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ABSTRACT

As most mature markets enter the fray, emerging markets offer an opportunity
for global brands to embrace. One of the critical decisions for these firms is how
many intermediaries should be used 1n emerging markets. Although variables
affecting market entry and distributien-intensity have been proposed by the literature,
market background and channelsettings context could be drastically different. Factors
that account for traditional channel |distribution framework in developed markets
appear too abrupt to transform ‘go-to-market-decision under heterogeneous channel
environments for emerging markets:

This study empirically examines four benchmark brands, Nokia, HP, Haier, and
Lenovo in China’s 3Cs (computer, communication, and consumer electronics)
distributors. Our research contributes to a few important fronts for this fast growing
and highly competitive market. First, several concentration measures based on the
mixture model of Poisson distribution reveal unobserved nature of heterogeneous
distribution intensity rates among 200 cities in China. Second, interaction of CDI
(category development index) and BDI (brand development index) in representing
development of distribution channels is clarified. Third, linking CDI and BDI, the
extended Gamma-Poisson mixture regression procedure modeling covariate effects on
market growth, distribution capability, and benchmark brands power could be
investigated. Results contribute to an applicable mechanism in generating channel

intensities among different cities in China.
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1. Introduction

1.1 Background and Research Motivation

The commitment to new distribution channel in emerging markets is an adamant
investment since it is very difficult to repudiate a distributor even though it is not very
productive. From the prolific sides, distribution channel is a strategic asset for a firm
that would like to attain sustainable competitive advantages over competitors in
strategic matching, such as replicating product designs, underselling on price, and
counterfeiting advertising and promotional strategies. Distribution intensity,
commonly defined as the number of intermediaries at various distribution channel
levels, is the critical element in®channel structure to implement these activities
(Frazier, Sawhney, and Shervani, 1990; Hardy and Magrath, 1988; Onvisit and Shaw,
1990; Rosenbloom, 1995). In-additions—it-tepresents the market outgrowth stake
invested by the manufacturer to defend.its trading territories (Bonoma and Kosnik,
1990; Corey, Cespedes, and Rangan, 1989; Coughlan, Anderson, Stern, and
El-Ansary, 2001; Lassar and Kerr, 1996).

Past literature had studied the underlying distribution intensity mechanism and
had attempted to explain why firms in similar product category differed in distribution
intensity. In their classic works, Frazier and Lassar (1996) proposed several
theoretical constructs, such as manufacturer's brand strategy and channel practices,
and the moderating effect of retailer requirements that had impacts on distribution
intensity. Jain (1993) and Mallen (1996) argued that distribution intensity and the
underlying channel structures co-evolved with a host country’s economic
developmental stages, while Watson (1997) argued that distribution intensity was the

trade-off among customer expectations, company strategy and many other
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uncontrollable factors such as a country's political and legal environment. All these
studies investigated the factors that influenced distribution intensity in industrialized
markets; not many studies examined these variables in an emerging market context.

For emerging markets, such as China and India, the development of economy is
unstable. For these potentially largest markets in the world, market structural
ambivalence, such as huge trading territories, income inequality, and diversified
cultures, abounds in its complicated channel market structure. Distribution of channel
intensity is influenced not only by industrial development (Frazier and Lassar, 1996),
but also by economic performance (Ingene, 1984; Tang and Li, 1998). Other possible
explanation is that some predominant factors might have influence on distribution
intensity in this emerging economy. For instance, Li (2003) attempted to identify the
determinants of export distribution‘intensity in emerging markets. His inductive study
concerned 18 British manufacturers and- their- Chinese intermediaries. Five
determinants were collected to show: .a-great, impact on distribution intensity in
emerging markets: behavioral uncertainties, market growth, gray marketing and fake
products, distribution capabilities, and transaction-specific investments. Johnson and
Tellis (2008) indicated drivers for market entry into China and India are that success
is greater with earlier entry, greater control of entry mode, and shorter cultural and
economic distances between the home and the host countries, and firms entering more
open emerging markets have less success.

All the above studies took a deterministic view to investigate distribution
intensity. With modeling consideration, even if many researchers attempted to
describe/predict distribution intensity using observed determinants, they rely on
random components to recognize not all factors were included. Furthermore, since the
underlying distribution intensity mechanism might be different in contingent channel

settings, it is more difficult to gauge what elements should be involved.
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Krugman (1991) presented an economic geographic framework, showing that the
prime impact of most economic activity might be concentrated in one or a few regions.
Similar to the existence of heterogeneous economic performance among cities, huge
population resides in a few clusters of metropolitan areas in China. Meanwhile, in
channel management practice, one critical question marketer may ask is: Should
distribution intensity be always concentrated only on a few regions? More interesting
research questions are scrutinized toward whether concentration of the distribution
intensity patterns on specific sites needs to dispose the same way among different

products, and whether few vital parameters could account for distribution intensities.

1.2 Research Objectives

Most high-technology products are introduced in a turbulent, uncertain, and
chaotic environmental setting where the odds-of.success are often low. As a result, the
marketing strategies for 3C (computers, communications, and consumer electronics)
products must be carefully implemented to enhance the odds of success; yet
marketing is often not a well-developed competency for most product-driven
high-tech manufacturers. Since the local channel is an indispensable stake for these
firms to sell products in a special market, especially the manufacturers in 3C industry
rely heavily on channels to transport, stock, distribute, and promote their products.
This empirical study subsumes four products (i.e., PC, printer, TV, and mobile phone)
to represent 3C category that are widespread in 200 distributed cities in China. The
database consists of the number of their intermediaries among 200 distributed cities of
four benchmark brands in these categories in 2002, including PC for Lenovo, printer

for HP, mobile phone for Nokia, and TV for Haier.



The important aspect of this study is to take a new perspective to re-examine the
distribution intensity issue in emerging market. In particular, we take into
consideration unobserved nature of heterogeneous distribution intensity rates among
200 cities in China by imposing various probability distributions for counting events
(Winkelmann, 2008), such as Poisson distribution, Gamma-Poisson mixture
distribution (also known as negative binomial distribution, NBD), and Lorenz Curve
from NBD (Schmittlein, Cooper, and Morrison, 1993). Since characterizing the right
distribution to various channel intensities among cities is more crucial than
covariating observed determinants, rashly jumping to import any observed
determinant is often exaggerated while the distribution intensity patterns is subtle.

This study enumerates three concentration statistics which are closely related to
fitting NBD model, such as coefficient of variation, Pareto Shares, and Gini index, to
describe prolific sides of the inherent characteristics of distribution channel structures
in these cities. To further detect-the determinants of distribution intensity in emerging
markets on market growth and distribution.capabilities from the propositions (Li,
2003). We explicitly add two proxies for these two important constructs to denote
different distribution intensity rates among cities.

Although applying the dataset in the first year after WTO accession, this study
was really completed in the early 2009 during the global recession. The Chinese
Central Government suggested the implementation of further measures to propel
domestic demand and elicit 3C-proudct consumption with a slogan: “Home
appliances going to the countryside”. A government-subsidized project aims to
expand sales of household electric appliances in the country's vast rural areas at prices
about 13 percent lower than those in cities. This kind of project is not only expected
to benefit farmers' living standards but is also expected to help the country's suffering

manufacturing sector pull out of the global economic winter. Any further distribution
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channel allocation decisions taken by manufacturers to address the current chances
and challenges should also consider not only the specific circumstances of provinces
and regions in China, but also the findings mentioned in this study. Transforming
market entry strategies for allocated distribution channels from market leader
experience as benchmark learning is of paramount importance.

In brief, not only is this paper an initially empirical study of 3C benchmark
brands experience in China, but also confers the distribution intensity patterns in a
generalized manner. This study provides a new perspective of 3C channel structures
in China market, the factors that account for the way they are structured, as well as
evidence of how investment on channel contributes to devise an applicable

mechanism in generating channel intensities among different cities in China.



2. Literature Review

2.1 Distribution intensity

Distribution intensity strategy is referred to as the degree to which a
manufacturer limits the number of intermediaries, which ranges from a single
distributor (exclusive distribution) to an unrestricted number of distributors (intensive
distribution) operating within a specific trade area (Fein and Anderson,
1997).distribution intensity has been commonly defined as the number of
intermediaries used by a manufacturer within its trade areas (Bonoma and Kosnik,
1990; Corey, Cespedes, and Rangan, 1989; Coughlan, Anderson, Stern, and
El-Ansary, 2001). In particular, Frazier and Lassar (1996) defined it as the extent to
which a manufacturer relied on mumerous retailers,in-each trade area to carry its brand.
To let the product be accessible and-available; companies have to decide the ideal
number of their intermediaries. Alternatives-include exclusive distribution, selective
distribution, and intensive distribution (Kotler and Keller, 2009).

The traditional channel distribution theory links product class and consumer
buying behavior to distribution intensity. That is, different products should use
different distribution intensity strategies depending on the characteristics of the
product class and consumers appreciate diversity in their consumption. Optimal
distribution intensity could supply a suitable amount of products available to target
customers without exceeding their needs. In contrast, over-saturated status of
distribution intensity would still increase cost, which may be worse than unmet need
for lower distribution intensity.

