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fficient inventory management in the face of product variety is an important part of retail operations management. In

this study, we analyze the optimal stocking policy for a retailer, in a setup with a single horizontally differentiated pro-
duct with an arbitrary number of product variants, stochastic demand, and two-level consumer choice. The demands for
individual product variants are negatively correlated conditional on the total demand. We assume that each customer will
purchase one unit of a preferred product variant, if it is in stock, and will seek to buy a second choice product, if the former
is not in stock. We formulate an exact model, with Poisson customer arrivals. In order to maintain tractability and character-
ize an optimal policy analytically, we develop a benchmark model which does not explicitly account for the stochastic nat-
ure of customer arrival times. In this model, which is a heuristic approximation of the exact model, we find simple
conditions under which the objective of maximizing expected profit is jointly concave in the stocking levels of the product
variants; under these conditions we prove that the optimal stocking levels are simply scaled versions of the optimal
newsvendor quantities. We then analytically establish a connection between the exact and benchmark models. We develop
a dynamic Monte Carlo simulation experiment to gain further insights on the impact of different performance measures on
the effectiveness of the optimal policy in the benchmark model and its performance in reference to the exact optimal policy.
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(variety) so as to maximize the expected profit. The

1. Introduction total demand of the product, in this case T-shirts, in a

Retailers often have to make critical inventory and single period is random. We assume that each cus-
assortment related decisions when they offer a wide tomer will purchase one unit of a preferred product
selection of products, or different varieties of the same variant, if it is in stock, and will seek to buy a second
product. Customer service in retail operations in choice product, if the former is not in stock. In the
terms of product availability (probability of no stock- above setting with different variants, the demands for
out) is a key measure of service level, and is an essen- product variant i and j (different colored T-shirts) are
tial part of the retailer’s competitive strategy. We negatively correlated, conditional on the sum of the
study an optimal inventory stocking problem of sev- demands of each variety being equal to the total
eral product variants within a product category. The demand D, which is a random variable with a known
distinct product variants are horizontally differenti- (but arbitrary) distribution. The retailer has to take
ated from each other. This is a common scenario in  into account the substitution effect in the inventory
retail and grocery outlets, where retailers stock sev-  stocking decision, in addition to the price and cost
eral different variants of the same product within a structure of the product varieties.

certain category. As a motivating example consider a Past research has underlined that inventory man-
retailer stocking T-shirts of a certain brand which has agement with dynamic substitution poses a signifi-
different colors (variants). The retailer manages the cant challenge as it is dependent on the stochastic
inventory of T-shirts and wishes to stock each color  nature of customer arrival times. We first develop an
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exact, dynamic model in which customers arrive
stochastically according to a Poisson process and pur-
chase their preferred product variant if it is in stock,
or else may substitute and purchase their second
choice product variant if available. We formulate the
corresponding optimization problem as maximizing
the solution of a multi-dimensional integral equation,
for a single period,1 thus highlighting the complexity
of the exact model. Our model also considers a disu-
tility cost associated with any purchase of a second
choice item by a customer.

We then propose a benchmark model, a heuristic
approximation of the exact model which allows us
to maintain tractability and characterize an optimal
policy analytically. This model does not explicitly
account for the stochastic nature of customer arri-
val times at the store to purchase items, and
assumes that the first choice demands are satisfied
ahead of the second choice demands. We establish
a connection between the exact model and our
benchmark model to highlight the nature of the
approximation.

The benchmark model provides an effective tool for
inventory management in the case of substitutable
products within a category. We find simple condi-
tions under which the objective of maximizing
expected profit in the benchmark model is jointly con-
cave in the stocking levels of the product variants;
under this condition we prove that the optimal stock-
ing levels in the benchmark model are simply the
optimal newsvendor quantities multiplied by a scale
factor. After exploring the theoretical properties of
the benchmark model, we develop a dynamic simula-
tion experiment to illustrate the impact of customer
heterogeneity, costs and other performance measures
on how well the optimal benchmark policy performs
in reference to the exact optimal policy. We itemize
our main contributions below.

e Our general benchmark model (fully stochastic
model) makes no structural assumptions about
the consumer choice process by which pre-
ferred and second choice products are selected;
the first choice and second choice proportions
are allowed to be random, without any distri-
butional restrictions.

e We consider a special case of the general
benchmark model in which the preferred
choices lead to fixed (deterministic) propor-
tions p;, of the total demand to be associated
with variant i, while the second choice propor-
tions are random; we call this the semi-stochastic
model. In this model, we find a simple condition
on prices and costs under which the optimal
product stocking level of variety i in the bench-
mark model is equal to the optimal newsvendor

quantity multiplied by p; (the proportion of cus-
tomers whose first choice is product variant 7).

e The optimal stocking quantities are in general
not the optimal newsvendor quantities; our
benchmark model provides an efficient heuris-
tic by identifying simple conditions under
which the solution to the inventory problem
with substitution is to simply stock the classic
newsvendor quantities multiplied by a scale
factor, which we refer to as the scaled newsven-
dor quantities. This is, we hope, is an interesting
contribution; the practical implication of this
finding is that purchasing managers do not
need recourse to complex optimization soft-
ware to solve the product stocking problem
under product variety in many cases.

e In the fully stochastic model we prove that the
optimal stocking policy differs from the scaled
newsvendor solution, thus highlighting the
impact of stochasticity of first and second choices
on the optimal policy in the benchmark model.

e Finally, we develop a dynamic simulation to gain
insight into the substitution effect and illustrate
the impact of choice fractions, costs, and other
performance measures on the effectiveness of the
optimal benchmark policy and its performance in
reference to the exact optimal policy. The simula-
tion results show that the optimality gap associ-
ated with the scaled newsvendor solution is of
the order of only 1% to 3% at reasonably high ser-
vice levels, as desired in a retail setting.

The rest of the paper is organized as follows. In sec-
tion 2, we review the relevant literature. In section 3,
we describe our modeling framework, then present
the exact and benchmark models. We analyze the
benchmark model in section 4, and also establish a
connection between the exact and benchmark models.
In section 5 we develop a dynamic simulation experi-
ment to gain further insights and understand the
effectiveness of the benchmark policy under different
scenarios of total demand, choice preferences, rev-
enue, and cost parameters. Finally, in section 6, we
make a few closing remarks summarizing our contri-
butions and making some suggestions for further
research in this area.

2. Literature Review

We briefly review the literature on multi-item inven-
tory management for substitutable items. Specifically,
we review works that study optimal inventory stock-
ing policies in situations where a product consists of
several varieties, consumers may prefer some vari-
eties over others (e.g., each consumer may have a
rank ordering of the varieties), and consumers may
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substitute a first choice option with a less preferred
option in case the first choice product variant is
not available. Inventory management problems with
demand substitution have been extensively studied.
Initial research in this area includes Mcgillivray and
Silver (1978), Parlar and Goyal (1984), who study
dynamic substitution model for two products. Paster-
nack and Drezner (1991) obtain the optimal stocking
policy for two products with full substitution. Ernst
and Kouvelis (1999) use a stylized model to study the
problem for two products which are not direct substi-
tutes, and can be sold independently or as a package.
They use numerical analysis to obtain optimal stock-
ing levels and provide insights into the effect of
demand correlation. Other relevant papers under this
set of problems with dynamic substitution include
Parlar (1988) and Rajaram and Tang (2001) who
obtain numerical results using an algorithm for multi-
ple products.

The papers that are most closely connected with
our work are Smith and Agrawal (2000), Netessine
and Rudi (2003), and Nagarajan and Rajagopalan
(2008); we describe their models and results in detail
and explain precisely how our work extends their
findings.

Smith and Agrawal (2000) study a single-period
problem with substitution. The setting is retail, and
the model focuses on a given item type and its close
substitutes, comprising a fixed set E. The total number
of customers demanding an item (of some type) is
random, and each customer is assumed to demand
exactly one unit of some item. If the demanded item
(say of type i€E) is not in stock, the customer will
attempt to purchase a unit of item type j€E. If item
type j is unavailable, the customer will leave without
purchasing an item. A fixed probability distribution
governs the probability that a customer has second
choice j, given that she has first choice i. The problem
is to choose the inventory levels for each item type. It
is assumed that the base-stock level for each item is
set so as to satisfy a fixed, exogenously given service
level. The model is dynamic, in that it tracks the arri-
val of customers according to a random demand pro-
cess, and this makes the model formidable to solve
analytically. Therefore, the authors focus on develop-
ing approximate solutions. The authors also formu-
late a joint assortment-and-stocking-level model, in
which the subset of items from the set E as well as
their inventory levels need to be determined jointly;
they do this using first choice probabilities and a sub-
stitution matrix.

Netessine and Rudi (2003) study a similar model,
under both centralized and decentralized optimiza-
tion regimes. The demand vector for the item set fol-
lows a continuous multivariate joint distribution. A
deterministic fraction a;; of customers will attempt to

purchase their second choice item j if their first choice
item i is not in stock; if both item types are out of
stock, the customer will not purchase any item. Item
costs and prices are in general distinct. In the central-
ized model, the authors show that the objective func-
tion may not be concave. They also show that the
newsvendor solution for each item does not in general
optimally solve the multivariate optimization prob-
lem. The authors obtain a necessary optimality condi-
tion for both the centralized and decentralized
(competitive) models.

Nagarajan and Rajagopalan (2008) derive the opti-
mal inventory policy in both single-period and multi-
period scenarios for substitutable products with nega-
tively correlated demands. In their benchmark model,
there are two products with deterministic total
demand D. The substitution effect is captured by a
parameter y (0 <y < 1); a fixed proportion y of cus-
tomers buy their second choice item if their first
choice item is not in stock. Assuming symmetric costs
and prices, they show that the expected profit func-
tion is jointly concave in the stocking levels of the two
products, and find explicit formulas whereby the
optimal stocking levels—which have a newsvendor
like structure—can be found. Under asymmetric
costs, the authors show that the objective function is
no longer always jointly concave. A generalization of
the model to the case of an arbitrary number of items
is briefly discussed. In this case, a fraction y; will sub-
stitute their second choice item for their first choice
item in case the latter is out of stock, and the second
choice fraction associated with each item is assumed
to be equal. Their analysis is mostly limited to two
products, and the N-product case is quite restrictive.
In the multi-period setting only specific cases are con-
sidered.

The second stream of literature related to the
multi-item inventory management problem for sub-
stitutable items is assortment planning with substi-
tution. Static substitution models have been
extensively studied. Static substitution is one in which
a consumer choice is only dependent on the assort-
ment (set of alternatives) and is not dependent on
product availability or on-hand stock. One of the ear-
liest papers on assortment planning was by Pentico
(1974), who considers probabilistic demand with
downward substitution and obtains the optimal pol-
icy using a dynamic programming formulation. For a
comprehensive survey of research on assortment
planning, we refer readers to Kok etal (2015).
Another relevant paper on the static substitution
model is van Ryzin and Mahajan (1999), who use a
multinomial logit model with static substitution and
assumes identical cost parameters. Most of the above
papers assume that the consumer choice model is
known. Cachon et al. (2005) develop consumer choice
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models and methods for finding assortments that
optimally balance revenue expansion with opera-
tional costs and incorporates search cost. Gaur and
Honhon (2006) consider a single-period problem
using location choice models to represent consumer
demand and obtain optimal assortment and inventory
decisions. They use heuristics to solve the problem
under dynamic substitution. Topaloglu (2013) studies
a joint stocking and product offer problem via a
multinomial logit choice model with static substitu-
tion. The problem is formulated as a nonlinear pro-
gram, which is intractable owing to the large number
of decision variables. They propose an alternate for-
mulation based on the structure of the multinomial
logit model where the objective function is separable,
and solve it through a dynamic program.

Another stream of related literature is dynamic (or
stockout based) substitution which is based on avail-
ability of products. Mahajan and van Ryzin (2001a,
2001b) study an inventory planning and assortment
problem where customers choose dynamically based
on current availability. The consumer choice is based
on utility maximization. They use a sample path anal-
ysis to analyze structural properties of the expected
profit function and propose a stochastic gradient algo-
rithm. Kok and Fisher (2007) develop an algorithmic
process to study assortment planning problem and
present a procedure for estimating substitution
parameters. They propose iterative optimization
heuristics for solving the assortment planning prob-
lem. Honhon etal. (2010) determine the optimal
inventory and assortment levels in a single-period set-
ting with stockout-based substitution. The model con-
siders stochastic demand with fixed proportion of
customer types which can result from utility maxi-
mization. The paper develops an efficient dynamic
programming algorithm, and establishes structural
properties of the value function of the dynamic pro-
gram to characterize multiple local maxima. The
numerical tests show that the heuristics perform bet-
ter than previous methods. Akgay et al. (2020) study a
single-period inventory planning problem for a cate-
gory of substitutable products. Their model accounts
for the stochastic nature of customer arrivals, and
thus considers dynamic substitution. They formulate
a stochastic optimization model that minimizes the
total stocking cost subject to service level require-
ments. Considering the challenges involved in solving
the problem, they propose a novel optimization
model which can accommodate several common
stockout-based substitution schemes. There is some
related work which considers inventory and pricing
with substitution. Xu et al. (2016) consider a two pro-
duct flexible substitution problem to explore the inter-
action between price discounts and substitution. The
paper develops a stochastic dynamic formulation to

show that the optimal policy has a threshold struc-
ture. Other relevant work which also considers
adjusting price and inventory management in the
presence of dynamic substitution includes Dong et al.
(2009) and Hopp and Xu (2008).

The above papers provide several insights, and
some consider implementing efficient algorithms to
find the optimal stocking levels when simple formu-
las are not available. However our model and analysis
which we discuss in the next section yield some novel
insights compared with past work.

3. Single-Period Model with Two-Level
Consumer Choice

We study the stocking policy of a retailer who has
to decide on the stocking quantities of different vari-
eties of a given product within a product category,
in the face of random customer demand over a
given planning period. The retailer managing the
inventory has a single replenishment opportunity at
the start of the period. The total demand of the pro-
duct, summed over all the varieties, is a positive
valued random variable D. There are K different
varieties of the product, which are indexed as i =
1,2, ..., K. Each customer will only buy one unit of
a specific product variant, if it is in stock. Customers
are choosy, and have a strong preference for the
specific product variant (first choice) they prefer to
buy. However, each customer may substitute and
purchase a second choice item if their preferred first
choice item is not in stock. The individual demands
for each product variant i and j (different colored
T-shirts) are negatively correlated conditional on
the total demand, as the sum of the demands of
each variety is equal the total demand D, which is
a random variable with a known (but arbitrary)
distribution. At the end of the period, the retail
store calculates its profit using the cost structure
stated below. We assume equal unit costs and
prices for all product variants in our model. This is
a reasonable assumption for horizontally differenti-
ated product varieties and is consistent with past
work (Gaur and Honhon 2006, Nagarajan and Raja-
gopalan 2008).

