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Abstract

In this paper, | illustrate the additional information that can be provided in estimating the
lower bound (Sutton 1991, 1998) by using quantile regression. Quantile regression allows us
to investigate the influence of outliers. Previous lower bound estimates have been performed
using the simplex method. In this paper, the lower bound estimates are obtained using both
methods for sectors belonging to a“control group” and sectors belonging to an “experimental
group” for Italian manufacturing sectorsin 1995. The data employed are drawn from the
ISTAT (National Institute of Statistics, Italy) dataset. The results suggest that Sutton’s
predictions are robust.
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1 Introduction

One of the most important theoretical predictions of Sutton’s analysis (Sutton,
1991, 1998), is that there exists a lower bound to concentration, as market size
goes to infinity, for sectors with high level of investments in R&D and adver-
tising (endogenous sunk costs sectors), referred to as the ‘experimental group’
in what follows, while for sectors characterized by low investments in R&D and
advertising (exogenous sunk costs sectors), i.e. the control group, the concen-
tration level approaches zero as market size goes to infinity. This theoretical
finding is developed inside the game theory framework, with a multistage game.
In the first stages, according to the viability condition, firms decide to enter
on the basis of irreversible investments they can sustain (the level of outlays in
R&D and advertising, the number of products to introduce for each firm), on
the basis of the viability condition, in the final stage some form of competition
occurs.! The final stage allows us to define the profit function for each firm and
to draw inferences about the market structure configuration. The lower bound
approach allows us to recover the regularities tradition of the S-C-P paradigm,
to introduce a two-way relationship between concentration and profitability, and
to go beyond the standard paradigm which identified a single equilibrium and
to deal with multiple equilibria?. The bigger theoretical importance of the
lower bound approach is to fuse different important contributions: the S-C-
P paradigm and the game theoretical framework, to set the basis for a new
industrial organization.

One method employed in the previous literature following Smith (1985,1994)
and used by Sutton (1991) and Robinson and Chiang (1996)3, is a two-step
procedure where the error distribution is a two or three parameters Weibull:
the first step employs the simplex method to estimate the model parameters
and the second step employs the pseudo maximum likelihood?* to estimate the
Weibull parameters. One interesting alternative approach, which has not as
yet been used in this literature, is quantile regression. This method has two
advantages; first, it is relatively straightfoward to implement, and second, it
avoids the extreme sensitivity to outliers which arises in the simplex method.

By observing the scatter plots of both groups (see Figure 1), one can easily
identify the presence of a couple of apparent outliers in the experimental group
which could influence the lower bound estimations. For this reason the paper

I The viability condition tells us that firms decide to enter a market if and only if the profit
level is higher or equal to zero. As regards the viability condition see chapter three Sutton,
1998.

2 As regards the standard paradigm see chapter one, Sutton 2000. The bound’s approach
defines a set of possible equilibria, where the viability and stability conditions hold.

31t is important to remark that Davies and Lyons (1996) also did the lower bound estima-
tion for all European manufacturing sectors for different types of sectors,( for more details,
see footnote 8). In this paper, the cut-off level, to discriminate low and high investments,
was fixed at 1% of R&D /sales and Advertising/sales. However the goal of this estimation is
also to investigate the level of integration in the European Union.

1Smith (1985) has studied asymptotic properties for a class of non regular models in which
the range of distribution depends on unknown parameters. In this paper the Weibull’s pa-
rameters, @ and s are unknown.



is organized as follows: first, we estimate the lower bound with the simplex
method by considering all the observations in both groups, second we use the
quantile regression to detect “apparent outliers”, third we try to run the lower
bound estimation, without detected outliers, with the simplex method.

I believe that the quantile regression method could help us to obtain better
estimates of the lower bound, as it allows us to investigate the impact of outliers
in the estimation.

