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“An Integrated Model of Alternative M echanisms of
In-Store Display and Feature Advertising on Brand Choice”
ABSTRACT

Although many studies have documented that in-store displays and feature advertising can
significantly increase brand choice probabilities, the mechanism through which they affect the
choice decision process is not well understood. The marketing literature has suggested two
prominent decision mechanisms through which their effects may take place, which | call: the price
cut proxy effect and the consideration set formation effect. The primary objective of this study isto
jointly examine these two decision mechanisms suggested in the literature using scanner panel data
of actual purchase behavior. | construct a brand choice model based on the behavioral premises of
both effects. The proposed model allows consumers to use a combination of various decision
processes with different probabilities, and accommodates the correlationin utilizing different
decision mechanisms of display and feature ad. Results of the empirical analysisrevea distinct
consumer segments with regard to their tendencies to use displays and/or feature ads as price cut
proxies or for forming consideration sets, and the pattern is consistent with consumer characteristics
in each segment, such as degree of state dependence and price sensitivity. Findings from this study
shed light on some mixed patterns of promotion interaction effects documented in the literature, and

also have interesting implications for promotion decisions.

Key words: promotion decisions, brand choice models, decision mechanism, consideration set

formation, econometric models



1. Introduction

Although many studies have documented that in-store displays and feature advertising can
significantly increase brand choice even when the price discount effect is controlled for (e.g., Gupta
1988; Grover and Srinivasan 1992; Chintagunta 1992; Papatla 1996), the mechanism through which
they affect the choice decision process is not well understood. Most brand choice models ssimply
assume that feature ads and displays increase a brand’ s utility and thus its probability of being
chosen. Itisnot clear, however, why being on display or feature ad itself would increase abrand's
perceived utility.

The marketing literature has suggested two prominent decision mechanisms through which
their effects may take place. One explanation for the observed effects of promotion signsis offered
by Inman, McAlister, and Hoyer (1990). They propose that consumers on the peripheral route to
persuasion do not engage in detailed information processing and simply interpret a promotion
marker as a proxy for a price cut, and therefore the mere presence of a promotion signal would lead
these consumers to believe that the brand has been offered a price discount. We refer to this
mechanism as the price cut proxy effect. Inman et a. (1990) find that this effect only occurred in
consumers who exhibited low need for cognition, and a promotion sign without a price cut did not
increase the choice probability for high need-for-cognition individuals.

At the mean time, the growing literature on consideration sets provides an aternative
explanation for why display and feature ad affect brand choices. Behaviora research has observed
that, for low-involvement product categories, consumers often rely on certain heuristics to form a
consideration set first and then engage in more elaborate evaluation of the remaining alternatives
(e.g., Payne 1976; Lussier and Olshavsky 1979; Hauser and Wernerfelt 1990; Roberts and Lattin
1991). Various studiesin this stream of research have shown that in-store displays and feature ads

can be utilized to form consideration sets (e.g., Fader and McAlister 1990; Allenby and Ginter



1995; Andrews and Srinivasan 1995; Bronnenberg and Vanhonacker 1996; Mehta, Rajiv, and
Srinivasan 2003). In other words, they increase a brand’ s probability of being chosen by making it
more prominent to consumers. In addition, Mehta et al. (2003) conjecture that display and feature
ad help form consideration sets by reducing search costs of price information. We refer to this
mechanism as the consideration set formation effect.

Both decision mechanisms suggested in the literature are based on thorough theoretical
reasoning and have been demonstrated in empirical studies. The objective of this study is not to
rule out one in favor of the other, but rather to construct a brand choice model that incorporates both
mechanisms in the same framework, and thus enable us to jointly assess the extent to which each
effect may occur in actual purchase data. In the empirical analysis, we investigate whether the
positive impact of display and feature ad on brand choice probabilities are mainly through the price
cut proxy effect, the consider set formationeffect, or a combination of the two, and whether there
are differences among consumers in their tendencies to exhibit these decision processes. Note that
the goal of this study is not to measure how much the two promotion vehicles increase abrand's
chance of being chosen, but to investigate the route through which they may affect the choice
decisionprocess. Johnson, Meyer, and Ghose have called for models that are “ better
representations of decision processes’ (1989, p.268). A compensatory model such as the standard
multinomial logit or probit model may address the “how much” issue well, but generaly it is not
well suited to explore the underlying decision mechanisms. The brand choice model we propose in
this study is based on the behavioral premises of the price cut proxy and consideration set formation
effects and focuses on investigating the alternative mechanisms?.

Findings from this study will also provide an explanation for some mixed patterns of

See Lemon and Nowlis (2002) for arecent example of studies that focus on measuring the “how much” effects of
display, feature ad, and price promotion on brand choice using a compensatory choice model.
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promotion interaction effects reported in the literature. Most previous brand choice models that
included display and feature ad effects did not measure their interactions with price cut. Those that
did reported mixed patterns of the interaction effects. For examples, Gupta (1988) found negative
interactions of display and feature ad with price cut, Papatla and Krishnamurthi (1996) found a
positive interaction of display and price cut but a negative interaction of feature ad and price cut,
while Lemon and Nowlis (2002) reported a negative interaction of feature ad and price cut, but
small positive and negative interactions of display and price cut (which vary across brands). Itis
not clear why display and feature ad exhibited different patterns of interaction effect with price cut.
Papatla and Krishnamurthi (1996) expected these interactions to be positive and considered the
negative effect of feature and price cut interaction counterintuitive. Gupta (1988) postulated that
the negative interactions in his study “suggest a possible overlap or substitutability among different
promotional instruments’ (p.348) but stopped short of exploring what may be causing the overlap.
These three studies employed compensatory multinomial logit or probit models. Of course, their
models served the objectives of each study well, and were not constructed with the purposeto
explain the cause of the interaction effects. Nonetheless, given the wide usage of the multinomial
logit and probit models and the important implicationof the sign of these interaction effectson
promotiondecision making, it is worthfinding out what may be causing the mixed patterns.

