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Assortment planning is an important problem that arises in many industries such as retailing and airlines. One of the key
challenges in an assortment planning problem is to identify the “right” model for the substitution behavior of customers
from the data. Error in model selection can lead to highly suboptimal decisions. In this paper, we consider a Markov chain
based choice model and show that it provides a simultaneous approximation for all random utility based discrete choice
models including the multinomial logit (MNL), the probit, the nested logit and mixtures of multinomial logit models. In
the Markov chain model, substitution from one product to another is modeled as a state transition in the Markov chain.
We show that the choice probabilities computed by the Markov chain based model are a good approximation to the true
choice probabilities for any random utility based choice model under mild conditions. Moreover, they are exact if the
underlying model is a generalized attraction model (GAM) of which the MNL model is a special case. We also show
that the assortment optimization problem for our choice model can be solved efficiently in polynomial time. In addition
to the theoretical bounds, we also conduct numerical experiments and observe that the average maximum relative error
of the choice probabilities of our model with respect to the true probabilities for any offer set is less than 3% where
the average is taken over different offer sets. Therefore, our model provides a tractable approach to choice modeling and
assortment optimization that is robust to model selection errors. Moreover, the state transition primitive for substitution

provides interesting insights to model the substitution behavior in many real-world applications.
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1. Introduction

Assortment optimization is an important problem that arises
in many industries such as retailing and airlines where
the decision maker needs to select an optimal subset
of products to offer to maximize the expected revenue.
The demand and the revenue of any product depends
on the complete set of offered products since customers
potentially substitute to an available product if their most
preferred product is not available. Such a substitution
behavior is captured by a customer choice model that can
be thought of as distribution over preference lists (or per-
mutations of products). A customer with a particular pref-
erence list purchases the most preferable product that is
available (possibly the no-purchase alternative). Therefore,
the choice model specifies the probability that a customer
selects a particular product for every offer set. One of the
key challenges of any assortment planning problem is to
find the “right choice model” to describe the substitution
behavior when we only observe historical sales data for
a small number of assortments. The underlying customer
preferences are latent and unobservable.
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Many parametric choice models have been extensively
studied in the literature in several areas including mar-
keting, transportation, economics, and operations manage-
ment. Typically, the decision maker selects a parametric
form for the choice model where the parameters are
estimated from the data. The tractability of the parame-
ter estimation and assortment optimization problems are
important factors in the model selection. For these tractabil-
ity reasons, the multinomial logit (MNL) model is one of
the most widely used parametric choice model in practice
even though the model justifications (for instance, Indepen-
dence from Irrelevant Alternatives property (IIA) property)
are not reasonable for many applications. A more complex
choice model can capture a richer substitution behavior but
leads to increased complexity of the assortment optimiza-
tion problem and runs the risk of over-fitting the data.

1.1. Our Contributions

In this paper, we present a computationally tractable ap-
proach to choice modeling that is robust to model selection
errors. Our approach is based on modeling the substitution
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behavior of customers by state transitions in a Markov
chain. In general, the substitution behavior of any customer
is captured by his preference list over the products where
he selects the most preferred product that is available (pos-
sibly the no-purchase alternative). This selection process
can be interpreted as sequential transitions from one prod-
uct to another in the order defined by the preference list
until the customer finds an available product.

Markov Chain based Choice Model. Motivated by the
above interpretation, we consider a Markov chain based
choice model where substitution behavior is modeled as a
sequence of state transitions of a Markov chain. In partic-
ular, we consider a Markov chain where there is a state
for each product including the no-purchase alternative, and
model the substitution behavior as follows: a customer
arrives in the state corresponding to his most preferable
product. If that product is not available, he/she transitions to
other product states according to the transition probabilities
of the Markov chain. Therefore, the sequential transitions
based on the preference list are approximated by Marko-
vian transitions in the Markov chain based choice model.

The Markov chain based choice model is completely
specified by the arrival probabilities in each state and the
transition probability matrix. We show that both the arrival
probabilities to each state and the transition matrix can be
computed efficiently from choice probabilities for a small
number of assortments (O(n) where n is the number of
products). Furthermore, given the arrival probabilities and
the transition probabilities, we can efficiently compute the
choice probabilities for all assortments for the Markovian
substitution model. For any assortment S C N ={1,..., n},
we modify the Markov chain to make all states correspond-
ing to products j € S as absorbing. Then the limiting distri-
bution over all absorbing states (including the no-purchase
alternative) gives us the choice probabilities of all prod-
ucts in S. These can be computed efficiently by solving a
system of linear equations.

Approximation Bounds. A natural question that arises
is to study how accurately does the Markov chain model
approximate the true underlying model. We show that the
Markov chain choice model provides a good approximation
to any random utility discrete choice models under mild
assumptions. The class of models arising from a random
utility model is quite general and includes all models that
can be expressed as distributions over permutations. This
class includes MNL, probit, generalized attraction model
(GAM), Nested logit (NL), and mixture of MNL (MMNL)
models (see McFadden and Train 2000). We present lower
and upper bounds, related to the spectral properties of the
Markov chain, on the ratio of the choice probability com-
puted by the Markov chain model and the true underlying
model. These bounds show that the Markov chain model
provides a good approximation for all random utility based
choice models under very mild assumptions. Furthermore,
we show that the Markov chain model is exact if the
underlying hidden model is a generalized attraction model

(GAM). In other words, if the choice probabilities used
to compute the Markov chain model parameters is gener-
ated from an underlying GAM, then the choice probability
computed by the Markov chain model coincides with the
probability given by the GAM model for all products and
all assortments. We would like to note that the MNL model
is a special case of GAM and therefore, the Markov chain
model exactly captures the MNL model as well.

We would like to emphasize that the estimation of the
Markov chain only requires the choice probabilities of
certain assortments and no additional information about
the underlying choice model. Therefore, the Markov chain
model circumvents the challenging model selection prob-
lem for choice modeling and provides a simultaneous
approximation for all random utility based discrete choice
models. We would like to note that we present the choice
probability approximation bounds for the case of MNL,
GAM, and MMNL choice models. Any other random util-
ity based model can be approximated as closely as desired
by a mixture of MNL models McFadden and Train (2000).
Therefore, our approximation bounds extend to general ran-
dom utility based models. However, the bounds may not be
explicitly computable in general.

Assortment Optimization. We show that the assortment
optimization problem can be solved optimally in poly-
nomial time for the Markov chain choice model. In an
assortment optimization problem, the goal is to find an
assortment (or offer set) that maximizes the total expected
revenue, i.e.,

jmax r(8)= dori- (), S),

jes

where r; is the revenue per unit of product j and 7(j, S)
denotes the choice probability of product j when the offer
set is S. This result is quite surprising since in the Markov
chain based choice model, we can not even express 7 (j, S)
as a simple functional form of the model parameters. There-
fore, we are not able to even formulate the assortment
optimization problem as a mathematical program directly.
However, we show that the assortment optimization prob-
lem is related to the optimal stopping problem and present
a policy iteration algorithm to compute an optimal assort-
ment in polynomial time for the Markov chain based choice
model. Moreover, our algorithm shows that the optimal
assortment is independent of the arrival rates A;, i € V.
This provides interesting insights about the structure of the
optimal assortment.

Furthermore, we show under mild conditions that if
Markov chain model parameters are computed from choice
probabilities generated by some underlying latent choice
model, then the optimal assortment for the Markov chain
model is also a good approximation for the assortment opti-
mization problem over the underlying latent model.

Computational Study. In addition to the theoretical
approximation bounds, we present a computational study
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to compare the choice probability estimates of the Markov
chain model as compared with the choice probability of the
true model. Since the mixture of MNLs model can approxi-
mate any discrete choice model arising from random utility
maximization principle as closely as required (McFadden
and Train 2000), we compare the performance of the
Markov chain model with respect to MMNL model. In par-
ticular, we consider several families of random instances
of mixture of MNL models as well as the distribution over
permeation models and compare out of sample performance
of the Markov chain model with respect to the true model.
The numerical experiments show that our model performs
extremely well on randomly generated instances of these
models and the performance is significantly better than the
MNL approximation. We also study the performance of
the Markov chain model in the assortment optimization
problem for the MMNL model. Our results show that the
Markov chain model significantly outperforms the MNL
approximation for assortment optimization.

1.2. Related Work

Discrete choice models have been studied very widely in
the literature in a number of areas including Transporta-
tion, Economics, Marketing, and Operations. There are
two broad fundamental questions in this area: (i) learn the
choice model or how people choose and substitute among
products, and (ii) develop efficient algorithms to optimize
assortment or other decisions for a given choice model. The
literature in Transportation, Economics, and Marketing is
primarily focused on the choice model learning problem
whereas the Operations literature is primarily focused on
the optimization problem over a given choice model. Since
this paper considers both these fundamental problems, we
give a brief but broad review of the relevant literature.

A choice model, in the most general setting, can be
thought of as a distribution over permutations that arise
from preferences. In the random utility model of prefer-
ences, each customer has a utility u; + €; for product ;j
where u; depends on the attributes of product j and €; is
a random idiosyncratic component of the utility distributed
according to some unknown distribution. The preference
list of the customer is given by the decreasing order of utili-
ties of products. Therefore, the distribution of €; completely
specified the distribution over permutations, and thus, the
choice model. This model was introduced by Thurstone
(1927) in the early 1900s. A special case of the model is
obtained when €;’s are i.i.d according to a normal distribu-
tion with mean 0 and variance 1. This is referred to as the
probit model.

