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Abstract

The willingness-to-pay for new technologies is not only driven by the specific product-
attributes, but also strongly by psychological constructs, e.g. perceptions and attitudes
towards the entire technology. In Information Systems Research, structural equation models 
such as the technology acceptance model [TAM] are widely used to describe how attitudes
and their drivers determine the adoption of new technologies. In this paper we develop and 
apply a model which extends the classical choice-based conjoint analysis [CBC] with 
technology perceptions and, thus, accounts for the latent utility of the entire technology 
additional to specific product-attributes. We empirically showthat the importance weight of 
these perceptions can be even higher than those of product attributes.

Keywords: Technology Acceptance Model, Choice-Based Conjoint Analysis, No-Choice-
Option, Latent Variables, Discrete Choice Modelling, Product Innovation. 



Introduction

Products that incarnate new technologies are a challenging type of products with respect to 
marketing decisions and they have a long history of research (Cooper, 1979; Tatikonda and 
Montoya-Weiss, 2001; Henard and Szymanski, 2001; Gielens and Steenkamp, 2007). Firms
need to know the market potential as early as possible to identify “winner and loser” 
technologies (Cooper and Kleinschmidt, 1987). Knowing the willingness-to-pay for a new 
product is essential for deciding whether it is worth to put further efforts into the development 
and market introduction of the product or not. Innovations are high risk investments: Failure 
rates can reach up to 90% (Elgin, 2006; Crawford, 1977). 

Survey respondents typically do not have many experiences with the new product, especially 
if the product is not only the result of a minor innovation but incarnates an entire new 
technology. The lack of experience and exposure implies some requirements on willingness-
to-pay studies (Oppewal et al., 2009) referring to the difficulty of evaluating prospective 
features and missing references for prices. Nevertheless, the valuation of the new technology 
is likely to change over time as consumers gather more information about the technology, 
develop a need or desire to use it, get influenced by other individuals and are exposed to 
advertising. Thus it is necessary to know the effect of the perceptions towards the entire 
technology on willingness-to-pay for such a highly innovative product. 

One of the most often used methodologies to determine willingness-to-pay is choice based 
conjoint analysis [CBC] (Louviere and Woodworth, 1983; Louviere, Hensher and Swait, 
2000). CBC is basically a repeated-design choice experiment in which respondents are asked 
to choose a product out of different alternatives. A well-established model in Information 
Science to measure the perception of a new technology is the technology adoption model 
[TAM] developed by Davis (1989). In contrast to CBC, TAM focuses on the entire 
technology rather than specific products and does not estimate the monetary value of 
perceptions. Thus, TAM alone has only limited value for marketers who finally need to know 
whether the product will be able to generate sufficient profit. On the other hand, there are only 
few papers that enrich classical CBC with latent variables such as perceptions and none has 
yet analysed the impact of perception on the utility of new technologies.

The aim of this paper is to combine both CBC and TAM via enriching CBC by latent 
perceptions towards the entire technology. We expect that technology perceptions basically 
influence the overall willingness-to-pay, thus the frequency of choosing the no-choice-option, 
or its inherent utility. We present an application showing that the importance weight of the 
perceptions can be even higher than those of classical product attributes.

Theoretical Background

Technology Acceptance Model [TAM]

The most accepted model to analyze the individual adoption of a technological innovation, 
especially in the domain of information technology, is the Technology Acceptance Model 
[TAM] (Davis, 1989) which is based on Ajzen’s Theory of Reasoned Action [TRA] (Ajzen 
and Fishbein, 1980). TAM hypothesizes that the usage of a system is directly determined by 
the Behavioural Intention [BI] to use it. Ajzen and Fishbein (2010) found a strong significant 
correlation of 0.75 between the BI of students to donate blood and their real behaviour. This 



outcome underlines the strong relation between a self-reported intention and the future 
behaviour of an individual. 

BI in turn is influenced by the Attitude Towards Using a New Technology [Attitude] and the 
Perceived Usefulness [PU] of the new technology. Attitude and PU are again influenced by 
the Perceived Ease of Use [PEOU] of the new technology. Hence, PU and PEOU are
expected to be the main drivers of technology adoption in the well-established TAM. PU 
measures the individual’s subjective assessment of the utility that the new technology is 
offering her/him in a specific task-related context. Whereas PU was originally deployed with 
respect to the individual’s job performance, a number of studies show that PU can also be 
used in non-organizational settings (Gefen, Karahanna and Straub, 2003). PEOU explains the 
individual’s salient beliefs that using the technology will be free of physical and mental effort 
(Moore and Benbasat, 1991). 

