

 14753995, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/itor.70105 by U

niversidad D
e Z

aragoza, W
iley O

nline L
ibrary on [22/10/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



H. I. Calvete et al. / Intl. Trans. in Op. Res. 0 (2025) 1–34 9

Note that the followers are independent, as each customer’s LL problem involves only their own
variables and those of the leader (Calvete and Galé, 2007). Moreover, as the customers’ preferences
are strict, meaning there are no ties, the LL problem corresponding to each customer has a unique
optimal solution given the value of the UL decision variables, namely, the most preferred product
they can afford. Thus, the bilevel problem is well-posed (Bard, 1998; Dempe, 2002) and, for this
reason, quotation marks are not used in the formulation (1).

For the sake of clarity, next we briefly outline and streamline the approach proposed in Calvete
et al. (2019) to reformulate problem (1a)–(1f) as a single-level nonlinear mixed integer optimization
problem, which can be addressed using off-the-shelf solvers. When selecting prices, only distinct
budgets need to be taken into account (Rusmevichientong et al., 2006). Let L represent the set of
indices for the distinct budgets ordered from lowest to highest. Let σ be the function that maps
customer k to the index l corresponding to the position of their budget within the ordered set of
distinct budgets. Thus, in this section, bσ (k) refers to the budget of customer k.

For i ∈ I , l ∈ L, let vl
i be an auxiliary binary variable which takes the value 1 if product i is

priced at bl ; otherwise, vl
i equals 0. Then, pi = ∑|L|

l=1 bl vl
i , where

∑|L|
l=1 vl

i � 1, since each product
has at most one price, i ∈ I . Moreover, the constraint (1e) in each LL problem can be rewritten as
xk

i �
∑σ (k)

l=1 vl
i , i ∈ Sk.

Assume for the time being that the UL variables {vl
i}i∈I, l∈L are known. Then, the customer k can

afford the products in the set I (k) = {i ∈ Sk :
∑σ (k)

l=1 vl
i = 1}. Hence, xk

i = 0 for i ∈ Sk \ I (k), and
the optimal solution of the LL problem corresponding to the kth customer is the most preferred
product i ∈ I (k), that is, the product i ∈ I (k) such that

∑
j∈I (k) sk

j x
k
j � sk

i . The above statements are
derived under the assumption that the values of the UL variables are known. Consequently, only
the LL variables corresponding to products in I (k) are required, as the remaining variables are
zero. To incorporate this structure into the UL problem, these constraints must be expressed in
terms of the set Sk instead of I (k), while ensuring that they are only active over the elements in
I (k). Constraints (2) ensure this fact:

∑
j∈Sk

sk
j x

k
j � sk

i

σ (k)∑
l=1

vl
i k ∈ K i ∈ Sk. (2)

Note that, if i ∈ I (k) then
∑σ (k)

l=1 vl
i = 1 and so constraints (2) are enforced. By contrast, if i ∈ Sk \

I (k) then
∑σ (k)

l=1 vl
i = 0 and the constraints are trivially satisfied.

Bringing together all the elements discussed above, problem (1a)–(1f) can be reformulated as the
following single-level nonlinear problem:

max
v,x

∑
k∈K

∑
i∈Sk

⎛
⎝σ (k)∑

l=1

bl vl
i

⎞
⎠xk

i (3a)

subject to

|L|∑
l=1

vl
i � 1 i ∈ I, (3b)
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10 H. I. Calvete et al. / Intl. Trans. in Op. Res. 0 (2025) 1–34

∑
i∈Sk

xk
i � 1 k ∈ K, (3c)

xk
i �

σ (k)∑
l=1

vl
i k ∈ K i ∈ Sk, (3d)

∑
j∈Sk

sk
j x

k
j � sk

i

σ (k)∑
l=1

vl
i k ∈ K i ∈ Sk, (3e)

vl
i ∈ {0, 1} i ∈ I l ∈ L, (3f)

xk
i ∈ {0, 1} k ∈ K i ∈ Sk. (3g)

Moreover, by introducing the nonnegative variables {zk
i }i∈I,k∈K , defined as the profit obtained by

the company due to customer k purchasing product i, that is zk
i =

(∑σ (k)
l=1 bl vl

i

)
xk

i , problem (3a)–

(3g) can be written as the following linear mixed integer optimization problem, explicitly formulated
in this paper for the first time:

max
v,x,z

∑
k∈K

∑
i∈Sk

zk
i (4a)

subject to

|L|∑
l=1

vl
i � 1 i ∈ I, (4b)

∑
i∈Sk

xk
i � 1 k ∈ K, (4c)

xk
i �

σ (k)∑
l=1

vl
i k ∈ K i ∈ Sk, (4d)

∑
j∈Sk

sk
j x

k
j � sk

i

σ (k)∑
l=1

vl
i k ∈ K i ∈ Sk, (4e)

zk
i �

⎛
⎝σ (k)∑

l=1

bl vl
i

⎞
⎠ k ∈ K i ∈ Sk, (4f)

zk
i � bσ (k)xk

i k ∈ K i ∈ Sk, (4g)

vl
i ∈ {0, 1} i ∈ I l ∈ L, (4h)

xk
i ∈ {0, 1} k ∈ K i ∈ Sk, (4i)
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H. I. Calvete et al. / Intl. Trans. in Op. Res. 0 (2025) 1–34 11

zk
i � 0 k ∈ K i ∈ Sk. (4j)

This linear mixed integer formulation will be used in Section 5 when the RPP is solved exactly
using an optimization solver.

Remark 1. It is worth mentioning at this point a useful property of the RPP that simplifies the
computation of a bilevel feasible solution once the UL variables are fixed. Specifically, it allows the
LL problem of each customer to be solved without the need for an optimization solver. This prop-
erty, already exploited in Calvete et al. (2024b), will also be leveraged in the algorithm proposed in
this paper.

