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Abstract 
 
We develop a class of random utility models, in which representative utility is a function of assortment properties, in 
addition to item and user attributes. This work captures the impact of assortment size (called cardinality context-effect) 
on customer selection/rejection when similarity based effects already exist. An extension of the existing Nested Logit 
(NLM) model is developed and is called the NLM-CE (cardinality-effects) that captures the interaction between 
similarity and cardinality context-effects for customer selection/rejection behavior. Properties of this model are proved 
and compared to existing models. Assortment optimization problem under this model is found to be NP-Hard.  
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1. Introduction and Literature Review 
A well-known limitation of MNL (Multinomial Logit) is the property of IIA (Independence from irrelevant 
alternatives). The nested logit model (NLM) is one of the most widely used extension of MNL that addresses the issue 
of IIA and can be derived from the GEV (Generalized Extreme Value) model proposed by [1]. The assortment 
optimization problem becomes more complex when the underlying choice model is NLM (or any of its variants). The 
work by [2] considers the assortment optimization problem with the underlying user choice model being a two nest 
NLM. The work in [3] considers a multiple-nest structure and aims to find an optimal assortment (maximize revenue) 
with different levels of two model parameters (dissimilarity parameter and no-choice preference within-nest). It is 
found that the problem is polynomially solvable only when either the dissimilarity parameter for all nests are less than 
one or the user always makes a purchase after selecting a nest. In [4] structural properties of the problem (under two 
nests) are explored and used to develop a greedy algorithm that returns an optimal solution. The assortment 
optimization problem under variants of the NLM under d-levels is investigated in [5]. All of the above cited work 
ignores the impact of cardinality effects. An exception is the work in [6] that provides an extension of MNL to 
incorporate cardinality effects. One of the gaps in the existing literature is to capture the impact of the interaction 
between assortment size and similarity effects in a random utility framework. The existence of this interaction effect 
has been revealed in empirical studies like [7,8], i.e., as the number of items increases, the likelihood of a user not 
selecting anything increases. Similarity amongst items has a moderating impact on this cardinality effect. However, 
this interaction has been ignored in the literature. We formulate an extension of the nested logit model (NLM), which 
already incorporates similarity based effects and is used to model choice when the set of items can be partitioned into 
subsets [9].  The contribution of this work is to explicitly model the interaction between cardinality and similarity 
effects within the random utility framework and use it to model choice in an assortment optimization problem.  
 
2. The NLM-CE Model 
In this section we capture both cardinality effects and similarity based context-effects using a nest structure. This 
new model, named NLM-CE, redefines representative utility (to perceived representative utility) by capturing the 
trade-off between preference weight and assortment cardinality after a threshold.  We define overall utility (𝑈"(𝑆)) 
in terms of ‘perceived representative utility’ (𝑉"(𝑆)) given as:	𝑉"(𝑆) = 𝑉" − 𝑡+; 𝑡+ = ,-																						".	/0123(/042)							".	/052

6. 
Here a cardinality element, 𝑡+, specifies the ‘cardinality context-effect’ of assortment S, on item 𝑖; 𝐶+ is the 
cardinality of the assortment 𝑆, and 𝛼 is an environmental parameter that controls the magnitude of the cardinality 
effect. The negative sign with the cardinality element 𝑡+ represents the notion of reduced perceived representative 
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utility as seen by a user when the item is offered in a large assortment.   Threshold parameter 𝑧 is an input parameter 
with a finite value greater than zero that designates when information overload effects occur.  We consider no-
choice probability within-nest as positive and assume amongst-nest no-choice probability to be zero (𝑣- = 0). We 
incorporate cardinality context effects by re-defining overall utility (𝑈"(𝑆)) in terms of ‘perceived representative 
utility’ (𝑉"(𝑆)). NLM-CE conforms to the assumptions of NLM for the random component term (ε?). Therefore, the 
choice probability of selecting item 𝑖 ∈ 𝐵B	when assortment S is offered under NLM-CE is therefore represented as 
(For a complete proof see [9] [10]and [3]): 

																																																𝑃"DEF4/G(𝑆, 𝐵B) =
I
	JK(0)
λL ((∑ IJN(0)/λLPQLRN∈SL )λLTU)

V∑ W∑ I
JX(0)
λY PQYRX∈SY Z

λY
[
Y\U ]

∀		𝑖 ∈ 𝐵B, ∀	𝑘 ∈ 𝐾,∀𝑆 ⊆ 𝐼                  (1) 

