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Abstract
Researchers have long been interested in understanding cognitive processing differences across
consumer judgments and choices. Despite representing a focal outcome in much research, less
attention has been focused on the “choice-like” response of behavioral intentions. In this research
we compare processing differences in the formulation of judgments of attractiveness and
intentions. Based on the premise that different goals underlie these responses, we hypothesize
that they differentially recruit alternative reference points due to differential reference point
diagnosticity. We test this prediction in the domain of price attractiveness and purchase intentions
ratings. Study 1 provides evidence that endpoints of the range of alternative prices are more
predictive of ratings of price attractiveness than of purchase intentions, while price rank and
distribution mean are more predictive of purchase intentions ratings than of price attractiveness
ratings. Study 2 replicates this effect using a differing methodology. Finally, Study 3 provides a

test of the external validity of these findings in a multi-cue setting.
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An enduring theme in research on consumer behavior, social cognition, and behavioral
decision-making has been that all consumer judgment is relative. Consumers rate or choose some
brand or object relative to context that is externally available or recruited from memory (Hardie,
Johnson, and Fader 1993; Herr 1986; Kahneman and Miller 1986; Lynch, Chakravarti, and Mitra
1991; Mayhew and Winer 1992; Miller and Prentice 1996; Mussweiler 2003; Schwarz and Bless
1992; Sherif and Hovland 1961). Which standards of comparison are recruited and how are they
processed to evaluate some target?

The present manuscript investigates task effects on which elements of context are recruited
and used to make judgments. In particular, we ask the question of whether the contextual
elements that influence intention ratings differ from those that influence ratings of the
attractiveness of a product or one of its features. An immense literature in consumer behavior
and marketing has relied on two kinds of judgments: attractiveness ratings and ratings of
behavioral intention. Some studies rely on one or the other, as in the large literature on
forecasting purchase behavior by intentions (Alexander, Lynch, and Wang 2008; Clancy, Krieg,
and Wolf 2006; Morwitz 2001; Morwitz and Schmittlein 1992). Other research treats intention
ratings and attractiveness ratings as interchangeable, with similar predictions for effects of
independent variables on these different measures (e.g., Howlett et al. 2009; Menon, Block, and
Ramanathan 2002). In other cases both measures are collected in the same study and
attractiveness perceptions are treated as antecedents of intentions (Anderson and Sullivan 1993;
Schneider et al. 2005). Nothing in the literature to date has suggested that context effects might
operate differently for these two classic marketing and consumer research dependent variables.

We develop and test a theory of why intentions and attractiveness ratings would be

differentially susceptible to certain classic context effects in the literature, due to task differences



in which reference points are recruited and perceived as diagnostic. In particular, many papers
have pointed to effects of the average of a set of contextual stimuli (as in Helson’s adaptation
level theory and most work in marketing on reference prices); to the range produced by a set of
context stimuli (e.g., Janiszewski and Lichtenstein 1999; Lynch, Chakravarti, and Mitra 1991;
Hutchinson 1983; Volkman 1951), and the relative frequency or rank of a target within a context
set (e.g., Parducci 1965; Niedrich, Sharma, and Wedell 2001). We argue that for attractiveness
ratings, the highest and lowest stimuli seem most relevant, but that for intention ratings, the mean
of the context set and the rank of the target in the context set will matter most.

The basis for our argument is that intention is more “choice-like” than attractiveness
ratings. Typically, to intend to buy or select one alternative implies that one will not select other
alternatives in the salient set. In contrast, for attractiveness ratings, there is no bar to giving the
highest possible rating to more than one alternative. Payne (1982) has argued that for choice, an
input is diagnostic if it separates the best alternative from the rest (See also Lynch, Marmorstein,
and Weigold 1988). In the same way, we posit that comparison standards will seem diagnostic if
they help one rating intentions ascertain whether a focal alternative is the best in the set. We
argue that rank order information is particularly valuable for rating intentions, and that
consumers rating intention will be particularly sensitive to rank order changes in a target when it
is toward the “good” end of some distribution. Because it is not always obvious what the ordinal
position of a target is in a set when stimuli are not sorted or when people must rely on memory,
we also posit that consumers making intention judgments will be sensitive whether a target
stimulus is better than average. We use simple algebraic models used in prior literature to
determine conditions that make context mean, context range, and context relative frequency

affect attractiveness ratings and purchase intention ratings for a set of target products.



In testing our predictions of differential recruitment of alternative reference points, a
necessary condition is that a study context be chosen such that the focal attribute is salient
enough to motivate consumers to expend the effort necessary to engage in information
recruitment. Given that price is generally considered to be one of the most salient attributes
across consumers, product categories, and purchase contexts (Briesch et al. 1997; Niedrich,
Sharma, and Wedell 2001; Winer 1986), we test our hypotheses in the context of price
distributions. It also happens to be the case that both price attractiveness (e.g., Adaval and
Monroe 2002; Danziger and Segev 2006; Grewal, Marmorstein, and Sharma 1996; Grewal,
Monroe, and Krishnan 1998; Inman, Peter, and Raghubir 1997; Janiszewski and Lichtenstein
1999; Lichtenstein and Bearden 1989; Niedrich, Sharma, and Wedell 2001; Urbany, Bearden,
and Weilbaker 1988) and purchase intention (e.g., Baker et al. 2002; Dodds, Monroe, and Grewal
1991; Grewal, Monroe, and Krishnan 1998; Inman, Peter, and Raghubir 1997; Lalwani and
Monroe 2005; Petroshius and Monroe 1987) are two of the most commonly assessed outcomes
across pricing studies.'

In the balance of the paper, we first describe Range (Volkman 1951), Range-Frequency
(Parducci 1965), and Adaptation-Level (Helson 1964) Theories as these theories are most often
offered as theoretical bases for the use of distribution range endpoints, distribution rank, and
distribution mean as reference points, respectively. Then based on Norm Theory (Kahneman and
Miller 1986) and principles of diagnosticity (Feldman and Lynch 1988; Lynch, Marmorstein, and
Weigold 1988), we offer rationale and hypotheses predicting: (1) stronger range effects on

ratings of price attractiveness than on ratings of intentions, and (2) stronger rank and mean

! We should note that in addition to using price distributions, we also tested study hypotheses using miles per gallon
for automobiles and selection level for movie rentals as the focal attributes. Results were largely directionally
consistent with hypotheses, albeit also largely nonsignificant. While space limitations preclude a description of these
studies, these studies are described, and the results are provided, in the Web Appendix. We speculate that the reason
for the weaker results found for these two attributes and the stronger results found for price (reported subsequently)
lies in the differential salience of the attributes to consumers.



effects on ratings of intentions than on ratings of price attractiveness. We then describe three
experiments designed to test our hypotheses. We conclude with a discussion of the implications
our findings.
THEORETICAL BACKGROUND

As noted above, the three most commonly offered theories for the use of alternative
reference points are Range Theory, Range-Frequency Theory, and Adaptation-Level Theory.
Applied to price perception, Range Theory (Volkman 1951) posits that there is a linear
relationship between the product category price range and psychological perceptions of price.
Consumers are hypothesized to assign the lower bound of the range of prices to the upper (i.e.,
favorable) anchor of their price perception scale, the upper bound of the range of prices to the
lower (i.e., unfavorable) anchor of their price perception scale, and then do a linear mapping of
observed prices to price perceptions. For example, consider that a consumer is asked to evaluate
a price of $1.25 from a category with a price range of $0.75 to $1.75. As $1.25 lies equidistant
between $0.75 and $1.75, it is mapped to the midpoint of the price perception scale (i.e., it is
perceived as neutral). All else being equal, if the top end of the range were to be higher ($0.75
and $2.00), or the bottom end of the range were to be lower ($0.50 and $1.75), the $1.25 price
would be judged as more and less favorably, respectively (Janiszewski and Lichtenstein 1999).