Indeed, once the UL variables (i.e., product prices) have been fixed, obtaining a bilevel feasible
solution reduces to solving the LL problem for each customer. This simply requires each customer
to go through their preference list and select the most preferred product they can afford, given their
budget. Since preference lists are maintained as ordered vector sets, this process can be handled
efficiently without the need to invoke an optimization solver for the LL problems.

Let us return to the example displayed in Table 1 to illustrate this remark. Suppose the prices
are set as follows: p1 = 22, p2 = 54, p3 = 48, p4 = 72, and p5 = 32. The products purchased by the
customers can be identified by examining the preference matrix row by row. For customer k1, all
products are affordable and thus the most preferred, i4, is selected. For customer k2, product i4 is
unaffordable, so the highest ranked affordable option is i2. For customer k3, the budget allows the
acquisition of i1, which coincides with their top preference. Proceeding in the same manner for the
remaining customers, the purchases are k1 → i4; k2, k5 → i2; k3, k6, k9 → i1; k4 → i3; k7, k8 → i5.

4. IG-RPP: An IG-based metaheuristic with local search for the RPP

As indicated in Section 1, the goal of the RPP is to set the prices of a set of products in order
to maximize the company’s revenue, considering that customers react to these prices by purchas-
ing their most preferred product among those they can afford. According to Remark 1, once the
product prices have been set, the LL problems can be efficiently solved without the need for an
optimization solver. Thus, computing the value of the LL variables xk

i amounts to directly checking
each customer’s preference list to determine whether they can purchase any product, and, if so,
which one they will choose. Then, the UL objective function value, that is, the company’s revenue,
can be directly computed by summing the prices paid by all customers.

As a result, the proposed algorithm focuses solely on exploring the feasible space of the UL vari-
ables. From now on, a solution S refers to a vector of size |I |, where the ith component represents
the price set by the company for product i, that is, the value of pi. It is important to note that, each
time product prices change in an iteration, the product selected by each customer may also change.
Thus, both the customers’ choices (i.e., the values of the LL variables xk

i ) and the UL objective
function value must be updated accordingly. This update is always performed, although, to avoid
repetition, it is not explicitly stated at each step in the algorithm description.

Remember that, as pointed out in Section 3, prices can be selected from the set of different bud-
gets, and customers only purchase products that appear on their preference list. Thus, any product
can only be assigned a price that matches the budget of any customer who has this product on their
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12 H. I. Calvete et al. / Intl. Trans. in Op. Res. 0 (2025) 1–34

Algorithm 1. Outline of an IG algorithm with Local Search

preference list. Building upon these considerations, the set of possible prices for product i ∈ I is
defined as

Pi = {
bk : k ∈ K and i ∈ Sk}. (5)

The key features of an IG algorithm with local search are (1) the method used to generate the
initial solution, usually a greedy algorithm; (2) the iteration process, specifically how the incum-
bent solution is partially destroyed and then rebuilt to generate a new solution; (3) the type of local
search applied to explore neighborhoods of the new solution; and (4) the acceptance criterion for
new solutions. The pseudocode in Algorithm 1 describes these general steps. Obviously, the UL
objective function of the best solution ever obtained, along with the values of the UL and LL vari-
ables, is maintained throughout the iterations of the algorithm. In the next subsections, a detailed
explanation of each step is provided.

4.1. Initialization

A greedy algorithm is used to generate the initial solution S∗. Partial solutions, which are solutions
with some unpriced products, are successively constructed until all products have been assigned a
price. To do this, the products are selected in random order and assigned the best possible price,
that is, the one that gives the greatest increase in the value of the UL objective function for the
current partial solution. Hence, after selecting a product i to be priced, every possible price in Pi
is evaluated. For each candidate price, it is necessary to determine which products in the current
partial solution would be purchased by the customers, and to compute the resulting company rev-
enue. Then, as indicated above, the price for product i that yields the highest increase in the current
revenue is selected.

Algorithm 2 displays the pseudocode of the process. The algorithm takes a list I∗ of unpriced
products as input, which includes all products when constructing the initial solution. It iterates over
each product i ∈ I∗, determining the price that yields the highest profit (lines 2–16) by considering
all possible prices for product i in decreasing order. The variable n keeps track of the number of
customers who would purchase product i at a given price, while e stores the total amount of money
these customers are paying in the current solution. Finally, the algorithm updates the solution by
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H. I. Calvete et al. / Intl. Trans. in Op. Res. 0 (2025) 1–34 13

Algorithm 2. Construction/Reconstruction Procedure

setting the price that maximizes the profit (lines 17 and 18). If no customer is interested in the
product at the price determined by the current solution, its price is set to the highest possible price,
that is, to max{Pi} (lines 19 and 20). The construction procedure has worst-case time complexity
O(|I | · |K|).

Given the central role of the construction phase, which serves as the foundation for the remaining
procedures, we now present its detailed application to the example displayed in Table 1. The set of
possible prices for each product is

P1 = {72, 67, 66, 57, 54, 49, 48, 32, 22},
P2 = {67, 57, 54, 48, 32, 22},
P3 = {72, 67, 66, 57, 54, 49, 48, 22},
P4 = {72, 67, 66, 57, 49, 32, 22},
P5 = {67, 54, 49, 48, 32}.
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14 H. I. Calvete et al. / Intl. Trans. in Op. Res. 0 (2025) 1–34

Let us assume that the product i3 is randomly selected as the first one to be examined. If p3 = 72,
only customer k1 can purchase this product: the gain is 72. If p3 = 67, customers k1 and k2 can
buy it, the gain is 134. We continue in this way, and the gains are 198, 228, 270, 294, 336, and 176,
respectively, if p3 is set to 66, 57, 54, 49, 48, and 22. Therefore, the highest gain is 336, p3 is set to
48, and customers k1 to k7 buy this product. The current company’s revenue is 336.