The unit cost of each product variety stocked is c,
and the selling price is s. Any unsold or leftover
inventory at the end of the selling period is sold to a
discount store at ¢y per unit, where ¢y < c. So there is
a loss of ¢ — ¢g for each item that is leftover. On the
other hand the store imputes an opportunity cost of
s — ¢ for each item that was demanded but not in
stock. Hence stocking too many items as well as stock-
ing too few items is sub-optimal. We make the follow-
ing standard assumption s>c>cy>0. The
retailer’s objective is to choose stocking quantities for



Ghosh, Paul, and Zhu: Stocking Under Random Demand and Product Variety
1010 Production and Operations Management 31(3), pp. 1006-1032, © 2021 Production and Operations Management Society

each product variant so as to maximize the expected
profit. The retailer stocks x; units of product variety 1.
All the customers are assumed to act independently
of each other. If the preferred first choice is available
(in stock), the customer purchases it otherwise the
customer exercises his or her second choice and sub-
stitutes to the other variant if it is in stock. Thus lost
sales can be either due to stockout of the preferred
first choice and customers not finding their second
choice option in stock, or customers are not willing to
substitute and do not have a second choice option.

Since each customer who purchases his or her sec-
ond choice variant experiences a disutility as the pre-
ferred first choice was not available, the firm
attaches a cost ¢, > 0 for every unit of product that
was purchased and was the customer’s second
choice rather than first. The cost can be seen as a
penalty cost or a measure of loss of goodwill as the
first choice of the customer was not available. Every
unit sold as second choice as a result of substitution
generates a profit s — ¢ — ¢, > 0. The impact of this
penalty cost on the overall profit formulation is sig-
nificant. Past work such as Netessine and Rudi
(2003) does not explicitly model this substitution
cost. Although Nagarajan and Rajagopalan (2008) do
not include this substitution cost in their formula-
tions, they mention that such a cost can be incorpo-
rated and that it will correspondingly change their
optimal solution. The cost of substitution plays a cru-
cial role in the profit formulation as without this
penalty cost, the profit earned from a unit stock is
the same irrespective of whether that unit is sold as
a first or second choice. The inclusion of the penalty
cost requires us to take into account whether an
available stock is used to satisfy a first choice or sec-
ond choice demand. In practice demand for a pro-
duct as a first or second choice is dependent on the
stochastic arrival times of the customers. Thus in the
presence of dynamic substitution, an available unit
of stock can be used to satisfy a demand originating
from second choice ahead of satisfying a first choice
demand. Although a retailer cannot infer from the
sale of a product whether the sale is first or second
choice, this distinction is crucial when considering a
substitution cost in the overall expected profit.

The optimal stocking policy under dynamic substi-
tution depends on the stochastic nature of customer
arrival times and the stocking level of different pro-
duct variants at the time of customer arrival. As
noted in past work (e.g., Gaur and Honhon 2006),
analytically characterizing an optimal policy under
dynamic substitution is intractable. In the next sec-
tion 3.1, we formulate the exact model with Poisson
customer arrivals. All proofs are included in the
appendix and online electronic companion.

3.1. Exact Model with Poisson Arrivals

The exact model with Poisson customer arrivals can
be formulated as follows. Let us first consider a
single-period model with the length of the period
being T > 0.

— Stocking levels xi,xy, ..., xx are implemented,
where x;eNu {0} fori=1, ..., K.

— Customers arrive according to a Poisson pro-
cess with constant rate 1> 0. Customer #1
enters, and picks her preferred option. The firm
registers a profit of s — ¢ for the sold item.

— Customers continue to arrive till the end of the
period with time T > 0. For any customer, the
probability that her preferred option is item i is
p;- If her preferred option is in stock, she pur-
chases it, and the firm registers a profit of s — c.
Otherwise, she substitutes to her second choice
with probability p;; with 3.;p; <1 if her second

choice is available or she will not purchase any-
thing. If the second choice is available, the firm
registers a profit s —ct —cj.

— Any unsold or leftover inventory at the end of
the period is sold to a discount store at ¢y per
unit resulting in a loss of c—cy for each unit
that is leftover.

The exact model with the stochastic arrival of cus-
tomers results in three levels of stochasticity with ran-
dom demand, first choice and substitution second
choice probabilities. Let V(xy, ..., xx;f) denote the
firm’s total profit for the single period given that at
time t, where 0 < t < T, there is an initial stocking of
X1, ..., Xk at time t, where xy, ..., x; ENU {0} such that

V(xi, ..., x:t):(Nu{OH %[0, T|-R.

ProrosiTioN 1. The optimal stocking levels are given by

(xi, ..., xg) =arg max V(xy, ... xx;0), 1)

X100, X0

where V(x1, ..., xx;t) solves a (K + 1)-dimensional
integral equation:
V(xi, ..., xgst) = (1 — e 4 T)
X X pils—o)+ (1—e 1)
ix; >0
X T pi X pils—c—g)- e
;=0 jx;>0
T
K
 Yale—a)+ X p / 2t
i=1 ix; >0 f
XV(xlr s Xicl, Xi— 1/ Xit 1y -
Xg;u)du
T
+Yp X p,]/ A
=0 jx;>
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xV(x1, ..o %1, xj — 1, X441, ...,
xXx;u)du, (2)
for any x1, ..., xx eNU{0} and any 0 <t < T.

We can see from Proposition 1 that V(xy, ..., xx;t)
solves a (K + 1)-dimensional integral Equation (2),
and we do not expect (2) to yield a simple closed
form solution, so we have to rely on Monte Carlo
simulations or numerically solving (2) to find the
optimal stocking levels. An alternate version of the
exact model considering discretized Poisson process
which has been used in past literature such as
Dong etal. (2009) can also be developed. The
online electronic companion includes details of the
discretized Poisson process model. The above anal-
ysis in the single-period model carries over to the
multi-period and infinite horizon setting as well.
The details can be found in the online electronic
companion.

As evident from the above formulation, gaining fur-
ther insights or solving the problem analytically with
the exact model is challenging. To circumvent this
problem, we now develop a benchmark model, to be
able to characterize an optimal policy analytically.

3.2. Benchmark Model
Let D; be the demand for product variant i from first
choice, that is, the number of customers whose first

preference is variety i such that Y% ,D;=D. The total
demand D is assumed to have a continuously differen-
tiable density function f(y) > 0 and a distribution func-
tion H(y), y > 0. As before the retailer stocks x; units of
product variety i, where x; > 0 are real valued.

The consumer choice process: Our model is robust to
the process by which customers exercise their choices.
For example, every customer can be heterogeneous in
choosing a specific product variant based on their
idiosyncratic preferences. No matter how and why
the customers make the choices they do, it will lead to
certain proportion of customers preferring a product
variant as their first choice or second choice (substitu-
tion); these choice proportions are random in our
model. However, the stochastic nature of customer
arrival is not considered in the benchmark model,
which we discuss next.

Fully stochastic model: In our general fully stochastic
model, we have

D;=DP;, 1<i<K,

where D; is the demand of product variety i from
first choice, the fractions P; € (0, 1] are stochastic and

Efi 1Pi=1. The demand of product variety i from
second choice is given by >..;(D;j—x /)" Pji. That is if

the demand D; for variety j exceeds the supply x; of
variety j, then a stochastic fraction P; €0, 1] will
choose variety i as the second choice. The second
choice fractions satisfy »;.Pjj<1, as some cus-

tomers might not have a second choice or not find
the second choice option in stock. We assume
that D, P/s and P;s are independent of each other.
We note that the full stochastic model makes no
assumptions about the choice process; every choice
process will result in some version of the fully
stochastic model. We specialize the general model
as follows.
Semi-stochastic model: In this model we assume that

Di:DPil 1<i<K,

That is to say that there is a fraction p; among all the
customers who would choose variety i if it was in
stock. Therefore, D; can be interpreted as the demand
of product variety i from first choice; the actual
number of units of product variety i sold will consist
of customers who prefer this variant as well as cus-
tomers who would rather have bought some other
variant. The demand of product variety i from second
choice is given by >, (Dj—x j)+pﬁ. That is if the
demand D; for variety j exceeds the supply x; of vari-
ety j, then a fraction p; will choose variety i as the sec-

ond choice. In the semi-stochastic model, the fractions
p;; may be random while the p; > 0 are deterministic.

However, we note that the faction of customers
purchasing product variant i (which includes both first
and second choice purchases) is random. In the next
section we analyze the benchmark model to character-
ize an optimal policy analytically and then establish a
connection between the benchmark and the exact
model.

4. Analysis

We proceed to analyze the semi-stochastic model first,
followed by the fully stochastic model. We shall high-
light the impact of stochasticity of first and second
choices on the optimal policy. We emphasize that when
we write ‘optimal policy” in this section, we mean “optimal
policy in the benchmark model” as opposed to the optimal
policy in the exact model.

4.1. Semi-Stochastic Model

In this sub-section we shall assume that p;; is fixed.
However, we shall see in the following section that all
the results go through even when the p;;’s are random
(please see Theorem 4). Given the supplies, that is, the
stocking decision of the retailer xq,...xg, the
expected profit of the firm is given by:
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X +
F(xi, ..., xx) = 21 El{(s—c)Di+(s—c— Cp)%(Dj —x;)"p; 1x,->D,v+Z(Djfx,')+pji
i= j#i j#i

=

_ZE

I
N

=

+ 3 E

—_

K
+ X E[(s — ¢)xily<p,]-
i=1

We can interpret Equation (3) as follows. When the
stock x; is less than the first choice demand D;, the
entire stock x; can be sold, and the profit is (s — ¢)x;,
which gives the fourth term in Equation (3). When the
stock x; is greater than the first choice demand D;
but less than the sum of the first choice demand D;
and the second choice demand for variety i,
2 (Dj—x;)) p],, the first choice demand D; brings in

a profit (s — ¢)D;, and the second choice demand
brings a profit (s — ¢ — ¢,)(x;—D;), where x; — D; is
all that is available for the second choice demand,
which gives the third term in Equation (3). This is a
best-case scenario, since the partitioning of the sold
units represented by Dj+3,.,(D i—x)" p;; into first

choice and second choice sales depends on the
stochastic nature of customer arrival times at the store
to purchase items. Finally, when the stock x; is greater
than the sum of the first choice and the second choice
demands, the first choice demand brings in a profit
(s — ¢)D; and the second choice demand brings a
profit (s — ¢ — ¢)2(D i—x)" p;i» which gives the
first term in Equation (3) There is still left over
inventory x; — Dj—2,,(D pﬂ which is sold
at a discount co, resulting in a loss (¢ — c)
(xi—Di—24(D p]l) which gives the second

term in Equation (3).

Note: We do not explicitly model the interaction
between the order of customer arrivals and the stock-
ing policy in the benchmark model in order to main-
tain tractability and characterize an optimal policy
analytically. For tractability, we assume that the first
choice demands are satisfied before the second choice
demands. This is a strong assumption, so in section
4.3, we establish a connection with the exact model.

The retailer’s objective is to decide how much to
stock for each variety so as to maximize the expected
profit; thus the optimization problem is:

F(xq, ..., xx).
L max (x1, ..., xK)

(CCO)< -Di—

((S - C>Di + (S —C— CP)(xi - Di))lDigxisDiJrZ(Djxj)+pji]
=t

2D p]z) x>D; +E ; p],‘|

J#

3)

TueoreM 1. The optimal (x5, ..., x}) satisfies the

equations:
G,(x;‘,.‘..,x};) G;(x{,;“,x;()
e [ fdyr e -a)g puf )y
0 y

@
G;(x; iiiii xK)
where G; is defined via the equations:
=Gip;+ X(Gip; —x))'p;,  1<i<K (5
#i
Remark 1. For the special case when there is no

second choice, that is, pi = 0, then G; = x;/p;, and
the optimal x] satisfies

Pi

/f@ﬂy=s—a
0

(s —co)

which is precisely the newsvendor solution scaled
up by p,. We shall refer to this solution as the
scaled newsvendor solution and the correspond-
ing order quantities as the scaled newsvendor
quantities.

Before discussing Theorem 1, we characterize G;
(defined in Equation (5)) in a more explicit form in the
following lemma.

Lemma 1. In Theorem 1, G; (defined in Equation (5))
can be characterized as

K;
Xt > i=1%x()Pr(j)i
— s ,
Pi+ 2Py Paiii

1<i<K,
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where n is a permutation of {1,2,..., K} such that

Xr(1) < Xz(2) < < Xz(K)
—_— = cee —_— and
R S

k
Xz Xi + i=1%a2()P(j)i
K; := max ke{l,...,K}:ﬂ< : 2]1 (P ,

= k
Pty P+ 2 im1Pa(Paiii

1<i<K,
are functions of (x)k_,.

Theorem 1 gives a necessary condition for the opti-
mal stocking policy. We note that the second and
third terms on the left-hand side of Equation (4) cap-
ture the effect of substitution (second choice). The the-
orem shows that when substitution is taken into
consideration then the scaled newsvendor solution is
not necessarily optimal. The optimal stocking quan-
tity is adjusted up or down based on the penalty cost
or whether there is high degree of substitution from
product i, that is, when p,, is large, as a stockout of
product i does not necessarily result in a lost sale with
substitution.

Remark 1 explains that in the absence of a sec-
ond choice, the optimal stocking levels for the
product options are simply the corresponding
scaled newsvendor quantities. The next order of
business is to investigate how the optimal stocking
levels change when customers exercise a second
choice option. Theorem 2 states that under certain
conditions, the scaled newsvendor quantities remain
optimal.

THEOREM 2.

(a) Suppose F(xi,...,xx) is jointly concave in
(x1, .., XK) ERIj_, Then the optimal stocking quan-
tity of each product variant is given by the scaled
newsvendor solution.

(b) Suppose the condition

(s—cp—co)Xpy—cp<0
£

is satisfied for every 1 <i < K. Then F(xy, ..., xx)
is jointly concave in (xq,..., xK)ERf, and the
optimal stocking quantity of each product variant
is given by the scaled newsvendor solution.

We provide some insight into the condition in
Theorem 2 that must be fulfilled in order for the opti-
mal solution to be the scaled newsvendor quantities.
Note that c, represents a penalty cost that the firm
imposes for every unit that represents a second choice

purchase by a customer. We introduce a parameter
such that

cp =0(s—c).

Since s — ¢ presents the profit that the firm makes
on the sale of a unit, it is reasonable to assume that
0 < 8 < 1. The higher the value of 6, greater is the
desire of the firm to reduce the frequency of occur-
rence of the event of having customers pick their
second choice product instead of their preferred
product. The following corollary can be easily
derived from Theorem 2(b).
We define

(s—¢)

s—c)+(c—co):s—c0'

s—¢C

F=

Note that f* is equal to the critical fractile in the
classic newsvendor formula; therefore, it is the per-
centile of the demand distribution that corresponds
to the scaled newsvendor solution.