As evident from this illustration, applied to price perception, Range Theory predicts that
only two prices, the upper and lower bounds of the range of encountered prices, are instrumental
in affecting perceptions of a target price. However, according to Range-Frequency Theory
(Parducci 1965), the perception of a price is influenced by a joint function of its distance to the
highest and the lowest prices (i.e., range principle) and its rank within the given price set (i.e.,

frequency principle). Therefore, holding range constant, the frequency principle would posit that



a target price will be perceived as lower/higher the more prices within the category fall
above/below it. For example, in the example above, $1.25 will be judged less favorably within
the range of market prices the more brand alternatives that fall on the low side of $1.25.

Finally, a third theory often used to explain how consumers form reference prices is
Adaptation-Level Theory (Helson 1964). Applied to price perception, this theory posits that
consumers evaluate target prices by comparing them to the arithmetic mean of previously
encountered market prices, or a geometric mean where market prices encountered more recently
are weighted more heavily. According to this theory then, target prices are perceived as
lower/higher as they deviate more on low/high side of the mean of the price distribution.

The issue at hand relates to differential recruitment and use of references prices based on
these three theories across response tasks of judgments versus intentions. We believe that Norm
Theory (Kahneman and Miller 1986) in conjunction with principles of diagnosticity (Feldman
and Lynch 1988; Lynch, Marmorstein, and Weigold 1988) provides a theoretical basis for
offering predictions for such differential recruitment and use. Specifically, according to Norm
Theory, each time a person is asked to evaluate a stimulus (e.g., product X at price Y), it acts as a
probe and selectively recruits a context set of alternatives (e.g., alternative products at various
prices) that serve as a frame of reference for the stimulus evaluation. These representations are
generated in parallel and form a distribution with mean, mode, and range for each attribute that is
relevant. Of critical importance, Kahneman and Miller (1986) emphasize that the evoked set of
alternatives recruited by a probe is context-dependent. Based on the premise of differences in
reference point diagnosticity in accomplishing attractiveness versus intention goals, we
hypothesize that one such context-dependency relates to that of response task, attractiveness

versus intention ratings.



Couched in the context of the present study, diagnosticity refers to the sufficiency or
informativeness of the alternative price reference point(s) to accomplish the objectives for the
decision task at hand (Lynch, Marmorstein, and Weigold 1988). We believe that range endpoints
allow consumers to formulate judgments of price attractiveness more so than intentions, while
stimulus rank and distribution mean allow consumers to formulate judgments of intentions more
so than price attractiveness. Underlying this prediction that alternative reference points are
differentially diagnostic for the two price ratings is the premise that prices may be evaluated
independently of each other, but each relative to range endpoints, in forming price attractiveness
judgments. However, as purchase intentions are “choice like,” they necessarily require that the
options be evaluated relative to each other in order for effective discrimination between options.
For instance, based on proximity to range endpoints, we may simultaneously judge prices of
many competing alternatives as all high or low or as all attractive or unattractive. Hence, that one
price may be seen as attractive (relative to range endpoints) is not diagnostic that a second price
is precluded from a similar evaluation. However, since an intention to purchase one item
precludes the purchase of (or lowers the purchase probability for) competing items, there in
essence is a comparative evaluation in that an intention to purchase will necessarily include
evaluations of stimuli relative to each other. Hence, alternatives are evaluated more heavily
relative to each other rather than relative to range endpoints. As such, the distribution endpoints
become less diagnostic, and reference prices that are more indicative of how the target brand
relates to the prices of alternatives (rank or mean) become more diagnostic, for intentions.

To illustrate our rationale way of an example, consider a distribution of fast food
restaurants ranging in price from $4 to $11 for a meal. A price of $6 will be judged as relatively

attractive due to a significant range effect, and less influenced by the number of options between
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$4 and $6 (a less significant frequency effect). The reason is that ratings of judgments of
attractiveness require no rating of one at the expense of others; numerous competing restaurants
in the $4-$6 can also be seen as having attractive prices (range endpoints are more diagnostic for
this judgment rating than is distribution rank or mean). Consequently, consistent with previous
research supporting the recruitment of range endpoints for judgments of price attractiveness
(Janiszewski and Lichtenstein 1999; Niedrich, Sharma, and Wedell 2001), for reasons of
diagnosticity, we hypothesize that range endpoints will exert more influence on price
attractiveness than intentions.

However, because forming an intention is “choice-like” in that an intention to patronize
one restaurant lowers the probability of patronizing others, forming an intention is more likely to
necessitate a process of comparing alternatives to each other. Because of this, a target alternative
evaluated in the context of a purchase intention is more likely to recruit viable alternatives so that
the comparisons can be made. Therefore, as the number of cheaper purchase options increases
(affecting both distribution mean and target price rank), purchase intention for the target
restaurant decreases. For this reason, the distribution of prices is predicted to be more diagnostic
for purchase intentions than are the price endpoints, manifesting itself in either a frequency
(rank) or adaptation-level (mean) effect. This prediction is consistent with previous research
which suggests that, relative to a judgment task, an input’s diagnosticity in a choice task is more
likely to be a function of whether it enables a decision maker to discriminate among alternatives,
that is, whether it separates “the best from the rest” (Lynch, Marmorstein, and Weigold 1988;
Payne 1982).

H1: Price range will have a more pronounced effect on ratings of price attractiveness

than on ratings of intentions.
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H2: Price mean and rank of the target price will have a more pronounced effect on
ratings of intentions than on ratings of price attractiveness.
STUDY 1
Method

Study 1 was designed to test H1 and H2. A total of 228 undergraduate students were
randomly assigned to a 3 (price distribution: negative-skew low-mean vs. positive-skew low-
mean vs. negative-skew high-mean) x 2 (response task: attractiveness rating vs. intention rating)
between-subjects design. The study was conducted in a computer lab and 2 to 12 students
participated in each session. Participants were told that we were interested in their responses to
prices for a one-night stay at 25 different hotels (20 contexts and 5 targets) located on a popular
beach (fictitious name) in Australia. They were told the prices would be presented sequentially
on their monitor.

Participants were then exposed to one of the three distributions of 20 context prices,
where prices were presented sequentially and in random order. The three distributions, shown in
Appendix A, differed in range, mean price, and skewness (see Lim 1995; Niedrich, Sharma, and
Wedell 2001; Smith, Diener, and Wedell 1989, for similar manipulations). Specifically, in
addition to manipulating skewness (as indicated by distribution names), the endpoints of the
positive-skew low-mean and negative-skew high-mean distributions were the same ($144-$240),
but higher than in the negative-skew low-mean distribution ($96-$192). The mean prices of the
negative-skew low-mean and positive-skew low-mean distributions were the same ($168) but
lower than that of the negative-skew high-mean distribution ($216). The variation in the range,
rank, and mean price across the three distributions allows for testing their influence on the target

prices.
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After rating each of the 20 context prices in terms of either attractiveness or purchase
intentions, participants were exposed to prices for five target hotels (constant across conditions)
that were presented sequentially and in random order. After exposure to each of these five hotels,
participants again rated either the attractiveness of the hotel at the various prices (1 = unattractive,
9 = attractive) or their purchase intentions for booking a reservation (1 = do not want to purchase,
9 = want to purchase) for each. Manipulation checks followed assessment of these ratings by
having respondents identify the lowest, highest, and mean prices in their context distributions
from a list of nine prices ($96, $144, $156, $168, $180, $192, $216, $228, and $240).
Preliminary Checks and Manipulation Checks

Initial screening eliminated eight participants who did not complete the study or who
pressed wrong keys. We also checked the correlation between response ratings and prices for
each participant in order to identify participants who did not answer seriously or wrongly
interpreted the scale anchors. We eliminated additional 12 participants whose correlation was
either positive or zero, retaining 208 participants. The proportion of the removed participants is
not significantly related to either the task (Xz(l) =.33, p =.566) or the distribution (x2(2) =3.50,
p =.174). The average correlation of the retained participants was -.80.