The analysis is performed on Italian manufacturing sectors in 1995 by em-
ploying one ISTAT (Italian National Institute of Statistics) dataset.” The data
are collected by the SCI’95 survey, one ISTAT survey on budget data for firms
with more than twenty employees; the industry’s level classification is a high
level: five digits, ATECO ’91.5 The ATECO’91 classification is easily compara-
ble to SIC classification, employed in United States.

5The elaborations on raw SCI data and the Concentration ratio index have been completed
inside the ISTAT, SSI Department (Firms Structural Statistics) with the financial support of
an ISTAT scholarship in the period 1998/1999.

6The ATECO’91 is the classification used by Italian National Institute of Statistics. One of
the advantages of this classification is that it is very similar to the NACE.Rev classification,
employed by Eurostat. Therefore the ATECO’91 classification allows us to do easy and
objective comparisons with classifications employed in other countries.
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Figure 1: Scatter diagrams of the 4-firm concentration ratio versus a measure
of market size for the control group (upper panel) and the experimental group
(lower panel).

2 Sutton’s Bound Approach in Italian manufac-
turing sectors

Sutton’s model is estimated for two groups of sectors in Italy: the control group,
with low R&D and advertising expenses and the experimental group, with high
R&D and advertising expenses. I want to show that, as the market size grows,
the concentration is higher for the experimental group than for the control
group. As market size increases, firms belonging to the experimental group
increase their expenses in R&D and advertising in order to capture a larger
market share. The presence of higher profit opportunities induces an “escalation
process” (Sutton, 1998), which prevents the concentration level from falling too



much and, in particular, from approaching zero. This doesn’t happen for the
sectors in the control group.

The first step is to identify sectors belonging to the two groups. The indicator
employed to discriminate between the two groups is: RA= (R&D + Advertising)
/sales. This indicator has been calculated by summing up the expenditure on
R&D and advertising of all the firms in each industry and by dividing the sum
for the total sales of all the firms in the industry.

The cut-off to define the control group is equal to 1% and the cut-off to
define the experimental group is equal to 4%: that is if RA < 1%, then the
sector belongs to control group and if RA > 4%, then the sector is included
in the experimental group. Two different cut-off points have been fixed to
avoid problems posed by measurement errors in RA”, so that all the sectors in
the intermediate range are eliminated from the analysis. This process yields
a control group, which includes 124 sectors, and an experimental group which
includes 38 sectors®.

The model estimated is the Sutton model (1991,1998):

CR4 1
lOg(—l—CR4)_a+b—log(S/(r) +e 1)

where CR4 is the concentration ratio for the first four biggest firms in each
market (sector)?, log(+584)!is a logit transformation of CR4, and S is the
market size, measured by summing up the sales of all the firms in each sector.
The measure of market size is normalized by dividing by o, where o is a measure
of setup costs, that is the “minimal level of sunk costs that must be incurred by
each entrant to the industry prior to commencing production”!! and, finally, ¢
is the error term.

As to “market definition”, the five digits ATECQO’91 classification has been

adopted!?. For setup costs, I have followed Sutton by setting: o = pkK, where

TPrevious work on lower bound estimation includes: Davies and Lyons (1996) for Europe,
Robinson and Chiang(1996) for North America, Giorgetti (1999) for Italy. All these papers
employ a single cut-off point equal to 1% for two different indicators:

a) IA= Advertising expenses/sales.

b) IRD=R&D expenses/sales.

If TA and IRD < 1% the specific sector belonged to Typel, if IA >1% and IRD <1% the
sector belonged to Type2A, if IA < 1% and IRD >1% then that sector is included in Type2R
and finally if both TA and IRD >1%, the sector is included in Type2AR.

8The initial total number of sectors is equal to 361 five-digits sectors. It is important
to be precise, once the five digits segmentation level was not present, we choose the level
immediately less segmented, i.e. four digits and, if not present, three digits.