Built upon the behaviora premises of the underlying decision mechanisms, our model holds
the promise to provide a possible explanation |f displays/feature ads mainly serve as price cut
proxies, combining price cut with them would add little value to the brand in a consumer’s mind. In
other words, the joint effect of display/feature ad and price cut would be smaller than the sum of
their individual effects, and thus the interactioneffect would be negative. On the other hand, if
display/feature ad affects brand choice mainly through the consideration set formation effect, which

helps a brand to pass the first stage in the decision, then combining it with price cut would reinforce



the effectiveness of each other because price cut increases the attractiveness of a brand among those
in the consideration set and enhances its chance of being chosen at the second stage of the decision
process. This mechanism would suggest a positive interaction effect. We will test these conjectures

in the empirical anaysis.

2. M odel Formulation

We construct a brand choice model based on household scanner panel data. In order to
assess the likelihood of undergoing alternative decision mechanisms simultaneously, we alow
consumers to use displays and/or feature ads as price cut proxies and/or for consideration set
formation in a probabilistic manner in the same model. In other words, with certain probabilities,
they may use either or both promotion vehicles as price cut proxies or consideration set formation
devices, or they may ignore them and evaluate the entire set of alternatives based on quality and
actual pricing information The model also takes into account the correlationof using display and
feature ad for the price cut proxy or consideration set formation effect.

Define: DP; = 1if display is used as a price cut proxy by household i, O otherwise; FP; = 1 if
feature ad is used as a price cut proxy by household i, O otherwise; DC; = 1 if display is used for
forming consideration sets by household i, O otherwise; FC; = 1 if feature ad is used for forming
consideration sets by household i, O otherwise; f ,,, = household i’s probability of using display asa
price cut proxy; f -5, = household i’s probability of using feature ad as a price cut proxy; f,q =
household i’ s probability of using display for forming consideration sets; f ., = household i’s
probability of using feature ad for forming consideration sets.

A consumer who tends to use displays as price cut proxies may aso be likely to do so using

feature ads. Similarly, the tendencies to use displays and feature ads for consideration set formation



may be positively correlated as well. To account for the interdependence of the various decision
mechanisms, we include the following covariance terms in the formulation: s p¢ rc =cov(DC;,FC;) ,
S pe.pp =COV(DC;,FR), S pp rc =COV(DP, FG), and s pprp =cov(DP,FP).

A consumer can use display/feature ad as a price cut proxy, a consideration set formation

device, or neither of the two at a given purchase occasion. The probability of the occurrence of

each decision mechanism is described in the following chart (the derivationis in the Appendix).

Decision Mechanism Probability of Conditional brand
Display Feature Ad Occurrence choice probability
1. Consideration set formation Consideration set formation f ocf ke +S pe.re pDCFC
2. Congderation set formation Price cut proxy f ocf Fp +S pe.rp pDCFP
3. Consideration set formation No effect foc@-frec-Trp) pOC
-SpcFc- SpcFp
4. Price cut proxy Consideration set formation f orf Fc +5 pp FC POPFC
5. Price cut proxy Price cut proxy f oef ep *+S pp.Ep pOP.FP
6. Price cut proxy No effect fop@-fre-fep) pOP
-SppPFC-SDPFP
7. No effect Consideration set formation @-fpe - fFop) ee pFe
-S pcrc- SprFC
8. No effect Price cut proxy @-fpoe-fop)ep pFP

“SpcFp- SpPFP
9- NO effeCt NO eff&t (1' fDC - f Dp)(l' f FC~ f':p) PIEI

*+SpcFctSprFC

*S pcrp S ppFP

For the conditional brand choice probabilities in the above chart, we use superscripts “DC”
to denote “display consideration set formation’, “FC” to denote “feature ad consideration set
formation”, “DP” to denote “display price cut proxy”, and “FP” to denote “feature ad price cut
proxy”. The subscripts “ikt” refer to “household i, alternative k, purchase occasion t”. P2
represents the conditional brand choice probability when neither display nor feature ad is used in the
decision, in which case the consumer chooses from the entire set of available alternatives and

evaluate the actual price and price discount of each.



The decision process assumed for the price cut proxy effect isthat a consumer infersaprice
cut from a display and/or feature advertising regardless of whether there is an actual reduction in the
price. It impliesthat, in abrand utility function with price cut, display, and feature ad dummy
variables, the coefficient of display or feature ad should be the same as the coefficient of the price
cut variable, and that the (price cutxdisplay) and (price cutxfeature ad) interactions should have the
same magnitude but an opposite sign of the price cu coefficient to avoid double-counting by the
modeler when an item is on both price discount and display/feature. We will illustrate thisin more
detail shortly. The decision process assumed in the consideration set formation effect isthat a
consumer relieson display and/or feature advertising to select aternatives and form a consideration
set first, and then undergo a thorough evaluation of the aternatives in the consideration set. Like
many previous studies on consideration sets (e.g., Robertsand Lattin 1991; Andrews and
Scrinivasan 1995; Siddarth, Bucklin, and Morrison 1995; Bronnenberg and Vanhonacker 1996), we
assume that a consumer utilizes a compensatory strategy to choose the aternative that maximizes
the perceived utility at the second stage of the decision process. We adopt an elimination by-
aspects (EBA) approach to formulating the consideration set formation process. The reader is
referred to Fader and McAlister (1990) as an example for details of the EBA model®.