In comparison with mature markets, emerging markets may provide global

marketers with more attractive market opportunities; yet it will expose global
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marketers to high risks associated with uncertainties (Johansson, 2000). Entry into
new environments requires substantial investments, including customer education,
distribution channel establishment, and product adaptation (Coughlan, Anderson,
Stern, and El-Ansary, 2001). At this point, a large amount of financial investments is
required to cover establishment of channel marketing infrastructures and development
of market-specific knowledge (Porter, 1990). In other words, investors have to be
more careful in emerging markets (Czinkota and Ronkainen, 2001). The fact that
China market is growing fast does not mean that investors will be allowed to share the
spoils.

Li (2003) claimed the propositions in emerging market that the faster the market
grew, the more likely that exporting manufactures preferred high distribution intensity.
In contrast, the larger the gap is'between distributors in terms of distinctive and
sustainable capabilities, the more likely it is.that exporting manufactures will accept
lower distribution intensity. Although-Li-(2003) also claimed that the more
transaction-specific investments are required-from distributors, the more likely that
exporting manufacturers will accept low channel intensity, we have different

approach to these kinds of investments in next section.

2.2 Concentration and Sunk Cost Investments in Channel

Access to distribution channels is often blocked by incumbents in emerging
markets that are either first mover or early market entrants (Robertson and Gatignon,
1991). Barriers to entry also make China 3C market environment uncertain for foreign
enterprises, and lead to concentrated channel structures that result in reducing
competition and raising profits for incumbents. Alternatively, the concept of sunk

costs interprets the potential barrier entrants face when entering in an industry if they
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must incur costs that incumbents can somehow avoid (Stigler, 1968). Similar to the
advertising being treated as sunk cost (Sutton, 1991) in the US markets; we contend
sunk cost theory (Sutton, 1991) could be applied to the supplement explanation of
distribution intensity rates among cities.

As in Sutton (1991), advertising consists of a fixed and sunk investment. The
theory predicts a competitive escalation in advertising levels in larger markets and
economics of scale in advertising matter, which limits the extent of entry, and hence
bounds the level of concentration away from zero. Sutton (1991) differentiates
between endogenous sunk cost (ESC) and exogenous sunk cost. The ESC are costs
coming from variables that imply a choice from firms, such as advertising and
research and development (R&D), whereas the latter are costs that must be incurred
by all entrants, like the sunk costs'from scale economies. Using a database spanning
31 industries and the 50 largest US metropelitan markets, Bronnenberg, Dhar and
Dube (2005) follow the ESC-«theory to,generate “predictions regarding industrial
market structure and the roles of brand-adyertising in consumer package goods (CPG)
industries. The evidence predicts that in advertising-intensive CPG categories, market
concentration levels should be bounded away from zero irrespective of market size.

Industries in which there are endogenous sunk costs (ESC) incurred will have a
concentrated structure even if there is a great deal of demand (Sutton, 1991). In
Sutton’s (1991; 1998) empirical study, ESC refers to the expenditures undertaken by
sellers to improve their products for users, including advertising, R&D, and other
brand-enhancing expenditures in consumer goods industries. Expenditures can be
considered as ESC only if they meet four assumptions: (1) ESC must be sunk
(irreversible); (2) a single firm spending more on ESC raises buyers’ valuation of only
that firm’s products; (3) there must be no practical bound to the size of the ESC at any

level of expenditures. It is possible to spend more to attract customers; and (4) a large
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fraction of potential customers must respond to the ESC. Sutton argues that in the
presence of ESC, markets will only sustain at most a few firms in equilibrium since a
firm can invest in ESC to draw many customers to it and accordingly leave other
firms to be reduced to secondary market positions.

Based on the ESC theory, build-up of a new distributor requires big sunk costs,
such as inventory, warehousing, logistics, IT networking, financial capital, HRM, and
etc. in order for the new distributor to be productive. In channel market, the market
growth will be accompanied by a competitive escalation in distributors’ features, so
the number of distributors delivered in the specific cities for some brands may
increase dramatically. Investment in 3C channel may constitute an important part as
essential as sunk cost for generating brand sales, and thus a probable prediction for
brand level is: distribution intensity for different brands could be accompanied by an
escalation in distributors’ features as the .market grows. In addition, as
distribution-intensive brands, their channel-market concentration levels should be

bounded away from zero.

2.3 Market Concentration Structure and Market Entry Strategy

In economics, market structure describes the competition state of a market, from
monopoly to perfect competition. Thus, the main criterion from which one can
distinguish between different market structures is to observe the number of
manufacturers in the market. In order to have a subtle insight into channel market
structures, much more relevant information is not only from the absolute number of
manufacturers and their intermediaries within the market, but also from the relative

distribution across the markets.



Penetration and concentration are more useful criteria to describe relative
distribution. A search of the literature about concentration and penetration shows a
few articles that have quantitatively addressed in customer purchases (Schmittlein,
Cooper, and Morrison, 1993; Anschuetz, 1997; Rungie, Laurent and Habel, 2002).
Market penetration typically occurs when a company enters or penetrates a market
with current products. On the other hand, market concentration is a function of the
number of firms and their respective market shares of the total production
(alternatively, total capacity or total reserves) in a market. As strategic implication
considered in Schmittlein et al. (1993), the advocators claimed that in low-penetration,
low-concentration market, the need to increase awareness and trial is obvious; in
low-penetration, high-concentration market, firms must ask if they are purposefully
pursuing a niche strategy or apptoaching a mass market. On the other hand, in
high-penetration, low-concentration.market, firms.may require extensive distribution.
Finally, in high-penetration, high-concentration market, firms often battle over the
loyalty of the heavy users and market shares.

With application to modeling distribution intensity, market entry strategies
should be referred to as geographic penetration and channel market concentration as
geographic allocation for market dominance made by channel decisions that impact
all channel market structure. As far as the penetration of brand levels is concerned, we
do not focus on whether the extent of a large portion of the unit sales volume is
created by a small portion of channels. On the contrary, we propose that the
concentration of distribution intensity involved in a product category is to measure
whether the magnitude of the high distribution intensity becomes

distributed-clustering in a small number of specific sites.
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3. Method

In this chapter, we present the method in five sections as shown in Figure 3.1.
The first section describes finite mixture model of distribution intensity. The second
section shows how the negative binomial distribution (NBD) arises as an infinite
mixture of Poisson distributions that represents distribution intensity distributed
across the cities. The third section illustrates how the two parameters of negative
binomial distribution, the coefficient of variation, Lorenz Curve, Gini index, and
Pareto Shares based on the fact that negative binomial distribution can be used to
perform the degree of concentration measure and hence identify which product
categories are more concentrated or dispersed. The fourth section describes the
alternate regression model against:which we test.the predictive performance of the

probability model without covariates. The last section details the covariates used in

regression models for carrying out predictions:

Figure 3.1

Generate finite mixture model of

distribution intensity

v

Generate infinite mixture model

(NBD) of distribution intensity

v

NBD model-based measures

established to identify concentration

v

Compared with NBD regression

model with and without covariates

v

Description of covariates

Flowchart of the Implementation of the Techniques
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3.1 Finite Mixture Poisson Model of Distribution Intensity

At first, we assume distribution intensity is distributed across the cities with an
appropriate mechanism responsible for event count data which are distinguished by
being positive integer but often with small numbers of unique values. Maximum
likelihood techniques based on discrete distributions, such as Poisson distribution, are
potentially more efficient in describing the process. Theoretically, the probability
modeling of real world data using estimation by maximum likelihood offers a way of
tuning the key parameters of the model to provide a good fit (Winkelmann, 2008), and
may produce powerful inference on the estimated parameters. These models were
originally employed to address the purchase behavior of a population of consumers
and used to predict a variety of market statistics such as the distribution of purchase
frequencies across households- and the average number of purchases per buyer
(Schmittlein, Cooper, and Motrison;-1993)., With application to utilize these
sophisticated statistical tools and to‘derive estimated parameters from the models, we
can use these as explaining convenient descriptors of the unobserved heterogeneity of
distribution intensity.

Given one product category such as mobile phone, Y; is the number of
distribution intensity at city i where consumer can access and purchase this product.
Assume Y; is distributed as a Poisson random variable with the same mean A at all

cities. The simple Poisson model is:

y -4
’”' . i=1,2,...,200. (1)
y.

P(Y; = y|2) =

This is a simple Poisson “counting” process which represents exactly ¥; number

of distributors in city i carry the mobile phone products. It's worth noting that the
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Poisson distribution is homogeneous, meaning that every city of the process has the
same chance of being selected, which implies that the probability of Y; occurrences in
a city depends only on the occurrence counts 4, not on intensity-induced characters
such as population size or resident income. We now extend the simple Poisson
process to the finite mixture model (FMM) by incorporating the heterogeneity of
distribution intensity to the model.

The FMM has the ability to distinguish distinct classes of markets, for instance,
the cities can be classified by intensity-induced characters such as city tier in
metropolitan areas, geographic region, gross domestic products (GDP), population
size, retail activity and so on. Although the classification may be adequate for other
purposes, it is preferable to classify cities on the basis of resource allocation.
Classification of cities into distinguished groups offers a number of advantages over
the simple Poisson model. It provides more-accurate predictions for each subgroup
and the stringent market penetration information for 3C—product manufacturers to
better gauge potential channel distribution entries:

A j-subgroup Poisson mixture arises if j distinct subgroups of channel density

can be identified,

JE=»)=Bf0A)+Bf|4L)+..+F (] 4), )

where Y; is number of distributors in city i, P; is an additive mixture of market

penetration level at each subgroup j, ZPJ =1,@lP>0j=1,...,n j<i=<200),
=

and the mixing function f(y[4,) is the Poisson distribution with the sub-group

mean /;, as defined in equation (1). The j-subgroup Poisson mixture replaces the
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simple Poisson model with a discrete distribution by allowing for multiple (discrete)
subgroups each with a different (latent) distribution intensity rate.