Now, let us randomly select product i5 for examination. Looking at P5, setting p5 = 67, customer
k2 prefers this product, so now selects it; there are no more changes, and the gain is 67 − 48 = 19.
Setting p5 = 54 or p5 = 49, as before, only customer k2 changes their selection, and the gain is
54 − 48 = 6 or 49 − 48 = 1. Setting p5 = 48, customers k2 and k7 change their selection and the
gain is 2(48 − 48) = 0. Finally, setting p5 = 32, customers k2 and k7 change their selection and
customer k8 can afford this product, so the gain is 2(32 − 48) + 32 = 0. Therefore, the highest gain
is 19, and so p5 = 67. In the current partial solution, k1, k3 to k7 purchase i3, and k2 purchases i5.
The current company’s revenue is 355.

Let i4 be the following product to be examined. Setting p4 = 72, then customer k1 changes their
selection because the customer prefers i4 over i3. Anything else changes, the gain is 72 − 48 = 24.
Setting p4 = 67, k1 and k2 now select i4, the gain is 2 × 67 − 48 − 67 = 19. Setting p4 = 66, k1,
k2, and k3 prefer i4, the remaining partial solution remains without changes, and the gain is 3 ×
66 − 48 − 67 − 48 = 35. Setting p4 = 57, customers k1 to k4 now select i4, and the gain is 4 × 57 −
48 − 67 − 48 − 48 = 17. Setting p4 = 49, customers k1 to k4 and k6 now select i4, and the gain is
5 × 49 − 48 − 67 − 48 − 48 − 48 = −14. Setting p4 = 32, customers k1 to k4 and k6, as well as k8

select i4, and the gain is 6 × 32 − 48 − 67 − 48 − 48 − 48 = −67. The highest gain is 35, and so
p4 = 66. In the current partial solution, k1, k2, and k3 buy i4, and customers k4 to k7 purchase i3.
The current company’s revenue is 390.

Let i1 be the following product to be examined. Setting either p1 = 72 or p1 = 67 does not change
the current purchasing decisions. Setting p1 = 66, customer k3 changes their selection since the
customer prefers product i1 to product i4, and the gain is 66 − 66 = 0. Setting p1 at 57 and 54
provides negative gains since only customer k3 would change their selection and would pay less
than they are currently paying. Setting either p1 = 49 or p1 = 48, customers k3 and k6 change their
selection, and the gain is either 2 × 49 − 66 − 48 = −16 or 2 × 48 − 66 − 48 = −18. Setting p1 =
32 would also allow customer k8 to buy this product, yielding a gain of 3 × 32 − 66 − 48 = −18.
Finally, setting p1 = 22 would also allow customers k8 and k9 to buy this product, yielding a gain
of 4 × 22 − 66 − 48 = −26. Hence, according to line 20 in Algorithm 2, p1 = 72. In the partial
current solution, the customers’ purchasing decisions have not changed. The current company’s
revenue is 390.

The last product to be examined is i2. Setting p2 at 67 or 57 does not change the current purchas-
ing decisions. Setting p2 = 54, customer k5 changes their selection to product i2, and the gain is
54 − 48 = 6. Setting p2 = 48, customers k5 and k7 select i2, and the gain is 2 × 48 − 48 − 48 =
0. Setting p2 = 32 would also allow customer k8 to buy this product, resulting in a gain of
3 × 32 − 48 − 48 = 0. Setting p2 = 22 would also allow customers k8 and k9 to buy this product,
resulting in a gain of 4 × 22 − 48 − 48 = −8. Hence, the highest gain is 6, and so p2 = 54. The
current company’s revenue is 396.

The constructed solution is p1 = 72, p2 = 54, p3 = 48, p4 = 66, and p5 = 67. Regarding the cus-
tomers, k5 purchases i2; k4, k6, and k7 purchase i3; k1, k2, and k3 purchase i4; and k9 does not
purchase any product.
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Algorithm 3. Destruction Procedure

4.2. Destruction

Let S∗ be the incumbent solution. In this step, the price of a percentage %D of the products is
removed, thus partially destroying the solution. In fact, the number of products whose price is

removed is set to
⌈ |I | %D

100

⌉
. To select the products whose price is destroyed, two methods are

proposed:

• Uniform selection (US): Products are randomly selected with the same probability. Therefore,

each time this process is applied, the products are shuffled, and then the first
⌈

|I | %D
100

⌉
products in

the shuffled list are selected.
• Based on price variability selection (PVS): This method selects products for removal based on

the variability of their prices in the best solutions so far encountered. The underlying idea is that
products with lower variability have presumably already reached their best price, and, therefore,
their price may not need to be changed. To measure such variability, a number of available so-
lutions are needed. Therefore, this method is applied after 1000 iterations of the algorithm have
been completed. Prior to this, US is always applied. After 1000 iterations have been completed,
the best 100 distinct solutions are taken. Then, for each product, the variance of the collection of
assigned prices in these solutions is computed. After sorting the products from lowest to highest

variance, the products are divided into five blocks. The first four blocks contain
⌊ |I |

5

⌋
products

each, and the fifth block contains the remaining products. Then, a weight of 1 is assigned to each
product in the first block, a weight of 2 to each in the second block, and so on, until a weight of
5 is assigned to each product in the fifth block. Products are selected at random, with a proba-
bility of being chosen directly proportional to their weight. The update of these weights is only
performed every 1000 iterations.

The process of removing product prices is carried out using the destruction procedure detailed in
Algorithm 3. It ensures that once a product’s price is removed, affected customers reallocate their
purchases to the best available alternative according to their preferences and budget constraints.
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16 H. I. Calvete et al. / Intl. Trans. in Op. Res. 0 (2025) 1–34

The destruction procedure has worst-case time complexity O(|I∗| · |I | · |K|), where I∗ denotes the
list of products whose prices are to be removed.

