
This article was downloaded by: [216.73.216.149] On: 22 October 2026, At: 07:45
Publisher: Institute for Operations Research and the Management Sciences (INFORMS)
INFORMS is located in Maryland, USA

Marketing Science

Publication details, including instructions for authors and subscription information:
http://pubsonline.informs.org

Practice Prize Paper—Marketing-Mix
Recommendations to Manage Value Growth at P&G
Asia-Pacific
V. Kumar, Jia Fan, Rohit Gulati, P. Venkat,

To cite this article:
V. Kumar, Jia Fan, Rohit Gulati, P. Venkat,  (2009) Practice Prize Paper—Marketing-Mix Recommendations to
Manage Value Growth at P&G Asia-Pacific. Marketing Science 28(4):645-655. https://doi.org/10.1287/mksc.1080.0477

Full terms and conditions of use: https://pubsonline.informs.org/Publications/Librarians-Portal/PubsOnLine-
Terms-and-Conditions

This article may be used only for the purposes of research, teaching, and/or private study. Commercial use or
systematic downloading (by robots or other automatic processes) is prohibited without explicit Publisher approval,
unless otherwise noted. For more information, contact permissions@informs.org.

The Publisher does not warrant or guarantee the article’s accuracy, completeness, merchantability, fitness
for a particular purpose, or non-infringement. Descriptions of, or references to, products or publications, or
inclusion of an advertisement in this article, neither constitutes nor implies a guarantee, endorsement, or support
of claims made of that product, publication, or service.

Copyright © 2009, INFORMS

Please scroll down for article—it is on subsequent pages

With 12,500 members from nearly 90 countries, INFORMS is the largest international association of operations
research (O.R.) and analytics professionals and students. INFORMS provides unique networking and learning
opportunities for individual professionals, and organizations of all types and sizes, to better understand and use
O.R. and analytics tools and methods to transform strategic visions and achieve better outcomes.
For more information on INFORMS, its publications, membership, or meetings visit http://www.informs.org

http://pubsonline.informs.org
https://doi.org/10.1287/mksc.1080.0477
https://pubsonline.informs.org/Publications/Librarians-Portal/PubsOnLine-Terms-and-Conditions
https://pubsonline.informs.org/Publications/Librarians-Portal/PubsOnLine-Terms-and-Conditions
http://www.informs.org


Vol. 28, No. 4, July–August 2009, pp. 645–655
issn 0732-2399 �eissn 1526-548X �09 �2804 �0645

informs ®

doi 10.1287/mksc.1080.0477
©2009 INFORMS

Practice Prize Paper

Marketing-Mix Recommendations to Manage
Value Growth at P&G Asia-Pacific

V. Kumar, Jia Fan
J. Mack Robinson College of Business, Georgia State University, Altanta, Georgia 30303

{vk@gsu.edu, jfan4@gsu.edu}

Rohit Gulati, P. Venkat
Proctor & Gamble Asia-Pacific, Pte Ltd., Singapore 307684

{gulatir@pg.com, venkat.p@pg.com}

Procter & Gamble (P&G) Asia-Pacific is interested in managing value growth. Only after fully understanding
the true effects of the marketing-mix variables can P&G managers make strategic decisions answering ques-

tions such as the following: (1) Are the P&G brands in the detergent market inelastic or elastic with respect to
price? How has the price elasticity changed over time? Can P&G increase the price of its brands to gain value
growth? (2) What are the price, distribution, and sizing combinations needed to achieve the desirable value
growth? (3) How can P&G gain market share from its competitors without cannibalizing its own brands? P&G
Asia-Pacific approached us to develop a value growth framework to answer these questions. To generate the
answers for the above questions, we develop a three-step weighted random coefficient estimator that captures
the heterogeneity across cross sections (different stock-keeping units and states) and the endogeneity of dis-
tribution. Based on the parameter estimates, we provide strategic recommendations to P&G for a field test to
validate our suggestions. We developed a simulator for P&G managers so that they can generate appropriate
marketing-mix strategies for achieving the desired value growth. As a result, P&G gained over $39 million in
value growth over a one-year period by implementing the recommendations from our modeling approach.

Key words : marketing mix; price elasticity; distribution; random coefficient model; system of equations; sales
value; revenue; sales volume
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1. Introduction
Procter & Gamble (P&G) has been present in the
Indian laundry detergent market for almost a decade.
P&G achieved sales volume growth at the beginning
by cutting prices over time. However, the category
growth for laundry detergents has been marginal in
recent years, and the price-cutting strategy became
less effective, especially because of the aggressive
competition. Many strong brands (mostly domestic)
have been in existence in the market for many years
when compared to the P&G brands Ariel and Tide.
In general, the market was quite price elastic at the
beginning of the study period, the year 2000. This
means that for most companies, the trend in the cat-
egory has been to decrease the price to gain vol-
ume share. However, it is a different story with value
growth (i.e., revenue growth). Because of the two
major price decreases, the value growth has been min-
imal or even nonexistent. A key question for P&G
Asia-Pacific (responsible for India, China, Australia,
and other countries in that region) is how to realize
value growth (not just volume share growth) from

both the P&G brands in this category. Specifically, the
questions posed by P&G include the following:
• Are the P&G brands in the detergent market

inelastic or elastic with respect to price? How has the
price elasticity changed over time? Can P&G increase
the price of its brands to gain value growth?
• What are the price, distribution, and sizing com-

binations to achieve the desired value growth?
• How can a higher-tier P&G brand (Ariel) gain

share from the lower-tier brands without cannibaliz-
ing P&G’s own brand in the lower tier (Tide)?
To answer these marketing-mix questions, P&G ap-

proached us1 to develop a value growth framework
by measuring elasticities; investigating the pricing,
distribution, and sizing (package size) strategies for
achieving the desired value growth for each P&G
brand; and evaluating the draw of sales from the
lower-tier brands, including P&G’s own lower-tier
brand (i.e., cannibalization effect). We measure the