However, when controlling for the extra parameters, all subgroups can be looked
upon as distinct well-defined classes of markets, such as geographic region as
mentioned earlier. But they are also n arbitrary subgroups that are freely estimated. Is
an n subgroups model better than any other n+/ segments model? A common
measure for this issue in model building is using Bayesian information criterion (BIC)

(Winkelmann, 2008) to compare models fitting and choosing n to minimize BIC.

3.2 Gamma-Poisson Mixture Model of Distribution Intensity

When modeling distributiofi intensity data, Poisson model is often the first
candidate model. Recall the sttong assumption of simple Poisson model, where the
number of distribution intensity delivered-in-each city has a Poisson distribution with
equal rate 4. In addition, the FMM allows for multiple (discrete) subgroups each with
a different distribution intensity rate. As we move from a finite number of subgroups
to an infinite number of subgroups, we propose heterogeneities that across all
different cities, i.e., by assuming distribution intensity rate 4 has a gamma distribution,
a two-parameter family of continuous probability distributions (Winkelmann, 2008).

It has a shape parameter a and a scale parameter  shown as follows:

g(ﬂ|a,ﬂ)=%ﬂ“lem, A>0 and a, > 0. (3)

At the aggregated level, Gamma-Poisson mixture model of distribution intensity

is equivalent to negative binomial distribution, NBD (Schmittlein, Cooper, and
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Morrison, 1993). The negative binomial distribution model has the following formula.

I'(.) denotes the gamma function:

L T(a+y)( Y[ 1Y
f(¥=y)= T(a)y! (mJ [1+ﬁj > 4B >0 (4)

We view the parameters o and f of this distribution as latent characteristics of
individual-level channel market at cities. NBD provides useful information, including
not only the average distribution intensity across cities, but also the heterogeneity of
distribution intensity across cities because of assuming distribution intensity rates

from infinite number of subgroups by gamma distribution.

3.3 Concentration Measures Based-on'NBD Model

The NBD is defined by twoe parameters;-a and . As such, we could expect the
application to define Pareto Share, as the percentage of total distribution intensity to
the top 20% of one brand’s channel markets. The idea of Pareto Share will be linked
to Lorenz Curve.

Schmittlein, Cooper and Morrison (1993) established (theoretically and
empirically) the concentration measure, Lorenz Curve based on NBD. The literature
about Lorenz Curve originated from the early years of the twentieth century, Max
Otto Lorenz published to outline the technique, which was to bear his name. However,
it was the work on poverty and income inequality that led to the popular
dissemination and development of the Lorenz Curve and Gini index of income

inequality (Gastwirth, 1972).
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The Lorenz Curve is a graphical representation of the cumulative distribution
function of a probability distribution. For example, the prominent evidence shown in
Figure 3.2 is called an 80/20 rule or the Pareto Principle (Schmittlein et al., 1993),
indicating a certain degree of concentration. The Lorenz Curve is often used to
represent income distribution, where the cumulated percentage of households is
plotted on the x-axis, while the cumulated percentage of income on the y-axis. In
consumer marketing, Pareto Principle also means that the top 20% of a company’s

customers have been said to account for 80% of a brand’s sales.

100

Cumulated percentage of income

0 10 20 30 Al S0 60 70 80 90 100

Cumulated percentage of households

Figure 3.2 The Lorenz Curve (Source: Gastwirth, 1972)

Since Schmittlein, Cooper, and Morrison (1993) showed that the Lorenz Curve

from NBD was based on the unobservable mixing distribution on 4, Gamma

distribution g (4 | @, #)in equation (3). It was named “true (long run) Lorenz
Curve”, [, (P) , in their study to show what the true level of concentration was , as

opposite to Lorenz Curve calculated from observed numbers. Z, () can be

calculated as follows:

l G 1(p) pG1(p) ﬂ,a ~ B
LP)=gph AeWad=] oo tiA GG Pla Dlast b )
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Where ¢ (4|, p) is Gamma distribution C.D.F, in equation (5),
L, (P) depends only on shape parameter a. The 80/20 type law thus says
L, (0.8)=0.2. An interesting observation is exactly how Pareto Share varies with

diverse estimated parameters if £, (P)=0.2, or P= L,”' (0.2) , but P is not equal to

0.8.
Theoretically, the coefficient of variation (CV) (Schmittlein, Cooper, and

Morrison, 1993) of A is also applied here:

@ L, ©
E(4) O/ﬂ Ja

That is, the larger the value of a is, the more homogeneous intensity of channel
market in all cities is. By comparison based-on ©bservable number of distribution

intensity, we can also calculate the “empirical™ coefficient of variation as follows:

\/Var(y)_\/g'\/%Jrﬁ'(Hﬂ%_m (7)
E(y) alB - Va

It is worth noting that “empirical” coefficient of variation varies with more than
simply the a parameter. We find out that observed concentration level among
different products will be increased as £ grows.

In addition, we will focus on the measure of Gini index based on Lorenz Curve

with the unobservable mixing distribution on 4, which is calculated from its original
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geometry definition and numerically approximated by Simpson's rule (Atkinson, 1989)

as follows:

1
1-2[ L,(P)dP. ®)

0

In summary, the Gini index is so sufficiently simple that it can be compared across
product categories and be easily interpreted as overall concentration measure, but the
Lorenz Curves can have different shapes and yet still yield the same Gini index. In
other words, the Gini index is more intuitive to many people since it is based on the
Lorenz Curve. However, it is not easily decomposable. In contrast, Pareto Share based
on the Lorenz Curve indicates how important the top 20% of one brand’s channel
markets is. Otherwise, the advantage of reporting €V can also be used to represent the
concentration of different products.concisely-to compare other measures. These are
the reasons we use different concenttation measures-in this study that may gain more
special insight into how the concentration. effect varies with such informative and
systematic indicators, and find out the key parameter, oo in NBD model, which is

proportional to the degree of homogeneity among these indicators.

3.4 Application of NBD Regression Model

In negative binomial distribution, NBD model, we assume Y; is distributed as a
Poisson random variable with mean 4, Furthermore, we suppose each individual’s
mean /; is related to their observed explanatory characteristics. That is, via regression
modeling, we can add deterministic heterogeneity to NBD model. The regression

model would be of great benefit in improving fit over simple probability model
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without covariates, and in testing determinants influencing distribution intensity. The
negative binomial regression model arises if this heterogeneity is modeled using the
gamma probability distribution. The density of the negative binomial is derived by
adding an error term to the conditional mean of the Poisson distribution (Cameron,

and Trivedi, 1998):

A= or In(\)= f}//xl. +e, )

1

where exp(e) follows a gamma distribution with mean one and variance [/o.
Substituting Equation (9) into Equation (3), and integrating € out of the expression

yields the density.

L T e+ ) B e Y
P =0 = I'(a)y! (ﬂ+e”‘} (ﬂ+eyl"fj ’ (10)

where the density reduces to original NBD*model when 7 =0, showing no

determinants influencing distribution intensity.

3.5 The Determined Heterogeneity of Distribution Intensity in

Emerging Markets

As an emerging market grow fast, the volume and the frequency of transactions
through the channels will be increased. Consequently, companies have to resort to
high distribution intensity to suppress channel conflicts and reduce dependence on
individual distributors. In this research, the main criterion by which one can represent

market growth is category development index (CDI), being referred to as fair share
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index. CDI is an efficient tool used to measure market development of a specific
product category in specific region. It could be calculated by a market’s category sales
percentage divided by the total population percentage of that market.

DI - Percentage of product catgory total sales in market

(11)

Percentage of total population in market

CDI is commonly used in category management to measure the performance of
category sales of retailers (Dhar, Hoch, and Kumar, 2001), but it can also be used to
evaluate market size of a category in a particular geographic area. Companies can use
CDI to understand development situation in a specific market compared to all markets
in order to help make go-to-market decisions.

On the contrary, manufacturers usually‘do not accept exclusive agency unless
distributors are exceptionally brilliant. Li (2003) stated that some of the manufacturers
indicated that the appointment of exclusive-agent would be detrimental to their market
coverage but they had to accept it. “In ‘this study, like CDI for category, brand
development index (BDI) is the counterpart index for a particular brand. BDI, which
helps marketers make decisions, is calculated by a market’s brand sales percentage

divided by the total population percentage of that market:

BDI - Percentage of brand to total sales in market

(12)

Percentage of total population in market

The BDI can determine the sales potential for a brand in a specific market area.
The higher the index is, the more market potential it should be. The BDI can also help
marketers to understand their current product’s performance and penetration situation

to deal with brand management. Given one city, we have the real data of sales volume
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the local Chinese intermediaries can generate. However, some resellers are large, and
others might be small. In other words, different scale of intermediaries in the city
might generate different sales. Li (2003) identified one possible negative determinant
on distribution intensity in emerging markets, distribution capabilities, as a major
influential covariate. Therefore, by devising the BDI divided by the number of
intermediaries, we can define such measure representing the actual performance of
local channels, that is, distribution capabilities.

