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The author explores how consumers anticipate product or service
usage during the purchase deliberation and develops a descriptive model
of the decision process in which consumers integrate their usage expeac-
tations into the choice belween paying a flat fee for unlimitad access or
paying per use. The mode! helps explain why consumers habitually over-
estimate the likekhood of using encugh to justify the fiat fee and how this
rmisperception depends on the parcetved range of usage anticipated by

A @gnéiéve lodel of People’s Usage

the user.

Things nave their due measure, there ave ultimately
fixed ltmits, beyond which, or short of whuch, some-
thing must be wrong

—Horace. Sanres

The 1dea of limitiess consumption holds a special allure
for many consumers Whether it means bellying up to the
all-you-car-cat buffet, purchasing telephone service that
allows an unrestricted number of calls, or subscribing to an
online service that bills at a fixed monthly rate rather than
by the houar, people generaliy ke the idea of paying one fee
for unlimited access. [t 1s not unusual for 2 beginning tennis
player to join a semiprivaie club, a novice diver to buy
rather than rent scuba eguipment, or a recently enamored art
aficionado to purchase a season pass to a local museum,
each with the expectaton that he or she eventually witl use
the product or service cnough to justity the expense.

Yot a common phenomenon among consumers who pre-
fer unlimited access is the tendency to pay a fixed fee that
costs more than measured service would have cost, given
thewr demonstrated demand. The inability to anticipate
future usage and pummize expenditures accordingly has
beer: dubbed the “flat rate bias” and has been observed in
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several studics of local telephone service (Train i991).1 In
one study, 55% of customers who self-selected the flat fee
would have saved money had they chosen the measured
service billing option.2 Conversely, orly i0% of those who
chose the measured service would have saved money with
the flat fee (Kridel, Lehman, and Weisman 1993). In a more
recent study mvolving an online grocery shopping and home
delivery service, Nunes (1999) finds similar results. Of the
service’s 2600-plus subscribers in one Midwestern city, 59%
of those who enlisted under the flat fee program paid more
thar they would have had they choser 2 measured service
pricing plan. Only 1% of those who chose the pay-per-use
pian would have saved money with the flat fee.

Several motivational explanations might account for why
seople often intentionally buy more than they expect to use.
First, people may expect their usage to wncrease simply
because ihey want it to mcrease. This unwarranted cxpecta-
tion can be caused by wishful thirking (Einhorn and
Hogarth 1986) Ox, if there 1s a long-term berefit to increas-
ing their usage, consumers can precomrmnit by paying up
front for unbimeted access as an incentive t¢ increase their
consumption (Wertenbroch 1998). Second, people may not
want 1o be encumbered by a pay-as-you-go plan. In addition
to elimumating certain transaction costs, committing 1o the
fiat fee may free consumers from thinking about the cost
each time they use a product or service (Clee and Wicklund

Khing and Van der Ploeg (1990} go so far as o incorporate a bias term
when estimating 2 local usage distnibution and caloulating the expected
consumer surplus (i e., the amount above the price paid that consumers
would willingly pay, if necessary, to consume the vasts purchased) In their
modeling cfforts, they introduce the constant “btas”™ to capture 2 house-
hold’s preference for the flat fee over measured service o the absence of
factors of usage and pricing

25f consumer surplus, which accounts for nisk aversion, is used as a decs-
ston rule, 50%-55% of flat rate customers would benefit by switching to
local measured service.
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1983; Prelec and Locwenstein 1998). Fmally, nisk-averse
COnSWINErs can ensure against any uncertainty with thewr bill
by choosing 1o pay a preset fee with little or no incremental
costs {Hayes 1987; Lee 1988).

This research examines a distinct cognitive explanation
that can account for why peopie clten unintentionally buy
more than they use. In other words, faulty reasoning fre-
quently leads consumers io overestimaic the likelihcod of
using enough to justify the fla: fee. This explanaiion s pre-
sented as a contributing and not an alternative one. Many
brases {e.g., status cuo bias, hindsight bias) have various
causes that occur separately or in tandem, all o7 which con-
tribute 1o their pervasiveness. The flat fee bias is no differ-
ent. Cognitive crrors can exacerbate motivational influences
or occur independently, and they can help expla:n the sever-
ity and often the presence of the bias for many products and
services for which motlvational explanations are either not
very compelling or simply break down.

The rest of this article is organized as follows. First, [
review the relevant rescarch regarding pricing and seif-pre-
diction Next, I develop a model of the decision process that
describes now two specific errors in reasoning can lead 1o a
bias toward flat fee pricing. Study | demonstrates the robust
aature of the flat fee bias, and the data reveal how con-
sumers who favor the flac fee tend to foresee penicds of
higher-than-average usage as more common than periods of
iower-than-average usage. The findings aiso :llustrate how
this perception 15 related to the consumer’s f{oresceabie
range of usage The analysis of actual usage rates in Study 2
suggests that this perception 1s likely to be the opposite of
what can be expected m the real world. In Study 3, 1 test
directly and validate the link between the range of usage
(i e, minmimum and maximum usage imaginable) and the {lat
fee bias [conclude the article by reviewing some of the lim-
itations of this work and offering suggestions for further
research

PRICING AND SELF-PREDICTION

Pricing 1s one of the most studied areas in marketing, yet
nothing in the literature addresses flat fee pricing Tor unlim-
ited access per se. Two somewhat rclated streams of
research have explored how consumers process unit versus
fump-sum prices. The tirst reveals how consamers are bad
at idennifying the best buy and commonly musjudge the price
per unit when buying 1 quantity {(Capor and Kuhn 1982,
Nason and Della Bitta 1983; Russo [977). The second
shows how consumers can be “ess arice sensitive when the
price of a product :s broken into smaller unsts (Estelami
1995, Gourville 1998; Morwitz, Greenleal, and Iohnson
1998). In this article, I examine the opposite pheromenon:
consumers exhibiting less price sensitivity to 2 lump-sum
price when the unit price 1s entirely unambiguous

Econorusts think of flat fee and pay-per-use pricing
schemes as special cases of two-part taniffs, 1 which the
former includes a lump-sum fee plus a per-umit charge of
zero, whereas the latter includes a positive ser-unit fee with
a lump sum that is at or near zere. Econonuc models
(Wikson 1993) dictate that consumers abide by a selt-selec-
tron process whereby heavy users prefer the pricing scheme
with the high fump-sum and low per-unit cost (fiat fee).
whereas small-volume buyers prefer to pay a higher unit
price on the smaller amounts they purchase (pay-per-use)

Yet this seli-selection constrain® presumes that the users (1)
can zccuritely assess their future usage rale at the time of
purchase and {2} stbsequently choose the pricing scheme
that optmezes thewr allocation of resources. As Wilson
(1993, p. 141} points cut, “In practice ... cusicmers are usu-
ally unable to predict exactly which opuonal two-part tanf?
will be best over the ensuing billing period.”3