Another very important special case of the above model
is obtained assuming €;’s are i.i.d according to an extreme
value distribution such as Gumbel. This model also referred
to as the Plackett-Luce model and was proposed indepen-
dently by Luce (1959) and Plackett (1975). It came to
be known as the Multinomial logit model (or the MNL

model) after McFadden (1973) referred to it as a condi-
tional logit model. Before becoming popular in the Oper-
ations literature, the MNL model was extensively used in
the areas of transportation (see McFadden 1980, Ben-Akiva
and Lerman 1985), and marketing (see Guadagni and Lit-
tle 1983 and surveys by Wierenga 2008, Chandukala et al.
2008). In the Operations literature, the MNL model is by
far the most popular model as both the estimation as well as
the optimization problems are tractable for this model. The
assortment optimization for the MNL model can be solved
efficiently and several algorithms including greedy, local
search, and linear programming based methods are known
(see Talluri and Van Ryzin 2004, Gallego et al. 2004, Farias
et al. 2011). However, the MNL model is not able to cap-
ture heterogeneity in substitution behavior and also suffers
from the Independence from Irrelevant Alternatives (ITA)
property (Ben-Akiva and Lerman 1985). These drawbacks
limit the applicability of the MNL model in many practical
settings.

More general choice models such as the generalized
attraction model (Gallego et al. 2015), Nested logit model
(Williams 1977, McFadden 1978), and the mixture of MNL
models have been studied in the literature to model a
richer class of substitution behaviors. These generaliza-
tions avoid the IIA property but are still consistent with
the random utility maximization principle. Natarajan et al.
(2009) consider a semiparametric approach to choice mod-
eling using limited information of the joint distribution
of the random utilities such as marginals distributions or
marginal moments. However, the corresponding assortment
optimization over these more general discrete choice mod-
els is not necessarily tractable. For instance, Rusmevichien-
tong et al. (2010) show that the assortment optimization is
NP-hard for a mixture of MNL model even for the case of
mixture of only two MNL models. Davis et al. (2014) show
that the assortment optimization problem is NP-hard for the
Nested logit model in general (they give an optimal algo-
rithm for a special case of the model parameters). We refer
the readers to surveys (Kok et al. 2009, Lancaster 1990,
Ramdas 2003) for a comprehensive review of the state-
of-the-art in assortment optimization under general choice
models.

Most of the above work is related to static assortment
optimization. The dynamic assortment optimization prob-
lem we need to make both assortment and inventory deci-
sions for demand that arrives over multiple periods has also
been widely studied in the literature (see Parlar and Goyal
1984, Mahajan and van Ryzin 2001, Kok and Fisher 2007,
Chen and Bassok 2008, Gaur and Honhon 2006). Smith
and Agrawal (2000) and Netessine and Rudi (2003) con-
sider a two-step dynamic substitution model where each
customer has only two products in the preference list. If
the first choice product is not available, he substitutes to
the second-choice product, and leaves without purchasing
if both choices are unavailable. Our Markov chain based
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choice model is a generalization of the two-step substitu-
tion model where the transitions continue until the customer
finds an available product or ends up in the state of no-
purchase alternative.

In much of the above work, the choice model is assumed
to be given and the focus is on the optimization problem.
In a recent paper, Rusmevichientong and Topaloglu (2012)
consider a model where the choice model is uncertain and
could be any one of the given MNL models. They show that
an optimal robust assortment can be computed in polyno-
mial time. However, they consider uncertainty over model
parameters and not over the class of choice models. It is
quite challenging to select the appropriate parametric model
and model mis-specification error can be costly in terms
of performance. McFadden and Train (2000) show that any
choice model arising from the random utility model can be
approximated as closely as required by a mixture of a finite
number of MNL models. This result implies that we can
focus only on the class of mixture of MNL models for the
model selection problem. However, even then, the number
of mixtures in the model is not known.

In this paper, we consider a different approach to choice
modeling that circumvents this model selection problem.
The work by Farias et al. (2012) and van Ryzin and
Vulcano (2011) are most closely related to this paper. Farias
et al. (2012) consider a nonparametric approach where they
use the distribution over permutations with the sparsest
support that is consistent with the data. Interestingly, they
show that if a certain “signature condition” is satisfied,
the distribution with the sparsest support can be computed
efficiently. However, the resulting assortment optimization
problem can not be solved efficiently for the sparsest sup-
port distribution. van Ryzin and Vulcano (2011) consider
an iterative expectation maximization algorithm to learn a
nonparametric choice model where in each iteration they
add a new MNL to the mixture model. However, optimiza-
tion over mixture of MNLs is NP-hard (Rusmevichientong
et al. 2010). Zhang and Cooper (2005) consider a Markov
chain based choice model similar to the one introduced in
the paper for an airline revenue management problem and
present a simulation study. However, the paper does not
present any theoretical analysis for the model.

Outline. The rest of the paper is organized as follows.
In Section 2, we present the Markov chain based choice
model. In Section 3, we show that this model is exact if
the underlying choice model is GAM. In Section 4, we
present approximations bounds for the choice probability
estimates computed by the Markov chain model for general
choice models. In Section 5, we consider the assortment
optimization problem and present an optimal algorithm for
our Markov chain based choice model. In Section 6, we
present results from our computation study.

2. Markov Chain Based Choice Model

In this section, we present the Markov chain based choice
model. We denote the universe of n products by the set

N ={1,2,...,n} and the outside or no-purchase alterna-
tive by product 0. For any S C W, let S, denote the set
of items including the no-purchase alternative, i.e., S, =
SU{0}. And for any j € S, let (j, S) denote the choice
probability of item j € S, for offer set, S.

We consider a Markov chain /[ to model the substitu-
tion behavior using Markovian transitions in /. There is
a state corresponding to each product in /', including a
state for the no-purchase alternative 0. A customer with a
random preference list is modeled to arrive in the state cor-
responding to the most preferable product. Therefore, for
any i € /, a customer arrives in state i with probability
A, = w(i, N) and selects product i if it is available. Oth-
erwise, the customer transitions to a different state j 7 i
(including the state corresponding to the no-purchase alter-
native) with probability p;; that can be estimated from the
data. After transitioning to state j, the customer behaves
exactly like a customer whose most preferable product is j.
He selects j if it is available or continues the transitions
otherwise. Therefore, we approximate the linear substitu-
tion arising from a preference list by a Markovian transition
model where transitions out of state i do not depend on the
previous transitions. The model is completely specified by
initial arrival probabilities A; for all states i € /', and the
transition probabilities p,; for all i € N, j € /. Note that
for every state i € /N, there is a probability of transition-
ing to state O corresponding to the no-purchase alternative
in which case, the customer leaves the system. For any
Jj €N, we use j to refer to both product j and the state
corresponding to the product j in the Markov chain /.

2.1. Computing Choice Model Parameters

The arrival probabilities, A; for all i € /', can be inter-
preted as the arrival rate of customers who prefer i when
everything is offered. The transition probability p;;, for i €
N,je N, is the probability of substituting to j from i
given that product i is the most preferable but is not avail-
able. We can compute these probabilities from the choice
probabilities of products for a small number of assortments.

Suppose we are given the choice probabilities for the
following (n+ 1) assortments,

F={N, N\{i}|i=1,....n}. (1)

We compute the arrival probabilities, A; and transition prob-
abilities, Py forall ie N, je N, as follows.

A=a(i,N), and

1, if i=0, j=0
= ) , ifielN,jeN,, i#]
0, otherwise.

Note that 7 (i,./) is exactly the fraction of customers whose
most preferable product is i. For all ie NV, je N, i#j, the
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numerator in the definitionof p,;, 8;; = 7 (j, N\ {i}) — 7 (j, V')
is the increase in probability of selecting j when i is re-
moved from the assortment. Therefore, we can interpret
the definition of p;; as the conditional probability that a
customer substitutes from product i to product j given that
product i is the most preferable product but is not offered.
This is consistent with the Markov chain interpretation. For
the true model, the transition probability p;; depends on
the offer set S. But here, we approximate the substitution
behavior as a sequence of Markovian transitions.

In (2), we assume that accurate choice probability data
for n 4 1 assortments & (as defined in (1)) is available.
However, such data may not always be available in prac-
tice. Typically, we have access to only partial and noisy
choice probability data for an arbitrary collection of assort-
ments and we can not compute the Markov chain param-
eters using (2). Therefore, it is important to study robust
statistical estimation procedures for directly estimating the
Markov chain model parameters from noisy partial data.
However, our main focus in this paper is to introduce the
Markov chain based choice model, analyze its performance
in modeling random utility based discrete choice models
and study the corresponding assortment optimization prob-
lem. We leave the study of robust statistical estimation pro-
cedures from data for future work.

We would like to note that the Markov chain choice
model is also useful in cases when the true choice model
is known but the corresponding assortment optimization
problem is hard (for instance, in the case of the MMNL
model). Since the Markov chain model provides a good
approximation of most discrete choice models and the cor-
responding assortment optimization problem can be solved
efficiently, it can be useful to use the Markov chain model
instead of the known true choice model. In this case, we
can easily compute the parameters of the Markov chain
model using (2). For instance, if the true model is a mix-
ture of MNL model, then we compute the Markov chain
parameters as in (5). Farias et al. (2012) estimate a distri-
bution over permutations model with a sparse support from
choice probability data under fairly general conditions, but
the resulting assortment problem is hard. We can compute
the Markov chain parameters from a given distribution over
permutations model using (6).

2.2. Examples

We discuss the examples of MNL, GAM, mixture of
MNL and distribution over permutations choice models
and compute the parameters of the Markov chain model
from the choice probabilities for (n+ 1) assortments & =
(N, MN\{i}|i=1,...,n}.

Multinomial logit (MNL) model. Suppose the underly-
ing choice model is MNL given by utility parameters
uy, ..., u, We can assume without loss of generality that
ug~+---+u,=1.Forany SCWN, je§,,

. U
ies, Ui

From (2), the parameters A; and p; for all i € N, €
N, i# j, can be computed as follows.

A =m(, N)=uy,
TG D =TGN 3)

1

Pij =

Note that for all i # j, p; is exactly the choice probabil-
ity of product j for offer set .N\{i}. Furthermore, for any
state i, the transition probability, p;; to state j, for any j # i
is proportional to u;. This property preserves the structure
of MNL model in the Markov chain approximation. In fact,
we can show that our Markov chain approximation is exact
if the underlying choice model is MNL and more gener-
ally for the generalized attraction model (GAM) described
below.