CoroLLARY 1. Suppose Of*>0.5. Then the optimal
stocking quantity of each product variant is given by the
scaled newsvendor solution.

The existing literature (e.g., Smith and Agrawal
2000) states that a retail firm will typically target [ to
be around 0.9. In this case, Corollary 1 implies that if
0 > 0.56, then the optimal solution is the scaled
newsvendor solution. Note that > 0.56 means that
the firm is very keen on having a satisfied customer
base. If a customer buys a second choice variant, the
firm levies a stiff penalty on itself on the profit margin
from such a sale. This example suggests the following
rule of thumb: a firm that is sensitive to the disutility
of customers having to avail themselves of their
second choice product variant should optimally stock
the scaled newsvendor quantities when the target ser-
vice level is sufficiently high. While target service
levels in a retail setting are generally high as sug-
gested by several studies and market research (Gruen
et al. 2002), it might not be the case for low margin
products. So if f*=0.5 or lower, which could cer-
tainly be the case for low margin products, then
Corollary 1 does not apply; we would require 6 > 1,
which is infeasible, by definition.

4.2. Fully Stochastic Model

Given the supplies, that is, the stocking decision of
the retailer xy, .. ., xk, the expected profit of the firm is
given by:
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E[(s — ¢)xily<Dp/],

where the expectations are not only over D, but also
over P;’s and Pj;’s. The retailer’s objective is to decide
how much to stock for each variety so as to maximize
the expected profit; thus the optimization problem is:
maXy, . xF(x1, ..., Xx).

By following the same argument as in the semi-
stochastic model (section 4.1), we can show the fol-
lowing result.

THEOREM 3. The optimal (x3, ..
tions:

. X%) satisfies the equa-

Gi(x}, s XiP)

@)

where the expectations are taken over Pi’s and Py’s and
Gi = Gi(-;P) emphasizes the dependence on Pi’s and
Pji’s and is defined via the equations:
x; = GiP; + Z(Gipj - Xj)+Pji, 1<i<K (8
j#i

Note that if P; = p,, Pj = Pjis that is, the distribu-
tion of P; is the Dirac delta distribution Jp,—, and
the distribution of P is Op; = pir then it reduces
to the semi-stochastic model that we studied

earlier in section 4.1, and Theorem 3 reduces to
Theorem 1.

K
=Y H«:K(s —¢)DP;+ (s —c — ¢,) X,(DP; — x]»)+P]~> 1xi>DPi+2<Dpjx/_)p.1

(c —co) (x,- — DP; — E.(DP]' - xj)ﬂ)j‘) 1x;>DPi+Z(Dij/)+Pv]
] 1

]
j#

i U
i

((S - C)Dpl + (S —Cc—= CP)(xl - Dpi))1DP,'SX,’SDP,+Z(DP]’—X]‘)+P]‘I"|
#

(6)

If there is no second choice available, the model
reduces to the (stochastic) newsvendor problem, that

is, P;; = 0, then G; = x;/P; and the optimal (7, ..., xk)
satisfies the equations:
(s —co)E /f(y)dy =s—¢, 1<i<K (9
0

Next, we assume that P; = p, are deterministic
whereas P;;’s are possibly stochastic. We have the fol-
lowing result.

THEOREM 4. Assume that Pi=p;, 1 <i < K.

(a) Suppose F(xi,...,xx) 1is jointly concave in
(x1, ..., xx) €RX. Then the optimal stocking quan-
tity of each product variant is given by the scaled
newsvendor solution.

(b) Suppose with probability one,
YPie — ¢, <0 for every 1<i<K, then
F(x1,...,xx) is jointly concave in (x1,..., Xg) €
RX, and the optimal stocking quantity of each
product variant is given by the scaled newsvendor
solution.

(s —¢cp — co)

RemArk 2. The above results indicate that if the
first choice fractions P;’s are deterministic, then
the previous results for the semi-stochastic model
hold regardless of the stochasticity of the second
choice fractions Pj’s. In particular, Corollary 1 still
holds.

Next, we will show that if the first choice fractions
Pi’s are fully stochastic, then the optimal solution to
the second choice problem cannot be the (stochastic)
newsvendor solution (9), with a precise statement
given in the following theorem.
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THEOREM 5. Assume that the first choice fractions Pi’s
are fully stochastic in the sense that there exists some i #
j, such that P;/P; is stochastic. Then the optimal solution
to the second choice problem cannot be the (stochastic)
newsvendor solution (9).

The above analysis in the single-period model car-
ries over to the infinite horizon setting as well. In the
infinite horizon analysis, we rigorously prove that the
optimal policy is a base-stock policy, and then show
that the optimal base-stock levels are the scaled
newsvendor quantities under the same constraint on
costs and prices as in the single-period model. We
extend the analysis to the fully stochastic model in the
infinite horizon setting as well. The details of the infi-
nite horizon setting analysis is included in the online
electronic companion. We now establish a connection
between the benchmark and the exact model.

4.3. Connection between the Exact and Benchmark
Model

We have shown that scaled newsvendor quantities
remain optimal with substitution, depending on the
stochasticity of the first and second choice fractions. In
deriving our results, in order to maintain tractability
and characterize an optimal policy, our benchmark
model assumes that the first choice demand is always
satisfied first and the residual stock (if any) is used to
satisfy the second choice demand. However based on
the stochastic nature of customer arrival, the second
choice demand could certainly eat up a percentage of
the demand units that we ascribe to first choice
demand, and thereby deflate our profit function (by
ignoring penalty cost associated with second choice
demand). This scenario transpires when a particular
variant is out of stock, and the remaining customers
who come in all miss their first choice (since it has
already stocked out).

In our benchmark model we obtained explicit solu-
tions for the optimal stocking policy. Next, we discuss
the connection between the exact and the benchmark
model. We denote the number of units of type i
sold to the customers whose first choice is type i till
time t as S;(t) and the number of units of type i
sold to the customers whose second choice is type i
till time t as S?(t), where 0 <t < T and 1<i <K
Then (S}(t), S3(t), Sa(t), S3(t), ..., Sk(t), S:(t)) is a 2K-
dimensional continuous-time Markov process with

the state space (NU{0})* that can be fully character-
ized by the infinitesimal generator:

£f(S1,51,55, S5, -+ Sk, S¥)

= glpi( f(Si+1) _f(sll))153+5?<xi

K
+ Z Z/{Pisz( f(Si +1) —f(S?))lsHsfzxi15}+s§<xjr
i=1 j#i

(10)

where we used f(Sl]), 1<i<K j=1,2, to denote
f(S1, 51,85, 5, -
dependence on S/ to ease the notation.

Given the supplies, that is, the stocking decision of
the retailer x, .. ., xg, the expected profit of the firm is

., Sk, S%) with an emphasis on the

given by:
F(x1, ..., xg) = iE[(s - C)S}(T)]
+ DE[s — ¢ - )SAT)]
-1
K

~ 3 (e~ c)B[x — SI(T) = S(T)]. (1)
i=1

We do not expect (11) can be computed in
closed form and one has to rely on numerical
methods, such as Monte Carlo simulations, to com-
pute F(x1, ..., xk). In Proposition 1, we have shown
that

F(x1,...,xx) =V(xq, ..., x5;0), (12)

where V(xy, ..., xk;t) satisfies a (K + 1)-dimensional
integral Equation (2) which does not yield a simple
closed-form solution. Thus an alternative to Monte
Carlo simulation is to numerically solve the inte-
gral Equation (2). Since neither (11) or (2) yields
closed-form solution, it is natural for us to turn to
the simplified benchmark model as an approxima-
tion of the exact model to characterize the optimal
policy.

Assume D;’s are independent Poisson random vari-
ables with mean Ap,. Then, in the exact model, D; is
the total demand for product variant of type i as
the first choice from customers within the time period

[0, T],and D = ZLDi is the total demand within the
time period [0, T]. In our benchmark model, we
assume D follows a continuous random variable and
set D; = Dp; in the semi-stochastic model and
D; = DP; in the fully stochastic model.

Next, we recall that in our semi-stochastic model in
section 4.1,
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K .
F(x1,...,xk) = X E[(s — c)min{D;, x;}]
i=1
K [ +
+E]E (S_C_CP)Z(Dj_xj) p]z x,>D+Z i—x) py
i=1 L j#i j# /
T
Jrzl]E (s —c—cp)(xi — D) - 1D<x,<D+Z i—x) p
1=
K[ +
— X E((c—co)| xi =Di = X(Dj = %)) Pji | Lop 50,3 p, | (13)
=1 | J#i j#i
In the semi-stochastic model, we approximate S; (T)
by min{D;, x;} and S*(T) by
Z(D] - xj)+pji ’ 1X1>D,'+Z(Dj7x7')+pﬁ + (xi - Dl) . 1D,‘SX,‘SD,+Z<D17XI')+’D]-I
J# i j#i
=min<{ x; — D;, 2(D pﬂ 145D, (14)
#i
We can compute that
x; — S}(T) — S(T) = x; — min{D;, x;} — min{xl D;, (D P],} xi=D;
i
= (15)

[v-m-go-
J#i

which matches the last term in (13). Hence, we
conclude that our semi-stochastic model is an
approximation of the exact model by using the
approximation:

S!(T) ~min{D;, x;}, (16)
SH(T) zmin{xl D;, 3(D; ]-)+pj,}1x,.zpi. (17)
j#i

Finally, the same connections between the exact
model and the fully stochastic model hold by replac-
ing D; = Dp; by DPj, p;; by Pj in Equations (16) and
(17). The online electronic companion also contain
details of the connection between the exact model for-
mulation with discretized Poisson arrival process and
the exact model in section 3.1.

5. Computational Study with a
Dynamic Simulation Model

In the previous sections, we have seen that the
newsvendor solution for stocking policy may not be

p]z) x,>D,+Z i—Xj) pﬁ'

optimal in the presence of substitution. We have
demonstrated under various scenarios of random
demand and stochastic choice fractions that the scaled
newsvendor solution remains optimal when the
demands for different product varieties are negatively
correlated. Our theoretical analysis in section 3.2 does
not model the dynamic nature of customer arrival in
real time, and also might seem restrictive as we make
certain assumptions in obtaining the optimal policy
as the scaled newsvendor solution. In this section, we
present a dynamic simulation of precisely this situa-
tion. Getting closed-form solution with the exact
model in section 3.1 is challenging, thus we resort to
extensive numerical analysis to further understand
the impact of the assumptions in the benchmark
model and explore if our results are reasonably
robust.

The goal of this computational study is to analyze
the impact of customer heterogeneity, costs, perfor-
mance measures, and other real world scenarios as
would be present in a retail setting. Specifically, we
want to examine how well our benchmark approach
performs in these scenarios where gaining additional
insights with our analytical model is challenging. In
this computational study, we simulate a scenario
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where a retail outlet stocks substitutable products.
We consider random demand with stochastic propor-
tions of customers preferring a specific product vari-
ant based on individual customer choice. The
substitution between the product variants depends
on the stochastic nature of customer arrival thus it
incorporates stockout-based substitution. The opti-
mization process is that for each and every possible
combination of stocking level of the product variants
we compute the profits. We then compare these
profits to find the maximum profit and note the corre-
sponding optimal stocking level. Due to the computa-
tional complexity involved in regard to the possible
number of stocking levels based on the customer arri-
val pattern and number of product variants, we
restrict ourselves to two and four products. Next, we
describe the simulation setup and problem parame-
ters used in this study.

1. Demand: The total random demand for the prod-
ucts D, is drawn from a distribution. The customer
demand during a selling period with length T =1 is
best simulated using a Poisson distribution with mean
A. Our goal is to see how well the optimal policy
derived earlier in the benchmark model matches to
those obtained from the simulation. For consistency
with our theoretical model, we approximate the total
demand for the products as a normal distribution with
parameters (mean p = 4, standard deviation ¢ = VA).
We randomly draw from this distribution to denote
the demand for a given period, and our insights are
based on this distribution. At the end of this section,
we extend our analysis to consider a Poisson demand
distribution, and find that the insights are consistent.
In the simulation, we only consider integer values;
thus the randomly drawn demand value is rounded to
the closest integer. Given a random demand we search
for the optimal stocking level of the products which
maximizes the profit. For any demand realization
drawn from this distribution, there can be more than
10* possible combinations of stocking levels for two
products and 10® for four products when the mean
demand 4 = 100. We only consider integer values for
the stocking levels. A total of 1000, random demand
realizations were considered for the simulation to
compute the average percentage gap between the sim-
ulation results and the policy derived earlier. For each
demand realization all possible combinations of stock-
ing levels of the product variants were considered to
search for the optimal stocking quantity which maxi-
mizes the profit. For example, in case of two products,
if the randomly drawn demand is 108, then there can
be at most 108% possible combinations of stocking
levels of the two products. Next we describe the pre-
ferred choice for a product variant and the dynamic
substitution process.

2. Preferred choice: For a random demand realization
D =d, each customer m =1, ..., d has a preferred
first choice among the product variants. Thus the
individual demands for the product variants are neg-
atively correlated. Every customer is randomly
assigned any one of the product variants as their pre-
ferred first choice (drawn from a distribution), thus
creating a sample path of random arrivals and prefer-
ences. If the preferred first choice is available the cus-
tomer purchases it and it is noted as a first choice sale.
The stocking levels of the product variants are
updated accordingly. For example, in case of two
products, suppose the stocking level for the two pro-
duct variants is x; and x, when the m™ customer
arrives. The preferred first choice for customer “m” is
variety 1, which is in stock. Then the customer pur-

chases it, and the stocking levels are updated to

(x1 — 1) and x; for the next—that is the (m + D™ cus-

tomer. Thus the stocking levels are updated dynami-
cally for each customer.