9The concentration ratio is the sum of the market shares owned by the first four firms in
each sector, ranked on the basis of sales. The previous works on lower bound estimations
employ the CR4 (Sutton 1991), the CR3 (Robinson and Chiang, 1996) and the Herfindahl
index, (Davies and Lyons, 1996 and Giorgetti, 1999). The Herfindahl index is obtained by
summing up the squared market shares of all the firms in each sector.

10Because of the logit transformation, CR4’s maximum value is equal to 0.99.

L1 (Sutton, 1991, page 94).

12 «In principle, one could try to split an industry into smaller and smaller subindustries,
until a break in the chain of substitutes is found.” Luigi Buzzacchi and Tommaso (1999).



K is the total fixed capital in each sector and u is the ratio of median firm sales
to total sales of the sector.

3 Model estimation

The model is estimated using two different approaches: a two step method
(simplex and pseudo-maximum likelihood) and the quantile regression.

In the following sub-sections, the estimations obtained with both the simplex
and the quantile regression approaches, are presented.

We first run the estimations by including all the observations.

The scatter plots (See Figure 1) seem to suggest the presence of a “couple
of apparent outliers”. When running the quantile regression the presence of
these outliers is confirmed. I then run the simplex method excluding outliers
identified through the quantile regression.
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Figure 2:Lower bound estimation



3.1 The simplex approach

The first method follows the procedure employed by Sutton (1991) and Robinson
and Chiang (1996); it is a two step procedure based on the papers by Smith
(1985, 1994). The first step involves the use of the simplex method in order
to estimate parameters a and b, and the second step estimates the Weibull
parameters « and s. By solving the following linear programming problem, I
obtain the parameters a and b parameters in equation (1):

b
mmabz llog CR4 ) (a—{— @)] (2)

s.t.
CR4;

—_— >
oy = omy =

L b
log%f

I assume that e is distributed as a two parameters Weibull (¢ «~Weibull
(e, 8)) and the likelihood is II | f (&4, o, 8).

By substituting the value of estimated errors obtained at the first step it can
be shown that the maximum pseudo-likelihood!? is

CR4; A
7, f(2, 0 8) = I0, f (llogm - (a +5 10g1§L>] ,04,5> (3)

The log pseudo maximum likelihood, knowing the Weibull density function,

can be written as: o
a /\(a 1) 2
E log |— exp —?’ 4)

Maximizing this formula with respect to o and s, one can find the estimators
for the two parameters a and s. The procedure studied by Smith focusses in
particular on the non regularity of the maximum likelihood inference when o
<2. In this case, the Fisher information for a,b (corresponding to 3, in Smith’s
paper) could show differences compared to the regular case: “for 1 < a <2 a
local maximum of the likelihood funci/:\ion exists but it does not have the usual

asymptotic properties, the estimator 3 being consistent at rate O(n'/®) when
a < 2 and O(n'/?logn) when o = 27 14

The results obtained with this procedure are presented in Table 11°.

The estimation of CR4 as market size goes to infinity is obtained from the
parameter a. From equation 1, it is evident that (log%) = a as S goes to

13Smith (1985) calls this procedure pseudo maximum likelihood, only the residuals strictly
greater than zero are included.

148mith 1994, pag.471.

15The estimations in this paragraph have been obtained using the Gauss software.



infinity. It is therefore possible to find out the asymptotic value of CR4 by
calculating the antilog of a. This calculation is performed for both procedures.

The estimates for a supply values lower than 2, thus justifying the adoption
of Smith’s procedure. As market size goes to infinity, the estimates indicate a
concentration level of 2.8% for the control group, and a concentration level of
5.0%, for the experimental group.

The results about a confirm Sutton’s predictions about the lower bound,
though the difference between the groups is not very large.

The lack of a big difference between the groups may depend on the presence
of a “couple of apparent outliers” in the experimental group (see Figure 1,
lower panel) as they could influence and underestimate the asymptotic value of
concentration ratio. This motivates the use of quantile regression in the next
section.