Generalized attraction model (GAM). The generalized
attraction model, introduced in Gallego et al. (2015) is
given by 2n+ 1 parameters: u,, ..., u, and v, ..., v, where
for any i =1, ..., n, v, represents the increase in the no-
purchase utility if product i is not offered in the assortment.
We assume that 0 < v; <u; forallie N and uy+---4u, =
1. For any S € .V, j €S, the choice probability

7(j, S) 4
s Uy + Zigés Vit D ies U .
For all i € V, let 6, = v,;/u;. Note that the MNL model is
a special case of GAM as we recover the MNL model by
setting v, =0 for all i. The independent demand model is
also a special case of GAM and can be recovered by setting
v; = u; for all i. From (2), the parameters A; and p,; for all
ielN,jeN,, i#]j, can be computed as follows.

A =7, N)=u;

1

P = up(1—16,)+ 6,
O 1 —u,(1-6,) 4)
“j(l -0, .
L= 0.
Pij T—u(i=0) j#

Similar to the case of MNL model, the transition proba-
bility from any state i € /' to any state j € N (j #0), p;;
is proportional to u;. Utilizing the structure of the tran-
sition probability matrix, we show that the Markov chain
approximation is exact for the generalized attraction model
(GAM).
Mixture of MNL model. Suppose the underlying model
is a mixture of K MNL models. Let 0,,k=1,...,K (0, +
-+ 0, = 1) denote the probability that a random customer
belongs to segment k that is given by the MNL model

parameters: uy, j=0,...,n € R, such that 3 =1

j=0U;

forallk=1,...,K. For any assortment S C ./, the choice
probability of any j € S, is given by
K
m(j,S) = Zok Z - (. S),

Zle& Ui —
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where (7, S) is the choice probability of product j for
offer set S for segment k. Now, the parameters for the
Markov chain can be computed as follows.

K
A=) 0 uy=m(@,N)
k=1

by = 306, Tl D = m Gy )

0 . )
P k (i, N)
_ XK: O 1t ) Uy
o TN 1 —uy,

To interpret the above expression for p;;, note that for any
k=1,...,K,

: e it Ot
P(customer in segment k | first choice is i) = ———,
(i, N)
u.:
and - (j, M\(i}) =
1 —uy

Therefore, for any i € N, j € N, we can interpret p;; as
the conditional probability that a random customer selects
J in M\{i} given that the first choice is product i.

Distribution over Permutations Model. Suppose we are
given a distribution over a set of permutations o, ..., 0
in §,,,, ie., for each permutation, o, k =1,..., K, we
are given the probability, «, that the customer’s preference
list is given by o,. We can compute the parameters of the
Markov chain as follows.

A= Z oy

k: oy (1)=i

_ ZkK=1 a, - 1(oy (1) =i, 03(2) = j)
2k o, (=i Xk ’

(6)

Pij

where 1(-) denotes the indicator function. Note that the
transition probabilities in (6) only depend on the dis-
tribution of first choice and second choice products for
customers. If we have an explicit description of the distri-
bution over permutations model and we have access to the
complete preference lists of the customers, then an alter-
nate Markov chain approximation for the distribution over
permutation model can be computed as follows.

=) o

kiop (1)=i
g = iz @ L@l o (D=1, 0,(1+1)=))
! Yo Loy (i) <0 (0))

In the above computation, we define p;; as the total prob-
ability of all permutations where i and j are consecutive
and i appears before j. This corresponds to the probability
that a random customer transitions to state j given he is
at state i in the distribution over permutation model. We
would like to note that the Markov chain parameter compu-
tation in (7) is different from (6) (or (2)) and we do not ana-
lyze the approximation bounds for choice probabilities if

™)

the parameters are computed using (7). However, we com-
pare the computational performance of both the Markov
chain approximations of the distribution over permutations
model and present the results in Section 6.

2.3. Computation of Choice Probabilities

Given the parameters A; and p; for all ie N, je N, let
us now describe how we compute the choice probabilities
for any S € .V, j € S,. Our primitive for the substitution
behavior is that a customer arrives in state { with probabil-
ity A;, and continues to transition according to probabili-
ties p;; until he reaches a state corresponding to a product
in S, . We make the following assumption about the transi-
tion probability matrix, p(N, V') that denotes the transition
probabilities from states N to N excluding state 0.

ASSUMPTION 2.1. The spectral radius of the transition sub-
matrix p(N, N) is strictly less than one.

This assumption is satisfied for any natural choice model.
In particular, in any choice model for an empty offer set,
all the demand is absorbed in state 0 and there is no tran-
sient demand in nonabsorbing states. This implies that the
spectral radius of p(/N, /) is strictly less than one for any
natural choice model without loss of generality.

Now, for any offer set S € N, we define a Markov chain,
AM(S) over the state space, N, . Since each state i € S,
is an absorbing state in /((S), we modify the transition
probabilities, p;;(S) as follows.

0 ifies, j#i
p,;(8)=11 ifies, j=i 8)
p; otherwise

Note that there are no transitions out of any state i € 5.
The choice probability, 77(j, S), for any j € S, can be com-
puted as the probability of absorbing in state j in /(S). In
particular, we have the following theorem.

THEOREM 2.1. Suppose the parameters for the Markov
chain model are given by A;, p;; for all i€ N, je N,. For
any S C N, let B=p(S, S, ) denote the transition probabil-
ity submatrix from states S = N\S to S,, and C =p(S, S)
denote the transition submatrix from states in S to S. Then
forany jeS,,

#(j, S)=A; 4+ (A(S5))"(I—C) 'Be, 9)

where N(S) is the vector of arrival probabilities in S and
e; is the jth unit vector.

ProOOF. The transition probability matrix for Markov chain
M(S) where states in S are absorbing is given (after per-
muting the rows and columns appropriately) by

P(S) = [113 g} (10)
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Here the first |S| 4 1 rows and columns of %(S) correspond
to states in S, and the remaining rows and columns cor-
respond to states in S. Let p =|S|. Then, I'is a (p + 1)
x (p + 1) identity matrix, B € R"™”*"*) and C €
[Rﬁ:'_p )*("=P) For any j € S . the choice probability estimate
7(j, S) can be computed as follows.

#(7.5) = lim N((S)e,

I 0
=limA\" | /2 e
g—> (ZCJ>B Ce | -
J=0
I 0
—\7 [(I—C)'B 0:|ej. (11)

Note that C is a principal submatrix of p(N, /) that has
spectral radius is strictly less than one (Assumption 2.1).
Therefore, the spectral radius of C is also strictly less than
one and

> C=1-C)"", limC‘=0.
g—>00

j=0
Therefore,
#(j, ) =A; 4+ (A(S5))"(I—C) 'Be;,

where e; is the jth unit vector in Rr*+!. Note that Y =
(I—C) 'BisalS|x|S| matrix where forany i € S, j €S,
Y;; denotes the resulting probability of absorbing in state j
conditional on arrival in state i. In other words, Y,-j is the
probability of substituting to product j given that product i
is the most preferable product but is not available in offer

set S. O

Therefore, the parameters A; and p;; forie N, je N,
give a compact representation of choice probabilities for all
offer sets and we can efficiently compute the choice proba-
bility for any j, S. However, unlike several commonly used
parametric choice models such as MNL, GAM, Nested
logit and mixture of MNL, we do not have a simple func-
tional form for the choice probabilities as a function of the
parameters.

3. Generalized Attraction Model (GAM) and
Markov Chain Model

We show that the Markov chain model is exact if the
underlying choice model is GAM. In other words, if the
parameters A;, p;; for all i € ¥, j € N are computed using
choice probability data from GAM, then for any assort-
ment § €.V, the choice probability for any j € S, com-
puted using the Markov chain model is exactly equal to
the choice probability given by the underlying GAM. We
formalize this in the theorem below.

THEOREM 3.1. Suppose the underlying model is GAM
for the given choice probabilities, w(j,S) for all S €
(N, M\{i},i=1,...,n}. Then forall SCN,jeS,,

#(j,8) =7, ),

where 7(j,S) is the choice probability computed by the
Markov chain model (9) and 7 (j, S) is true choice proba-
bility given by the underlying GAM.

PrOOF. Suppose the parameters for the underlying GAM
are ug, ..., u, >0,v,,...,v, such that uy+---+u, =1 and
0<v, <y, forall ieN. Let 0, =v,/u; for all i € V. The
exactness of GAM depends on the structure of transition
probabilities p,; from state i € N to j # i. From (4), we
know that for any i € .V,

A=y
_ uy(1—6;) + 6,
P = T w(—-6)
uj(l_oi) . .
=T 0,i.
P = T (=0) J#0,i

Consider an alternate Markov chain ./ with the transition
matrix p where for any i € W,

Pig = up(1—6,)+ 0,
léij =u;(1-6;), Vj#0.

Note that p;; = u;(1 — 6,) for all i € ¥ (unlike the original
Markov chain where p; =0). In the new Markov chain A,
for any i, j € N, i # j, the probability of visiting state j
starting from state i before visiting any other state k # i, j
is given by

(12)

i(ﬁii)qﬁlj = i(”i(l —60))"u;(1—6;)
q=0

q=0

u;(1-6,)

S Tow—g) P
Moreover, the probability of reaching state O starting from
state i before visiting any other state k # i, 0 is

S BB = 3 (a1 — 6))7 (o1 — 6,) +6,)
q=0 q=0

up(1—6,) + 6,

I—u(i—6) "
This proves that the two Markov chains, /[ and Ml are
equivalent, i.e., the limiting distributions of the two Markov
chains for any subset S of absorbing states are the same.
Note that the transition probability matrix of /[ over the
states N has rank 1.

Now, consider any offer set S € . For ease of nota-
tion, let S = {1,..., p} for some p < n. Now, 7(j,S)
is the absorption probability of state j in Markov chain
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AM(S) where the states corresponding to S, are absorbing

A

states. Since the Markov chains, ./ and /[ are equivalent
with respect to limiting distributions, we can compute the
absorption probability of state j in Markov chain J/(S)
where states in S, are absorbing. Let S = /\S and let B =
p(S,S), C=p(S,S). From Theorem 2.1, for any j € S, the
choice probability given by the Markov chain model,

#(j,S) = 7(j, V) +A(S)" (I C) 'Be,
=m(j, N)+ i A(S)"CBe;.
q=0

Let B B
u(S) = u,v(S) =) v
ieS =
Note that N(S) is a left eigenvector of C with eigenvalue

(u(S) —v(S)) as
A(S)TC = (u(S) — v(S))N(S)".

