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ABSTRACT 

Consumers often purchase products for future use when the utility of these products in the future 
is still uncertain. One way to accommodate this uncertainty, is for firms to offer choice flexibility 
by allowing consumers to initially choose a set of products from which they can choose a single 
product in the future. Such flexibility creates option value for consumers because they can 
benefit from the utility information that is revealed in the future. This paper develops a formal 
utility model for consumers’ behavioral valuation of this option value of product sets. It proposes 
a new three-stage method that combines choice experiment-based decision elicitation and 
econometric modeling to estimate consumers’ behavioral option value. The results of four 
experiments provide empirical support for the proposed components of the consumer product set 
option value model. They show that consumers do indeed take into account option value when 
selecting product sets from which to choose an alternative in the future. They also show that, 
behaviorally, consumers overweigh option value and apply decision weights in their evaluations 
of uncertain future outcomes. The paper concludes with theoretical and practical implications of 
the new behavioral option value model and the empirical findings. 
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Consumers often purchase a product not for immediate use, but for use at some time in 

the future. For example, consumers book an airline ticket to go on a holiday that they will 

undertake a few months later, or they close a health insurance for use in case of a future accident. 

Such forward buying decisions are relatively straightforward if consumers already exactly know 

the utility they will obtain from the product at the future time of consumption. They can then 

evaluate each product based on its (known) future utility and make a decision accordingly. 

However, often, the utility of a product in the future is uncertain. There are situational factors 

outside of the consumer’s control that can affect the product’s utility, while the realization of 

these factors in the future is not yet known to consumers. For example, when choosing a health 

insurance, the consumer’s future health condition is uncertain, and therefore the future utility of 

coverage by the insurance is also uncertain. 

Consumers can handle this type of uncertainty by introducing flexibility in the choices 

that they make (Anderson, Hansen, and Simester 2009; Guo 2006, 2010; Kreps 1979; Sainam, 

Balasubramanian, and Bayus 2010; Walsh 1995). Research shows that consumers select greater 

variety and a smaller share of their favorite products for future consumption than for immediate 

use (Read and Loewenstein 1995; Simonson 1990). Consumers also incorporate flexibility in 

their subjective evaluation of sets of alternatives (Shin and Ariely 2004) and are willing to 

sacrifice expected utility to preserve flexibility for the future (Bown, Read, and Summers 2003). 

Real option theory formalizes this value of choice flexibility that occurs when moving 

from a one-stage, single alternative, decision making process at the current time, to a two-stage 

set-based decision process that provides flexibility by allowing one to make decisions both at the 

current and the future time (Trigeorgis 1993). More specifically, real option value represents the 
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value to the decision-maker of being able to postpone a final, single alternative decision to a later 

stage when more information is revealed (Gollier and Trench 2003). To illustrate real option 

value from a consumer decision making perspective, consider a consumer’s choice between 

health insurance networks, a societally highly relevant consumer decision (Wedig 2013). Health 

insurance networks typically compete on the extent of coverage of healthcare facilities that they 

include, and these facilities may differ in terms of quality and treatment specialization (Ericson 

and Starc 2015; Harris, Schultz, and Feldman 2002). Consumer option value then arises when 

consumers initially select a network with greater coverage because this allows them to choose a 

more fitting healthcare facility when an unforeseen future medical condition arises later. 

Conversely, when initially a more restricted network is selected, the consumer may no longer be 

able to select the best fitting healthcare facility in the future. Thus, depending on the specific 

‘state of the world’ that arises in the future, the utility of a healthcare facility differs, and the 

option of being able to choose from a large set of alternatives (versus being forced to select one 

from a more restricted set of alternatives) can be valuable. 

Firms can respond to consumer preferences for this type of flexibility by offering 

consumers the possibility of selecting a product at a later time. For example, travel firms can  

allow consumers to cancel a flight or hotel room booking at a later time, or sports event 

organizers can offer consumers a refund for a sports final ticket when their favorite team is not 

playing (Sainam, Balasubramanian, and Bayus 2010). In our paper, we examine another 

prominent type of option value that firms can offer to consumers when future consumption utility 

is uncertain, which is to allow consumers to initially choose between different sets of products, 

from which they can then choose a single most preferred product in the future (Kahn and 



3 

 

Lehmann 1991). This is the case, for example, when consumers choose between health insurance 

networks that vary in the extent to which they cover different healthcare services and from which 

they will only later use a medical service in case of an unforeseen illness or accident. As another 

example, when choosing a university, depending on which program they start, students will have 

access to different (elective) courses and timing pathways that they can choose from later on in 

their studies. Similarly, different gym memberships in one’s home city may provide different 

levels of access to different gyms in other cities when travelling for work.  

The first contribution of this paper is to develop a formal utility model of consumers’ 

valuation of the additional decision flexibility provided by product sets with option value, 

compared to having to make an immediate product choice (from these same sets). Current 

models of consumer product set choices for future consumption have addressed the case where 

an entire set of products is consumed in the future (Dubé 2004; Guo 2006; Kim, Allenby, and 

Rossi 2002; Walsh 1995). However, these set choices do not reflect the option value case where 

initially a product set is selected, and only later consumers choose what is the best alternative at 

the time of consumption. To analyze this latter type of decision, we formulate a normative model 

of consumer product set choice that is rooted in real option theory. The model allows us to 

formally distinguish the expected utility of the single product one would choose from the set now 

(what we call the immediate expected utility of the product set), from the utility gain from 

having the flexibility to postpone the final product choice from the set until the future (what we 

call the option value of the product set). This option value arises from variation in the 

consumption utility of the alternatives in each of the - currently uncertain - possible future ‘states 

of the world’ that a consumer may face.  
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Second, we extend this normative model of consumers’ option value evaluations with 

two behavioral aspects. The first behavioral extension is behavioral option value weighting. 

Research shows that consumers could overvalue the flexibility offered by real options, as this 

flexibility ensures that they stay in control and can adapt to future events (Shin and Ariely 2004). 

However, cognitively evaluating the value of future flexibility also requires a complex mental 

process in which consumers simulate the choices they can make in different possible future states 

of the world. The complexity of this mental process suggests an alternative view, which is that 

consumers could also underweight the flexibility provided by real options, if they simplify their 

decision making by attaching lower weight to more complex components (Dellaert, Donkers, and 

Van Soest 2012; Swait and Adamowicz 2001). We account for these possible effects in option 

value weighting in our behavioral model. The second behavioral extension we introduce is that 

we incorporate the possibility that consumers apply subjective decision weights in their option 

value evaluations that replace the known probabilities of possible future states of the world when 

combining and weighting the corresponding outcomes by each state (Kahneman and Tversky 

1979; Tversky and Wakker 1995). This second behavioral aspect is likely to affect consumer 

product set choices because option value, by definition, depends on the uncertainty of different 

future outcomes and decision weights impact consumer decisions in many other areas of decision 

making under uncertainty (Fischhoff and Broomell 2020; Gao, Frejinger and Ben-Akiva, 2010; 

Heiman et al. 2015). 

Third, our research proposes and demonstrates a choice experiment-based decision 

elicitation and econometric modeling method that allows marketing researchers and managers to 

estimate consumers’ behavioral option value for sets of alternatives. The proposed approach 
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provides option value estimates that allow for comparisons between consumer valuations of 

different flexible sets for future product choices to be offered to consumers. Such comparisons 

can guide firms in selecting product sets that help consumers overcome uncertainty in future 

consumption in a cost-effective manner. 

In the remainder of the paper, we first theoretically derive the proposed normative and 

behavioral option value models of consumer product set choice. Next, we outline the new three-

stage method that combines experimental decision elicitation and econometric modeling to allow 

for the estimation of the models. Then, the results from four experiments that test and illustrate 

the proposed theory and method are presented. The results provide clear support for our 

theorizing. They demonstrate firstly, that, as predicted, consumers take into account option value 

when selecting product sets from which to choose an alternative in the future. Secondly, the 

results also provide support for the two proposed behavioral extensions. They show that 

consumers subjectively overweigh option value and apply behavioral decision weights in their 

evaluations of different future states of the world as predicted. The paper concludes with a 

discussion of theoretical and practical implications of the behavioral option value model and our 

findings. 

THEORY 

A normative option value model of consumer product set choice 

Normative real option value theory was originally developed in financial economics to 

capture the value of investment decision flexibility, which had been neglected in classic 

investment evaluation models. Traditional investment evaluation methods largely ignored the 

possibility of altering or even abandoning a project depending on changes in the market 
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(Trigeorgis 1993). By taking a sequential decision making approach, real options allow one to 

pay for the option to reconsider an earlier decision at different points in time in the decision-

making process (Gollier and Treich 2003). Subsequently, in strategic management, firms also 

have utilized real option reasoning in making project investment decisions (Gunther McGrath 

and Nerkar 2004).  

