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New Industrial Product Design and Evaluation Using 
Multiattribute Value Analysis 

Ralph L. Keeney and Gary L. Lilien 

Increasingly, the design of successful new indus- 
trial products is related to careful market assess- 
ment. Traditionally, managers and researchers 
have studied their markets by examining a small 
number of product attributes that are common 
across a range of informed respondents. In many 
ways, these techniques fail to meet the chal- 
lenges posed by today's often heterogeneous, 
highly competitive, fast moving industrial mar- 
kets. Ralph Keeney and Gary Lilien introduce us 
to  a technique they call multiattribute unlue anal- 
ysis, both describing the procedure and describ- 
ing a comprehensive example. Their approach in- 
troduces considerableJClexibility to the process of 
market assessment. Technically, it permits the 
evaluation of many more attributes, value trade- 
offs, and synergies among attributes than do 
more traditional methods. In addition, it permits 
nonlinear evaluation functions that may be idio- 
syncratic to the individual. Practically, their ap- 
proach, illustrated with a detailed case npplica- 
tion, is shown to have sign8cant potential for 
aiding product design decisions. 
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of Management Science, Pennsylvania State University, 1 13 Busi- 
ness Administration Building 11, University Park, PA 16802. 

The New Industrial Product Development 
Process 
The long-term health of industrial and consumer 
product companies is tied to their ability to inno- 
vate successfully-to provide existing and new 
customers with a continuing stream of attractive 
new products and services. The firm that does not 
maintain a program of managed innovation can 
quickly find itself behind competition. But the 
risks associated with innovation are significant; 
there are large investments involved and the like- 
lihood of failure is high [14,17]. 

Hopkins [23] reports that well over half of all 
industrial firms find their success rates "disap- 
pointing" or "unacceptable." Cooper [13] re- 
ports a failure rate of 41% for fully developed new 
industrial products introduced into the market; 
i.e., for those that successfully passed the devel- 
opment process. Booz, Allen and Hamilton [4] 
report a failure rate of 35% for new products. In 
an earlier study, BOOZ, Allen and Hamilton [3] 
report that about 70% of the resources spent on 
new products are allocated to products that are 
not successful in the market. 

There are many reasons to believe that succes- 
ful new product development will be even harder 
in the future than it has been in the past. Those 
reasons include the fragmentation of markets, 
greater market competition, shorter time periods 
to adjust new products, increasing social and gov- 
ernmental constraints, capital shortages, and 
shorter product life cycles [31]. 

A number of studies on new product failures 
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[1,3-5,lO-13,16,18,29,32] have found that al- 
though there are often many causes, a predomi- 
nant reason that products fail is for lack of a clear 
understanding of market needs. For example, Ca- 
lentone and Cooper [6], in a study of new-indus- 
trial-product failures, found that the largest cate- 
gory, 28%, included products that met a 
nonexistent need while only 15% of the product 
failures were "bad" products-that is, did not do 
what they were supposed to do. Cooper and 
Kleinschmidt [15] point out that a major reason 
for this lack of understanding of market needs 
results from inadequate market studies. They 
note that 

Preliminary Market Assessment [was] very 
weakly rated [as well done] overall, yet strongly 
correlated with all four measures of project per- 
formance . . . Detailed Market StudylMarket 
Research [was] omitted altogether in 74.6 per- 
cent of the projects . . . yet [was] significantly 

correlated with all four measures of project per- 
formance. (p. 84) 

Thus, there is strong reason to believe that an 
organized, analytic approach to new industrial 
product development has the potential to stream- 
line the process and reduce new product failure 
rates. 

In the next section we outline several popular 
analytic evaluation approaches for new products 
and suggest that there is an important class of 
problems for which these approaches are inap- 
propriate. The next section introduces multiattri- 
bute value analysis for this class of problems. We 
develop that approach, illustrate its use in a real 
application, and evaluate its potential for new in- 
dustrial product evaluation. 

Analytic Approaches for the New Product 
Development Process 
Urban and Hauser [34] discuss several methods 
available to aid in new product design and posi- 
tioning. Most of those methods link product at- 
tributes (or dimensions, i.e., physical product 
features-speed, efficiency-as well as psycho- 
logical aspects of the product-perceived qual- 
ity, service, vendor reliability) to a preference 
measure through some functional form (usually 
linear). Three commonly used procedures are ex- 
pectancy value methods, preference regression 
methods, and conjoint analysis. Each of these 
procedures relies on the product designers or an- 
alysts, rather than potential customers, to specify 
the attributes. While the designers are often 
guided by prior input from customers, their deci- 
sions may be somewhat arbitrary. 

Expectancy Value Methods 

These methods [37] ask respondents to score 
each of a set of products or product-concepts (on 
a 1-7 scale, say) on each product attribute. The 
respondent also provides an importance weight 
for each of these attributes. The value (or prefer- 
ence) the individual has for that product is then 
calculated as the sum of the attribute scores mul- 
tiplied by the importance weight of the corre- 
sponding attribute. 
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Expectancy value methods are perhaps the 
most widely used of all methods for new product 
screening. The method is easy to understand, 
simple to apply, and inexpensive as well. How- 
ever, if several of the attributes tap the same un- 
derlying dimension, the method will over-weight 
(double count) the importance of those attributes. 
In addition, Beckwith and Lehman [2] show that 
the method can lead to the halo effect in which a 
favorable product is inappropriately rated favor- 
ably along all scales. 