1 Here, “us/we” means the academic authors; “P&G” refers to the
P&G company or the executives and their marketing team.
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price and distribution elasticities by developing a sys-
tem of equations for our same-tier sales response
models and up-tiering sales response models (to eval-
uate the draw of sales from the lower-tier competi-
tors), we will call them “same-tier” and “up-tiering”
models throughout the paper. Therefore, the joint
effect of various marketing-mix variables including
price, distribution, commercial innovation, as well
as those from competition in different tiers, can be
evaluated together in this system. To incorporate
the cross-sectional differences in the overall response
coefficients and the heterogeneity in response for dif-
ferent stock-keeping units (SKUs) and states, we use
a three-step weighted random coefficient regression
(RCR) approach to estimate the models. This is the
first time in the literature that this weighted estima-
tor is used for the case of a system of equations,
and we also show the properties of this estimator
in the Technical Appendix, located at http://mktsci.
pubs.informs.org. The results revealed that price elas-
ticities were very low (all below one) by the end
of the study period, and distribution played a criti-
cal role in sales volume. These findings indicate the
potential to achieve value growth by increasing price
and expanding distribution. Given that no significant
additional cost was incurred to increase the distribu-
tion, it should ultimately lead to the profit growth.
Based on our model results, we develop a sales vol-
ume and value simulator for each of the two P&G
brands—Tide and Ariel. These simulators enable the
marketing managers at P&G to develop the desired
pricing/distribution/sizing strategies instantly, find
out which competitive brands and SKUs they are
actually competing with, and develop proactive mar-
keting strategies to manage value growth. From 2006
to 2007, P&G conducted a field test to evaluate our
recommendations. They increased the prices for all
the packages at different levels according to their
individual elasticities. As a result, P&G gained over
$39 million in value growth over a one-year period
by implementing our recommendations.
The rest of the article proceeds in this manner. In §2,

we discuss the project background and the main ideas
behind our approach. Section 3 provides the details
on our analytic approach, which includes the descrip-
tion of the data and model development process. The
findings and strategic recommendations are described
in §4, and the field test is addressed in §5. Section 6
evaluates the implementation and its impact, and dis-
cusses potential suggestions for future research.

2. Background
2.1. Study Context
The Indian detergent market is quite complex. It con-
sists of three distinctive price tiers: super premium

(Tier 1—average price around 100 Rs/kg), premium
(Tier 2—average price around 50 Rs/kg), and pop-
ular tier (Tier 3—average price around 20 Rs/kg).
There are a total of 11 brands, of which P&G has
two—Ariel (in Tier 1) and Tide (in Tier 2). Within
each brand, there are two package forms that a cus-
tomer can choose from—bags and sachets. The pack-
ages that weigh less than 100 g are considered sachets,
which are designed for a one-time use. The packages
that weigh more than 100 g are considered bags,
which are designed for long-term use. Within a pack-
age form, there are different sizes—e.g., 200 g, 500 g,
and 1,000 g for the bags, and 20 g for the sachets. This
market is divided into 10 states by P&G for the pur-
pose of data collection process and management by
regions. These 10 states vary in terms of culture and
economic environment. Data are collected at the state
level for all the brands and SKUs.
P&G entered this market later than other brands,

and they had two major price cuts to expand their
market share. However, P&G wants to find out
the best way to achieve their desired value growth
because a dramatic price cut would be very costly
for them. A low-price strategy will not induce value
growth, especially when the price elasticity is smaller
than one. Therefore, the goal of our project is to man-
age P&G’s value growth through the appropriate allo-
cation of marketing-mix resources. Without inducing
extra costs, the value growth will lead to the profit
growth.

2.2. Value Growth Framework
We believe that all the marketing-mix variables impact
the volume and value growth. To achieve a desired
value growth, we have to disentangle the effects of
these variables on the sales volume, and allocate
the resources accordingly. Therefore, we develop a
value growth framework in which we first develop
marketing-mix models to estimate the parameters
(the effects of the marketing-mix variables on sales
volume). These marketing-mix variables include P&G
brand’s variables as well as P&G’s same-tier and
adjacent-tier competitors’ variables. Then we convert
the parameter estimates of all these variables into uni-
versal elasticity measures in terms of sales volume.
Using these elasticities, we create a sales volume and
value simulator as a tool for generating the strategic
guidelines. Finally, P&G implemented our recommen-
dations and tracked the results in 2006 and 2007.
Figure 1 illustrates how we achieve the desired

value growth. We have three sources of information
that we use in this framework: retail audit data, media
data, and marketing information. Combining these
three sources of information, we develop two types of
models: same-tier and up-tiering models. More specif-
ically, in the same-tier model, dependent variables
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Figure 1 Implementing Value Growth Framework