In marketing, real option analysis has mainly found its way into the literature via research 

in marketing strategy and customer lifetime value (CLV) analysis. The potential actions in a 

dynamic relationship between a buyer and a seller (e.g., continuation or ending the relationship 

at different moments in time) can be viewed as a set of options for both the seller and the 

customer (Levett et al., 1999). Including option value in CLV can considerably affect firms’ 

valuations of different customers (Haenlein, Kaplan, and Schoder 2006). More recently, Sainam 

et al. (2010) proposed an option value-based pricing mechanism based for offering consumers 

the possibility to pay more for having the option to decide to use a product (or not) at a later time 

(i.e., a sports final ticket depending on if your favorite team is playing). From a consumer 

perspective, marketing research has shown that as a general feature, consumers value flexibility 

in sets (Bes et al., 2017; Kahn and Lehman 1991, Shin and Ariely 2004). However, at a more 

detailed level, if, and if so, how, consumers’ evaluations of flexibility reflect  theoretical option 

value is not clear. 

We propose and test a utility model of how consumers evaluate option value. In 

particular, we address the option value that arises when future consumption utility is uncertain, 

and consumers can initially choose between different sets of products from which they can then 

select one product in the future - after the initial uncertainty is resolved. Consumers who choose 

a product set from which to select a product in the future, maximize their expected utility, 
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knowing that their most preferred alternative in each set might vary depending on the future 

consumption context, i.e., across possible future states of the world (Belk 1975; Guo 2006; Kahn 

and Lehmann 1991; Sainam et al. 2010; Simonson 1990; Walsh 1995). Therefore, when products 

provide utility that is (future) context dependent, consumers should account for the option value 

provided by the flexibility of future choices.  

Theoretically, to define consumer option value, we decompose the utility value of 

selecting a flexible set of products from which a final product choice can be made in the future 

into two components: 1) The expected utility of the single product one would choose now, when 

making an immediate choice of an alternative for future consumption, with uncertainty about 

which future state of the world may occur. We refer to this component as the immediate expected 

utility of the product set, and 2) The utility gain from having the flexibility to postpone the final 

product choice from the set until the future, after the new state of the world is revealed to the 

consumer. This second component constitutes what we call the option value of the product set. 

To formalize these two utility components, consider a consumer i who plans to consume 

a product at a future point in time. The utility of different products at that point in time depends 

on the states of the world that can occur at that time (i.e., the different consumption contexts that 

may arise) and it is uncertain which state of the world will materialize. Let J be the set of all 

products available in the market, let j ∈ J represent a single product, and F be the set of all 

possible future states f ∈ F of the world, then 𝑉𝑉𝑗𝑗𝑗𝑗 is the utility of product j when the future state 

of the world f occurs1.  

 

1 Utility components in the equations are individual specific (unless indicated otherwise). For clarity of notation, the 
subscript i is omitted. 
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To provide consumers with flexibility in their selection of a final product in the future, 

firms offer consumers product sets s containing different products j (with each s a subset from J). 

Consumers first choose a product set and then choose the best available product in their selected 

set later, when they know which future state has become a reality. The utility of the best 

available product in set s depends on which future state f materialized and is expressed as  

𝑚𝑚𝑚𝑚𝑚𝑚𝑗𝑗∈𝑠𝑠 𝑉𝑉𝑗𝑗𝑗𝑗. Let 𝑃𝑃𝑗𝑗 be the probability that a future state f occurs. Then, the utility of a set s for 

which the consumer has the opportunity to flexibly make a final product selection later 

(𝑉𝑉𝑠𝑠𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹) is the probability-weighted sum (for the occurrence of each future state) over the 

utilities of the best available product in that set in each future state f:  

(1)   𝑉𝑉𝑠𝑠𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 = ∑ 𝑃𝑃𝑗𝑗 ∗ 𝑚𝑚𝑚𝑚𝑚𝑚𝑗𝑗∈𝑠𝑠 𝑉𝑉𝑗𝑗𝑗𝑗𝑗𝑗∈𝐹𝐹  

Next, to express the option value of a set, we compare the utility of a set when the final 

product selection can be made later, to that set’s utility when the consumer has to select an 

alternative from the set immediately. For this purpose, we define the immediate expected utility 

(𝑉𝑉𝑠𝑠𝐼𝐼𝐼𝐼𝐼𝐼𝐹𝐹𝐼𝐼𝐹𝐹𝐼𝐼𝐼𝐼𝐹𝐹) of set s. This immediate utility expresses the set’s value when the consumer needs 

to choose a single alternative now, without knowing which future state materializes. The 

immediate utility is determined by the utility of the product in the set with the highest expected 

utility based on the product’s utility in each future state of the world times the probability 𝑃𝑃𝑗𝑗 of 

that future state occurring. This is expressed as: 

(2)   𝑉𝑉𝑠𝑠𝐼𝐼𝐼𝐼𝐼𝐼𝐹𝐹𝐼𝐼𝐹𝐹𝐼𝐼𝐼𝐼𝐹𝐹 = 𝑚𝑚𝑚𝑚𝑚𝑚𝑗𝑗∈𝑠𝑠�∑ 𝑃𝑃𝑗𝑗 ∗ 𝑉𝑉𝑗𝑗𝑗𝑗𝑗𝑗∈𝐹𝐹 � 

Then, the option value (𝑉𝑉𝑠𝑠
𝑂𝑂𝑂𝑂𝐼𝐼𝐹𝐹𝑂𝑂𝑂𝑂) of set s is defined as the additional utility to the consumer that 

arises from being able to postpone the final product choice until after the future state is known. 

In other words, option value reflects the incremental value of choosing an alternative based on 

knowledge about which future state has materialized. This additional value is determined by the 
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difference between the total utility of the set when being able to flexibly make a decision later 

(𝑉𝑉𝑠𝑠𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹) and the set’s immediate expected utility (𝑉𝑉𝑠𝑠𝐼𝐼𝐼𝐼𝐼𝐼𝐹𝐹𝐼𝐼𝐹𝐹𝐼𝐼𝐼𝐼𝐹𝐹): 

(3)   𝑉𝑉𝑠𝑠
𝑂𝑂𝑂𝑂𝐼𝐼𝐹𝐹𝑂𝑂𝑂𝑂 = 𝑉𝑉𝑠𝑠𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 −  𝑉𝑉𝑠𝑠𝐼𝐼𝐼𝐼𝐼𝐼𝐹𝐹𝐼𝐼𝐹𝐹𝐼𝐼𝐼𝐼𝐹𝐹 

Or, in other words, and after reordering, the utility of choosing a product set from which a final 

product choice can flexibly be made later, is the sum of a set’s immediate expected utility and 

the set’s option value: 

(4)   𝑉𝑉𝑠𝑠𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 = 𝑉𝑉𝑠𝑠𝐼𝐼𝐼𝐼𝐼𝐼𝐹𝐹𝐼𝐼𝐹𝐹𝐼𝐼𝐼𝐼𝐹𝐹 +  𝑉𝑉𝑠𝑠
𝑂𝑂𝑂𝑂𝐼𝐼𝐹𝐹𝑂𝑂𝑂𝑂 

 

Behavioral model of product set choice 

Normatively, when choosing between product sets that allow them to make their final 

product decision later, in their set evaluations, individuals should weigh the immediate expected 

utility and option value components equally since both are directly expressed in terms of the 

consumer’s utility (i.e., they are expressed in the same ‘unit’). However, behaviorally, there may 

be differences in the weight consumers attach to these two components. On the one hand, 

complexity in decisions can lead consumers to make use of simplifying heuristics and attach less 

weight to specific aspects of a decision, where more elaborate, more complex components may 

be more likely to be ignored than relatively simpler ones (Dellaert, Donkers, and Van Soest 

2012; Payne, Payne, Bettman and Johnson 1993; Swait and Adamowicz 2001). Therefore, the 

complexity of the option valuation process could result in consumers’ underweighting of the 

option value in product set choice. On the other hand, there is also evidence that the use of 

simplifying heuristics can lead consumers to overvalue the value of flexibility as a more general 

positive aspect of a product set (Shin and Ariely 2004). In the latter case, consumers may 

overweight the option value component relative to the immediate expected utility. Thus, it is not 
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clear upfront if consumers will under- or overweigh option value utility relative to immediate 

expected utility. 