3. Substitution: In the event that the preferred pro-
duct variant is not available when customer “m”
arrives, then she randomly chooses to substitute to
her second choice item if it is in stock. This process
is also stochastic; we randomly assign whether a
customer is willing to substitute or not in case of a
stockout. If the second choice item is available and
the customer substitutes to purchase it, we note it
as second choice sale and update the stocking levels
accordingly. Thus a lost sale can be either because a
customer is not willing to substitute in case of
stockout of their preferred product variant or wants
to substitute but there is no available stock for the
second choice product variant. To illustrate, in case
of two products suppose the stocking level for the
two product variants is x; = 0 and x, when cus-
tomer “m” arrives. The preferred first choice for
customer “m” is the first variety which is out of
stock. The customer may choose to substitute
(which is determined randomly for every arriving
customer in case of stockout) and purchase the sec-
ond variant. Then the stocking levels are updated
to x; = 0 and (x, — 1) for the (m + 1)™ arriving
customer. In case the customer does not substitute,
then it results in a lost sale and the stocking levels
remain at x; = 0 and x, for the next arriving cus-
tomer. Thus, the second choice substitution is com-
pletely stochastic, and is contingent on whether the
preferred first choice product is in stock and the
random process of customers willing to substitute
based on the availability of second choice item.
Essentially the stochastic second choice fractions are
dependent on the stocking decision of the retailer
and the preferred choices of the customers arriving
before a particular customer.
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4. Revenue and cost parameters: Several previous
studies such as Smith and Agrawal (2000) and
Gruen et al. (2002) state that in a retail setting, the
target service levels are around 90% to 98%. Nagara-
jan and Rajagopalan (2008) observe similar service
levels in their program with the grocery industry.
Extensive market research and similar studies in a
retail setting by Gruen et al. (2002) suggest that the
percentage of stockouts usually ranges between 5%
and 10%, with a worldwide average at about 8%. In
line with the above empirical evidences, the price
and cost parameters were chosen to achieve a
newsvendor ratio in the range 0.85 — 0.95, which is
generally an acceptable measure of service level for
retailers. For instance the price and costs are set
as s =(28,29,30,31,32), c=15 ¢, =9 and ¢ =
(12.70, 13.09, 13.33, 13.60, 14.10). Table 1 below pre-
sents the average percentage gap in profit relative to
the simulation for the stocking policy based on our
analytical model for different service levels. We also
present the average gap in optimal inventory levels
of the product variants between scaled newsvendor
quantities and those obtained from the simulation.

5. Solution and insights: The above setup creates a
sample path of random arrivals and preferences for a
demand realization D drawn from the distribution.
The solution approach is to compute the profit for
each and every possible combination of stocking
levels of the products for the realized demand and
sample path. This is done by an iterative loop for
every arriving customer and based on their preferred
choices (which is stochastic) the stocking levels are
updated dynamically. We can then determine the left-
over inventory for a given stocking level and also
whether a unit is sold as a first or second choice. We
compute the profits for all possible stocking levels
and compare them to search for the maximum profit
and the corresponding stocking quantity. This process
is repeated for 10°> demand realizations for every ser-
vice level (newsvendor ratio).

Profit and Inventory gap: The above results show that
the optimal policy based on our analytical model

Table 1 Average Gap in Inventory Levels and Percentage Gap in Profit

(A = 100)
K=2 K=4
Avg.

Service % Profit inventory % Profit

levels difference gap difference Avg. inventory gap
0.85 2.65 (5.08, 5.05) 2.63 (2.39, 2.42, 2.48, 2.52)
0.88 2.18 (5.39, 5.42) 2.24 (2.69, 2.72, 2.64, 2.48)
0.90 1.88 (6.55, 6.47) 1.92 (3.02, 2.96, 3.11, 3.16)
0.92 1.43 (6.97, 7.03) 1.59 (3.28, 3.22, 3.34, 3.41)
0.95 1.01 (7.82, 7.86) 1.06 (3.92, 3.82, 3.83, 3.89)

(scaled newsvendor quantity) with demand correla-
tion and substitution performs reasonably well. The
average percentage gap in profit is between 1% and
3% and the policy performs better at higher service
levels. Since we considered every possible stocking
levels of the products, we are able to compare the
optimal inventory levels with the stocking quantity
based on our analytical model for each product vari-
ant. We find that the scaled newsvendor policy can
carry lower or higher inventory than the optimum
level obtained from the simulation. However, on
average, the scaled newsvendor policy tends to over-
stock and carries a higher inventory. As seen in the
above table, the average inventory gap for each pro-
duct variant increases with higher service levels. In
terms of the stocking ratio, the scaled newsvendor
policy varies between 0.83 and 1.26 times the optimal
inventory obtained from the simulation. These results
are based on the stochastic nature of customer arrival
and their random choices. The benchmark policy in
our analytical model is based on service level, which
is the newsvendor quantity multiplied by a scale fac-
tor and does not explicitly account for the stochastic
nature of customer arrival. As a result at higher ser-
vice levels the scaled newsvendor policy on an aver-
age tends to stock more. The overstocking at higher
service levels leads to more products being sold as
first choice resulting in a higher profit. This explains
why the percentage gap in optimal profit is low at
higher service levels. Next we analyze the effect of
customer heterogeneity and also consider a wider
range of service levels.

Customer heterogeneity: In the above analysis, the
first choice preferences assigned to each customer is
randomly drawn from a distribution. The random
choices are generated in a manner that for every arriv-
ing customer there is an equal likelihood of choosing
any one of the products as the preferred choice, that
is, Prob.(choosing product i) = Prob.(choosing pro-
duct j) = %, where K is the number of product vari-
ants. This represents the case when customers are
most heterogeneous. However, in practice certain
product variants tend to be more popular and thus a
larger proportion of customers would prefer that vari-
ant as their first choice. So, next we explore the effect
of customer preference heterogeneity.

To capture this, the first choice preferences are
drawn from a distribution which is skewed such that
there is a higher probability of a customer choosing a
specific product. Thus on an average a larger propor-
tion of the customers will prefer a specific product. In
Table 2, we present the results based on customer
preference heterogeneity. The first row is when cus-
tomers are most heterogeneous and as we move
down the table the customers become more
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Table 2 Effect of Preference Heterogeneity on Percentage Gap in Profit (A = 100)
Service levels
Number of
products (K) Choice probabilities 0.80 0.83 0.85 0.88 0.90 0.92 0.95
2 (0.50, 0.50) 3.38 3.03 2.65 2.18 1.88 1.43 1.01
(0.70, 0.30) 3.29 2.91 2.69 2.28 1.93 1.56 1.05
(0.90, 0.10) 3.34 3.08 2.70 2.27 1.89 1.53 1.08
4 (0.25, 0.25, 0.25, 0.25) 3.25 2.96 2.63 2.24 1.92 1.59 1.06
(0.40, 0.30, 0.20, 0.10) 3.39 3.01 2.67 2.11 1.87 1.55 1.07
(0.50, 0.30, 0.15. 0.05) 3.36 3.08 2.74 217 1.93 1.51 0.94

homogeneous with higher proportions of the cus-
tomers preferring a specific product variant over
the other. To further illustrate, in case of two prod-
ucts the first row is when every arriving customer
has Prob.(choosing product 1) = Prob.(choosing
product 2) = 0.5 and the last row is when every arriv-
ing customer has Prob.(choosing product 1) = 0.9,
Prob.(choosing product 2) = 0.1. Thus on an average
a larger proportion of customers will choose the first
product.

The percentage gap in optimal profit relative to
the simulation for the scaled newsvendor policy is
fairly consistent for a given service level irrespec-
tive of customer preference heterogeneity. This is
because the scaled newsvendor policy takes into
account these choice probabilities in its formulation
as the first choice proportions P;’s are modified
accordingly. In the above analysis the stochastic sec-
ond choice fractions, P;’s ranged from 0.13 to as
high as 0.52, and we observe that the substitution
fractions are dependent on customer preference
heterogeneity, that is, the first choice proportion of
the customers. In general the average substitution
fractions vary to a larger extent when the customer
preference is more homogeneous. The second choice
substitution proportions due to stockout depends
on the product category and brand value (Gruen et
al. 2002). For example, snacks, perishables, and
daily necessities like paper towel have a higher sub-
stitution percentage than cosmetics. In a product
category consumers may substitute to another vari-
ant within the same or a different brand. Typically
these values on an average ranges between 15% and
45% and our simulation outcomes are in line with
empirical evidence.

Demand characteristics: We now extend our analysis
to consider lower service levels and examine the
impact of mean demand and variability on the opti-
mal percentage gap. While high service levels is
desired, this might not always be the case for certain
category of products. The cost and revenue parame-
ters are chosen for a wide range of service levels
ensuring all feasibility conditions such as positive
margin from substitution sale, that is, s — ¢ — ¢, > 0,

underage and overage costs are satisfied. At low ser-
vice levels the profit margin or underage costs are rel-
atively small thus the impact of penalty cost becomes
more significant, that is, high value of 6. This scenario
which can be the case for low margin products, the
profit is severely impacted due to substitution result-
ing from stockout. We consider the case when cus-
tomers are most heterogeneous, that is, for every
arriving customer, there is an equal likelihood of
choosing any one of the products.

In Figure 1, we see that the optimal policy based
on our theoretical model performs better with
larger mean demand and is also consistent with
earlier results that the gap improves at higher ser-
vice levels. The percentage gap decreases at a fas-
ter rate with higher demand at low service levels.
In all the above analysis we consistently find that
optimum policy based on the benchmark model on
an average tends to overstock and this varies based
on customer heterogeneity and demand variability.
As the benchmark model tends to hold higher
levels of inventory we also analyzed the impact of
the overstocking cost. For this analysis we hold the
underage cost to be the same for all product vari-
ants but vary the overage cost based on c¢yg. We
find that our policy performs better with lower
overage cost as cg increases. A low overage cost
corresponds to high service levels at which the
benchmark model tends to perform better as seen
in our earlier analysis. We obtain similar insights
as the above reported results.

Next, we analyze how the policy performs under
different profit margin and overage costs across the
product variants and its interaction with the customer
choice probabilities, that is, we investigate the interac-
tion between asymmetric service levels and customer
heterogeneity between the product variants. In this
analysis we consider two products in order to restrict
the number of possible combinations while searching
for the optimal solution.

Interaction effects: In this scenario, a less popular
product based on customer preference can have a
higher service level and vice-versa. From Table 3, it is
evident that there is an interaction between the



Ghosh, Paul, and Zhu: Stocking Under Random Demand and Product Variety

1020

Production and Operations Management 31(3), pp. 1006-1032, © 2021 Production and Operations Management Society

Figure 1 Effect of Service Level and Demand Variability on Percentage Gap in Profit
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Table 3 Asymmetric Service Level and Preference Heterogeneity
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Table 4 Average Gap in Inventory Levels and Percentage Gap in Profit

(A =100) under Poisson (1 = 100)

Service levels Demand proportions K=2 K=14

P, =03, P, =01, Avg.

P, =07 P, =03 Service % Profit inventory % Profit
Product 1  Product 2 Pi< P, Pi=P,=05 Py > P, levels difference gap difference Avg. inventory gap
0.80 0.80 3.39 3.33 3.28 0.70 4.69 (2.22,2.19) 478 (1.12, 1.04, 1.07, 1.08)
0.80 0.85 2.76 2.93 3.13 0.75 423 (3.69, 3.71) 4.27 (1.77,1.72, 1.83, 1.85)
0.80 0.90 2.46 2.62 2.84 0.80 3.54 (4.28, 4.46) 3.46 (2.01, 2.17, 2.07, 2.03)
0.80 0.95 1.54 1.92 2.58 0.85 2.68 (4.77, 4.69) 2.61 (2.52, 2.54, 2.52, 2.43)
0.85 0.85 2.62 2.66 2.61 0.90 1.92 (6.61, 6.67) 1.83 (3.07, 3.17, 3.15, 3.35)
0.85 0.90 2.05 2.29 2.41 0.95 1.04 (8.24, 8.27) 1.10 (4.44, 4.58, 4.55, 4.61)
0.85 0.95 1.42 1.78 2.04
0.90 0.90 1.81 1.87 1.80
0.90 0.95 1.22 1.44 1.56
0.95 0.95 1.07 1.08 1.05

service levels of the two products and customer
heterogeneity. The percentage gap in profit is consis-
tent when both products have the same service level
for different customer heterogeneity. However, for
asymmetric service levels of the two products, when a
larger proportion of customers prefer a product vari-
ant with higher service level, the percentage gap in
profit decreases compared to when there is an equal
likelihood of customers choosing any one of the two
products. The opposite is seen when a larger propor-
tion of customers prefer a product variant with lower
service level. The analysis highlights that the optimal
policy based on the analytical model performs better
at higher service levels and when customers are more
homogeneous in preferring the product with higher
service levels.

We now extend our analysis by considering a Pois-
son distribution to examine if there is any significant
difference because of the continuous demand distri-
bution assumption in our benchmark model analysis.
Table 4 below presents the average gap in optimal
inventory levels and percentage profit difference in
case of a Poisson distribution. Consistent with our
earlier results we find that the benchmark policy per-
forms better at higher service levels and on an aver-
age tends to overstock as compared to the optimal
inventory levels from the simulation.

Next we consider customer preference heterogene-
ity under Poisson. Similar to our earlier results the
percentage gap in optimal profit under the bench-
mark policy is consistent for a given service level
regardless of the choice probabilities. Table 5 below
presents the percentage profit difference in case of a
Poisson distribution based on customer preference
heterogeneity.
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Table 5 Effect of Preference Heterogeneity on Percentage Gap in Profit under Poisson (1 = 100)
Service levels
Number of
products (K) Choice probabilities 0.70 0.75 0.80 0.85 0.90 0.95
2 (0.50, 0.50) 4.69 4.23 3.54 2.68 1.92 1.04
(0.70, 0.30) 4.76 4.26 3.51 2.63 1.87 1.09
(0.90, 0.10) 4.66 418 3.44 2.1 1.89 1.08
4 (0.25, 0.25, 0.25, 0.25) 478 4.27 3.46 2.61 1.83 1.10
(0.40, 0.30, 0.20, 0.10) 4.7 4.34 3.32 2.72 1.88 1.07
(0.50, 0.30, 0.15. 0.05) 4.74 4.30 3.38 2.67 1.93 1.06

Figure 2 Effect of Service Level and Demand Variability on Percentage Gap in Profit under Poisson
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Finally we examine the effect of demand variability
and lower service levels under Poisson when cus-
tomers are most heterogeneous. As seen earlier, with
larger mean demand the benchmark policy performs
better and the percentage gap decreases at a faster
rate with higher mean demand at lower service levels
(Figure 2).

6. Concluding Remarks

In this study, we have extended past work on the
problem of selecting the optimal stocking levels of hor-
izontally differentiated product variants. The paper
considers the demand for different product variants to
be negatively correlated, and studies the impact of
substitution between the products. Customers substi-
tute one product variant for another if their first choice
option is not in stock. We develop an exact model in
which customers arrive stochastically according to a
Poisson process. In order to characterize an optimal
policy analytically, we propose a general benchmark
model in which demand, first choice and second
choice proportions, are stochasticc. We identify

% Profit Difference

b 1
06 0.7 0.8 0.9
Service Level

—eo— A=150 --m-- A=200 ...q... A=250

conditions under which the optimal stocking policy in
the benchmark model is the scaled newsvendor solu-
tion and show that this depends on the stochasticity of
the first and second choices. We then establish a con-
nection between the exact and benchmark models.