A number of empirical studies are supporting TAM as a robust approach to explain the 
individual’s adoption and acceptance of information technology (Lee, Kozar and Larson, 
2003; Lucas Jr, Swanson and Zmud, 2007) as well as in the domain of online services (Gefen, 
Karahanna and Straub, 2003; Wu and Chen, 2005) and identify both PU and PEOU as main 
drivers of new technology adoption. The link between Attitude and BI is often discussed in 
literature. Bagozzi (1992) argues that the link between Attitude and BI is affected by self-
regulatory processes, which means that attitudes only actuate intentions if certain 
psychological conditions are copresent. He criticizes that the TRA and other models, which 
are developed on the basis of TRA, like TAM, do not account for that effect. Since we focus 
only on the contructs PU and PEOU the approach which we present in this paper eludes 
potential biases caused by self-regulatory processes.

Choice-Based Conjoint Analysis [CBC]

CBC is a decompositional analysis method to determine the utility and willingness-to-pay of
product attributes based on hypothetical choice decisions between different alternative 
products conclusions (Louviere, 1988; Green and Srinivasan, 1978). Generally, a product
alternative in CBC is characterized by a number of attributes with different attribute levels. 
The set of all alternatives is called a choice-set. Usually, CBC does not artificially force the 
respondent to decide for one stimulus in case neither is valuable. This optional decision 
against all stimuli is realized by adding a no-choice-option to the choice set (Ding, Grewal 
and Leichty, 2007; Brazell et al., 2006). From a technical point of view, the no-choice-option
is primarily a necessary instrument to determine the willingness-to-pay of an entire product as 
a combination of attribute levels, which is basically the indifference price where utility of the 
product equals the utility of the no-choice-option (Moorthy, Ratchford and Talukdar, 1997). 
The ability to resemble real shopping behaviour is often discussed as a major benefit of the 
CBC (Cohen, 1997). The respondent does not have to evaluate explicitly each stimulus or 
attribute, but instead only chooses the most preferred alternative. Usually the utility is 
modelled as a linear function of the attributes plus the stochastic component:

(1) h,i i h h,iu X β +δ           (h H, i  I),  

where uh,i represents the total utility of the product i of consumer h, Xi is the vector of attribute
levels of product i including the price level, ßh is the vector of the parameters of respondent h
and ih, represents the stochastic part of the total utility of product i of consumer h. I is the 
index set for all products and H is the index set of all consumers. Based on the assumption 
that consumers want to maximise their total utility, they will choose the product of highest 



utility (Louviere, Hensher and Swait, 2000). Because of the stochastic utility component the 
actual choice is probabilistic as well. Assuming the stochastic utility components are Gumbel-
distributed, a Multinomial Logit Model (MNL-Model) describes the choice probability a

h,iP of 
stimulus i, consumer h, and choice-set a (Louviere, Hensher and Swait, 2000; Train, 2009):
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where uh,0 is the deterministic utility of the no-choice-option for consumer h, and the other 
variables as above. Ca denotes the index set all choice alternatives in choice-set a
disregarding the no-choice-option.

Whereas the other parameters are linked to product attributes and, thus, have a straightforward 
interpretation, the no-choice-option allows for different interpretations (Dhar, 1997) and is not 
further explained in standard CBC. In this paper we intend to partially explain the no-choice 
parameter by the perception of the technology in general.

Integrating Latent Variables into Discrete Choice Models

In the literature about discrete choice modelling it is often discussed that the decision process 
and the resulting choice of an individual may not only be influenced by observable variables 
(e.g. product attributes). Latent variables (e.g. psychological constructs like values, attitudes, 
motives and perceptions, which are part of TAM) may also have a distinct impact on the 
choice decision of an individual (Ben-Akiva et al., 1999; Ben-Akiva et al., 2002; Walker and 
Ben-Akiva, 2002). 