Preference Regression 

The preference regression model looks very 
much like the expectancy value model but is de- 
veloped differently. In the expectancy value 
method, respondents provide attribute-weights 
and the model is used to predict (infer) overall 
product preference. In the preference regression 
method, preference judgments obtained from in- 
dividuals are used as dependent variables in a 
regression equation with attribute ratings as inde- 
pendent variables. Importance weights are then 
inferred as regression coefficients. Other differ- 
ences between preference regression and expect- 
ancy valuefmethods are (a) in preference regres- 
sion, importance weights are usually assumed 
homogeneous across a group of respondents and 
(b) groups of attributes (combined through a fac- 
tor analysis, perhaps) are often used as indepen- 
dent variables to reduce problems of multicol- 
linearity. 

Some advantages of the preference regression 
approach are that it is easy to use (requiring only 
a standard regression package), it is frequently 
more accurate in predicting preferences than the 
expectancy value approach, and the inferred im- 
portance weights can be used to guide product- 
design decisions. 

Its limitations include the fact that a linear 
model-form is most frequently used. Although 
implementations such as PREFMAP [7] have op- 
tions to deal with thresholds, nonlinear effects, 
and the like, Urban and Hauser [34] contend that 
such effects are not handled in an entirely satis- 
factory manner. In addition, importance weights 
are normally population-averages and provide lit- 
tle information about individual-level differences 
in attribute importance. 

Conjoint Analysis 

Conjoint analysis is an approach for predicting 
respondent preferences for a "product" defined 
by a set of attributes at specific levels (price = 
$1400, horsepower rating = 28, etc.). The respon- 
dent usually rank-orders total product profiles, 
from most preferred to least preferred. These 
product profiles are combinations of product at- 
tributes, set at discrete levels. Four attributes set 
at four levels would lead to 44 (i.e., 256) combina- 
tions for rank ordering, so fractional factorial pro- 
cedures [21] and trade-off analysis [24] are used 
to keep the respondent-task not too unwieldy. 
The conjoint analysis procedure then determines 
importance weights (known as "part-worths") 
for each of the attributes. 

Conjoint analysis is most useful in evaluating 
design tradeoffs when a small number of impor- 
tant, discrete, alternatives are being considered. 
Analysis is normally done at the individual level, 
and market response is estimated by aggregating 
individual responses. Cattin and Wittink [8] re- 
view commercial uses of conjoint analysis. 
Green, Carroll, and Goldberg [20] discuss the 
POSSEE system, a decision support system for 
conjoint analysis studies. 

Conjoint analysis has several limitations. First, 
no statistical inference procedures exist, a seri- 
ous drawback for fitting a model form. Second, 
the procedure assumes that the appropriate ex- 
perimental factors (the product attributes) are 
known in advance, are small in number, and are 
constant across respondents. Finally, the ap- 
proach assumes that either the rank-ordered or 
paired-comparison data about individual prefer- 
ences provide reliable information about likely 
purchase actions (a limitation of all the proce- 
dure s , in fact). 

The three procedures outlined here are the 
ones most commonly used in practice. But they 
are most frequently used for consumer products 
or for industrial products with a few important 
design dimensions that are identical across re- 
spondents. 

There is an important class of products for 
which these approaches are not well suited. 
Many industrial product markets for high tech- 
nology, and in particular, capital equipment, are 
characterized by heterogenous users (users with 
different needs), a large number of product attrib- 
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utes, and a small number of high-volume, buying 
firms. The multivariate value function approach, 
developed and illustrated below, is appropriate 
for markets of this type. Indeed, in many such 
markets, there will be a small number of highly 
influential buying firms who are consistent early 
adopters of new technologies. Von Hippel [35] 
refers to these customers as "lead users." He 
points out that in such markets, "most potential 
users will not have the real-world experience to 
problem solve and provide accurate data to in- 

For each criterion at the lowest level of the 
hierarchy, a measure (continuous or discrete 
scale) must be identified or constructed to indi- 
cate the degree to which products meet the corre- 
sponding criterion. Each measure has implicit 
value judgments, so it is desirable to make the 
measures customer-specific. Procedures to iden- 
tify measures are discussed in Keeney [26].  

Identification of a General Evaluation Model 
quiring marketing researchers" (P' 79). He sug- The appropriate functional form of an evaluation 
gests that a key to new product success in such model depends on how individuals fivalue,, both 

is to market research at the relative levels of the product attributes and inter- 
(usually) small number of lead users. actions between levels of these attributes. Differ- 

The Multiattribute Value Analysis Approach 
The multiattribute value analysis approach has 
three major steps. The first is specification of the 
product attributes for a given customer and pro- 
spective need. The second is identification of an 
appropriate evaluation model (i.e., the form of a 
multiattribute value function). And the third is 
the assessment of value judgments to calibrate 
the value function for that respondent. 