To test for these potential behavioral effects, we introduce a first behavioral aspect in the 

normative option model. This behavioral aspect captures the relative importance of the option 

utility component compared to the immediate expected utility component in the consumers’ set 

valuation. More specifically, we introduce an additional parameter γ, that captures the relative 

weight of the option value versus the immediate expected utility component. This gives the 

following behavioral option value model: 

(5)   𝑉𝑉𝑠𝑠𝐵𝐵.𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 = 𝑉𝑉𝑠𝑠𝐵𝐵.𝐼𝐼𝐼𝐼𝐼𝐼𝐹𝐹𝐼𝐼𝐹𝐹𝐼𝐼𝐼𝐼𝐹𝐹 +  𝛾𝛾 𝑉𝑉𝑠𝑠
𝐵𝐵.𝑂𝑂𝑂𝑂𝐼𝐼𝐹𝐹𝑂𝑂𝑂𝑂 

where, 𝑉𝑉𝑠𝑠𝐵𝐵.𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹, 𝑉𝑉𝑠𝑠𝐵𝐵.𝐼𝐼𝐼𝐼𝐼𝐼𝐹𝐹𝐼𝐼𝐹𝐹𝐼𝐼𝐼𝐼𝐹𝐹, and 𝑉𝑉𝑠𝑠
𝐵𝐵.𝑂𝑂𝑂𝑂𝐼𝐼𝐹𝐹𝑂𝑂𝑂𝑂 are behavioral utility components. The normative 

option value model corresponds to the case where 𝛾𝛾 = 1 and where the behavioral utility 

components are defined as the corresponding normative utility components from equations 1 and 

2. 

As a second behavioral extension, we predict that in evaluating the utility of a product set 

consumers can attach decision weights to the occurrence of future events that deviate from the 

objective probabilities that they occur (Bleichrodt and Pinto 2000; DeLisle, Diamantopoulos, 

Fodor, and Krieger 2017; Huang, Burris, and Shaw, 2017; Kahneman and Tversky, 1979). In line 

with prospect theory, we formalize the resulting biases in the evaluation of uncertain outcomes 

by transforming the objective probabilities 𝑃𝑃𝑗𝑗 of the future states f into behavioral decision 

weights 𝜋𝜋𝑗𝑗 (Donkers, Melenberg and Van Soest, 2001; Kahneman and Tversky, 1979). The 

overall value of a probabilistic alternative is then given by the sum of the utility values of the 

outcomes multiplied by the decision weights associated with these outcomes. Accordingly, we 
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extend the behavioral option value model (eq. 5) using the following two behavioral expressions 

that replace the objective probabilities by decision weights: 

(6)   𝑉𝑉𝑠𝑠𝐵𝐵.𝐼𝐼𝐼𝐼𝐼𝐼𝐹𝐹𝐼𝐼𝐹𝐹𝐼𝐼𝐼𝐼𝐹𝐹 = 𝑚𝑚𝑚𝑚𝑚𝑚𝑗𝑗∈𝑠𝑠�∑ 𝜋𝜋𝑗𝑗 ∗ 𝑉𝑉𝑗𝑗𝑗𝑗)𝑗𝑗∈𝐹𝐹 � 

(7)   𝑉𝑉𝑠𝑠
𝐵𝐵.𝑂𝑂𝑂𝑂𝐼𝐼𝐹𝐹𝑂𝑂𝑂𝑂 = ∑ 𝜋𝜋𝑗𝑗 ∗ 𝑚𝑚𝑚𝑚𝑚𝑚𝑗𝑗∈𝑠𝑠�𝑉𝑉𝑗𝑗𝑗𝑗� −𝑗𝑗∈𝐹𝐹  𝑚𝑚𝑚𝑚𝑚𝑚𝑗𝑗∈𝑠𝑠�∑ 𝜋𝜋𝑗𝑗 ∗ 𝑉𝑉𝑗𝑗𝑗𝑗)𝑗𝑗∈𝐹𝐹 � 

THREE-STAGE CHOICE EXPERIMENT APPROACH AND ECONOMETRIC MODEL 

To estimate and test the proposed behavioral option value model, we introduce a 

combination of a three-stage choice experiment approach and econometric model that allows for 

the identification of the different components in the theory. 

Experimental Approach 

The three-stage choice experiment approach encompasses multiple within-subject choice 

experiments. Choice experiments are commonly used to measure consumer preferences for 

goods and services across a wide variety of domains and have been recognized as one of the 

areas where marketing research has had the strongest impact on marketing practice (Louviere, 

Hensher, and Swait 2000; Roberts, Kayande, and Stremersch 2014). Earlier choice experiment-

based research has supported the identification and estimation of complex consumer decisions by 

disentangling these decisions in sub-tasks, that cover part of the decision that are well-identified 

and less complex and that are subsequently integrated in a joint estimation process (Louviere et 

al. 2000; Oppewal, Louviere and Timmermans 1994). Such a multi-stage experimental approach 

facilitates identification while also managing the complexity of the response for participants.  

We adapt this approach to the context of consumer product set choices with option value. 

In particular, different experiment stages are introduced that separate choices given different 

possible states of the world and choices with uncertainty regarding these states of the world. 
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Jointly, these stages allow for identification of the consumers’ option value preferences in 

product set choices. More specifically, the approach can be summarized as follows (see Table 1): 

Stage 1 addresses the case in which each set contains only one product and the future state of the 

world is known. Stage 2 addresses the case in which each set also contains only one product but 

the future state of the world is uncertain. Stage 3, finally, addresses the case where consumers 

choose between sets that contain multiple products and the future state of the world is uncertain. 

Stage 1 – In the first stage of the experimental approach, consumers’ product utilities (Vjf) 

are identified separately for each of the possible future states f. In a series of choice experiment 

tasks, with each task concerning one of the different future states, consumers are presented with 

one future state and are asked to make choices given that this state has become the reality that 

they face. This is done for the case in which each set contains only one product. The presentation 

order of the future states is counterbalanced over participants. 

Stage 2 - In the second stage, consumers’ expected immediate utilities (𝑉𝑉𝑠𝑠𝐵𝐵.𝐼𝐼𝐼𝐼𝐼𝐼𝐹𝐹𝐼𝐼𝐹𝐹𝐼𝐼𝐼𝐼𝐹𝐹) are 

identified. More specifically, consumers are presented with the probabilities at which each future 

state will occur and choose between different products for consumption in the future. This is 

done for the case in which each set contains only one product. Because there is only a single 

product to be selected, there is no option value, and the alternative with the highest expected 

utility will be chosen. This second stage allows for identification of the behavioral decision 

weights (𝜋𝜋𝑗𝑗). Contrary to stage 1, in the second stage, there is only one choice experiment task as 

all future states are relevant for each product choice. 

Stage 3 – In stage 3, identification of the option value is achieved. Like in stage 2, in this 

choice experiment, consumers are presented with probabilities at which each future state will 

occur, but now with their task is to choose between different sets containing multiple products. 
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This structure allows for the estimation of 𝑉𝑉𝑠𝑠𝐵𝐵.𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹. In particular, since consumers’ utilities 

(Vjf) and their immediate expected utilities 𝑉𝑉𝑗𝑗𝐵𝐵.𝐼𝐼𝐼𝐼𝐼𝐼𝐹𝐹𝐼𝐼𝐹𝐹𝐼𝐼𝐼𝐼𝐹𝐹 including 𝜋𝜋𝑗𝑗, were already identified 

from Stages 1 and 2, the current Stage 3 allows for identification of 𝛾𝛾, the weight of the option 

value in the consumers’ set evaluation. 

 

 Number of 
options in 

the set 

Outcome of the future states Objective probabilities of the 
future states 

Experiments  
1, 3 and 4 Experiment 2 Experiment  

1, 2 and 3 Experiment 4 

Stage 1a 1 5 (25) Sessions£ 1 (99) Sessions NA NA 

Stage 1b 1 25 (5) Sessions 99 (1)  Sessions NA NA 

Stage 2 1 5, 25 Session 1, 99 Session 
50%/50% 10%/90% 

Stage 3 3 5, 25 Session 1, 99Session 

£ With counterbalancing between 5 and 25 sessions in stage 1a and 1b 

 

Econometric Model  

In the econometric model estimation, we apply a logit specification with heterogeneous 

preferences to model consumers’ set choices across all stages. We take into account 

heterogeneity in consumers’ preferences by allowing the utility weights of the product attributes 

to vary across individuals.  