Retail audit data Marketing information Media data

Same tier model Up-tiering model

Lower-tier cross-price and
distribution elasticities

Sales volume and value simulator

Managing pricing, distribution, and
sizing combination

Before implementation After implementation

Compare
performance

Field test
time period
2006–2007

Estimation
time period
2000–2005Own- and cross-price and

distribution elasticities

Field study

are P&G brands’ sales and distribution, and indepen-
dent variables are marketing-mix variables of P&G
brands and their same-tier competitors. The existing
literature exhibits the presence of asymmetric compe-
tition among different price tiers (Kumar and Leone
1988, Blattberg and Wisniewski 1989). Therefore, we
develop an up-tiering model to explain the compe-
tition across different price tiers. In the up-tiering
model, dependent variables are Tier 2 or Tier 3
brands’ sales and distribution, and independent vari-
ables are marketing-mix variables of Tier 2 or Tier 3
brands and their higher-tier competitors. We believe
that looking at price alone is not a good market-
ing strategy. Reibstein and Farris (1995) argue that
distribution is a combined result of various market-
ing activities including brand preference, brand loy-
alty, and “push” programs. We develop the model
with sales and distribution as a system of equations
because we tested and confirmed the endogeneity of
distribution in our preliminary analysis. The same test
was used to test the endogeneity of price, which was
found not to be significant. We also tested the cross-
effects between nonadjacent tiers, but they are not sig-
nificant due to the fact that all three tiers are very
distinct from each other (Tier 1 contains super pre-
mium brands with average price around 100 Rs/kg,
Tier 2 contains premium brands with average price

around 50 Rs/kg, and Tier 3 contains popular brands
with average price around 20 Rs/kg).
We have price and distribution in different units.

To compare the effects of these two variables in draw-
ing sales volume from same-tier and lower-tier brands,
we convert all the parameter estimates into elasticity
measures. We especially want to examine the effect of
price on value by checking whether the price elasticity
is greater than one.
The goal of the framework is to provide a tool

for P&G managers to evaluate the effects of the key
marketing-mix variables as a system. Therefore, using
all the response coefficients/elasticities, we design a
sales volume and value simulator for Ariel and Tide,
respectively. It incorporates all the key marketing-mix
variables and calculates their effects on sales volume
and value systematically. P&G managers can use this
simulator directly to calculate the predicted sales vol-
ume and value as a result of planned price and dis-
tribution change. Based on the elasticities from the
same-tier model, the simulator can tell the managers
how much volume/value gain or loss will occur due
to the changes in P&G’s or its same-tier competi-
tor’s price, distribution, or commercial innovation;
similarly, based on the elasticities from the up-tiering
model, the simulator can provide the managers with
information about how much volume/value gain or
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loss is expected from each lower-tier competitor when
P&G changes its price, distribution, or commercial
innovation.
By using the simulator, we investigated which SKUs

have the highest potential to achieve sales volume and
value gain and provided strategic recommendations
to P&G. Then, P&G adjusted the prices and introduced
a few commercial innovations for each of their SKUs.
Distribution also increased because of this. After the
implementation, P&G collected the same set of data
that we used for our model development to conduct
the impact analysis.

3. Analytic Approach
In this section, we will discuss the data used in this
study and the development of models.

3.1. Data
P&G provided us with the state-level monthly data
for 11 brands at the SKU level in a five-and-a-half
year period (July 2000–December 2005), giving us a
total of 8,485 observations. Because P&G also wants
to know the sales volume change in each state, our
same-tier model is built at the SKU-state level. The
sales volume for each SKU is reported in stock units
(SUs) normalized for the variations in package size.
The price is measured as the average price per SU.
The distribution is a retailer-calculated measure of the
percentage of stores in a state that are selling the
item weighted by the stores’ total turnover (see details
in Technical Appendix, located at http://mktsci.pubs.
informs.org). The distribution for all the brands and
SKUs are defined in the same way.
In such a competitive market, the sales volume for

all three tiers is growing over time. Tier 2 has the high-
est growth rate at 120%, followed by Tier 1 at 78%, and
Tier 3 at 67% from July 2000 to December 2005. One
potential reason why Tier 2 has the highest growth
rate, whereas Tier 3 has the lowest, could be that Tier 2
is drawing sales from Tier 3 (which has the highest
sales volume among the three tiers) when the prices
of Tier 2 brands were decreasing over time. There are
two major price drops for Tide and Ariel over the five-
and-a-half year period. P&G expected the price drops
to bring them significant value growth. However, the
value growth of P&G is minimal.

3.2. Model Development
In this market, detergent sales also highly rely on
the breadth of distribution because most detergents
are sold in convenience stores that are omnipresent
in this region. We treat distribution as an endoge-
nous variable because it is largely determined by cus-
tomer demand and the storeowners’ brand prefer-
ence/loyalty. To test for the endogeneity of price and
distribution, we have to find the instrumental variable

(IV) for them first. An IV has to be (a) correlated with
the endogenous variable and (b) not correlated with
the error terms in the system of equations. Because
most stores are small convenience stores in this mar-
ket, the sales volume is determined by the customers’
request and storeowners’ preference. Because of the
severe competition between convenience stores, the
storeowners were quite aware of what was popu-
lar in the market. When the sales volume increases,
the storeowners who were not selling this product
started to sell, whereas those who were already sell-
ing this product tend to keep more of the product in
stock. Therefore, the sales volume growth will induce
increase in distribution. Thus, we use various sales
growth rates (monthly sales growth, two-month mov-
ing average, three-month moving average, etc.) as the
candidates for the IV of distribution besides some
demographic variables (e.g., population density, aver-
age income level, etc.).
To test for the two IV conditions stated above, we