4.3. Reconstruction

In this step, Algorithm 2 described in Section 4.1 is applied, considering as the list I∗ of unpriced
products those whose prices were removed during the application of the Destruction procedure. In
particular, during the reconstruction step, the products are processed in the order in which they
were chosen when destroying the incumbent solution S∗. The reconstruction procedure has worst-
case time complexity O(|I∗| · |K|).

4.4. Local search

After the reconstruction step of a solution is completed, several local search procedures are consid-
ered. Three different local search techniques are designed to effectively explore the neighborhood
of the most promising solutions. They are described in the following paragraphs along with the
moment they are applied.

4.4.1. Local search 1 (LS1)
LS1 examines all the products one by one in a random order and, for each one, it determines
the best possible price for it among the possible prices, looking at the change in the UL objective
function. If it is strictly improved, the current solution is updated to the new solution. Essentially,
for each product separately, what is done is to destroy the solution for that product, that is, remove
its price, and to reconstruct it by selecting its best possible price using Algorithm 2 with this product
as the only unpriced one.

After examining all the products, it is guaranteed that the current solution is at least as good
as the one with which the local search began, in terms of the value of the UL objective function
provided. If this value is the same, the LS1 procedure stops; otherwise, it iterates, considering the
current solution, until no further improvement is made. Each iteration of the LS1 procedure has
worst-case time complexity O(|I |2 · |K|).

4.4.2. Local search 2 (LS2)
LS2 examines all the pairs of products. For a given pair of products, their prices are swapped. Note
that this could result in a product having a price which is not possible for that product. Whether
this happens or not, each product in the pair is then examined individually in order to assign it
the best possible price, looking at how the UL objective function changes. The procedure works
as follows. For each product i ∈ I , it is sequentially paired with every other product from i + 1 up
to the last one. Suppose product i is now paired with product j. Their prices are exchanged, and
then the best price for product i is determined, taking into account the updated price of j. Next,
product j is considered, and its best price is determined, taking into account the current price of i.
This process involves destroying and rebuilding each product in the pair one by one. If doing so, an
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improved value of the UL objective function is found, the current solution is updated, and the LS2
procedure continues by examining another pair of products.

Once all pairs of products have been examined, it is guaranteed that the current solution is at
least as good as the one with which the local search began in terms of the value of the UL objec-
tive function provided. If this value remains the same, the LS2 procedure terminates; otherwise, it
continues iterating, considering the current solution, until no further improvements are achieved.
Each iteration of the LS2 procedure has worst-case time complexity O(|I |3 · |K|).

4.4.3. Local search 3 (LS3)
LS3 aims to analyze the consequences of changing the price of a given product i to other possible
price for that product. Once the price is changed, the products different from i are examined one by
one to determine their best possible price, looking at how the UL objective function changes. The
current solution is updated right after a change brings an improvement in the UL objective func-
tion.

The change of the price of the product i to other possible price can be done in different ways but
the IG-RPP algorithm looks at three of them:

LS3-1 Changing the price of product i to its maximum possible value.
LS3-2 Increasing the price of product i to the next higher possible value, if any.
LS3-3 Decreasing the price of product i to the next lower possible value, if any.

Therefore, three versions of LS3 are available. Once all products have been examined with the
version of the LS3 selected, it is guaranteed that the current solution will either match or exceed the
value of the UL objective function of the solution with which the local search started. If the value
remains unchanged, the version of LS3 which is being applied halts; otherwise, it continues iterat-
ing, considering the current solution, until no additional improvements are found. Each iteration
of each version of the LS3 procedure has worst-case time complexity O(|I |3 · |K|).

4.4.4. When to apply the local search?
Based on preliminary tests, it was determined that incorporating local search into the algorithm
yields a clear improvement in solution quality. However, a balance was sought between computa-
tional effort and solution performance. Therefore, local search is not applied to every solution but
only to selected ones. The local search procedures are applied to “promising” solutions. To deter-
mine if a solution is promising or not, the average UL objective function value of a pool containing
the last 100 solutions resulting from the reconstruction step is maintained. If the UL objective
function of the current solution is better than the average, the current solution is passed to the
LS1 procedure. After LS1 is applied, the UL objective function value of the obtained solution is
compared to the best available UL objective function value. If it does not improve this value, the
local search stops. Otherwise, LS2 and the three versions of LS3 in numerical order are applied as a
block. Afterward, the current solution will have an equal or improved UL objective function value.
If it is the same, the local search procedure stops; otherwise, LS1, LS2, and the three versions of
LS3 in numerical order are applied until no further improvement is achieved. Moreover, in order

© 2025 The Author(s).
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18 H. I. Calvete et al. / Intl. Trans. in Op. Res. 0 (2025) 1–34

to avoid unnecessary computations, an archive of the solutions to which the local search has been
applied is maintained.

4.5. Acceptance criterion

Most IG algorithms have an acceptance criterion that strikes a balance between diversification
and intensification. The extremes would be either accepting every solution regardless of its quality,
or only accepting a solution if it improves upon the incumbent. The IG-RPP algorithm adopts a
simpler compromise acceptance criterion that enables this balance. To implement this criterion, a
parameter #IT is established. The current solution is accepted only if it improves the incumbent
solution S∗, unless the number of iterations without improvement reaches #IT. In that case, the
current solution is accepted anyway.

4.6. Stopping criterion

The stopping criterion (SC) of the IG-RPP algorithm is defined based on the number of iterations
without improvement in the objective function.

5. Computational experiments

This section presents the results of the computational experiments conducted to assess the perfor-
mance of the IG-RPP algorithm. These experiments were performed on a PC equipped with a 13th
Gen Intel Core i9-13900F processor. The system has 64 GB of RAM and runs Windows 11 64-bit
as the operating system. The IG-RPP algorithm has been implemented in C++ and compiled with
Microsoft Visual C++ 19.33.