First, we define the utility for consumer i of product j in future state f as: 

(8)    𝑉𝑉𝐹𝐹𝑗𝑗𝑗𝑗 = Xj′𝜷𝜷𝒊𝒊
𝒇𝒇      

Table 1 : Overview of the Experiments 
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where, Xj is a vector of attributes that defines product j and 𝜷𝜷𝒊𝒊
𝒇𝒇 is a vector of individual i’s future 

state-dependent preferences for these attributes. We assume a joint normal distribution for 

individuals’ attribute utility weights: 

(9)    (𝜷𝜷𝒊𝒊
𝒇𝒇=𝟏𝟏, … ,𝜷𝜷𝒊𝒊

𝒇𝒇=𝑭𝑭)~𝑁𝑁( 𝛽𝛽, Σ). 

These individual-level future-state specific valuations of a product define the set-level valuations 

outlined in equations 6 and 7.  

Next, the resulting individual-specific set valuations drive participants’ choices between 

the sets in each task type, which we model with a logit model as follows. Let t denote the 

different tasks in the experimental approach, then the utility of a product set is: 

(10)   𝑈𝑈𝐹𝐹𝑠𝑠𝐼𝐼 = 𝑉𝑉𝐹𝐹𝑠𝑠𝐵𝐵.𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 + 𝜀𝜀𝐹𝐹𝑠𝑠𝐼𝐼 

where, 𝑉𝑉𝐹𝐹𝑠𝑠𝐵𝐵.𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 is defined in equation 5 and the error terms 𝜀𝜀𝐹𝐹𝑠𝑠𝐼𝐼 are independently and 

identically Gumbel distributed with scale 𝜇𝜇𝐼𝐼. Note that we allow for the scale of the error term 𝜇𝜇𝐼𝐼 

to differ across different types of tasks in the experiment’s stages to account for differences in 

decision complexity in the different tasks (Dellaert, Donkers, and Van Soest, 2012). The three 

experimental stages as well as all but one of the different future states within stage 1 are 

embedded with their own scale parameter. For identification, we fix the scale of the utilities by 

setting the error scale equal to 1 for the first of the choice experiment task types. 

In the experimental approach, consumers make multiple choices in each choice 

experiment task. Let 𝑆𝑆𝑘𝑘𝐼𝐼 be the set of the product sets available to the consumer in choice k in 

task t. Then, the probability that consumer i chooses set s in choice k, given their preference 

weights 𝛽𝛽𝐹𝐹, is given by: 

(11)   𝑃𝑃𝐹𝐹𝑠𝑠𝑘𝑘𝐼𝐼 = 𝐹𝐹𝜇𝜇𝑡𝑡𝑉𝑉𝑖𝑖𝑖𝑖
𝐵𝐵.𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑖𝑖𝐹𝐹𝐹𝐹𝐹𝐹

∑ 𝐹𝐹𝜇𝜇𝑡𝑡𝑉𝑉𝑖𝑖𝑖𝑖′
𝐵𝐵.𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝑖𝑖𝐹𝐹𝐹𝐹𝐹𝐹

𝑖𝑖′∈𝑆𝑆𝑘𝑘𝑡𝑡
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Integrating out the heterogeneity distribution in equation (9) across all the choices in the different 

task types results in the following log-likelihood: 

 (12)   𝐿𝐿𝐿𝐿(𝑦𝑦𝐹𝐹|𝛽𝛽, Σ, 𝛾𝛾,𝜋𝜋)= 𝑙𝑙𝑙𝑙𝑙𝑙 ∫[∏ 𝑃𝑃𝐹𝐹𝑠𝑠𝑘𝑘𝐼𝐼𝑘𝑘𝐼𝐼 ]𝑓𝑓(𝛽𝛽𝐹𝐹|𝛽𝛽, Σ)𝑑𝑑𝛽𝛽𝐹𝐹  

Since the integral in equation (12) cannot be calculated analytically (Revelt and Train, 1998; 

Guo, 2010), the simulated maximum likelihood method is employed to approximate the log-

likelihood function.  

OVERVIEW OF EXPERIMENTS 

Four experiments were conducted to test the theorizing. The experiments focus on the 

societally relevant topic of consumer choices between different healthcare plans offered by 

health insurance providers. Healthcare plan choices have strong implications for consumer 

welfare. Recent developments in the U.S. and elsewhere have greatly increased the opportunity 

(and corresponding decision-making burden) for consumers to make their own health insurance 

decisions (Bhargava, Loewenstein, and Sydnor 2017; Ericson and Starc 2012). A challenge in 

making good health insurance plan decisions is that the plans typically offer different levels of 

coverage in terms of the healthcare providers a consumer can use (i.e., a plan may offer limited 

coverage versus full coverage). The level of network coverage is an important determinant of 

consumer decision making in health insurance (Dafny, Hendel, and Wilson 2015; Ericson and 

Starc 2015), and the experiments in this paper address the importance of the option value 

resulting from differences in healthcare plan network coverage. 

Experiments 1 and 2 introduce the estimation of option value and the first behavioral 

component: the impact of behavioral option value weighting in consumers’ product set choices. 

To control for possible differences in decision weights (the second behavioral component) in 

these experiments, the health product sets differ in composition, but the probabilities of the 
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different future states are equal. In the experiments, participants are presented with physical 

therapy clinics that are more versus less attractive depending on the individual’s (uncertain) 

future need for treatment. The results of the two experiments provide support for both the 

predicted impact of option value on consumer product set choices with uncertain future 

consumption and the hypothesis that consumers behaviorally weigh this option value in their 

decisions. Experiment 3 introduces decision weights as the second behavioral aspect of the 

proposed option value model. The experiment also provides a robustness check of the results of 

Experiments 1 and 2. To do so, it includes an additional attribute in the consumer product set 

choice (price) which is valued independently of the future state of the world (i.e., the utility 

weights for the price component are the same in all future states). The results show that with 

equal probabilities (as in Experiments 1 and 2), decision weights do not deviate from the 

objective values. Finally, Experiment 4 further investigates decision weights by introducing 

differences in the probabilities at which future states occur. This additional experimental 

manipulation allowed for the estimation of decision weights along with behavioral option value 

weights without the need for a common fixed attribute across the different stages (as in 

Experiment 3). The results replicate the findings from the earlier experiments and show that, as 

predicted, behavioral decision weights more accurately describe consumers’ option value 

evaluations than objective probabilities when probabilities vary between future states. The data 

and analysis syntax for all four studies are available at 

https://osf.io/qnbf3/?view_only=e1725f654d5d43dcb601170ed7d7e114. 

EXPERIMENT 1: CONSUMERS’ BEHAVIORAL OPTION VALUE WEIGHTING 

Experiment 1 was designed to test the impact of option value on consumers' product set 

choices in general and behavioral option value weighting in particular. Participants were asked to 

https://osf.io/qnbf3/?view_only=e1725f654d5d43dcb601170ed7d7e114
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imagine that they were selecting a health insurance for the following year and that they already 

knew that they would need physical therapy treatment within the next three months. They were 

informed that different health insurance providers offered different networks of physical therapy 

clinics. Their task was to select their preferred health insurance provider. 

Method and data 

In the experiment, the physical therapy clinics within the health insurance networks were 

described in terms of two attributes: an independent quality evaluation of each clinic  and the 

distance to the clinic from the participant’s home (in minutes by car). Quality varied from 6 to 9 

(7 levels with increments of 0.5, where 1 indicates very poor quality and 10 indicates very high 

quality), and distance from home in minutes by car from 5 to 35 minutes (7 levels). These 

attributes are shown to be important determinants of consumers’ healthcare clinic choices in past 

research (Liu,  Kong, and de Bekker-Grob 2019; Zhu, et al. 2019). Participants were informed 

that for their health condition requiring physical therapy, two medical severity levels were 

possible that were equally likely to occur. However, their medical doctor did not yet know which 

level of severity applied to their case. Each medical severity level corresponded to a different 

number of physical therapy sessions required (5 versus 25 treatment sessions required).  

In stages 1a, 1b and 2, we generated a full factorial combination of the clinics (Louviere 

at al. 2000). In each choice task, two clinics were randomly selected from the full set of 

combinations with the added restriction that uninformative choice tasks, where one clinic 

dominated the other (was better in all attributes), were automatically removed. In stage 3, we 

generated a full factorial combination of the clinics and randomly selected six clinics (three per 

set). In this stage, to remove uninformative choice tasks, firstly, we eliminated sets in which one 

clinic dominated one of the other two clinics and ,secondly, we removed choice tasks in which 
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one set dominated the other (i.e., tasks in which all the clinics in one set were worse than the 

clinics in the other set). For each task in each stage of the experimental approach, 10 choice sets 

were randomly assigned to each participant for a total 882 choice sets in stages1 and 2 and 11781 

in stage 3. In each choice set, participants were asked to select the health insurance provider they 

preferred based on the insurance provider’s network, an opt-out option was not available. 