first check for the exogeneity condition. It is not easy
to find exogenous variables that are not correlated
with the existing independent variables in the model.
We tried various variables, including demographic
variables. The demographic variables are all corre-
lated with the residuals from the preliminary ordinary
least squares regression. When we tried the moving
average of sales volume growth variables mentioned
above, the correlations are not significant. Then we
checked these IV candidates for their relevance by cal-
culating their partial R2 (Hall et al. 1996, Shea 1997)
and found that the three-month moving average has
the highest partial R2. Therefore, we use it as our
instrumental variable in the model.
For “price,” we follow the same procedure and

found that the three-month moving average of the
sales value growth rate is a good instrument for
price (value growth might influence the firm’s pric-
ing but not sales volume). However, using the
Hausman endogeneity test, we found that price is not
endogenous.
To measure the effects of marketing-mix variables

accurately, we have to take the endogeneity of distri-
bution as well as both the same-tier and up-tiering
effect into account in our models. The conceptual
framework of our approach is shown in Figure 2. We
build the same-tier models and up-tiering models for
each Ariel bag, Ariel sachet, Tide bag, and Tide sachet
due to the fact that customers do not have the same
purchase patterns for different brands and package
forms. The modeling framework is shown in Figure
3. To get different responses from each of the cross
sections (i.e., SKU-state combination for the same-
tier model and brand-SKU-state combination for up-
tiering model), we estimate each of these models by
a three-step weighted RCR estimation.
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Figure 2 The Conceptual Framework

Price

Sales
volume

Distribution Same-tier

Up-tiering

Value

Elasticities

Parameter estimation

3.2.1. Same-Tier Model. In the process of model
development, we first build the same-tier models to
see which of P&G brand’s or competitors’ marketing-
mix variables have significant effects on the sales vol-
ume of P&G brands. As mentioned earlier, we build
our same-tier model at SKU-state level. Thus, our
same-tier models are hierarchical models with the
combinations of SKUs and 10 states as cross sections.
For example, we have four SKUs in the same-tier
model of Ariel bags and 10 states. Thus, we have a
total of 40 cross sections in this model. This system of
equations model is composed of sales and distribution
equations. Salesit represents the monthly sales volume
of SKU-state combination i at time t, and Distributionit

represents the distribution of SKU-state combination
i at time t. In the same-tier model for Ariel bags, we
use �Comp_Price�it and �Comp_Distribution�it to repre-
sent Surf Excel’s (Ariel’s only same-tier competitor)
price and distribution in SKU-state cross section i. We
tested for the competitive effects from all the tiers
but found that lower-tier competitors would not be

Figure 3 The Modeling Framework

Same-tier
competition

Tier 1:
(Super premium)

Tier 3:
(Popular)

• Fena
• Ghari
• Nirma
• Wheel

Tier 2:
(Premium)

•  Tide
•  Henko
•  Sunlight
•  Rin Advanced
•  Surf Excel Blue

Tier 2:
(Premium)

•  Henko
•  Sunlight
•  Rin Advanced
•  Surf Excel Blue

P&G

Bags Sachets Bags Sachets

Same-tier
competition

Up-tieringUp-tiering

Ariel
(Tier 1)

Tide
(Tier 2)

•  Surf Excel

able to draw sales from higher-tier brands (Kumar
and Leone 1988). Thus, lower-tier marketing-mix vari-
ables are not included as independent variables. CI is
the commercial innovation, which is the most com-
mon marketing initiative for P&G. There were two
major commercial innovations (CIs) (e.g., the “OxyBlu
additive” commercial campaign) in 2004 and 2005,
respectively. Both the campaigns were followed by
volume growth. Overall, there are 20 variables in each
equation. These variables include Price, Distribution,
Advertising, Promotion, and CI for P&G’s own brands
and competing brands in the same tier. The system of
equations of Sales and Distribution for the cross sec-
tion i at time t with a few select variables is shown
below.


Salesit = 
0i +
1iY 02it +
2iY 03it +
3i�Price�it
+
4i�Y 02 ∗Price�it +
5i�Y 03 ∗ Price�it
+
6i�CI�it +
7i�Comp_Price�it
+
8i�Comp_Distribution�it
+
9i�Distribution�it + · · ·+ �it� �1�

Distributionit = �0i +�1iY 02it +�2iY 03it +�3i�Price�it
+�4i�Y 02 ∗Price�it +�5i�Y 03 ∗Price�it
+�6i�CI�it +�7i�Comp_Price�it
+�8i�Comp_Distribution�it
+�1i�QSG�it−1+ · · ·+ �it� �2�

where

Y 02it =
{
1 July 2000≤month≤December 2002�
0 else�

Y 03it =
{
1 January 2003≤month≤ February 2004�
0 else�
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We created time dummies in this study to capture
the time-varying nature of the price sensitivity and
the price drop occasions for Ariel and Tide. For exam-
ple, we created two time dummies Y 02 and Y 03 for
Ariel bags to reflect the price regimens caused by the
two major price drops in January 2003 and March
2004, respectively. The dummies themselves reflect
the effects of price regimens (accounted by the inter-
cepts), and the interactions of the price dummies with
price reflect the change in the price effects on sales
in the three regimens (accounted by the slope coeffi-
cients). According to the literature on RCR (Hsiao and
Pesaran 2008), presuming the parameter to change in
each time period (month) is not parsimonious and it
is not feasible to estimate the model. Therefore, we
assume a constant parameter for price in each of the
three price regimens.
After trying various nonlinear model specifications,