The set of instances used for testing the IG-RPP algorithm was randomly generated by Calvete
et al. (2024b) and can be downloaded from https://zenodo.org/records/15082777. In addition, the
code used for generating the instances is also included. The number of customers, |K|, takes values
from the set {50, 100, 150, 200} and the number of products, |I |, is determined by the number of
customers. It can take values 0.1 |K| and 0.5 |K|. These two parameters lead to eight possible com-
binations of customer–product sizes. For each combination, the length of the customer preference
lists,

∣∣Sk
∣∣ for each customer k ∈ K, depends on the number of products and takes values from the set

{0.2 |I | , 0.4 |I | , 0.6 |I | , 0.8 |I | , |I |}. Finally, customer budgets fall within one of the two intervals,
[1, 2 |K|] and [|K| , 2 |K|]. For each combination of these four factors, three instances are available,
resulting in a collection of 240 instances of the RPP being tested. Furthermore, the preprocessing
procedure developed by Calvete et al. (2019) is applied to the instances before solving them. This
procedure seeks to identify, for each customer, products that they will certainly not purchase in an
optimal solution. Such products can be removed from customer preference lists before solving the
problem, leading to a sparser matrix of preferences.

Since the IG-RPP algorithm depends on several tunable parameters, multiple configurations of
this algorithm are possible. Therefore, as a first stage, the impact of these parameters on the solution
quality and the computational time invested is analyzed to determine the best configuration. Then,

© 2025 The Author(s).
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a second stage consists of assessing the performance of the IG-RPP algorithm in terms of both the
solution’s quality and the computational times required to obtain it. For this purpose, the results
provided by the IG-RPP algorithm are compared against those provided by the exact solver Gurobi,
and the metaheuristics proposed by Calvete et al. (2024b) and Jiménez-Cordero et al. (2025).

5.1. Selecting the algorithm configuration

Selecting the algorithm configuration consists of fixing the parameter values that yield the best
results when assessing the quality of the algorithm based on the UL objective function values and
the computational time. For this purpose, the levels considered for each parameter are

• Percentage of destruction (%D): 10, 20, 30, 40, 50.
• Selection of products whose price is destroyed (SPD): US, PVS.
• Acceptance criterion (#IT): 0, 250, 500, 750.
• Stopping criterion (SC): 5000, 10,000.

Each combination of these four parameter values results in a configuration of the IG-RPP algo-
rithm. Therefore, a total of 2 × 5 × 2 × 4 = 80 configurations are available.

In order to select the best configuration of the IG-RPP algorithm, two measures are computed
for each configuration: the success rate (SRate) and the percentage of gap (PGap). The SRate of
a given configuration is computed as the number of successes for that configuration divided by the
total number of instances, which is 240, and multiplied by 100. A configuration having a success
on a given instance means that the configuration reaches IGbest, the best value obtained for such
an instance by any of the available configurations. Table 2 shows the number of successes for each

Table 2
Number of successes for each configuration

%D

SC SPD #IT 10 20 30 40 50

5000 US 0 120 150 159 159 157
250 118 165 195 189 182
500 110 159 190 187 188
750 107 160 183 186 186

PVS 0 121 151 160 165 156
250 123 167 198 188 186
500 112 165 199 189 182
750 120 162 191 187 185

10000 US 0 125 156 164 169 162
250 136 180 203 195 189
500 123 177 204 195 191
750 122 176 206 200 192

PVS 0 131 162 165 166 163
250 144 189 207 196 188
500 130 189 210 196 187
750 130 179 207 197 188

© 2025 The Author(s).
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Fig. 1. Interaction effects plots for SRate.

configuration. Each cell in columns four to eight, rows three to eighteen, contains the value of the
number of successes for the configuration described by the corresponding values in the row of the
first, second, and third columns (SC, SPD, and #IT) and the corresponding column (%D).

Figure 1 shows the interaction effects plots for SRate, which illustrate how the effect of one
parameter depends on the value of another parameter. The three top plots depict the behavior of
SRate as %D varies from 10 to 50, with the highest values observed for %D = 30, regardless of the
values of SC, SPD, or #IT from 250 to 750. In the three plots where SC defines the groups, a value
of 10,000 results in a better SRate than 5000. Regarding SPD, there are almost no differences in
SRate between its two values. Concerning #IT, it is worth noting that #IT = 0 is much worse than
the other values.

Previous information on the influence of the parameters of the IG-RPP algorithm in SRate
is complemented by Fig. 2, which displays a heatmap of SRate across the 80 configurations.
Heatmaps are an effective tool for the graphical representation of data, where darker or more in-
tense colors represent higher values, while lighter colors indicate lower values. The number inside
each cell represents SRate. From this information, configurations with an SRate greater than 80%
are selected as promising configurations. This results in 16 out of 80 configurations.

© 2025 The Author(s).
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Fig. 2. Heatmap of the SRate for each configuration.

To assess the distance of the UL objective function found by a configuration of the IG-RPP
algorithm and IGbest, PGap is computed for each instance and each configuration as

PGap = IGbest − Value
IGbest

× 100,

where Value denotes the UL objective function of the instance found by the corresponding config-
uration. Table 3 and Fig. 3 follow a similar structure to previously described in Table 2 and Fig. 2,

© 2025 The Author(s).
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Table 3
Average PGap for each configuration. The value corresponding to the 16 pre-selected configurations is highlighted in
bold

%D

SC SPD #IT 10 20 30 40 50

5000 US 0 0.158 0.100 0.043 0.048 0.050
250 0.160 0.076 0.007 0.008 0.015
500 0.169 0.083 0.013 0.012 0.011
750 0.178 0.083 0.021 0.017 0.012

PVS 0 0.146 0.094 0.047 0.044 0.053
250 0.153 0.070 0.008 0.014 0.017
500 0.156 0.075 0.009 0.013 0.016
750 0.170 0.086 0.015 0.015 0.018