CDI and BDI can describe market entry strategies with a 2 x 2 matrix, which
separates the markets (Belch and Belch, 2004) as shown in Table 3.1.These various
segments have different market potential. The market with high CDI and BDI (1)
represents good sales potential for both the product category and the brand itself.
Otherwise, the one with high CDLbut low BDI'(1l ) shows that customers appreciate
this product category but are mot.willing to: purchase the specific brand. While a
market has low CDI but high BDI  (lIL),-the.sales amount of the brand is performing
better than that of the other categories.. That.is, the customers seem to like the brand
even if it is just a burgeoning product category within the market. Besides, the market
with low both CDI and BDI (IV) represents that neither the product category nor the
brand has been performing well. It is not a good target market for further investment,
such as advertisements, inventory, logistics, IT networking, financial capital, HRM,

and etc.
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Table 3.1 CDI/BDI matrix

il

I

High market share High market share
Monitor sales decline | Good market potential
v il
Low market share Low market share
Poor market potential | Good market potential

Source: (Belch and Belch, 2004)
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4. Data

This chapter details our data sources, procedure for data collection, and data

description.

4.1 Samples

Quer et al. (2007) reviewed the empirical articles focusing on the Chinese
context published in 12 leading international academic journals between 2000 and
2005. Regarding the methodology applied, the quantitative approach was used in 148
of the 180 studies (82.2%). They also argued that due to the restrictions imposed by
the Chinese authorities on the .collection “of information, foreign researchers
frequently had to seek the support of the National Bureau of Statistics of China, or of
Chinese enterprises specializedin market-tesearch.

Correspondingly, as for “the quantitative: papers, which utilized reliable
information, the primary data source in our research collected by a Chinese leading
3C distributor specialized in 3C channel market research, consists of four leading
brands in different product categories within 3C industry in 2002, including PC for
Lenovo, printer for HP, mobile phone for Nokia, and TV for Haier. These four
product categories are generally classified as 3C products, but, in fact, they all have
different characteristics and belong to various product life cycles. Two out of these
companies are foreign companies, HP and Nokia, and the other two, Lenovo and
Haier, are local enterprises and the flagship Chinese brands.

The number of intermediaries, product category sales in volume units, and
brand sales in volume units of these brands in 200 cities in China are included in this

database. These cities (shown in Appendix A) are not chosen randomly but chosen by
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city-tier so that the first-tier cities would be selected first, and then, the second-tier
ones would be included successively. As a result, the two hundred cities in the
database are relatively representative among all of the cities in China. Another
auxiliary database used is China City Statistical Yearbook published by China
Statistical Publishing House. It indicates economic infrastructure data among these

cities.

4.2 Data Description

This dataset identifies four categories of 3C industry in China, i.e., PC, printer,
TV, and mobile phone. The leading brands are, Lenovo, HP, Haier, and Nokia,
respectively.

Table 4.1 reports summaty statistics of the distribution of distribution intensity
for these four leading brands. Since many-PC-owners did not buy any printer in the
emerging market, China PC penetration rate'was low at that time, not to mention the
printer. Except for HP, the total number and the average of distribution intensity in
different brands are similar. However, a great deal of variability can be observed by
standard deviation divided by mean in Table 4.1, and the data are very positive skew
as we can see that distribution intensity is soaring from 95 percentile to maximum
intensity. In a skewed distribution, the mean is farther out in the long right tail than
the median. The skewness shows that its distribution is not symmetric like the
bell-shaped normal curve, especially in Nokia and HP (Skewness=6.2 and 5.2,
respectively). In both Chinese brands, the distribution intensity of Lenovo averages
slightly less than that of Haier, but the variation in distribution intensity of Lenovo is

larger.
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Table 4.1 Summary statistics of distribution intensity across 200 cities in

China
Statistic Channel Intensity
Nokia HP Lenovo Haier

Mean 18.8 42 19.9 22.1
S.D. 32.1 10.3 42.6 29.1
Skewness 6.2 5.2 5.0 3.7
Minimum 2 0 2 2
25% 6 0 5 6.5
50% 11 1 9 12.5
75% 19 3 15.5 25
90% 34.5 10 36.5 50.5
95% 45.5 22.5 77.5 75.5
Maximum 275 92 315 217
city-tier

(1) 20:2% 25.8% 21.9% 11.4%

(I) 28.0% 47.2% 41.2% 33.2%

(Im) 34.2% 24.1% 25.7% 39.8%

(Iv) 17.6% 310% 11.3% 15.6%
Total 3751 831 3975 4416

Table 4.1 also provides summary statistics for the city-tier classification used in
this analysis. If the market visibility of a product category is high, we expect the
number of its distributors should also be high. As shown in Table 4.1, the most
common resource (distributors) allocation is setting in city-tier (II ), and city-tier (II),
followed by city-tier (I ) where only three metro cities, ShangHai, Beijing, and
GuangZhou make up of the samples.

The complementary effect also reveals different companies’ strategies. As the
printer is complementary to the PC, i.e., we assume the consumer who owns a printer
must also own a PC. This is one reason we can observe the similar distribution

intensity patterns by city-tier both in HP and Lenovo among larger cities (city-tier
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(I),(II), and (III)). Moreover, because of low penetration rate of the printer at that
time, HP had cautiously selected its resellers. As shown in Table 4.1 , HP’s decision
did not focus on city-tier (IV). The result by city-tier classification is reasonable (i.e.,
printer penetration rate is less than PC penetration rate in small market potential cities,
not to mention market penetration of TV or mobile phone), while HP’s distribution

intensity in city-tier (IV) is also less than that of any other brand in the dataset.
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5. Results

We present the results on finite mixture model from Poisson distribution, infinite
mixture model (NBD) and its applications, BDI/CDI strategies, and NBD regression

model.

5.1 Poisson Model of Channel Density

Table 5.1 provides the parameter estimates and model selection criteria of the
Poisson model in equation (1) and (2) in analyzing distribution intensity of one
benchmark brand such as Nokia. If twq distinct segments, heavy and light intensities,
are assumed, both BIC (Bayesiadiinformation eritetion) and common likelihood ratio
(LR) test (Winkelmann, 2008)- reject the null hypothesis that channel densities of
heavy and light segments are ¢qually.distributed since two segments model yields
smaller BIC (=1910.3 < 3303.6043) and LR (= 2%|1649.15-947.19]) > X° y45,,. The
associated channel intensities A ; and A -are 10.67 and 46.48, while the city
penetration rates are 83.8% and 16.2%, respectively. The result indicates that Nokia
products are unequally distributed to two distinct segments. The distribution intensity
can be analyzed stepwisely to four distinct segments, where p-value of LR is less than
0.001 to show four segments model fits the data better than three segments model.
Four segments model also has smallest Bayesian information criterion (BIC) in our
analysis.

The associated channel intensities A;,4,, A3, and A, are 6.41, 16.54, 40.84, and
99.86, while the market-penetration levels are 46.3%, 39.7%, 11.9%, and 2.1%,

respectively. That is, group 1 shares 46.3% of Nokia’s channel distribution and group
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2 shares 39.7%, and vice versa. The fact that higher lambda value yields low
market-penetration level is due to the nature of Poisson distribution on distribution
density where the occurrence of distributed channel’s probability is low, but the
number of opportunities for occurrence is high — both groups 3 and 4 have high

distribution intensity, despite their relatively small shares.

Table 5.1  Parameter estimates and model selection criteria of models for
distribution intensity Nokia

Parameter Estimates

Group 1 Group 2 Group 3 Group 4 LL
A 16.5 -1649.15
A =12 10.67 46.48 -947.19
P2 0.838 0.162
A i=123 8.21 24.56 77.11 -813.47
Pi;izi23 0.642 0:312 0.046
A i=1234 6.41 16.54 40.84 99.86 -749.61
Pi;ici234 0.463 0.397 0.119 0.021

Summary of Model Fit

Model LL Parameters  BIC LR (p-value)
Poisson -1649.15 1 3303.6043

2 Groups Poisson -947.19 3 1910.2725 <0.001

3 Groups Poisson -813.47 5 1653.4271 <0.001

4 Groups Poisson -749.61 7 1536.3007 <0.001

Although the four groups are separately identified due to their different channel
densities, there are some limitations for the application use of Poisson distribution
model since the outliers (extremely low or extremely high) of actual distribution

intensity might not be able to detect. In other words, among Nokia’s 275 channel
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density maximum, some types of counts of channel density smaller than 6.41 or
channel density greater than 99.86 may fail to generate the proper occurrence. Since
four cutoff pints have been indentified, we now use economic and infrastructure
indicators that include GDP per capita, gross domestic products (GDP), and
population size to identify those summary statistics for economic performance of

different cities as shown in Table 5.2.