Manipulation checks were conducted for the perceived lowest, highest, and mean prices
of the presented prices. Perceived lowest price in the negative-skew low-mean (M = 113.63) was
significantly lower than that in the positive-skew low-mean (M = 149.31; F(1, 202) = 74.74, p
<.001, n’=.25) and the negative-skew high-mean (M = 153.86; E(1, 202) = 97.31, p <.001,
n2= .32) conditions, with no significant difference between the latter two (F(1, 202) = 1.16, p
= 282, n°=.004). Similarly, perceived highest price in the negative-skew low-mean condition

(M = 192.68) was significantly lower than those in the positive-skew low-mean (M = 230.98;
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F(1,202)=201.21, p<.001, n2= 41) and the negative-skew high-mean (M = 233.18; F(1, 202)
=230.43, p <.001, n°= .46) conditions. The latter two conditions did not differ (F(1, 202) < 1.0,
1= .001). These results indicate that the range manipulation was successful. Also, the perceived
mean price in the negative-skew high-mean condition (M = 199.77) was significantly higher than
those in the negative-skew low-mean (M = 167.67; F(1, 202) = 226.97, p <. 001, n’= .50) and
the positive-skew low-mean (M = 173.27; F(1, 202) = 144.14, p <.001, n2= .31) conditions.
While the difference between the negative-skew low-mean and positive-skew low-mean
conditions was also significant (F(1, 202) = 6.74, p < .010, n*= .01), this difference was
significantly smaller compared with the differences from the negative-skew high-mean (F(1,
202) = 68.68, p < .01). Thus, the manipulation of the mean price was also successful.
Model Fit Tests

We tested the fits of the four alternative models: the Range, Frequency, Adaptation-Level,
and Range-Frequency models (Model specifications are described in Appendix B). For each
task-distribution condition, the average response rating for the five target prices was computed
(see Table 1 and Figure 1) and used as input for nonlinear regression analyses. This yielded 15
aggregate mean ratings for each of the two rating task conditions that were used as dependent
variables for model fitting. This tested the extent to which each model explains the patterns of
the responses across the three distributions.” Table 2 presents the estimated coefficients and the

goodness-of-fit indices (R?) for each price model in different task conditions.

Insert Tables 1 and 2 and Figure 1 about here

? In addition to the reported results, we also conducted fit tests including two more comparable distributions. In a set
of tests, we included the negative-skew low-mean and the positive-skew low-mean distributions that have the same
mean price. In another set of tests, we included the positive-skew low-mean and the negative-skew high-mean that
have the same range. The results are consistent with the reported analyses.
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Comparisons of the fits of alternative models between the two task conditions show
results supporting H1 and H2. The fit of Range model to the data was greater for attractiveness
than intention (R* = .850 vs. .544). Conversely, both the Frequency and Adaptation-Level models
performed better in explaining purchase intentions than attractiveness judgments (Frequency: R*
= 943 vs. .760; Adaptation-Level: R* = .924 vs. .785). While the Range-Frequency model fits
both the attractiveness (R* = .981) and purchase intention (R? = .952) ratings very well, the
relative weight of the range (w) is substantially greater for the attractiveness than the purchase
intention (w = .76 vs. .54) rating, showing a greater reliance on the range feature for the
attractiveness rating and the greater dependence on the frequency feature for the purchase
intention rating.

To assess the statistical significances of the observed model fit differences, the
standardized beta coefficients (which are equivalent to the fit index, R, since there is only one
predictor variable) of the Frequency and the Adaptation-Level models were transformed to
Fisher’s Z and were compared across the two rating tasks. As expected, the standardized beta
coefficient for the Frequency model was statistically greater for the purchase intention rating
than for the attractiveness rating (beta = -.97 vs. -.87; Fisher’s Z = -2.11 vs. -1.35; z=2.08, p
=.038). Also, the standardized beta coefficient of the Adaptation-Level model was greater for the
purchase intention rating than for the attractiveness rating (beta = -.96 vs. -.88; Fisher’s Z =-1.98
vs. -1.38; z=1.67, p <.094). These results support H2.

Since the Range model has four coefficients, it does not allow for direct comparisons of
the fits using the standardized betas. Thus, the range effect was tested indirectly by adding an
interaction term to Range-Frequency model: Rix = 9-8[(w + wi*task)($ix - Smink)/(Smaxk - Smink) +

(1 —w - wi*task)Fi], where w;*task is the interaction between the strength of the range relative
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to the frequency effect (w) and the decision task dummy (0 = attractiveness rating, 1 = purchase
intention rating). The results showed that the interaction was significant (w; =-.18, SE =.04; t =
4.50, p <.001). The significant interaction with a negative sign means that the range effect is
significantly stronger for attractiveness judgment than purchase intentions, further supporting H1.
ANOVA Tests

Although the results of model fit tests support our hypotheses, this method is based on
aggregate data and thus does not reflect the variability of the participant in their responses to the
price information. Thus, we test the models using a 2 (task) x 3 (distribution) x 5 (targets: $144,
$156, $168, $180, $192) mixed ANOVA. The analyses allow for statistical tests recognizing
within-participant variability in order to examine whether the patterns of the average ratings are
consistent with model predictions. The influence of task and distribution on target price ratings
were examined via the planned contrasts.’

Average favorableness of the targets. First, we compared the average attractiveness and
intention ratings across distributions to examine whether the pattern of the means is as predicted
by the Range, Frequency, and the Adaptation-Level models. We focus our analyses on the
comparison between the negative-skew low-mean and the positive-skew low-mean and the
comparison between the positive-skew low-mean and the negative-skew high-mean, because the
three models predictions differ for these two sets of pairs.

First, the overall ratings of the negative-skew low-mean and the positive-skew low-mean
distributions were compared. The two distributions have the same mean but they differ in their

shape and range (see Appendix A). The Range model predicts that the overall rating should be

? The results of a 2 x 3 x 5 mixed ANOVA showed that the main effect of target prices (F(4, 808) = 192.57, p <.001)
and distribution (F(2, 202) = 16.77, p < .001), the interaction between target and distribution (F(4, 808) = 8.93, p
<.001), and the interaction between task and distribution (F(2, 202) = 3.44, p = .034) were significant. Although the
three-way interaction was not significant (F(4, 808) = .989, p = .413), the expected three-way interaction involving
quadratic trend (task x distribution x quadratic trend of the target) was significant (F(2, 202) = 5.02, p =.007).
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more favorable in the positive-skew low-mean than the negative-skew low-mean distribution
because targets in the former distribution are located near the highest end, and the targets in the
latter are located near the lowest end. The Frequency model, on the contrary, predicts that the
evaluation will be more favorable in the negative-skew low-mean (average rank of the target =
11.4) than in the positive-skew low-mean distribution (average rank of the target = 14.6), but the
predicted difference is not big. On the other hand, the Adaptation-Level model predicts that there
will be no difference between the two distributions because they have the same mean. Planned
contrast within the attractiveness rating task showed that the average rating of the positive-skew
low-mean (M = 5.25) is greater than that of the negative-skew low-mean (M = 4.72), as
predicted by the range model, and the difference was marginally significant (F(1, 202) =3.15, p
=.077). In purchase intention rating, there was no significant difference between the negative-
skew low-mean (M = 4.94) and the positive-skew low-mean (M =4.72; F < 1.0). This
moderating role of task was supported by a marginally significant interaction between task and
distribution (F(1, 202) =2.94, p = .088). Consistent with HI and H2, these results again suggest
that the Range effect is stronger for attractiveness rating, but the Adaptation-Level effect is more
prominent for intention rating.