Behevioral research on the seif-prediction of behavior 1s
refatively scarce (for an exception, see Hoch 1985), whereas
a relativery lorge amount of aftention has been devoiced to
how people precict their preferences at some powmnt n the
future (for a review, see Kahneman 1994). A series of stud-
ics has shown that decision makers may not xnow, when
raking o decision at ume &, how much they will enjoy the
consumption of its consequences at time t; (Kahneman and
Saell 1992, Kreps 1979; Marcn 1978). But if purchasers end
up not aking what they have bought, usage shouid taper oft!
over ame Without a dechinig trend in consumption across
consumers, this explaration cannot account for the Tat fee
bias

A MODEL OF THE DECISION PROCESS

The proposed model assumes that, cetents paribus, people
choose the pricing schedule that offers the lowest total cost.
In & pay-per-use situation, tota: cost is ‘he per-use fee mul-
t:plied by the number of ases within a specified oilling
period. The flat fee ignores Lsage and is wself the todal cost
for that billing period Comparing the total cost of each plan
can be simple (c.g., buying a wuxedo versus renting one an
ant:cipated number of ftnes) or guite complex as the hite of
a product or the duration of a service becomes large or inde-
terminable {e.g., subscriptions, memberships, professional
contracts). The process model outhined n Figure | applies
fargely to the mitial choice, ade before the first of many
pertods. It should be noted that this model 15 m hine with
both written and verbal protocols taken during Study 1 and
several pilot studies.

Paying per use acts as tae default option because it s far
more prevalent in the real world, and it costs less at alf lev-
els of usage below some break-cven number required to
meet the fat fec. Consumers routinely begin the process by
computing this break-even number. If they expect io ase
more than the break-even number, they would save money
by opung for the flat fee. If they expect to usc less, paying
per use is the betier deal But what happens when a con-
sumer expects to use more than the break-cven number on
some occasions and less va others (n.e.. the break-even
usage falls between the munmiem and maxmmum usage
imaginable)}? The choice 15 not as simple.

While auempiuing to sumplify matters, consumers fre-
gquently moke two distinet errors i their reasoning. First,
they frame the problem :ncerrectly. Consurzers commonly
base their decision on which of two outcomes they believe
is more ltkely: (C) using more than the break-even number
or (2} using less than the break-cven namber If the former
is expected to occur more frequent’y, they choose the fat

INonlinear pricing models incluge self-selection constrainis, by which
customers are assumed to select the tanft that munimzes the chatge billed
for their actual usage Wilson (1993), recogmzing that customers aie gen-
erally unabic to select the optimal plan, suggests that this “deficiency” can
be “partally remedied” af the firm hills ex post according to the least costly
aption, something that neither Wilson nor [ have seen 1a the real world
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Figure 1
PARAMORPHIC REPRESENTATION OF THE DECISION PROCESSES
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fee. Otherwise, they pay per use. Frequency information
often cxerts undue influence for three reasons {Alba and
Marmorstein 1987): (1) It is encoded easily, (2) awarencss
of an cccurrence may be more salient or accessible than the
detaifs of what occurred, and (3} the marketplace fosters its
use. Unfortunately, paying atteniion to frequencies (the
number of sales at a store) and not magnitudes (the depth of
the discounts) can result in poor decisions (Afba et al. 1994).
This is trie in this context as well. By simply comparnng the
expected frequency of the two competing vutcomes, con-
stmers fmi to account for the absolute size of the savings or
loss associated with the actual usage in each periog.
Consider the extreme example of consumers who usc
slightly more than the break-ever numnber e ght months of
the year, but whose usage plummets o zero during the
remaining months. Although these people appear twice as
fikely to use more than the break-even number, they may
well pay much more with the flat fee.

The second error o reasoning entails consumers habitu-
ally overestimating the likelihood of using more than the
break-even number. New and inexperienced users are
unlikely ‘0 be able to zssign probabilities to each possible
level of usage or state of the worid (3, ., §,), which

thereby creates a de facto distribution. Instead, they rely on
what are salicnt but nsuificient charactenstics or cues
(Brunswick 1956). The range, o7 number of possible states
leading to each ouicome, serves as an indicator of the hkeli-
hood of that outcome {Luce and Raiffa 195714 The end
resule is icentical to assigning equal probabilities to each
state. Ellsberg {1961} has shown that when tne probabilitics
of evenls are highly uncertin (C e., ambiguily), people are
resistant (o making qualitative judgments such as 2(8)) >
PeS,). Consequently. if the number of states on the right side
of the break-even number is grezter than the number on the
feft, the decision maker would perceive the likelthcod of
using more than enough o justify the fla fee as greaier. This
process is consistent with the fundamental principles under-

daccording to the principle of msufficient reasomng first formutated by
Jacob Bernoulh (1654—1705), of decision makers are completely 1gnorant
(1e, have no miormation about the likelihoods), they should behave as it
cach outcome 15 equally lthely Following this principle, also known as the
Laplace Rule, would cssentially be the same as relyng on the wnge or
number of outcomes Each posuble state would represent an outcome with
egual probability assigned to each (1 2. a smiform distobution)

~ Copyright © 2001. All rights reserved.
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lyving Parcucey’s (1965) range-frequency model5 Untortu-
rately, the diagnostic value of the number of states (e.g.,
vsing something hetween O and 4 tmes versus 4 and 21
times) is low because it says nothing about the specific
probabilitics of individual states.

It 1s critical to point out that any range of usage is trup-
cated at zero by nature, people cannot use something less
than zero times Conversely, the right side of the range 18
fimuted only by the time available to consume as much or as
mazy as possible. Conscequently, the range or number of pos-
sible states greater than the break-even number can normally
be cxpected to exceed the number less than the break-even
number. which inflates the perceived hikelinood of using
more than enough to justfy the fiat fee. The runcated range
coniributes to the pervasiveness of people’s preference tor
flat fee pricing and leads to the {irst formal bypothesis:

H,. A disproportionate percentage of consumers will prefer to
pay a flaf fec for unhimited sccess rather than pay per use, all
else being equal.

According to the proposed process madel, the choic
between pricing olars depends on whether consumers
believe they are likely to use enough to jusuly the flat fee.
In other words, people arc predisposed to prefer the flat fee
when they expect Lo use more than the break-even number.
This leads to the second hypothes:s:

H, The hikelihood of a person choosing the flat fec is directly
related 1o the perceived likelthood of using more rather than
fess than the break-even number

In turn, whetner consumers believe that they are hikely to
use enough to justify the fat fee depends on the range of
possible usage imagmable The range s bounded by
extreme values, or the percerved upper and lower limits of
their coasumption. 1¢ peonle rewy on the number of possible
states that lead to an outcome as a proxy for the srobabiaty
of that ouwtcome, 1t i» the rato or (maximum - break-
evern/break-even — mmimum) taat affects the percervec ke-
ithood of en outcome and ultimatcly affects chowee

H,: The percerved likehhood of using more than the bresk-even
number varies systematicelly with the distance hetween the
maximum imaginable and the break-even numbers relanive
to the distance between the break-even and the minmmum
imaginable numbers