Specification of Attributes 

The specification of attributes provides a compre- 
hensive list of criteria for evaluating prospective 
products. The discussion between the analyst and 
the prospective customer is used to develop the 
criteria. Particular emphasis must be placed on 
clarifying "softer," hard-to-measure criteria such 
as supplier problems, serviceability, or upgra- 
deability, as these important criteria are often ne- 
glected with other approaches. The intent is to 
elicit a complete set of significant criteria. 

Next, each criterion must be individually ap- 
praised to determine if it is fundamental to the 
product or a means to something fundamental (an 
end). For example, a criterion concerning redun- 
dancy may be a means to ensure reliability and 
low cost (ends). As such, it is inappropriate to 
include both redundancy (means) and reliability 
(ends) criteria. The process of identifying funda- 
mental criteria should indicate which fundamen- 
tal criteria are parts of which others and result in 
a hierarchical structure of the fundamental crite- 
ria. (The next section provides an example.) 

ent independence concepts are used to describe 
these value relationships. Various rather power- 
ful theoretical results imply a specific functional 
form given sets of these independence properties. 
A major result concerning the independence of 
attributes is summarized in the Appendix. Such 
results are most appropriate for "fundamental" 
criteria (i.e., criteria that exclude means criteria 
as discussed above). If the tests described in the 
Appendix indicate significant dependencies, then 
it is usually appropriate to return to the first 
step-specification of attributes-and attempt to 
better define or restructure the attributes. 

Assessment of Value J~~dgements  

Assessment procedures first identify the indepen- 
dence conditions that are appropriate for a pro- 
spective customer, which will indicate the form 
of the value function. Then they estimate compo- 
nent value functions and scaling factors. The pro- 
cedure outlined here is illustrated in the following 
case study. 

Preferential independence (see Appendix) is 
verified by finding pairs of products that the cus- 
tomer finds indifferent that differ in terms of two 
criteria only. By varying the other criteria, we 
investigate whether this indifference is affected 
by the levels of the other criteria. If indifference 
does hold, preferential independence is con- 
firmed. For weak-difference independence, we 
ask the customer for a level of one criterion that 
is half way in value between the value of two 
different levels of that criterion. If this "midva- 
lue" level remains the same regardless of what 
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levels are chosen for the other criteria, weak-dif- 
ference independence holds. 

To determine the value function, v, the re- 
sponses from questions to appraise weak-differ- 
ence independence are used. If for attribute, X, 
x' is the midvalue level between the least desir- 
able level x0 and the most desirable level x*, then 
we set v(xf) = 0.5 (since v(xO) = 0 and v(x*) = 1 
are assigned to scale v from 0 to 1). Other points 
between x0 and x' and between x' and x* can be 
similarly assessed to yield more points on v. Then 
a curve can be fit to the points. From the pairs of 
"indifferent products" identified in verifying 
preferential independence (see Appendix), at 
least n equations must be generated to estimate 
the n attribute weights. 

Details on the independence concepts and as- 
sessment procedure are found in Keeney and 
Raiffa [28], Keeney [25], and von Winterfeldt and 
Edwards [36]. 

In essence, then, in a particular application (a) 
careful questioning of the prospective purchaser 
identifies a set of attributes and ascertains 
whether they are "ends" and not "means." (b) a 
series of indifference questions are used to deter- 
mine and select an appropriate value function 
form and (c) multiple variations of those ques- 
tions are then used to calibrate the value func- 
tions. A case illustration follows next. 

Case Application: Capricorn Corporation 
and the OR9000 
Background 

Over the last decade the integrated circuit indus- 
try has gone through a cycle of birth, explosive 
growth, and, currently, has moved into a phase of 
severe competition. Few industries have evolved 
so quickly on the one hand and have found such 
severe competition on the other. The risks associ- 
ated with customer and market misassessment 
are as significant here as in any other industry we 
have examined. 

In early 1984 we were approached by the Cap- 
ricorn Corporation (ficticious name), a well- 
known Silicon Valley firm, with an established 
reputation for producing high quality rnanufactur- 
ing, test, and control equipment. The firm had 
developed a technical breakthrough that, they 
felt, would give them a significant cost advantage 

in manufacturing test equipment for very large 
scale integrated circuits (VLSIC). The questions 
Capricorn asked were: how would prospective 
customers evaluate a Capricorn entry in this 
(highly competitive) market and how should Cap- 
ricorn's product be designed? 

The analysis described here was part of a 
larger study aimed at identifying likely customers 
for the product, the decision-process within firms 
for purchasing such test equipment, the likely fu- 
ture needs of such customers, and the likely com- 
petitors for the product within each customer-or- 
ganization. 

Zdentihing Attributes 

Following a review of the technical literature and 
several meetings with technical and marketing 
staff at Capricorn, 17 decision criteria for VLSIC 
Tester evaluations were identified (Table 1, 
Column 1). Analyzing means-ends relationships 
to eliminated redundances, these 17 criteria were 
identified from a much larger list of 57 main crite- 
ria, many of which had subcriteria [22]. The deci- 
sion criteria fell into four categories: technical, 
economic, software, and vendor support. Each 
criterion required an associated measure to de- 
scribe characteristics of different products in 
terms of that criterion. These measures were ei- 
ther natural scales such as the number of picose- 
conds (psec) for timing accuracy or a constructed 
scale, such as yes/no for the availability of data 
analysis software (Table 1, Column 2). 