10000 US 0 0.146 0.093 0.040 0.036 0.045
250 0.128 0.061 0.005 0.006 0.011
500 0.141 0.067 0.005 0.007 0.010
750 0.151 0.069 0.005 0.006 0.009

PVS 0 0.140 0.087 0.040 0.036 0.047
250 0.117 0.057 0.004 0.008 0.014
500 0.132 0.060 0.003 0.006 0.014
750 0.152 0.071 0.006 0.008 0.015

but refer to the average and maximum PGap, respectively. From Table 3, we conclude that the av-
erage does not help in deciding whether to discard any of the previously selected 16 configurations,
as they all have very similar average values, under 0.009%. Regarding Fig. 3, the focus is on con-
figurations with small maximum PGaps, under 0.13%. Then, four configurations combining a high
SRate with a low maximum PGap are selected. These configurations are presented in Table 4. Note
that all four configurations have %D = 30% and SC = 10,000. Additionally, they combine both
SPD methods with #IT = 250 and #IT = 500.

Next, the focus is on the computational time invested by the IG-RPP algorithm. The reported
computational time corresponds to the total time required to execute the entire algorithm, includ-
ing initialization, destruction, and reconstruction phases, local searches, and the evaluation of so-
lutions. It is worth noting that, regardless of the 80 configurations or the instance considered, the
computational time ranges from 0.037 to 40.196 seconds. Figure 4 displays a boxplot of the com-
putational time invested by the four configurations in Table 4, with instances grouped based on the
number of customers. As expected, the computational time increases as the number of customers
grows. Nevertheless, the computational time is always less than 38 seconds and the 75th percentile
is below 20 seconds. It is noticeable that the four configurations exhibit a similar behavior within
each group of instances. Thus, the first conclusion is that, in terms of computational time, the IG-
RPP algorithm is highly efficient, regardless of the selected configuration. Therefore, to choose a
configuration for the next stage of the computational experiments, SRate is prioritized, and the
selected configuration is %D = 30, SPD = PVS, #IT = 500, and SC = 10,000. From now on,
IG-RPP always refers to such a configuration. Tables 5 and 6 report the UL objective function
values and the computational times for the 240 instances under the selected configuration of the
algorithm.

© 2025 The Author(s).
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Fig. 3. Heatmap of the maximum PGap across the 240 instances.

Table 4
Configurations with a good balance between high SRate and low maximum PGap

Configuration parameters

%D SPD #IT SC SRate Maximum PGap

30 US 250 10000 84.58% 0.08
30 US 500 10000 85.00% 0.13
30 PVS 250 10000 86.25% 0.07
30 PVS 500 10000 87.50% 0.10

© 2025 The Author(s).
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Fig. 4. Boxplot of the computational time of the four configurations in Table 4, according to the number of customers
in the instances.

5.2. Evaluating the algorithm performance

In this part of the computational study, the solutions found by the IG-RPP algorithm are compared
with those provided by the exact resolution with Gurobi (GRB) and by the evolutionary algorithm
developed by Calvete et al. (2024b), from now on named EV-RPP algorithm. In addition, the IG-
RPP algorithm is compared with the heuristic resolution proposed by Jiménez-Cordero et al. (2025)
using their instances. The reported computational time for IG-RPP and EV-RPP corresponds to

© 2025 The Author(s).
International Transactions in Operational Research published by John Wiley & Sons Ltd on behalf of International Federation
of Operational Research Societies.
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Table 7
Summary of the number of instances with a solution equal to or worse than the optimal solution. The symbol “–” refers
to 0. CPU time is measured in seconds

RD CPU time IG-RPP CPU time GRB

|K| # Ins Min. Mean Max. Min. Mean Max. Min. Mean Max.

IG-RPP = GRB 50 60 — — — 0.14 0.51 1.42 0.00 2.43 21.88
100 52 — — — 0.21 1.70 5.14 0.08 343.40 2042.43
150 32 — — — 0.45 1.92 6.30 1.91 957.54 3363.36
200 8 — — — 0.79 1.29 1.89 39.50 844.26 2979.48
All 152 — — — 0.14 1.25 6.30 0.00 364.46 3363.36

IG-RPP < GRB 50 — — — — — — — — — —
100 3 0.01 0.01 0.02 3.25 3.32 3.36 12.59 60.57 153.25
150 3 <0.01 0.02 0.03 5.16 6.00 6.43 304.89 1223.14 2425.19
200 3 <0.01 0.03 0.09 7.21 7.30 7.42 384.64 979.43 1372.66
All 9 <0.01 0.02 0.09 3.25 5.54 7.42 12.59 754.38 2425.19

the total time required to execute each algorithm. For Gurobi, it refers to the total time spent, with
a time limit of 3600 seconds.

5.2.1. Comparison with the exact resolution
The exact resolution of the instances was performed by solving formulation (4a)–(4j) using Python
3.10 and the off-the-shelf commercial solver Gurobi 10.0.3. All Gurobi parameters were left at
their default values, except for Threads set to one, TimeLimit set to 3600 seconds, and the Gurobi
parameters MIPGapAbs and MIPGap adjusted to 0.999 and 10−5, respectively. When the Gurobi
run is interrupted upon reaching the time limit, the best solution available at that moment is saved.

To better measure the quality of the solution found by the IG-RPP algorithm, the relative differ-
ence (RD) is defined as

RD =

⎧⎪⎪⎨
⎪⎪⎩

ZGRB − ZIG

ZGRB
× 100 if ZGRB > ZIG

ZIG − ZGRB

ZGRB
× 100 if ZGRB < ZIG

, (6)

where ZIG represents the UL objective function value of the solution found by the IG-RPP al-
gorithm and ZGRB denotes the UL objective function value obtained from GRB. Obviously, if
ZGRB = ZIG, RD = 0.