Next, the average ratings of the positive-skew low-mean and the negative-skew high-
mean distributions were compared. The two distributions have the same price range, thus the
Range model predicts that the ratings will not be different between the two distribution
conditions. According to the Frequency and the Adapation-Level models, however, targets will
be more favorably evaluated in the negative-skew high-mean condition as the mean context price
is higher ($216 vs. $168) and the ranks of the targets are lower (5.5 vs. 14.6) in this distribution

than the positive-skew low-mean distribution. Cell mean contrasts within the attractiveness
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rating task showed that the average rating in the negative-skew high-mean distribution (M =
5.99) was higher than that in the positive-skew low-mean distribution (M = 5.25; F(1, 202) =
5.32, p =.023). This pattern does not agree with the Range model. Instead, it is consistent with
the Frequency and the Adaptation-Level models. In the purchase rating conditions, the rating was
also significantly higher in the negative-skew high-mean than in the positive-skew low-mean (M
=6.49 vs. 4.72; F(1, 202) =29.15, p <.001), supporting the Frequency and the Adaptation-
Level models. Although, contrary to our predictions, the adaptation-level and the frequency
effects were significant in both tasks, the significant task by distribution interaction (F = 5.32, p
=.022) indicates that the relative impact of the frequency and the adaptation-level effects are
stronger for the purchase rating than the attractiveness rating, as predicted by H2.

Trend contrast. To assess the differential impact of the frequency feature on rating tasks,
trend contrasts were conducted. Contrary to the Range or the Adaptation-Level models, the
Frequency model predicts that the relationship between the target prices and their ratings will be
nonlinear for the negative-skew low-mean and the positive-skew low-mean distributions in
which the changes in the rank of the target are not linear (see Appendix A). In the negative-skew
low-mean distribution, the change in the rank of the targets is greater for the higher price range
of the distribution. Therefore, the Frequency model predicts there will be bigger decreases in
rating scores for the higher target prices, resulting in a (decreasing) concave pattern. On the
contrary, in the positive-skew low-mean distribution, there are bigger changes in ranks for lower
target prices. Thus, the frequency model predicts that there will be bigger changes in rating for
lower price targets, resulting in a convex pattern. Such a nonlinear pattern is not expected for the
negative-skew high-mean in which the ranks of the target changes in a linear fashion.

Figure 1 presents the patterns of the average ratings for each task and distribution
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condition. For the purchase rating task, a concave quadratic trend was significant for the

negative-skew low-mean (F(1, 202) = 4.90, p = .028,  quadratic = --92) and a convex quadratic
trend was significant for the positive-skew low-mean (F(1, 202) =25.72, p <.001, ¥ quadratic =

2.49). However, as expected, the trend was not significant for the negative-skew high-mean (F(1,
202) = 1.25, p = .264). These results suggest that purchase intention was affected by the rank of
the target within distribution. In the attractiveness rating task, however, the quadratic trend was
not significant in all distributions (F’s <2.30, p’s>.131), showing a minimal impact of rank on
attractiveness rating task. This was supported by a significant three-way interaction involving
task, distribution, and quadratic trend (F(2, 202) = 5.02, p =.007).
Additional Tests on the Diagnosticity of the Rank Information

One additional prediction based on the hypothesized diagnosticity of rank for intention
responses is the asymmetric impact of rank on purchase intention ratings. As intentions relates to
“separating the best from the rest,” the effect of changes in the rank of a target alternative on
intentions ratings should be more pronounced when the changes occur at a portion of the
distribution that is more favorable, hence more relevant for impacting intentions. For example, a
change in rank from the 2™ lowest price to the absolute lowest price should have a more
pronounced effect on purchase intentions for the target alternative than a change in rank from the
5™ to the 4™. This prediction was tested by examining the sensitivity in actual ratings relative to
the predicted ratings by the frequency model. The sensitivity score was calculated as the ratio of
the differences in rating scores for the two adjacent target prices to those predicted by the
estimated model. For example, the sensitivity score for the purchase intention rating of the $144
target and $156 target in the negative-skew low-mean distribution was computed by the ratio of

the difference in purchase intention rating scores (i.e., 6.10 vs. 5.59) to the difference estimated
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by the frequency model (i.e., 5.93 vs. 5.68). Thus, the score greater than one indicates that the
actual ratings are more responsive to the change in the target rank compared to those predicted
by the model. If the rating of target price is more responsive to the change in its rank in a
favorable region of the distribution, the sensitivity score should be negatively correlated with the
price level of the target price. Also, this should be observed for the purchase intention ratings but
not for the attractiveness ratings. In the analysis, negative-skew low-mean and positive-skew
low-mean were included because the target prices of these distribution conditions include both
positive and negative frequency indices. Correlation between the price level and the sensitivity
was negative and significant (r = -.45, p = .077) for the purchase intention rating, but not
significant (r =-.15, p = .571) for attractiveness rating. These results are consistent with our
prediction that purchase intention ratings are influenced more by its rank when target price falls
into a favorable (vs. unfavorable) part of the distribution. However, the fact that attractiveness
rating shows no significant correlation with the price level is consistent with our assumption that
judgments involve comparisons with both positive and negative ends of the context prices.
Discussion

Results of the current study provide hypothesis-consistent evidence that range endpoints
exert more influence on judgments than intentions (H1), while both rank and mean exert more
influence on intentions than judgments (H2). Although our hypotheses were supported, the
stimuli used in Study 1 have some limitations due to high correlations among the Range,
Frequency, and Adaptation-Level models (r ranges between .52 and .90). Although it is natural
that the predictions of the three models are correlated, it may make it difficult to pit one model
against another. To overcome the potential problem, in Study 2, we independently manipulate

one dimension while holding the other dimensions remain constant.



20

STUDY 2

In this study, each of the three features of the price distribution (i.e., mean, highest and
lowest prices, and ordinal rank of the target price) was independently manipulated. Participants
were asked to rate the target brand after examining prices of 10 brands in a hypothetical product
category, which were presented either in ascending or random order. Depending on the task
condition, they rated the attractiveness of the target price (1 = unattractive, 7 = attractive) or their
intention to purchase the brand (1 = unlikely to purchase, 7 = likely to purchase).
Method

Participants and design. A total of 744 undergraduate students were randomly assigned
to a 2 (task: price attractiveness rating vs. purchase intention rating) x 3 (manipulated dimension
of the price distribution: range vs. rank vs. mean) x 2 (direction of the manipulation: high vs.
low) x 2 (context price presentation order: ascending vs. random) between-subjects design.* Six
sets of price distributions were created (see Appendix C) by shifting one of the three dimensions
of the price distribution — range, rank, or mean — in an upward (high condition) or downward
direction (low condition) from the standard price set consisting of 10 prices that served as a
baseline. A Kolmogorov-Smirnov test indicated that the standard price set follows a normal
distribution (z = .32, p > .99). The mean, median, and mid-point of the standard price set was
$12.50 (SD = 1.44) and its prices ranged between $10.00 and $15.00. We set the target brand’s
price at $12.50, the neutral point in the standard price set.

In all six distributions, only the corresponding dimension was manipulated and the other

two dimensions were held constant. For example, the price ranged between $8.00 and $15.00 in

*We had conjectured that when context prices were presented in systematic order, purchase intention ratings would
be more sensitive to rank than to mean, but that when context prices were presented in random order, purchase
intention ratings would be more sensitive to the mean than the rank. While results were directionally consistent with
this hypothesized interaction, the interaction failed to reach the level of statistical significance. Therefore, due to
space limitations and the desire to focus more exclusively on H1 and H2, this interaction hypothesis is not discussed
in the paper. We believe this remains an interesting topic for future research.
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the low range condition and between $10.00 and $17.00 in the high range condition. However, in
both conditions the mean of the prices ($12.50) and the rank of the target price within the set
(6th) remained the same. In the low and high rank (frequency) conditions, the target brand was
the 7th and 5th least expensive, respectively, while the mean ($12.50) and the range ($10.00-
$15.00) in these two groups were held constant. Similarly, the rank (7th and 5th inexpensive) in
the high and low frequency conditions and the average of the context prices (low = $12.00 and
high = $13.00) in the mean (adaptation-level) conditions were manipulated while other
dimensions were held constant. Thus, a comparison between the low and high conditions
allowed us to test the independent effect of the manipulated feature of the price distribution.
Since the range, mean and the target price’s rank are higher in the high (vs. low) condition in
each price distribution, the target brand in this condition should be evaluated more favorably than
in the low condition.