Because the uses of the tester vary by the 
types of VSLIC devices tested by the customer, 
the range of desirable levels for performance cri- 
teria also vary by customer. For example, a cus- 
tomer may indicate that the "minimum accept- 
able level" for pin capacity is 64 while the 
"maximum level" (given current plans) is 256. 
Then the pin capacity dimension for this cus- 
tomer would only be evaluated between 64 and 
256. 

Technical criteria. There are six technical cri- 
teria for evaluating the testers, and each of these 
has a readily available natural measure. For ex- 
ample, pin capacity is measured by the number of 
pins and vector depth is measured by the memory 
size in megabits. 

Economic criteria. A key criterion in evaluat- 
ing integrated circuit testers is price. However, 
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Table 1. Ratings and Weights of Decision Criteria for Acorn Tester Selection 

Rank-order Relative 
of criteria weights 

Range of the measure within within 
Minimum Maximum decision decision 
acceptable Midvalue desirable criterion criterion 

Decision criteria Measure level points level category category 
-- 

Technical 
X1 = pin capacity quantity 
X2 = vector depth memory size 

(megabits) 
X3 = data rate MHz 
X4 = timing accuracy picoseconds 
X5 = pin capacitance picofarads 
X6 = programmable number 

measurement 
units 

Economic 
X7 = price total cost 
X8 = uptime percent 
X9 = delivery time months 

Software 
XtO = software percent 

translator conversion 
XI I = networking: yeslno 

communications 
Xg2 = networking: yeslno 

open 
XI3 = development mean time 

time (months) 
XI4 = data analysis yeslno 

software 

Vendor Support 
XI5 = vendor service time until 

system 
works 
(hours) 

XI6 = vendor time until 
performance response 

(hours) 
X17 = customer yeslno 

applications 

an important characteristic of the model is the 
ability of the potential purchaser to provide the 
appropriate price measure. Some prospective 
customers use the net purchase price. Others 
prefer to use the cost per unit tested or the 
total cost after tax implications. Two other re- 
lated economic criteria are uptime and delivery 
time. 

Software criteria. A key software criterion is 
whether a universal translator exists, measured 
by a yes/no scale. (A universal translator takes 
VLSIC testing software developed for another 
manufacturer's tester and translates it for use on 
Capricorn's tester.) Other software criteria in- 
clude several forms of networking capabilities 
and software development time. 
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Vendor support criteria. Vendor support crite- 
ria include service, performance, and application 
support. Vendor service is measured by the time 
necessary to get the equipment running after it 
has gone down. Vendor performance is measured 
by the time until vendor personnel arrive at the 
customer's facility after such assistance has been 
requested. The criterion of vendor capability to 
assist in applications is measured by the simple 
yes/no scale. 

An Evaluation Function for Mr. Smith of Acorn 
Industries 

Acorn Industries is one of the most important 
potential customers for Capricorn, as it is one of 
the five U.S. industry leaders in the manufactur- 
ing of VLSICs. After careful preliminary evalua- 
tion of the tester acquisition process, Michael 
Smith, the Manager of Test Engineering was in- 
tensively interviewed to determine his value 
function. Not only was Mr. Smith identified by all 
other buying center members at Acorn as "most 
influential" in the buying process for test equip- 
ment, he was so identified in numerous inter- 
views outside the firm as well. He seemed to 
serve as a "key referrent" for many firms in the 
region. In addition, he maintained a detailed ma- 
trix of test equipment and evaluation of that 
equipment along some 25 to 30 dimensions of his 
own. Thus, Acorn Industries in general and Mr. 
Smith in particular met the "lead user" criterion 
discussed by Von Hippel [35].  

Form of Smith's Evaluation Function 

The independence assumptions necessary to use 
the results in the Appendix were verified with Mr. 
Smith. Preliminary questioning suggested that the 
additive form (Eq. (A.2)) would be appropriate, 
and, as discussed in the next section, checks of 
this assumption confirmed that impression. 
Hence, the particular evaluation function chosen 
was 

where 

where v is a measurable value function scaled 
from 0 to 1 for evaluating testers represented by 
(xl,  . . . ,x17); T, E, S ,  and V stand for techni- 
cal, economic, software, and vendor support cri- 
teria, respectively; v n  VE, VS, and vv are compo- 
nent measurable value functions for the four 
respective decision criteria categories; kT, kE, ks, 
and kv are the relative importance weights of the 
four decision criteria categories given the ranges 
indicated by the prospective customer; vi is the 
component measurable value function for deci- 
sion criterion X, scaled from zero to one; xi is a 
specific level of X,; and ki is the relative impor- 
tance weight of decision criterion X, within its 
decision criterion category. To use this model, 
we need to assess 17 component value functions 
(the v,), 17 importance weights for the criteria 
(the ki), and four importance weights on decision 
criterion categories (k,, j = T, E, S, V). 

Calibration of the Evaluation Function 

The 17 decision criteria were reviewed with Mr. 
Smith. The measure he chose for criterion X7 was 
total cost, including tester cost plus initial train- 
ing and spares. He also changed decision crite- 
rion Xlo to the "percent conversion of the soft- 
ware translator." To determine the range over 
which criteria could vary, Mr. Smith was asked 
to specify a "minimum acceptable level" and a 
"maximum desirable level" for each criterion. 
These results are displayed in Table 1, Columns 3 
and 5 .  