we converged on the linear model form. This linear
model fits the data quite well, and so we retain this
simple model. The mean absolute percentage error
(MAPE) is the lowest for the linear model. For exam-
ple, the MAPE for Ariel (500 g) is 4.7% for the linear
model, 7% for the log-linear model, and 8.1% for the
log-log model. Similar results were observed for the
other SKUs, indicating that a linear model provides
the best fit for this data set. Advertising is an impor-
tant element to the sales volume in the consumer
packaged goods (CPG) category. P&G spends a huge
amount on advertising, especially on TV commercials;
so do P&G’s competitors. With similar information in
their advertising, it is possible for the effect of P&G’s
advertising to cancel out with those of competitors’
advertising, leading to a very little sales gain for P&G
(Bass and Pilon 1980). The other reason for advertising
not to be significant in our model is that advertising in
this market could have reached equilibrium, and the
advertising spending was to maintain the equilibrium
instead of increasing the sales volume directly. How-
ever, the commercials that carry information on inno-
vations about the P&G brands differentiate P&G from
its competitors. The effects of this type of advertising
will not be cancelled out. In other words, they will
have an impact on the sales volume. In our model, CI
is the variable that reflects this type of effect. Managers
have to maintain their advertising level while work-
ing actively on producing advertising involving com-
mercial innovations for differentiating their products
from their competitors. We assume the constant effects
of CI and Distribution over time based on our pre-
liminary analysis. To account for the endogeneity of
Distribution and get an unbiased estimator for Equa-
tion (1), we use �QSG�t−1, which is defined as the three-
month moving average of monthly sales growth rate
as our IV for Distributionit . The monthly growth rate

of sales volume expands distribution because the con-
venience store owners are willing to carry the product
when they observe an increase in sales. Furthermore,
the introduction of CIs will cause the distribution to
increase because of the pull from the customers.
To incorporate the cross-sectional differences in the

overall response coefficients and the heterogeneity in
response for different SKUs, we develop a three-step
weighted RCR approach to estimate the four same-
tier models. In the first step, we estimate the model
by two-stage least-squares (2SLS) estimation at the
SKU-state level to get individual parameter estimates
for each cross section. Then, we compute the param-
eters for the regular RCR by weighting the 2SLS
parameters we obtained in the first step with the help
of a mean squared error (MSE) estimate and a dis-
persion estimate. The MSE estimate is obtained for
each cross section, whereas the dispersion estimate
is obtained across the cross sections. The system of
equation setup helps us to jointly estimate the interde-
pendencies between sales and distribution responses.
However, we will not be able to capture the hetero-
geneity across different SKUs because there is only
one common mean for all the cross sections if we use
the regular RCR estimates. To capture the heterogene-
ity across different SKUs, especially to get different
own- and cross-price elasticities for different SKUs,
we calculate the weighted average of the coefficients
from the pooled RCR and individual 2SLS to get the
individual set of parameters for each cross section in
the third step. In this weighted estimator, the weight
for the pooled RCR is the ratio of MSE to the total
(MSE + dispersion), and the weight for individual
2SLS is the ratio of dispersion to the total. It means
that when the dispersion is large (i.e., the cross sec-
tions are very distinctive from each other), we should
give more weight to individual 2SLS, whereas when
the MSE is large (i.e., the individual 2SLS estimate is
not reflective), we should borrow more information
from the pooled RCR. This weighted RCR estima-
tor can help us capture both the common proper-
ties of all the cross sections as well as the stochastic
character of the individual response (Kadiyala and
Oberhelman 1982, Leone et al. 1993). The details of
this estimation process are in the Technical Appendix,
located at http://mktsci.pubs.informs.org. Following
the above process, we get a new set of parameter
estimates that vary across different SKUs and states
(see the Technical Appendix, located at http://mktsci.
pubs.informs.org, for a sample set of estimates).

3.2.2. Up-Tiering Model. One of the key chal-
lenges of this project is to effectively draw sales from
a lower tier without cannibalizing P&G’s own lower-
tier brand (Tide). As stated earlier, given the distinct
price tiers, only the adjacent tier brands were found
to be significantly impacting the sales. We developed
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an up-tiering model for Ariel (see Figure 3) where
the immediate lower-tier competitors’ (e.g., Rin,
Tide, etc.—belonging to Tier 2) sales volumes is
the dependent variable, and the lower-tier brands’
marketing-mix variables are the independent vari-
ables, in addition to the marketing-mix variables of
Ariel and its competitors within the same tier. We also
specify similar models for Tide and replicate the anal-
ysis for both package forms—bags and sachets. The
up-tiering models have a similar, but not exactly the
same, data structure as the same-tier model. We stack
all the brands in the lower tiers one below the other so
that the up-tiering models have three levels of com-
binations: brand, SKU, and state. These combinations
create more cross sections in the model. However, we
can use the same estimation approach that we used
in the same-tier model—with more cross sections as
the only difference between these two types of models
in terms of model specification. From the up-tiering
model, we can get the parameter estimates of P&G
price and distribution to see specifically which P&G
SKU is influencing which lower-tier competitors’ sales
volume the most and to provide the basis to deter-
mine the best pricing-sizing combination.