Therefore,

5. 8) = 70 M)+ 3. (u(S) — v(5))'AE) Be,

q=0

1 A

1 _ _
u

J
Ug+ Dies Ui T Dies Vi
which is equal to 7(j, S) for GAM. O

Since the MNL model is a special case of GAM with
v; =0 for all i € NV, we have the following corollary.

s

COROLLARY 3.1. Suppose the underlying model is MNL
for the given choice probabilities, mw(j,S) for all S €
(N, N\{i},i=1,...,n}). Then forall SCN,jeS,,

7(j,8) =70, S),

where 7(j,S) is the choice probability computed by the
Markov chain model (9) and w(j, S) is true choice proba-
bility given by the underlying MNL model.

The proof of Theorem 3.1 shows that GAM can be rep-
resented exactly by a Markov chain where the transition
submatrix over states JV is a rank one matrix. In particu-
lar, we can represent GAM using the transition matrix, p
as defined in (12) where p(N, /') =Bu’ is rank one (with
B;=(1—6,) for all i € /). However, we would like to note
that not every rank one transition submatrix over /' repre-
sents a GAM. In the case of GAM, A =u and p(N, V) =
Bu” (where B is a non-negative vector with 8, = (1 —6,)).
For general N and rank one transition matrix p(/, /), the
Markov chain model does not necessarily represent a GAM.

4. General Choice Models

In this section, we discuss the performance of the Markov
chain based model for general choice models. From the pre-
vious section, we know that the model is exact if the under-
lying choice model is MNL (or more generally GAM). But
this is not the case for general discrete choice models. In
fact, we can construct pathological instances where the two
probabilities are significantly different (see Section 4.2).
However, under a fairly general assumption, we show that
the Markov chain model is a good approximation for all
random utility based discrete choice model. Furthermore,
we also show that we can compute a good approximation
to the optimal assortment problem for the true model using
the Markov chain model.

4.1. Bounds for Markov Chain Approximation for
General Choice Models

To prove such an approximation result, we need to show
that for every discrete choice model, the Markov chain
model computes good choice probability estimates if the
choice probability data arises from that choice model. The
following theorem from McFadden and Train (2000) allows
us to restrict to proving our result for the mixture of multi-
nomial logit (MMNL) model.

THEOREM 4.1 (McFADDEN AND TRAIN (2000)). Consider
any random utility based discrete choice model where util-
ity of a product j for customer i depends on the product fea-
tures, customer characteristics, and random idiosyncratic
components that depend on both. Each customer selects the
product with the highest random utility. Let (j, S) denote
the choice probability of product j for offer set S based on
the random utility maximization. Then for any € > 0, there
exists a mixture of multinomial logit model (MMNL) such
that

[7(j,S) — T (. S)| <€, VjeS, VSCW,

where Ty (j, S) is the choice probability given by the
MMNL model for product j and offer set S.

The above theorem is an existential result that shows
that for any random utility model and error bound € > 0,
there exists a MMNL model that approximates all choice
probabilities within an additive error of €. For more details,
see Theorem 1 in McFadden and Train (2000). Using the
above theorem, it suffices to prove that the Markov chain
model is a good approximation for the mixture of multi-
nomial logit (MMNL) model with an arbitrary number of
segments. Consider a MMNL model given by a mixture
of K multinomial logit models. Using the same notation

as before, let 6,, k =1, ..., K denote the probability that
a random customer belongs to the MNL model & (or seg-
ment k) and uy, j=0,...,n denote the utility parameters

for segment k such that 37 ju; =1, and up > 0. Also,
forany k=1,...,K and any S C NV, let

w(S)=7 uy.

Jjes
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Let S = ./\S. The choice probability (j, S) for any offer
set § and j € S, for the mixture of MNLs model can be
expressed as follows.

\M»

"8 = Lo e

= 3 by (1 n i(uk(i»q), (13)
k=1 =1

where the last equality follows from the fact that u, (S) < 1
since uy, >0 for all k=1,...,K. For any S C ./, let

a(S)= mleZ’ﬁk(l /\f)—maxuk(S) (14)

ieS

where (i, /) is the probability that a random customer
from segment k selects i € § when the offer set is V.
Therefore, a(S) is the maximum probability that the most
preferable product for a random customer from any seg-
ment k =1, ..., K belongs to S. Recall that for any S C N,
A(S) denotes the vector of arrival probabilities for items
in S. Let

7(S) = min{k | v< A(S) <
left eigenvector of p(S, S)}. (15)

K - v,V is the principal

Note that 7(S) intuitively is a measure of geometric dis-
tance between A(S) and the direction of the principal left
eigenvector of p(S, S), where 7(S) is small if v and N(S)
are nearly parallel and large otherwise. For any S C W,
p(S,S) is the transition submatrix from states S to S.
Recall from (5), for any i, j € S, i # J,

O i Ujk

Py = L Ty

Therefore, all the off-diagonal elements of p(S,S) are
strictly greater than zero which implies that p(S,S) is
irreducible. From Perron-Frobenius theorem (see Theo-
rem 1.4.4 in Bapat and Raghavan 1997), the maximum
eigenvalue is real and positive, and the corresponding left
eigenvector, v > 0 which implies that 7(S) is finite. We
prove lower and upper bounds on the relative error between
the Markov chain choice probability, 7(j, S), and 7(j, S)
that depend on «(S) and 7(S). In particular, we prove the
following theorem.

THEOREM 4.2. For any SC N, je§,, let w(j,S) be the
choice probability computed by the Markov chain model,
and 1(j,S) be the true choice probability given by the
mixture of MNL model. Then,

M)-W(j,S).

(1_a(§)2)-w(j,5)<ﬁ(f',5><(1+ 1—a(3)

If the offer set S is sufficiently large, then a(S) would
typically be small and we get a sharp lower bound for
7(j, S) with respect to the true probability (j, S). For
instance, if a(S_ ) = 1/4, then for any j € S, the bounds in
Theorem 4.2 imply

7(j,S)
If in addition, 7(S) is also small, we also get sharp upper
bounds. We can also interpret the bounds as follows: if
the customers are able to substitute to alternatives that are
close to their original choice (which happens if the offer
set is sufficiently large), the Markov chain model provides
a good approximation for the choice probability of the true
underlying model. However, the bounds get worse as a(S)
increases or the size of offer set S decreases. It is rea-
sonable to expect this degradation for the following rea-
son. We compute the transition probability parameters from
choice probabilities of different products for offer sets N
and M\{i} for i € & and make a Markovian assumption for
the substitution behavior. For smaller offer sets (say of size
o(n)), the number of state transitions for a random demand
before reaching an absorbing state is large with high proba-
bility. Therefore, the error from the Markovian assumption
gets worse.

The approximation bounds in Theorem 4.2 hold for
the MMNL choice model. We can extend the bounds for
general random utility based models using Theorem 4.1.
However, we would like to note that Theorem 4.1 is an
existential result and therefore, the approximation bounds
may not be explicitly computable for general models.

To prove the above theorem, we first compute upper and
lower bounds on the choice probability 7(j,S) for any
SC N, jeS, in the following two lemmas.

>0.94-7(j,S).

LEMMA 4.1. Forany SC N, jeS,, let 7(j,S) denote the
choice probability of product j for offer set S computed by
the Markov chain model. Then

#.9)> Zeku,k(l +3(Zwor))

ie§ Ng=1

The above lower bound on the choice probability 7 (j, S)
for j € S, is computed by considering only a one-step sub-
stitution to another product if the first choice product is
not available. According to our Markov chain model, a
customer with product i as the first choice product tran-
sitions to another state if product i is not available. The
transitions continue according to the transition matrix % ()
until the customer ends up in an absorbing state. There-
fore, by considering only a single transition in the Markov
chain J((S), we obtain a lower bound on 7(j,S) for
any j € §,. We present the proof of Lemma 4.1 in the
online appendix EC.1 (available as supplemental material
at http:/dx.doi.org/10.1287/opre.2016.1505).

In the following lemma, we prove an upper bound on
7(j,S) for any S C .V, jeS,. The bound depends on the
spectral radius of the transition submatrix C = p(S, S) of
transition probabilities from § to S.
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LEMMA 4.2. For any SC N, je€ S,, let w(j,S) be the
choice probability of product j € S, for offer set S com-
puted by the Markov chain model. Let C = p(S, §) denote
the submatrix of transition probabilities from states S =
N\S t0 S, and let vy be the maximum eigenvalue of C. Then

5 (5 Su))

- ie§ g=1

efnie

where T(-) is defined in (15) constant that depends on
the eigenvector corresponding to the maximum eigenvalue

of C.

In the following lemma, we show the spectral radius
of the transition submatrix C = p(S, S) is related to the
parameter «(S) defined in Theorem 4.2.

LEMMA 4.3. Consider any S € N and let a = a(S). Let
C = p(S,S) be the probability transition submatrix of
P(S) from states S to S. Then the maximum eigenvalue
of C, vy is at most .

We present the proofs of Lemmas 4.2 and 4.3 in
Appendix EC.1. Now, we are ready to prove the main
theorem.

PROOF OF THEOREM 4.2. Let a = a(S) and 7 = 7(S).
From (13), we know that

(.5 =Y eku,k(l ¥ Z(ukm)‘f)

k=1

and from Lemma 4.1, we have that

#(j,S) > é kujk<1+§<i(uik)q))

\=
K

> Oy (1 + “ik)»
k=1 ic§

where the second inequality follows as u;, > 0 for all i €

N, k=1,..., K. Therefore,
K %) _
7o) = 70, S) < 3 Oy (1 + Z(uk(s»")
k=1 =1

- Zekujk<1 + Zu,k>

ieS

= 3 Gyt - (1, (5)) (i uk@)q)

4=0
o’ (,é Ot - (guk(ﬁ)q» (16)
= a’7(j, ), (17)

where (16) follows from the fact that u,(S)
k=1,...,K and (17) follows from (13).

