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1 - Introduction

Andyds of the sze-growth reaionship is a commonly used agpproach to the study of the
evolution of market dructure. In fact, the firm sze didribution (FSD) has recelved consderable
attention - since the semind works of Herbert Smon and his co-authors between the late 1950s and
the 1970s (cf. Simon and Bonini, 1958; and ljiri and Simon, 1964, 1977) - in mog theoretica and
empiricd sudies deding with the overdl process of industry dynamics. The empirica evidence
showed a FSD highly skewed to the right, meaning that the sze didribution of firms is lognormd,
both at the industry level and in the overdl economy. This piece of evidence is coherent with the
so-cdled Law of Proportionate Effect (or Gibrat's (1931) Law): as Smon and Bonini (1958) point
out, if one “...incorporates the law of proportionate effect in the trangtion matrix of a stochagtic
process, [...] then the resulting steady-dtate didtribution of the process will be a highly skewed
digtribution”.

Recent evidence based on more complete data sets, suggests that Gibrat's Law is not
confirmed, ether for new-born or established firms (for a survey, cf. Geroski, 1995; Lotti et al.,
1999), dnce smdler firms grow more than proportionaly with respect to larger ones. This finding
should be consstent with a departure of the FSD from the lognormal distribution.

In this paper - usng quarterly data for 12 cohorts of new manufacturing firms - we account
for the evolution of the FSD over time in the case of young firms. Moreover, we try to assess the
empirical implications of different models of industry dynamics. The work is organized as follows.
Section 2 contains a review of the empirical evidence about Gibrat's Law and the FSD, as well as
an overview of some recent models of industry dynamics. Section 3 describes the data and the
methodology used, wheress Section 4 summarizes the man empiricd findings. Findly, Section 5
contains some concluding remarks.

2 - Theory or Stylized Facts?

Gibrat’'s Law, applied to the analyss of market structure, represents the first attempt to
explan in gochaedic terms the sysematicaly skewed pattern of the sze didribution of firms within
an industry (Sutton, 1997). In effect, the Law cannot be regected if a) firm growth follows a random
process and is independent from initid Sze, and b) the resulting digributions of firms gze are
lognormal®. Although, from a theoreticd viewpoint, labedled as “unredistic’ since Kaecki’s (1945)
sudy on the dze digribution of factories in US manufacturing, this result was initidly condgtent
with some empirical sudies dedling with incumbent, large firms (Hat and Pras, 1956; Smon and
Bonini, 1958; Hymer and Pashigian, 1962). In recent years, most studies have instead shown that
these exhibit a different behavior, identifying an overdl negative rdationship between initid Sze
and post-entry rate of growth (cf., among others, Mata, 1994; Hart and Oulton, 1999). However,
Lotti et al. (2001. (&) e (b)) found that, in the case of new-born firms, the growth rates are

1 Of course, a FSD skewed to the right implies only that Gibrat’s Law cannot be rejected. However, one cannot a priori
exclude that the skewness is the result of turbulence, namely of the presence of new-born small firm in the right tail of
the distribution.



negatively corrdated with ther initid dze only during ther infancy: Gibra's Law fals to hold in
the years immediady following sart-up, when smaler firms have to rush in order to reach a Sze
large enough to enhance ther likelihood of survivd; but in the subsequent years, the patterns of
growth of entrants do not differ sgnificantly from the landscape of the industry asawhole.

One posshle way to explain this phenomenon of sdf-sdection, is to consder the firms
learning and evolution processes put forward by Jovanovic (1982), Ericson and Pakes (1995), and
Audretsch (1995). By following such perspectives, entrants are uncertain about their relaive leve
of effidency, and only once into the market they learn about their posshbilities of survivd and
growth. The main advantage of these models is that they dlow for a) heterogeneity among firms, b)
idiosyncratic sources of uncertainty and discrete possible events, €) entry and exit.

Boyan Jovanovic's modd of passive learning hypothesizes that firms are initidly endowed
with uncertain, time-invariant characteridtics (i.e. efficiency parameters), of which the firm does not
know the digtribution. But, once into the market, the firm learns passively about the true efficiency
parameter. As a consequence, in every period the firm has to decide its Strategy: whether to exit,
continue with the same Sze, grow in Sze, or reduce its productive capecity. One of the
consequences of this model is that, due to a particular kind of sdlection process, the most efficient
firms survive and grow, while the others are bound to shrink or to exit from the market.