Table 5.2  Summary descriptive statistics for economic infrastructure indexes
among different distribution intensity cities

China City Statistical Indexes Channel intensity of Nokia
6.41- 16.55-  40.85-
Mean or percentage <6.41 16.54 40.84  99.85 >99.86
cities 28.0% 40.5% 24.5% 5.0% 2.0%
GDP (Million) 12198 14047 33123 83356 310037
GDP per capita (yuan) 17283, 16260 20729 21689 44404
Population size (10%) 81.54 = 93:49 178.87 379.95 750.11

Percentage of non-agricultural population|60.2% :59.0%  59.7% 73.1%  78.2%
Deposable income per capita (yuan) 572 622 1266 2173 7955

Local road area (10*m?) 7177 7241 8295 7668 15252

Consumption per capita (yuan) 5509 5540 6430 6331 12335

As we can see from those cities with higher distribution intensity in the Table 5.2,
the values of economic infrastructure indexes are also higher. The top 2% cities
command the highest GDP (RMB$310,037 million), population size (7.5x10°),
disposal income and consumption expenditure. The monotonically increasing
relationship between distribution intensity and economic infrastructure indicator
reveals that Nokia prefers to develop higher channel density in higher economic

growth areas. This evidence could provide an example to show that the faster the
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market grows, the more likely that exporting manufactures prefer high distribution

intensity.

5.2 Gamma-Poisson Mixture Model and Its Applications

The Poisson distribution of channel density results come with some limitations
including the process is assumed to have a certain rate of regularity among segments
and the inability to model underdispersed counts for extreme low and extreme high
cases. The hierarchical Poisson model with Gamma prior, so called the NBD
(Negative Binomial Distribution) model in equation (4), allows capturing latent
propensity for channel distribution for each particular city in each product category.
We use infinite mixture of Gamma-Poisson distribution in this section where the
Gamma distribution represents different channel intensity distributed across the cities
rather than FMM. The Gamma distribution-tetains two parameters o (the shape
parameter) and S (the scale parameter).to accommodate the heterogeneity of channel
density across cities. The shape parameter is directly proportional to the latent
propensity for channel distribution; the larger the value of a, the more homogeneous
intensity of channel market in all cities for each product category. The scale parameter
controls the balance of heavy and light channel density within each product category,
if scale parameter increases, the proportion in heavy channel density is higher.
Concentration of channel density regarding NBD model has been discussed in section
3.3.

While modeling NBD approach to each channel intensity data, we derive
estimated NBD parameters to report statistics for the distribution of channel intensity
in each 3C category. In Figure 5.1, the fitting of the distribution is a matter of

determining which two parameters create the shape and scale of the NBD that most
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closely fits the observed data. The observed and theoretically expected distributions
for each category are plotted on the same set of axes in order to give a picture of these
3C benchmarks’ channel structures. While looking at histograms of channel intensity,
distribution is valuable for considering the fit of the model and gaining a “picture” of

the channel allocation behavior.

Expected # cities
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Figure 5.1 Fit of the NBD model distribution intensity

In Figure 5.1, the first thing we see is that light bars and dark bars denote closely
with each other to show goodness-of-fit. By further calculation of the differences
between light bars and dark bars in each part of Figure 5.1, aside from the best fit of
the NBD distribution model in Haier (p-value of Chi-Square Goodness-of-Fit Test =
0.76), the least fit of the NBD distribution model in Lenovo is also reliable (p-value of

Chi-Square Goodness-of-Fit Test 0.09). We also calculate that approximate
numbers of channel intensity in more or less than 100 are not over 10 cities, and that

only small parts of cities are over 30, especially for HP.
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These four channel intensity distribution figures exhibit the classic reverse
J-curve of the NBD for certain parameter values. We can imagine that the NBD draws
a line straight through the histogram and describes the 3C leaders’ channel allocation
behavior. It is valuable to note whether the “tail” to the right hand side of the graph is
fatter. We will later show that the fatter “tail” of the cities with higher channel
intensity gives a higher Pareto Share. As a whole, the infinite mixture model (NBD) is
able to fit these types of 3C leaders’ channel intensity instead of finite mixture
Poisson model.

In reality, categories have big and small markets in China. In the empirical study
of this phenomenon, we examined four categories of 3C products data in 2002, and
asked the key question, “How important to marketing strategy is the top concentration
20th percentile of the market base?”. The NBD’s two parameters, o and S, coefficient
of variation in equation (6) and=(7).tells the secale.and shape of channel density; the
Gini index based on equation (8) captutes-the-degree of concentration of that density,
the theoretical Pareto Shares based on equation (5), and the observed Pareto Shares as
the percentage of total channel intensity to the top 20% of one brand’s channel
markets, considers how resources are distributed among cities and define the
pareto-optimality of channel density.

Compared with equation (6), the “empirical” coefficient of variation (7) based on
observable number is proposed to decrease with the increases of category’s
homogeneity (a) and to change according to that category’s scale (f) parameter. An
increase in f represents an increase in the coefficient of variation in equation (7). On
the other hand, Pareto Share is calculated from the percentage of the total brand
channel intensity accounted for by the top 20th percentile of its channel markets.
Theoretical values of Pareto Share are calculated from the theoretical (NBD)

estimates in equation (5) that we have adopted each o in Figure 5.1. Schmittlein,
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Cooper, and Morrison (1993) demonstrated that the NBD could be extrapolated to
estimate the market behavior for periods beyond the observed period in consumption
data. We assess the theoretical Pareto Share in NBD for the same purpose to
extrapolate into longer time period since we have only one-year cross sectional data.
In order for transforming go-to-market strategies from the inference in NBD
model-based analysis, the theoretical concentration statistics based on latent market
concentration structure can provide insight into a company’s long-range planning for
resource allocation. Since companies establish new distribution channel in emerging

markets is an adamant investment, one-year observed measures may mislead decision.

Table 5.3 The concentration performance measures varies markedly between categories

Pareto Pareto
3C Products (a,p) Gini index CVv, CVy |Share(%)|Share(%)
(0 T
Nokia(Mobile phone) [0.837 , 0.740 0.49 1.093 1.442 57.1 59.2
HP(Printer) 0.097, 0.256 0.67 3.206 3.593 68.6 90.5
Lenovo(PC) 0.265, 0.228 0.64 1.941 2.151 69.2 78.8
Haier(TV) 0.724, 0.478 0.52 1.176 1.429 58.4 61.8

1.CV,: the coefficient of variation based on unobservable or latent concentration structure.

2.CVy: the coefficient of variation based on observable number.

3.Pareto Share ( O= observed, T = theoretical).

Table 5.3 illustrates the consistency in relative concentration levels and sales

productivity of distribution intensity among different 3C leaders. For empirical
coefficient of variation in channel intensity distribution, only HP is greater than 3,
says that HP established its most of channels just in small portion of cities. The CV
value (3.593) was above Lenovo (2.15), Nokia (1.44) and Haier (1.42), infers that
printer was less appeal than Mobile phone or TV among cities in China at that time.

The observed Pareto Share (0.686) for HP was also greater than those of Nokia (0.571)
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and Haier (0.584), meaning that HP’s top percentile of market base was much more
than those of Nokia or Haier. As a result, the theoretical Pareto Share for the two
categories, printer for HP (.905), and PC for Lenovo (.788) accounted for more than
78%, which is “high channel intensity.” Both HP and Lenovo follow faithful the
Pareto principle to allocate nearly 80% of their channel density in 20% of the cities.
For the other two market leaders, Nokia (0.49) and Haier’s (0.52), their Gini indexes
were low, meaning both companies widespread their distributions to more cities. All
these measures above reflect concentration of resource allocation. In particular, the
parameter oo demonstrates a good concentration performance measures to deal with
channel market bases, while the Pareto Share can add depth to the analysis of channel

concentration.

5.3 3C Benchmark Brands’ BDI/CDI Strategies

In this section, many interesting patterns will be geared down with application to
BDI and CDI. For instance, BDI/CDI calculates the visibility (distribution efficiency)
of a brand. If the ratio is high, we expect the number of distributors should also be
high. The logic is that if the BDI is high, then the firm has put many efforts to the city.
Therefore, if the ratio is greater than one (i.e., BDI > CDI), then the company might
waste some resource to distribute to that city. The reason why a company makes such
decision might be due to the intensive competition, or, the expectation of the future
growth potential of that city, and vice versa. The upper part of Figure 5.2 shows that
Nokia’s and Lenovo’s CDI vs. BDI distribution patterns among 200 cities. The x-axis

is for CDI, and BDI is on the y-axis. The upper half of scatter plots obviously
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indicates that distribution pattern nearly follows a straight line. It means that the more

CDI number is, the more BDI will be.
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Figure 5.2 3C CDI/BDI scattergrams in China

Lenovo’s market entry pattern is similar to Nokia’s, the ratio of BDI/CDI is close
to one. As a contrast to Nokia’s scatter plot, Lenovo’s pattern is much relatively
closed along the 45 degree line, indicating that market entry pattern for Lenovo is “to
dance to the other PC companies’ tune” and thus close to the path of total
development of PC products in the markets. Lenovo has aggressively distributed its
products; therefore, the resource (distributors) allocation does not seem to be efficient,
i.e., it has distributed many small (market potential) cities where both CDI <1 and

BDI< 1.
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Although the governmental data does not include the printer data, printer is
complementary to the PC, i.e., we assume the consumer who owns a printer must also
own a PC. Therefore, we calculate CDI for PC to represent CDI for Printer, called
PC CDI. The result is reasonable (i.e., printer penetration rate is less than PC
penetration rate) since many PC owners do not buy printers. Because of low
penetration rate of the product, HP has cautiously selected its resellers. As a result,
HP’s decision is more fit with Westerner’s thinking, i.e., it focuses on the cities where
BDI >1 and PC _CDI > 1. Figure 5.2 also shows HP’s distribution pattern, which is
totally different from the patterns in upper part of Figure 5.2. The pattern of HP’s
market development seems to have a random shape, but most points of the cities are
distributed as BDI and PC_CDI are greater than one. The lower half of Figure 5.2 also
illustrates Haier’s pattern. Distinct pattern from.other companies, Haier’s channel
market penetration pattern is net followed by another Chinese brand, Lenovo. It is
filled with “full coverage market” consideration:

Although these market leaders’ products are all categorized into 3C products,
their market penetration strategies seem to be quite different. If we want to explore
their difference among 200 cities in China, we can divide these cities into four city
groups, A, B, C, and D, according to CDI and BDLI. In this study, we use the averages
of CDI and BDI as the operational definition of threshold to divide the markets to

match the classification in Table 3.1, and it is shown in Table 5.4.