A total of 400 participants who resided in the USA were recruited through MTurk to 

complete the experiment for a payment of $3 per person. After elimination of two responses due 

to incomplete submission, 398 valid responses were obtained. The average age of the 

participants was 33 years old and 41% of them identified as women. Of the participants, 88% 

had a health insurance provider and 43% had previous experience with physical therapy 

treatment. 

Results 

The results of experiment 1 show that participants preferred higher treatment quality and 

shorter travel distance as expected. Depending on the future state, participants’ valuation of the 

attributes also shifted in the expected direction, with quality having a more positive (𝛽𝛽𝑞𝑞𝑞𝑞𝐼𝐼𝐹𝐹𝐹𝐹𝐼𝐼𝑞𝑞5  = 

2.827 vs. 𝛽𝛽𝑞𝑞𝑞𝑞𝐼𝐼𝐹𝐹𝐹𝐹𝐼𝐼𝑞𝑞25  = 3.684) and travel distance having a more negative (𝛽𝛽𝐼𝐼𝐹𝐹𝑠𝑠𝐼𝐼𝐼𝐼𝑂𝑂𝑑𝑑𝐹𝐹5  = -.169 vs. 

𝛽𝛽𝐼𝐼𝐹𝐹𝑠𝑠𝐼𝐼𝐼𝐼𝑂𝑂𝑑𝑑𝐹𝐹25  = -.270) impact on consumers’ choices as the number of treatments needed increases 

from 5 to 25.  

The estimation results (see Table 2) provide support for the hypothesized effect of option 

value on consumers’ product set choices for future consumption. They show that consumers 

account for the uncertain future state of the world conditions by attaching positive utility to the 

real option value of being able to postpone their product choice (𝛾𝛾 = 3.924, p < .001). 
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Interestingly, the behavioral effect of option value (𝛾𝛾) is larger than 1, which implies that in this 

context, option value is overvalued by participants compared to the normative model.  

To evaluate the overall impact of option value, we also compared the model’s 

loglikelihood and BIC with that of a model without option value (𝛾𝛾 = 0) as well as that of a 

normative model with gamma fixed to one (𝛾𝛾 = 1). The results (see Table 3) show that the 

proposed behavioral model has the highest loglikelihood and lowest BIC values and therefore the 

best model fit.  

Table 2: Parameter Estimates Experiment 1a 

 

2 The standard deviations for quality and distance in all experiments result from the Cholesky decomposition of the 
covariance matrix to allow for correlation between the quality and distance parameters. The standard error for these 
standard deviations are calculated using resampling of the normal distribution. 
 

Parameter Estimate SE 
𝛽𝛽𝑞𝑞𝑞𝑞𝐼𝐼𝐹𝐹𝐹𝐹𝐼𝐼𝑞𝑞5  2.827 *** .145 

s.d. 𝛽𝛽𝑞𝑞𝑞𝑞𝐼𝐼𝐹𝐹𝐹𝐹𝐼𝐼𝑞𝑞5 2 2.503 *** .1553 

𝛽𝛽𝐼𝐼𝐹𝐹𝑠𝑠𝐼𝐼𝐼𝐼𝑂𝑂𝑑𝑑𝐹𝐹5  -.169 *** .009 

s.d. 𝛽𝛽𝐼𝐼𝐹𝐹𝑠𝑠𝐼𝐼𝐼𝐼𝑂𝑂𝑑𝑑𝐹𝐹5  .266 *** .042 

𝛽𝛽𝑞𝑞𝑞𝑞𝐼𝐼𝐹𝐹𝐹𝐹𝐼𝐼𝑞𝑞25  3.684 *** .536 

s.d. 𝛽𝛽𝑞𝑞𝑞𝑞𝐼𝐼𝐹𝐹𝐹𝐹𝐼𝐼𝑞𝑞25  3.015 *** .421 

𝛽𝛽𝐼𝐼𝐹𝐹𝑠𝑠𝐼𝐼𝐼𝐼𝑂𝑂𝑑𝑑𝐹𝐹25  -.270 *** .039 

s.d. 𝛽𝛽𝐼𝐼𝐹𝐹𝑠𝑠𝐼𝐼𝐼𝐼𝑂𝑂𝑑𝑑𝐹𝐹25  .968 *** .024 
Option value weight (γ)£ 3.924 *** .788 

Scale factor stage 1a(μ1a) 
(5 sessions)  

Fixed to 1 

Scale factor stage 1b (μ1b)  
(25 sessions)  

.691 *** .104 

Scale factor stage 2 (μ2) .861 *** .086 
Scale factor stage 3 (μ3) .408 *** .040 
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Table 3: 
Model Fit Comparison Experiment 1 

 

Model 

 

Loglikelihood BIC 

proposed behavioral model -7046.16 14200.07 

𝛾𝛾 = 0 (no option value) -7058.10 14217.97 

𝛾𝛾 = 1 (normative model) -7053.93 14209.63 

 

Discussion 

The results of experiment 1 provide support for the hypothesized effect of option value 

(i.e., valuing flexibility) on consumers’ set evaluation for future consumption. Option value, in 

addition to the expected utility of the set, contributes to the set utility. This is in line with the 

hypothesis that consumers value the flexibility that a set of products can offer them. 

Interestingly, the estimated behavioral weight of option value (𝛾𝛾) is greater than 1, which implies 

that consumers not only take option value into account but also tend to overvalue option value in 

this case. 

 

EXPERIMENT 2:  BEHAVIORAL OPTION VALUE WEIGHTING WITH MORE 

DIFFERENT FUTURE STATES OF THE WORLD 

Experiment 2 replicated the settings from experiment 1 with one exception, which was 

that the difference between the outcomes of the future states of the world was made to vary more 

a Random coefficients covariances not included in the table for clarity.  
Signif.: ***: <.001, **: <.01, *: <.05 
£Tested against 1 
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strongly. We anticipated that a greater divergence in future states of the world would further 

increase option value to consumers. 

Method and Data 

The experimental setting was identical to that experiment 1, with the exception of the 

number of possible physical therapy sessions that would be required in the two medical 

conditions. This number was varied more strongly and differed between 1 and 99 sessions. As in 

experiment 1, in each stage of the experimental approach, 10 choice sets were randomly assigned 

to each participant of a total of 882 choice sets in stages1 and 2 and 11781 in stage 3.  

A total of 400 participants who resided in the USA were recruited through MTurk to 

complete the experiment for a payment of $3 per person. After elimination of 1 response due to 

incomplete submission, 399 valid responses were obtained. The average age of the participants 

was 31, and 42% of them identified as women. 88% of the participants had a health insurance 

provider, and 41% of them had experience with physical therapy service. 

Results 

As in experiment 1, the results show that participants preferred higher treatment quality 

and shorter travel distance (see Table 4). Depending on the future state of the world, their 

valuation of the attributes shifted in the expected direction, with greater quality becoming more 

positive (𝛽𝛽𝑞𝑞𝑞𝑞𝐼𝐼𝐹𝐹𝐹𝐹𝐼𝐼𝑞𝑞1  = 3.116 vs. 𝛽𝛽𝑞𝑞𝑞𝑞𝐼𝐼𝐹𝐹𝐹𝐹𝐼𝐼𝑞𝑞99  = 20.365) and greater travel distance becoming more 

negative (𝛽𝛽𝐼𝐼𝐹𝐹𝑠𝑠𝐼𝐼𝐼𝐼𝑂𝑂𝑑𝑑𝐹𝐹1  = -.175 vs. 𝛽𝛽𝐼𝐼𝐹𝐹𝑠𝑠𝐼𝐼𝐼𝐼𝑂𝑂𝑑𝑑𝐹𝐹99  = -1.489) as the number of treatments increased from 1 

to 99. As expected, the difference in utility between the two future states of the world in 

experiment 2 is greater than in experiment 1 as the greater difference in number of treatments 

strengthens the impact.  
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The results of experiment 2 provide further support for the hypothesized effect of option 

value on consumers’ product set choices for future consumption. The results show that 

consumers value the option value of being able to postpone their product choice and option value 

significantly contributes to the set utility (𝛾𝛾 = 5.981, p < .001). As in experiment 1, the estimate 

for the behavioral effect of option value (𝛾𝛾) is larger than 1, which shows that option value is 

overvalued compared to the normative model. 