The preference weight of item 𝑖 selected from nest 𝑘	in assortment S is denoted by 𝑣B"+  = 𝑒
JK(0)
λL , and is a function of 

perceived representative utility 𝑉"(𝑆) and dissimilarity parameter λB. 𝑣B- is the preference weight of the no-choice 
option in nest 𝑘. We define the sum of preference weights within each nest 𝑘 for assortment S when cardinality 
effects exists as 𝑊+(𝐵B) = ∑ 𝑒(	eN43(/042))/λL + 𝑣B-g∈hL . Therefore, no-choice probability under NLM-CE for 
assortment S is given by: 

																																																						𝑃-DEF4/G(𝑆) =
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∀𝑆 ⊆ 𝐼                                           (2) 

From equation (2), cardinality context-effect is modeled when assortment cardinality 𝐶+ is above the threshold value 
𝑧. An extreme case is when z =0, which models cardinality context-effect exists under all assortment sizes. When 
z→ ∞, i.e the assortment 𝑆 has negligible cardinality context effect, the model reduces to the standard NLM. 
Similarity effects already exist for NLM, therefore a combination of similarity and cardinality is explored in NLM-
CE.  As shown in Theorem 1, for NLM-CE, increased assortment depth does not always lead to a monotonic 
decrease in no-choice probability (unlike the NLM under which there is a monotonic decrease). 
Theorem 1: Let assortment 𝑆 have n additional items than assortment 𝑆wP	𝑎𝑛𝑑	𝑆 ⊂ 	𝑆wP ⊂ 𝐼.		 Let 
𝑀},𝑀~ …𝑀w,		represent the n items such that 𝑆wP ={𝑆 ∪𝑀} ∪ 𝑀~ ∪…∪𝑀w}. The n items are added to any existing 
nest in assortment S (i.e., no new nests are formed).  When a user selects under NLM-CE and the cardinality of S is 
greater than or equal to the threshold value z, then the following relationship for choice deferral exists∶
𝑃-DEF4/G(𝑆) ≤ 	𝑃-DEF4/G(𝑆wP) if at least one of the following 3 conditions between S and 𝑆wP hold true. (The sum 
of preference weights for the assortment S and 𝑆wP are defined as 𝑊+(𝐵�) = ∑ 𝑒(	eN43(/042))/λY + 𝑣�-+g∈hY ; and 

𝑊+��(𝐵�) = ∑ 𝑒(	eN43,/0��426)/λY + 𝑣�-+
��

g∈hY , respectively.  Also, we denote the sum of preference weights of each 
added item set within nest k by 𝑇B  such that one or more items can be added to each nest. 

Condition 1:	∑ 𝑒
3w

�Y��
��}  > ∑ (m0��(hY))UT�Y

[
Y\U
∑ (m0(hY))

UT�Y[
Y\U

                          

Condition2:∑ 𝑣�- �𝑒
3w

�Y� (𝑊+��(𝐵�))�Y4} − (𝑊+(𝐵�))�Y4}� ≥ ∑ (𝑊+��(𝐵�))�Y − (𝑊+(𝐵�))�Y�
��}

�
��}  

Condition 3: ∑ (𝑊+(𝐵�))�Y ≥ ∑ (𝑊+��(𝐵�))�Y�
��}

�
��}  

Proof: 1. Expanding equation (2) when 𝐶+ > 𝑧, for 	𝑃-DEF4/G(𝑆) and 𝑃-DEF4/G(𝑆wP): 

	𝑃-DEF4/G(𝑆) =
𝑣}-(𝐿} + 𝑣}-)�U4} + 𝑣~-(𝐿~ + 𝑣~-)��4} + ⋯𝑣B-(𝐿B + 𝑣B-)�L4}

(𝐿} + 𝑣}-)�U + (𝐿~ + 𝑣~-)�� +⋯ (𝐿B + 𝑣B-)�L
 

 

																																		𝑃-DEF4/G(𝑆wP) =
𝑣}-(𝐿} + 𝑇} + 𝑣}-)�U4} + 𝑣~-(𝐿~ + 𝑇~ + 𝑣~-)��4} +⋯𝑣B-(𝐿B + 𝑇B + 𝑣B-)�L4}