Procedure and measures. Participants randomly received one of the 24 versions of an
experimental booklet. The first page instructed participants to examine a table containing market
prices of 10 brands within the same product category. In the ascending order condition, the 10
prices were presented from lowest to highest. In the random order condition, the prices were
presented randomly. After viewing these prices, participants were asked to turn to the next page
and to evaluate the target price, $12.50, in terms of either price attractiveness or purchase
intention. In evaluating the target, participants were allowed to turn to the previous page to
examine the prices (i.e., stimulus-based evaluation). Subsequently, participants responded to
manipulation checks designed to test how accurately they perceived highest and lowest prices,
the mean price, and the rank of the target price within those brands.

Results
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Manipulation checks. The manipulation check indicated that the recognized lowest price
was lower in the low than the high range condition (M = 8.21 vs. 10.18; F(1, 732) = 466.20, p
<.001, 0> =.31) and the recognized highest price was higher in the high versus the low range
condition (M = 16.80 vs. 15.17; F(1, 732) = 146.85, p < .001, n* = .14). Also, the frequency
manipulation was successful since the perceived rank of the target price was significantly higher
(i.e., less expensive) in the high rank than the low rank condition (M = 4.70 vs. M = 5.52; F(1,
732)=37.74, p <.001, n2 =.05). Finally, the mean price manipulation check revealed that the
mean price was perceived to be lower in the low versus high mean condition (M = 12.26 vs.
12.82; F(1, 732) = 40.13, p < .001, n* = .05).

Hypothesis testing: Overview. The magnitude of range, frequency, and adaptation-level
effects in each task and presentation order condition was tested by comparing the difference in
the rating scores between high and low distributions. To test this, a series of planned partial
interaction and cell mean contrast tests were conducted. Since there was no significant effects
involving presentation order we collapsed the two order conditions. Thus, significance tests drew
the omnibus 2 (task: attractiveness rating vs. purchase intention rating) x 3 (manipulated
dimension of the price distribution: range vs. rank vs. mean) x 2 (direction of the manipulation:
high vs. low) ANOVA (df = 732, MSE = 1.64).” Table 3 presents the average rating of each

condition.

Insert Table 3 about here

Range effect. To test H1, a 2 (task: attractiveness vs. purchase intention) x 2 (direction of

the manipulation: low vs. high) partial interaction test was run in the range distribution condition.

> The results of the ANOVA test showed that, as predicted, the main effect of direction of the manipulation (F(1,
732) =17.79, p <.001; Mioy = 3.86 vs. My;en = 4.25) and the three-way interaction (F(2, 732) = 5.26, p = .005) were
significant.
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The results indicated a significant task by manipulation direction interaction effect (F = 3.95, p
=.047), showing that the range effect is stronger for the attractiveness judgment (Mifference = -65)
than for the purchase intention rating (Mgifrerence = -00). As predicted by H1, the range effect was
significant for the attractiveness judgment rating (Miow = 3.83 vs. My;gn = 4.48; F =8.11, p <.01),
but not for the purchase intention rating (Mjow = 3.81 vs. Mpign = 3.81; F < 1.0).

Frequency effect. To test H2, a 2 (task) x 2 (direction of the manipulation) partial
interaction test was conducted for the frequency distribution condition. Results showed a
significant task by manipulation direction interaction effect (F = 6.73, p =.010). Separate tests
for each task condition showed that the frequency effect was significant for the purchase
intention rating (Mjow = 3.71 vs. Mpienh = 4.64; F = 16.20, p < .001), but not significant for the
attractiveness rating (jow = 4.03 vs. Mpigh = 4.11; F < 1.0). These findings support H2.

Adaptation-level effect. The above two-way partial interaction tests and cell-mean
contrasts were also applied to the mean distribution in order to provide for the second test of H2.
Although the two partial interaction test did not show a significant task by manipulation direction
interaction effect (F < 1.0), the results of separate tests in each task condition were consistent
with H2. The adaptation-level effect was significant for the purchase intention rating (Mjew =
3.90 vs. Myigh = 4.33; F =3.32, p = .069), but not significant for the attractiveness rating (Mijow =
3.85 vs. Mhigh = 4.14; F = 1.59, p = .208).

Discussion

Replicating the results of study 1, we again find evidence supportive of H1 and H2 that
the influence of alternative reference points is affected by the decision task. As shown in Table 3,
range endpoints have a stronger influence when the task is to judge the attractiveness of a given

price as opposed to when the task is one of rating purchase intentions (H1), while rank and mean
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effects are more influential for purchase intention ratings than price attractiveness ratings (H2).

These hypothesis-consistent results recognized, both studies conducted thus far have in
common that consumers focused exclusively on price information. Information relating to other
product attributes was absent from both studies, a factor not representative of most market
situations. Study 3 was conducted to address this void by testing the study hypotheses employing
a methodology that recognizes the multiattribute nature of evaluations that consumers make
every day in the marketplace.

STUDY 3

Method

A total of 185 undergraduate students participated in 2 (task: attractiveness rating vs.
purchase intention rating) x 3 (price distribution: negative-skew low-mean, positive-skew low-
mean, and negative-skew high-mean) between-subjects study. Each participant viewed
descriptions for a set of seven 32-inch LCD TV options presented in ascending order in terms of
price. Each option was defined on three attributes: brand name, picture resolution, and price.
Brand name (JVC, Toshiba, and Panasonic) and picture resolution (1024 x 768, 1280 x 1024, and
1600 x 1200) had three levels, and price attribute had seven levels.® The price of the seven TV
alternatives followed one of the three price distributions (see Appendix D): negative-skew low-
mean, positive-skew low-mean, and negative-skew high-mean. As in Study 1, the three price
distributions varied in the range ($1,100-$2,000 vs. $1,400-$2,300), skewness, and mean ($1,700
vs. $2,000).

The following procedure was employed to generate sets of product profiles (e.g., Lazari

and Anderson 1994). First, seven TV profiles were created by combining the brand and picture

® The results of a pretest (n = 30) with independently recruited participants indicated that Panasonic was the most
preferred and JVC was the least preferred brands.
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resolution and then excluding two profiles with the best and worst combinations (i.e., Panasonic
— 1600 x 1200 pixels and JVC — 1024 x 768 pixels). Then, these seven brand-resolution pairs
were randomly assigned to the seven prices. Across the three price distributions, the prices of the
same rank position were assigned to the same brand-resolution attribute levels. There were three
different versions of random combinations.

In the experimental setting, each participant received a booklet containing instructions,
product profiles, and evaluation questions. The cover page provided a brief description about the
product and its attributes. The following page showed profiles of seven TV options with an
evaluation scale for each option. These seven alternatives were presented in ascending order
based on price. The evaluation task differed by condition. In the attractiveness rating condition,
participants rated the attractiveness of each TV brand on a nine-point scale (1 = unattractive, 9 =
attractive). In the purchase intention rating group, participants rated their willingness to buy each
option on a nine-point scale (1 = unlikely to purchase, 9 = likely to purchase).

