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Hierarchical Bayes Variance Components Model for Developing Optimal Rebate Program
in the Automotive Industry
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ABSTRACT

The current study attempts to design optimal rebate program for manufacturers in the automobile
industry, who have to determine the combinations of incentives to be used (e.g., consumer rebates and
dealer incentives) in a wide variety of automobile makes, models and regional markets. Allocating
promotional budget to regional offices is further complicated by the need to evaluate and react to the
conflicting information provided by different district managers, each pushing for a greater slice of the
promotional budget.

This study develops an approach to capture zip code-level response to the marketing mix that is
based on a Hierarchical Bayes multinomial logit model (random coefficient model) of automobile
choice and show how it can be used for developing optimal rebate program in the automobile market.
The approach requires us to hierarchically structure the data according to geographical proximity, e.g.,
zip codes under a particular region (e.g., DMA: Designated Marketing Area) to account for similarities
within a region and differences across regions. In contrast to scanner panel data, the long
inter-purchase times in this category provide only one observation per buyer in the sample, which
makes it difficult to directly apply previously developed methods to account for consumer
heterogeneity. We overcome this limitation by treating the transactions from a particular zip code as a
“purchase string” and estimating choice model parameters at a zip code level using the MCMC
method. This permits us to implement a micro approach to the development of the marketing mix
such that responses to the marketing mix reflect differences in consumer price and promotion
sensitivities across geographical areas.

In this approach the zip code level parameters in a region are distributed according to a normal
distribution that is centered on a region-specific mean, with each regional mean, in turn, being
distributed around a national mean, which is drawn from the distribution specified by the
hyper-parameters. The priors for the variance covariance matrices of the parameters also follow the
same hierarchical, set-up. We label this set up as the NRZ (National-Regional-Zip code) model. In
this model, the first stage of the hierarchical structure, is a multinomial logit choice model. In the
second stage we specify the multivariate normal distribution A/VN(p,,%,) for the zip code-level
parameters in the region r. In the third stage we specify the multivariate normal distribution
MVN(,,%,) for region-specific means, u, and the Wishart distribution for X,.. In the final (fourth)
stage we specify the hyper prior distribution for p, and X,. This four-stage approach results in the
Variance Components model that accounts for both between-region (X,) and within-region
heterogeneity (X,).

The data for this study come from Power Information Network (PIN), an affiliate of J.D. Power

and Associates. PIN collects sales transaction data from a sample of dealerships in the major
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metropolitan areas in the U.S. These are retail transactions, i.c., sales or leases to final consumers,
excluding fleet sales. Each observation in the PIN database contains the transaction date, the
manufacturer, model year, make, model, trim and other car information, the transaction price, consumer
rebates, the interest rate, term, amount financed (when the vehicle is financed or leased), etc. We use
data for 2000 model-year minivans for the period October 1999 - September 2000 (52 weeks). Fifteen
models are included in the study: Chevrolet Astro, Dodge Caravan, Dodge Grand Caravan, Chrysler
Grand Voyager, Pontiac Montana, Honda Odyssey, Nissan Quest, GMC Safari, Toyota Sienna,
Oldsmobile Silhouette, Chrysler Town&Country, Chevrolet Venture, Mercury Villager, Chrysler Voyager
and Ford Windstar. These models in the study account for 96% of category (i.e., minivan segment)
unit sales.

Empirical results show that the proposed four-stage model (NRZ) outperformed a typical three-stage
model (NZ) that accounts for only within-region heterogeneity (by assuming that all zip codes belong
to one big nation) in terms of model fit in both calibration and holdout samples. The superiority of
the NRZ model can be attributable to more thorough corrections of heterogeneity which is due to
between- and within-differences in responses to the marketing mix. The managerial setting that we
study provides some natural ways to structure the prior distribution of the zip code level parameters
to accommodate their differences and similarities. Comparing the empirical performance of competing
models based on different prior distributions provides insights into the best ways to borrow
information across the different zip codes.

The approach permits managers the flexibility to use different promotional instruments in different
ways. Thus, a general promotional incentive, such as manufacturer cash-back promotion, can be
constrained to be equal across different zip codes in the same region to address antitrust concerns,
while a targeted coupon mailing could be customized for a particular zip code.