(𝐿} + 𝑇} + 𝑣}-)�U + (𝐿~ + 𝑇~ + 𝑣~-)�� +⋯ (𝐿B + 𝑇~ + 𝑣B-)�L
 

              Where 𝐿B = ∑ 𝑒(	eN43(/042))/λLg∈hL   
2. From definitions of 	𝑃-DEF4/G(𝑆)	and 𝑃-DEF4/G(𝑆wP) in step 1, adding items (increasing depth) to one or 
more nests results in the following: 

a) The preference weight of the no-choice alternative in each nest l, 𝑣�-+
�� = 𝑣�-+ 𝑒

3w
�Y� 	,  increases with assortment 

depth n because  𝛼 > 0,	 𝑣�- > 0, 𝑎𝑛𝑑	0	 < 𝜆� ≤ 1	 
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b) New items added to existing nests have non-negative preference weights because 𝑣B"+  = 𝑒
JK(0)
λL , 𝑉"(𝑆) > 0, 𝜆B > 0.		 

However, when 𝐶+ ≥ 𝑧,  NLM-CE’s cardinality element,	𝑡+	, reduces the representative utility of every item in the 
assortment. As a result, the total preference weight of each nest may increase or decrease when n items are added.   
c) Based on the observations in 2a & 2b, after n items are added to the assortment we can have: 
The difference in magnitude of the numerators of 	𝑃-DEF4/G(𝑆) and 	𝑃-DEF4/G(𝑆wP) given in step 1 above is positive, 

i.e. 𝑣}-𝑒
3w

�U� ,𝐿} + 𝑇} + 𝑣}-𝑒
3w

�U� 6
�U4}

+ 𝑣~-𝑒
3w

��� ,𝐿~ + 𝑇~ + 𝑣~-𝑒
3w

��� 6
��4}

+ ⋯𝑣B-𝑒
3w

�L� ,𝐿B + 𝑇B +

𝑣B-𝑒
3w

�L� 6
�L4}

− 𝑣}-(𝐿} + 𝑣}-)�U4} + 𝑣~-(𝐿~ + 𝑣~-)��4} + ⋯𝑣B-(𝐿B + 𝑣B-)�L4} ≥

0. Or	by	algebra:	∑ 𝑣�-{𝑒
3w
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	 Rearranging terms, we get ∑ 𝑒
3w
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[
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 which is condition 1. The increase in the magnitude of 

the numerators of 	𝑃-DEF4/G(𝑆) and 	𝑃-DEF4/G(𝑆wP) in step 1 is greater than the increase in the magnitude of the 
denominators, i.e. 𝑣}-𝑒

3w
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(𝐿~ + 𝑣~-)�� +⋯(𝐿B + 𝑣B-)�L]. By algebra and re-arranging terms we get: 	
∑ 𝑣�- �𝑒

3w
�Y� (𝑊+��(𝐵�))�Y4} − (𝑊+(𝐵�))�Y4}� ≥ ∑ (𝑊+��(𝐵�))�Y − (𝑊+(𝐵�))�Y�

��}
�
��} , which is condition 2. 

Due to the increasing cardinality element and decreasing item utilities the magnitude of the denominators 
for	𝑃-DEF4/G(𝑆) and 	𝑃-DEF4/G(𝑆wP) in step 1 decreases with increased assortment depth n i.e. (𝐿} + 𝑇} +

𝑣}-𝑒
3w

�U� )�U + (𝐿~ + 𝑇~ + 𝑣~-𝑒
3w

��� )�� +⋯,𝐿B + 𝑇~ + 𝑣B-𝑒
3w

�L� 6
�L
	≤ (𝐿} + 𝑣}-)�U + (𝐿~ + 𝑣~-)�� +

⋯(𝐿B + 𝑣B-)�L or by algebra we have ∑ (𝑊+(𝐵�))�Y ≥ ∑ (𝑊+��(𝐵�))�Y�
��}

�
��} , which is condition 3. 

When assortment depth increases, these three conditions guarantee either an increasing numerator, a decreasing 
denominator or both in the no-choice probability given in (5), resulting in 𝑃-DEF4/G(𝑆) ≤ 	𝑃-DEF4/G(𝑆wP).    
End proof. 
Under NLM-CE, no-choice probability is affected by the value of the nest’s dissimilarity parameter λ𝒌, the 
cardinality parameter 𝜶, and the sum of the preference weights for items existing in the nests. The change in no-
choice probability when items of equal preference weight are added to a nest with high within-nest similarity versus 
to a nest with low within-nest similarity are explored in Theorem 2.  
Theorem 2: If k candidate items with equal preference weights exist each for k different nests all having equal 
initial sum of preference weights, and only one item needs to be added to the assortment S, then both under NLM 
and NLM-CE adding it to the nest with highest dissimilarity parameter minimizes no choice probability.  
Proof: If the preference weights of the items to be added to the assortment are equal 𝒗𝟏 = 𝒗𝟐 =…𝒗𝒌 then it follows 

that the representative utilities are related as 𝑽𝟏 < 𝑽𝟐 < ⋯	𝑽𝒌 when 𝝀𝟏 < 𝝀𝟐 < ⋯𝝀𝒌 because 	𝒆
𝑽𝟏(𝑺)
𝝀𝟏  =𝒆