The standard errors of o and s are obtained using White’s correction, in
order to deal with the presence of heteroscedasticity'®, while the two-tailed
(95%) confidence intervals for a and b are calculated by employing the tabulated
values from the paper by Smith (1994, page 178).

As regards the parameter b'7, previous works in this literature predict a
higher slope for the control group than for the experimental group. This is
because in the experimental group, as market size increases, firms are pushed
to increase their level of expenses in R&D and advertising; as a consequence
the concentration level doesn’t decrease as quickly as in the control group.
“Thus, the existence of a shallower slope in Type 2 industries (i.e. experimental
group) would constitute evidence that these expenditures are active competitive
weapons subject to escalation, and not a simple fixed cost of competing”'®. On
the other hand, in the control group, the concentration level declines very fast
because, as market size increases, firms don’t have an incentive to outspend
rivals and sustain only the minimal level of sunk cost in order to enter the
market.

Table 1, Estimates from simplex approach

control group a b « s
estimations -3.56 | 12.26 | 1.35 | 3.17
3.57) | @227 | 0.03) | 0.17)

experimental group a b «@ s
estimations -2.94 | 13.23 | 1.42 | 3.20
(-2.96) | (13.03) | (0.05) | (0.03)

figures in parentheses indicate (one-sided) CI for a and b and s.e for «, s

3.2 Quantile regression

The other approach to estimate the lower bound is quantile regression. The
interest in this method has grown because of its robustness. The quantile re-
gression is a general case of the minimum absolute deviations method which

16See Greene, W.H. 2000, page 463.
17The theory’s predictions are relative to the a parameter.
18 Davies and Lyons (1996), page 97.



appeared in the literature before the least square estimation but which, because
of difficulties in calculations, had been set aside for a long time. “Many illustri-
ous figures (Gauss, Laplace and Legendre, to name only three) suggested that
the minimization of absolute deviations might be preferable to least squares
when some sample observations are of dubious reliability”.!® The outliers in-
fluence in lower bound estimation could lead to mistaken conclusions about the
theory. Their presence in the experimental group could, in fact, shift down the
lower bound by reducing the difference in the concentration ratio between the
two groups, as market size goes to infinity. This is a good reason to investigate
alternative and more robust methods. The most important works in this field
are those by Koenker R. and Bassett JR. (1978, 1982). The central idea in
quantile regression is to minimize the absolute residuals sum by giving differ-
ent weight according to the quantile investigated. The quantile regression is,
therefore, solved by turning the LAD, the least absolute deviation, into a linear
programming problem. The 0th regression quantile, 0 < 6 < 1, is defined as
any solution to the minimization problem:

minger ST Olge—wbl+ D (1—6) [y — b (5)

te{t:y, >zb} te{t:y; <z:b}

where |y; — x:b| are the absolute residuals, y¢,{y: : t = 1,..T} is a random sample
on a random variable Y having distribution function F, and € is the chosen
quantile.

If one is interested in analyzing the median, 8 will take the value 0.5 and the
weight for negative and positive residuals will be the same. If one is interested
in finding out what happens in the first percentile of distribution, § will be
equal to 0.01 and the higher weight will be assigned to negative residuals, i.e.
the observations lying under the fitted quantile line. If one tries to employ the
quantile regression to estimate the lower bound, surely one should be interested
in the first percentiles or the first decile of the distribution. In fact in order to
find robust estimates of the parameters a and b, in this case, the fifth percentile
and the first decile of the distribution will be investigated.

The previous general formula in this specific case becomes:

CR4; b
Minber Z 0 |log 1——C’R42 ~(at log ;qk)
ie{i:log IS§§4t2a+ IO;E } Z
CR4; b
Y o) | ©

ie{ i:log %t <a+

b
log g

19Koenker R and Bassett J.(1978)




Equation 6 clarifies that higher weight (because 6 is equal to 0.05 or to 0.10)
is on the observations lying under the fitted quantile line (the outliers); this
means that, with the quantile regression, one minimizes the absolute residuals
by taking into greater account the higher influence of the outliers.