Importance weights. Before assessing infor- 
mation to directly determine the importance 
weights, we asked easier questions to rank-order 
these weights. For instance, with respect to the 
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technical decision criteria, we begin by asking the 
following. "Suppose all the technical criteria 
were set at their respective minimum acceptable 
levels. If you could raise only one of these criteria 
from that level to its 'maximum desirable level,' 
which criterion would you move?" His response 
was that timing accuracy would be moved from 
&500 picoseconds to k250 picoseconds. This im- 
plies that k4 is Eq. (2a) is the largest of the impor- 
tance weights for the technical decision criteria 
evaluation function, v ~ .  

The next question concerned which of the 
technical criteria would be the second most im- 
portant to move from its minimum acceptable 
level to its maximum desirable level. His re- 
sponse this time was that vector depth would 
move from 1 to 4 megabits. This process contin- 
ued and was repeated for economic, software, 

Figure 1. Assessed Value Tradeoffs 

Cost (mil 1 ions $) 
(a 1 

Timing 

Accuracy 
k4.0 

(psec. 

and vendor support decision criteria (Table 1, 
Column 6). 

To specify the importance weights numeri- 
cally, value tradeoffs among criteria must be con- 
sidered. We chose the criterion ranked first 
within its decision criterion category and devel- 
oped indifference pairs of criteria as illustrated in 
Figure la. This exhibit shows that, with all other 
criteria held fixed, the respondent is indifferent 
between a cost of $1.5 million for a tester with a 
timing accuracy of f 500 picoseconds and a tester 
that costs $2.5 million and has a timing accuracy 
of k400 picoseconds. First, we asked which of 
points A or B in Figure l a  was preferred. Mr. 
Smith stated that B was preferred. Next, we 
asked which consequence was preferred between 
A and C in Figure la. Here, his response was A. 
This indicated that an increase in timing accuracy 

assessed as ? - I ~ l  indifferent 
Development 

Time 

(months) 

3 . 5  I \ 
Cost (mi 11 ions $) 

( b )  

Yes 

2 

Customer Software 
2.67 

Applications Development 
3 

Time 

(months) 

no 4 

2 . 5  2 . 4  2.0 1 . 5  2 . 5  2 . 0  1 . 5  

Cost (million $)  
(f) 

Cost (millions $1 
( d l  
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of 50 picoseconds from 500 and 450 was not We must scale the component value functions, 
worth to him the additional cost of one million vi, from 0 to 1. Thus, for pin capacity, ~ ~ ( 1 4 4 )  = 
dollars per tester. We then found out that Mr. 0, ~ ~ ( 1 9 0 )  = 0.5, and ~ ~ ( 2 5 6 )  = 1. Fitting this in- 
Smith was indifferent between consequences A formation to an exponential curve yields 
and D. The other pairs of indifference points indi- 
cated in Figure 1 were assessed in a similar man- V I ( X I  ) = 1 -929 11 - ex~(0.0065( 144 - xl))]. 
ner. These assessments also directly verified sev- 
eral of the preferential independence assumptions 
necessary to use the evaluation model in Eq. (1). 

Since each of the value tradeoffs in Figure 1 
show how much the respondent would pay for 
more performance along a given criterion, they 
provide a measure of decision criteria impor- 
tance. An advantage of this procedure is that it 
directly addresses value tradeoffs. The proce- 
dure, however, is somewhat complex. A simpler 
procedure that does not directly address value 
tradeoffs is to allocate 100 points among the deci- 
sion criteria of concern. 

Within each decision criterion category, Mr. 
Smith was asked to allocate 100 points to repre- 
sent the relative values of moving the criteria 
from their minimum acceptable levels to their 
maximum desirable levels. Among technical deci- 
sion criteria, of the total of 100 points, he as- 
signed 35 to timing accuracy, 20 points to vector 
depth, etc. The other associated weights indi- 
cated in Table 1, Column 7, were assigned to sum 
to 100. For ease of implementation, relative 
weights were first assigned and then normalized 
to sum to 100. Also, as a consistency check and 
for guidance in assigning weights, the ranking of 
importance weights within decision categories 
was available. 

Component value functions. To evaluate alter- 
native testers, we needed the relative desirability 
of any given level of any criterion within the 
range specified in Table 1. To do this, we asked 
questions such as (for pin capacity, which ranged 
from 144 to 256 pins), "What number of pins, call 
this y, is such that the increased desirability of 
going from 144 pins to y is equal to the increase in 
desirability of going from y pins to 256?" Mr. 
Smith's response in this case was 190, indicating 

An exponential, linear, or other functional form 
can be used to summarize these judgements. By 
using the midvalue assessments for additional 
pairs of criterion levels, additional data points are 
generated to help select and fit an appropriate 
curve. 

The other assessed midvalue points are pre- 
sented in Table 1, Column 4. In the case where 
the measure is a yes/no scale, we simply assign 0 
to the no level and 1 to the yes level of the value 
function in each case. The resulting component 
value functions are listed in Table 2. 