𝑽𝟐(𝑺)
𝝀𝟐  

=…𝒆
𝑽𝒌(𝑺)
𝝀𝒌  Then from equation (3) for NLM-CE, if the same preference weight is added to a given assortment in 

different nests, we will have the following values for choice probabilities (For analysis purpose we assume that the 
preference weights of the items already present in each nest are denoted by 𝑳𝟏, 𝑳𝟐 … 𝑳𝒌 for different nests and the 
initial assortment is S and only one item is added to a different nest for each of the cases): 
																																					𝑷𝟏𝑵𝑳𝑴4𝑪𝑬(𝑺𝟏P, 𝑩𝟏) =

𝒗𝟏

r𝒗𝟏P𝒗𝟏𝟎𝒆
𝜶
𝝀𝟏� P𝑳𝟏sP⋯²𝒗𝟏𝟎𝒆

𝜶
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𝝀𝒌
∗r𝒗𝟏P𝒗𝟏𝟎𝒆
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𝝀𝟏� P𝑳𝟏s

𝟏T𝝀𝟏
    

And so on: 
																																					𝑷𝒌𝑵𝑳𝑴4𝑪𝑬(𝑺𝟏P, 𝑩𝒌) =

𝒗𝒌
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𝜶
𝝀𝟏� P𝑳𝟏s
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𝜶
𝝀𝒌� P𝑳𝒌)𝟏T𝝀𝒌P⋯P²𝒗𝒌P𝒗𝒌𝟎𝒆

𝜶
𝝀𝒌� P𝑳𝒌³

    

The denominator for the above set of equations is largest for a lower dissimilarity parameter because 𝝀𝟏 < 𝝀𝟐 <
⋯𝝀𝒌, so from the probability equations above it implies that 𝑷𝟏 < 𝑷𝟐 < ⋯𝑷𝒌. This leads to the conclusion that no-
choice (see equation (5)) will decrease most when the item is added to nest k, which has the highest dissimilarity 
parameter.  End Proof. 
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Theorem 2 proves that when preference weights of the items to be added to different nests are equal, it is beneficial 
to offer an item with a higher dissimilarity value. NLM-CE is able to capture no choice behavior when similarity 
effects are combined with cardinality impacts that are in line with existing empirical research [7, 11–14]. Therefore, 
the effect of varying preference weights for each nest, as well as of the existing items in the assortment play an 
important role in determining choice probabilities (and hence no-choice probability).  
 
  4. Numerical Experiments comparing NLM and NLM-CE 
We conduct numerical experiments to provide insights on the variability of no-choice probability and compare the 
existing model (NLM) with the new models developed in this work (NLM-CE). Preference weights are generated 
for 100 items sampled from a normal distribution with mean 2 and standard deviation 0.5. For NLM-CE initial 
within-nest no-choice 𝑣B- is assumed to be 1 for all nests k. Items, ranked from high to low preference weights, are 
added one-at-a-time to assortments. We calculate no-choice probabilities considering assortments of size 1 to 100. 
This process is repeated for 10 iterations and an average value for no-choice probability is reported and used for 
plotting.  Three values of cardinality context parameter 𝛼 are considered: High 𝛼 =0.100; Medium 𝛼 =0.010; and 
Low 𝛼 =0.001.  The threshold value for cardinality effects is set at 𝑧 = 10. Here we compare NLM and NLM-CE 
under a two nest structure. We are interested in the impact of adding more similar items versus less similar items on 
no-choice probability. To do so, the dissimilarity parameters are set at 𝜆} = 0.2	(More	similar) and 𝜆~ =
0.9	(Less	Similar) for Nest 1 and Nest 2, respectively. Figure 1 presents no-choice probability results for two 
instances.  Instance 1 adds all items to Nest 1 only, which represents when only similar items are added to the 
assortment.  Instance 2 adds all items to Nest 2 only, which represents when only dissimilar items are added to the 
assortment.  The preference weights of added items are the same for both instances.  

