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1. Introduction

Assortment optimization addresses the problem of finding the optimal subset (i.e., as-
sortment) of potential alternatives to offer to consumers in order to maximize the ex-
pected profits of firms. It has grown towards being a flourishing research area of Revenue
Management (RM). Accurate predictions of consumers’ choices from the offered choice-
set is fundamental in the assortment optimization. The value of representing consumer
demand using discrete choice models has been extensively studied (e.g., (Talluri and
Van Ryzin(2004), alluri and Van Ryzin(2004)) and (Strauss et al.(2018)Strauss, Klein,
and Steinhardt, trauss et al.(2018)Strauss, Klein, and Steinhardt)), and applying more re-
alistic customer behavior models is an active area of research in assortment optimization.

Assortment optimization has been developed for various parametric and non-parametric
choice models. Parametric choice models formulate choice probabilities by a paramet-
ric function that describes the customer choice behavior as a function of the offered set
of alternatives. Assortment optimization is initiated by van Ryazin and Mahajan in their
seminal paper that uses the multinomial logit (MNL) model which is the most extensively
studied parametric choice model ((Ryzin and Mahajan(1999), yzin and Mahajan(1999))).
It has further developed for other parametric choice models such as mixture of MNLs
(MMNL) (Rusmevichientong et al.(2010)Rusmevichientong, Shmoys, and Topaloglu, us-
mevichientong et al.(2010)Rusmevichientong, Shmoys, and Topaloglu), Nested Logit
(NL) (Davis et al.(2014)Davis, Gallego, and Topaloglu, avis et al.(2014)Davis, Gal-
lego, and Topaloglu), Generalized Attraction Model (GAM) (Gallego et al.(2015)Gallego,
Ratliff, and Shebalov, allego et al.(2015)Gallego, Ratliff, and Shebalov), and Paired
Combinatorial Logit (PCL) model (Zhang et al.(2020)Zhang, Rusmevichientong, and
Topaloglu, hang et al.(2020)Zhang, Rusmevichientong, and Topaloglu). Non-parametric
choice models estimate choice probabilities using a general distribution over different
rankings of alternatives. The rankings are known as preference lists which order alterna-
tives according to their utility, and each preference list is associated with one consumer
type. Among others, (Rusmevichientong et al.(2006)Rusmevichientong, Van Roy, and
Glynn, usmevichientong et al.(2006)Rusmevichientong, Van Roy, and Glynn), (Farias
et al.(2013)Farias, Jagabathula, and Shah, arias et al.(2013)Farias, Jagabathula, and Shah),
(van Ryzin and Vulcano(2015), an Ryzin and Vulcano(2015)), (Bertsimas and MiSic(2015),
ertsimas and MiSic(2015)), and (Berbeglia(2018), erbeglia(2018)) have studied assort-
ment optimization using the non-parametric choice models. For a comprehensive re-
view of assortment optimization under different choice models see (Kok et al.(2008)Kok,
Fisher, and Vaidyanathan, ok et al.(2008)K0&k, Fisher, and Vaidyanathan) and (Gallego



et al.(2019)Gallego, Topaloglu, et al., allego et al.(2019)Gallego, Topaloglu, et al.) text-
book.

Although assortment optimization has been extensively studied in the recent years, choice-
set composition effects have been overlooked in this research area. This research proposes
an assortment optimization model which incorporates the impacts of choice set composi-
tions on individual preferences while keeps the mathematical tractability of formulations.

2. Methodology

In this research, we employ the Generalized Random Regret Minimization (G-RRM)
model proposed by (Chorus(2014), horus(2014)) to model customer choice behavior. We
aim to select the optimal assortment of alternatives from the given universal set Q includ-
ing N alternatives so that the expected profit per customer is maximized. In our problem
setting, alternative i is defined by the bundle of M attributes (x},...,x},). The random
regret of alternative i is composed out of a systematic regret R; and an i.i.d. random error
&, RR; = R; + €;. The systematic regret of alternative i is defined as the sum of the binary
regrets that are associated with bilaterally comparing the attributes of alternative i with
each of the other alternatives in the choice set. Thus, the systematic regret of alternative i
in assortment s is written as below:
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Where f3,, and ¥ denote the weight of attribute m and the regret weight, respectively. It has
been revealed that the RRM model (1) captures the compromise effect as one of the most
important and robust choice set composition effects (e.g., (Guevara and Fukushi(2016),
uevara and Fukushi(2016)) and (Chorus and Bierlaire(2013), horus and Bierlaire(2013))).

Under the RRM model, the choice probability of alternative i is defined by Equation (2),
where Vjy denotes the constant attraction value of the no-purchase option.
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Let p; denote the associated profit of alternative i. Therefore, the assortment optimization
problem is formulated as follows.

max ) " p;. 7 (s) 3)

3. Solution method and findings

We have proposed an efficient algorithm to solve Problem (3). We have tested our algo-
rithm for micromobility services. The results show that our proposed algorithm can find
the optimal solution for all studied instances. Moreover, we have compared the planned
assortments against the widely used multinomial logit model to examine the implications



of the compromise effect on the assortment decisions. Our results indicate that this be-
havioral phenomenon has significant impacts on the optimal choice set, so they need to
be taken into account by those who want to offer a menu of options to their customers.
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