In other words, the probability that a person will prefer
the flar fee becomes larger as the perceived hikelhood of
using more than the break-cven number grows. The per-
cerved lhikelihood depends or the perceived boundaries of
their usage and therefore the aforementioned ratio. The dea
that th:s ratio infiaences choice wili henceforth be called the
“ratio rule.” The ratio rule is an “as 1f” rule, and people who
do not consciousty fotlow the formula are predictes o act as
if they ¢:d. The rato mule umplies that preferences are mal-

5The stages described here are somewhat analogous 1o the judgment
strategies described by Parducer’s (1965) range-ficquency theory The
range principle would lead consumers to divide the range mwo two subcat-
egones arvund the break-even number States above this number are clas-
sified as savings, and states helow as losses The frequency prineple wonld
then lead them to divide the set to N equal groups or calegones, each une
cotresponding 10 a state with egual proportrons Conssmers who do ths
would compare the two sides 1o determune 1t the frequency of using more
than the bieak even number is enough to justity the flat tee

ieable and vary in some systematic way with the ralic or
boundaries of expected asage. As such,

Hy. Consumers whose ratios exceed 1.9 are more fikely 10 favor
tae et fee. As this ratio increascs, sc does the perceived
ltkel:hood of using more than the break-cver number and
consequently the propensity to select the flat fee. As the ratio
gets smaller. people become more mclined to pay per use.

From a practical perspective, using the range as a proxy
for probabilitics is problematic only if it leads consumers to
make fauity judgments If people were truly apt to use more
than the break-cven number most often, the ratio ru'e might
serve as & uscful hearst:c, The cxistence of a {lat fee bias,
however, impues that for most users, periods of refatively
low consumption typica:ly outnumber periods of relatively
high consumption Yet by definition. the ratio rule saggests
thai people expect the apposite to be iruc. This conthet leads
i¢ the following.

Hs. By considering onty the number of states and not the proba-
bilities of cach staie, people typicatly perceive the distribu-
tion of thewr usage to be leit-skewed (1 e, occasions of rela-
tvely high levels of consumption outnumber vccasions of
refatively fow levels) This s tae opposite of what can be
expected most often 1 the real world

Documenting the difference between what people per-
cerve and what really happens s criniczl to tus work,
hecause this discrepancy contributes directly io making the
flat fee mas such & widespread phenomenon. The empinical
analysts of actdgal usage rates conducted 12 Study 2 explores
whether people’s perceptions are prone to reflect reality.

Implicit in the propused model is the noton that con-
sumers who rely on the ratio rule zre new or hight users who
fack the data and the abslity to process them that typ:cally
come with experience Experienced users who bave more
date are expected to have o beter undersianding of the
dumain and thus to be better calibrated regarcing therr own
usage patterns (how hikely different levels of usage truly
are). Therefore, o3 tne amount and quality of mnlormatzon
anoul Jgsage increases, people are expected to be less apt to
rely on the ratio rule, which dimineshes any bias toward the
flat fee. This “cads 0 the following'

He As people accumulate betier information about their own
usage patierns (the truc distithution), they will be less
mchned v rely on the ratso 1ule and therefore less likely to
be hased toward the flat fee

Tac first three hypotheses are tested cxpenimentially
sStudy 1, and the data support Hy as wel.. In Study 2, sce-
ondary data are used (0 compare réa: NG PErceives Lsage
and test Hs Study 3 confirms the resalts of Study |, while
circetly testing Hy and Hg.

STUDY §
Method

Subjects. Subjecis were 100 regular saoppers at a large
Califormia grocery cham who ndicuted that they own 2
home computer and were interested in fearning more about
grecery shopping online. None of the respondents reported
having shopped online before. A total of 6% women and 31
men comp_cted the survey. Thewr average age was 32 years
Participation was voluntary, bui those who completed the
survey recerved a nominal gift.
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Stimuli and design. Respondents were shown printed
pages from a leading online grocer’s Web site before the sur-
vey began. The mterviewer mformed subjects of a plan to
bring home shopping over the Internet to their area and
explained two payment options supposedly being consid-
ered: (1) 2 monthly flat fze by which consumers could order
as frequently as they liked and (2) a usage fee, which would
apply each time the shopper piaced arn order Respondents
were told that the service only handled orders of £35 or
more regaerdless of the pricing plan chosen and that the
monthly service fee under either pian would be charged o
subscribers’ credit card automatically on the last day of the
monih.® It was aiso mentoned that delivery people were
sarctly formdden from accepting tips. The rest of the survey
was designed to collect respondents’ estimations of thewr
usage over a muitiperiod cvent horizon and their preferences
between pricing schedules.

First, respondents indicated how many times per month,
on average, they currently spend more than $35 m a single
shopping excursion. Respondents were abso asked how
meny times per month, on average, they would expect to use
the online service, if available, as well as the minmmum and
maximum number of times they could reasonably expect to
use the service in any given month. Bach respondent then
chose between the per-use fee and the flat fee in a serics of
competing pricing schedules. The three focal per-use fees
were $3. $4, and $5 (a pilot study indicated that a per-usc
rate of approximately $5 was appropriate} For these three
chuices, the interviewer surreptitiously calculated the com-
peting flat fee separately for cach subject on the basis of (1)
the per-use fee, {2) the subject’s previously reported usage
rates (current, expected, and maximum}, and (3) a premium
of 812 over the product of the first and second factors. In
this way, the flat fee was always greater than the amount the
subjects would seasonably expect to pay if they paid per use.
For example, :f their reported current. expected, and maxi-
mum usage was four. three, and six, respectively. they were
asked te choose among 36 per use or a $36 flat fec, $4 per
use or a $24 flat fee, and $3 per use or a $30 flat fee Each
subject responded to ail three focal choices, which were
counterbalanced and separated by filier choices.

In the second part of Study 1, subiects were asked to esti-
mate the fikelihood (as a percentage of total asage occa-
sions}) that they would use the service exactly their expected
amount in any given month Subjects were also asked to
estimate the hikelihood that they would use more than aver-
age and less than average. The reported likehhoods were
constramed to sum (0 one.

i this study, every attempt was made to contrel for moti-
vational reasons that could lead people to favor the flat fee.
Frrst, i the online shopping context, it is unlikely that con-
sumers want their usage to wncrease. There is simply no
long-term benefit tv shopping lor groceries more often.
Sccond, all subscribers pay at the end of cach month in
exactly the same way. Neither plan required more effort, and
all “losses” were combined (1.e.. wtegrated) automatically
in accordance with mental accounting’s principles of hedo-

AThes figure was chosen to reflect the average consume: expenditure at &
retas] grocery store, which 1s $34 according to the Irving. Tex | research
firm M/AIRIC Group (Prome 1998)
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nic editing (Thaler 1985).7 Third, the service was described
as onty handling orders of $35 or more, which forced con-
sumers fo think consciously about what they would spend
gvery time they use the service. In other words, there was no
freedom from thinking zbout costs, which often results
when peopie pay a flat fee. Finally, the risk avoidance
explanation is based on the assumption that risk-averse peo-
ple are more kely to prefer the flat fee. To gauge each
respondent’s level of risk aversion. the following question,
adapted from Lee (1988), was included n the survey:

fmagine that you are at a communmity fair. You have just
won a throwing game and arc entitled to claim a $40
prize. The operator of the game offers a second. follow-
up game with the prize money In this game. you would
spin a wheel with two colors, yellow and green Your
final prize depends on which color an arrow on the side
1> pointing 1o when the wheel stops spinning. If the
pointer 15 on yellow. you win $60. f it comes up green,
you get only $20 At what setung of the odds to win
{percentage of the wheel that s yellow) would you
agrec to play the follow-up game? Answers can range
frem 1% to 100%.