Like in the passive learning modd, Richard Ericson and Arid Pakess modd of active
learning (1995) assumes that al the decisons taken by the firms are meant to maximize the
expected discounted vaue of the future net cash, conditiona on the current information set. Unlike
in Jovanovic's modd, a firm knows its own characteristics and its competitors ones, dong with the
future digribution of industry dructure, conditiond on the current dructure. Accordingly, this
model can be usefully employed in explanation of ‘entry mistekes (as defined by Cabrd, 1997),
namdy the fact that in every period and every industry more firms enter than the market can
sudan. Within an active learning perspective, such mistakes occur due to lags in observation of
rivas entry decison or just because entry investments take time (Cabra, 1997). In a subsequent
work, Pakes and Ericson (1998), usng two cohorts of firms from Wisconsn, belonging to the retall
and the manufacturing indudtries, found that the dructure of the former indudtry is compatible with
the passve learning mode, while that of the latter with their modd of active exploration (learning).
The retall cohort, after eight years seems to have reached the sze distribution of the industry as a
whole, while the manufacturing one, even if showing higher growth rates after that period is 4ill
far from the limit distribution.

David Audretsch (1995) expanded the passive learning approach put forward by Jovanovic
(1982) into an evolutionary perspective, dlowing for inter-industry differences in the likelihood of
aurvivd of newborn firms. Accordingly, industry-specific characteristics, such as scale economies
and the endowment of innovative cgpabilities, exet a dgnificant impact on entry, exit, and the
likdihood of survivd of newborn firms. For example, in indusries characterized by higher
minimum efficdent scde (MES) leves of output, smdler firms face higher cods that are likdy to
push them out of the market within a short period after sart-up. Thus, only the mogt efficient
among newborn firms will survive and grow, whereas the other are pushed out of the market (cf.
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Audretsch et al., 1999). In this case, the presence of more potentid entrants than firms with a
ggnificant likdihood to survive in the long run can bring about a shakeout (cf. Klepper and Miller,
1995). In turn, a shakeout occurring & a certain point in the industry’s history is likey to affect the
long-run sSze digribution of firms within the same industry, depending on “how the opportunities
vacaed by exited firms ae redlocated among surviving firms' (Sutton, 1998, p. 260; cf. aso
Klepper and Graddy, 1990). Conversdy, in industries with a lower MES levd of output the
likelihood of survivd will be independent of the firms &hility to grow (cf. Amad et al., 1977,
Brock, 1999).

With this theoreticd and empiricd background in mind, we look a the evolution of 12
cohorts of newborn firms in sdected indudries, in order to andyze the process of convergence of
the firm dze didribution, in terms of number of employees, with respect to the overdl industry
landscgpe. The am of this andyss is to show i) whether the findings by Herbert Smon and his co-
authors concerning the Skewness to the right of the FSD are confirmed aso in the case of newborn,
gnd| firms and ii) whether the FSD resulting from application of the Kernd dendty edtimator is
conggtent with modds of industry dynamics - such as those surveyed above - which identify in the
learning processes occurring at the firm leve, and in the level of sunk cods that characterizes esch
industry, some possible theoretica explanations for these facts.

3 - Data and Methodology

We use a data st from the Itdlian Nationa Indtitute for Socid Security (INPS), dedling with
12 cohorts of new manufacturing firms (with at least one paid employee) born in each month of
1987, and their follow up until December 1992.

Snce dl private Itdian firms are compelled to pay nationa security contributions for their
employees to INPS, the regidration of a new firm as “active’ dgnas an entry into the market, while
the cancdlaion of a firm denotes an exit (this happens when a firm findly stops paying nationd
security contributions). For administrative reasons - delays in payment, for insance, or uncertainty
about the current status of the firm - some firms are classified as “suspended’. In the present work
we condder these sugpended firms as exiting from the market a the moment of their trandtion from
the datus of “active’ to that of “suspended”’, while firms which have stopped their activity only
temporarily were included again in the sample once they turned back active. We carry out dso an
accurate cleaning procedure, amed a identifying internal inconsstencies and entry or exit due to
firm trandfers and acquidtions. As regards acquidtions, these are denoted as “extraordinary
vaiations’ in the INPS database, and firms involved in such activities can therefore be easly
identified and cancelled from the database itsdf. A correct identification of firms disgppeared via
acquistions permitted to avoid acquiring firms to be drawn disproportionately from the low end of
the sze digribution. As pointed out by Sutton (1998; cf. dso Hat and Prais, 1956; Hymer and
Pashigian, 1962) this would have caused a violaion in the proposed bound and dtered the
sgnificance of the overdl andyss.