The dynamic simulation accounts for the stochastic
nature of the customer arrival and choice process. In
the computational study, we examine the impact of
choice fractions, costs, and other performance mea-
sures on the optimal policy as compared to the bench-
mark model to better understand the impact of our
modeling assumptions on the optimality gap. Our
results have practical implications in a retail setting,
where a retailer has to decide on optimal stocking
levels of different product variants within a category.
Correlated demand and substitution across different
product variants in a retail setting is quite common,
and we have been able to find simple conditions on
price and cost when the optimum stocking policy is
given by the scaled newsvendor solution. Future
extensions of this work include adding the effect of
demand correlation and customer arrival process in
the assortment decision.
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Appendix

Proor oF ProrosiTioN 1. If xq,..., xg > 0, then we

have

T

Zp,/ie’“ ”( —c+V(x,...,

V(xl, e .XK,

Xi-1, Xi —

i(c — co /ﬂ
T

First we elaborate on how we obtained Equation (A1).
Recall that customers arrive according to a Poisson
process with arrival rate A > 0. The arrival time of the
first customer has probability density function
e~ 4=t for arrival at time u > t. If t < u < T, then at
time u, with probability p,, the customer purchases a
product of type i, which is available given that x; > 0.
The seller collects a profit s — ¢, and the available
number of units for product i reduces to x; — 1 from
xi, and by the strong Markov property, the expected
profit for the seller at time u after selling a product of
type i is given by V(xy, ..., xi—1, xi — 1, Xi1, ..., Xxs 1),
which explains the first term on the right-hand side of
Equation (Al). If u > T, then no customer arrives
before the end of the period, and thus the firm has to

1, Xiy1, - .., xxu))du

—Au— tdl/l (Al)

sell the remaining stocks Y~ ,x; at a loss (¢ — ¢p) for
each unit, which explains the second term on the
right-hand side of Equation (A1).

Next, we can simplify Equation (A1) such that for
any xi,...,xg > 0

K
t)) z P,‘(S _ C) _ e—/l(Tft)

i=1

V(X1, .o XK t) = (1 — e*’l(T*

T

K K
x Y xi(c—co) + X p; / Ao A=)
i=1 i=1
t
XV(X1, e Xic1, Xi — 1,

Xig1, - XKU)du. (A2)

More generally, for any x,...,
any 0 <t < T, we have

xx €NuU{0} and

V(Xl, .o XK t)
T

= X / 2e (s
i:x;>0 f

Xit1, - X3 U))du

—c+V(x1, ..., xii1,xi — 1,

T
+2Xp X Pl]//le‘lu f)(57c7Cp+V(x1,...,

=0 jix;>
Xjo1, Xj—1, xj11,..., xxu))du
(o)
i(c—co /le (A3)
i= l
T

To obtain Equation (A3), recall that customers
arrive according to a Poisson process with arrival
rate 4 > 0 and with probability p,, a customer’s first
preferred product is of type i. We consider the arri-
val time of the first customer whose probability
density function is e ™~ for u>t. If t <u<T,
and the customer’s first choice of type i is avail-
able, that is, x; > 0, then we obtain the first part in
the right-hand side of Equation (A3) following the
argument for Equation (A1). If type i products are
not available, that is, x; = 0, then with probability
p;, the customer will substitute to the second

choice product type j if they are available, that is,
xj >0, we can use similar argument as Equation
(A1) to obtain the second part in the right-hand
side of Equation (A3). Finally, if u > T, then the
third part in the right-hand side of Equation (A3)
can be obtained in the same way as the second
part in the right-hand side of Equation (A1).

Moreover, by simplifying Equation (A3), we have
for any x1, ..., xx€NU{0} and any 0 <t < T,

V(Xl, ey XK;t)
= (1 —e “”’) Y pils—c)

i:x;>0
+(1_e ) sz Z pzj( P)
;=0 jx;>0
K
Z xi(c —¢o)
i=1
T
+ Z pi / le_l u_t)v(xh cee Xic1, X — 1/
i:x; >0

t
T

Xit1, - Xouw)du + Y p; D pz]/ —A(u—t)
t

=0 j:x;>0
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xV(xy, oo xj1,x—1,x 1, ..., Xxsu)du. which yields that we can further simplify
(A4) F(x1, ..., xk) as
F(xl,...,xK)
Hence, we conclude that the optimal stocking levels K
are given by =(s—co) XE| (Di=%i) Lop, 3D,
i=1 j#i
& +
(x7, ..., xx) =arg max V(xi,... xx;0), (A5) +(S_CP_C0)ZE Z(Df_xf) Pji'lx,->D,-+Z(Dj—x,v)+pﬂ
x>0 i=1 j#i #
K K
where V(xi, ..., xx;t) solves a (K + 1)-dimensional +C?’5E (D i*x")'lDzsx,'sD#Ei(Df*xf')‘Pf,- +(57C)i§xi :

integral Equation (A4). i A7)

As stated earlier D; = Dp; and recall that f(y) is the
Proor oF ThHeEOREM 1. The function F(xy,..., xk) probability density function of demand D, which is
defined in Equation (3), can be simplified and re- assumed to be continuously differentiable, thus the
written as: objective function F(x, ..., xx) can be stated as:

<(S —¢)Dj+ (s —c— CP)E(D]' - x]')+Pji> 1xi>Df+2(Dj—x,)*PJf]
J# i#

i=1
g +

— 2 E|(c—co)| % = Di =X (Dj = %)) pji | 1> D 50,57,
i=1 J#i j#i
K

+ Y E[((s—c)Di+(s—c—cp)(xi—Di))1p <, < D+ 3(D—x))
i=1 pr ] ] Ji

K K
+ Y E[(s — ¢)xi] =), E[(s — ¢)xily, = Dj]
=1

i=1

J#

<(S - C)(Di - xi) + (S —C— CP)Z(DJ - xj)+pji> 1xi>Di+Z(D,—xj)+pji]
J#

Jj#i i

(¢ —co) (xi —D;-X(D; - xj)+Pji> 1x,>Di+Z(D1xj)+pj,]

(5 —c)(Dj —xi) + (s —c =) (xi = D)) 1p, < o, < D,-+Z(D/-x,v)+pﬂ-‘|

Jj#i

<(s —co)(Di —x))+ (s —c— CP)E'(Dj - xj)+P]-,-> lxi>Di+Z(Df_Xj)+p/i‘|
j#i =

K
+ (¢ = co) Z E Z(D] o xj)+pji ’ 1xi>Di+Z(D1xf)pji]
i=1 JFi j#i
K K
+ X E|ep(Di = xi)1p, <, < Di+E(D;—x)'p | T L El(s —c)xi, (A6

i i=1
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which is equivalent to

Recall from Equation (5) that G;(x1, ..
the value of y such that x; = yp; + ¥ .; (yp; —

which implies that

K
F(x, ..., xx) = (s — co) Z;JE (Dp; = i) - 1ff>DP,+Z(Dﬁ,x/>’PJ
= J#
S +
+(5 -6~ ) Z Z(Dpl Xj) i 1xv>Dﬂ,‘+Z(Dv,*X;>’P,;
i=1 J# j#i
K K
+cp filE (Dp; — xi) - 1Dp1S.\',SDPﬁZ(Dp,*.\',)’p” +(s—0) 2’1 Xi, (A8)
= J# i=
K
F(x1, ..., xk) = (s — co) ; (yp; — x)f (y)dy
xS
j#i
LS . +
temgmaX [ ) nwd
- x1>w,+2(yn,4,)'pﬂ]
i
K g K
o3 [ s+ -0 E . 9
=1 =1
yp; <% sm@w,‘—x» "pi
., Xg) is defined as
xj)+p]-i. Then
K Gi(x1,...,XK)
R ox) = (=) [ p -5y
i=1 3
o Gl
to-g-a)x [ S0, ) P )y
i= j#i
0
i
+c — X dy + (s — i
pi_; (yp; — x)f(y)dy + (s — ¢ E] x (A10)
i(x1,...,xK)
—(s— CO) f(y
K
+ (s —co) Z (G,(x1, e XkP = X)f(Gelxa, -, Xx))

K 0G,
7(576;,760)20 (Ge(xr, - xx)
=1

Ge(x1,.., %K)

—(s—cp—co)X
i

v, — x0)f(Gelx1, ..., X))
piuf(v)dy

Pi

i
K 0G,
—¢ / fy)dy — ¢, E]Tx[ (Ge(x1, - xx)p, — x0)f(Ge(x1, .., X)) + (s — ©)
Gi(x1,..,XK) - '

Gi(x1,...,xk) Ge(x1, -y XK)
fy — G- -cX [ pafty

i
i

¢, / Fdy + (s —c).
Gi(x1,.., %K) (A11)
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Finally, let us show that the optimal (x7,... x%)
satisfies the first-order condition. Given any x;, j # i,
we can compute that

=s—c>0,

axi x;=0

since G; = 0 when x; = 0. Moreover, as x; — co,
G; — oo and thus

oF

— =—(s—c¢ s—c=c¢cy—c<0,
o ( 0) + 0

Xj=00

and hence the optimal x} € (0,), and the optimal
(xf,...,x%) satisfies the first-order condition
3—§|<x1 7777 ) = (ory = 0, 1< <K, which gives
Equation (4). The proof is complete. O

Proor oF Lemma 1. First, we notice that the right-
hand side of Equation (5) is monotonically increas-
ing in G;, it is zero when G; = 0 and infinity when
Gi = o0, and thus there exists a unique positive
value G; that solves this equation. Note that

(Gip; — xj)" = Gip;—x; for any I <G; so that we
]

obtain

Xi + Zj:xj/png;xfpji

ot Ej:xj/pst,pjpji .

i

Since there exists a unique positive Gj, there

exists a unique set S;C{1,2,...,K}\{i} such
that % < 25 Zies Wi ¢ apq only if j€S;. Then, we

P; = Pt XjesPibi
get

Xt Yies X

= , 1<i<K,
Pit XiesP P

i

where the set S; is a function of (x;)5_;.
There exists a permutation = of {1, 2, ..., K} such

that ansr’”(z)s < o Then S;={z(1), =(2), ...,

#(K;)} for some unique 1<K; <K, so that

K;
G — Xi+ X i=1%x2()Pr(jyi

[ K; 7 1 S Z S K/
Pi+ X Py Paiii

where

k

X Xi+ 2 i1 Xn()Pr(ii
Ki:=max{ke{l,.. K} : 28 < = Zk“ O
Paty Py + 2 1Py Paii

is a function of (x;)k_,. The proof is complete. O

Before we proceed to the proof of Theorem 2, let us
first recall a standard lemma characterizing concave
functions.

Lemma 2. The function q: R"—R is concave if and
only if the function v: RwR, defined as r(t) =
q(x + tv), is a concave function of the single real variable
t, where the domain of r() is the set of points t such that
x + tv belongs to the domain of g(-).

Now, we are ready to prove Theorem 2.

ProorF oF THEOREM 2. We present a consolidated
proof of both parts of the theorem, in two steps.
First, in Step 1, we shall show that under the
stated condition, the objective function is jointly
concave in the decision variables. Then, in Step
2, we shall show that when the objective func-
tion is concave, the newsvendor solution is opti-
mal.

Step 1: Recall that from the proof of Theorem 1,
we have

Gi(x1,...,XK)

K
F(x1, ..., xx) = (s—co) 2:1

Gi(x1,..,xK)

temg-m [ Zw-x) i
i= 2 J#i

F K
/ (yp; — x)f (y)dy + (s — ¢) ;1 x;.

i(x1,..

K
to X
i=1

G,

JXK)

Recall from Equation (5) that G; is defined via the
equations

%i = Gib; + 2 (Gip; ~ ) pyy  1<i<K
j#i
Let us define for any t such that
(x1 + tz1,...,xx + tzK)e]Riz
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g(t) == F((x1 + tz1), . .., (xx + tzx))
Gi((x1+tz1), ..., (xk+tzk))

K
—5-c) 3 / (9, — (x: + t2))f(y)dy

Gi((x1+tz1),..., (xk+tzk))

fs—c—c) 3 / S p; — (61 + ) paf )y

i=1 0 j#i
xz;ri[:i
K K
voX [ om0 S ), i

Gi((x1+tz1), ..., (xx+tzk))

We can compute that

Gi((x1+tz1), ..., (xx+tzk))

B _ —m)é / 2f(y)dy

ot
0
K oG,
+ (s —¢o) [Zl = - (Ge((x1 + tz1), - ., (xx + tzK))p, — (X0 + t20))
f(Ge((x1 + tz1), -+, (2K + t2K)))
—(s—¢y — o) i - (Ge((o1 + t21), ., (¥ + t2zx))p, — (x¢ + t20))
f(Ge((x1 + tz1), .., (xk + tz)))
Gi((x1+tz1), ..., (xg+tzx )
K
—(s—cp—co) X / zepuf (y)dy
i=1 0#i

xjtHzj
Pi

—or [ af

=1
Gi((x1+tz1), ..., (xk+tzx))

—Cp [iaa—cté(c/(oﬁ + tZ1) (XK + tZK))pg — (X/j + fZg))

f(Ge((x1 4+ tz1), ..., (xx +t2x))) + (s —¢) izi,

which yields that

Gi((x1+tz1), ..., (xx+1t2K))

Bot-ax [z

G,‘((X1 +tz1 ),4.., (XK+tZK))

K
“Goe-wXT [ anfwdy

i=1l#i
Xp+izy
[
X,‘;I[Z’
K K
> / 2y + (s =) Tz
1= 1=

G,‘(()C] +le),4..,(x;<+tz;<))
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Furthermore, we can compute that

(;25_—(5—00)121 o zif (Gi((x1 + tz1), - ..,
— (s —¢cp—co) ZZ{
i=10#i

ot

(xk + tzk)))

+t
((x1 +tz1), ..., (xx + tzx))) — ;%f (Xg Zé)]zfpii
i

Pe

63 [p,f(Xi + tzf) B tzK)))} %

Pi
K 9G;

i=1

—(s—cp—co) 2= o zif (Gi((x1 + tz1), - - -,

i=1

(xk + tzk)))

<s—cp—co>zz[ G-+ 1),y o+ 1200) ~ (S

=1 (#i

~o 2[5

—(s —¢cp — o) faa_(iizif(Gi((xl +1tz1), ...,

i=1
K 0G;
.| ot

+ (s —¢p — o) Z Z [P/ <x[ + tzz)}zﬂ’zl

Py

0G;

—(s—¢cp — o) g E[ gy F(Gi((x1 +tz1), - - .,

z_zf <x;’ J’;itzf>]zi <(s - co)lgipw _ c,,) .