GRB is able to solve 161 out of 240 instances to optimality. Table 7 summarizes the comparison
between IG-RPP and GRB for the instances in which GRB provides the optimal solution. The first
column shows if IG-RPP reaches the optimal solution or not. The second column indicates the
number of customers. The third column gives the number of instances. The fourth, fifth, and sixth
columns show the minimum, the average, and the maximum values of the RD, respectively. The
seventh, eighth, and ninth columns present the minimum, the average, and the maximum values of
the CPU time in seconds used by IG-RPP to solve the instances, respectively. Lastly, the final three
columns provide the same information for the CPU time spent by GRB. The symbol “–” means 0.

© 2025 The Author(s).
International Transactions in Operational Research published by John Wiley & Sons Ltd on behalf of International Federation
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Table 8
Summary of the number of instances for which GRB stops due to the stopping criterion. The symbol “–” refers to 0.
CPU time is measured in seconds. CPU time invested by GRB is not included as it is always equal to 3600 s

RD CPU time IG-RPP

|K| # Ins Min. Mean Max. Min. Mean Max.

IG-RPP > GRB 100 3 0.01 0.05 0.10 4.97 5.83 6.40
150 13 0.02 0.12 0.58 8.35 12.57 19.09
200 31 0.01 0.21 0.79 1.47 16.58 35.70
All 47 0.01 0.18 0.79 1.47 14.79 35.70

IG-RPP = GRB 100 1 — — — 3.96 3.96 3.96
150 11 — — — 1.34 6.14 16.12
200 15 — — — 1.87 3.49 12.09
All 27 — — — 1.34 4.58 16.12

IG-RPP < GRB 100 1 0.01 0.01 0.01 6.33 6.33 6.33
150 1 <0.01 <0.01 <0.01 8.70 8.70 8.70
200 3 0.02 0.04 0.05 10.84 14.24 19.77
All 5 <0.01 0.02 0.05 6.33 11.55 19.77

IG-RPP finds the optimal solution in 152 out of 161 instances, with computational times never
exceeding 7 seconds, while GRB, in the worst case, requires nearly 3000 seconds. Furthermore, in
the nine instances where IG-RPP does not reach the optimal solution, the RD is very small, with a
worst-case value of just 0.09%. In terms of computational time, IG-RPP requires significantly less
time than GRB, taking no more than 8 seconds in the worst case, compared to GRB’s maximum
time of almost 2500 seconds.

Table 8 presents similar information, but for the instances where GRB terminates due to the
stopping criterion, meaning the optimal solution is not guaranteed. This table does not display
the CPU time used by GRB, as it is always 3600 seconds. Additionally, since all instances with 50
customers are solved to optimality, this case is also omitted. Three categories can be identified:
instances where IG-RPP outperforms GRB (ZIG−RPP > ZGRB), which account for 47 out of 79;
instances where both algorithms yield the same objective function value (ZGRB = ZIG−RPP), com-
prising 27 out of 79; and instances where GRB performs better than IG-RPP (ZGRB > ZIG−RPP),
which make up 5 out of 79. Thus, IG-RPP provides the best UL objective value in a significantly
higher number of instances. Additionally, when IG-RPP outperforms GRB, RD is higher compared
to the reverse scenario, thus proving that the improvement is greater. Furthermore, it is worth men-
tioning that the longest computational time for IG-RPP is under 36 seconds, compared to 3600
seconds for GRB, further confirming IG-RPP’s superior performance over GRB.

5.2.2. Comparison with EV-RPP
This section compares the performance of IG-RPP and EV-RPP. RD is defined as in (6), substi-
tuting ZGRB by ZEV , the objective function value of the solution provided by EV-RPP. Table 9
is similar to Table 8, but includes all 240 instances. Again, IG-RPP clearly outperforms EV-RPP.
IG-RPP outperforms EV-RPP in 39 out of 260 instances, performs equally in 190, and is worse in
11. Additionally, when IG-RPP outperforms EV-RPP, the RD is higher than in the reverse case.

© 2025 The Author(s).
International Transactions in Operational Research published by John Wiley & Sons Ltd on behalf of International Federation
of Operational Research Societies.
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Table 9
Summary of the comparison between IG-RPP and EV-RPP. The symbol “–” refers to 0. CPU time is measured in seconds

RD CPU time IG-RPP CPU time EV-RPP

|K| # Ins Min. Mean Max. Min. Mean Max. Min. Mean Max.

IG-RPP > EV-RPP 50 1 0.22 0.22 0.22 1.25 1.25 1.25 18.83 18.83 18.83
100 8 0.01 0.09 0.34 0.22 3.76 6.40 16.41 68.98 109.78
150 12 0.01 0.07 0.18 6.30 11.62 19.09 89.45 206.94 341.65
200 18 <0.01 0.05 0.11 1.89 18.11 35.70 63.65 332.65 611.85
All 39 <0.01 0.07 0.34 0.22 12.74 35.70 16.41 231.84 611.85

IG-RPP = EV-RPP 50 59 — — — 0.14 0.49 1.42 2.81 13.88 30.90
100 52 — — — 0.21 1.84 6.33 16.55 50.18 149.08
150 46 — — — 0.45 3.61 16.12 30.37 104.37 575.90
200 33 — — — 0.79 4.43 35.40 48.55 126.40 444.93
All 190 — — — 0.14 2.30 35.40 2.81 65.27 575.90

IG-RPP < EV-RPP 50 — — — — — — — — — —
100 — — — — — — — — — —
150 2 <0.01 0.01 0.02 5.16 6.93 8.70 118.85 119.32 119.80
200 9 <0.01 0.03 0.09 7.27 18.79 34.96 146.74 325.37 556.25
All 11 <0.01 0.03 0.09 5.16 16.63 34.96 118.85 287.91 556.25

Moreover, the longest computational time for IG-RPP is under 36 seconds, while EV-RPP requires
up to 612 seconds.