However, the combination of latent variable models and discrete choice models is a domain 
of scarce research (Temme, Paulssen and Dannewald, 2008). One of the first general 
conceptual models which incorporated latent variables in discrete choice models was 
developed by Ben-Akiva et al. (1999), but not empirically verified. Ashok et al. (2002) took 
on this approach and empirically compared different limited information baseline models 
(that integrate only the manifest variables (items) without consideration of the inherent error 
or no latent variables at all) with different full information models (latent variables as 
constructs with consideration of an error term). The full information models were explicitly 
exposed to have the better fit to the data. Temme, Paulssen and Dannewald (2008) combined 
the discrete choice model with a complete structural equation model and examined travel 
mode choice. They also found that integrating the latent variables leads to a better fit. Their 
focus necessitated the modelling of complex interrelationships between latent variables and 
the valuation of CBC attributes. 

We in contrast sharply distinguish the perception of the entire technology and attributes of the 
product, so that we neither expect nor actually observe considerable interrelation effects. 
Moreover, we benefit from TAM as an established behavioural theory. A very limited number 
of empirical studies report the use of the TAM framework in combination with discrete choice 
models: Soopramanien and Robertson (2007) and Soopramanien et al. (2007) analyze the 
adoption of online shopping. Via logistic regression they examine the influence of different 
TAM constructs on the adoption decision, which is represented by a binary choice variable
instead of the usually deployed continuous variable.  



Methodology

Our methodology will be a two-stage estimation approach. The no-choice coefficient of the 
CBC is our link between the technology perceptions of TAM and the CBC. For explanation of 
the key idea assume there are two different respondents. Respondent A has a highly positive 
attitude toward the technology. His/her willingness-to-pay is much higher and he/she will less 
often pick the no-choice-option. Respondent B has a negative attitude toward the technology, 
e.g. it does not fit into his/her way of life or the usage of the technology is too complicated. 
Respondent B is therefore willing to pay not as much as respondent A and he/she will more 
often pick the no-choice-option. Consequently, B has a higher utility of the no-choice-option. 
Our hypothesis is that the technology perception negatively affects the utility of the no-
choice-option. 

Choosing the no-choice-option (i.e. a high no-choice parameter) can basically have two 
different reasons (Dhar, 1997). First, all displayed choice alternatives might be uninteresting, 
although there is a positive attitude towards the technology. If this holds, PU and PEOU are 
expected to be high although the preference for the no-choice-option is strong. Second, the 
attitude towards the entire technology might be negative. Then, PU and PEOU are also low, 
and both cases can be distinguished.

We determine monetary value of the discussed perceptions with the following approach: In 
the first step we estimate the individual utility function of each respondent. We applied mixed 
multinomial logit [MMNL] (Train, 2009) with normal heterogeneity distributions, because it 
provides a flexible and computationally practical approach (McFadden and Train, 2000). 
MMNL is a generalisation of the basic choice model where respondents have heterogeneous 
preferences and thus coefficients. The second step is basically a regression where the 
construct values (average of the corresponding item values) of the perception construct
explain the individual no-choice coefficient that determines uh,0 in formula (2). We examine 
the constructs Perceived Usefulness [PU] and Perceived Ease of Use [PEOU] as independent 
perception variables, which are the constructs that directly explain the attitude and the 
adoption intention in the TAM and show most explanatory value for practitioners. 

The estimates of the first and second step are all we need for computing the importance 
weights of both product-specific attributes and technology perceptions. The importance 
weights of the attributes are the differences in utility between best and worst possible attribute 
level relative to those of all other attributes. We extend this definition by defining the 
importance weight of perceptions (average of several Likert scale items) accordingly: The 
estimated coefficients of the second step yield how much a one-point increase in the value of 
the perception-construct decreases the no-choice parameter, which is equal to the difference in 
total utility. As we used a seven-point Likert scale, the difference between best and worst 
perception will not exceed six points in our empirical study.

Empirical Study

For verifying our model we conducted an online survey (April and May 2010), comprising
both TAM- and CBC-data. The sample of 412 respondents (average age of 29) comprises a
variety of consumers with a high or low intention to use the presented technology in the 
future. Almost all respondents had no experience with the technology prior to this survey. 
Subject of the study was a commercial bundle of a so-called web operating system [WebOS] 
(Messerschmidt and Lilienthal, 2010; Weiss, 2005), a desktop environment within a web 



browser similar to desktops of common operating systems that can be accessed from 
everywhere in world and from every device given that an internet connection is available. The 
WebOS utilizes storage and computational power delivered by an external provider via 
internet. The bundle was presented as part of a bundle including WebOS, mobile internet 
connection with sufficient bandwidth and a client device for a monthly flat fee. 