The confidence intervals of the parameters are obtained with the boostrap
method by randomly resampling the data.

Table 2 presents the quantile regression results for the lower bound?’: the
concentration ratio, as market size goes to infinity, is around 5% in the control
group and around 11% in the experimental group?, i.e. relative to the results
reported in the previous section, the lower bound for the experimental group
is higher, and the distance between the two groups is greater. The estimates
obtained with the fifth or tenth percentiles are very similar, suggesting a robust
fit for the lower bound. The fifth and tenth percentiles identify the “apparent
outliers”??.

The most striking feature of Table 2 is all the estimates?® obtained with the
quantile regression have very large confidence intervals, so that it is difficult to
discriminate among results. The statistical advantage of quantile regression is
insensitivity to outliers, the disadvantage is the lack of power relative to the
maximum likelihood (i.e. simplex method).

20Tt is important to say that in order to have objective comparisons the quantile regres-
sion has also been run for the control group. The fifth percentile and first decile individuate
6 and 12 observations respectively, by shifting up the lower bound even if the observations
detected by the quantile regression, in this group, do not constitute outliers, as well-known
by the theory. The monotonic inverse relationship between concentration and market size,
where concentration approaches zero as market size increases, is well-known in the Industrial
Organization literature. The new important contribution of Sutton is to show how, for en-
dogenous sunk cost sectors, the asymptotic concentration level reaches a high value, and this
is the reason why the emphasis is put on the outliers in the experimental group and not in
the control group.

21Tt is important to say that in order to have objective comparisons the quantile regres-
sion has also been run for the control group. The fifth percentile and first decile individuate
6 and 12 observations respectively, by shifting up the lower bound even if the observations
detected by the quantile regression, in this group, do not counstitute outliers, as well-known
by the theory. The monotonic inverse relationship between concentration and market size,
where concentration approaches zero as market size increases, is well-known in the Industrial
Organization literature. The new important contribution of Sutton is to show how, for en-
dogenous sunk cost sectors, the asymptotic concentration level reaches a high value, and this
is the reason why the emphasis is put on the outliers in the experimental group and not in
the control group.

22 As regards the parameter b, the estimations with the quantile regression do not confirm
the results observed in other works ( Chiang and Robinson, Davies et al.).

23 Estimations in this paragraph was carried out using STATA.



Table 2, Estimates using Quantile Regression

control group a b Asymptotic CR4
quantile 5% -2.96 11.35 4.9%
Confidence Interval 95% | (-3.62;-2.30) | (7.61;15.08)
quantile 10% -2.90 11.35 5.2%
Confidence Interval 95% | (-3.22;-2.58) | (9.42;13.28)
experimental group a b Asymptotic CR4
quantile 5% -2.11 11.86 10.8%
Confidence Interval 95% | (-3.25;-0.98) | (5.94;17.7)
quantile 10% -2.08 11.81 11.1%
Confidence Interval 95% | (-3.96;-0.21) | (1.23;22.4)

figures in parenthesis indicate CI for a and b

3.3 The sensitivity of the simplex method

In the light of the apparent identification of two ’outliers’ under the quantile
regression, it is of interest to examine what would happen under the simplex
method if these two points were eliminated?*. A re-estimation with these points
deleted indicates that the lower bound for the experimental group now rises to
10.8%, which corresponds closely to the estimate obtained under quantile regres-
sion (11%). Table 3 shows all the estimates obtained with both procedures, for
the simplex method with and without outliers (for the experimental group), in
order to allow easy comparisons. The confidence intervals, for the simplex pro-
cedure, have been calculated following the table in the paper by Smith (1994)25:
they are now very small and allow us to be more confident about the parameters