Let Aoei, Avrs A q,and A, bethe set of alternatives defined as: 1) those on display or

feature ad at time t; 2) only those on display at timet; 3) only those on feature ad at time t; and 4)
the entire set of available alternatives, respectively. The brand utility functions corresponding to the

nine conditional brand choice probabilities can be summarized in a general expression as®:

2 The consideration set formation process can also be captured in a structural model (see Mehta, Rajiv, and Srinivasan
2003). Since astructural formulation of the price cut proxy effect is not available, we choose to adopt a reduced form
model asin Fader and McAlister (1990) in order to incorporate the price cut proxy effect in the same model.

3 Our model can be extended to accommodate the possibility that price cut is used to form consideration sets, in which
case there would be 18 decision process scenarios and the same modeling approach applies. We choose to focus on
formulating the alternative decision mechanisms of only displays and feature adsto keep the model relatively simple.



Ui  =Vie’ +ey =a, +Q s 0 AR +b i B (X Y) + € " kT A(XY),
10, if display doesnot affect choice
where x= |l C, if diglay affects choice through considerat ion set formation
1P, if digolay affects choice through price cut proxy
i0, if feature ad does not affect choice
y= :'C, if feature ad affects choice through considerat ion set formation
1P, if feature ad affects choice through price cut proxy
iPC,, if x=0&y=0
1PC,+D,- PC xD,, if x=P&y=0
B, (xy) =i :
iPCe +F, - PC, >, if x=0&y=P
{PC, +D, +F, - PC, D, - PC.xF,, if x=P&y=P
1A, If x=C&y=C
i _
iAy, Fx=C&y!C
Ay =i Y ~
iA, fx1C&y=C
la, fxtCc&ytC
For each of the nine decision mechanisms depicted in the above chart, equation (1) reduces to:
UiEtC'FC =Vi§C’FC +eiEtC'FC =aj +Gilikg-1 1 DapiAP¢ +b i PCy +eiEtC’FC, " ki ADF,I ; (1a)
Ui =V e =y 4G g1 Do AR +byg (PG +R - PGoR)+e ™™, " kT Ag; (1b)
UiEtC =Vigc +eiEtC =aj +0ilikg-1+ Dapj AP +b i PCy +ei|atc "kl AD,t ; (1o
U C=Vg Cep© =8y t0;ljyr1 + Do AR +Dp (PG + Dy - PGy D) +ep <, " ki Ay (1d)

U =V PrelP=a, +gl ik-11 0o AR 0 (PG +D +F¢ - PG>0y - PG ) w7kl A, (1)

Ui =Vie© +eil =ay +0likt. 1+ Dapi ARy +b e (PG + Dy - PG XDy ) +es, " ki Ay, (1f)
Uil =Vi© +eii” =ai +0ilike 1+ Dapi ARg +0c i PC +eif, " KT Agy; (19)
Uk =Vie +elq =a, +g| ikt-1 1 Dapi ARy +D i (PG +F¢ - PGy Fo)rerd, "kl Ay, (1h)
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U =Vik +el =ay +0ilie.1+ bapi AR +b e PCe +ei, " kT Ag; (1)

where a,; = dternative-specific constant; 1,,., = 1 if alternative k was chosen by household i at
purchase occasion (t-1), and O otherwise; AR, = aternative k’sactual priceat t, i.e., regular price
minus price discount if thereisany; PC, = 1if aternative k ison aprice discount at t, and O
otherwise; D, = 1if aternativek ison display at t, and O otherwise; F,= 1if aternativek ison
feature advertising at t, and O otherwise; V@™, Vig™"™, vig®, Vg™, VigP™P VigP vige, Vi, and
Vs arethe systematic component in each utility function; and ep> "¢, el ™, en”, e ¢, e ™",
e, efc, ell, and e, aretherandom term in each utility function. Parameter g, capturesa
household’ s degree of state dependence. Finally, parameter b,,; represents a household's
sensitivity to the actual price paid, and parameter b ,; represents the effect of an actual price

discount on the household’s brand choice.

In the above utility functions, when a consideration set formation effect takes place, only
alternatives that satisfy the consideration set formation condition are evaluated and the others have a
zero chance of being chosen. When a price cut proxy effect takes place, the coefficient of
display/feature ad is the same as that of the price cut dummy variable, and the interaction term is
subtracted to avoid double-counting by the modeler. For example, equation (1d) describes the
utility function when a consumer uses feature ads to form consideration sets and treats displays as
price cut proxies Under this decision process, only aternatives that are on feature ad enter the
consideration set and are compared against each other, and the consumer equates a display to asign

for price cut when evaluating those alternatives. If alternative k, " ki A- ., ison price cut only or
on display only, the term (PC,, +D,, - PC,, *D,,) =(1+0—-0) or (0 + 1- 0) = 1 and the effect on the

brand utility is b If the alternative is on both price cut and display, the effect should still be

pc,i *



b.i, ad thisisreflected by theterm (PC, +D, - PC, D) =(1+1-1)=1.