The answers were used to calcuiate a constant absolute risk
aversion {CARA) coefficient for each respondent under the
assumption of constant risk aversion8 If risk aversion is
responsible for the flat fee bias, the coefficient would be
expected to be significantly larger for respondents who
favor the lump-sum fec.

Resulis

A significant majority {87%) of subjects favored the flat
fee, even though it always exceeded what they would pay
per use, given their current rate of monthly $35-pius shop-
ping tnps. This makes sense, because respondents reported
expecting 1o use the online service less often than they cur-
rently visi a grocery store (3.58 versus 3 98 ames; tyy =
3.76, p < .01) Yet almost the same proporiaon (85%) pre-
ferred the fiat fec even when it exceeded what they would
pay per usc given their lower expoected rate of usage. These
resuits sapport H;. and the flat fee bras does not depend on
any cxpeciation of increasing futurc usage mn this case,
Likewise, it did not depend on any real or expected differ-
ences in usage The average number of shopping trips did
not differ significantty betweer subjects who favored the
flat tee and those who favored paying per usc {see Table 1),
En addition, sabjects who favored the flat fee were no more
risk averse than those who were content to pay per usc. The
average risk-aversion cocfiicient did not difter significanty
between those who chose the flat fee and those who pre-
ferred to pay per use (.25 and 226, respectively; t = 58 <
tgs 23 = 2 069)

The proporiion of people that preferred the flai fee fell
dramatically (to a mere 5%) when it was calculated on the

More unportant, Thater and Johnson (1999) {ind httle empincal evi-
dence o support the prediction that people actively try to integrate losses
Nevertheless, the losses (per-use fees) would be mtegrated automaticaily
and billed as a lump sum

SAssuming nsk aversion and that most people have a positive willing-
aess (o nsure agamnst risk, [ used the following utthity funciion Ux)=a-
be X, where 1 15 the nisk-aversion coefficient under CARA I w denotes
wealth, and hecause e +3) (= e ™ ¢ %) is proportional (o e% for any w,
it follows that changing minal weaith w does not affect econonuc dect-
stons. ie other words, CARA unplies zero wealth effects

Copyright © 2001. All rights reserved.
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Tabile 1
STUDY t: REPORTED PREFERENCES BASED ON USAGE

Percentage Reported Usazge
Who

Reported Favored All Those Who FThose Who Per-Lnst Average Average Break-
Usage Flat Fee Subyecis Prefer Flus Fee Prefer Pay Per Unut Fee Flag Fee* Even Number*
Current 87% 398 397 417 $6 $36 60
Expected 85% 358 357 367 34 $26 66
Maxunum 5% 61 6.13 593 23 $30 100
Mimimam 94 92 108

*Notes: Flat fees were calculated for all subjects using thew individual reported vsage. The formuls was (per-unit fee X reported usage) + $12 Therefore,

the flat fee and break-even number differed for cach subiect on the basis of usage

Hasis of the maximurn usage imaginable. This precipitous

rop suggests that the vast majority of respondents were
conscious of the upper bound of their usage, and when the
break-cven outgrew the maximum imaginable usage, the
flat fec ceased 1o be an attraciive option.

En zodition o the previous analysis, I emploved forward
stepwise logistic regression to determine which explanatory
variables corresponded most closely to the choice between
pricing plans (i.c., were the best independent variables).
Choice was the dependent variable, whercas the subject’s
reported maximum, minimum, and expected usage and the
raito fmaximum — break-cven)/(break-even — munimum)
were all included as independent variables. Each subject’s
risk-aversion cocfficient was ncluded as wei:. The results
indicate that the ratio was the only vanable sigmificant at the
05 level (2 = 5.0168. p = .025). Backward stepwise regres-
ston provided sinular results This analysis suggests that the
preference between pricing plans can best be predicted by
the rat:o alone,

Also, the subjective Likeiithood of using more than aver-
age exceeded the subjective hikelhhood of using less than
average for half of those who chose the flat fee (n = 85,
ratio = 1.37) but tor only cne person who preferred to pay
per use {n = 15, rauo = .78) These asymmeciries suggest that
respondents who favored the flat fee perceived the distribu-
tion of thewr usage to be iefi-skewed. The ratios defined by
the ratio rule (maximum — break-even)(break-even — mini-
mum) averaged 1.16 for those favoring the fiat fee and 596
for those favoring paying per use and were highly correlated
{r = .48) with the previous ratios of subjective likelthcods.
Discussion

Study 1 itiustrates how people are generaily withing to
pay a hefty preruum for unlinnted access, even when nei-
ther their current nor their cxpected usage can justify it. This
suppor:s H;. The marked drop in consumers who favor the
flat fee when it is calculated with therr maximum usage sug-
gests that people have an upper bound in their minds as to
what they arc willing to pay for unlimited access, and they
do rot make reckless decisions.

The data also reveal that (1) users tend to beheve that peni-
ods of higher-than-normal usage are more likely than periods
of lower-than-normal usage and (Z) users who favor the flat
fee are more inchined to maintain such perceptions. The hke-
Lihood of a person choosing the flat fee seems to be directly
related to the perceived likelihood of using more rather than
less than the break-even number, in support of H,.

The correlation beitween the ratio of the range and the
ratio of the perceived hikelihood of periods of higher- versus
lower-than-average consumption {symutetry) was guite
fgh. This suggests that percepuons regarding future usage
vary with the distance between the maxumum imaginabic
and the breask-even usages compared with the distance
between the break-even and the munimum 1magimable
usages, in suppoert of Hjy. Together, the results suggest that
choice 1s affecied by respondents’ percept.ons regarding the
shape of the distnbution of thewr usage (i.e., skewness},
which depends on the perceived range of poss:ble ouicomes.
Therefore, the resuits of Study ¢ support H,, H;, Hs, and, in
many respects, Hy.

At dhs poin, it :s unportant £o explore whether respon-
dents’ perceptions regarding the shape of the distribution of
therr usage {(i.e., skewness) reflect reality. In other words, 1s
it reasonable Jor them o expect incidences of higher-than-
average usage to be more common, such that usage raics as
represented in a histogram would be typically left-skewed in
therr distribution?