We examine a realistic (but hypothetical) problem faced by one particular manufacturer, which
involves setting the optimal rebate levels to be offered in various markets. First, we determine the
optimal rebate level according to each model assumption (i.e., homogeneous MNL model, NRZ model
assumptions). Given the model-specific optimal rebate level, we calculate expected profits by using the
NRZ model parameters since in terms of model fit, the NRZ model is the best and most likely to
describe market responses close to reality. We show how the model parameters can be used to
determine these rebate levels and demonstrate that the profits obtained with the NRZ model
assumption are significantly higher than those with the uniform blanket rebate program.

Key words: Choice models, Promotions, Automobiles, Hierarchical Bayes.

Kwangpil Chang | Associate Professor, College of Business Administration, University of Seoul
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(Table 1) Market Shares by Model and Means of Marketing Mix Variables
Vehicle Model Market Share Price ($) Rebate ($) APR (%)

Astro 0.042 22,819 889 6.956
Caravan 0.090 20,144 1,563 7.316

Grand Caravan 0.135 25,167 1,654 6.399
Grand Voyager 0.045 23,376 — 7.810

Montana 0.027 26,650 1,692 5.591
Odyssey 0.159 26,508 8.507
Quest 0.053 23,488 1,000 7.811
Safari 0.014 23,550 806 7.405
Sienna 0,107 25,826 8.609
Silhouette 0.020 27,950 1,662 5.524
Town & Country 0.077 29,556 1,813 5,683
Venture 0.049 25,718 1,660 5773
Villager 0.014 24,574 1,971 5,600
\oyager 0,038 20,250 1,481 7.356
Windstar 0.131 26,153 1,500 4145
(Table 2) Number of Zip Codes Across DMAs
DMA # of zip codes DMA # of zip codes
Baltimore/Washington 133 Northern California 256
Cleveland 79 Orlando 82
Colorado 65 Pennsylvania 166
Detroit 37 Phoenix 32
Georgia 79 Pittsburgh 23
lllinois/Indiana 180 Seattle/Portland 63
Indianapolis 30 South Texas 48
Miami 109 Southern California 301
Minneapolis 62 Tampa 55
Missouri 27 Tennessee 26
New England 162 Texas 64
New York 235
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=
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P
10024 EM]O]E Qs STMN7IHEA Atd H

Z Hae HHFFE 2= gMlolE H
= HF gMclER Fsidith A2 E SR
zip code FHZA W|o|E =, REBTVF AAEWA
A ro] HA Fole v o] ALk

profit, (B2) = Y profit’ (82, REB*) 23)

zZET

T zip code Tl A E]HJ]OIE-/] HH s
AshA| gal, 22 AYe| & 25
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(Table 3) Model Fit

Calibration Holdou

Model Log Marginal Density Mean Absolute Deviation
(LMD) (MAD)
HMNL —135,430.118 0.820
NZ —127,964.002 0.809
NRZ —119,102,143 0,775

(Table 4) Parameter Estimates by Model

) Hierarchical Bayes Model
Variables HMNL NZ () NRZ (p,)
_ R 0.083 0.078
Zip M/S 0.072 (0.004) (0.012)
LastModel 2,492 (0.029) (0.056)
. 1,269 1.306
LastMake 1.255 (0.019) (0.053)
. . *1_426 —1865
Log(Price) -0.882 (0.094) (0.106)
. 0.469 0.494
Log(Rebate) 0.459 (0.039) (0,093)
. _0143 *0187
APR -0.119 (0.005) (0.020)
* significant at @ =0,05 (HMNL), (): standard deviations of the posterior distribution for population parameters, p and p, (NZ, NRZ)
HlElA] Edl HMNLEZEL I AT=HA A= o8 9E3 Ao=E YEut (BF=exp(8,862)>100,
Hlol2 By RO 53 Aoz Yelgth Al Ho| Kass and Raftery 1995). <, zip code® E9] o]&A]
2 53 FoE o ATIA ALF NRZEHO| Nz & wHaE W] Aoy o]@gmato] ohg} A&zt of
23R} AP (Calibration Log Marginal Density 3 AT Wgshs Zlo] EYAREE FANE F
anolt} o5 EF3/d(Holdout Mean Absolute Deviation = 8Rojgle AHS IRIANAFE Aot A YR
Faollq B 93 Aog yepgr wlol= 89 oJ@AE)T NG olFN(Z)E Uehlle FEA
(Bayes Factor)®ll 9]¢t 2 HEl= NRZEFo] J=3 AL 7} 7} <Table 559} <Table 6>°l A|AH wi2}