 

Parameter Estimate SE 

𝛽𝛽𝑞𝑞𝑞𝑞𝐼𝐼𝐹𝐹𝐹𝐹𝐼𝐼𝑞𝑞1  3.116 *** .145 

s.d. 𝛽𝛽𝑞𝑞𝑞𝑞𝐼𝐼𝐹𝐹𝐹𝐹𝐼𝐼𝑞𝑞1  2.081 *** .124 

𝛽𝛽𝐼𝐼𝐹𝐹𝑠𝑠𝐼𝐼𝐼𝐼𝑂𝑂𝑑𝑑𝐹𝐹1  -.175 *** .010 

s.d. 𝛽𝛽𝐼𝐼𝐹𝐹𝑠𝑠𝐼𝐼𝐼𝐼𝑂𝑂𝑑𝑑𝐹𝐹1  .135 *** .017 

𝛽𝛽𝑞𝑞𝑞𝑞𝐼𝐼𝐹𝐹𝐹𝐹𝐼𝐼𝑞𝑞99  20.365 *** 5.503 

s.d. 𝛽𝛽𝑞𝑞𝑞𝑞𝐼𝐼𝐹𝐹𝐹𝐹𝐼𝐼𝑞𝑞99  15.068 *** 4.133 

𝛽𝛽𝐼𝐼𝐹𝐹𝑠𝑠𝐼𝐼𝐼𝐼𝑂𝑂𝑑𝑑𝐹𝐹99  -1.489 *** .396 

s.d. 𝛽𝛽𝐼𝐼𝐹𝐹𝑠𝑠𝐼𝐼𝐼𝐼𝑂𝑂𝑑𝑑𝐹𝐹99  1.480 *** .014 

Option value weight (γ)£ 5.981 *** 1.822 

Scale factor stage 1a (μ1a) (5 

sessions)  

Fixed to 1 

Scale factor stage 1b (μ1b) (25 

sessions)  

.129 *** .035 

Scale factor stage 2 (μ2) .250 *** .060 

Scale factor stage 3 (μ3) .108*** .026 

 

 

Table 4: Parameter Estimates Experiment 2a 

a Random coefficients covariances not included in the table for clarity.  
Signif.: ***: <.001, **: <.01, *: <.05 
£Tested against 1 
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We also compared the loglikelihood and BIC of the proposed model with the model 

without option value (𝛾𝛾 = 0) and the normative model where gamma is fixed to one (𝛾𝛾 = 1). The 

results (see Table 5) show that the proposed model has the highest loglikelihood and lowest BIC 

values and thus the best model fit.  

 

Table 5: Model Fit Comparison Experiment 2    

 

 

 

 

 

 

Discussion 

The results of experiment 2 replicate and further support that, as predicted, in choosing 

product sets for uncertain future consumption, consumers attach utility to the option value of a 

set. As in experiment 1, the results showed that the impact of option value is significant and that 

its value is behaviorally over-weighted in the context of healthcare insurance networks. 

EXPERIMENT 3:  INTRODUCING BEHAVIORAL DECISION WEIGHTS 

Experiment 3 introduced decision weights as the second behavioral aspect of the 

proposed option value model. This experiment replicated the setting of Experiment 1, with one 

exception which was that it included an additional attribute in the consumer product set choice 

(price) which is valued independently of the future state of the world. Observing consumers’ set 

Model Loglikelihood BIC 

Proposed behavioral model -7117.57 14342.93 

𝛾𝛾 = 0 (no option value) -7124.64 14351.09 

𝛾𝛾 = 1 (normative model) -7122.56 14346.92 
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choices including this attribute allows for identification of decision weights even when 

probabilities of future states are fixed.  

 

Method and data 

The structure of experiment 1 was replicated with the exception that the physical therapy clinics 

were described with one additional attribute, intake fee, whose value was independent of the 

number of sessions a consumer would have to attend. As in experiment 1, the other two 

components of the experimental conditions that were varied were the number of physical therapy 

sessions required 5 and 25 sessions and the number of clinics in the network. More specifically, 

in each choice task, the physical therapy clinics were presented by the three attributes, quality, 

distance, and intake fee. Quality varied from 6 to 9 (7 levels with increments of 0.5, where 1 

indicates very poor quality and 10 indicates very high quality), distance from 5 to 35 minutes (7 

levels), and intake fee was either $40, $50, or $60, to be paid only once before the start of 

treatment.  

An important benefit of including the additional attribute of intake fee is that it makes it 

is possible to identify the behavioral decision weight attached to the two equal probability 

conditions. In experiments 1 and 2, the utility weights for each future state were only identified 

up to a future-state specific scale. By assuming the weight for each future state to be identical, 

we ensured these scales were comparable. Now, in experiment 3, since the utility of a specific 

intake fee is independent of the number of sessions needed (and assuming it is also valued 

independently by consumers), we can ensure utilities are measured on the same scale across each 

future state by restricting the utility weight for the intake fee to be the same across all 

experimental stages. This approach permits us to estimate stage-specific error scales and also the 

decision weights for each future state. In each stage of the experimental approach, 10 choice sets 
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were randomly assigned to each participant from a total of 12237 choice sets in stages 1 and 2 

and 5049 in stage 3.  

A total of 410 U.S. participants were recruited on Prolific and completed the experiment 

for a fixed payment (£3.75 per person). After removing 8 responses due to incomplete 

submissions, a total of 402 valid responses remained. The average age of the participants was 37, 

and 48% of them identified as women. 91% of the participants had health insurance and 43% had 

experience with physical therapy service.  

 

Results 

In the estimation, we fixed the utility weight for the monetary value of intake fee to -1 

(minus 1). This is feasible because the intake fee in the experiment was independent of the 

number of sessions. As a result, all other utility weights are estimated in relation to this fixed 

value and can be interpreted as participants’ willingness to pay for each of the other attributes 

(Sonnier, Ainslie and Otter 2007; Train and Weeks 2005). Depending on the future state, 

participants’ valuation of the attributes shifted in the expected direction, with quality having a 

more positive (𝛽𝛽𝑞𝑞𝑞𝑞𝐼𝐼𝐹𝐹𝐹𝐹𝐼𝐼𝑞𝑞5  = 28.856 vs. 𝛽𝛽𝑞𝑞𝑞𝑞𝐼𝐼𝐹𝐹𝐹𝐹𝐼𝐼𝑞𝑞25  = 35.269) and travel distance having a more 

negative (𝛽𝛽𝐼𝐼𝐹𝐹𝑠𝑠𝐼𝐼𝐼𝐼𝑂𝑂𝑑𝑑𝐹𝐹5  = -1.772 vs. 𝛽𝛽𝐼𝐼𝐹𝐹𝑠𝑠𝐼𝐼𝐼𝐼𝑂𝑂𝑑𝑑𝐹𝐹25  = -2.537) impact on consumers’ choices as the number 

of treatments needed increases from 5 to 25. The results also show that, as before, option value is 

over-weighted by participants (γ = 8.137, p < .001). The decision weight does not differ 

significantly from the objective probability of .5 of the future states (Decision weight = .501, p = 

.215). Estimation results are reported in Table 6. 

To evaluate the goodness of fit of the proposed model, we compared the loglikelihood 

and BIC of this model with a model without option value (𝛾𝛾 = 0) and with a normative model (𝛾𝛾 
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= 1). The results (see Table 7) show that the proposed behavioral model has the lowest 

loglikelihood and BIC and therefore has the best model fit.  

 

 

 

 
  

Variable Coef. SE 

𝛃𝛃𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝟓𝟓  28.856 *** 1.069 

s.d.  𝛃𝛃𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝟓𝟓  17.884 *** .889 

𝛃𝛃𝐝𝐝𝐪𝐪𝐝𝐝𝐪𝐪𝐪𝐪𝐝𝐝𝐝𝐝𝐝𝐝𝟓𝟓  -1.772 *** .070 

s.d.   𝛃𝛃𝐝𝐝𝐪𝐪𝐝𝐝𝐪𝐪𝐪𝐪𝐝𝐝𝐝𝐝𝐝𝐝𝟓𝟓  .855 *** .045 

𝛃𝛃𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝟐𝟐𝟓𝟓  35.269 *** 1.510 

s.d.  𝛃𝛃𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝟐𝟐𝟓𝟓  22.018 *** 1.230 