STUDY 2- REAL VERSUS PERCEIVED USAGE RATES
An Empirical Invesiigation

For all durable goods and services, there exists some time
wnterval between onc usage occasion and another, This inter-
val might range from one minute to one hour for a telephore
call, one day to one week for a health club, or one day to one
month for an online grocery service. The Potsson distribu-
tion is the simplest and most widely used probabiity distn-
bution applied to the numwber of events occurring 1 a given
time interval. Consumer purchases, customers armving at o
store, and telephone calls to a complain: department have all
been modeled cffectively by means of Poisson distribations
at the ndividual tevel. For frequently purchased goods, the
Poisson assumption has a long-vahdated history (Ehrenberg
1972, Moerrison and Schmustle:n 1981; Schmutiein,
Morrison, and Colombo 1987).9 1t seerms reasonable, there-
fore, to model other discrete events, such as product or serv-
ice usage, with the same iype of model (Ehrenberg 1959).

YFor a detuled discussion of the Poisson process m mouehing puechasing
patterns, see Chathield, Ehrenberg, and Gocedhardt (1966) The Posson put-
chasing process has not gone unchallenged The Powsson process impues
exponentially distributed mterpurchase times, and Chatfield and Goodhaidt
(1973} have questioned the Poisson assumption on grounds that the
ntertemporal purchase ames might be better fitted by an Erlang distnbu-
fon of order two
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The most widely used compound mode! i marketing,
which will be applied here, posits that events at the individ-
ual leve: follow a2 Powsson distribution with mean A, The
mixing drstribution follows the flexible gamma distnibution,
which yieids a negative binomia: compound distribution
{NBD model).

E'nlike purchase rate studies, the goal of this analys:s is
not to predict aggregate behavior in the future. Instead, the
value lies n specific deductions that might be made from
certain features of the Poisson distribution. In particular, the
Poisson’s skewness is always positive (right-skewed),
which is the opposite of how most respondents perceived
therr usage in Study 1. As the mean of a Poisson shufts right
{as 1t would for heavy users), the distribution spreads out,
gradualily approximating 2 normal (symmetric) distnibution.
Thus, light users tend to use less than average more cften,
with occasional surges 12 usage. i these hght users prefer
the flat fee because they perceve the distribution 0! therr
usage as left-skewed (many incidences of high usage versus
few ncidences of Jow usage) whereas 1n reality 1t is right-
skewed, this misperception would contribute to the perva-
siveness of the flat fee bias

The duta The data consist of 429 health club visitation
records from a residential health club in Chicago. 19 The only
way to be certain that each visit recorded represented a sin-
gle usage for a single person was to rely o only the 140
account records for individuals. Eleven records were elimi-
nated because the users had six or more months with zero
altendance. The final analysis was based on atlendance
recerds for 129 individual regular users. some of whom had
less than all 12 months of data recorded, which accounted

or a totai of 1433 data points rather than the expected 1548
These 129 users visited the health club an average of 61
times per year. Comcidentally, the annual membership cost
$610 if paid up front ($99 per month if pad monthly). The
79 users who visited less than 61 times (median = 51) couid
have chosen o pay a one-time $10 guest fee cach time they
visited the club. Residents who used the facility less than 61
times averaged 38 visits for the vear, which resulted m an
average premium of $230 more than they would have paid
had they elected to pay per visit. This is not to say that there
were no motivational reasons for these residents o choose
membership (it has its privileges, such as prestige). Instead,
this analysis looks at the patiern of usage among those peo-
ple who have the greatest incentive to frequent the club (1e.,
those most hikely to be heavy users).

Analysis. Let ., be cqual to the number of days cus-
tomer ¢ uses the facility m month m, and let x.;, [ A, be an
observation {rom month m from customer ¢ who has mean
Ae. Although it is impossible to truly determine the distribu-
tion for cach user, it is even more difficult given that the data
include helerngencous users with limited, and sometunes
different, amounts of da‘a (Xeny = 1. | Moy for each user. |t
is hypothesized that X is a random variable such that x ., ~
Posson (Ay). If %, ~ Poisson (A.) and A, ~ gamoma (r, o),
then the likelihood of seeing the data collected, or L{data),
18 P(X, &) = POUAP(L). The strategy for testung the Poisson
assumpt:on at the individual level was consequently one of

Note that an nherent selection bias exists in the data because these
records mciude only those members who chose to pay the flat fee (1 e,
hecome members) This hardly scems problematic, as the population
selected s entwrely consisient with the goal of studying overputchasing
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constructing the conditionai bkelhood for cach user with
the gamma distribution mixed in and maximzing the result-
mg overall hkelihood function (sec Appendix), which s

1) il = z[m F(3 K +7 - En)ﬂ'r) - 3 In(x D)

m m

+rime) - (Tx, + r) Inter + MJ)].
\m

Maximizing this function provides the para meters for the
expected NBD (s = 2, p = 27) used to generaie the expected
data, which is then compared with the actual data. Both the
sctual and cxpected values are plotted in Figure 2. The NBD
model thus far appears to {it exceptionally well (¥25 =
36.83 < ylnpen = 42.56, 2 = 035).

From the parameters of the NBD, the asscciated gamma
function can be estimated In turn, the gamma (2, 2 7) s fit-
ted i the As using the capability procedure in SAS, and 1t
appears as 1! the predicted curve is a reasonable approxima-
tion as well (2 = 10 20 < %2 qpea = 14.07, a = 05).

These results support the notion that successive uses of a
product or service behave like independent samphings from
a Poisson distribution, but thes 1€ea can also be tested with-
out depending on the precise form of the compounding dis-
tribution (Chatfield, Ehrenberg, 2nd Goodhardt 1966). The
second test involves comparing the theoretical and observed
standard deviations of the differences m purchases across
two time perods. This comparison was made 11 times
across the 12 moaths of data. The mean deviation of the
mdividua! differences was .16, which shows close agree-
ment and again sapports the Poisson part of the NBD model.

Two distinct analyses suggest that usage rates at the ndi-
vidual level can be well represented by a Poisson distribu-
t:on, even for people most Likely to be beavy users (e,
members). Theretore, it scems reasonable to assume that in
many. i not most, cases rcal usage rates are nght-skewed,

Figure 2
COMPARISON OF THE EXPECTED USAGE FROM THE NBD
{2, 27) AND THE DISTRIBUTION OF ACTUAL OR OBSERVED
USAGE ACROSS ALL USERS

NBL of Expected Usuge Versus Actual Usage
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similar to the Poisson distribution. As demonstrated in
Study 1, however, people often act as if their usage rates are
left-skewed. If misperceptions regarding the distribution of
a customer’s usage depend on the range of possible out-
comes, altering the range of usage (minimum and maxi-
mum, holding the break-even usage constant) should affect
people’s expected usage and therefore their chowce of pric-
ing plans. This is tested expliciily 1n Study 3.