	 	
Figure 1: Comparing cardinality effects when only similar (left -Instance 1) vs. only dissimilar items (right- 

Instance 2) are added under a two nest structure 
For NLM there is a monotonic decrease in no-choice (which is higher for dissimilar items as compared to similar 
items). For NLM-CE we observe the following: 

1) If either one or more conditions of Theorem 1 holds, no-choice begins to increase. For a higher alpha value 
(cardinality effects), inflection for the no-choice curve occurs much before it does for lower alpha for the 
same preference weights. 𝛼 values impact no-choice behavior.  The smallest assortment size when at least 
one of the conditions in Theorem 1 holds dictates when no-choice probability will increase under NLM-
CE. When items are added to the similar nest with 𝛼 = 0.1 the inflection point occurs at item 11. At this 
point, Theorem 1 condition 2 holds, while conditions 1 and 3 do not hold.   When 𝛼 = 0.001, the inflection 
point occurs at item number 99, and all three conditions from Theorem 1 hold. When all items are added to 
the dissimilar nest (Instance 2) at 𝛼=0.01, no-choice starts to increase at item number 83 where all three 
conditions of Theorem 1 hold. This is an environment in which the attraction level of the assortment (sum 
of preference weights) is higher than compared to the low cardinality context-effects. 

2) Similarity plays a moderating role in the trade-off between cardinality and attraction (sum of preference 
weights of alternatives). Attraction due to high preference weight is lower for items in nests with small 
𝜆�	values and higher in nests with large 𝜆�	values. In a two nest structure, a similar item increases no-choice 
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probability more than a dissimilar item (with equal preference weight) under cardinality context-effects as 
modeled using NLM-CE. The inflection point occurs much later when dissimilar items are added rather 
than similar items. In NLM a lower decrease and in NLM-CE, a greater increase in no-choice probability 
is captured when more similar items than dissimilar are added. 

3) When items with equal preference weights are added to a nest with higher dissimilarity parameter, no-
choice probability values are always lower than compared to a nest with low dissimilarity parameter. We 
explore NLM-CE with a fixed 𝛼 = 0.1 for 4 instances in which 𝜆} and 𝜆~ values are varied for Nest 1 and 
Nest 2, respectively.  From this analysis, the difference in no-choice diminishes as the difference in 
dissimilarity parameter values reduce.  For example, when 𝜆} = 𝜆~,  NLM-CE reduces to MNL. 

When the ranked list of items are added to Nest 1 and Nest 2 alternatively with	𝜆}=0.2 and 𝜆~=0.1 and 𝛼 = 0.01 
(Figure 2) when items are added to multiple nests in NLM-CE, the no-choice probability curve is not convex (under 
NLM it is convex), which makes determining a global minima difficult. 

 

Figure 2: Comparing cardinality effects for 𝜶 = 𝟎. 𝟎𝟏 (in NLM-CE) with NLM as an equal number of 
items are added alternatively 

5. Assortment Optimization under NLM-CE Model with Equal Profit Margins 
In this section our objective is to study the optimal assortment under NLM and NLM-CE. The objective function of 
the assortment optimization problem is to maximize expected profits over all nests, 
as		𝑚𝑎𝑥(hU,h�,…h[):hY∈+,"∈hY𝛱(𝐵}, 𝐵~,…𝐵�)	where 𝛱(𝐵}, 𝐵~,…𝐵�) = ∑ ∑ 	𝜋"(𝐵�, 𝑆)"∈hY