Assuming that the random terms in the utility functions each follow an 11D Type-I extreme
value distribution with location parameter O and scale parameter 1, we get the standard logit
formulation of the conditional probability of choosing an alternative under each of the decision

mechanisms described above. We express the conditional probabilitiesin a general form:

. len(Vi)/ A e, if kT A
Pl =1 A , )
10, otherwise

where R T { REEFC, RRE™, RRS, RRPTC, RRPFPL R, RS, R Ry Vi T {ViREFe, vigo™®,
VieS s Vig TC L VieP P Vi VRS Vi Vieh and AT { Aok s Ay Aes Au
The unconditiona probability of choosing alternative k by household i at purchase occasion

t is obtained by multiplying the conditional choice probability under each decision processby the

probability of its occurrence as described in the above chart, and then taking the sum. Specificaly,

Ra =[f ocf eci s DQFC]REGFC*‘ [f ocf rei +s DQFP]PiBGFP H[f poi@- frci- fepi) - Spgre-S DQFP)]PnEt)C
+[f ppff Foi +S DP,FC]Pil?tRFC +[f ppf Ri+S DRFP]RBRFP+[f orild- feci - T Epi) - S bREC - S DPFP)] RBP
FC FP
+[@A-f oo - Fopf Fai - Spere - SprrAIRe 1M~ foci - Fopdf Fri- Socre - S prrR)Pk

0
+[@-f oo - Fpp)- f e - FEp) +S b e S ppEC TS berp +S pRER)I Pkt

3)

The unconditional choice probability function also depends on the category level promotion
situation at a given purchase occasion. Equation (3) applies to those purchase occasions for which
thereis a least one alternative on display and at |east one alternative onfeature ad in the category at
the purchase occasion. When there is no aternative on display in the category, the display price cut
proxy and consideration set formation effects and their covariance with feature ad would not be
relevant, in which case equation (3) would reduce to:

Re =f raiPic +f rpPie +(@- frgi- T ep) P (4)

When there is no aternative on feature ad in the category, the feature ad price cut proxy and

10



consideration set formation effects and their covariance with display would not be relevant, in
which case equation (3) would reduce to:

Re =f ociPie *f opifie + Q- f o - f opi) P - ©)

Finally, when there is no aternative on display or on feature ad in the category, all four
decision mechanisms are irrelevant and the household has to choose from the entire set of available
alternatives and evaluate each based on its actual price. In this case, equation (3) would reduce to:

P =Pl 6)

To ensure that the estimates of the occurrence probabilities fall between 0 and 1 and the sum
of the conditional probabilities equals to their corresponding marginal probabilities, we need to re-
parameterize the probability and covarianceterms®. The detail is provided in the Appendix.

The model has been constructed at the individual household level so far. We adopt a latent
class approach to capturing unobserved consumer heterogeneity (see Kamakura & Russell 1989), in
which parameters are segment-specific, denoted by subscriptg=1, ..., G. The loglikelihood

functionis given by:

O

.
[Rigl™ = @)

1 a

N o ]
LL = q logtq 5O

i=1 g=1 t=1

=~
1l

where g, isthe probability of belonging to segment g, T; is the number of total purchases by

household i, and N is the number of households in the sample. The number of latent segmentsis
determined empirically by comparing the Bayesian Information Criterion (BIC) of models with
different G and the one that yields the lowest BIC is selected. When estimating each model, we use

40 sets of starting values to minimize the chance that the procedure ends at alocal optimum.

“ Our formulation involves eight parameters for the nine occurrence probabilities. Alternatively, one could directly
estimate these probabilities also using eight parameters. The drawback of the latter approach is that one does not get
estimates of the probabilities of the price cut proxy and consideration set formation effects, which are the focus of this
study.

11



We compare the proposed model to a multinomial logit model (MNL) with main effects and
interactions of display and feature ad with price cut. The variables used in both models are exactly
the same. For the MNL model, we aso adopt the latent-class formulation to handle unobserved
consumer heterogeneity. The segment-specific brand utility function is:

Uike =akg +9g!ikt-1 * Pap gAR: +D o gPGe +b4 g Die +b gFie +0pa.gPGe XD +0 pt. g PG Fie +eike - 8

Our proposed model is constructed based on the behavioral premises of the price cut proxy
and consideration set formation effects. It imposes certain constraints on the relationships among
the effects of the price cut, display and feature ad variables according to the underlying decision
mechanisms. Since the parameter of each variable in the MNL model is estimated freely, our
theory-based model which uses the same variables but with constraints is unlikely to provide a
better fit to the data. These two types of models serve different research purposes. The issue at
hand is whether the proposed model performs well relative to the MNL model in terms of fit to the
data and predictive power, while providing a better understanding of the underlying decision
mechanisms at the sametime. See Johnson and Meyer (1984), Johnson, Meyer, and Ghose (1989),

and Fader and McAlister (1990) for more discussionon the value of decision process-based models.