STUDY 3

This study demonstrates how people’s choices between
pricing plans can change n accordance with the perceived
boundarics of their usage. Both the minimum and maximum
usage were manipuiated 1n an atiempt to affect the subjec-
tive likelihoods respondents ass:gn (o using more versus less
than the break-even usage. The ratio ruie predicts that these
likelthoods wilt affect choice. Also, mexperierce, or anm
information deficit regardmg the true distribution of ther
usage. is predicted to lead consumers io depend on fauley
cues, such as the range. Consequently, these effects shoulc
disappear if consumers are provided with encugh informa-
tion to understand the true shape of the distnibution of thewr
usage.

Method

Subjects. Subjects were 520 undergraduate and graduate
students at a large state university in the Midwest who vol-
Jntart’y completed the survey in exchange for a nominal gift
{a candy bar).

Sumuli and design. Subjects were fold to 1magmne that
they had just moved into a new apartment butlding that
mamtams a pooi for residents, who can pay an additional fee
for cccess Residents pay esther (1) a flat fee of 366 per
month or (2} $5 each ume they use the pool. Subjects were
miormed that regardicss of the pricing schedule chosen,
they would be billed at the end of each month They were
then given historical information regarding their usage at
their last building, where, they were told, they had lived for
three years. All subjects were told that they had averaged 12
visits per month. The break-even number (12 or $60/$5) was
deliberately set 1o match the long-term average of thew
usage Comsequently, subjecis should not expect o spend
any more or less with either pricing plan and, all else being
equal, should be relatively indifferent between the two. The
primary dependent variable was their choice of pricing
scheduie, but subzecis were aiso asked to estimate their fhke-
ithood of using the pool exactly 12 times m any one month,
more than 12 tmes in one month, and less than 12 times n
one month In this way. any asymmetry m how subjects per-
cerved the shape of the distribution of their usage could be
detected.

The study had a 2 X 2 X 3 completely randomized facto-
nat design, in which the independent variabies were mint-
mum usage (0 or 8), maximum usage (16 or 24), and the
presentation {ormat of prior usage information (range, tabu-
iar, distribution). In the range format condition, subjects
were toid only the boundarics of their usage {e.g . At most,
you uscd the poo: 16 umes m one month, but there were
months when you never used 1t.”") In the tabular format con-
dition. subjects saw a list of 36 numbers, each one repre-
senting a single month’s usage. In the distribution format
condiiion, subjects saw a histogram of their prior usage (see

Figure 3). The specific numbers were selected so that the
mean always cqualed 12.1% Set apart from these 12 cells was
a control condition in which subjects were simply told that
their average usage equaled 12. In this condition, subjects
were asked 10 estimate realistic minimum and maximum
usage rates.

if the ratio rule applies, the largest proportion of respondents
should prefer the fat fee when the rato is the largest (range s
8-24, 1(24 - 12)/(12 — 8], ratio = 3} and the lowest when the
ratio is smaidest (range is 016, ratio = 1/3). The two remain-
ing condions, 8-16 and 0-24 (ratio = 1 1» both), should fall
sorewhere in between and sheuld not differ significanty. This
should be the case n the range and tabular format conditions,
but not the distrisutior. format condition. A histogram dsplays
nurerical mformation defferently, using spauial relations that
convey complex informatton rapidly for cassier absorption
{Guthrie, Weber, and Kommerly 1993) Wher subjects are pre-
sented a hustogram that il ustrates the distribution of their usage
over tme, the diagram shouid support some easy perceptual
inferences, such as the likehhood of using more or less than a
particular potat on the graph (Larkin and Simon 1987}, through
a comparison of (e shaded areas 1o the feft and night of 12 (see
Figure 3}. Therefore. respondents should have an casier time
assessing the irue likelthood of using more versus less than the
break-even number in the disiribution format condition

Bur as Larkin and Sumon (1987) duly note, nothing about
a diagram ensures that the inferences made will be usefu: in
soiving the problem at hand. Respondents in the distnbution
format condition should no tonger need to rely on the range
to formulate the hixelihood of using more versus less than
the break-even number {the second error i reasoning). But
nothing prevents the {irst error i reasoning——comparng
Lkelithoogs—{from occwring. Consequently, preferences
would be expected 1o correspond to the correct relative hike-
fshoods; the highest percentage of respondents will favor the
flat fee when the range 1s 0-16, arg the lowest when the
range is 8-24. whereas the remaining respondents reman
somewhere 1 between.

The conirol conditior was included to deternune how
people would behave when the boundaries {1.e., mmanum
and maximum )} were 1ot explicit. Respondents i the control
group were expecied o imagine a minimum at or near (3, as
the range is naturally truncated ai that point, and a maximum
of no greater than 30 or 31 (the nuirber of days in a month).
In other words, without cxperience or other mnformation,
people generally assess a range at or mear the extremes,
which in thus case results 11 a ratio = 1 50 Thus, the pro-
portion of people preferring the flat fee i the conirol condi-
tion 15 predicted to be less than the proportion when the
range is 824 (ratio = 3) but greater thar the three remam-
ing conditions (ratios al: < ).

As many competing explanations as poss:bic were either
controbled or tested for wn this study. All subjects were tolc
that they would be billed at the end of the month. Neither
pricing plan reguired more effort. In additicn. subjects were
asked whether they could unagine wanting their average
usage to mcrease. More thar 85% of the respondents saxd no,
which ruled out wishful th.nking and preconymitment as sig-

I Grven the prenuse that the underlying disirtbution of a person’s usage
is well represented by a Poisson, the numbers were drawn from a data sct
randomly generated from a Porsson with mean 12
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Figure 3
STUDY 3 STIMUL! (DISTRIBUTION FORMAT CONDITION)
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nificant drivers of couitce. Risk-averse consumers presurm-
ably prefer the tiat fee beczase then they know exactly what
they wiil spend from morth to month. There s no reason this
desire to budget ahead of time should vary with the ratio, but

11 shoukd be atfected by the vanability of usage. Therelore, 1

risk aversion is at wuik, the propurtion of respondents pre-
ferring the flat fee would be expected to be highest when the
variance (s largest (range = 0-24. see Figure 3) and 1o be
fowest when ihe vartance s smallest (8—16). The ratic rule
predicts something quite different. Preferences among these
two groups wiil rot differ sigmificantly

Finaily, choice could be affected by loss aversion
{Kahneman and Tversky 1979) if the potential to lose
rioney (:.e., using more than the break-cven number while
paying per use} locms lavger than the potential (o save
money {r.e, using less than the bresk-cven number while
paying per use). If suhjects were to exhibit oss aversion, an
inerease i the number of ways to lose money (the range 13
extended from 8—16 to 83-24) when consumers pay per use
should have a more profound effect on choice than an eqarv-
alent decrease in the number of ways (o save money {range
it shortenad from §-24 1o 8-24). In other words, the number
of subjects that prefers the flat fee in the 0-24 and 86
(symmuetric) conditions should d:ffer sigmficantiy. The ratio
rule predicts the opposite (hoth have ratios = 1.3).