Table 5.4 Grouping cities by the averages of CDI and BDI

CDI
< average = average
= average C A
BDI
< average D B

-36 -



The number of cities in four different market groups for each brand is shown in
Table 5.5. Except for Nokia, the market development situation of the other three
companies, Haier, Lenovo and HP, are rather similar in the group D. The group D has
most numbers of cities across these three brands, especially for Lenovo, as Table 5.5
shows that more than half of the 200 cities belong to group D. Using average
distribution intensities among city groups as market penetration ratio, we also use city
group at four brands as another classification for dataset. The further analysis of the
Chi-Square test shows that inconsistent patterns under these two classifications
(p-value < 0.01). That is, the distributions of channel allocation in these four products

look like following different market penetration ratios.

Table 5.5 Numbers of cities;and average distribution intensities of cities

in each group (Numbers/Avg.)
. . City group
Classifications oy = = =
Nokia 687/30.27 31/8| 15/47.7 36/12.9
C Haier 43/28.63| 31/15.71| 44/35.36 82/14.35
ompany Lenovo | 63/61.4 2/1 5/15 130/9.42
HP 35/23.56| 30/4.65| 9/4.14 126/1.18

An important and obvious step in the examination of bivariate data, such as CDI
and BDI in Figure 5.2, is to examine their scatter plots. These can give evidence of
outliers, clusters, as well as indicating the strength and type of relationship between
these two variables. The simple scatter plot can, however, be enhanced in a variety of
ways with the aim of detecting or highlighting more subtle features of the relationship
with distribution intensity. Here the use of a contour plot is considered.

A contour plot is a graphical display for representing a 3-dimensional surface by

plotting the third dimensional slices, called contours, on a 2-dimensional format. The

-37 -



contour plot is an alternative to a 3-D surface plot. An additional variable may be
required to specify the third dimension values for drawing the iso-value curves (Fader
et al., 2005). The explicit third dimension values here are channel intensities. The
contour plot is used to explore the question: How does distribution intensity change as
a function of CDI and BDI?

Plain contours are not very easy for eye catching, so we fill the spaces between
the contours with grayscale colors. That makes the general form of the data clearer to

see immediately where the highs and lows in distribution intensity are.

BDI

CDI

Figure 5.3 Contour plot of distribution intensity- Nokia (Mobile phone)

Figure 5.3 shows that the distribution intensity as contour which joins points of
equal elevation above a given Nokia’s CDI/BDI data. We cannot find the channels in
higher BDI >1.5 but lower CDI <1, yet can see that the upper right peaks are in Figure
5.3, and the left corner is a peak in city group C defined in Table 5.4. According to the
previous marketing knowledge, it is better to enter into city group A because city

group A has higher CDI and BDI, which indicates that this kind of market is well
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developed. In reality, Nokia does allocate many channels in city group C (i.e., 1(avg.)
> CDI, but 1.5>BDI > 0.91(avg.)). One of the reasons is that the mobile phone
industry is in the mature stage of product life cycle in China. According to the report
of International Telecommunication Union (2003), the number of mobile phone
owners in China had increased to more than 200 billions. The market of first-tier city
is saturated. The companies in mobile phone industry must switch their target from
first-tier cities, such as Beijing, to the second-tier cities or third-tier cities. That is why
Nokia chooses to put its resources in the emerging markets (city group C), in which

mobile phone category is not saturated, and the brand can perform well.

Figure 5.4 Contour plot of distribution intensity- Lenovo (PC)

Figure 5.4 shows that the distribution intensity of Lenovo for CDI/BDI data. It is
different from the pattern of Nokia. The peaks show that the city groups which have
the most number of distributors are in A, B, and C. The pattern seems to be consistent
with the common strategy using CDI/BDI matrix.

According to the report of International Telecommunication Union (2003), every

one hundred people in China have only 1.93 PCs. The PC industry is still in the
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growing stage in China. Although most cities in city group A are well developed, the
demand of PC in group A is still not saturated. Thus Lenovo still put in lots of their
marketing channel resources where the CDI and BDI are high. There are few cities in
city group B and C (only 7), and CDI and BDI of Lenovo are highly positive related.
If we divided cities by average value of BDI and CDI, most of cities would fall into
city groups A and D. In Figure 5.4, we can see an interesting pattern that the higher
distribution intensity of Lenovo is distributed in 1> CDI > 3, but BDI is greater than
or less than 1. Besides, Figure 5.4 also shows that Lenovo has aggressively distributed
its channels along the 45-degree line; therefore, the resource (distributors) allocation

does not seem to be efficient.

BDI

Figure 5.5 Contour plot of distribution intensity- HP (Printer)

Figure 5.5 shows that the distribution intensity of HP for CDI/BDI data. It shows
that the most number of distributors is in city group A. Like Lenovo, the market
channel strategy of HP is choosing the markets whose CDI and BDI are relatively

high because printer is also in the stage of introduction. That is, in modern city, a
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printer is an important complement of PC in an office. AS shown in Figure 5.5, we
can see an interesting pattern on the condition of PC CDI > 3, the distribution
intensity of HP is distributed increasingly with BDI. For example, given one market,
such as PC_CDI=4, there are very different BDI levels across mainland China. This
evidence shows that the more BDI number is, the more distribution intensity will be.
But in the markets of 2>PC_CDI > 3, there is an extra peak around the center of
Figure 5.5. As we can see, maybe HP will choose to control their limited number of
resources (distributors), or be controlled by some distributors with higher capabilities,
and different distribution intensity levels does generate the same BDI shown in Figure

5.5.

BDI

Figure 5.6 Contour plot of distribution intensity- Haier (TV)

In Figure 5.6, city group C has the most number of distributors of Haier. The
distributors in city group A are less than that of city group C. One of the explanations
is product life cycle. Since every one hundred household has 125.52 TVs, it means

that every household has more than one television. The other possible reason of this



phenomenon is that Haier has not been able to escape the clutches of state ownership
of the local government. This causes that Haier can not make their market entry
strategy only according to market growth status, and also become embroiled in a
dispute with government over its ownership, which hampers management flexibility
so that its market entry strategy is quite different from that of the other three leading
brands.

The CDI/BDI strategies discussed above identify market structures for four
categories of 3C industry in China, i.e., TV, mobile phone, PC, and printer. The
distributions of channel allocation in these four brands look like following different
market penetration ratios in Table 5.5. The evidence might be inferred that these
match with four stages in product life cycle (PLC), such as saturation stage, mature
stage, growth stage, and introduction stage.

Indeed, the 3C product market entry plan will-not encompass the whole range
from early growth to decline in PLCiThese-3C€ leaders’ experience could be as useful
as practical guideline for other following marketers and themselves. In other words,
under the shorter product life cycle and rapid change in 3C industry, the important
point of the PLC for 3C companies is that at least four types of market in different 3C
products in China. Thus, even if a product always goes through its product life cycle
over time, the management is the succession of strategies based just upon that piece of
the PLC curve where they currently reside (most probably in the growth stage or
introduction stage).

In marketing application, the PLC as well as CDI/BDI strategy may be useful as
a description, but not as a predictor. That is, the PLC is a dependent variable, which is
determined by market actions; it is not an independent variable to which companies
should adapt their marketing programs (Dhalla and Yuspeh, 1976). Considering

conditions in which a product is sold with the specific range of part of PLC, it should
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certainly meet requirements of corresponding CDI/BDI strategies to satisfy customers
demand at right place, and by right quantity. The basic issue here is to evaluate the
efficient distribution of distribution intensity. That is, managers would like to know
whether the degree of distribution intensity is related to some market characteristics in

order to adapt their marketing programs.

5.4 NBD Regression

The degree of distribution intensity is the realized result the companies decide
to enter and create, so do BDI. That is why some argue that they cannot use BDI as a
determinant for distribution intensity directly. In this section, we will test two possible
determinants, market growth and distribution’.capabilities, as major influential
covariates analysis of distribution intensity., By adding such deterministic
heterogeneity to NBD model for distribution-intensity distribution, we can deeply
understand how well-developed théperformance and influence of market growth and
distribution capabilities are in a certain market.

As shown in equation (10), the negative binomial regression model (NBRM)
incorporates observed and unobserved heterogeneity into the conditional mean. In this
section, we assume two predictors for distribution intensity in emerging China. CDI is
used to evaluate market growth of a product category in a particular market. On the
other hand, the ratio of the BDI divided by the corresponding number of resident
intermediaries indicates their management capability in that city. This will be the one
for representing the distribution capabilities.