< «a for all

Let vy denote the maximum eigenvalue of C = p(S, S),
the transition submatrix from S to S. From Lemma 4.3,
we know that y < @ < 1. Therefore, from Lemma 4.2, we
have that

;(S) <

0kujk<1+ﬁ : (Zi(uik)4>>

ie§ =1

akujk<1+ﬁ-§(uk(5))q), (18)

M= 1M~

<
k

where (18) follows as u;,
Therefore,

=20forallieN k=1,...,K.

a) (Zwer)

20 (g(uk@))q)

7(7.8)—.5) > zeku,k(

—T

\%

_a .

T—a ™9 (19)
—a

where the first inequality follows from (18) and the sec-

ond inequality follows as u,(S) < « for all k=1,...,K.

Therefore, from (17) and (19) we have

(1= (a(8))*) - 7(j,S)
L 7(8) - a(S)
7(j,8) < (1 + T(S')

We would like to emphasize that the lower and upper
bounds in Theorem 4.2 can be quite conservative in prac-
tice. For instance, in computing the lower bound on 77 (j, S)
in Lemma 4.1, we only considers a one-step substitution
in the Markov chain to approximate the absorption prob-
ability of state j € S, in Markov chain /(S). To further
investigate this gap between theory and practice, we do
a computational study to compare the performance of the
Markov chain model with the true underlying model. In the
computational results, we observe that the performance of
our model is significantly better than the theoretical bounds.
The results are presented in Section 6.

N

>~7T(j,S). O

4.2. A Tight Example

While the bounds in Theorem 4.2 can be quite conservative
for many instances, we show that these are tight. In par-
ticular, we present a family of instances of the mixture of
MNL choice model where the ratio of the Markov chain
choice probability and the true choice probability for some
S C N, jeS, is almost equal to the bound in Theorem 4.2.

THEOREM 4.3. For any € > 0, there is a MMNL choice
model over N, S C N, j €S such that the approximation
bound in Theorem 4.2 is tight up to a factor of O(n®).

Proor. Consider the following MMNL choice model that
is a mixture of two MNL models each with probability
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1/2, ie., 6, =60, =1/2. Let u,v € R"*' denote the utility
parameters of the two MNL models. Let ny = (n— n'=e).
For all j=0,...,n,

n*e, if j=0
u;=11, if j=lorj>n,¢, and
n—j+1, otherwise (20)

|1, ifj=0orj>=n,
vi= j, otherwise.

Let S = {1}, j = 1. The true choice probability 7 (1, S) > ;.
Let

si=y u;=0(n"), s,=) v,=0(n).
j=0 j=0

Forall j=2,...,n, p;y =0(1/n*), and
_[e(/n). if2<j<n
A= { ©(1/n%), otherwise and
(n—n'"c)

Q(1/n*)  if j<
pj0= Q

1/n'"€)  otherwise

Let ¢, ¢, ¢, be some constants. Therefore, we can bound
7(1, S) as follows.

w(1,8) < m(1, /) + (%M) . <§<l_ﬁ)q>%
+i§n:no)\i.(§)<1_nfié>q>_%

<o) +olw) ()
- 0(,121_25) (1, S), 21

where the first inequality follows as p;; = O(1/ n?) for all
j=2,...,n, pJO_Q(l/nzf) forall j=2,...,n,and pj, =
Q(l/n”f) for j > n,. Inequality (21) follows as (1, N)=
O(1/n*), and

ny n 1
YALL Y A< 0<n]+6).

j=2 Jj=np+1

Also, (1 — a(S5)?) = ©(1/n?). From the lower bound in
Theorem 4.2, we have

#(1,8) > (1—a(S)?) - 7(1,8) = @(%) (1, S),

which implies that the lower bound is tight up to a factor
of n?. O

In the MMNL instance in Theorem 4.3, the parame-
ters for the MNL segments are designed such that both
the arrival probability for state 1 (corresponding to prod-
uct 1) and the transition probability, p;; from any state j =
2,...,n are O(1/n?). This is because the transition proba-
bilities, p;, are computed from assortments ./ and N\{;}

and product 1 has a small probability of selection in both
these assortments. Therefore, even though for small offer
set § = {1}, the probability of selecting 1 in MNL seg-
ment 2 is 1/2, the absorption probability in state 1 remains
small for any set of absorbing states.

We would also like to note that the MNL approximation
also performs badly for the above MMNL instance with
offer set § = {1}. The parameters for the MNL approxima-
tion are given by v, = n?>~¢/2 and v, = 1. Therefore, the
probability of selecting 1 given by the MNL approxima-
tion is O(1/n*¢). Therefore, the performance of the MNL
approximation is similar to the Markov chain model for this
instance. However, it is important to note that the family of
instances in Theorem 4.3 are pathological cases where the
parameters are carefully chosen to show that the bound is
tight. The choice model is a mixture of two MNLs where
the MNL parameters of one class are increasing and the
second class are decreasing for almost all products. Such
utility parameters would not usually arise in practical set-
tings. If we change the example slightly, we can observe
that the performance of the Markov chain model is sig-
nificantly better and the bounds in Theorem 4.2 are con-
servative. In Section 6, we present extensive computational
results that compare the performance of the Markov chain
model and the MNL approximation in modeling choice
probabilities for random MMNL instances similar to the
tight example in Theorem 4.3.

5. Assortment Optimization for Markov Chain
Model

In this section, we consider the problem of finding the opti-
mal revenue assortment for the Markov chain based choice
model. For any j € N, let r; denote the revenue of prod-
uct j. The goal in an assortment optimization problem is
to select an offer set S € N such that the total expected
revenue is maximized, i.e.,

max Z(r #(j. S)), (22)

Nevl)

where for all j € S, #(j,S) is the choice probability of
product j given by the Markov chain model (9).

We present a polynomial time algorithm for the assort-
ment optimization problem (22) for the Markov chain based
choice model. The result is quite surprising as we can not
even express the choice probability 77(j, S) for any S C .V,
J €S, using a simple functional form of the model param-
eters. The computation of 7 (j, S) in (9) requires a matrix
inversion where the coefficients of the matrix depend on
the assortment decisions.

For all i € /' and S C W, let g/(S) denote the expected
revenue from a customer that arrives in state i (i.e., the most
preferable product is i) when the offer set is S. If product
i € S, then the customer selects product i and g;(S) = r;.
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Otherwise, the customer substitutes according to the tran-
sitions in the Markov chain and

8(8) = Z Pijgj(S)’

JjenN

and the total expected revenue for offer set S is given by
> jex A; - &;(S). Therefore, we can reformulate the assort-
ment optimization (22) as follows.

max > A;-8;(8), (23)

= jeN

where g;(S) denotes the expected revenue from a customer
with most preferable product is j when the offer set is S.
This optimization problem is equivalent to selecting an
optimal set of stopping (or absorbing) states in the Markov
chain, /[, and is related to the classical optimal stopping
time problem (see Cinlar 2013) where the goal is to decide
on a stopping rule that maximizes the expected reward. We
discuss this connection in more detail later.

Motivated by the reformulation (23), we consider the
following approach. For all i € , let g; be the maximum
expected revenue that can be obtained from a customer
whose first choice is product i, where the maximization is
taken over all offer sets, i.e.,

8 = max 8:(S)). (24)

S;CN

Note that we allow for the maximizing offer set depend on
the first choice product i. However, later we show that the
expected revenues starting from all states are maximized
for the same offer set. Given g; for all i € N, we can easily
compute the optimal assortment. In particular, we have the
following theorem.

THEOREM 5.1. Let g; for all i € N be as defined in (24). Let
S={ieN|g=r} (25)

Then S is optimal for the assortment optimization prob-
lem (23).

We begin by presenting a polynomial time algorithm to
compute g; for all i € /' . We first present an iterative algo-
rithm that computes g in a polynomial number of iterations
under the assumption that for all i € N, p,, is polynomi-
ally bounded away from zero, i.e., p,y = (1/n¢) for some
constant c¢. The iterative algorithm provides useful insights
toward reformulating the problem of computing g as a fixed
point computation problem. We show that the fixed point
computation can be formulated as an LP where we can
relax the assumption the assumption that p,, is polynomi-
ally bounded away from zero for all i € V.

Algorithm 1 (Tterative algorithm to compute g)
1: Initialize: g;) =r;foral jeN,A:=1,1:=0
2: while (A > 0) do
3 ti=t+1
4: fori=1—ndo

897
4 gl '=max (”p Y Py ~g§'>
J#
5 end for
6: A=g—g "
7: end while
8: Return: g

Iterative Algorithm to compute g. We can compute g;
using the following iterative procedure under the assump-
tion that p,, is polynomially bounded away from O for
all ie N. For t € Z,_,i e N, let g/ denote the maximum
expected revenue starting from state i in at most ¢ state
transitions where we can stop at any state. Stopping at any
state j corresponds to selecting product j resulting in rev-
enue 7;. Therefore, for all i € N, g? = r; since the only
possibility is to stop at state i when no state transitions are
allowed. Algorithm 1 describes the iterative procedure to
compute g; for all j € ./, by computing gj for 7 > 1 until
they converge.

We show that Algorithm 1 converges in a polynomial
number of iterations and correctly computes g; forall j € V.
Let

o= MiNpjo, Ty = MAXT), 7

Jen min — 1}2{1 rj' (26)
LEMMA 5.1. Suppose & as defined in (26) is polynomially
bounded away from 0, ie., 6 = Q(1/n) for some con-
stant c. Then for all j € N, g; computed by Algorithm 1
is the maximum possible expected revenue from a customer
arriving in state j . Furthermore, Algorithm 1 converges in
polynomial number of iterations.

ProoF. We first prove that for all t € Z, for all je N, gj’-
computed in Algorithm 1 is the maximum expected revenue
starting from state j after at most 7 state transitions, and g;
is increasing in t. We prove this by induction.