As attributes in the classical CBC analysis we chose performance, provider, operating system, 
minimum term and price (see Table 1 for detailed levels). We used a non-random one-version 
design constructed by Sawtooth Software (http://www.sawtoothsoftware.com/) with 12 choice 
sets per respondent, each consisting of three alternatives plus no-choice-option. Sawtooth 
reports efficiencies above 90% (Street and Burgess, 2007). The results of the MMNL 
estimation (first step) are shown in Table 1. All attributes are dummy-coded. The log-
likelihood is -5035.2622 and we observe a hit rate of 40.5%. The three price coefficients have 
unequal distances, which makes linear coding inappropriate. The no-choice coefficient is 
remarkably the one with the highest heterogeneity across respondents and also the highest 
mean coefficient estimate.

Attribute Attribute Level 
(Dummies)

Coefficient
(Heterogeneity Mean)

Coefficient
(Heterogeneity Std. Dev.)

Performance
(Base=Office)

Multimedia **0.1452 ***0.6197

Games *-0.1477 ***1.0876

Operating System
(Base=Other)

Windows ***0.3864 ***0.7748

MacOS ***-0.2552 ***1.0805

Linux ***-0.4659 ***0.9561

Provider
(Base=a startup)

Amazon ***0.2663 0.1192

Google 0.0412 0.0835

TMobile ***0.3471 **0.2534

Minimum Term
(Base=24 Months)

1 Month ***0.5743 0.1468

3 Months ***0.5073 0.0065

Price
(Base=50€)

20€ ***1.9539 ***0.8781

30€ ***1.6030 0.0744

40€ ***0.7919 0.1115

No-Choice-Option ***2.1944 ***2.3149

Table 1: Results of the MMNL (first step). Significance levels: ***p<0.01; **p<0.05; *p<0.1

Table 2 shows the results of the linear regression (second step). The construct PEOU is not 
significant, which is also sometimes reported in TAM studies (Lee, Kozar and Larson, 2003; 
Subramanian, 1994). PU has a negative effect on the no-choice parameter, thus the utility of 
the no-choice-option is low for respondents that perceive much usefulness of the technology 
as to be expected.

Variable Coef. Std. Err. t-value P>|t|

PU -0.3127 0.0722 -4.33 0.000

PEOU 0.0102 0.0794 0.13 0.898

Constant 3.4579 0.3845 8.99 0.000

Table 2: Results of the linear regression (second step), (dependent: no-choice dummy coefficient in step 1).

Table 2 tells that one point of PU lowers the no-choice coefficient by 0.31. Thus its 
importance weight (best minus worst) is 6*0.31=1.88. Compared with the other attributes and 
PEOU we get importance weights as displayed in Figure 1. Obviously, the importance of PU 



is slightly higher than those of price and thus the most important driver of overall utility. 
Overall, it accounts for nearly one third of all effects. The predictiveness with an R² of 0.05 is 
low, although the coefficients are highly significant and result in large effects. These results 
suggest investigating further determining effects.

1% 6% 8% 12% 21% 25% 27%

0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

Importance 
Weights

PEOU Provider Minimum Term Performance Operating System Price PU

Figure 1: Importance weights as percentages.

Conclusion

By combining TAM and CBC we provide a valuable approach to consider latent variables in 
discrete choice models like the CBC. We describe the value of the no-choice-option by the 
perceptual constructs Perceived Usefulness and Perceived Ease of Use, which are well-
grounded drivers of the attitude towards a new technology and the adoption intention in IS-
literature. We can identify whether the respondent in a CBC refuses a new technology 
because he/she does not value this technology in general or because the selected product
attributes in the CBC design do not yet meet the technical requirements consumers have: If 
the value-levels of PU or PEOU are small, the refuse is grounded in the low overall 
technology perception. If the value-levels are large, the refuse is due to wrong product-
attribute selection. And we can moreover quantify what a better perception of the technology 
would mean in terms of utility and whether it is worth to keep on investing in the 
development and promotion of the product. Our empirical results demonstrate impressively 
that the perception of the technology can potentially account for a considerable amount of 
utility and thus willingness-to-pay. For further research we are going to (1) apply alternative 
estimation models, like G-MNL, to our approach to enhance our results and (2) transfer our 
two-step-approach into simultaneous estimation.
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