Results

Range condition. Data n the range condition were ana-
Iyzed independently to test the basic premise of the ratio

rufe. The data were analyszed using the analysis of varance
(ANOVA) caegorical modehing procedare of the SAS sta-
tstical software package (CATMOD). As expected, people
werc 1ot indifierent between pricing plans. and the resulis
were in bne with the ratio rule’s predictions {Table 2). The
proporiion of respondents thay preferred the flat fee was
furgest (93%) when the ratio was highest (8-24, ratio = 3)
and was smallest (40%) when the rane was lowest (0-16,
ratio = 1/3). The percentages of subjects that favored the {lat
fee in the two symmetric mirddle conditions (816 and 0-24,
ratio = 1) were 58% and 53%, respectively. and did not dif-
fer significantly (32 = 202, p = 653). This last result 1s in
direct conlict with the predections based on nisk aversion
and loss aversion, which suggests that they cernot help
explam the results. The mam eftects for both maxunum and
minunum were highly significant, 2nd so was ther interac-
fon (see Model 11n Table 3).

More interesting, however, 1 how the preportion that
prefers the flat fec appears closely related to the hikelihoods
subjects assigned o Lsing more versus less than the break-
even number. As the reported Likefthood of using more than
the sreak-cven number increascd relative o the Lkelthood
ot using less, »o did the preference for the flat fee {Table 2).
The reported likelihood of using more than the break-cven
number for each respondent was diviced by the reporied
likelihood of wsing less to create 2 measure of percoived
symmetry, henceforth called “symmetry.” A separate
AMNOVA was run with symmetry as the denendent variable
{sce Modcl 2 i Table 3} Both main effects were highly sig-

~ _Copyright © 2001. All rights reserved.



406 JOURNAL OF MARKETING RESEARCH, NOVEMBER 2000

Table 2
STUDY 3 REPORTED PREFERENCES AND SUBJECTIVE LIKELIHOODS

¢ ooy . Rat
Subyective Likelifood of Using Ratio of

Range Percensuge Who Likelihoods
Format Ratio Prefer Flas Fee Less More Egual Morefless
Range
0-16 {13 40% 49% 2% 9% 56
0-24 ¢} 53% 42% 42% i6% 9y
8-16 {1 58% 42% 39% 199 94
8-24 3 93% 30% 47% 23% 155
Tubula
0-16 (1/3) 35% 48% 32% 20% a7
0-24 9D 50% 38% 41% 21% 108
8-16 8)] 53% 40% 40% 20% 100
8-24 3} 90% 34% 47% 19% i39
Distrbusson
0-16 {1/3) 88% 29% 50% 21% 172
0-24 )] 48% 43% 39% 18% ai
8-16 {1 $3% 41% 41% 17% 106G
824 3 30% 49% 0% 2% 62
Tabie 3
STUDY 3 RANGE FORMAT—SUBJECTIVE LIKELIHOOD (SYMMETRY) AS A MEDIATOR OF CHO'CE
Model ! Model 2 Model 3

Dependent Measure

Chaowce (Percentage Flut Fee)

Symmetiy Chowe (FPercensage Flas Fee)

Degrees of

Independent Measures Freedom Chu-Sgquare Probublsty Chi-Square Probabilsty Clu-Square Probabid.ty
intercept I 9 44 0h2t 39127 {000 26 43 0000
Mummum i 14 59 001 1336 0012 275 W74
Maxmum I it oo 0009 12 88 0003 193 7455
Minmum x Maxunum 1 436 0369 176 1846 292 0873
Symmetry t 3173 2000

mficant, which suggests that changes iz the minimum and
maximum usage influenced the perceived hikelthood of
using more versus less than the break-even number. In add:-
tion, when symmetry was inciuded n the criginal model {(as
in an anaiysis of covariance), the effects of mirimum and
maximum on choice disappeared (see Model 3 1n Table 3).
This suggests that the range aifects cheice by affecung peo-
ple’s estmations of the itkelihood of using more versus
using less than the break-cven number (Baron and Kenny
1986} This is directly m hine with the hypothesized choice
process and the ratio rule.

Tubular and distribution conditions. The data from the
tabular and distribution format conditions were subse-
quencly addressed by adding them into the analysis. For
simplicity, the independent vanables minimum and maxs-
murm were chmunated and repiaced by the singular ratio of
the range (low = 1/3, medium = I, high = 3). Ths resulted in
a 3 (format) x 3 (ratio) design The results revealed that only
the ratio (¥2 = 6.53, p = .0381) and format X ratto interaction
(x2 = 40.31, p < .01) were significant. This implics that the
extent to which the ratio rule apphies varies by format.

Previously, 1t was shown that the ratio rele works well
when used 1o predict resuits in the range condition. The
results for conditions m the tabular format were almost iden-
tical to those i the range format (see Table 2}, in both mag-
ritude and dircction. It seers as if subjects cowid not filter
through the 36 data voints and relied on the same dec.sion

stratcgy as in the range condition Apparently, the ratio rule
apolies in the range and tormat condit:ons, but not n the dis-
trtbution condition, in which the results for the two asym-
metric conditinas reversed themselves (see Table 2} When
diagnostic information about the frequencies of competing
outcomes is read:ly avazlable and easily accessible {ie, the
histograms), the ratio rule 18 not needed to determine the
ltkelithood of using more versus less than the bregk-even
numocr. This is apparently what happened 1n the disirioution
format condition The reversal in preference among the
asymmetrie conditions suggests that even when peop.e are
clecar about the distribution of their usage, they can sull
frame the problem wrong. In this case, they reiced on the
number of actual occurrences on cach side of the break-even
number nstead of the number of possible states while
assessing the Likebthoods. Again, subjects were not indiffer-
ent between paymierit plars, rather, in the disiribution condi-
tron, they relied on the true reiative likeithoods when mak-
ing their choices

In the control condition, 78% of the 40 subjects n this
cell preferred the flat fee. These subjects assessed 4 range
with a ratio only slightly greater than the predicted 1.5
{average reporied range = 4.75 to 23.2, ratic = 1 532).
Consequertly, the pronortion of people that preterred the
fiat fee feli below the proporuon in the 824 range (95%,
ratio = 3} and above the 8-16/0-24 ranges {(65%/70%,
retio = 1}, as precictec. Even when usage charactenistics are
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not made salient, subjects seemed to behave in a2 manner
consistent with the ratio rule.