Base Case (t=0,t=1). Clearly, g_? =r; forall jeN
when no state transitions are allowed. For ¢t = 1, we can
either stop in state j or stop after exactly one transition.
Therefore, for all j € N,

g} :max(rj, Y P ri) = max(rj, Y opi g?) > :g;’.

ieN ieN

Induction Step (t =T). For any j € N, the maximum
expected revenue in at most 7 transitions starting from
state j is either obtained by zero state transition (i.e., stop-
ping at state j) or at least one transition. In the former case,
the revenue is I For the latter, we transition to state i with
probability p;;. From state i, we can make at most 7 — 1
transitions and by induction hypothesis, g/ ' is the maxi-
mum expected revenue that can be obtained starting from
state i in at most 7' — 1 transitions. Therefore, ng for all
j € N computed in Algorithm 1 as

gf=maX<r_,-,Zp,-,«-giT'),

ieN
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is the maximum expected revenue in at most 7 state tran-
sitions starting from state j. Also, by induction hypothesis,
gl ' > gl ? for all i € V. Therefore, for all j € N.

ng =max<rj, iji ‘g,'Tl) >max<rja Zp_/’i ‘g,'Tz> =ng71‘
ieVN ieN

Therefore, for all j € /V, g} is an increasing sequence upper

bounded by r,,,, = max;., r; and it converges to g;. This

implies that Algorithm 1 correctly computes g; for all

jeWN.

To prove that the algorithm converges in a polynomial
number of iterations, observe that in each transition, there
is at least a probability of 6 to transition to state 0 which
corresponds to zero revenue. After ¢ transitions starting
from any state j, the maximum possible expected revenue
is (1 —90)" - r,,,. Consider T such that (1 — 8)7 - r,,, <
Fmin- Lhen the algorithm converges in at most 7 iterations
since starting from any state j, it is better to stop at state j
itself and get revenue r;, instead of transitioning for more
than 7T steps. This implies that Algorithm 1 converges in at
most (1/6) - 108(F s/ Tmin) iterations. Since & is polynomi-
ally bounded away from zero, the algorithm converges in
polynomial number of iterations. [

LP formulation to compute g. Let P =p(N, N) denote
the probability transition matrix. Algorithm 1 to compute
g motivates the following alternate definition of g; for all
jeWN.

g;j=max(r;, e[Pg), VjeN, (27)

where €; denotes the jth unit vector. Therefore, computing
g can be formulated as a problem of computing the fixed
point of the above equations. Here, we present an LP for-
mulation to compute g. The LP formulation only assumes
that the substitution matrix, p(/N,.V) has spectral radius
strictly less than one (Assumption 2.1). As discussed ear-
lier, this assumption is without loss of generality for any
natural choice model. We do not require any assumption
on 6 (26). Consider the following LP.

min{e’g|g>r, g >Pg}. (28)

We have the following lemma.

LEMMA 5.2. Suppose P has spectral radius strictly less
than one. Then the LP (28) correctly computes g; for all
Jj €N as defined in (24).

Notice that the LP formulation (28) is same as the LP
for optimal stopping problem with terminal rewards r in
a Markov chain (see Computational Note (3.9) in Cinlar
2013 and Theorem 7.2.22 in Puterman 2014). Therefore,
the assortment optimization problem over the Markov chain
choice model is an optimal stopping problem. For the sake
of the paper being self-contained, the proofs of Lemma 5.2
and Theorem 5.1 are presented in Appendix EC.2.

Since the Markov chain model is exact for the gener-
alized attraction model (Theorem 3.1), the optimal assort-
ment for the Markov chain model also corresponds to an

optimal assortment if the underlying model is GAM. There-
fore, we have the following corollary.

COROLLARY 5.1. Suppose the parameters of the Markov
chain based choice model, /\j, pij forallie N, je N are
computed from choice probabilities arising from an under-
lying GAM (using (2)). Then by solving LP (28), we can
compute an optimal assortment for the underlying general-
ized attraction choice model.

5.1. Assortment Optimization for General
Choice Models

In this section, we show that if the Markov chain model
parameters are computed from choice probabilities for dif-
ferent assortments arising from a general random utility
choice model, then the optimal assortment for the result-
ing Markov chain model is a good approximation for the
underlying choice model as well. Since a general random
utility based choice model can be approximated as closely
as required by a mixture of MNL model as McFadden
and Train (2000), we can assume wlog. that the underly-
ing choice model is a mixture of MNL model. In Theo-
rem 4.2, we show that a mixture of MNL model can be
well approximated by a Markov chain model. Therefore,
an optimal assortment for the corresponding Markov chain
model can be a good approximation for the underlying mix-
ture of MNL model. In particular, we prove the following
theorem.

THEOREM 5.2. Suppose the parameters of the Markov
chain model are computed from choice probabilities, (-, -)
arising from an underlying mixture of MNL model. Let S*
be an optimal assortment for the mixture of MNL model
and let S be an optimal assortment for the Markov chain
model as defined in (25). Then

. (1= a(592)(1-a(3)) .
FZSW(J,S).rj> —a(5)+2G) () .jgs*(w(],s )-r,),

where a(-) is as defined in (14) and 7( -) is defined in (15).

PRrROOF. Suppose the underlying mixture model is a mixture
of K MNL segments with parameters u ik for j=0,...,n,
k=1,...,K such that uy 4+ --- 4+ u,, =1 for all k =
1,..., K. Let the Markov chain parameters A s Pij for all
i=1,...,nand j=0,...,n be computed as in (2) and
let 77(-,-) denote the choice probabilities computed from
the Markov chain model (9). Therefore, we know that the
assortment S computed in (25) maximizes }_ ;¢ 7(j, S)7;.
For brevity, let

S)-7(S }
a, = <1 + M), a,=1—a(S*)?
1 —a(S)
From Theorem 4.2, we know that
7(j,S)<a,-7(j,S), VjeS, and
~ (29)
w(j,S*) 2 a,-7(j,S*), VjeS
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Then

Sw(8)n > - X408,

Jjes 1 jes
1 Al o a, . o
2—-ZW(J,S)-er—-ZW(J,S)-rj,
@ jes* 1 jes*

where the first inequality follows from (29). The second
inequality follows as S is an optimal assortment for the
Markov chain choice model, 7 and the last inequality fol-
lows from (29). O

The performance bound of the assortment, S computed
from the Markov chain choice model depends on a(S*)
and «(S) where S* is the optimal assortment for the true
model. We would like to note that if either of a(S*) or
a(S) are close to one (that could be the case if size of
either S or S* is o(n)), then the approximation bound is
not good. The approximation bound worsens in this case
because the Markov chain model does not provide a good
approximation for choice probabilities when offer sets have
size o(n). As we discuss earlier, the transition probabilities
in our model are computed from offer sets N, N\{i} and
they may not approximate the substitution behavior well
for significantly smaller offer sets. One possible approach
could be to re-compute the transition probabilities when the
size of offer set is small. For instance, we could consider a
family of offer sets {S, S\{i} | i € S} where the cardinality
of § is small. It is an interesting open question to study the
performance of such a heuristic.

6. Computational Results

In this section, we present a computational study on the
performance of the Markov chain choice model in model-
ing random utility based discrete choice models. In Theo-
rem 4.2, we present theoretical bounds on the relative error
between the choice probabilities computed by the Markov
chain model and the true choice probability. While in The-
orem 4.3, we present a family of instances where the bound
is tight but these can be conservative in general. In the
computational study, we compare the performance of the
Markov chain model with respect to the mixture of MNL
(MMNL) model as well as distribution over permutations
model. We also study the performance of the Markov chain
model in assortment optimization.

6.1. Comparison for Choice Probabilities

In this section, we compare the performance of the
Markov chain choice model in modeling choice probabili-
ties with respect to several family of choice models includ-
ing MMNL model and the distribution over permutations
model. For each instance of the choice model, we com-
pute the Markov chain parameters, A;, i € /' and transition
probabilities, p;;,i € N, j € N using the choice probabil-
ities for only assortments & = {N, NM\{i} |i=1,...,n}

using (2). For the MMNL choice, we also consider the
MNL approximation as a benchmark. We then compare
the choice probability compute by the Markov chain model
with the true choice probability for out of sample offer sets,
S C N where S & &.

Experimental Setup. To compare the out of sample per-
formance of the Markov chain model, we generate L
random offer sets of size between n/3 and 2n/3 and com-
pare the choice probability computed by the Markov chain
model with the true choice probability. We use n > 10, K =
[logn] and L = 100. For all assortments S, ...,S;, we
compute the maximum relative errors of the choice proba-
bility of the Markov chain model with respect to the true
choice probability. For any S C .V, j € S,, let #M°(j, S),
7(j,S), and 7(j,S) denote the choice probability of
the Markov chain model, approximate MNL model, and the
true MMNL model respectively. Then for all [=1,..., L,

MG/ : ;
erMC(1) = 100 max [T+ 5) (- Sl
JeSi m(j, )

MNL " S _ .7 S
errMNL(/) = 100 - max |7 z? m(j, )|
Jj€S; 77(], Sl)

k)

and we compute the average maximum relative error as

1 L
avg-errMC = I > errMC(l),
=1
1 L
avg-errMNL = 7 - > erMNL(/).
=1

We also report the maximum relative error over all offer
sets and all products where

max-errMC = 1111_La|x errMC(1),

L
max-errMNL = max errMNL(1).

We describe the details of the experiments below.