In NBD regression model, we assume distribution intensity is distributed as a
Poisson random variable with mean A, which has a gamma distribution across all

cities and test whether 4 is related to these two predictors .However, the Poisson
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regression model (PRM) has the same conditional mean and variance (equidispersion).
When it is invalid, the conditional variance of y becomes larger than its conditional
mean; thus, we are said to have overdispersion data (Long, 1997). Considering two
regression models, the likelihood ratio test, 2(LLNBD _LLpuisson) , 1s developed to
examine the null hypothesis of no overdispersion. If the null hypothesis is rejected,
the NBRM is in favor of the PRM, that is, shape parameter a70. In fact, PRM rarely
fits in practice due to overdispersion. As shown in Table 5.7, all shape parameter a in
different models is significant from 0. In Figure 5.1, we have shown goodness-of-fit
between NBD model and data. In the bottom of Table 5.6, we also run a restricted
model without regressors in order to conduct the likelihood ratio test for improvement

for the explaining power of covariates (all p-values <0.01).

Table 5.6 NBD regression estimates of distribution intensity

Saturation Mature Growth
PLC stage stage stage
3C leader Haier(TV) Nokia(Mobile phone) Lenovo(PC)
Std Std Std

Parameters Coefficient Error Coefficient Error Coefficient Error
shape parameter o 0.515*** 0.055 0.190*** 0.026 0.214 *** 0.026
Intercept 3.447*%** 0.115 2.445%%* (.133 2.259 *** (0.074
CDI 0.070 0.083 1.155%** 0.121 1.254 ***(0.071
BDI/channel members -7.086*** 0.636 -10.855*%** 0.696  -11.311*** 0.821
Log Likelihood (unrestricted) 11270.59 9273.78 11361.68
Log Likelihood (restricted) 11216.87 9146.62 11183.19
Likelihood Ratio for
Covariates 107.44%** 254.32%** 356.98%**

1.*at 0.1 level of significant, ** at 0.05 level of significant, *** at 0.01 level of significant.

Table 5.6 also provides NBD regression estimates of distribution intensity of 3C
leaders. Since HP does not enter into some markets, we will further discuss its details
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in Table5.7. In Table 5.6, although most parameters are significant among brands, we
still discover some interesting patterns from the results. One is the variable
representing the distribution capability that shows negative impact on distribution
intensity among different models. The other one is the variable CDI, which is not
significant in the model of Haier only. This phenomenon might result from TV in its
saturation stage of product life cycle.

From the results, we can conclude that distribution capability is more likely an
important covariate, which will be considered when making distribution strategies,
even in different stages of 3C product life cycle. Besides, CDI is still one of the
criteria for brands except for Haier. This result shows that when the industry is still in
growth stage, it is better for companies to put their marketing channel resources into
the market where industry and brand are well developed. But, when the category is
now in saturation stage or even decline, it is better.to-put the resources into the market

according to capable distributors.

Table 5.7 NBD regression estimates ofdistribution intensity in different city-tier samples HP

PLC Introduction stage
3C leader HP (Printer)
city-tier (In) (1) (IV)
Std Std

Parameters Coefficient Std Error Coefficient Error Coefficient Error
shape parameter o 0.286***  0.097 0.644***0.177 1.930***1.064
Intercept 2.235%*%*  (0.259 -0.297***(0.206 -3.416***(.833
CDI 0.475%**  0.148 0.963*** (0.220 4.507*** 1.632
BDI/channel members -3.145** 1439  1.933**(0.933 3877 3.590

675.74 -0.99 -12.48
Log Likelihood (unrestricted)
Log Likelihood (restricted) 669.40 -16.87 -34.62
Likelihood Ratio for Covariates 12.68%** 31.76%** 44 28***

*at 0.1 level of significant, ** at 0.05 level of significant, *** at 0.01 level of significant.
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As shown in Table 5.7, we conduct NBD regression to examine distribution
intensity of printer for HP among different city-tier city samples, and ask a key
question, “While introducing a new product, such as printer, how to decide market
entry strategy among different city-tier markets?” It is apparent that excluding trivial
cases in the first city-tier cities, HP decides to enter cities with different
market-penetration level. Some interesting patterns from Table 5.7 will be revealed.
One is the variable representing the distribution capability that shows negative impact
on distribution intensity only in the second city-tier cities model. But it is not
significant on the condition of four-tier markets due to many non-entry data over there.
More interestingly, distribution capability has positive impacts on distribution
intensity in the third-tier cities model. This result shows that very few distributors are
in third-tier cities. Hence, distribution capability should be approximated to BDI. It is
shown that BDI is positively eorrelated to the number of local distributors. HP in
third-tier markets tends to allocate more marketing channel resources in the cities
where the brand has already been+appreciated by the residences. In contrast, CDI
plays a role in introduction stage of 3C product life cycle. As shown in Table 5.7, CDI
has a significantly positive influence on distribution intensity across different models.

To sum up, all of the shape parameter o, in different models are significant from
0. In addition, we observe that in saturated markets and reluctant markets in
introduction stage, their shape parameter o5 are bigger than those in other stages of
PLC. It means more concentrated distribution intensity happen in the whole range
from growth to mature stages adjusted for market growth and distribution capability.
Substituting NBD regression estimates into Equation (9), and yields the expected
distribution intensity. We can further infer that the negative residuals (observed minus
expected) of fitting NBD regression model will indicate where the cities are unmet

distribution intensity area for these 3C benchmark brands. For instance, the
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corresponding top three cites priorities for market entry connected with significantly
negative residuals for analysis of Nokia, such as Shen Zhen, Zhu Hai and Fu Zhou,
indicating that each of Nokia’s channel intensities among these three cities is much
lower than the ideal numbers of intermediaries in that local market. On the other hand,
the residual analysis can also identify the place which has oversaturated distribution

intensity.
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6. Discussion and Conclusion

The main objective of this paper is to analyze the heterogeneity of distribution
intensity on 3C products and find out its major determinants in the context of
emerging China. We collect four 3C benchmark brands in China, Nokia, Haier,
Lenovo, and HP, and try to describe their channel marketing strategies, especially in
concentration and penetration of their channels distribution. Using a variety of model
evaluation strategies, we conclude that NBD regression does indeed provide a better
fit of distribution intensity data than the standard Poisson or NBD model. Particularly,
our results suggest the estimated parameters from inference in models as convenient
descriptors of the nature of distribution .intensity that are easy to operate in a
meaningful way. As a scienfific approach to. marketing involves gathering
observations about marketing phenomena and then attempting to develop generalized
explanatory statements (Bass, 1993), this-study takes a scientific approach to the
investigation of the distribution intensity: for four categories of 3C products in
different product life cycle.

In addition, in the current marketing knowledge, CDI/BDI matrix is considered
as a marketing investigation tool for investors to evaluate market potential and to help
make marketing resources allocation decision. Current marketing knowledge is
concerned about the place with high CDI and high BDI, which is more likely the
first-tier city to enter into and to be allocated most resources, like resellers. Followed
by the second-tier market, which is the one with high CDI and low BDI, and then the
market with low CDI and high BDI is the third tier market. Finally, when the market’s
CDI and BDI are both low, this market will be the worst place to enter into and

investors should put the least resource in this market (Belch and Belch, 2004).
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However, CDI/BDI matrix will be quite different when talking about emerging
market where the economic status is not stable, especially in emerging China.
Because 3C distribution intensity in China is quite different from the common
CDI/BDI matrix in developed country markets (Belch and Belch, 2004), BDI>1 and
CDI<1 will be the first candidate to implement market entry strategy. In our results,
BDI is positively correlated with distribution intensity in BDI>1 and CDI<1, because
investors there will pay more attention to distribution capabilities. We also find that
two of these brands, Nokia and Haier, choose to allocate most of their marketing
channel resource in the market with high BDI and low CDI (city group C), and the
others choose to enter into the market with both high BDI and CDI (city group A).
There are some reasons that cause this difference. We insist that the major reason
should be based on product lifeeycle. Mobile®phone and TV are already in the
saturation or mature stage, in the cases of Nokia and-Haier, entering into the markets
where categories are still not well developed;-but brands can be popular. However, PC
and printer are still in the growth ‘er introduetion stage, so Lenovo and HP still put
most of distribution intensity in the market with high CDI and BDI because this kind
of markets is not saturated. The product life cycle might not be proper since the
Chinese emergent market is still growing, and our research data do not have time
frame. Another explanation might replace PLC with market penetration levels from
low to high.

In reality, these four products look like following a product life cycle from the
statistics of these product owners in China of the report of International
Telecommunication Union (2003). Besides, the linkage of relative concept of PLC in
a generalized manner will help set priority to these products in the channel markets. In
brief, the success of channel establishment in emerging markets has always depended

not just on the market size according to significant gross domestic product or specific
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industrial development, but on the reach of brand’s market penetration, and on

distributors’ capability to extend opportunity to gain more profits.