3. Empirical Analysis
3.1. Data Description

We calibrate the model using A. C. Nielsen’s scanner panel data onsingle-wrap cheese
dices. This category is chosen because it has relatively frequent price discounts, displays, and
feature ads, as well as fairly high variationin these promotion activities among brands. The data
were collected in a mid-west market during a 104-week period (January 1992 to December 1993).
The top six brand-size combinations are included in the analysis: Kraft 12 oz., Kraft 16 oz.,

Velveeta 12 oz., Borden 12 oz., private label 12 oz., and private label 16 oz. These six items



accounted for 77.1% of total category purchases. We use data of the first 52 weeks for model
estimation and treat the second 52 weeks as the holdout period. There are 369 households in the
data. Table 1 presents descriptive statistics of the estimation data. Note that both display and
feature ad were often accompanied by a price cut, and it occurred more frequently for feature ad
(81.7%-100%) than for display (42.7%-84.3%) in the data.

[Insert Table 1 here]
3.2. Model Estimation Results

A three-segment model appears to be the best one for the MNL and proposed models based
on BIC (for models with one, two, three, and four segments, BIC is 2611.9, 2476.8, 2455.7, and
2483.7 for the MNL model, and 2652.6, 2516.3, 2494.9, and 2513.9 for the proposed model,
respectively)®. The estimation and holdout prediction results of the two models are reported in
Tables2 and 3. As expected, the MNL model provides a better fit to the data. Nonetheless, the log
likelihood of our model, which imposes constraints on the relationships among variables, is close to
that of the MNL model (-2332.9 vs. -2309.2). In terms of holdout prediction, the MNL model
yields aloglikelihood of -3096.2 and a hit rate of 64.5%, while our model generates an almost
identical loglikelihood of -3096.6 and a dlightly better hit rate of 65.2%.

The two models depict a similar segment structure in terms of segment sizes and estimates
of the alternative-specific constants, state dependence parameter, and actual price coefficient within
each segment. But, the MNL model yields several counter-intuitive inferences on the price cut,
display and feature ad effects. For example, in segment two, the price cut coefficient is negative
and significant. In addition, the effect of offering display and price cut together (0.083) is smaller

than the effect of display alone (1.218). In segment three, the effect of offering feature ad and price
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cut together (0.297) is smaller than the effect of feature ad alone (1.725), and the effect of offering
display and price cut together is estimated to be even negative (-0.782). Note that a negative
interaction effect of display/feature ad and price cut per se is not a problem. The counter-intuitive
inferences discussed here result from a combination of a negative price cut coefficient and a
negative interaction term®. These problematic estimates are likely due to multicollinearity of the
variables’. Although the MNL model provides somewhat better fit to the estimation data, there are
no counter- intuitive effects in our proposed model as will be described shortly, which is a major
advantage of our approachfor the purpose of making promotion decision recommendations.
[Insert Tables 2 and 3 herel

We now focuson the results of the proposed model. The parameter estimates reveal three
distinct segments with regard to their tendencies to use displays and feature ads as price cut proxies
versus consideration set formation devices. Segment oneis the largest in size (51.7%). It hasthe
lowest degree of state dependence (0.394) and the largest effect of anactual price cut (0.161).
Consumers of this segment seem to use display and feature ad for forming consideration sets
sometimes, with probabilities of 16.2% and 34.9% respectively, but never treat them as price cut
proxies. Segment two is the middle segment in terms of size (26.5%) and degree of state
dependence (1.211), and has a price coefficient similar to segment one and a price cut coefficient
similar to segment three. This segment appears to be primarily influenced by in-store promotion

activities. Consumers of this segment tend to see displays as price cut proxiesfairly often (with a

® The model with segment-specific Uocrer Aoprc dpe,ppr @ app p (i-€., the parameters for computing the covariance

terms) does not offer significant improvement over the one with acommon set of these parameters and therefore the
|atter is presented. Note that the resulting covariance terms are still segment-specific (see the Appendix for the detail).

® A similar problem would occur if either of the positive main effects of price cut and display/feature ad is smaller than
the magnitude of the negative interaction effect.

" Using alternative variables, such as “ display only (without feature ad and price cut)”, “feature ad only (without display
and price cut)”, “price cut only (without display and feature ad)”, could reduce collinearity among variablesto some
extent, but does not seem to resol ve the problems caused by multicollinearity completely. See, for examples, Gupta
(1988) and Lemon and Nowlis (2002).
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probability of 68.3%) and sometimes use them to form consideration sets (with a probability of
31.7%). They very occasionally use feature ads to form consideration sets (with a probability of
3.7%), but seem to never treat them as proxies for price cuts. Segment three is the smallest in size
(21.8%). It exhibits the highest degree of state dependence (2.773) and is least sensitive to the
actual price of an item Unlike the first two segments, consumers of segment three appear to almost
always treat display and feature ad as price cut proxies (with estimated probabilities of 100% and
98.9%, respectively), and rarely use them to form consideration sets. Finally, the signs of the
covariance terms between using display/feature as consideration set formation devicesand price cut
proxies are all as expected. Several of them turn out to be close to zero, which is consistent with
their corresponding probability estimates of nearly O or 1 in a certain segment. In other words, the
covariance approaches zero when there is little variation (i.e., either yes or no) in the occurrence of
one of the eventsinvolved. The non-zero covariance terms indicate that there is a positive
correlation of using displays and feature ads to form consideration sets, and a negative correlation
between using displays for price cut proxies and feature ads to form consideration sets