6.1.1. Random MMNL Instances. We generate the
random instances of the MMNL model as follows. Let n
denote the number of products and K denote the number
of customer segments in the MMNL model. For each k =
1,..., K, the MNL parameters of segment k, ugy, ..., U,
are i.i.d samples of the uniform distribution in [0, 1]. For
the probability distribution over different MNL segments,
we consider both uniform as well as random distribution.
For the uniform distribution, the probability of segment k,
0,=1/K forall k=1,..., K, and for the random distribu-
tion, 0, for all k=1, ..., K is chosen independently from
a uniform distribution in [0, 1] and normalized appropri-
ately. For each random instance, we use the choice prob-
abilities for assortments & = {N, N\{i} |i=1,...,n} to
compute the Markov chain choice model parameters as
described in (2). Note that in computing the parameters for
the Markov chain model, we do not use any other knowl-
edge of the underlying MMNL model parameters except
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Table 1. Relative error of Markov chain and MNL
models with respect to uniform mixture of
random MNLs.
errMNL(%) errMC(%)
n K avg max avg max
10 3 12.53 31.75 3.34 17.80
20 3 11.07 21.79 3.04 13.12
30 4 7.62 19.82 2.42 10.86
40 4 5.94 12.71 2.42 6.84
60 5 4.33 9.96 1.54 3.83
80 5 8.27 19.66 2.10 8.72
100 5 6.07 11.52 1.74 5.76
150 6 3.61 8.28 1.49 3.71
200 6 3.90 9.39 1.30 4.07
500 7 2.21 4.02 0.77 1.39
1,000 7 1.60 3.21 0.58 1.16

the choice probabilities of assortments &. We consider the
following MNL approximation of the MMNL model with
parameters v; = Zszl Opuy forall j=0,...,n.

We present the computational results for the maximum
relative error for the case of uniform mixture and ran-
dom mixture of MNL in Tables 1 and 2 respectively. We
observe a similar performance for the Markov chain and
MNL approximation for both the uniform mixture and the
random mixture of MNL models. The average relative error
of the choice probability computed by the Markov chain
model with respect to the true MMNL choice probabil-
ity is less than 3.5%, and the maximum relative error is
less than 18% for all values of n, K for both families of
the MMNL models. Moreover, the Markov chain model
performs significantly better than the MNL approximation
for the MMNL model on both metrics: average relative
error and the maximum relative error. In particular, for all
values of n and K in our computational experiments, the
average relative error for the MNL approximation is more
than twice the average relative error for the Markov chain
model. We observe a similar comparison for the maximum

Table 2. Relative error of Markov chain and MNL
models with respect to random mixture of
random MNLs.

errMNL(%) errMC(%)

n K avg max avg max

10 3 4.90 11.63 1.20 5.05

20 3 9.32 29.92 2.90 12.79

30 4 10.39 20.60 2.87 7.13

40 4 6.45 25.27 2.75 14.51

60 5 7.05 13.20 1.92 4.92

80 5 4.34 9.41 1.70 4.17

100 5 3.40 9.21 1.76 4.78

150 6 5.10 9.24 1.36 3.66

200 6 4.50 8.75 1.24 2.60

500 7 1.98 4.14 0.79 1.53

1,000 7 2.13 4.95 0.69 1.84

relative error as well. We would also like to note that the
average size of the offer sets, S|, ..., S, is approximately
n/2. Therefore, |S;| and «(S,) is large on average and the
approximation bounds in Theorem 4.2 are quite conserva-
tive as compared to our computational results.

6.1.2. Alternate Family of MMNL Instances. We
consider another random family of instances of the mix-
ture of MNLs model to compare the performance of the
Markov chain choice model. Motivated by the bad example
in Theorem 4.3 that shows that the tightness of approxi-
mation bounds for the Markov chain model, we consider
the following family of MMNL instances. As before, let
K denote the number of customer segments each occur-
ring with probability 1/K. For the first two segments, the
parameters are given by

up=j+1, wup=n+l-j,
i.e., the MNL parameters belong to {1,...,n+ 1} and are
in increasing order for segment 1 and in decreasing for seg-
ment 2. For segments k =3, ..., K, the ujk,j=0,...,n
are a random permutation of {1,...,n + 1}. This con-
struction is similar to the structure of the bad example in
Theorem 4.3 that is a mixture of two MNL models with
increasing parameters for one model and decreasing for
another for almost all the products.

As before, we consider both a uniform mixture of MNL
segments where each segment occurs with probability 1/K
as well as a random mixture of MNLs. We use n > 10,
K = [logn], and generate L = 100 random offer sets of
size between n/3 and 2n/3 as in the earlier experiments.
We present our results in Tables 3 and 4. The computa-
tional results are similar to the other family of random
MMNL instances for both the uniform as well as the ran-
dom mixture of MNLs. The average relative error less than
3.2% and the maximum relative error less than 17% for the
Markov chain model for all values of n, K in our experi-
ments. Furthermore, as in the other case, the relative error
of the Markov chain model is significantly lower than that
of the MNL approximation (average relative error is less
than half and the maximum relative error is also signifi-
cantly lower).

We would like to note that even though the structure
of the MMNL instances is similar to the bad example in
Theorem 4.3, our computational performance is quite good.
This is because we use offer sets with large cardinality (size
between n/3 and 2n/3) for our computational experiments.
On the other hand, in the bad example of Theorem 4.3, we
show that the performance bounds are tight for offer set of
cardinality 1. Therefore, it is not surprising to observe small
relative errors in the performance in our experiments. As
the theoretical performance bounds in Theorem 4.2 indi-
cate, the performance of the Markov chain model worsens
as we decrease the size of the offer sets.
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Table 3. Relative error of Markov chain and MNL
models with respect to uniform mixture of
random permutation MNLs.

errMNL(%) errMC(%)

n K avg max avg max

10 3 7.10 21.57 3.11 13.50

20 3 7.18 19.61 3.26 12.69

30 4 5.01 14.96 2.19 6.90

40 4 4.67 16.35 2.17 8.39

60 5 3.97 12.85 1.89 7.49

80 5 3.98 14.04 1.86 7.25

100 5 3.75 9.94 1.76 5.31

150 6 2.95 7.70 1.40 4.26

200 6 2.39 6.25 1.13 2.97

500 7 1.62 3.16 0.78 1.59

1,000 7 1.38 2.88 0.66 1.40

6.1.3. Distribution Over Permutations Model. We
also consider the distribution over permutations choice
model to compare the performance of our Markov chain
model. In particular, we consider a random distribution over
a small number of randomly generated permutations over
{0, 1, ..., n} (where O denotes the no-purchase alternative).
A permutation represents a preference list of a customer
who substitutes products in the order given by the list. We
truncate each permutation at 0 as no-purchase is always an
available option and the order of products appearing after 0
in the permutation does not affect the substitution behavior.

The distribution over permutations model is specified by
K permutations {o, ..., oy} where permutation o, occurs
with probability «, for any k=1, ..., K. From a given dis-
tribution over permutations model, we compute the param-
eters A; and pij foralli=1,...,n, j=0,...,n as given
by (6). We also use the alternate formulation as described
in (7) to compute the Markov chain parameters and com-
pare the computational performance of both the Markov
chain approximations.

For our computational experiments, we use n > 10 and
K = [logn]. For each value of n,K, we generate an
instance of the distribution over permutations model and
compute the Markov chain parameters as described above.
We generate L = 100 random offer sets S, ..., S, of size
between n/3 and 2n/3 and compare the choice probabil-
ity for each product in S,, /[ =1,...,L computed by the
Markov chain model with respect to the probability given
by the true model. For each [ =1, ..., L, we compute the
maximum relative error across all products in S, and then
take the average across L different offer sets.

Table 5 describes the average maximum relative error
in our computational experiments for both the Markov
chain approximations. The results show that the Markov
chain model provides a good approximation for the choice
probabilities in the distribution over permutations model.
Although the approximation is slightly worse as compared
to the case of random MMNL models. For instance, for
n =10, K = 3, the average relative error is roughly 22%.
For n =20, K = 3, the relative error is around 14%. The
relative error in the Markov chain approximation for ran-
dom MMNL models for the corresponding values of n, K
are significantly smaller. However, it is interesting to note
that the Markov chain approximation gets better for larger
values of n and K. The maximum relative error between the
Markov chain approximation and the true choice probabil-
ity over all offer sets and products is large. For all values of
(n, K), the maximum relative error is more than 50% and
for several instances, it is more than 100%. Therefore, in
the worst case, the performance of the Markov chain model
in approximating the distribution over permutations choice
model is not as good as its performance in the case of
MMNL model. However, the average performance is quite
good as indicated by the results. We also observe that the
performance of the Markov chain model where the parame-
ters are computed using the alternate Equations (7) is quite
similar to the Markov chain model computed using (6).

Table 4. Relative error of the Markov chain and the Table 5. Relative error in ch01c§ probabilities .of .the

MNL models with respect t d ixt Markov chain model with respect to distribu-

pect to random mixture . . . .

of random permutation MNLs. t10n. over permutations model using approxi-

mations (6) and (7).
errMNL(%) errMC(%)
avg-errMC(%) avg-errMC(%)
n K avg max avg max n K using (6) using (7)

10 3 7.05 27.57 3.11 21.50 1. 10 3 22.30 21.20
20 3 6.85 26.30 2.92 12.28 2. 20 3 14.80 13.30
30 4 5.33 21.88 2.59 16.75 3. 30 4 10.70 10.20
40 4 5.64 17.17 2.68 8.75 4. 40 4 9.51 8.24
60 5 5.82 15.79 2.46 8.69 5. 60 5 4.23 3.97
80 5 4.12 13.37 1.92 6.73 6. 80 5 3.36 3.51
100 5 4.17 12.61 1.97 6.79 7. 100 5 3.11 4.16
150 6 2.90 6.28 1.38 3.16 8. 150 6 2.83 2.15
200 6 2.66 5.83 1.27 3.19 9. 200 6 1.81 1.65
500 7 1.79 4.08 0.86 1.94 10. 500 7 0.58 0.66
1,000 7 1.29 2.84 0.62 1.33 11. 1,000 7 0.25 0.33
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6.2. Comparison for Assortment Optimization

In this section, we compare the performance of the Markov
chain model in assortment optimization for the MMNL
model. Rusmevichientong et al. (2010) show that the
assortment optimization is NP-hard for a mixture of MNL
model even for the case of mixture of only two MNL
models. However, we can use the LP (28) to efficiently
compute an approximation for the assortment optimization
problem for the MMNL model. Since our computational
experiments show that the Markov chain model provides a
good approximation for choice probabilities in the MMNL
model, it is plausible to expect that the Markov chain model
provides a good approximation for the assortment optimiza-
tion problem.