We focus our andyss on four indudries - Electricd & Electronic Engineering, Instruments,
Food, and Footwear & Clothing - manly for two man reasons the firsg one concerns ther very
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different market dructure in terms of cost of entry (sunk costs), and the second the fact that the
|atter two industries are less technologically progressive than the former two ones?.

To examine the effect of firms age on the didribution of their szes, we study each cohort at
each quarter after start-up, and this for ther fird Sx years in the market. In Tables 1A-1D and in
Table 2 some descriptive datistics are reported. In generd, dl industries experience a shakeout
period during which the number of survivors, amnong new entrants, declines by 40 per cent or more.
From Tables 1A, B, C, and D it turns out that, on average, the surviva rate at the end of the period
(i.e, dter 21 quarters) is much higher within the cohorts belonging to the Electricd & Electronic
Engineering ad the Insruments indudries, than it is the case with the Food and the Footwear &
Clothing indudries. Thus, condgently with Audretsch's (1995) hypothess, indudry  specific
characteridtics, such as the commitment to innovative activities, seem to set in motion a pre-entry
sdection mechanism that sdects only those dart-ups that find in ther endowment of innovative
capabilities a possible competitive advantage.

Looking a Table 2 Figure 1, one immediately observes that - with the sole exception of the
Food industry - the standard deviation of firm sizes is much higher & the end of the relevant period
than in the fird quarter. Digpersgon of firm gzes tends therefore to widen as surviving firms reach
the MES level of output and specidize in one of e many clugters of products which - according to
John Sutton's (1998, pp. 597-605) "independent submarkets' hypothess - characterize each
indugry. In turn, firm Sze incresses dong with its age for the Electricd & Electronic Enginesring
and the Instruments indudtries, but only for the first 13 and 12 quarters respectively, corresponding
with a period comprised approximately between December 1989 and January 19913, Afterwards, a
decline in average firm Sze emerges which is condgent with views of recessons (the period
between 1991 and 1993 has been characterized in Itdy by a ggnificant dowdown in the GDP
growth rates) as times of “cleansng” (cf. Boeri and Bdlmann, 1995). In fact, the sectord data
reported in Table 3 show for both industries a significant decrease in the growth rates of vaue
added since 1989, with a trough in 1993. This pro-cydicd pattern of the average firm dze is even
more marked in the Footwear & Clothing industry, in which the average Sze darts to decline after
the eight quarter in the market (as early as 1989, that is the initia year of the recesson). The data on
the Footwear & Clothing industry show a subgantid dtability of the average firm Sze over time
This result is to some extent condstent with the dynamics of vaue added in the same indudtry:
Table 3 points out aternate pesks and troughs in the Footwear & Clothing industry growth rates
that are unlikely to affect firm gze, since this needs time to adjut its paiterns to variations in vaue
added.

2 And this would allow to draw some conclusions on whether the FSD is or is not sensitive to technological factors.
% In effect, since the 12 cohorts include firms born in each month of 1987, each column in Table 2 deals with all firms
and all cohorts.



Table 1A - Number of firmsactive at the end of each quarter — Electrical & Electronic Engineering

QL Q2 Q3 Q4 Q5 06 Q7 Q8 Q9 Q10 Q11 Q12 QI3 Ql4 Q15 Q16 Q17 Q18 Q19 Q20 Q21
Cohort 1 28 125 121 120 117 113 112 109 108 107 106 105 104 103 102 102 97 95 93 92 0
Cohort 2 64 61 59 56 53 51 52 51 50 50 50 50 49 47 44 43 40 3 36 37 33
Cohort 3 72 638 65 62 60 61 61 61 57 55 53 53 53 51 51 48 48 48 48 47 43
Cohort 4 49 46 47 47 a7 47 45 43 43 43 42 11 40 41 41 39 33 A 33 33 33
Cohort 5 59 53 53 52 53 50 50 47 46 48 46 a4 44 43 11 40 37 37 35 A A
Cohort 6 71 638 65 64 62 62 63 59 58 55 49 19 49 48 47 45 4 42 41 37 36
Cohort 7 11 11 1 1 39 33 33 37 37 36 A 30 30 29 28 27 27 27 25 24 23
Cohort 8 18 18 18 17 17 17 17 17 16 15 15 15 15 15 14 14 14 14 14 12 12
Cohort 9 72 67 63 63 64 62 60 58 58 57 57 57 55 56 52 52 53 52 50 50 49
Cohort 10 60 58 54 50 49 50 52 49 47 47 4 4 44 1 42 42 42 12 40 39 33
Cohort 11 57 53 55 53 53 51 51 51 50 48 46 46 43 42 40 11 39 3 39 39 39
Cohort 12 29 28 26 25 25 25 25 26 25 25 24 23 23 23 23 22 22 2 21 20 19
Total 720 686 667 650 639 627 626 608 5% 586 566 557 549 539 525 515 501 489 475 464 454
Table 1B - Number of firmsactive at the end of each quarter — Instruments