Synergies. To determine whether there were 
any synergistic effects in combinations of differ- 
ent criteria, we posed questions illustrated by 
Figure Id referring to pairs of costs and mean 
development times for software. We assigned a 
relative desirability of zero to the least desirable 
combination (i.e., a cost of $2.5 million and four 
months development time) and a relative desir- 
ability of 100 to the best pair (a cost of $1.5 mil- 
lion and 2 months development time). We then 
determined the relative value assigned to the 
other two corners indicated by E and F in the 
figure. The relative weight Smith assigned to E 
was 40 and that assigned to F was 60. This result 
was an indication that the additive value function 
was appropriate since these summed to 100, and 
were not otherwise constrained to do so. Thus, 
the appropriate specific form of the evaluation 
model (A. 1) was the additive case (A.2). Similar 
comparisons were performed with other dimen- 
sion pairs with similar results. 

The overall evaluation function. Using the in- 
formation above, we calculated the parameters 
for the value function (1) and (2). The decision 
criteria group weights are 

that the relative desirability assigned to 190 must kT = 0.52, kE = 0.14, 
be midway between that assigned to 144 and to ks = 0.32, kv = 0.02. (3) 
256 pins. Since this midvalue point did not de- 
pend on the level of the other criteria, pin capac- These weights were assessed from the type of 
ity was weak-difference independent of the other value tradeoffs presented in Figure 1 and normal- 
criteria. This is another required assumption for ized to sum to 1.0. Thus, the overall value func- 
evaluation model (1). tion ranges from 0 to 100 since we assigned the 
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Table 2. Tester Evaluations and Evaluation Function 

Tester Component 
value 

function OR 9000 5941 Sentry 50 Decision criteria 

Technical 
XI = pin capacity 
Xt = vector depth 
X3 = data rate 
X4 = timing accuracy 
X5 = pin capacitance 
X6 = programmable 

measurement units 
Technical Evaluation 

Economic 
X7 = price 
X8 = uptime 
X9 = delivery time 

Economic Evaluation 

Software 
Xlo = software translator 
X I 1  = networking: 

communications 
XI2 = networking: open 
XI3 = development time 
X14 = data analysis software 

Software Evaluation 

Vendor Support 
X15 = vendor service 
XI6 = vendor performance 
X17 = customer applications 

Vendor Support 
Evaluation 

Overall Evaluation 

component weights to equal 100 within each of 
the decision criteria categories. The weights in 
Eq. (3) plus the weights in Table 1 and the compo- 
nent evaluation functions in Table 2 provide all 
the parts of the evaluation function. 

Summary of judgements required. Let us con- 
sider the number of types and judgements that 
would be required from each respondent to iden- 
tify and quantify an appropriate evaluation 
model, If there are N criteria identified for a par- 
ticular problem, then approximately 3N judg- 
ments (depending on the evaluation form), are 
needed. Of these, N judgments are needed for the 
verification of N independence conditions to im- 
ply a functional form for the model. Another N 
judgments provide the importance weights, and a 
third N provide the component value functions. 

Since the verification of independence condi- 
tions also provides information to specify either 
importance weights or component value func- 
tions, fewer than 3N judgments are absolutely 
necessary. However, a few additional judge- 
ments are useful as consistency checks. Also, if 
violations of independence conditions occur, ei- 
ther additional importance weights or component 
value functions that are dependent on criteria lev- 
els of other attributes are needed. The number of 
additional judgments increases roughly as the 
square of the number of criteria violations of in- 
dependence conditions. If there are more than 
about three independence violations, the value 
model has been constructed with a poor set of 
overlapping criteria with complex value impacts. 
The criteria set should be reconsidered and modi- 



NEW INDUSTRIAL PRODUCT DESIGN J PROD INNOV MANAG 
1987;4: 185-198 

fied in this case. With two or fewer independence 
violations, assessing value judgments to quantify 
synergies is both reasonable to do and provides 
insights. 

Using the Model 

The model developed above was used to deter- 
mine the likely response Acorn Industries would 
have to the 0R9000, a new tester Capricorn cur- 
rently had in prototype form. Acorn Industries 
currently is interested in two preferred testers: 
the Sentry 50 and the 5941. Table 2 presents a 
description of the three testers, in terms of the 17 
decision criteria, and their evaluation using the 
value function developed above. 

Base case evaluation. The decision criteria 
were scaled on a 0.0 to 1.0 scale with 1.0 corre- 
sponding to the most desirable level and 0.0 cor- 
responding to the least desirable level of the 
scales listed in Table 1. Some evaluations in Ta- 
ble 2 are less than 0.0 since they are lower than 
the minimum acceptable level. This occurred be- 
cause the range was set for the testers to be used 
in research as well as production engineering, 
while the testers evaluated were basically pro- 
duction models. Thus, none of these testers is 
truly acceptable to Acorn. This evaluation shows 
which of the three testers would be "least unac- 
ceptable," and indicates the characteristics of 
preferable testers. 

Using base case evaluations, the Sentry 50 is 
slightly preferred to the OR9000 and both are 
much preferred to the 594 1. This follows from the 
overall evaluations of 15.4 for Sentry 50, 13.3 for 
OR9000, and - 18.0 for 5941. 