Recall from Equation (5) that G; is defined via the
equations

xi = Gip; + E‘(Gm i) P
] 1

This is equivalent to

+
x"Gi+Z<Gix’> ?Pﬁ/ 1<i<K,

pi j#i j
where
X p X P
YIG -] Hp,=Ymax|G -, 0|-Lp.
i P i i i Pj pi
Define 7; := G; . We consider the following

/
three cases. Note that Case 1, Case 2, and Case 3 are

mutually exclusive and collectively exhaustive.

iZ,‘f(Gf((JQ + tZl), .,

(xk + tz)))

PG+ 1), o+ 20

x; + tz;
c Z;i
pzzl [Pz ( pi >:| 1

(xk + tzk)))

(g + tsz} 2y

Case 1: Suppose 7; < 0, for every j # i. Then it fol-
lows from the above equation that:

Xi

Gi(xl,...,xK):—, 1<i<Kk
Pi
For any t such that (x; + tz1),..., (xk + tzx) €RK,
let
HE) = Gi((x1 + t21), ., (e +t2) = 7 1 <i<k

Then we have
oh _ 0G;
ot ot
Case 2: Suppose 7; >0, for every j#i This

>0.

implies G; > 2. for every j # i, and hence
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% 1<i<K,
Pz

Y G; + Z G; —
Pi j#i

which yields that

_&""ZJ#I( )plpﬂ,

T+ Zj;éip_ipji

For any t such that (x; + fz1),...,
let

(XK + tZK) GRE,

]’l(t) = G,‘((X1 + tZl), e (XK + i’ZK))

Htzi xf+tzj &
i +zj#( Pj pipﬁ

- 7 , 1<i<K.
T+ Yyt pyi
Then we have
oh  0G;
—=—>0.
oF ot
Case 3: Suppose 7; <0, j=1i, ..., 0n

and 7; >0, j#i1, i, ... in. Recall that Case 1, Case
2, and Case 3 are mutually exclusive and col-

lectively exhaustive. This implies that G; <

p_i,
j:i1,i2,.. i, if and only if G,-:;%, 1<i<K
and G; > , j#i1, ip, ..., im. The proof that aG’ >0

is similar for Case 3 and is thus omitted. Moreover,
the following term is negative, that is,

> ﬁf(@)}m <(s —Cp—C0) X Py — cp> <0,
i=1 P p; O£

which ensures that % < 0. That is
s — c0) XrziPic
(s —cp — co)XpwiPie — ¢ <0 or ¢, > 41+ZM;M L, for

every 1<i<K, ensures the objective function
is jointly concave in the decision variables by
Lemma 2.

Step 2: The optimum stocking policy with substi-
tution, that is, the second choice model is character-
ized by the equations in Theorem 1. Recall from
Equation (5) that G; is defined via the equations
1<i<K

xi = Gip; + é:‘(Gin - xj)+Pji'
J#

This is equivalent to

+
p; i Pj/ Pi

where

n
xj\ P p;

ylG-=2L) < Ymax| G —=,0|-Lp,,

i pP; ipﬂ i Pj pit"

We separately treat the same three cases that we
did earlier, which are mutually exclusive and collec-

tively exhaustive. Recall that 7; = G; — p—
]

< 0, for every j#i. This

1<i<Kk

Case 1: Suppose 7; <
implies G; < :—;, for every j#1i so that G; = 3
1<i<K

Case 2: Suppose 7; >0, for every j#i This
implies G; > x—;, for every j # i, and hence

p
oGty -2
Pi ]z#l< )pz

which yields

1<i<K,

x AL
Pi + ZJ# (7’,‘) Pi Pji

Gi = 4
T+ Yyt pyi

1<i<K

Case 3: Suppose 7; <0, j=1iy,1,...,i; and
;> 0, j#i, i, ... i
Recall that Case 1, Case 2, and Case 3 are mutu-

ally exclusive and collectively exhaustive.

This implies that if G; < ﬁ, ] =i,i,...
G; 1<1<Kand1fG>
then

i, then

, for j#iy, i, ..., 0

' xj\ P
— =G+ e
Pi f#iilg;---/i”' ( Pj ) pl n'r

which yields that

Xi
a+2#mmm(>ﬂ%

Gi =
1+ Zj;éil,iz,“,lm v, Pii

The logic of the proof is as follows: we consider
the vector of newsvendor order quantities of the K
product variants and show that it also satisfies the
necessary conditions for an optimal solution to the
substitution model. We remark that if the objective
function is jointly concave in the stocking levels of
all the product variants, then the necessary condi-
tions are also sufficient.

Suppose the optimal stocking policy when there is
no second choice or substitution satisfies the equa-
tions defined in Theorem 1 which characterizes the
optimal stocking policy with substitution. The opti-
mal stocking policy without substitution is to stock
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the newsvendor quantity for each product variant
(Remark 1). Hence, we have

)5
p; S — o
where H(-) is the distribution function of the
demand. This implies

1<i<K,

X1 _ X2 XK
Pi P2 7%
where we used the assumption that f(-) > 0 so that
H(.) is invertible.

We again separate our analysis into three cases,
exactly as before. Recall that 7; = G; — %

Case 1: When z; < 0, for every j#i, we have
G; :g,lsisK,sothat

G =Gy = :GK:xJ:Q: .

Pi P2 Px

Case 2: When 7; > 0, for every j # i, we have

i Xj\Pj Xi (% pj
Sy ) s (s P,
_ P E]# (P]) pip] P‘+<Pi)zﬁélpipﬂ

1

Gi

P p
1+ Zj;éip_]pji 1+ Zj;éi;]pji

i i

~Y 1<i<K,
bi

which implies that

X1 X2 XK

PP Px
Case 3: When 7; < 0, j = iy, ia, ..

Gy =Gy = =Gk

., i, we have

X1 X2

P

Xm

G1 =Gy =+ =Gpy =—,
Pm

and z; >0, j#i1,1, ..., im, we have

X X\ Pi X (x Pi
ot Dty i (pf) nPi n T (p) Ditinin. i 7 Pji
— = 7,

1+ Z]’;&h doserin p, Pji

pv
Lt Dt oo py P
P
Thus

X1 X2 XK

P1 B P> Pk

We recall the left-hand side of the Equation (4)
from Theorem 1 is given by:

Gy =Gy =+ =Gg

Gi(x}, ..., Xy)
G-a) [ o)
0
Ge(x], %)
x 2 pif (y)dy
(#i

vo [ fwy,

G,'(xq,“.,x;)

for every 1 <i < K. As Gy = ;—ﬁ = % = Gj;, (#i, the

left-hand side of the Equation (4) reduces to

Now

0/f<y>dy = H(;—) =

where H(:) is the distribution function of the
demand. Thus the left-hand side reduces to (s — ¢),
which is equal to the right-hand side of the Equa-
tion (4) in Theorem 1. The proof is complete. O

ProOOF OF COROLLARY 1. Since (s — ¢, — o) XpsiPis —
cp <0, for every 1 <i <K, is a sufficient condition
for the optimal solution to be the scaled newsvendor
solution, the corollary will follow if

S > 1. (A13)
(s —cp —co)
We recall the definition
(s—c¢) s—c¢

f= =

(s—c)+(c—co) s—co

Thus f* is equal to the critical fractile in the
classic newsvendor formula. We rewrite Equation
(A13) as

L

o7 (A14)
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which simplifies to

N
—
*

The corollary follows. O

Proor ofF THEOREM 3. The proof is similar to Theo-
rem 1, hence omitted.

ProoF OF THEOREM 4. Recall the assumption that
P; = p; and P;/s are possibly stochastic. In this case,
the fractions for the first choice are deterministic
and the fractions for the second choice may be
stochastic. Then, we can easily check that the deter-
ministic newsvendor solution

*
i

X

(s —co) /f(y)dy =s—¢, 1<i<K (A15)
0

such that E == % satisfies the Equation (7) with

G =x} /pi. The conclusions then follows from the
same arguments as in the proof of Theorem 2 for
the semi-stochastic model. O

Proor oF THEOREM 5. First, we recall from Theo-
rem 3 that the optimal solution (x7,... x}) to
the second choice problem satisfies the first-order
condition:

Gi(x, e X3P)
(s —co)E f(y)dy
0
G[(xj,.“,x*K;P)
+(s—cp—c)E| X Pif (y)dy
(i
P;
xj
P;
+ ¢ E fly)dyl =s—c, 1<i<K,
G,-(x{,...,xz;P)

(A16)

where the expectations are taken over P;’s and Pj/’s
and G; = G;(-;P) emphasizes the dependence on
P/s and Pj’s and is defined via the equations:
x; = G;P; + Zj;éi(Gin . xj)+Pji/ 1<i<Kk

Let us prove by contradiction. Assume the opti-
mal solution was indeed the (stochastic)

newsvendor solution:

x¥
i

(s—co)E /f(y)dy =s—c¢, 1<i<K. (A17)
0

Then, by plugging Equation (A17) into Equation
(A16), we get

(s —co)E

Go(x}, ..., x3P)
+(—cp—c)E| X / Pif(y)dy
{7
"ow
P;

=G6-c)E| [ fyydy|, 1<i<K, (A18)
0
which implies that
G,-(x;,...,x]*(;P)
G-g-ak| [
g
Go(x}, -, X5P)

+(5—cp—c)E|X

(A19)

for any 1 < i < K. Since the unit profit selling second
choice product s — ¢ — ¢, > 0 and ¢ > ¢y, we have
s — ¢ — ¢p > 0and Equation (A19) becomes:

Gi(x], %3P Go(x], s xi3P)
E / fly)dy + g / Pif(y)dy
P; Pi
-0, 1<i<K (A20)
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Since x; = G;P; + Z]‘;ei(Gin — x}f)JrPﬁ,
we have G; < xj/P; and therefore

1<i<K,

G; (x;, .4.,x}<;P) Gg(xT,A..,x;;P)

f@@+g Pif (y)dy

JoRe

o
I
=
I

(A21)

=
<%

I

(A22)

(A23)

1<i<K, (A24)

where we used independence between P;’s and Pj/s
and the equality

.
Py

(A25)
which holds since it follows from Equation (A17) that

E‘/ﬂWW =Ek/ﬂw@ =w=E(/ﬂw@ =;:;-
0 0 0
(A26)

It follows from Equations (A21)-(A24) that the
inequality in Equation (A22) must be the equality,
which implies that with probability 1, we have
Gi = x{/P; and G; = x;/P;, for any (¢ #i. Since
X = GiP; + ¥ 1,i(GiP; — x7)"Pji, 1 < i < K, we have
that with probability 1,

% +
z(’ﬁpj_x;) Pi=0, 1<i<K,  (A27)

j#i \Pi

which implies that with probability 1, %‘, < lx%, 1<,
j < K, which further implies that with probability 1,

* *
fN_t

4
P, P,

= b
which leads to the contradiction since x; are deter-
ministic and P;, 1 <i < K are fully stochastic in the
sense that there exists some i # j, such that P;/P; is
stochastic. The proof is complete.

Note

The multi-period, and an infinite horizon setting formula-
tion is included in the online electronic companion. We
also develop an exact model in which customers arrive
stochastically according to a discretized Poisson (Ber-
noulli) process in the online electronic companion, which
can be viewed as a discrete-time approximation of the
exact model with Poisson customer arrivals.
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A Exact Model with Discretized Poisson Arrivals

We recall that in the exact model with Poisson customer arrivals (section 3.1), the objective function
involves solving a high-dimensional integral equation which is not analytically tractable (Propo-
sition 1). In this section, we introduce the exact model with Bernoulli customer arrivals which
serves as a discrete-time approximation of the exact model with Poisson arrivals. Solving the prob-
lem to be able to find simple analytical solutions still remains challenging. The objective function
involves an equation of linear recursion, which is in principle easier to solve numerically than a

high-dimensional integral equation. All proofs are in Section

A.1 Single-period model

In this section, we consider a single period model with the length of the period being T' > 0. Within
this time period [0, 7], we divide it into 7'/ At sub-periods each with length At > 0. Without loss of
generality, we assume that 7'/ At is a positive integer. The customers arrive according to a Bernoulli
process in the sense that in each sub-period, with probability p = AAt, one customer arrives, and
with probability 1 — p = 1 — AAt, no customer arrives. This discrete-time Bernoulli process on
[0, T] approximates the continuous-time Poisson process on [0,T] as At — 0.

The exact model with Bernoulli (discretized Poisson) arrivals can be formulated as follows.
— Stocking levels z1,x9,...,xx are implemented, where z; € NU {0} fori =1,... K.

— Customers arrive according to a Bernoulli (discretized Poisson) process. In each sub-period
[mAt, (m + 1)A], with m = 0,1,2,...,(T/At) — 1, with probability p = AAt, exactly one
customer arrives, and with probability 1 —p = 1 — AA¢, no customer arrives. When customer
#1 enters, and picks her preferred option. The firm registers a profit of s — ¢ for the sold

item.
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— Customers continue to arrive till the end of the period with time 7" > 0. For any customer,
the probability that her preferred option is item ¢ is p;. If her preferred option is in stock, she
purchases it, and the firm registers a profit of s — ¢. Otherwise, she substitutes to her second
choice with probability p;; with i Pij <1 if her second choice is available or she will not

purchase anything. If the second choice is available, the firm registers a profit s — ¢ — ¢,.

— Any unsold or leftover inventory at the end of the period is sold to a discount store at ¢y per

unit resulting in a loss of ¢ — ¢y for each unit that is leftover.

Let Vin(z1,...,zx) denote the firm’s total profit for the single period given that at the start
of time mAt, there is an initial stocking of x1,...,zx at time mA, so that there are (T'/At) —m
sub-periods left till the end of the period T', with m = 0,1,2,...,T/At, where z1,...,x; € NU{0}
such that Vi, (z1,...,2x) : (NU{0})E — R, for every m =0,1,2,...,T/At.

Proposition A.1. The optimal stocking levels are given by

(x],...,0%) =arg max_ Vp(zi,...,2K), (A.1)
Z1,e K 20
where Vi (x1,...,2x), m=0,1,2,...,T/At, solves a (K + 1)-dimensional recursive equation:

Vm(:lj'l,. . .,xK) = (1 — )\At)vm+1($1, - ,.%'K)

+ ()\At) Z Pi (Vm+1(:c1, ey i1, — 1,.%.;,.1, e ,J}K) + s — C)
i >0

+()\At) Z Di Z Dij (Vm+1(a:1,...,xj_1,xj—1,:1:j+1,...,a:K)+s—c—cp),

i:x;=0 ;>0

with the terminal condition Vi/a(w1,. .., TK) = — Zfil xi(c—co).

We can see from Proposition that V(z1,...,xk;t) solves a (K + 1)-dimensional recursive
equation (A.2), and we do not expect (A.2) to yield a simple closed form solution, so we have to

rely on Monte Carlo simulations or numerically solving (A.2) to find optimal stocking levels.