3.2.3. Model Specification Test. We use the RCR
with a system of equations to estimate both the same-
tier models and the up-tiering models. To verify
whether our models are correctly specified, we first
use the extra sum-of-squares F -test to see if it is right
to have individual parameter estimates for each state.
Then, we use the Hausman (1978) specification test
to evaluate the appropriateness of our weighted RCR.
The results show that the heterogeneity across cross
sections was too significant to pool them together.
Thus, a natural choice would be an individual 2SLS
for each cross section. As explained in §3.2.1, our
weighted RCR estimator is a weighted average of 2SLS
and pooled RCR, which explains the heterogeneity
across individual cross sections by borrowing infor-
mation from the pooled data. Thus, we use individual
2SLS as our benchmark for comparison because we
are more interested in obtaining cross-section–specific
effects. More information on the model specification
test is given in the Technical Appendix, located at
http://mktsci.pubs.informs.org.
The H statistics were computed for each cross sec-

tion, and the H statistics are all smaller than the crit-
ical value of 55.76 at p= 0�05 level with 40 degrees of
freedom, which shows that our weighted RCR model
is correctly specified.2

2 The entire list of parameter estimates can be obtained from the
authors upon request.

4. Findings and Recommendations
After obtaining the parameter estimates from the
same-tier models and up-tiering models, we calculate
P&G’s own price and distribution elasticities, as well
as its cross-price and distribution elasticities of the
same-tier competitor on P&G sales volume from the
parameter estimates of the same-tier models. We also
calculate the cross-price and distribution elasticities of
P&G brands on the lower-tier competitors’ sales vol-
ume from the parameter estimates of the up-tiering
models.
As shown in the previous section, our models were

developed at the SKU-state level because P&G was
interested in the decomposition of sales at the state
level as well as the SKU level. The parameter esti-
mates we obtained were also at the SKU-state level.
However, P&G required the sales volume and value
simulator to be at the national level so that their
central marketing department can make the pricing
policy changes at the national level. Thus, we used the
SKU-state level parameter estimates to calculate the
national-level elasticities, which will be then used to
obtain the national-level sales volume and value using
the simulator. To reflect the instantaneous market con-
ditions, we use the price and sales volume at time t to
compute the elasticity at time t. To reflect the strategic
uncertainty, we also calculated the confidence inter-
vals for elasticities based on Dorfman et al. (1990). The
details of these calculations are shown in the Technical
Appendix, located at http://mktsci.pubs. informs.org.
After obtaining all the price and distribution elastic-

ities, we use these elasticities as well as the response
effect of CI to generate the volume and value simula-
tor for Ariel and Tide. We use the most recent price
elasticity (December 2005) to simulate the effects of
price changes. For each SKU, the simulation is done
within its price range in the estimation period because
the linear model specification and the results are lim-
ited to the price range of each SKU in the data in
our study period. P&G can use this simulator to esti-
mate the sales volume and value change when they
change their prices or introduce any commercial inno-
vations, which will then lead to an increase in dis-
tribution. In addition to their own volume and value
changes, the impact on the competition brands’ sales
volume because of these changes is also calculated
based on the cross-elasticities we calculated in the
previous step. Competitors’ price reactions were cal-
culated using Kumar (1994), and competitors’ future
prices were put in the background calculation sheet
of the simulator because they were not controlled by
the P&G managers. A portion of the screenshot of
the simulator illustrating 500 g Ariel is given in the
Technical Appendix, located at http://mktsci.pubs.
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informs.org. We demonstrate the utility of the simu-
lator by increasing the price by about 8% and intro-
ducing four CIs. This led to an increase in sales vol-
ume, resulting in a recommendation for distribution
to be increased by about 15%. The monthly volume
change is 11,403 stocking units, and the monthly value
change is about $200,000. This translates to an annual
projected gain of about $2.4 million just for this SKU.
If we also include the effect of competitors’ price
increases in 2006 (which is about 4%), then our sim-
ulator predicts the sales increase to be close to $2.9
million. In the field test, the actual gain was about $3
million in 2006.
Using the simulator, we developed marketing-mix

guidelines for P&G based on their questions.

4.1. Marketing-Mix Strategies
Given the pressure from competitors, firms typically
reduce the price to increase the sales volume. How-
ever, the ultimate goal of P&G is to manage value
growth instead of sales volume. With this comes the
question: Should P&G decrease price to increase their
sales value? The answer is definitely no, based on the
results of our empirical analysis. In general, when the
price decreases to some point, the customers become
insensitive to the price changes. Combining with the
effects of brand loyalty, customers become even more
insensitive to price changes. A further decrease in
price will not help the sales volume, and it will
actually hurt the sales value. Thus, value decreases
because the percentage increase in sales volume is
smaller than the percentage change in price under this
situation. With the P&G brands, there is a clear pat-
tern of decreasing price elasticity over time for all the
package forms/size combinations of both brands. We
have reasons to believe that price elasticity decreases
over time because factors like advertising, brand loy-
alty, etc., lead to a lower price elasticity (Kaul and
Wittink 1995). The trend for Tide elasticity is shown
in Figure 4. Ariel follows a similar pattern.
Besides price, another factor that influences the

sales volume significantly is the distribution. Because

Figure 4 Tide Price Elasticity Trend
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most sales of detergents in this market occur in conve-
nience stores, the breadth of distribution is critical in
determining the sales volume. It is especially impor-
tant when the price is inelastic. Sometimes, the effect
of increasing distribution is even more dominant than
the effects of lowering or raising price. From our
model, we found that even when price increases, an
increase in distribution can compensate for the loss of
sales caused by an increase in the price. This pushes
the sales volume to an even higher level than before
while creating opportunities for revenue growth.