The estimation results reveal some interesting patterns of the association between consumer
characteristics and the tendencies to undergo different decision processes. It appears that
consumers who are the least state-dependent and are more sensitive to the actual price and price
discount (i.e., segment one) tend to use displays and feature ads to form consideration sets.
Consumers who are most state dependent and least sensitive to the actual price and price cut (i.e.,
segment three) tend to treat displays and feature ads as proxies for price cuts. Consumers who have
an intermediate level of state dependence and sensitivity to actual price discounts show a
combination of the consideration set formation and price cut proxy effects. A plausible cause for
this pattern is that the state-dependence, price and price discount coefficients may reflect how much

effort consumers pay in processing information on actual prices and price discounts at agiven
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purchase occasion. Consumers in segment one (the least state dependent one) are likely to be more
involved in evaluating pricing and promotion information, and thus know whether a display and
feature ad is accompanied by an actual price discount and are not likely to confuse them when they
do not occur together. For these consumers, sometimes displays and feature ads may be used as
heuristics to form consideration sets, which points to a conscious strategy to save cognitive effort
and simplify purchase decisions, instead of unknowingly equating displays and feature ads to price
cuts. But most of the time (with a probability of 65.1%) they tend to evaluate the entire set of
alternatives based on their actual price and discount information Consumers in segment three (the
most state dependent one) tend to rely on past purchase outcomes and are likely to be least involved
inprocessing actual price and promotion information, and thus seem to amost always take displays
and feature ads as proxies for price cuts. Thisis consistent with the finding by Inman et al. (1990)
that consumers with low need-for-cognition tend to see promotional signs as a cue for a price cut
even when there is no actual reduction in the price. Consumers in segment two appear to be in
between the other two in terms of their involvement in the purchase decisions and thus may use
displays and feature ads for both consideration set formationand price cut proxies. Insummary, we
have found support for both the price cut proxy and consideration set formation effects, and they
tend to occur to consumers of different characteristics. Even for consumers who are aware of and
sengitive to actua prices, the mere fact that a brand is on display or feature ad can increase its
choice probability by influencing their consideration set formation process. This phenomenon
cannot be explained by the price cut proxy effect.

To further examine the characteristics of the segments identified by our model, we classify
the households into one of the three segments based on their posterior segment probabilitiesin the
estimation data. Segment-specific descriptive information is presented in Table 4. Segment one

has the highest percentage of purchases made on price discount and feature ad, the highest
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percentage of switching purchases, and the second highest percentage of purchase made on display.
Segment two lies in the middle on these measures except that it has the highest percentage of
purchases made on display, which implies that this segment is the most responsive one to in-store
display promotions. Segment three is the least responsive to price discounts, displays, and feature
ads, and also hasthe lowest percentage of switching purchases. These patterns are consistent with
our model estimation results.

[Insert Table 4 here]

The different patterns across consumer segments also provide an explanation for the mixed
patterns of promotion interaction effects in the literature. As speculated in Section 1, if
display/feature ad affects brand choice mainly through the price cut proxy effect, the interaction
term of display/feature ad and price cut in a compensatory model should be negative, because the
joint effect would be smaller than the sum of the two individual effects. Onthe other hand, if
display/feature ad are mainly used to form consideration sets, the interaction effect islikely to be
positive because a display/feature ad helps an item get into the consideration set, which is the first
stage of the decision process, while a price cut helps it stand out among the remaining alternatives
at the evaluation stage, and thus they reinforce the effectiveness of each other in the entire brand
choice process. This conjecture is supported by a comparison of the estimation results from the
MNL model and the proposed model which offer asimilar segment structure of the brand constants,
state dependence, and actual price coefficients. For segment one, our model indicates that display
and feature ad are used to form consideration sets, while their interactions with price cut are both
positive in the MNL model. For segment two, feature ad is used to form consideration sets
according to our model and its interaction with price cut is positive in the MNL model, while
digplay is more than twice likely to be a price cut proxy than a consideration set formation device

accordingly to our model (68.3% vs. 31.6%), and correspondingly, its interaction with price cut is
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negative in the MNL model. For segment three, the predominant effects of display and feature ad
are price cut proxies based on our model, and the interaction terms in the MNL model turn out to be
both positive. The matching pattern between the MNL and our models suggests that a positive
interaction effect of display/feature ad and price cut in a compensatory brand choice model is likely
due to the consideration set formation mechanism, while a negative interaction effect islikely
attributable to the price cut proxy mechanism. It implies that the mixed patterns of the interaction
effects reported previously may simply be aresult of which mechanism dominates at the aggregate
level for a particular data sample. This explanation may help bring a closure to an unsolved puzzle

in some previous studies.

4. Implications for Promotion Decisions

Having a better understanding on the underlying decision mechanisms of how in-store
displays and feature ads affect consumers brand choice behavior has important implications for
promotion decisions. It isacommon practice by retailers to frequently combine temporary price
reductions with displays and feature ads, which is also the case in our data. Y et this common
practice would often contradict with recommendations based on a MNL model that yields negative
interaction effect(s) of price cut with display and/or feature ad. Previous studies aswell asthe
current one indicate that compensatory brand choice models frequently generate negative
interaction effects. For example, the MNL model estimated from our data predicts a negative
overal interaction effect of display and price cut (averaged across segments), which implies that the
retailers should not have offered price discounts with in-store displays for the category analyzed
here. Yet it occurred in 43%-84% of the cases when an item was on display in the data.