In terms of decision categories, the OR9000 
dominates 5941, i.e., the OR9000 is better than 
the 5941 in terms of technical, economic, soft- 
ware, and vendor support categories. The Sentry 
50 does not dominate the 5941. 

The OR9000 is strongly preferred to the Sentry 
50 in the economic, software, and vendor support 
categories. The Sentry 50 is strongly preferred to 
the OR9000 in the technical criteria category. 
This preference is basically due to pin capacity 
and timing accuracy, the latter being the major 
factor. We ran several sensitivity analysis to 
show the model can be used. 

Sensitivity analysis 1: change in description. 
Consider the effect of a decrease in the data rate 
for the OR9000 from 50 to 20 MHz. This reduces 

the technical evaluation of OR9000 from - 54.9 to 
-56.9 and reduces the overall evaluation from 
13.3 to 12.3. How much is this difference worth? 
If the price of the OR9000 dropped from the $1.4 
million with a 50 MHz data rate to $1.26 million 
with a 20 MHz data rate, the evaluations are 
equal at 13.3. This indicates that this change in 
data rate is worth $140,000. Similar assessments 
can be performed for any of the criteria. 

Sensitivity analysis 2: indifferent equivalent 
costs. How much more is the Sentry worth than 
the OR9000? Note that the total difference in 
evaluation scores is 15.4 to 13.3 or 2.1 units. A $1 
million price difference translates into kEk7 evalu- 
ation units or .14 x 50 = 7 units. The 2.1 unit 
difference is worth 2.117 x $1 million or $300,000. 
Thus Sentry is worth $300,000 more than 
OR9000. 

Sensitivity analysis 3: weights and value tra- 
deoffs. The evaluations of the OR9000 and the 
Sentry 50 are close, so customer choice is sensi- 
tive to weighting factors. The Sentry 50 is supe- 
rior to the OR9000 only in the technical criteria 
category. Hence, we began lowering the weight 
on the technical criteria from 0.52 and propor- 
tionally increasing the weight on the other criteria 
categories to maintain a sum of 1.0. Once the 
technical weight drops to 0.505, the two testers 
are indifferent. If the weight on the technical cri- 
terion drops below 0.505, then the OR9000 is pre- 
ferred to the Sentry 50. This indicates that the 
value tradeoffs are likely crucial to choice for this 
particular problem. Hence, additional market re- 
search should perhaps focus on their value trade- 
off. 

Sensitivity analysis 4: design upgrade analysis. 
Consider a Capricorn Machine that is the equal of 
the Sentry 50 in technical performance. Such a 
machine would have a value score of 47.3 vs. the 
OR9000's current score of 13.3 and Sentry's 15.4. 
This analysis points out that a substantial im- 
provement in customer value will be seen by a 
technical upgrade of the OR9000. 

h p a c t  at Capricorn 

Largely on the basis of this analysis, which 
showed the high importance of the technical cri- 
teria relative to the economic criteria, Capricorn 
abandoned market plans for the OR9000. This 
evaluation model, calibrated here and at other 
customer locations, helped focus attention on the 
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market potential resulting from improvements in 
several technical dimensions. Research into pro- 
ducing a new machine with significant enhance- 
ments along key technical dimensions is currently 
in progress. 

Evaluation and Use 
Our experience with this procedure for evaluating 
likely customer response to a new industrial 
product has been quite positive. Where the deci- 
sion criteria-the key product attributes-are 
customer-specific, where there are many such at- 
tributes and where synergies, value tradeoffs, 
thresholds, and the like are important, no com- 
monly used market evaluation procedure is satis- 
factory. Specifically, this approach has several 
benefits over existing methods. First, it permits 
the evaluation of many more dimensions than is 
possible with conjoint analysis, and permits inter- 
actions/synergies at any level as well. Second, it 
naturally allows for idiosyncratic, respondent- 
specified evaluation dimensions. Third, the 
model structures the evaluation process in much 
the same way that a careful industrial buyer 
does-and respondents take the evaluation task 
seriously because of that. Fourth, the procedure 
is hierarchical, bundling dimensions for value tra- 
deoffs at higher levels and comparing individual 
criteria at lower levels. This eliminates much of 
the redundancy in lists of criteria by focusing on 
fundamental (i.e., ends) criteria and eliminating 
means. 

On the other hand, this approach is not amena- 
ble for a large sample market research study. It 
requires heavy involvement of the respondent 
(most interviews take about half a day), and a 
well-trained, perceptive interviewer, since the in- 
terviewing procedure combines the specification 
and testing of functional forms with the calibra- 
tion task. To perform this analysis in 10 to 20 
firms would cost about the same as what pretest 
market models for consumer packaged goods 
costs ($25-75,000 [33]). This is somewhat more 
than most industrial marketers are used to paying 
for market analysis, but provides considerably 
more specific insight. 

Many of the limitations of this approach derive 
from the more complex nature of this procedure 
relative to those procedures described in the sec- 
ond section of this article. The procedure re- 

quires skill to administer. The interviewer must 
be able to explain and administer trade-off ques- 
tions and be sensitive to the level of knowledge 
(and the fatigue level) of the respondent. As a 
corollary, the respondent must have sufficient 
product-knowledge so that attribute trade-off 
questions are appropriate. 