4.2. Focusing on Key Products for Value Growth
After calculating the price and distribution elasticities
and estimating the effects of new-product and mar-
ket initiatives, it is clear that a prudent strategy to
increase the value would be to increase the price and
introduce new commerical innovations. Because the
model allows for heterogeneity across different SKUs,
some SKUs were found to have more potential to
lift the value (and profit). Thus, we determined the
pricing/distribution/sizing combination for realizing
desired value growth.
For Ariel bags, we found that 500 g Ariel is very

price inelastic (�Ariel_500 = 0�09), so we suggested that
P&G increase the price of 500 g packages (for exam-
ple, P&G increased the price by about 8% in 2006).
The amount of price increase is guided by our sim-
ulator, which shows that a desired value growth can
be achieved by a combination of changes in price,
distribution, and new initiatives among other factors.
For Tide bags, we found that 500 g Tide is also price
inelastic (�Tide_500 = 0�53), so we suggested that P&G
increase the price of the 500 g package of Tide (for
example, P&G raised the price by about 5% in 2006).
In addition, the sachets of both Ariel and Tide have
very low price elasticity: �Ariel_20 = 0�299 and �Tide_20 =
0�38. Thus, increasing their prices can also bring a
higher sales value. As a result, P&G raised the prices
for these two brands and realized a higher value
growth. Moreover, P&G prevented the cannibaliza-
tion of Tide by Ariel.
To display the effect of changes in the marketing-

mix elements in our simulator, we calculate the effect
of a 5% increase in price, a two-unit increase in CI,
and a 15% increase in distribution caused by the
total effect of price increase, the CI increase, and the
past sales volume growth represented by �QSG�t−1
(see Table 1).
From Table 1, we can see that a 5% price increase

caused a slight monthly volume drop but a significant
monthly value increase (in ’000 Rs). The slight drop in
volume will not influence the P&Gmarket penetration
because distribution and initiatives such as CI effects
are strong enough to support the increasing trend of
sales volume. Also, the growth in past sales and the
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Table 1 Illustration of the Effects of Price, Distribution, and
Commercial Innovation Changes Using the Simulator
(500 g Tide)

Volume change (SU) Value change (’000 Rs)

(i) Effects of a 5% price increase
Elasticity

0.53 −1�740 872.1

(ii) With a two-unit increase in CI
CI effect

643.6 1,287.2 809.5

(iii) 15% increase in distribution
Distribution effect

546.9 4,220.1 2,654.1

Total effects 3,767.3 4,335.7
Annual value change US$ 1.4 million

is equivalent to

introduction of CI caused a 15% increase in distribu-
tion, which is more than enough to recover the volume
loss from price increase. Although it is easy to assume
that increasing distribution will cause an increase in
sales, the right pricing strategy for the right product
form-size is critical given the past experience of P&G
in this product category. An interesting observation
here is to be able to achieve the desired value growth
through price increases and to generate higher value
with relatively lesser magnitude of increases in distri-
bution (given that it is not easy to convince the retail-
ers to carry all of the P&G products in this category).
From our analysis, we found four SKUs (500 g

Ariel, 500 g Tide, 20 g Ariel, and 20 g Tide) to have
the lowest price elasticity. Therefore, they can achieve
the desired value growth most quickly and with the
lowest effort. By narrowing on these four core prod-
ucts and gradually focusing on the other SKUs, P&G
can achieve the goal of value maximization most
efficiently.

4.3. Evaluating Up-Tiering Effect
Because of the asymmetric effect of price competition
between brands from different price tiers, Ariel, as a
Tier 1 brand, can attract sales from Tier 2 brands when
its price drops; Tide, as a Tier 2 brand, can attract
sales from Tier 3 brands when its price drops. Thus,
we developed up-tiering models to examine the deter-
minants and magnitude of these up-tiering effects.
From up-tiering models, we found that there are some
P&G bags/SKUs that can significantly influence the
sales of lower-tier brands. From the model estimation
results, we observe that Tide sachets (Tier 2) do not
have a significant up-tiering effect on the popular tier
(Tier 3) sachets in terms of the “value” growth. Tide
bags (500 g) have a significant up-tiering effect on the
Tier 3 bags; however, Ariel sachets have a significant
up-tiering effect on Tier 2 sachets, and 500 g Ariel

bags have a significant up-tiering effect on Tier 2 bags.
Next, we briefly examine the volume gain of Ariel
(500 g bag and 20 g sachet), from a 5% drop in prices
as well as their impact on the sales value.
We observe that P&G has volume gains for both

500 g and 20 g (for Ariel) when the prices are reduced
by 5%. More specifically, 500 g has a total volume
gain of 4,339.4 SUs, and 20 g has a total volume
gain of 1,786.0 SUs. These volume gains result from
volume pulls from the lower-tier brands, i.e., up-
tiering effect and from the same competitors. How-
ever, the total value changes are both negative for
these two SKUs: −6�975�1 (’000 Rs) for 500 g and
−725�8 (’000 Rs) for 20 g, respectively. This is because
both SKUs have lower cross-price elasticities com-
pared with their competitors. When they decrease
their prices, the volume gains from the same-tier and
lower-tier competitors are not enough to compensate
for the revenue loss caused by the price drop. Five
hundred grams and 20 grams are considered to be the
most effective SKUs for up-tiering volume gain but
still could not provide a value gain for P&G, which
means the correct strategy for P&G is to increase the
price instead of decreasing the price for all its SKUs
as discussed earlier.
From the findings so far, we can see that the up-

tiering effect of volume increase because of price
decrease was not able to recover the value loss
because of a drop in the price. A drop in the price
of Ariel, especially, will introduce a cannibalization
effect, and the volume and value of Tide will decrease.
Our recommendation is to increase price, bring in
new product and marketing initiatives, and induce
higher distribution to obtain both volume and value
increase. Although up-tiering effect was not signifi-
cant in this market, the methodology of evaluating
same-tier and up-tiering effects together systemati-
cally is necessary because the up-tiering effect could
be significant for other product categories in this mar-
ket as well as other markets.