�
��}  and expected profit 

	𝜋"(𝐵B,𝑆) = (𝑟" − 𝑐")𝑃"(𝐵B,𝑆) − 𝐶(𝑃"(𝐵B, 𝑆))   ∀		𝑖 ∈ 𝐵B, ∀	𝑘 ∈ 𝐾,∀𝑆 ⊆ 𝐼. Where, 𝑟"	is	the	selling	price	of	item	𝑖, 
𝑐" is the purchasing cost of item 𝑖, 𝑃"(𝑆) is the probability of selection of item i  given assortment 𝑆, and C(.) is the 
operating costs. We tailor the objective to the needs of an online retailer such that the anticipated profit is assumed 
to be equal for each item and operating costs are not a function of the assortment recommended. An example of such 
a scenario is a movie recommender system with each genre representing a separate nest. Under these assumptions, 
the optimization problem reduces to:	𝑚𝑖𝑛(hU,h�,…h[):hY∈+𝑃-(𝑆) ∀𝑆 ⊆ 𝐼                                                                      (5)                                                                  
To analyze the impact of cardinality context-effect under existing similarity, our focus is on scenarios when within-
nest no-choice is greater than zero and between-nests no-choice does not exist.  
Theorem 3: For a finite within-nest no-choice preference weight and a zero amongst-nest no-choice preference 
weight, and with every item providing equal profit and incurring operating costs independent of the assortment, if the 
user selects under NLM, a deeper assortment is always better.  
Lemma 1: For any assortment 𝑆 = 𝐵} ∪ 𝐵~ ∪ …𝐵�  a set of items should be added to one or more nests only to 
achieve a smaller value of no-choice probability for 𝑆. 
Proof: Based on the fact that a monotonic decrease in no-choice probability occurs with NLM [10] within-nest depth 
increases.  Thus, Lemma 1 always holds true and a deeper assortment is always better.        
End Proof. 
Theorem 4: For a finite within-nest no-choice preference weight and a zero amongst-nest no-choice preference 
weight and with every item providing equal profit, incurring operating costs independent of the assortment, if the user 
selects under NLM-CE, a deeper assortment is not always better.  
Proof: The proof follows from Theorem 1 i.e. if at least one of the three conditions in Theorem 1 hold true then 
Lemma 1 is violated. As a result, increasing assortment depth will not always improve the objective function in (5). 
A deeper assortment is therefore, not always better under NLM-CE.   End Proof. 
Theorem 5: Under NLM-CE, the assortment optimization problem is NP-hard.  
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Proof: It has been proved that the assortment optimization problem under NLM is NP-hard when the preference 
weight of  no-choice within nest is positive (See [3]). The assortment optimization problem under NLM-CE results 
in the preference weight of all items in nest 𝑘 to be 𝑊+(𝐵B) = ∑ 𝑒(	eN43(/042))/λL + 𝑣B-g∈hL . With different values 
of 𝐶Ê (assortment cardinality), there are different values of 𝑊+(𝐵B). In addition, the expected profit from nest k, 
𝑅(𝐵B), is also a function of assortment cardinality because of the underlying probability of selection associated with 
it (𝑖. 𝑒	𝑅(	𝑆, 𝑣) =	∑ (𝑟")"∈hL 𝑃"DEF4/G(𝑆, 𝐵B)). Let G1 denote the assortment optimization problem under NLM, and 
G2 denote the assortment optimization problem under NLM-CE.  G1 can be reduced to G2 if there is only one 
assortment S.  This results in the preference weight of all items in nest k, 𝑊+(𝐵B), and the expected profit from nest 
k, to not be independent of assortment cardinality.    In addition, the preference weight of no-choice within nest is 
always positive in NLM-CE; i.e. 𝑣B- > 0. Preference weight of the no-choice option (𝑣�-) within nest is an 
increasing function in assortment cardinality.  Let 𝑓� be a function such that it defines the preference weight of no-
choice for nest 𝑙 , 𝑓�=𝑣�-. Under NLM-CE, if 𝐶+ − 𝑧 = 𝑗Ê (where 𝑗Ê > 0) items are added to assortment 𝑆	then 

𝑓�=𝑣�-𝑒
3(/042)

�Y
Î  then taking derivative w.r.t. 𝑗Ê,   

Ï(.Y)
Ï(gÐ)

= (𝑣�-+ )(𝑒
ÑNÐ
�Y )(𝛼/𝜆�).        Because 𝑒

ÑNÐ
�Y > 0 , 

𝛼	under	NLM− CE > 0 due to cardinality effects and 𝜆� > 0 due to nest dissimilarity, therefore  Ï(.Y)
Ï(gÐ)

> 0 under 
NLM-CE i.e. within nest no-choice is always positive under NLM-CE. Given G1 can be reduced to G2 and G2 has 
been shown to be NP-Hard, G1 is NP-Hard.  Thus, assortment optimization under NLM-CE is NP-hard.  End Proof. 
 
Conclusion 
This is the first work to explicitly capture the interaction between similarity and cardinality context effects as a 
function of item utility in a random utility framework. The NLM-CE model has important application in online 
settings because existing models (NLM) with equal profit margin items and where operating costs are not a function 
of the assortment offered result in offering the entire item catalog of a company to the customer.  NLM-CE does not 
have this limitation and can be used to offer personalized assortments in online situations.   
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