(Table 5) Between—Region Heterogeneity Matrix (X))

Zip M/S LastModel LastMake Log(Price) Log(Rebate) APR
Zip M/S 0.0015 0.0066 —0.0045 0.0057 0.0035 0,0029
LastModel 0.0066 1.0775 0.0277 —0.0196 —0.0438 0.0207
LastMake —0.0045 0.0277 0.2809 0.0016 —0.0141 0,0226
Log(Price) 0.0057 —-0.0196 0.0016 0.7155 0.0719 0.0439
Log(Rebate) 0.0035 —-0.0438 —0.0141 0.0719 0.0663 0.0023
APR 0.0029 0.0207 0.0226 0.0439 0.0023 0.0402

* The submatrix for brand—specific intercepts is excluded,
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(Table 6) Within—Region Heterogeneity Matrix (X )

Zip M/S | astModel LastMake Log(Price) Log(Rebate) APR
Zip M/S 0.0062 —0.0055 0.0004 —0.0018 —0.0025 0.0013
LLastModel —0.0055 5.6961 0.2126 —0.0354 0.2278 —0.0217
LastMake 0.0004 0.2126 1.9402 —0.,4619 0.1078 0.0016
Log(Price) —0.0018 —0.0354 —0.4619 2.6837 —0.7237 0.0388
Log(Rebate) —0.0025 0.2278 0.1078 —0.7237 0.1982 —0.0051
APR 0.0013 —0.0217 0.0016 0.0388 —0,0051 0.1217
(Table 7) VPC (Variance Partition Coefficients)
Zip M/S | astModel LastMake Log(Price) Log(Rebate) APR
VPC=
Tn 0.1948 0.1591 0.1265 0.2105 0.2507 0.2483
o,to,

2} o] yEe] b 948 7 7} o, o018} &}
3l VPCS(Variance Partition Coefficient)S A4+t 23}
£ <Table 7>° AAE nie} 2o} veCrt 190 H$
AU oldAdS EAsHA &al, A K3t oA Rt
AgS ofmlgtt &, 22 AW &3 zip code®
T A= o7t glom 1 X He] B B (p,)3
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Hofl VPC7} 091 3¢, ARt o]d S EAsHA &
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(Table 8) Profitability Analysis (unit: $)

DMA Zero Blanket HMNL NZ NRZ
(Designated Marketing Rebate Rebate Optimal Optimal Optimal

Area) ($1500) Profit Profit Profit
Cleveland 21,823 201,398 203,345 205,283 225,407
Indianapolis 7,953,237 23,058,732 23,621,356 24,239,809 26,482,357
lllinois/Indiana 11,367,766 37,661,356 42,013,215 42 574,528 43,943, 245
Detroit 600,454 8,342,659 8,628,372 8,996,794 9,280,247
Minneapolis 3,473,554 14,987,275 15,983,257 16,025,646 16,994,355
TOTAL 23,416,834 84,251,420 90,449,545 92,042,060 96,925 611
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O] el AR e
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ST (Gelfand et al. 1990, Allenby et al. 1998). 1 %t
& &3 At =0, C=1000L p=21 (ie, RS =}
(e, 2,9 Y+, R=151 AFE

Hﬂi@

G

N
b
2ok

o{l

+1), p, =21
XZHE f2d AFEEXY A4 Markov Chain
Monte Carlo (MCMC) ®ralol whel 2~ AMEH
Metropolis-Hastings Algorithms 83} 245 4
stth FAstA ke B m+)MA FAHXA =
5% 22 AASEEZEZREH FEA0 (Geman and
Geman 1984, Gelfand and Smith 1990, Tiemey 1994,
Chib and Greenberg 1995).
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