Results and Discussion

Using the following procedure, we assessed the relative impact of each of price models
(i.e., Range, Frequency, Adaptation-Level, and Range-Frequency) on the estimated price
coefficients (i.e., the impact of the price on ratings). First, price coefficients (i.e., part-worths)
were obtained by running a regression analysis using evaluation rating as a dependent variable
and the following variables as predictors: two brand name dummies, two resolution dummies,
and six price dummies. These regressions were based on data pooled across respondents and run
separately for each price distribution and task. Thus, the analyses yielded a total of 21 price
coefficients for each task condition (i.e., six price dummy coefficients and a baseline (i.e., zero)

coefficient for each of the three price distributions).
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Next, as in study 1, the fits of the Range, Frequency, Adaptation-Level, and Range-
Frequency models were estimated using nonlinear regressions with the 21 price coefficients
obtained in the above analysis as a dependent variable and one of the following scores of the
three distributions as an independent variable: the range index, the frequency index, the AL index,
and actual price (see Appendix D).” As presented in the last two columns of Table 2, the fit of the
Range model was higher for the attractiveness rating (R* = .822) than for the rating of purchase
intention (R* = .659). On the contrary, the Frequency model and the Adaptation-Level model
were better fitted for purchase intentions (R* = .888 and .879, respectively) than for price
attractiveness ratings (R* = .533 and .560, respectively). The range weight (w) of the Range-
Frequency model was also substantially greater for the attractiveness rating (w = .99) than for the
purchase intention rating (w = .06).8

Further tests were conducted to examine the statistical significance of the observed
differences. More central to our hypotheses, comparisons of the beta coefficients of alternative
models in the two task conditions show that the fit index of the range model was greater for the
attractiveness rating (beta = -.91) than for the purchase intention rating (beta = -.81), although
the difference did not reach significance level (z = 1.30, p = .194). However, both frequency
(beta=-.94 vs. -.73; z=2.62, p = .009) and the adaptation-level coefticients (beta = -.94 vs. -.75;
z =248, p=.013) were statistically higher for the purchase intention rating than for the
attractiveness rating. Thus, results show support for H2 and directional support for H1. We also
examined the relative reliance on the range and rank feature in each rating task by testing the

significance of the interaction between range weight and task (w;) in the Range-Frequency model.

7 For the estimation of the range model, we used the range index that is defined as: RA; = (target price — the lowest
price in the distribution) / (the highest price in the distribution — the lowest price in the distribution). Using the
method we used in Study 1 (Eq. A2) also yielded similar results.

¥ Range weight coefficients were constrained to range between 0 and 1.
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Thus, the model input included the range (RAjx) and frequency (Fix) indices: Rix =a + b[(w +
wi*task)RAj + (1 - w - wi*task)Fix]. The test showed that the interaction term was significant (w;
=-1.08, SE = .25, p <.001), indicating that the relative magnitude of the range effect is higher
for the attractiveness rating and that the frequency effect is higher for the purchase intention
rating.

GENERAL DISCUSSION

One issue that continues to be of focal attention in decision research is that of information
processing differences across judgment and choice. Although much consumer research assesses
behavioral intention in lieu of choice, little research attention has been focused on this “choice-
like” response. The goal of the present research was to investigate differences between ratings of
attractiveness and intentions in terms of their differential sensitivity to alternative reference
points. Results across three studies provide consistent evidence that range effects are more
diagnostic, hence relied upon more, for attractiveness than intention ratings. Alternatively,
frequency (rank) and adaptation-level (mean) effects are more diagnostic, hence relied upon
more, for intention than attractiveness ratings. These results underscore the notion that
diagnosticity is goal-specific in that one reference point may be more diagnostic for one goal
than another (Lynch, Marmorstein, and Weigold 1988), even in cases where goals are thought to
be very closely related, in our studies, ratings of attractiveness and intentions.

We view our results as having important implications for researchers assessing
attractiveness and/or intention responses, but who may consider the two responses to rely on
common reference points, or perhaps more accurately, do not question that they do not. Perhaps
one area where this is most common is in models where attractiveness (or similar affect-related

judgments) is hypothesized to totally mediate effects on intentions and choice. To consider one
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such area, much research on consumer satisfaction has traditionally modeled this construct as the
sole and total mediator of antecedent effects on customer purchase intentions (e.g., Anderson and
Sullivan 1993). This practice extends to much recent research on the customer “value chain”
models where all antecedent managerial and employee-driven effects on customer intentions and
choice are totally mediated by customer satisfaction (Schneider et al. 2005). As satisfaction is a
judgment and less “choice-like” than the two downstream variables of intentions and choice, our
results suggest that different reference points may be differentially used in formulations of
satisfaction versus intention and choice responses, hence a totally mediated model may not be
justified.

As a second example of where attractiveness and intentions may be implicitly assumed to
have common reference points, consider the domain of price perception in which our study was
conducted. Different theories (e.g., Range, Range-Frequency, Adaptation Level Theory) are often
applied to price perception in an attempt to understand and explain “consumer response to
price.” To our knowledge, no research has further delineated among alternative “consumer
responses to price” based on the possibility of theoretical differences among these responses with
respect to responsiveness to alternative reference prices. A contribution of the current research is
that “consumer response to price” is too broad of a concept to consider when evaluating the
relative predictive ability of alternative reference points. Rather, researchers need to differentiate
between attractiveness and intention responses. As a case in point, Niedrich, Sharma, and Wedell
(2001) found that range effects were more influential on price attractiveness judgments than were
rank or mean effects, as did we. Given that many researchers might consider price attractiveness
and purchase intentions interchangeable and reflective of “price responses” more generally, there

may be a tendency to generalize the findings of Niedrich, Sharma, and Wedell (2001) to “price
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responses” more generally. Our results suggest that this might not be appropriate: Had Niedrich,
Sharma, and Wedell (2001) assessed purchase intentions rather than price attractiveness, their
effects may have been quite different.

These insights notwithstanding, we do believe that a boundary condition for our study
relates to the fact that it was conducted in a stimulus-based, rather than memory-based, decision
environment. This was necessary given the need to employ a between-subjects design where
respondents in both task conditions had the same exposure to the stimuli for rating. That
recognized, it is interesting to speculate what might occur in the rather common context where
consumers perform both tasks, attractiveness judgments followed by intentions, separated in time
and where intentions are memory-based. For example, in sitting in an office and deciding which
restaurant to choose for lunch, what information gets retrieved from memory in forming an
intention? Lynch, Marmorstein, and Weigold (1988) contend that in such a memory-based choice
context, consumers may attempt to perform the choice task by recalling previously made
judgments, or alternatively, they may attempt to retrieve attribute values across brands, or some
combination of the two.

To the extent that our stimulus-based findings would generalize to a memory-based
context, consistent with Norm Theory (Kahneman and Miller 1986), we would expect consumers
to rely more heavily on the latter process (i.e., retrieve attribute values necessary for estimating
rank or mean for use as reference values for intentions). However, such a process would
seemingly be very taxing for consumers. For example, according to Norm Theory, such a process
would entail consumers establishing a norm for each salient attribute (e.g., price, convenience,
nutrition) across the context set of alternatives, and then judging the target restaurant (e.g.,

Burger King) relative to the norm for each of these salient attributes. What is the probability
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consumers would engage in such an extensive process? It probably is not high. Lynch,
Marmorstein, and Weigold (1988) characterize consumers as cognitive misers and contend that
they will be more likely to rely on attributes, and not their prior judgments, in making choice
decisions only in cases where recall of diagnostic attributes is easy. In cases where recall of
attributes is more difficult, consumers will be more likely to rely on previously formed
judgments, and not their recall of attributes, as inputs to choice. Because of the retrieval task that
would be involved in estimating mean and rank even for our simple example here would be
taxing, we restrict the interpretation of our findings to a stimulus-based context where attribute
recall is held constant.