𝛃𝛃𝐝𝐝𝐪𝐪𝐝𝐝𝐪𝐪𝐪𝐪𝐝𝐝𝐝𝐝𝐝𝐝𝟐𝟐𝟓𝟓  -2.537 *** .118 

s.d.  𝛃𝛃𝐝𝐝𝐪𝐪𝐝𝐝𝐪𝐪𝐪𝐪𝐝𝐝𝐝𝐝𝐝𝐝𝟐𝟐𝟓𝟓  1.741 *** .082 

𝛃𝛃𝐪𝐪𝐝𝐝𝐪𝐪𝐪𝐪𝐢𝐢𝐝𝐝−𝐟𝐟𝐝𝐝𝐝𝐝 Fixed to -1 

Option value weight (γ)£ 8.137 *** 1.245 

Decision weight§ .501 .215  

Scale factor stage 1a (μ1a) (5 sessions) .128 *** .005 

Scale factor stage 1b (μ1b) (25 sessions) .092 *** .005 

Scale factor stage 2 (μ2) .064 *** .003 

Scale factor stage 3 (μ3) .062 *** .002 
£Tested against 1 
§ Tested against .5 for equal probabilities 
a Random coefficients covariances not included in the table for clarity 
Signif: ***: <.001, **: <.01, *: <.05 
 

 

Table 6: Parameter Estimates Experiment 3a  
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Model Loglikelihood BIC 

proposed behavioral model -6150.69 12421.31 

Decision weight = 0.5 -6151.33 12416.60 

𝛾𝛾 = 0 (no option value) -6176.85 12467.64 

𝛾𝛾 = 1 (normative model) -6170.88 12455.69 

 

 

Discussion 

Experiment 3 introduced behavioral decision weights in addition to behavioral option 

value weighting. The results replicate and extend the findings of experiments 1 and 2. They 

demonstrate that consumers attach utility to option value and even overweight the value of 

flexibility relative to the normative model. The results also show that the estimated decision 

weights are not significantly different from the normative .5 probability when both future states 

are equally likely to occur. This provides empirical support for the equal decision weights 

assumption in experiments 1 and 2. 

 

EXPERIMENT 4:  BEHAVIORAL OPTION VALUE WITH UNEQUAL 

PROBABILITIES 

In the first three experiments, the probabilities of future states of the world occurring 

were equal, and individuals applied equal decision weights to the different future states. The goal 

of experiment 4 was to investigate whether overweighting of option value and behavioral 

weighting of probability future states of the world would occur when probabilities of future 

states of the world differ.  

Table 7: Model Fit Comparison Experiment 3 
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Method and data 

In experiment 4, the settings from experiment 1 were repeated, except for the 

probabilities of the two future states, which were set at 10% and 90% instead of 50% and 50%. 

We created two probability conditions that differed in terms of which of the two future scenarios 

was least likely to occur: the 5 or 25 session scenarios. We will refer to the 10% probability of 5 

sessions (with 90% for 25 sessions) as condition 1, and the 10% probability of 25 sessions (with 

90% for 5 sessions) as condition 2. These two conditions were manipulated between subjects. 

Because the data collection for this experiment was done during the Covid-19 pandemic, 

respondents were asked to imagine that the pandemic had ended and that they were planning for 

the next year.  

To introduce the different probabilities for the future states, participants were informed in 

stages 2 and 3 of the experimental approach that while their physician had diagnosed them with a 

condition that requires physical therapy treatment, the physician was in doubt between two 

specific conditions. In particular, in condition 1 (vs. condition 2) they were told that based on 

their physician’s experience, of the 100 people with their symptoms, 10 (vs. 90) out of 100 will 

have a mild condition, and 90 (vs. 10) out of 100 people will have a moderate condition. As a 

result, the number of physical therapy sessions required was not known yet. They were informed 

that the mild condition required 5 sessions of physical therapy, and the moderate condition 

required 25 sessions of physical therapy in the next three months. As in experiment 1 and 2, in 

each stage of the experimental approach, 10 choice sets were randomly assigned to each 

participant of total 882 choice sets in stages1 and 2 and 11781 in stage 3. 
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A total of 800 U.S. participants (400 per experimental condition) were recruited through 

MTurk to complete the experiment for payment (3 $ per person). Two responses were removed 

due to incomplete submissions and a total of 798 valid responses remained (399 per condition). 

The average age of the participants was 33, and 44% of them identified as women. 89% of the 

participants had health insurance and 42% had experience with physical therapy service. 

Results 

As in the previous experiments, depending on the future state, participants’ valuation of 

the attributes shifted in the expected direction, with quality having a more positive (𝛽𝛽𝑞𝑞𝑞𝑞𝐼𝐼𝐹𝐹𝐹𝐹𝐼𝐼𝑞𝑞5  = 

1.947 vs. 𝛽𝛽𝑞𝑞𝑞𝑞𝐼𝐼𝐹𝐹𝐹𝐹𝐼𝐼𝑞𝑞25  = 4.171) and travel distance having a more negative (𝛽𝛽𝐼𝐼𝐹𝐹𝑠𝑠𝐼𝐼𝐼𝐼𝑂𝑂𝑑𝑑𝐹𝐹5  = -0.110 vs. 

𝛽𝛽𝐼𝐼𝐹𝐹𝑠𝑠𝐼𝐼𝐼𝐼𝑂𝑂𝑑𝑑𝐹𝐹25  = -0.233) impact on consumers’ choices as the number of treatments needed increases 

from 5 to 25. Also, as before, option value is over-weighted (𝛾𝛾 = 3.931, p< .001). Here, in 

contrast to experiment 3,  the decision weights significantly differed from the objective 

probability of the future states (Decision weight .10 = .480, p < .001). As expected, and in line 

with theory, the future state with the low probability of materializing, received more weight than 

it should be based on its objective probability. Estimation results are reported in Table 8. 

To evaluate the model’s goodness of fit, we compared the loglikelihood and BIC of this 

model with the model without option value (𝛾𝛾 = 0) and with the fully normative model (i.e., with 

𝛾𝛾 = 1 and the probabilities as decision weights). The results (see Table 9) show that the proposed 

behavioral model has the lowest loglikelihood and BIC, and therefore has the best model fit.  
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Variable Coef. SE 

𝛃𝛃𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝟓𝟓  1.947 *** .075 

s.d.  𝛃𝛃𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝟓𝟓  1.989 *** .083 

𝛃𝛃𝐝𝐝𝐪𝐪𝐝𝐝𝐪𝐪𝐪𝐪𝐝𝐝𝐝𝐝𝐝𝐝𝟓𝟓  -0.110 *** .007 

s.d.   𝛃𝛃𝐝𝐝𝐪𝐪𝐝𝐝𝐪𝐪𝐪𝐪𝐝𝐝𝐝𝐝𝐝𝐝𝟓𝟓  .639 *** .022 

𝛃𝛃𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝟐𝟐𝟓𝟓  4.171 *** .590 

s.d.  𝛃𝛃𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝐪𝟐𝟐𝟓𝟓  4.276 *** .542 

𝛃𝛃𝐝𝐝𝐪𝐪𝐝𝐝𝐪𝐪𝐪𝐪𝐝𝐝𝐝𝐝𝐝𝐝𝟐𝟐𝟓𝟓  -0.233 *** .034 

s.d.  𝛃𝛃𝐝𝐝𝐪𝐪𝐝𝐝𝐪𝐪𝐪𝐪𝐝𝐝𝐝𝐝𝐝𝐝𝟐𝟐𝟓𝟓  1.289 *** .021 

Decision weight .10§ .480 *** .024 

gamma£ 3.931 *** .828 

Scale factor stage 1, 5 sessions (μ1a) Fixed to 1 

Scale factor stage 1, 25 sessions (μ1b) .813 ***  .081 

Scale factor stage 2 (μ2) .516 *** .076 

Scale factor stage 3 (μ3) .351 *** .036 
§ Tested against .1 

£Tested against 1 
a Random coefficients covariances not included in the table for clarity. 
 Significance: ***: <.001, **: <.01, *: <.05 

Table 8: Parameter Estimates Experiment 4 
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Table 9: Model Fit Comparison Experiment 4 

Model Loglikelihood BIC 

proposed behavioral model -15279.14 30672.07 

γ = 0 (no option value) -15293.44 30707.16 

γ=1 (normative option value) -15290.15 30700.58 

γ = 1 and Decision weight .10 = .1 (normative option 
value and normative decision weight 

-15293.63 30700.86 

 

Discussion 

The results of experiment 4 underline the importance of allowing for decision weights 

when analyzing consumer option value if the probabilities of future states of the world are 

unequal. The results show that the estimated decision weights significantly differed from the 

objective 10% and 90% probabilities. The results of this experiment also replicate the earlier 

findings on the impact of option value in consumer product set choice and the importance of 

behavioral option value weighting. 