In addition, there are several possible biases 
involved in the approach. As most organizational 
buying involves multiple individuals (301 it is im- 
portant that the key respondent's answers reflect 
the values of the firm. It is conceivable that the 
key respondents are "technological gatekeep- 
ers," wanting to encourage the supplier to under- 
take risky developments and produce products 
that may or may not be purchased when they 
ultimately reach the market. Although, ulti- 
mately, such a bias would lead to loss of the re- 
spondent's credibility with suppliers over time, it 
is a bias that should be considered. 

To the extent that multiple individuals are in- 
volved in purchasing situations, it is important 
that the implications of those individuals' value 
functions be combined in a sensible way. One 
method is to use the value function outputs to 
predict "votes" for purchase decisions and then 
develop a (weighted) score from these votes. 
Choffray and Lilien 191 develop this combining 
rule and others; Keeney and Kirkwood [27] de- 
rive conditions under which a multilinear combin- 
ing rule (similar to Eq. (A. I)) is appropriate. The 
combining rule problem is an issue of key impor- 
tance and no existing procedure handles it ade- 
quately at the moment. Of comparable impor- 
tance is the time-variance (stability) of the value 
assessment. Our assessment procedure is static; 
even if it is valid at the moment of assessment, 
the market (and customer values) may be differ- 
ent at the time of market entry. How different 
they may be is another unsolved problem. 

The assessment procedure is clearly obtrusive. 
It forces the respondent to think in terms of hier- 
archies and levels of attributes, trade-offs, and 
the like. How much that assessment procedure 
affects (biases) the respondent is hard to say. 

Many of the above problems would be allevi- 
ated if validation data were available. At this 
writing, we know of no other field application of 
the procedure in marketing. Indeed, assessments 
of multiple firms in multiple markets, using this 
and other methods of value assessment, will be 
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required to address the validation issue. We hope 
to have the opportunity to address that question 
in the near future. 

In summary, the use of multiattribute value 
analysis takes more time for both the interviewer 
and the respondent than other approaches ad- 
dressing prospective customer purchase behav- 
ior. Clearly, multiattribute value analysis is not 
generally appropriate for most packaged goods. 
But for multimillion dollar purchases, it may be 
cost-effective to delve deeply into the value 
judgements of prospective purchasers. 

It is reasonable to expect that purchasers will 
think hard about these values when "purchase 
time" comes. By forcing this hard thought early 
the seller may get biased responses and prefer- 
ences may change over time. But with an explicit 
representation of these stated values, and having 
heard the reasoning and thoughts behind them, 
the seller should be in a better position to recog- 
nize misleading biases and to foresee causes for 
future changes in values. Since values are crucial 
in large industrial purchases, a focus on what 
buyers want balanced with what sellers can give 
them can provide valuable marketing intelli- 
gence. 

On net, multiattribute value analysis is a proce- 
dure worth considering for important product de- 
sign decisions in highly competitive, heteroge- 
neous, fast moving markets. It avoids many of 
the disadvantages of the more common proce- 
dures and, though its cost is not trivial, it is an 
investment with the potential to pay handsome 
returns to leading firms. 
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Appendix: Independence Concepts and the 
Selection of a Value Function exists if and only if [XI,Xi], i=2, . . . ,n is pref- 

erentially independent of the other criteria and if 
To define the independence concepts' let us XI is weak-difference independent of the other assume that we have n criteria denoted XI ,  criteria. . . . ,Xn with Xi being a level of criterion Xi, i= 1, To determine v in Eq. (A. I), we need to assess . . . n. Thus, a prospective product can be de- 

vi, i= 1, . . . ,n on a 0 to 1 scale and the scaling scribed by the vector x = (xl, . . . ,xn). A value constants ki i= 1, . . .n. The additional constant model is then a function v that assigns higher k concerning synergy among criteria is deter- numbers to preferred sets of product characteris- 
tics. That is, v(x) > v(xt) if and only if x is prefer- mined from the ki. 

n 

red to xf  by the customer whose evaluation is of 
interest. 

Two independence concepts are most impor- 
tant in developing value models. 

Preferential Independence. The pair of criteria 
[XI, Xz] is preferentially independent of the 
other criteria X3, . . . ,X, if the preference 
order for products involving only changes in 
the levels of X, and X2 does not depend 
on the levels at which X3, . . . ,Xn 
are fixed. 

Weak Difference Independence. Criterion XI is 
weak-difference independent of criteria X2, 
. . . ,Xn if the order of preference differ- 
ences between pairs of XI levels does not 
depend on the level at which criteria X2, 
. . . ,Xn are fixed. 

Using these independence concepts, numerous 
value models can be developed 1251. They are all 
constructed hierarchically from the following 
result, proven in Dyer and Sarin [19]. 

If 2 ki = 1, then k = 0, and Eq. (A.1) reduces 
I = =  1 

to the additive form 

When 2 ki f 1, then k f 0 and there is a value 
i= l 

synergy among the criteria. Then, multiplying 
each side of Eq. (A. 1) by k, adding 1, and factor- 
ing yields 

which is referred to as the multiplicative form. 
Any vi in either Eq. (A.2) or Eq. (A.3) can itself 
be a multiattribute model, so these results can be 
used in a nested fashion to create more complex 
models if appropriate. 