One additional point worthy of consideration is the lack of attention of judgment-
intention research relative to that of judgment-choice research, given the frequency with which
intention is the ultimate outcome variable assessed. Moreover, in many “choice” studies,
respondents are presented with a hypothetical choice. It would seem that on grounds of
commitment being the primary underlying construct differentiating judgments and choice
(Einhorn and Hogarth 1981), one could argue that unless a choice reflects a selection of an
option with consequences equal to those incurred in a realistic setting (i.e., respondents actually
realize the consequences of their choice), any “choice” measure actually reflects an intention of
what they would do if faced with such a real choice in a real setting. In this sense, it may be more
accurate to suggest that in many studies, choice measures are more “intention-like” than
intention measures are “choice-like.” In any event, we hope our research serves as an impetus for

others to consider additional theoretical differences underlying judgments and intentions.
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TABLE 1

STUDY 1: AVERAGE RATINGS OF THE TARGET PRICES

Attractiveness Rating” Purchase intention Rating”

NSLM PSLM NSHM NSLM PSLM NSHM
Target price (n=36) (n=37) (n=34) (n=39) (n=28) (n=34)
$144 5.94 6.51 6.59 6.10 6.25 7.16
$156 5.36 5.78 6.24 5.59 5.18 6.91
$168 4.81 5.20 6.00 5.23 443 6.56
$180 4.03 4.57 5.71 4.21 3.82 6.15
$192 3.44 4.19 5.41 3.56 3.93 5.68

NOTES: NSLM = negative-skew low-mean; PSLM = positive-skewed low-mean; NSHM =

negative-skew high-mean.

* Attractiveness rating scale ranged between 1 (unattractive) and 9 (attractive).

® Purchase intention rating scale ranged between 1 (do not want to purchase) and 9 (want to

purchase)
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TABLE 2

STUDY 1 AND STUDY 3: MODEL FIT RESULTS

Study 1 Study 3
Attractiveness Purchase Attractiveness Purchase
rating intention rating intention
rating rating
Range model
R’ 850 544 822 659
Frequency model
R’ 760 943 533 888
Adaptation-Level model
R’ 785 924 560 879
Range-Frequency model
R’ 981 952 823 889

w 76 54 99 .06




TABLE 3

STUDY 2: EVALUATION OF THE TARGET BY CONDITION

Range Effect Frequency Effect Adaptation-Level Effect

Low High Diff®* Low High Diff® Low High Diff?

Attractiveness rating 3.83 448 .65 403 411 .08 3.85 414 29
(65)  (63) (62)  (62) (61)  (63)

Purchase intention rating ~ 3.81  3.81 .00 371 464 93" 390 433 43
(62) (64 (63) (61 (57) (6D

Note. Sample sizes are in the parentheses.

* Diff. presents the difference in ratings between high and low distribution conditions.

"p<.10," p<.05.



FIGURE 1

STUDY 1: AVERAGE RATINGS OF THE TARGET PRICES

A. Attractiveness Rating

—e—NSLM
— - — PSLM

8.00 -

7.00 +

6.00 +
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4.00 4

3.00

$144 $156 $168 $180 $192

Target price
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B. Purchase Intention Rating

—&—NSLM
— i — PSLM

$144
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Target price
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$192

NOTES: NSLM = negative-skew low-mean; PSLM = positive-skewed low-mean; NSHM =

negative-skew high-mean.
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APPENDIX A

STUDY 1: FREQUENCY DISTRIBUTIONS OF PRICES BY DISTIBUTION

Negative-skew Low-mean

8 1 Mean =$168

$96 $108 $120 $132 $144 $156 $168 $180 $192 $204 $216 $228 $240

Target “m o o @O

Positive-skew Low-mean

8 1 Mean =$168

$96 $108 $120 $132 $144 $156 $168 $180 $192 $204 $216 $228 $240
Target (1) (1) (1) (l) (l)

Negative-skew High-mean

8 1 Mean =$216

0 : : : :
$96 $108 $120 $132 $144 $156 $168 $180 $192 $204 $216 $228 $240
Target “m o @O O O

NOTES: The bars represent frequencies of the context prices in each distribution. The numbers
in the parentheses are frequencies of the target price.
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APPENDIX B
FITTING OF THE RANGE, THE FREQUENCY, THE ADAPTATION-LEVEL, AND THE

RANGE-FREQUENCY MODELS

The fittings of the range, frequency, adaptation-level, and the range-frequency models
were tested with the model indices and model specifications used in previous literature (e.g.,
Niedrich, Sharma, and Wedell 2001). According to the adaptation-level model, the rating of a

target (Rix) in distribution k is determined by its deviation from the distribution mean.

Rik=a+b ($ik - $aix), (A1)

where a and b denotes the parameters for the constant and the adaptation-level effect,
respectively. The target price ($ik) and the average of the context prices given the distribution k
($a1x) are used as input.

The range model assumes that the evaluation of the target price ($i) is relative to the
lowest price ($minx) and the highest price ($max k) of the distribution. Because rating scales range
between 1 (least favorable) and 9 (most favorable), the range score (ranging between 0 and 1) is
mapped onto the rating scales as having the scale range of 8 and the highest rating of 9 (Study 1).
The range model includes parameters for the extreme prices of the distributions included in the

analyses.

Rik = 9-8[($ik - Sminx)/(Smaxk - Smink)]- (A2)

The frequency model used the frequency index that is defined as the rank of the target
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brand (Rank;y) in inexpensiveness in the distribution including a total of N number of brands: Fix
= (Ranki - 1)/(Nk-1). The frequency model is tested with two parameters (a and b) that reflect

the constant and the frequency effect.

Rikx = a+ b [(Ranki - 1)/(Ng-1)]. (A3)

The range-frequency model assumes that the rating is affected by both the range effect

and the frequency effect. The relative weight of the range effect over the frequency effect is

captured by the range weight parameter, w.

Rik = 9-8[W(Six - Smink)/(Smaxk - Sminx) T (1 - W)Fix]. (A4)



APPENDIX C

STUDY 2: DISTRIBUTION OF THE PRICES

Range Rank Mean
(Frequency) (Adaptation-Level)
Low High Low High Low High
Brand A 8.00 10.00 10.00 10.00 10.00 10.00
Brand B 9.00 10.25 11.00 10.50 10.25 11.50
Brand C 11.50 10.50 11.50 11.00 10.50 11.75
Brand D 12.00 10.75 11.75 12.00 10.75 12.00
Brand E 12.25 11.25 12.00 12.75 11.00 12.25
Brand F 13.75 12.75 12.25 13.00 12.75 14.00
Brand G 14.25 13.00 13.00 13.25 13.00 14.25
Brand H 14.50 13.50 14.00 13.50 13.25 14.50
Brand | 14.75 16.00 14.50 14.00 13.50 14.75
Brand J 15.00 17.00 15.00 15.00 15.00 15.00
Range
Lowest 8.00 10.00 10.00 10.00 10.00 10.00
Highest 15.00 17.00 15.00 15.00 15.00 15.00
Rank of the target 6 6 7 5 6 6
Mean 12.50 12.50 12.50 12.50 12.00 13.00
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APPENDIX D

STUDY 3: PRICE DISTRIBUTION AND THE RANGE, FREQUENCY, AND
ADAPTATION-LEVEL (AL) INDICES

Price Distribution Brand 1 Brand2 Brand3 Brand4 Brand5 Brand 6 Brand7

Negative-skew

Low-mean
Price $1,100 $1,450 $1,700 $1,800 $1,900 $1,950  $2,000
Range index 0.00 0.39 0.67 0.78 0.89 0.94 1.00
Frequency index 0.00 0.17 0.33 0.50 0.67 0.83 1.00
AL index -600 -250 0 100 200 250 300

Positive-skew

Low-mean
Price $1,400 $1,450 $1,500 $1,600 $1,700 $1,950 $2,300
Range index 0.00 0.06 0.11 0.22 0.33 0.61 1.00
Frequency index 0.00 0.17 0.33 0.50 0.67 0.83 1.00
AL index -300 -250 -200 -100 0 250 600

Negative-skew

High-mean
Price $1,400 $1,750 $2,000 $2,100 $2,200 $2,250 $2,300
Range index 0.00 0.39 0.67 0.78 0.89 0.94 1.00
Frequency index 0.00 0.17 0.33 0.50 0.67 0.83 1.00
AL index -600 -250 0 100 200 250 300
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The Effect of Reference Point Diagnosticity on Attractiveness and Intentions Ratings

Kwanho Suk, Song-Oh Yoon, Donald R. Lichtenstein, and Sie Yeoun Song

WEB APPENDIX

EXTENSIONS TO NON-PRICE ATTRIBUTES
Method

The stimuli and procedure for this study were similar to those used for study 3 except that
two product categories were employed and they were defined on non-price attributes. A total of
115 undergraduate students participated in a 2 (task: attractiveness rating vs. purchase intention
rating) x 3 (focal attribute distribution: negative-skew low-mean vs. positive-skew low-mean vs.
negative-skew high-mean) x 2 (product category: cars and movie download website) mixed-
design study. Task and attribute distribution were between-subjects and product was within-
subjects.