GENERAL DISCUSSION 

Choosing a product now to use in the future is a common type of consumer purchase 

decision. Since the utility of alternatives in the future is uncertain, such forward buying decisions 

can be quite challenging. Firms can alleviate the potential negative impact of this uncertainty by 

introducing flexibility in consumers’ choices. Offering consumers sets of products from which 

they can select the most suitable product in the future is an important way to offer such 

flexibility. To describe and predict consumer choices between such sets of products, this paper 

presents a model of consumer product set choice that is rooted in real option theory. We develop 
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a formal behavioral utility model for consumers’ valuation of the real option value of product 

sets. The results of four experiments show that consumers do indeed account for the option value 

provided by a set when choosing between product sets for future product consumption. The 

results also support the two proposed behavioral effects of option value weighting and decision 

weights. In particular, they show that in the context of healthcare plan choices, consumers 

behaviorally overvalue option value (all four experiments) and attach greater decision weights to 

future states of the world occurring with small (vs. large) probabilities (experiment 4), but not 

when the future states are equally likely to occur (experiment 3). 

 

Theoretical implications 

Our research contributes to previous literature on consumer option value in consumption 

in multiple ways.  Although previous research in marketing has shown the importance of 

flexibility in product sets for future consumption (Bown, Read, and Summers 2003, Shin and 

Ariely 2004), in most models of consumers’ product choice for future consumption to date, all 

products are consumed in the future (Dubé 2004; Guo 2006; Kim, Allenby, and Rossi 2002; 

Walsh 1995). We address the case where consumers can flexibly choose a single product from a 

set for consumption. This flexibility creates option value for the consumer, by alleviating the 

consequences of the uncertain outcomes in the future (Anderson et al. 2009; Sainam et al. 2010). 

By introducing option value in a normative model of consumer product set choice, we could 

empirically study and identify option value in decisions where consumers choose a product set 

now, and only choose a final product for consumption in the future. This analysis connects 

previous research streams on consumer product set choice and consumer option value.  

We also contribute to the research on option value-based decision more generally. In 

particular, the results of the four experiments show that individuals not only take into account 
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option value but may also behaviorally overvalue its importance. The introduction of a 

behavioral option value parameter in our proposed model captures this effect and is an important 

extension of earlier normative work on option value in individual decision making (Belloni 

2008; Ho, Tang and, Bell 1998; Kandel and Pearson 2002; Lee and Burris 2018; Stange 2012). 

The results in this paper show that consumers overvalue the importance of option value of a 

network and consequently are willing to pay a higher price to have greater flexibility. Moreover, 

as a second behavioral extension of normative models of decision making with option value, we 

incorporate individuals’ subjective decision weights to replace the known probabilities of 

possible future states of the world when combining and weighting the corresponding outcomes 

of each state (Kahneman and Tversky 1979; Tversky and Wakker 1995). This behavioral aspect 

is important because option value, by definition, depends on the uncertainty of different future 

outcomes. Yet, in previous work on option value-based decision making such effects have not 

been incorporated (Capozza, Dennis, and Gordon 1991; Clapp, Bardos, and Wong 2012; De la 

Croix and Aude Pommeret 2021; Park, Sangkyun 2004). The results of the four experiments also 

provide empirical support for the proposed behavioral option value model. 

Finally, we contribute methodologically to the marketing research literature by proposing 

a new three-stage choice experiment-based decision elicitation and modeling approach that can 

be used by researchers, marketing managers, and policymakers to estimate the proposed 

behavioral option value model and compare the added value of offering different levels of 

flexibility in sets for future product choices to consumers. 

 

Managerial implications 

The results of the four experiments show that consumers attach utility to the option value 

of product sets for future consumption. These findings have important managerial implications 



34 

 

for companies offering sets of products for future consumption. Consumers can benefit from 

postponing choosing the products for consumption in many decision making procedures that 

involve uncertainty. The results of this research show that in the context of choosing a healthcare 

plan, a network with higher option value is valued greatly by consumers. Higher option value 

enables consumers to choose a more appropriate hospital and consequently, receiving better care 

in the future. 

These findings have implications for other industries as well. For example, in education 

choices, offering students a greater range of elective courses that they can choose from after 

taking a core program (during which they can learn about their interests and aptitude) creates 

greater option value for students and can be highly valuable. As another example, offering cancer 

patients the flexibility to postpone their final treatment decision and wait for a next medical 

innovation can potentially be beneficial due to rapid technological advances. Similarly, with 

volatile climate conditions, and the fact that some leisure activities such as skiing and sailing 

require specific weather situations, the option value of postponing choosing the exact location 

and activities for a holiday destination is likely to be valued by consumers.  

In terms of pricing, our findings imply that consumers are willing to pay more for a set 

that offers higher option value, and this has implications for firms’ pricing of product sets for 

future consumption. This finding extends earlier research on how firms can benefit from 

consumers’ uncertainty about future consumption by implementing pricing strategies such as 

option pricing, bundling, and advance selling (Sainam et al. 2010; Venkatesh and Mahajan 1993; 

Xie and Shugan 2001). The results of the studies show that, when choosing a health insurance 

provider, consumers are willing to pay more for a network offering more flexibility. Part of this 

willingness to pay originates from normative option value; however, the magnitude of 𝛾𝛾), which 
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captures the over-valuing of option value, is such that it , further increases consumers’ 

willingness to pay. Therefore, the results show that consumers are inclined to over-pay for 

flexibility compared to the normative option value. This finding has clear managerial 

implications. 

To illustrate these managerial implications based on the results of experiment 3, we 

analyzed a case illustration of how adding an option to a set increases the overall utility by 

adding option value. Take as a baseline, two health insurance providers (A and B) who each have 

one clinic identical in their network with quality 8.5, distance of 35 minutes, and intake fee of 

$40 (clinics A1 and B1). Imagine that one health insurance provider considers adding a second 

clinic to its network with quality of 7, distance of 5 minutes, and intake fee of $60 (clinic B2). 

Based on the findings from our proposed model, adding the new clinic to the set would increase 

the utility of health insurance provider B by 8.6%, while according to the normative model (γ=1), 

the utility would be increased by only 0.17 %. To determine the added monetary value of the 

option value in terms of willingness to pay (Hess, Rose, and Hensher 2008), we calculated the 

monetary value of the more extensive set using the proposed model. For this purpose, we 

computed how much the intake fee of clinic A in the second network can be increased such that 

consumers equally prefer the networks with and without the second clinic. The result shows that 

the intake fee of the clinic B1 in B’s network can be increased from $40 to $53. However, based 

on the normative model, the additional amount that could be charged would only be $0.50 (i.e., 

$40 to $40.50). The difference between the initial intake fee and the new intake fee (i.e., $13), is 

the increased premium that the health insurance provider would be able to charge for offering the 

more extensive network based on the behavioral model of option value. 
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Limitations and future research 

Our research also has a number of limitations that open up opportunities for future 

research. Firstly, we introduced a hypothetical scenario with a constrained setting on healthcare 

plan choices in the experiments. We examined a particular type of consumer decision making 

under uncertainty with two future states and three attributes of the alternatives. While we took 

great care in designing a stylized setting that resembles real-world conditions, future research can 

shed light on the role of option value in consumer decision making for healthcare plans by 

adding more attributes, different future health states, and different combinations of objective 

probability weighting of the future states. Future research could also study option value in other 

domains, such as investment decisions, holiday bookings, and education program selection. 

Combining choice experiment data with real market data in these sectors may also help further 

generalize conclusions regarding consumer decision making for future consumption.  

In addition, we examined the beneficial role of flexibility in choosing a more compatible 

option at the time of consumption, which could be referred to as positive option value. Future 

research could examine other consumption cases where consumers do not necessarily experience 

greater flexibility as beneficial. For instance, when consumers are worried about self-control 

issues and want to avoid succumbing to their own future preferences, they may want to restrict 

(rather than expand) their options. For example, consumers may wish to save for retirement and 

block their future selves from ending a savings regime. In that case, lower option value can work 

as a commitment device and less flexibility can be seen as a positive feature by consumers.  

A similar effect may occur, when consumers have to entrust a firm to select an option 

from the set for consumption. In such case, consumers  might be willing to limit the option value 

of the set they choose from to minimize the odds of a less preferred option being selected for 

them by the firm. For example, if in the scenarios in our experiments, instead of being allowed to 
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freely choose any clinic from the network themselves, consumers would depend on the health 

insurance firm to assign them  to a clinic of the insurer’s choice, it is likely that, consumers 

would worry that they could be sent to a low-quality clinic. Therefore, in such a case, consumers 

may prefer lower flexibility and ignore the option value of the set if the insurer can choose a sub-

optimal clinic. However, we hope that, over time and on the basis of trust, consumers and firms 

can develop a better understanding of the added option value provided by flexibility in important 

choices such as healthcare insurance choices. Offering flexible sets of options at a price that 

balances consumer welfare and firms’ long term financial sustainability needs can benefit society 

by overcoming the cost of future uncertainties. 
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