Findings from this study, however, revead avery different picture. If a negative interaction

effect is due to the price cut proxy mechanism, as corroborated by our empirical analysis, it would
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be unwise to diminate price reductions from displays or feature ads. The price cut proxy effect is
caused by a lack of motivation or interest to engage in careful information processing. Its
occurrence relies on consumers’ lack of accurate or complete information contained in a display or
feature ad. This effect would disappear once consumers realize that a display or feature ad is never
accompanied by an actual price discount. It impliesthat, if aretailer completely eliminates price
discounts from displays and feature ads, they will no longer have any effect (including the main
effect) on brand choice in the long run for consumers who primarily use them as price cut proxies,
because their signaling effect would erode over time. Rather, some but not all of displays and
feature ads should be accompanied by price discounts to induce the usage of them as cues for price
cuts, yet still taking advantage of the phenomenon that some consumers see them as signs for
discounts even when there are no actual price reductions. It would be beneficial to combine price
discounts with displays/feature ads if the consideration set formation mechanism dominates. (This
recommendation is likely to be supported by a MNL model as well.)

Results from our model aso indicate that it makes sense to bundle price cuts with feature
ads more frequently than with displays for this category, which is exactly the case in the current
data, because the overall probability (averaged across segments) of using feature ads to form
considerationsets is greater than that of using displays to form consideration sets (19.0% vs.
16.8%), while the overall probability of using displays as price cut proxies is greater than that of
using feature ads as price cut proxies (39.9% vs. 21.6%). In summary, although retailers may not
know the detailed decision mechanisms underlying consumers' brand choice processes, they seem
to have the right intuition for frequently offering price discounts with displays and feature ads. The
model we propose in this study offers an analytical tool to help them assess the tendencies to
undergo various decision mechanisms by different consumers based on actual purchase data, and

our empirical results provide a rationale for acommon practice employed by many retailers.
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Appendix Derivation and Re-parameterization of the Occurrence Probabilities

For ease of exposition, the subscripts i and g are omitted in this section.
E(DC,FC)=1:Pr(DC =1L, FC =1)+0:[1- Pr(DC =1,FC =1)] = Pr(DC =1L FC =1)
and  cov(DC,FC) =E(DC, FC)- E(DC):E(FC)
\ Pr(DC =1,FC =1) = E(DC)>E(FC) + cov(DC, FC) =f o f ¢ +$ pe re (A1)
Similarly, Pr(DC =1, FP =1) = E(DC)>XE(FP) + cov(DC, FP) =f o f o +S pe o (A2)

And, Pr(DC =1, FC=0,FP=0)=f oc. - ( ocf rc +5 e r0) - (ot £ +5 oe.rp)
=fpoc(@ fec-fep) - Spcrc - Socre (A3)

Applying the same logic, we get the occurrence probabilities of the other decision
mechanisms. To ensure that the probability estimates fall between 0 and 1 and that the sum of the
conditional probabilities equals to their corresponding marginal probabilities, we re-parameterize

the probability and covariance terms as follows.

foe = exp(dpc) fop = expdpp)
1+ exp(dpc) +exp(dpp) 1+ exp(dpc) +exp(dop)
- exp(dec) fo= exp(dep)
FC v Tep ;
1+ exp(dec) +exp(dep) 1+ exp(dec) + exp(dep)
exp(pc,rc)
Pr(DC =1,FC =1) =f _ f : : (A4)
e rc &XPpc rc) + e €XPApc rp) +1
exp(@pc rp)
Pr(DC =1,FP =1) =f _ f : : (AD)
e P rc &XPpc rc) +f e €XP@Apc rp) +1

1

Pr(DC =1, FC =0, FP = 0) =f , (A6)
Cf rc &P(pc,rc) +f ke €XP(Ape rp) +1
eXp(dopp rc)
Pr(DP =1 FC =1) =f , f ' : (A7)
PPFCE rc €XP(App, rc) +F ep €XPApp rp) +1
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exp(op, p)
Pr(DP=1FP=1)=f _f : : A8
" - )= or Tt FC exp(qDP,FC) +f o eXp(Q DP,FP) +1 ( )

1

Pr(DP=1,FC =0,FP=0) =f : (A9)
e eXP(0pp,rc) +f o €XP(Opp rp) +1
Pr(DC=0,DP=0,FC=1) =f _[1- foceXPlpcrc) ) f 5p€XPUppec) ] (A]_O)
frc &XPlpcrc) f rp &XPlbcre) 1 T rc €XPUoprc) + rp €XPODR FP) +1
Pr(DC=0,DP=0,FP=1)=f [1- f o €XPloc ) ) f op EXPlop ) L (All)
frc &XPloc rc) +  &XPCocre) +1 f e XPlpprc) +F e EXPODp e ) +1
PrDC=0,DP=0,FC=0,FP=0) =1- f . - rp- Toc Toe , (A12)

feceXplbcrc) + rp€XPlocrp) *1 e €XPlipprc) H rpXPlpper) +1

where dpc , dpp, decy dep s pe,rcr Goc,res Ao rc: @ Opp ep @€ parameters to be estimated.

can be shown that:

(A4) + (A5) + (AB) = f o, (A7) + (AB) + (A9) = f 5, (A10) + (A1) + (A12) = 1- f ;. - f p,

(Ad) + (A7) + (A10) = f ., (A5) + (A8) + (A1l) =f .., (AB) + (A9) + (A12) = 1-f - f .