DHSCUSSION

Together, the results of Study 3 indicate that, wien no
other nformaticn 1s available, people indeed misjudge the
shape of the distribution of usage rates and that this mis-
judgmens can depend on the range of possible outcomes.
Only when people have precise and eastly nterpretable
information—in this case, when they see a histogram of the
assiribution—are their percepiicns more accurate But the
bias toward the tlat fee docs not dissipate; <t simply reverses
wself, and preferences are guided by actual and not percesved
likeithoods. In all cases and across all formats, the oreference
for the flai fee was related to the perceived likelihood of
using more versus less than the break-even rumber (symme-
try}. The symmetry, which varied depending on the possible
range of usage in the range and tehular conditions, mediated
chowe These resubts support Hy. H;, Hy, and Hy, and confirm
the steps in e proposed decision process model (Figure 13,
i which choice depends on perceptions of the skewness of
the distribution of usage, and this symmetry depends on the
range of pussible outcomes In turn. the range depends on the
imagined boundaries of their usage when more complete and
easily accessible information is unavailable

CONCLUSION

In tius research, I set out to show that people, unable to pre-
dict ther future usage accurately, make two distinet errors
when trying t decide hetween paying a flat tee for unhmited
access of paying per use Instead of following a more norma-
tive procedure, winch 1s surply to compare thetr average rate
or long-ictm expectation of usage with the break-even usage,
consumers comparc the subjective likehbood of using more
than the break-even number with the subjective hikelthood of
using less It 1s during this comparison that people often mus-
qudge the shape of the distribution of their usage. overestimat-
ing the likelihood of incidents of higher-than-average usage. It
has been shown that the actual distribution of usage rates, even
ror those most Likely to be heavy users. 15 likely to be the oppo-
site of people’s perceptions of it. New and incxperienced users
{ie, those who arc poorly cahbrated) are bkely to overesti-
mate the chances of using enough o justify the tlat fee,
thereby favoring this payment pian when they should not.

What does this mean for the manager? Because people
arc influenced by the boundanes of their percesved usage.,
any efforts to alter the munimum or maxunum number of
times people believe they might use a product or service
may affect choice. For cxample, a sales representative who
hopes o increase the number of purchases as opposed to
rentals (e.g , surfboards, ski equipment) should attcmpt to
increase the maximum number of tmes people expect to use
the product in the future, while also increasing the minimum
number of uses decmed pessible. This might be done by
accenting alf the different ways a customer can use the prod-
uct, Another possibility 15 to describe the product or service
as something that is both easy to aceess and wnportant to use
frequenily. The health and fitness industry scems o thrive
on the musperception that exercise can be easy and occur
regularly (only ten minutes per day) il customers are given
the right equipment {e g., abdominal machines, step plat-
forms, videocasseties of workouts).
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Consumers, m contrast, should seck out or be provided
better information on the actual distribution of their prod-
uct/service usage. This is reportedly what some telecommu-
nwation companies in Great Britain are domyg: Customers
receive detailed siatistical reporis on thewr past behavior
from their present service provider’s competitors, along
with an explanation of how they can save money by switch-
ing companies. Without presenling these explicit calcula-
t1ons. consumers are not expecied to be able to determine
which company’s pricing plan 15 optimal for them, given
therr idiosyncratic patterns of behavior.

Limitations and Fumre Research

{t 15 eritical to point out that forecasting error, or a reliance
on the ratto rule, is only one of several possibie {actors that
contribute fo the flat foe bus. As always, the use of experi-
ments to control for 2lternative explanations ang solate fac-
tors of interest involves u level of artificizlity {1.e., realism).
In Study [ only incxperwenced users participated. In Study 3,
the mfonmation about past usage came from the “response
context,” when 0 reality consuirers often rely on dizgnostic
imformation kept in memory, which is accumulated over time
and stored as epwsodes or rates {Menon, Raghubir, and
Schwarz [995). It would be mtercsting to study whether con-
sumers who gaun experience with a product or service become
better catibraied regarding their cotual usage and incorporate
this informanon mto the decision process. In addition, when
the stakes are relatively low, people may not dedicate as much
time and energy (o the decision as they do in the laboratory.
Furthermore, consumers whose wealth enables them o pay a
flat fee without any consideration might favor the lump sum
regardless of other factors (a truly thoughtless decision).

Controlling for potentially confoundimg factors does not dis-
credil competing mofivationai exp.anaiions or any combina-
tory effect. especially in the real world, where people often
have more than one reason for making thewr choices.
Therefore, when assessing the underlying causes of the flat fee
bias in vartous domains, researchers must carefully consider
many singular and joint explanations. (enerslizations are
bound hy context, and the overall etfect of poor forecasting
may be diluted i many eal-world scenarios In the future, it
might be necessary to test the specific condit:ons under which
the ratic rule applies. Simlarly, testing whether the hierarchi-
cal structure proposed m Study 2 would fit as well onto data
from ancther domain would strengthen the empirical resulis.
Farther research might alvo test the manayer’s ability to manip-
ulate directly the parameters of the range and therefore choice.

Future work can also explore how the ratio rule might
function e entirely d.fferent contexts in which the true
underlying distribution is asymmetnic. For example, can
people’s judgments regarding waiting times be influenced
by the longest and shortest wait they have experienced?
Imagine friends who are conmdering dining at a premiere
restaurant, wiuch does not sccept reservanions. They recall
waiting 90 minutes (o be seated one fime. and their shortest
wait was 20 munutes Now mnagmne that they do not want to
wait more than 40 munutes, which is their recollection of the
average wait. They may expect the probability of watling
longer than 40 minutes to be larger than it 1s 11 reality, sim-
ply because the number of possible waiting times between
44 and 90 1s so much larger thaa the number between 20 and
4. Conssquently, they may choose to dine elsewhere.

Copyright © 2001. All rights reserved.



408

APPENDIX

Let X, be equal to the number of days customer ¢ uses
the facility in month m, and let Xy, | A be an observation
from month m from customer ¢ with mean A, If x g, 18
gssumed to be distrihuted Poisson with mean A, and if the
flexible gamma distribution is used to account for the het-
erogeneity of consumers’ average usage, then it turns out
that %, ~ NBD, which does not depernd on the unobserv-
able A,

. e~ AcA¥em
Kemlhe ~ Poisson = =,
X!
(11}
uﬂ'
L, ~ gamma(r, o) = —— ) - le"0h
()

om

(s+x, -1
Ko ~ NBD(s, p) = {’ o ]pgﬂ ~ pyt.m,

ior
{rx!

dr o+ T-la=A{l+a),

pix, Al B) =

Integraie to eliminate A:

or

jﬁp:j ];\x+r=!b—k(ﬂ+a)_
. Fioxi |

Using A% +7—leM1+@) aq the kernel of the gamma distribution,
. ’ X+t
= __L r(x + r) .=_}_=_
Firx! f+a
I 1 \‘X +r

_ F(x-&r)Ll«é—o&/f
- T(r) x!

r
) i
L X l-ﬂnJ H+on'

Solving for s and p of the NBD in terms of v and r, p==
fo/(l+a)lands=r

These calculations do rot take into account the multipie
data points for cach consumer. Therefore, the likelihood for
a stream of uses for a given consumer is caiculated under the
assumption that the mean usage A, s distributed as a gamma
{r, o} across the population

L (datald,) = R

1

z Xxm

TAR oM grir— ik
E{data) = j 5
9

S E{r)
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/ML

1§ Z}(cm%—r oLF

m=1

M\«

M, ’
(04 M)D 2 + [T | 2!
m=1

m

Consequently, the log-tikelihood for the set of consumers
ends up with the form

LL = Z[En T(E %, + 0~ In0(r) - ¥ Intx 1)
M m m

+rie) = (X X + 0 Info + Mc)].
m
Walues for r and ¢ are eastly obtained through the maxi-
mization routine Solver i Excel.
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