Limitations and Future Research Directions

In this study, we collect four leading brands’ distribution intensity data, which is
not easy to obtain for marketing research. However, because we only get data for
2002, we cannot see the dynamic activities of these brands. If the longitudinal data
could be obtained, it could be used to observe the patterns of channel market entry of
these brands, and it would be useful to understand the spatial diffusion in China’s 3C
products market. A cross sectional data set also has its limitations, as does the
collection period of one year, which does not allow for observed/theoretical
comparisons over different periods of gbservation. This paper has taken a single time
period of observation and used the model'to extrapolate to longer periods. There is no
empirical verification of this extrapolation.”Further research could include observed

measures for other time periods of observation.

Theoretical Contributions

But in this study, we suggest that the two parameters, a and B, of fitting the
category’s NBD, the coefficient of variation, Gini index, and Pareto Shares are the
concentration statistics based on theoretical distribution of unobservable or latent true
level market concentration structure. Schmittlein, Cooper, and Morrison (1993)
demonstrated that the NBD could be extrapolated to estimate the market behavior for
periods beyond the observed period. In addition, the increase of Pareto Share based on
NBD over longer time periods of observation is predictable due to only shape
parameter o, and theoretically well substantiated. Managers need to note this in their
assessment of their channel market concentrations. From the result, it seems that the

“Pareto Share” is not a clear 80/20 relationship but that is actually found among all
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different 3C categories to a somewhat difference. Shape parameter a can be regarded
as a simple concentration measure of how dependent a brand (in the case of 3C
categories) is to their distribution of channel markets in the long run.

We organize our findings of 3C market structure in China around the notion that
firms can improve brand perceptions through channel investments and can result in
concentration patterns, as in Sutton’s endogenous sunk cost theory. In the data,
observed distribution intensity escalates in larger markets across product categories.
Furthermore, a new product case, such as printer for HP, is limited to entry some
markets; its distribution intensity concentration levels will be bounded away from
zero. In contrast, concentration levels in distribution-intensive brand, such as TV for
Haier, are bounded away from zero as well. In general, our findings highlight several
persistent patterns in the 3C market structures in China.

From the dataset, the scale.of each .reseller cannot be revealed, and one
distributor might also have its-owniresellers.-We only can observe the quantity of
number of channel members, but cannot understand the quality. Therefore, by
devising the BDI divided by the number of intermediaries, such measure will be a
proxy variable for representing distribution capabilities. The ratio indicates their
management capability on that particular city. The reasons why the ratio is high might
be due to all kinds of possibilities, including the city’s buying power, good product,

capable retail partnership, good price, and less competition, and etc.

Conclusion

We have demonstrated penetration, concentration, market growth, and
distribution capabilities in a meaningful way in China 3C market, and considered the
likely patterns of these channels as model parameters vary. As such this paper

constitutes more on a replication of Scmittlein, Cooper, and Morrison’s (1993) work
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in a different context. We have introduced the terminology of “Pareto Share” and
defined it as the percentage of distribution intensity establishment made to the top
20% of channel markets, and demonstrated how it may serve as a guide to a brand’s
dependence to its channel market. The results of different Pareto Shares across 3C
products show that Pareto Share can vary from category to category. A deeper
understanding of these parameters is likely to give the brand insight as to how to grow
the brand, and maybe give brand managers less cause to panic when they look at their

sales in channels panel data.
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Appendix A 200 selected Cities in China

NO. City City Tier NO.City City Tier NO. City City Tier NO. City City Tier
1 ShangHai 1= 51 LuoYang 31101 HuaiNan 31 151 JiaoZuo 4
2 Beiling 1= 52 ChangZhou 3102 PingDingShan 31152 YingKou 4
3 GuangZhou 1 53 BaoTou 3103 HulLLuDao 3153 QinZhou 4
4 ShenZhen 2 54 LinYi 31104 PanZhiHua 31 154 XiNing 4
5 TianJin 21 55 WeiFang 31105 ZhangZhou 31155 LeShan 4
6 WuHan 2 56 HuZhou 31106 ShiYan 31156 KaiFeng 4
7 DaQing 2 57 FuShun 3107 YiChang 3 157 BingZhou 4
8 ShenYang 2 58 HanDan 31108 Jiuliang 3 158 CangZhou 4
9 Dal.ian 2 59 QuanZhou 3109 ZiGun 31159 TonglLing 4

10 ChongQing 21 60 NanTong 31110 EZhou 31160 DeYang 4
11 Nanling 2 61 YueYang 3111 JiNing 3161 TongLiao 4
12 HangZhou 2 62 TaiAn 31112 XiangFan 31162 SuZhou 4
13 ChengDu 2 63 FoShan 3113 JinZhou 31163 PuTian 4
14 JiNan 2 64 QinHuangDac 31114 DeZhou 3 164 NanPing 4
15 QingDao 2 65 ZhuZhou 37115 LiaoYang 31165 JinHua 4
16 ChangChun 21 66 JiangMen 31116 MuDanlJiang 31166 ChaoHu 4
17 Xi'An 2 67 WeiHai 3117 ZhaoQing 3 167 SanMing 4
18 HaErBing 21 68 Zhenliang 31118 SuiZhou 3 168 ChengDe 4
19 ZiBo 21 69 LiuZhou 31119 DanDong 31169 NeiJiang 4
20 XiaMen 2 70 MianYang 31120 HengYan 31170 XuanCheng 4
21 DongGuan 2 71 KeLaMaYi 31121 L.uZhou 37171 XinYu 4
22 KunMing 2 72 ZaoZhuang 31122 ShaoGuan 31172 LiaoCheng 4
23 FuZhou 2 73 HuiZhou 3 123 Changzhi 31173 XieTai 4
24 NingBo 2 74 DaTong 3 124 LongYan 31174 BaiYin 4
25 WuXi 2 75 YangZhou 3 125 JingZhou 31 175 HengShui 4
26 ShiJiaZhuang 2 76 BaoDing 3 126 ZhouShan 31176 BoZhou 4
27 ChangSha 2 77 HaiKou 3 127 YongZhou 3177 WuZhou 4
28 DongYing 21 78 NanYang 31128 XinXiang 3178 SongYuan 4
29 ZhengZhou 2 79 ChangDe 3129 YmChuan 31179 SuiNing 4
30 SuZhou 2 80 HuHeHaoTe 37130 Quling 37180 YiChun 4
31 WenZhou 2 81 JiaXing 3131 BengBu 3181 FuXin 4
32 AnShan 21 82 QiQiHaEr 31132 LangFang 31182 JingDeZhet 4
33 ZhongShan 2 83 BenXi 31133 PingXiang 3 183 ChuZhou 4
3 3 4 4
3 3 4 4
3 3 4 4
3 3 4 4
3 3 4 4
3 3 4 4
3 3 4 4
3 3 4 4
3 3 4 4
3 3 4 4
3 3 4 4
3 3 4 4
3 3 4 4
3 3 4 4
3 3 4 4
3 3 4 4
3 3 4 4

34 NanChang 84 ShaoXing 134 YiBin 184 GanZhou
35 YanTai 85 XiangTan 135 ShangQiu 185 ChaoZhou
36 TangShan 86 XianYang 136 XinYang 186 BeiHai

37 TaiYuan 87 ZhangliaKou 137 AnQing 187 SuZhou
38 XuZhou 88 MaoMing 138 ChiFeng 188 XuChang
39 ZhuHai 89 RiZhao 139 YangQuan 189 JiXi

40 LanZhou 90 QinChuan 140 JieYang 190 JinCheng
4] WuLuMuQi 91 WuFu 141 HuaiAn 191 YuLin

42 TaiZhou 92 LaiWu 142 YanCheng 192 WuWei
43 Panlin 93 JingMen 143 BingZhou 193 ZiYang
44 JiLin 94 HuangShi 144 HuaiBei 194 TongHua
45 HeFei 95 LianYunGang 145 ZunYi 195 TianShui
46 ShanTou 96 PuYang 146 NanChong 196 LinFen
47 GuiYang 97 Baoli 147 Yangliang 197 HeBi

48 NanNing 98 AnYang 148 YiYang 198 QiTaiHe
49 YuXi 99 GuiZhou 149 JiaMuSi 199 LuoHe

50 ZhanJiang 100 MaAnShan 150 FuYang 200 ZhaoTong
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Appendix B Computing Codes

By R language

------ In Table 5.3 Pareto Share example

x_0.189
y_qgamma(.2,1+x)

pgamma(y,x)

------ In Table 5.3 Gini index
r 0.2

obl qgamma(0,r)

ob2 ggamma(0.5,r)

ob3 qgamma(l,r)
1-2*(1/6*pgamma(ob1,r+1)+4/6*pgamma(ob2,r+1)+1/6*pgamma(ob3,r+1))

------ In Figure 5.2 3C CDI/BDI scattergram example

rates.dat<-read.table("a:rates.txt" ,header=T)
rates.mat<-as.matrix(rates.dat)

win.graph( )

par(pty="s")
plot(rates.mat,xlab="CDI",ylab="BDI")
title("HP")

------ In Figure 5.3 contour plot example

win.graph( )
contour(rates.mat[,1],rates.mat[,2],rates.mat[,3],xlab="CDI",ylab="BDI")

By SAS

------ In Table 5.6 NBD regression example

PROC GENMOD DATA = cdata;

MODEL CI=CD BD /DIST=NEGBIN LINK=LOG;
RUN;

PROC GENMOD DATA = cdata;

MODEL CI=/DIST=NEGBIN LINK=LOG;

RUN;
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