In addition, the covariance terms can be obtained by:

eXp(doc rc) _1], (A13)
rc &XPpc rc) + e EXP(Ape rp) +1

S pbe.rc =f ocf FC[f

exp(Qoc.rp) )
Fc &XP(pe re) +H rp €XPpe ) +1

1, (A14)

S pe.re =f ocf FP[f

exp(@pp,rc) .1, (A15)
rc &XP(Upp,rc) + ep EXP(App rp) +1

S pp,rc =f ppf FC[f

exp(@pp.rp) -1]. (A16)
rc &XPUpp,rc) + rp EXP(Upp p) +1

S pp,rp = ppl FP[f
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Tablel Descriptive Statistics

Price and Promotion Information

Average Price % occasions % occasions % occasions % Displays % feature ads
Alternative (cents/ounce) with Price Cut® on Display” on Feature Ad® with a PC* with a PC*
1: Kraft 12 oz. 18.8 46.5% 11.5% 21.8% 64.4% 98.9%
2: Kraft 16 oz. 20.1 19.7% 3.3% 3.6% 47.2% 100%
3: Velveeta 12 oz. 16.3 29.8% 11.2% 6.7% 42.7% 85.1%
4: Borden 12 oz. 18.1 33.2% 0.8% 21.6% 62.5% 81.7%
5: Private label 12 oz. 14.6 56.3% 11.2% 19.8% 84.3% 98.7%
6: Private label 16 oz. 15.5 27.9% 0.9% 9.4% 65.7% 94.7%

% Total number of purchase occasions in the sample = 2240.

Purchase Information

# of Purchases made Purchase made
Alternative Purchases Share On display’ on feature ad®
T Kraft 12 oz, 678 30.3% 143 (21.1%) 400 (59.0%)
2: Kraft 16 oz. 154 6.9% 31 (20.1%) 39 (25.3%)
3: Velvesta 12 oz. 335 15.0% 70 (20.9%) 25 (7.5%)
4: Borden 12 oz, 261 11.7% 4 (1.5%) 91 (34.9%)
5; Private label 12 oz. 569 25.4% 125 (22.0%) 246 (43.2%)
6: Private label 16 oz. 243 10.9% 9 (3.7%) 74 (30.5%)

®: Purchases that were made when the chosen alternative was on display/feature ad, with percentage of the total purchases of that alternative in parentheses.
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Table?2

The Multinomial Logit Model

Variables/Parameters Segment 1 Segment 2 Segment 3
Constants (baseline: Private label 16 0z.)
Kraft 12 oz. 0.895 *** 3.833 *** 0.904 ***
Kraft 16 oz. -0.263 3.013 *** 0.357
Veveeta 12 oz. -0.951 *** 2.535 *** 0.599 **
Borden 12 oz. 0.102 3.267 *** -0.891 **
Private label 12 oz. 0.553 *** 1.248 *** -0.209
State dependence () 0.324 *** 1.112*** 2.799 ***
Actual price (bap) -0.203 *** -0.329 *** -0.113 ***
Price cut indicator (by.) 0.284 ** -0.435** -0.161
Display (bp) -0.088 1.218*** 1.178**
Feature ad (bg) 0.158 -0.116 1.725**
Price cut * Display (bpp) 0.604 * -0.700 ** -1.799 ***
Price cut * Feature ad (bp) 0.661 * 1.305** -1.267 **
Segment Size 43.1% 35.0% 21.9%
Log-likelihood -2309.2
# parameters 38
Holdout log-likelihood -3096.2
Holdout hit rate 64.5%
Table3 The Proposed M odel
VariablesParameters Segment 1 Segment 2 Segment 3
Congtants (basdline: Private labdl 16 0z.)
Kraft 12 oz. 1.263 *** 4871 *** 0.705 **
Kraft 16 oz. -0.056 4.107 *** 0.235
Veveeta 12 oz. -0.402 ** 3.117 *** 0.589 **
Borden 12 oz. 0.204 4372 *** -0.910*
Private label 12 oz. 0.663 *** 1.288 *** -0.216
State dependence (g 0.394 *** 1.217 *** 2773 ***
Actual price (bap) -0.317 *** -0.422 *** -0.085 **
Price cut indicator (by) 0.161 *** 0.137 ** 0.092 **
Pr{ consideration set formation: display} (f bc) 0.162 0.317 0.000
Pr{ consideration set formation: feature} (f c) 0.349 0.037 0.010
Pr{ price cut proxy: display} (f pp) 0.000 0.683 1.000
Pr{ price cut proxy: feature} (f rp) 0.000 0.000 0.989
Cov(DC,FC) 0.105 0.035 0.000
cov(DC,FP) -0.000 -0.000 -0.000
cov(DP,FC) -0.000 -0.031 -0.000
cov(DP,FP) 0.000 0.000 0.000
Segment size 51.7% 26.5% 21.8%
Log-likelihood -2332.92
# parameters 42
Holdout log-likelihood -3096.6
Holdout hit rate 65.2%

Note: *** P-value < 0.01, ** P-value < 0.05, * P-value < 0.10, except forthe probability and covariance terms

which are computed from che, ¢, thp, tp, dpcrc: docrp: Uopec, @nd pprp.
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Table4 Segment-Specific Descriptive I nfor mation Based on the Proposed M odel

Segment 1 Segment 2 Segment 3
# households 204 (55.3%) 89 (24.1%) 76 (20.6%)
# purchases 1141 617 482
% purchases on price cut 75.0% 58.8% 34.4%
% purchases on display 19.1% 20.8% 7.5%
% purchases on feature ad 50.3% 40.2% 11.0%

% of switching purchases 66.0% 53.3% 19.9%
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