Example (Optimal assortment for MMNL model). We
first present an instance where the Markov chain model
computes an optimal assortment for the MMNL model
when the optimal assortment is not a revenue ordered set,
i.e., set of top few revenue products. Consider the following
MMNL instance which is mixture of two MNL segments
over 3 products with parameters

u, = (”0,1’ Uy U g, “3,1) =(1,10,1, 1),

Wy = (U, Uy o, Uy, Uz ,) = (10, 1,1, 100).

Also, let the revenues r, = 8,7, =4 and r; =3 and the
mixture probabilities, 6, = 6, = 0.5. By exhaustive enu-
meration, we can verify that the assortment S* = {1, 3} is
optimal for the MMNL model. Note that this is not a rev-
enue ordered assortment as it skips product 2 with r, > r5.

For the above MMNL instance, the optimal assortment,
Syc for the corresponding Markov chain model is also
{1,3} (same as the optimal assortment S*). On the other
hand, if we consider a MNL approximation for the MMNL
model with parameters

v =(vy, vy, v, v3) =(5.5,5.5,1,50.5),

the optimal assortment is the revenue ordered set, Sy, =
{1, 2} which is suboptimal.

The above example illustrates that the Markov chain
model is more general than the MNL model and can
possibly provide significantly better approximation for the
assortment optimization problem. We conduct extensive
numerical experiments to study the performance of the
Markov chain model.

Experimental Setup. To compare the performance of the
Markov chain model in assortment optimization, we gener-
ate random instances of the MMNL model with mixture of
K MNLs. For any k=1, ..., K, let 6, denote the probabil-
ity of segment k and u,, ..., u,, denote the MNL param-
eters of segment k. Assume wlog. uy, =1 for all k. Also,
let r,...,r, denote the revenues of the n products. For
each instance of the MMNL choice model, we compute the
Markov chain parameters as before using (2) and compute
the optimal assortment Sy, for the Markov chain model

using the LP formulation (28) and (25). We compute the
expected revenue for S,,; as

K riu

r(Suc) = 0 Z A
1

— JeSme L4 s, Ui

We consider the MNL approximation as a benchmark. In
particular, we consider the MNL approximation as before
for the MMNL model with parameters

K
szzakujk’ V]:O,,n
k=1

Suppose r; = r, > --- = r,. We compute the optimal assort-
ment, Sy, for the corresponding MNL model by search-
ing over all the nested sets {1,...,j} for j=1,...,n
(see Talluri and Van Ryzin 2004, Gallego et al. 2004). We
compute the expected revenue for Sy, as

K

Pl
) =0 Y
k=1 JESMNL +ZiESMNL Uiy

In addition, we also compute the optimal assortment for
the MMNL model by solving a Mixed Integer Program. In
particular, let x; be a binary variable that denotes whether
we select product j in the assortment or not. Also, let p
denote the conditional probability that a customer selects
product j given that he belongs to MNL segment k. Then,
we can formulate the optimization problem as follows.

K n

OPT=max) ) 6,r;p;

k=1 j=1
Spp=1, Yk=1,...,K
j=0

Pix Suppy> Vj=1,....n k=1,....K

30
Vi=1,...nk=1,....K (30)

Pix S Xj,
pjk+ujk(l_xj)>ujkp0k’

vi=1,...,n,k=1,...,K
pip=0, Vj=0,....n,Vk=1,....K
xje{O,l}, Vi=1,...,n.

It is easy to observe that for any feasible solution of the
above MIP, for all j=1,...,nand k=1,...,K, Pk =0
or u; py. depending on whether x; =0 or 1. Therefore, p
represents the correct conditional probability and (30) accu-
rately models the assortment optimization for the MMNL
model (recall that we assume wlog. u,, = 1 for all k =
I,...,K).

MMNL Instances. We consider a slightly different fam-
ily of MMNL instances than the random MMNL instances
we use in the comparison for choice probability estimates.
For the random MMNL instances, while there is a signifi-
cant difference in performance of the Markov chain model
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and the MNL approximation for random offer sets, the
assortments computed by both approximations have simi-
lar performance that are quite close to the optimal MMNL
assortment for most instances. Therefore, we consider the
following variant of the random MMNL instances. For any
number of products n, we use K = n. The MMNL parame-
ters, u, for segment k, revenue I 1, ..., n and segment
probabilities «;, k =1, ..., K = n are generated as follows.

Uop = Uy =1
up=0, Vj>k

2"/ ith prob. 2
with prob. 2/n Vi<k

ik = 0 otherwise. (31)
=11y, Vj=1,....,n

T
Gk:(l.—l)k’ szl,...,K,

where 7 is an appropriate normalizing factor. Let us first
present a comparison of choice probabilities between the
Markov chain and the MNL approximation for these set of
instances. As before, we generate L = 100 random offer
sets of size between n/3 and 2n/3 and compute the aver-
age relative error for both the Markov chain as well as the
MNL approximations. Table 6 presents the comparison of
the choice probabilities for n € [10, 100] where

100 £ 1 MC(j ) — i, S
L =1 jes, M 7(j,S;)
100 £ 1 MNL(7 S) — i, S
averageMNL: _ZZ . |7T (.] l? 7T(.] l)|’
L =1 je§, IS/] m(j,S))

i.e., averageMC and averageMNL denote the average rela-
tive error across all L offer sets and all items in each offer
set. The performance of the Markov chain model for the
MMNL instances (31) is significantly better than the MNL
approximation. For example, the average relative error in
the Markov chain approximation is always less than 23%
and less than 15% for most instances. Whereas, the relative
error in the MNL approximation is more than 50% in most
instances and for several instances even more than 200%.

We now present our results for the performance of the
two models in assortment optimization. Let OPT denote the
expected revenue of the optimal assortment for the MMNL
model. We compute the relative gaps for the expected rev-
enue of assortments computed by the Markov chain model
and the MNL approximation as follows.

OPT —r(S$
gapMC =100 - M
OPT
OPT —r(S$
gapMNL = 100 - M
OPT

where for any S C [n], r(S) denote the expected revenue
of offer set S in the MMNL model. We use n € [10, 100]
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Table 6. Average relative error in choice probabilities
of the Markov chain model and the MNL
model with respect to MMNL model (31).
n averageMNL(%) averageMC(%)
10 49.5 2.6
20 55.4 5.6
30 85.2 5.8
40 104.7 9.6
50 131.2 11.9
60 170.9 11.7
70 165.1 16.9
80 259.3 13.9
90 282.6 14.1
100 334.2 22.8

for our computational experiments. Since we need to solve
a MIP to compute OPT, the instances with larger values of
n can not be solved in a reasonable time. We use Gurobi
to solve the MIP (30). For each value of n, we generate
L = 25 instances of the MMNL assortment optimization
problem and we report the average relative gaps as well
as the maximum relative gaps over all instances for both
the Markov chain as well as the MNL approximation. The
results are summarized in Table 7.

Our results show that the Markov chain model performs
significantly better than the MNL approximation on both
the average relative gap as well as the maximum rela-
tive gap metrics. In fact, for many instances (n < 40),
the expected revenue of the assortment computed using
the Markov chain model is within 2% of the optimal.
The MNL approximation performs significantly worse. For
most instances, the expected revenue of the MNL assort-
ment is more than 25% away from optimal and for n >
70, the average performance is more than 50% away from
optimal. The performance of both models worsens as n
increases. However, these results show that the Markov
chain model provides a good approximation for the assort-
ment optimization problem for the MMNL model.

Table 7. Relative gap in expected revenue from OPT

for Markov chain and the MNL models for

MMNL model (31).

gapMNL(%) gapMC(%)

n avg max avg max
10 0.5 0.7 0.0002 0.002
20 7.1 21.9 0.0003 0.005
30 26.9 35.2 0.01 0.12
40 35.3 45.4 0.41 2.20
50 42.77 48.4 0.75 5.13
60 45.3 52.3 3.38 9.45
70 51.4 55.3 8.47 16.20
80 55.1 58.5 9.60 24.80
90 56.6 63.1 11.34 22.10
100 59.4 65.6 15.62 26.15
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7. Concluding Remarks

In this paper, we consider a Markov chain based choice
model to address the problem of selecting the “right”
choice model in assortment optimization. In this model,
substitutions from one product to another are modeled as
Markovian transitions between the states corresponding to
the two products. We give a procedure to compute the
parameters for the Markov chain choice model that uses
choice probabilities of a certain family of assortments and
does not require any additional knowledge of the underly-
ing choice model. We also show that if the choice prob-
abilities arise from an underlying GAM (or MNL as a
special case), the Markov chain model is exact. Further-
more, under mild assumptions, the Markov chain model is a
good approximation for general random utility based choice
models and we give approximation bounds and a family of
instances that show that the bound is tight (although the
bounds may not be explicitly computable for general mod-
els). We also consider the assortment optimization problem
for the Markov chain choice model and present a policy
iteration and LP based algorithms that compute the optimal
assortment in polynomial time.

In addition to the theoretical bounds, we also present
computational results to compare the performance of the
Markov chain model. Our results show that for random
instances of the MMNL model, the Markov chain model
performs extremely well. The empirical performance is
significantly better than the theoretical bounds and the
Markov chain model performs significantly better than the
MNL approximation for the MMNL model. We also study
the performance of the Markov chain model in assort-
ment optimization for the MMNL model and observe that
it outperforms the MNL approximation. The assortment
computed by the Markov chain model has expected rev-
enue quite close to the optimal (within 5% of optimal) for
many instances. The theoretical and computational results
presented in this paper make the Markov chain model
a promising practical data-driven approach to modeling
choice as well as assortment optimization. In this paper,
we present estimation procedures for the Markov chain
model assuming we have noiseless and complete data for
certain collection of assortments. An important future step
would be to study statistical estimation methods to com-
pute Markov chain model parameters from partial noisy
data that is typical in most practical applications.

Supplemental Material

Supplemental material to this paper is available at http://dx.doi
.org/10.1287/opre.2016.1505.
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