A.2 Connection to the exact model with Poisson arrivals

In this section, we discuss the connection between the exact model with Bernoulli (discretized

Poisson) arrivals to the exact model with Poisson arrivals (section 3.1). Let us recall that in the



exact model with Poisson arrivals, the optimal stocking levels are given by

(x],...,2%) =arg max_ V(zi,...,zx;0), (A.3)
Z15eeTr >0

where V(x1,...,2k;t) solves a (K + 1)-dimensional integral equation:

V(zy,...,zx;t) = (1—6_A(T_t)) Z pi(s—c)+ (1—6_)‘(T_t)) Z i Z pij(s —c—cp)

t:x; >0 :x;=0  j:x;>0
K
— e NI Z xi(c — ¢p)
=1

T
+ Z pi/ )\e_’\(“_t)V(zl,...,mi,l,xi—1,mi+1,...,xK;u)du
t

iz >0

T
+ Z i Z pij/ )\e_/\(“_t)V(:El,...,azj,l,:cj—l,xjﬂ,...,;z:K;u)du,
t

;=0  jiz;>0

(A.4)

for any z1,...,vx € NU{0} and any 0 < ¢ < T'. By letting t = T in (A.1), we can see the terminal

value is given by

K
Vizy, ... ,xx;T) = —in(c—co). (A.5)

If we differentiate both hand sides of (A.1) w.r.t. ¢, we obtain

3} _\T— A(T—
— V(... ,xx;t) = e D Z pi(s —¢) = Ae XTI Z Di Z pij(s —c—cp)

ot ‘ . )
i:x; >0 ;=0  j:z;>0

K
— A M) Z xi(c— cp)
i=1

T
+ A Z pi/ )\e_/\(“_t>V(:E1,...,:r:i,l,:nl-—1,a:i+1,...,xK;u)du
¢

iy >0
- E piAV (21, i1, T — 1wy, .o TG )

iy >0

T
+)\ Z Pi Z pz'j/ /\e_)‘(“_t)V(xl,...,xj_l,:vj—1,xj+1,...,:cK;u)du
t

ix;=0 j:ix;>0

— Z Di Z pij)\V(.%l,...,afjfl,J}j—1,$j+1,...,.7}}(;t). (Aﬁ)

x;=0 ;>0



By plugging (A1) into (A.0), we get

0
3t (xlv" TR T Z plAV .171,...,331',1,551'*1,$i+1,...,l’K;t)
x>0

— Z Di Z pij)\V(snl,...,a:j,l,%—1,:L“j+1,...,xK;t)

;=0  j:x;>0

+ A | V(xg,...,xx;t) — Z pi(s —¢) Z i Z pij(s —c—cp) |,

i:x; >0 iz =0  jJix;>0

which yields that
0
V(zy,...,zr;t) = =\ pi (V(o1, .. 1,2 — Lxign, ..., 25 t) + 5 — ¢
ot ,

- A Z Di Z pij(V(xl,...,wj_l,{L'j—1,.CCj+1,...,(L‘K;t)+S—C—Cp)

+/\V<$1,...,:L'K;t). <A7)

We notice that in the exact model with Bernoulli (discretized Poisson) arrivals, (A.2) can be re-

written as:

Vine1(z1, ..y 2x) — Vip(z1, ..., TK)
At

= )\Vm+1(x17 s ,.%'K)

“AD 9 Vinga(z, @i, — Lmiga, . 2k) + 5 — ©)
i >0

- A Z Di Z pij (Vm+1(331, e ,l’j_l,x]‘ — 1,.73j+1, e ,(EK) +s—c— Cp) . (AS)

ix;=0 jix;>0
Therefore, (A.%8) is the Euler discretization of (A.7). Hence as At — 0, the objective function in the
exact model with Bernoulli (discretized Poisson) arrivals converges to the corresponding objective

function in the exact model with Poisson arrivals.

B Multi-Period Exact Model with Poisson Arrivals

In this section, we consider a multi-period model in the setting of the exact model with Poisson
customer arrivals (section 3.1). We assume that there are N periods in total and each period is of

length T' > 0. We introduce a discount factor p € (0,1) and a holding cost ~ > 0 per unit for each



product variant. At the end of the final period, any unsold unit will be sold at a loss ¢ — ¢g.

Proposition B.1. For anyn=1,2,..., N — 1, given any wnitial stocking x1,...,xx at the begin-

ning of the n-th period, the optimal stockings to be added to the inventory are given by

(Ynis- s Yng) =arg max_ Vyp(xi +y1,...,2x + yk;0), (B.1)
ylv"vszO
where ffn, n=12...,N —1 are defined backward recursively that satisfy the integral equations:

Vilzy, ..., cx;t) = <1 — e_)‘(T_t)) Z pi(s —¢) + (1 - e_)‘(T_t)> Z Di Z pij(s —c—c¢p)

i:x; >0 ;=0  j:z;>0
K
+ pe_)‘(T_t)V,:‘H(wl, o) — e M) Z x;h
i=1
T ~
+ Z Pi/t Ae MUY (2, w1, 2 — Loy, .. ok u)du

x>0

T
+ Z Pi Z p,'j/ /\e_A(“_t)Vn(:vl, ce Xyj—1,T5 — 1,$j+1, TR u)du,
t

wx;=0 jix;>0

(B.2)
for any x1,...,xxg € NU{0} and any 0 <t < T, where
Vi@, 2k) = yl,?l,zy%;}((zo Vn+1($1 + Y1y, Tx + YK;0), (B.3)
for any x1,...,xx € NU{0} and Vi satisfies the integral equation (2).
If we assume in Proposition that the initial stocking level at the beginning of the first period

is zero prior to making any decision, then the optimal expected profit of the firm at time zero is
given by V;*(0,0,...,0). We do not expect (13.2)-(13.3) to yield a simple closed form solution, so we
have to rely on Monte Carlo simulations or numerically solving (13.2)-(13.3) to find optimal stocking
levels.

Finally, we remark that the exact model with Bernoulli (discretized Poisson) arrivals (section A)
can be extended to the multi-period case just as in the exact model with Poisson arrivals. We omit
the details here and do not include discussions on the multi-period case for the benchmark model
(section 3.2) since closed-form solutions do not seem to be available for the multi-period benchmark

model.



C Infinite Horizon

C.1 Exact model with Poisson arrivals

In this section, we consider an infinite-horizon exact model with Poisson arrivals which is equivalent
to a multi-period model with N = oo and each period has length T" > 0. We recall that 0 < p < 1
is a discount factor so that the present value of 1 USD from the n-th period is p”~! USD and h > 0

is a holding cost per unit for each product variant.

Proposition C.1. Given any initial stocking x1,...,xx at time zero, the optimal stocking level is
given by
(yt, ... yk) =arg max  Ve(zi+y1,...,2x + YK 0), (C.1)
Y15k 20

where Va satisfies the integral equation:
Vaclon, s t) = (1= e NT0) 3™ pigs =) (1= XT0) 37 0 3 pyls — = )
;>0 wx;=0 jJix;>0

K

+ pe MOV (1 ag) — e N Z xih
i=1

T ~

+ Z pi/ )\e_)‘(u_t)Voo(:Ul, ces i1, T — Lixig, . xg u)du
t

i:x; >0

T
+ Z Di Z pij/ )\e_’\(“_t)Voo(xl,...,mj,l,a:j—1,xj+1,...,xK;u)du,
t

1x;=0 ;>0

(C.2)
for any x1,...,xx € NU{0} and any 0 <t < T, where VX satisfies
Vi(zy,...,xx) = max  Ve(zi+y1,...,2x + YK 0), (C.3)
Y1, YK 20
for any x1,...,xx € NU{0}.
It follows from Proposition that given the initial stocking levels x1,...,xx, the optimal
expected profit for the firm at time zero is given by VX (x1,...,zx) defined in (C.3). In particular,

if the stocking level is zero prior to making any decision about the initial stocking level at the
beginning of the first period, then the value function is given by V% (0,0, ...,0). We do not expect
(C.2)-(C.3) to yield a simple closed form solution, so we have to rely on Monte Carlo simulations

or numerically solving (C'.2)-(C.3) to find optimal stocking levels.



Finally, we remark that we can extend the exact model with Bernoulli (discretized Poisson)
arrivals to the infinite-horizon case just as in the exact model with Poisson arrivals. We omit the

details here.

C.2 Benchmark model

We consider the same problem as in the previous section, but for the benchmark model setting
(section 3.2). At time zero, assume that there is a given inventory (ay,...,ax) where ay,...,ax >0
prior to any management decision, and let V' (aq, ..., ax) be its associated value function, that is the
expected present value of the profit of the firm over an infinite horizon given the initial inventory
(a1,...,ax) . Asin the single-period model, let us recall that the unit cost of each product variety
stocked is ¢, the selling price is s. We first consider the semi-stochastic model, whose first choice
demand for product variety i is D;, where D; = Dp;, and D is the total demand with a continuously
differentiable probability density function f(-) > 0, and the demand of product variety i from second

choice is given by >, ;(D; — ;) pji. Let us define:

K
(z1,...,7%) == arg max { —chi (C4)
1=1

T1,..., 2 >0
K
+
+ ZE sD; + (s — ¢p) Z(Dj — ;)" pji Loi>Dit s Lo (Ds—25) psi
=1 | i
« -
) ) ) N
o ZE hi| @i —Di— Z(DJ — )" i 1$1>D¢+Z#i(DrIj)+Pﬁ
i=1 | jAi
K _
+ ZE _(SD’i + (S - Cp)(xi - Di))1Di<xi<Di+2j¢i(D]’*Ij)+Pjii|
=1
K K +
+ Z]E[Sxi]‘xi<Di] + pCZE x; — D; — Z(DJ — -Tj)+pji }
i=1 i=1 i
We will show later that (z7,...,27%) is indeed an optimal base-stock policy.
Theorem C.1. For any a; < z;, 1 <i < K, we have
K
V(ay,...,ax) =V(0,...,0) +cZai,
=1
“In our model, there is no inventory prior to any management decision, and hence V(0,...,0) is the value function
we need. We introduce a more general V(az,...,ax) here only because we want to use dynamic programming.



where

K
1
V(0,...,0) = . _pth72§>0{ cz;ajl (C.5)
7
-
T Z E||sDit+(s—cp) Z(Dj — ;)" pji Lai> Dot &2 Py
=1 | i
LT
o ZE —Di— Z pﬂ 1Ii>D¢+Zj¢i(Dj*xj)+pji
i=1 L j#i
K

+ ZE |:(8D2 + (S - Cp)(xi - Di))1Di<xi<Di+Z]‘7§i(Dj*-Tj)+pjii|
=1

K K +
3 Blsnitaen) 43 E | (21— - S0, - ) }
i=1 i=1 Jj#i
and the optimal strategy is a base-stock policy (x7,...,x%).
Given a base-stock policy with base-stock levels (z1,...,zx), let R(z1,...,zx) be the expected

value (i.e. the expected present value of the profit of the firm over an infinite horizon) given that
there is zero inventory prior to any management decision at time zero and a base-stock policy
(z1,...,2K), then, we have the following result which computes R(z1,...,zx) and as a corollary
the value function equals to maximizing the expected value over all the base-stock policy and as a

result, the optimal policy is indeed a base-stock policy.

Theorem C.2.

K
1
R(.ﬁt‘l, .. ,:L'K) = ﬂ ZE sD; + (8 — Cp) Z(D] — xj)+pji 13:2>D 430,45 (Dj—x5) T pji
i=1 j#i
11—, ZE hi{wi—Di— Z ) pji Loi>Dit s, (D) i
JF
1 K
fp ZE |:(8DZ + (S - Cp)(zi - Di))1Di<xi<Di+Zj¢i(Dj—-Tj)+pji
1=1
1 K
f ZE[Sxilxi<Di]
p 1=1
p K + . X
Tz CZE —Di- Z j =) pii 1
p i=1 j#i p =



so that V(0,...,0) = maxy, . x>0 R(z1,...,2K) and

(x],...,2%) =arg max_R(xi,...,TK).
T1,...,t >0

In the next result, we solve for the optimal (x7,...,z%).

Theorem C.3. The optimal (x7,...,2}) satisfies the equations:

Gi(eT, 2k Ge(@],7)
(s—epth) [ F@dy + (s —co+ 1) Y [ paf@dy  (C6)
0+ Y e

¥
2

‘e [ fy)dy = s —c, 1<i<K,

G'L(xf77x}ﬁ{)
where G; is defined via the equations:
v =Gipi+ > _(Gipj — ;) pji, I1<i<K. (C.7)
J#i
Finally, we can extend the result in Theorem to the setting of the fully stochastic model.

Theorem C.4. The optimal (x7,...,x7}) satisfies the equations:

G i P)
/0 F)dy

*
7

Py

(s—cp+h)E

s

G@(a:’l‘,...,a:;(;P)
+(s—cp—cp~|—h)ZE ﬁ Py f(y)dy
(#i 7

Py

+¢,E fy)dy| =s—c¢, 1<i<K,

Gi(xF,...,x%P)
where the expectations are taken over P;’s and Py’s and G; = G;(-; P) emphasizes the dependence

on P;’s and Pj;’s and is defined via the equations:

x; = G P+ Z(Gin — .Tj)+Pji, 1<i<K.
J#i
Remark C.1. It follows from Theorem and the analysis in the single-period model that the
analogous results of Theorem 2 hold in the infinite horizon semi-stochastic model as well and it
follows from Theorem and the analysis in the single-period model that the analogous results of

Theorem /. and Theorem 5 hold in the infinite horizon fully stochastic model as well.



D Simulation Data Table for Figure 1 and

Number of  Demand Service Levels
Products (K) A 0.60 0.65 0.70 0.75 0.80 0.85 0.90 0.95
150 515 4.66 3.94 3.38 2.78 230 156 0.89
2 200 452 4.03 3.55 292 243 191 1.24 0.72
250 412 345 3.16 262 213 1.72 1.17 0.67

150 5.20 471 3.85 3.39 257 214 142 0.83
4 200 4.73 423 340 3.02 238 187 134 0.72
250 416 3.56 3.06 2.65 202 1.68 1.12 0.66

Table 1: Data Table Figure

Number of Demand Service Levels
Products (K) A 0.60 0.65 0.70 0.75 0.80 0.85 0.90 0.95

150 5.42 458 4.22 347 297 231 1.68 0.92
2 200 4.60 4.03 3.67 294 255 195 1.40 0.76
250 421 3.66 3.20 2.67 220 1.78 1.21 0.67

150 5.59 490 443 354 3.09 218 1.71 0.91
4 200 476 4.35 3.83 3.28 261 1.99 1.50 0.80
250 431 361 319 280 231 150 0.95 0.62

Table 2: Data Table Figure

E Technical Proofs of Results in Sections A, B and

Proof of Proposition In the sub-period [mAt, (m + 1)At], with probability p = AAt, one
customer arrives, and with probability 1 — p = 1 — AAt, no customer arrives. In no customer
arrives, nothing happens during this sub-period, and the stock carries onto the next sub-period. If
one customer arrives, the probability that this particular customer’s preferred option is item 7 is p;.
If item 4 in stock, she purchases it, and the firm registers a profit of s —c. Otherwise, she substitutes
to her second choice with probability p;; with ) i Pij < 1 if her second choice is available or she

will not purchase anything. If the second choice is available, the firm registers a profit s — ¢ — cp.