estimations
Table 3 all the model estimates
The control group a parameter | b parameter | As.CR4%
- —3.56 12.26
simplex (—3.57) (12.27) 2.8
- —2.96 11.35
quantile 5% (—3.62:—2.30) (7.61:15.08) 4.9
- —2.90 11.35
quantile 10% (—3.22:—2.58) (9.42:13.28) 5.2
The experimental group | a parameter | b parameter | As.CR4%
simplex without outliers % —(111:;;)) 10.8
simplex with outliers (:gzgé) &‘3‘:33) 5.0
— —2.11 11.86
quant.lle 5% (52 —095) G9L17.T) 10.8
quantile 10% =3.96.—021) (1.23:22.4) 11.1

Figures in parentheses indicate CI (one-sided) for simplex and for quantile

regression

24The estimation for the experimental group without outliers were performed with Gauss,
by employing the simplex and the pseudo-maximum likelihood.
251n the experimental group without outliers the estimates for the two Weibull parameters

are:
a =156 std.error= (.05,
s = 3.43 std.error=0.03.
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4 Conclusion

The analysis suggests that quantile regression is a robust method to detect the
outliers.

In the analysis of the experimental group with 38 observations, the fifth
and tenth of percentiles identify the couple of our initial “apparent outliers”, in
the light of the apparent identification of two outliers it has been of interest to
examine what would happen under the simplex without these two points.

The estimates obtained with the simplex method excluding identified out-
liers confirm all Sutton’s predictions: the distance of the asymptotic concentra-
tion ratio between the two groups is remarkably increased (the value is around
8%),the experimental group shows a higher asymptotic concentration level and
a shallower slope of the lower bound.

The parameter b* now has a lower value in the experimental group com-
pared to the control group. It supplies information about the lower bound slope
and tells us that, for sectors included in the control group, the lower bound
reaches a low concentration ratio very quickly while for sectors belonging to the
experimental group, a low level of concentration is reached more slowly?”.

The comparisons of my lower bound estimation with the results obtained in
North America and Europe must be interpreted with caution since the lower
bound varies with the level of aggregation (Sutton 1998), and this varies some-
what between these studies?®.

In the present dataset, the effect of presence of two ’apparent outliers’ is to
induce a substantial shift in the asymptotic lower bound to concentration.

26 Ag already mentioned, the theory supplies predictions only about the a parameter, in this
paper the estimates for the b parameter are presented to allow comparisons with other works
in this literature

27This depends on the fact, that in sectors with exogenous sunk costs a minimal amount of
expenditures in R&D and advertising is required to enter the market and after that, firms do
not sustain anymore outlays as the market size increases. On the other hand, in endogenous
sunk cost sectors where the advertising and R&D outlays are strategic weapons, the increase
in market size induces firms to spend further and that leads to a shallow slope for the bound
to concentration.

281f I compare my results with the bound estimation in North America, it is possible to see
that the asymptotic CR4 for the experimental group is around 11% for Italy while the result
obtained by Robinson and Chiang(1996) in North America, for sectors with high investments
in R&D and advertising and with the linear model, is equal to 15.2%. The American value
is higher if one also considers that they calculated the CR3 while I have calculated the CR4.
However for Italy, the level of concentration, found for experimental group, is very high
in comparison to the average level of CR5 for Italian manufacturing sectors calculated by
ISTAT in 1996, on the basis of ASIA (The Dynamic Register of the Active Firms), which is
around 3%-4%. As a consequence a level of 10% is a very remarkable level as regards Italy
and this suggests that Sutton’s predictions are robust. Also the asymptotic concentration
levels around 3%, found in exogenous sunk costs sectors are very similar for Italy and North
America: the lower bound approaches zero as market size increases. As regards to the results
obtained by Davies and Lyons (1996) for Europe, the comparison is not so immediate because
they have employed the Herfindahl index for different types of industries, and they calculate
the Equivalent Number as asymptotic concentration level. As regards the control group the
equivalent number is equal to 5000, while for the experimental group it is 32.
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