5. Field Test
Although our recommendations (e.g., price increase)
were opposite to what was happening in the market-
place (e.g., price decrease), P&G managers conducted
a field test because they were eager to implement
the findings from the simulator. In the field test,
P&G developed different strategies for different SKUs
based on the guidelines from the simulator. All the
SKUs were kept in the market, and their prices were
all changed based on their elasticities. After imple-
menting the recommendations from the simulator,
P&G evaluated the effectiveness of our recommenda-
tions by collecting the same set of data. We also used
the new data to validate our model, and a MAPE
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is calculated for each model. On average, MAPE is
around 10% for Ariel bags across all SKUs, 11% for
Ariel sachets, 8% for Tide bags, and 12% for Tide
sachets. We made various sales volume and value
comparisons between the “status quo” strategy and
the recommended strategy in the postimplementa-
tion time period. The details are provided in the next
section.

6. Implementation and Impact
Based on our model results and suggestions, P&G
increased the price and distribution for some SKUs
while introducing a few commercial innovations
in 2006 and 2007. The results show that, as we pre-
dicted, the price and distribution increase together
with commercial innovations created an increase in
the sales volume and sales value. The value and vol-
ume gain for P&G is shown in Table 2.
From these results, we can see that the overall price-

increase strategy coupled with distribution increase
and new initiatives did support the value and volume
growth. One interesting observation is with respect to
Tide sachets. The price was increased by 43%, given
that it had very low price elasticity. Although the
sales and distribution increased initially at the begin-
ning of 2006, in the subsequent months distribution
was scaled down slightly based on the model recom-
mendations because of a slight sales drop. Thus, for
the entire field test period, the distribution quantity
shows a decrease for this SKU. However, the price
increase was effective in increasing the sales value
and, to some extent, the volume. Overall, there was an
increase of $39 million in the sales value when com-
pared with 2005. If P&G had adopted a status quo
(where we assume no changes in marketing-mix vari-
ables) strategy, the maximum sales value gain would
have been about $4 million. However, because of
the implementation of our model-based recommenda-
tions, the increase was much higher, and significant.
Moreover, P&G did not incur any additional market-
ing cost to achieve the growth in distribution. There-
fore, the value growth should lead directly to profit
growth. Because the price sensitivities will change
after P&G implements the new price-increase strategy,
we need to estimate the model again with the new

Table 2 The Effect of Price, Distribution, and Initiative Changes from 2006 to 2007

Brand Package Price (%) Distribution (%) CI Volume (SU) (%) Value (Rs) Value (%) (US$)

Ariel Bags +9�50 +17�50 +2 +22 310.8 million +34 ($8.4 million)
Sachets +2�60 +40 +2 +48 314.5 million +52 ($5.5 million)

Tide Bags +4�30 +16 +2 +59 725.2 million +66 ($19.6 million)
Sachets +43 −6�50 +2 +19 214.6 million +71 ($5.8 million)

Total +1�998�532SUs 1,454.1 million +$39.3 million

data, calculate the new price elasticities, and update
the simulator in the future.
The annual growth of, for example, 20 g Ariel, is

48% in its sales volume and 52% in its value, which is
higher than its same-tier competitor—20 g Surf Excel
(42% in volume and 41% in value) in the same time
period. For the nine competition brands, most of them
kept the price unchanged from 2005 to 2006 (fluctu-
ated from 490 Rs/SU to 510 Rs/SU on average). There
was a moderate category growth from 2005 to 2006,
which leads to a small overall value increase for the
competitors. Compared with its competitors, P&G’s
value growth is very significant.
The promising results from the implementation

of this value growth framework illustrate that this
framework can help firms to reach the goal of man-
aging value growth instead of competing for market
share blindly. For P&G specifically, the use of this
modeling approach and the volume and value simu-
lator allowed the P&G managers to identify the price
sensitivity of individual SKUs, and estimate sales vol-
ume after price changes, distribution changes, and
changes in the initiative factors like commercial inno-
vation. Finally, as a result of our advanced modeling
and our volume and value simulator, P&G was able
to see a significant growth in the value and share of
their two detergent products in India.
Although there are some limitations to this study

because it was done in one country, the results show
the possibility of having both sales volume and value
growth simultaneously while increasing price. A lim-
itation of this framework is that the measurements of
the elasticities are static. It would be very interesting
to develop a dynamic measurement of the elasticities
in future research. Moreover, the linear specification
of the model might just provide a local solution to
the problem; however, different specifications might
fit better for other situations. Finally, the new pricing
policy might suffer from the Lucas critiques (Lucas
1976) because the market may not be stabilized. To
avoid this problem, one solution is to reestimate the
model before the other market agents react to the pol-
icy changes (Van Heerde et al. 2005). Another solu-
tion is to use a structural modeling approach (Erdem
et al. 2003, Pauwels 2004). A significant implication of
the framework we suggested here is its applicability/
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generalizability to other growing/developing mar-
kets. Given that Brazil, India, Russia, and China are
expected to dominate the economic growth in the next
decade, the methodology suggested would go a long
way in helping many manufacturers and retailers to
better understand and manage the value growth of
their brands in these markets, and for all brands in
the market used in this study.
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