5.2.3. Comparison with the algorithms in Jiménez-Cordero et al. (2025)
The numerical experiments in Jiménez-Cordero et al. (2025) involve only three small instances
where (|K|, |I |) ∈ {(30, 5), (30, 25), (60, 50)}. These instances can be downloaded from https://
github.com/groupoasys/RPP_VNS_data. Since the authors do not specify whether the prepro-
cessing step was applied, we present our results using the unpreprocessed instances to ensure a fair
comparison. Additionally, since they solved each instance 1000 times, we have also solved each
instance 1000 times using IG-RPP and EV-RPP. In addition, we have solved the instances using
GRB. It is important to note that Jiménez-Cordero et al. (2025) indicate that GRB, using formu-
lation (3a)–(3g), takes 10 seconds to solve the smallest instance and cannot solve the two other
instances in under 600 seconds. In their computational setup, they mention that their experiments
were run on a Linux-based server with CPUs clocking at 2.6 GHz, 1 thread, and 8 GB of RAM,
using Python 3.11.4 and Gurobi 10.0.3. When we solved the three instances using formulation
(4a)–(4j), GRB found the optimal solution in 0.41, 0.53, and 6.40 seconds, respectively. The opti-
mal objective function values were 807, 1042, and 2017, respectively.

Table 10 presents the results of this part of the experiment. The first column shows the number of
customers and products in each instance, while the second column indicates the number of runs in
which the optimal solution was achieved. The fourth and fifth columns display the minimum and
maximum objective function values across the 1000 runs. The sixth and seventh columns show the
minimum and maximum computational time invested throughout those runs.

When (|K|, |I |) = (30, 5), the best version of the algorithms proposed in Jiménez-Cordero et al.
(2025) is able to find the optimal solution in all runs, although no computational times are provided.
When (|K|, |I |) = (30, 25), the best version reaches the optimal solution in all runs from the second

© 2025 The Author(s).
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Table 10
Summary of the results obtained in the instances of Jiménez-Cordero et al. (2025). CPU time is measured in seconds

IG-RPP

ZIG CPU time

Instance Optimal runs Min. Max. Min. Max.

(30, 5) 1000 807 807 0.15 0.17
(30, 25) 1000 1042 1042 0.48 0.63
(60, 50) 1000 2017 2017 2.66 2.99

EV-RPP

ZEV CPU time

Instance Optimal runs Min. Max. Min. Max.

(30, 5) 1000 807 807 5.37 5.79
(30, 25) 1000 1042 1042 10.90 14.30
(60, 50) 828 2016 2017 38.90 81.30

50. Finally, when (|K|, |I |) = (60, 50), even the best approach is unable to find the optimal solution
in all runs when a 600-second time limit is used as the stopping criterion, obtaining the optimal
solution just as an outlier. Given these results, it is clear that IG-RPP outperforms all the algorithms
proposed in Jiménez-Cordero et al. (2025), as it consistently finds the optimal solution in every run,
and the computational times are very small, almost negligible.

Concerning the EV-RPP algorithm, although it is not the focus of this paper, it is clear that EV-
RPP also outperforms the algorithms in Jiménez-Cordero et al. (2025) both in terms of solution
quality and computational time. It consistently finds the optimal solution in all 1000 runs for the
two smallest instances and finds the optimal solution in 828 out of 1000 runs for the larger in-
stance. In the other 172 runs, it provides a solution that is only one unit worse in the UL objective
function value.

5.2.4. Best UL objective function
To enable future comparisons with other algorithms developed to solve the RPP, the Table A.1
in the Appendix provides the best UL objective function value ever achieved for each of the 240
instances tested. The term best solution refers to the one obtained using any of the 80 configurations
of the IG-RPP algorithm, the EV-RPP algorithm, or the best result provided by the Gurobi solver.

6. Conclusions

This paper addresses the RPP and develops IG-RPP, an IG-based metaheuristic algorithm with
local search, which proves to be a suitable method to solve the RPP, particularly to tackle large-scale
instances of the problem, where exact methods become impractical. IG-RPP follows the general
structure of an IG algorithm: the initialization, which in this case consists of generating an initial
solution using a greedy algorithm, the iteration process, which involves the partial construction
and reconstruction of the incumbent solution, the application of a local search phase, which in this

© 2025 The Author(s).
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particular case includes several local searches specifically designed for the RPP, and, finally, the
acceptance criterion to decide whether a new solution is admitted or not.

In the algorithm design, four parameters have been tuned, resulting in a total of 80 configurations
being evaluated. The computational experiments have highlighted the effect of the percentage of
destruction on the quality of the obtained solutions, which should be at least 30%. Additionally,
configurations with a maximum number of iterations set to 10,000 have shown better performance
in terms of solution quality. The algorithm design includes a method more suited to the RPP than
the random selection of components to destroy from the solution. However, the results do not show
a significant difference between the two methods. Regarding the proposed new acceptance criterion
based on #IT, computational experiments showed that there was a need to consider a number of
iterations strictly greater than 0.

Moreover, to assess its performance, IG-RPP has been compared with existing resolution meth-
ods in the literature by solving a large number of instances. Computational experiments confirm
the effectiveness of IG-RPP in terms of both solution quality and computational efficiency. In fact,
the proposed algorithm clearly outperforms all previously published resolution methods.

Future research could explore extensions of the IG approach to tackle additional problem vari-
ants, such as the RPPT or the CRPP. Another future research direction could explore applying ad
hoc modifications of this algorithm to other problems beyond the RPP that share a similar structure
of prices and customer preferences.
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Appendix

This appendix includes the best UL objective function value ever obtained for each of the 240
instances tested. Table A.1 provides for each instance the number of the instance and the best
objective function value achieved, Z.
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