10



Therefore, we obtain the following recursion:

Vin(z1,...,2x) = (1 = AAY) Vg1 (21, - . ., 2K)

+ ()\At) Z Di (Vm+1(l’1, ey i1, T — L, . ,l’K) + s — C)

i:x; >0
+ ()\At) Z Di Z Dij (Vm+1(.’L‘1, ey L1, L5 — 1,{[,‘j+1, e ,l‘K) +s—c— Cp) .
;=0  jix;>0
Finally, notice that if we are already at the end of last sub-period, all the remaining items will be

sold to a discount store at a loss of ¢ — ¢y for each unit and that gives us

K
Vrjad(@, .. 2k) = — in(c — o).
i=1

The proof is complete. O

Proof of Proposition . Let V,(z1,...,2k;t) denote the firm’s total profit for the n-th
period given that time ¢ has passed since the start of the n-th period, where 0 < t < T, there is
an initial stocking level x1,...,zx at time ¢t. By following the result from the single period model

(Proposition 1), we have

VN (@1, 2K5t)
= <1 — e*)‘(Tft)) Z pi(s—c)+ (1 - e*A(T*t)> Z Di Z pij(s —c—cp)
i:x; >0 ;=0  j:z;>0
K
— e M=) Z z;i(c — co)
i=1
T
+ Z pi/ Ae MUV (@, w2 — 1,24, - 2 u)du
2 >0 t
T
+ Z Pi Z pij/ )\e_)‘(“_t)VN(xl,...,xj_l,mj — 1,xj+1,...,mK;u)du, (El)
t

tx;=0 ;>0

with the terminal condition Vi (z1,...,2x;T) = — Zfil x;i(c — o).

Next, consider n = 1,2,..., N — 1. Suppose at the beginning of the n-th period, stocking levels

11



are boosted by yn1,...,Ynk, Where n =1,2,...,N. Then, forany n=1,2,..., N — 1, we have

Vi(xy, ..., xK;t)

— (1 — e—’\(T_t)) Z pi(s —¢) + (1 — e_’\(T_t)) Z Di Z pij(s —c—cp)

iy >0 ;=0  j:z;>0
K
+ pei)\(Tit)Vn—‘rl(ml + Yn+1)15 - - y TR+ Yn+1)K 0) - ei)\(Tit) Z xzh
i=1
T
+ Z Pi/ Ae MOV, (g, sy, — 1w, - 2 u)du
;>0 t
T
+ Z Di Z pij/ )\e_)‘(“_t)Vn(xl, oo,y — Lxig, .. o u)du. (E.2)
t

;=0  j:z;>0

The result (12.2) essentially follows from the proof of Proposition | and the only part unique
here is the term pe 7=V, (2, + Yt D)1+ TK + Y k3 0) — e MT-1) Zfil x;h, which is
obtained by considering the event that no customer arrives in the n-th period which occurs with
the probability e T~ and then V,, (21 + Yn+1)1s - > TK +Yme1)k; 0) gives the expected profit
at the beginning of the (n + 1)-th period with the stocking levels increased by Ymt1)ls - - s Yt 1)K
and —e MT—1) Zfi 1 T;h computes the holding cost at the end of the n-th period if nothing is sold
during the n-th period, and finally the factor p is used the discount the value from the (n + 1)-th

period to the n-th period.

Next, we consider the optimal stocking levels y;, ...,y ; for every n =1,2,..., N. Given any
initial stocking x1,...,xx at the beginning of the N-th period, we have
(YN UNk) = arg max V(a1 +y1,..., 0k +yK;0), (E-3)

and we define

Vy(z1,...,zx) =  max Vn(z1+y1,..., 2 + yx;0). (E.4)
Moreover, for any n =1,2,..., N — 1, given any initial stocking x1,...,xx at the beginning of the
n-th period we have

(Yo Vo) = g max Vo +y1, i + i 0), (E.5)

12



and

Vi(x1,...,2x) = max Vi(x1+y1,...,2x +yi;0), (E.6)

Y1, YK

where V,, satisfies the integral equation:
Vi1, ..., xx;t) = (1 - e*/\(T*t)> Z pi(s —c) + (1 - ef)‘(Tft)> Z Di Z pij(s —c—cp)
i >0 tx;=0 ;>0

K

+ pe_)‘(T_t)V,fH(a:l, Ce TR — e~ MT—1) Z zih
i=1

T ~

+ Z pi/ )\e*)‘(“*t)Vn(xl, cey Tim1, @ — L, . 2R w)du
i:x; >0 ¢

T
+ Z Di Z pij/ )\efA(uit)Vn(xl, ceey X1, T — 1,37j+1, e TR u)du,
t

ix;=0  jix;>0

(E.7)
and Vi := Vi which is defined in (12.1). O
Proof of Proposition . The infinite-horizon model can be viewed as a multi-period model

with N = oo and each period has length T" > 0. Therefore, the result can be obtained following
similar argument as in the proof of Proposition and hence the proof is omitted here. O

Proof of Theorem . We shall first prove that there exists an optimal base-stock pol-
icy; then, we shall restrict ourselves to the class of base-stock policies (z1,...,2x) and optimize
over (x1,...,2k) to find the optimal base-stock levels (z7,...,z} ). At time zero, if there is a
given inventory (ai,...,ax) prior to any management decision, where aq,...,ax > 0, then recall

that V(ai,...,ax) is the associated value function. Using the Bellman recursion from dynamic

13



programming, we have

Viay,...,ak) (E.8)

K
= max { —cZyi

Y150y r >0

K
+ ZE sDi + (s — ¢p) Z(Dj —aj —y;) i 1ai+yi>Di+Zj¢i(Dj_aj_yj)+pji
i=1

i
K
=D E|h{ai+yi—Di=) (Di—a;— )" Pji | LaitysDit S, (D3 —as—u s
i=1 i
K
+) E [(SDi + (5 = )@ + Yi = Di))1p,<aity<Di+ 5, L (Dj—as—y;) psi
=1

K
-+ Z E[s(ai + yi>1a¢+y¢<Di]

i=1
+
+ PEV< ar+y1—Di— Y (Dj—aj—y) pn |
71
+
ce aK+yK_DK_Z(Dj_aj_yj)+ij >}
7K

We claim that

K
V(al,...,aK):V(O,...,0)+cZai, (E.9)

=1

where V(0,...,0) has an expression given in equation (C'.5).
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Plugging equation (12.9) into equation (1°.8), we obtain

K
V(0,...,0)+¢cY a
i=1
K
= max —c
Y1 e >0 { ;y’
K
+ ZE sDi + (s — ¢p) Z(Dj —aj = y;) i Loityi> Dit 50,0 (Ds—a5—y) t o5
i=1 J#i
- ZE h|yi—Di— Z ) pji LysDit 540D —u) oy

J#i

+ Z E [(SDi + (s —ep)(ai +yi — Dz’))1Di<ai+yi<Di+z#i(Dj—aj—yj)+pj@}
=1

K
+ Z Els(a; + i) la;+y;<D;)
i=1
+

K
—i—pCZE a; +yi — Di — Z pjl +pV(0,...,O)},
i=1 j#i

which is equivalent to

! {—czaﬁyz)

1_ [XRES) >0
Py yK i1

+ ZE sDi + (s — ¢p) Z(Dj —a; = Y5) " Pji | Loty T2 %(Di—aj—y;)tpji
' JF

—ZE B wi=Di= > (Di =) pji | LysDiasS, (D4 o
JFi

+ Z]E |:(SD74 + (8 - Cp)(a’i + yl - Dl))1Dz<az+yl<Dz+2J¢l(D]—aJ—yj)erﬂ}

i=1
K K +

+ Z E[s(a; + yi)lai+yi<Di] + PCZ E a; +yi — D; — Z p_]l }
i=1 i=1 jF#i
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K
(z1,...,7%) = arg max —CE x;
i=1

Z1,0,T K >0
v T
+ ZE sD; + (s — ¢p) Z(Dj — ;)" pji Loi> Dot s (Ds—25) psi
=1 | J#
v T
— Z E - D; — Z ) pji Lois Dot s, Lo (Ds—25) psi
=1 | J#i
K _
+ Z E |(sD;+ (s — ¢p)(z; — Di))1Di<x¢<Di+Z#i(Da’*%‘Vsz’]
i=1
K K "
+ZE[5$i1xi<Di] +PCZE —Di - Z ) pii }
i=1 =1 J#
Then, for any a; < 27, 1 <7 < K, we have
. K
eoT
+ D E || sDit (s =) Y (D = 25) pji | Loiopisss, L (0y—ep) oy
=1 | J#
e T
— Z E —D; — Z p]Z 11i>Di+Zj;ﬁi(Dj_mj)+pji
i=1 | J#i
K
+> E [(SDz‘ + (s — cp) (@i — Dz‘))1Di<m,-<Di+Z#i(Dj—acj)+pﬂ}
i=1
K K "
+ZE[3xi1xi<Di] —i—pCZE - D; — Z pjl }:
i—1 i=1 JF#i

which is exactly the expression in equation (C'.5). The proof is complete.
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Proof of Theorem . Using a base-stock policy (z1,...,zx), we have
K
R(z1,...,2K) = chxi + ZIE sD; + (s —¢p) Z(Dj —zj)pji Lo Dits, Lo (Dj=a5) s
= = J#

—ZE hlxz,—D; — Z —-CU] sz‘ 191:%>D +22,2i(Dj—z)Tpji
JFi

L3 5Dy + (5 = ) (@i = D)1 p, oDt 1Dy 02
=1

+ZE5$1 2;<D; —chE min § x;, D; +Z p]z

J#i
+p (R(£B1,...,ZCK) —i—czxi) ;
i=1
which implies that
| XK
R(z1,...,0K) = 1-p Z;E sDi + (s — ¢p) ;(Dj — ) Dji | LaisDit s, i (Dy—ay) s
i= JF#i
- ZE hi|@i—Di— Z ) pji 1$i>Di+2j¢i(Drzj)+Pﬁ
JF
1
1 - Z ]E |: S‘D + (8 - cp)(x Di))1Di<zi<Di+Zj¢i(Dj—$j)+pji:|
=1
| K
f ZE[SxileDi]
Pi=
p K + . K
T S ]| R I ol e
i=1 j#i 1=1
Therefore, by comparing with equation (C'.5), we get
V(0,0,...,0) = max R(z1,...,2ZK), (E.10)
x1,...,t >0
and by comparing with equation (C'.1), we get
(x],...,2K) =arg max_R(xi,...,TK). (E.11)

T1,...,t >0
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The proof is complete. O

Proof of Theorem . We can rewrite R(z1,...,xx) as
R(.Tl, ,.’L'K)
| X
=15 STE || s(Di— i)+ (s —¢p) Y _(Dj —5) pji Lo> Dt s, Lo (Dy—a;) tpy
P i
ZE hi| @i —Di— Z )i 1xi>Di+2j7ﬁi(Dj—xj)+pji
J#i
ZE ((5(Di = i) + (5 = &) (@ = D)1y, <Dis S 1Dy |
s K
S
1=-ri=
p &
_ chE —Di— Z ) "D 1zi>Di+2j;ﬁi(Dj_x]')+p]'i ’
1=1 J#i

which is equivalent to

K
s—cp+h
R(z1,...,2K) = ﬁ ZE [(Dz - ‘ri)]'l‘i>Di+Zj¢i(Dj_-Tj)+pji
i=1
—cp+h
+ ZE Z J xj)+pji11‘i>Di+Zj¢i(Dj_m]')+p]'i
=1 j#i
e X s—c
+ 1 fp ZE [(Dz - ‘,Ei)1Di<$i<Di+Zj¢i(Dj—$j)+pjij| + 1—p sz
i=1 i=1

Let us recall that under our assumptions, D; = Dp;, 1 < i < K, and f(-) is the probability

density function of demand D, which is assumed to be continuously differentiable. Then the
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objection function R(z1,...,xx) becomes:
5 — cp +h
R(z1,...,o5) = ZE { (Dpi = 1) Lais Dprt S, (Dpy—))* (E.12)

s—cp,—cp+h
+ I;fp Z E Z(Dpj - xj)+pji . 1mi>Dpi+Z#i(Dpj_xj)+p].i
i=1 | j#

K K
C Z sS—2¢C
i=1 =1

s—cp+h K /
L—=p i1 JTi>upit 32 (ypj—%5) T pji

(ypi — x4) f(y)dy

K
s—c,—cp+h
. > (i — =) psif (y)dy

I=p i=1 /afi>ypi+2j¢¢(ypj—xj)+m i

K
S—C
- / (ypi = xS (W)dy + 37— > .
=PI Yypi<ai<ypi+3 i (ypi—a) i TP

Define G;(x1,...,zx) as the value of y such that

v =ypi+ Y (up; — ;) pji. (E.13)
J#
Then, we have
s—cp+h i(@1,0
Riar,...,ax) = =20 Z / (s — 2 Fw)y (E14)
s—cp—cp+h i(@152
+—r— P Z/ > (pj — i) pjif ()
Jj#i
c o s
§ / (upi — ) F )y + 2
L—=p ; Gi(z1,7K) 1- 121
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which implies that

OR s—cp+h Gi(z1,..,TK)
dx; 1_[)/0 fy)dy

S—Cp—l—h K aGg
]‘—p — Oxz

(Ge(x1, ..y zr)pe — z0) f(Ge(x1, ... TK))

K
s ety 06

1—p 2« oa, (Gelzy, .. xi)pe — 20) f(Gelan, . .., 2K))

S—cp,—cp+h Ge(z1, 57K ) c o
A / picf )y — 2 F)dy
P oz P JGi(w1, . xK)
K
Cp 0Gy s—c
_ Gz, ..., — Ge(z,. .., +
- 2 oa, (Gelzr,- . 2x)pe — 2 f(Ge(21, - 2K)) + 7 ;
s—cp+h Gi(x1,.TK ) s—cp,—cp+h Ge(z1,.7K)
—-=eet | fydy - == LTS [ pief (y)dy
L=p Jo L—p )
c - s—c
-2 Flyydy + =<,
L=pJai@,ar) L=p
Finally, let us show that the optimal (7, ...,z ) satisfies the first-order condition. Given any
xj, j # 1, we can compute that
OR —
=275, (E.15)
Oxi|, g 1—p
since GG; = 0 when x; = 0. Moreover, as x; — oo, G; — oo and thus
OR — h — h
_ fmewhysme 0 b oy, (E.16)
0T; | oo 1—p 1—p 1—0p
and hence the optimal z} € (0,00), and the optimal (z7, ..., 2} ) satisfies the first-order condition
gTZ- (@1, wr)=(zt,.a%) = 0, 1 <4 < K, which gives equation (C.6). The proof is complete. O
Proof of Theorem . The proof is similar to Theorem , hence omitted. ]
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