Cars were defined on gas mileage, acceleration, and warranty. Gas mileage, which was
the focal attribute, had seven levels, and both acceleration (10.9, 12.0, 13.4 seconds) and
warranty (65k, 70k, 80k miles) had three levels. Movie download websites were described on the
number of movie selections (focal attributes with 7 levels), download speed (3500, 3800, 4200
kb/s), and movie information quality (3.5, 4.0, 4.6 points). These focal attribute levels varied
across the three distribution conditions (see Appendix). For each target category, seven profiles
were generated using the same procedure as in study 3.

Participants received a booklet containing instructions, profiles of cars, profiles of movie

websites, and evaluation questions. The presentation order of cars and movie websites was
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randomized. The seven profiles of a category (i.e., car or movie website) were presented in
ascending order in terms of the focal attribute values. Participants in the attractiveness rating
condition rated the attractiveness of each alternative on a nine-point scale (1 = unattractive, 9 =
attractive). In the purchase intention rating group, the intention to purchase each option was
expressed on a nine-point scale (1 = unlikely to purchase, 9 = likely to purchase).

Results and Discussion

Like study 3, the Range, Frequency, Adaptation-Level, and Range-Frequency models
were fitted. Table W1 presents fits statistics for both cars and movie websites. For car
evaluations, the range effect is stronger for attractiveness rating than purchase intention rating
(R? =.930 vs. 866). Unexpectedly, the fits of the both Frequency and Adaptation-Level were
slightly higher for attractiveness rating than purchase intention ratings (Frequency model R
=897 vs. .891; Adaptation-Level model R* = .897 vs. .851). For movie websites, as expected the
fit of Range model was higher for attractiveness rating (R* = .947 vs. .861) and Frequency and
Adaptation-Level model fits were higher for purchase intention rating (Frequency model R?
= 857 vs. .779; Adaptation-Level model R* = .860 vs. .805).

Statistical tests between the two tasks were also conducted by comparing standardized
betas (Table W2). For cars, there were no significant differences between the attractiveness
ratings and purchase intention ratings across any of models (ps > .14). For movie websites, the
direction of effects was consistent with hypotheses, but in terms of statistical significance, results
were only partially supportive. The difference was significant only for the Range model (beta
=.96 vs. .87; p <.05) but not for other models (ps > .43).

We also tested whether the range weight (w) is stronger for the attractiveness rating task

by adding the interaction between range weight and task (w;). For cars, the interaction term did
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not differ from zero (w; = -.30, SE = .25; t=1.21, p > .23), providing no support for our
hypotheses. However, evaluations for the movie websites showed that the interaction was
significant (w; = -.60, SE =.19; t=2.99, p <.01), showing the range (frequency) has a stronger
influence for the attractiveness (purchase intention) evaluation, partially supporting H1 and H2.
We also compared across different models including the influence of raw attribute levels
in the same decision task. First, the Range model showed the best fit for both cars and movie
websites in attractiveness rating task. For car category, the coefficient of the Range model (beta
=.95) was not different from that of the Adaptation-Level (beta = .94). For movie websites, the
fit of the Range model (beta = .96) was significantly higher than Frequency (beta = .88, p <.10)
and directionally higher than the Adaptation-Level model (beta = .90, p =.12), Next, in the
purchase intention rating, the Frequency model and the Adaptation-Level model showed
improved fit over the Range model for both product categories. For cars, the fits of the
Frequency (beta = .94) and the Adaptation-Level (beta = .94) were better than that of the Range
model (beta = .89), but the differences were not significant statistically (p > .22). A similar
pattern was observed for movie websites. While the Frequency (beta = .93) and the Adaptation-
Level (beta = .93) showed better fit than that of the Range (beta = .87),the differences did not
reach the statistical significance (ps > .32). Overall, the consistency of results with respect to
directionality of effects, coupled with the finding that most of the hypothesized differences were
not statistically significant, is consistent with prior theorizing regarding the applicability of the
theories to non-price attributes, yet at the same time, the non-price attributes lacking the general

salience of price.
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TABLE W1
MODEL FIT RESULTS
Cars Websites
Attractive Purchase Attractive Purchase
judgment intention judgment intention
rating rating rating rating
Range
R’ 930 866 947 861
Frequency
R’ 897 891 779 857
Adaptation-Level
R’ 897 851 805 860
Range-Frequency
R’ 972 937 954 910
w .54 42 .84 .63




APPENDIX
DISTIRIBUTION OF THE FOCAL ATTRIBUTE LEVELS

A. Gas Mileage (km/liter) of Cars

Price Distribution Brand1 Brand2 Brand3 Brand4 Brand5 Brand 6 Brand7

NSLM

Attribute level 11.5 13.5 15.0 16.0 17.0 17.5 18.0
Range index 0.00 0.31 0.54 0.69 0.85 0.92 1.00
Frequency index  0.00 0.17 0.33 0.50 0.67 0.83 1.00
AL index -4.0 -2.0 -0.5 0.5 1.5 2.0 2.5
PSLM
Attribute level 13.0 13.5 14.0 15.0 16.0 17.5 19.5
Range index 0.00 0.08 0.15 0.31 0.46 0.69 1.00
Frequency index  0.00 0.17 0.33 0.50 0.67 0.83 1.00
AL index -2.5 -2.0 -1.5 -0.5 0.5 2.0 4.0
NSHM
Attribute level 13.0 15.0 16.5 17.5 18.5 19.0 19.5
Range index 0.00 0.31 0.54 0.69 0.85 0.92 1.00
Frequency index  0.00 0.17 0.33 0.50 0.67 0.83 1.00
AL index -2.5 -0.5 1.0 2.0 3.0 3.5 4.0

B. Number of Movie Titles of Online Movie Websites

Distribution Brand 1 Brand2 Brand3 Brand4 Brand5 Brand6 Brand?7
NSLM
Attribute level 350 600 900 1,000 1,100 1,150 1,200
Range index 0.00 0.29 0.65 0.76 0.88 0.94 1.00
Frequency index  0.00 0.17 0.33 0.50 0.67 0.83 1.00
AL index -550 -300 0 100 200 250 300
PSLM
Attribute level 600 650 700 800 900 1,200 1,450
Range index 0.00 0.06 0.12 0.24 0.35 0.71 1.00
Frequency index 0.00 0.17 0.33 0.50 0.67 0.83 1.00
AL index -300 -250 -200 -100 0 300 550
NSHM
Attribute level 600 850 1,150 1,250 1,350 1,400 1,450
Range index 0.00 0.29 0.65 0.76 0.88 0.94 1.00
Frequency index  0.00 0.17 0.33 0.50 0.67 0.83 1.00
AL index -550 -300 0 100 200 250 300

NOTE.—NSLM = negative-skew low-mean; PSLM = positive-skew low-mean; NSHM =
negative-skew high-mean