QL Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q0 Ql1 Q12 Q13 Q14 Q15 Qle Q17 Q18 Q19 Q20 Q21
Cohort 1 62 61 60 60 59 56 56 56 55 53 51 51 50 50 48 46 43 1 40 42 40
Cohort 2 38 37 35 36 35 35 A A A 3 32 29 28 27 27 27 26 24 24 25 25
Cohort 3 A 32 33 33 31 31 30 30 28 27 27 26 24 23 2 21 19 20 20 20 20
Cohort 4 26 26 25 24 23 23 20 19 19 18 18 17 17 17 17 16 17 17 17 17 17
Cohort 5 20 20 20 19 19 19 19 19 18 19 18 17 17 15 14 14 14 14 14 13 13
Cohort 6 33 33 32 31 28 28 28 27 27 25 24 23 21 21 21 21 21 21 21 17 19
Cohort 7 35 A 30 30 30 28 27 25 25 25 24 25 25 24 23 23 2 21 21 2 2
Cohort 8 11 11 10 10 10 10 10 10 10 10 10 10 10 10 10 10 8 7 7 7 6
Cohort 9 27 27 25 24 24 23 23 23 23 22 22 2 21 20 20 20 19 20 18 18 18
Cohort 10 32 30 28 26 26 27 25 24 23 24 2 21 21 20 19 18 18 18 18 17 17
Cohort 11 26 25 25 24 24 2 2 19 19 19 18 17 17 17 17 17 16 16 15 15 15
Cohort 12 18 18 17 16 15 14 14 14 14 14 14 13 13 12 11 1 11 1 1 11 10
Total 362 3H4 A0 33 324 316 308 300 2905 2890 280 271 264 256 249 244 234 230 226 24 22




Table 1C - Number of firmsactive at the end of each quarter — Food

QL Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q0 Ql1 Q12 Q13 Q14 Q15 Qle Q17 Q18 Q19 Q20 Q21
Cohort 1 93 83 83 83 78 76 73 72 70 70 63 67 65 63 61 59 58 56 57 55 54
Cohort 2 47 43 40 37 A A 33 33 29 28 28 27 24 24 24 24 2 23 23 21 21
Cohort 3 46 43 42 39 40 37 37 A A 33 30 27 26 27 25 21 21 23 23 19 19
Cohort 4 40 35 30 29 30 29 29 29 28 28 29 27 26 25 23 19 19 20 20 19 19
Cohort 5 1 33 3H5 3 A 35 A 32 29 28 27 27 25 24 23 2 22 21 21 21 19
Cohort 6 44 42 37 35 32 29 29 29 28 28 25 25 25 25 25 25 24 24 24 24 2
Cohort 7 46 35 35 # 33 35 33 33 35 30 30 27 25 24 24 23 2 21 2 2 21
Cohort 8 20 16 15 15 14 13 12 8 9 8 8 8 8 8 8 8 9 7 7 7 7
Cohort 9 30 27 22 19 20 19 18 17 18 19 17 18 16 17 15 15 14 15 14 13 13
Cohort 10 51 40 A 32 32 30 30 26 29 26 23 24 26 21 19 18 23 19 18 16 19
Cohort 11 110 65 53 47 72 49 42 40 67 40 32 31 40 33 31 30 57 33 30 28 43
Cohort 12 80 42 23 23 47 29 21 18 49 19 12 12 2 10 10 9 37 25 12 11 27
Total 684 514 454 426 471 415 391 371 45 3HB7 39 320 328 301 28 273 3B 292 271 256 284

Table 1D - Number of firmsactive at the end of each quarter — Footwear & Clothing

Q1 Q2 Q3 Q4 Q5 06 Q7 Q8 Q9 Q10 Q11 Q12 Q13 Q14 Q15 Q16 Q17 Q18 Q19 Q20 Q21
Cohort 1 164 159 158 156 145 143 136 132 129 126 121 120 113 112 110 110 103 100 98 95 93
Cohort 2 92 89 84 80 74 69 68 67 61 55 55 55 53 50 46 46 43 12 40 37 35
Cohort 3 85 79 76 73 71 65 62 60 59 56 51 50 48 45 45 1 40 40 33 38 37
Cohort 4 97 91 83 77 72 70 69 64 64 62 58 51 51 45 40 40 37 36 35 A A
Cohort 5 100 93 86 83 83 79 78 74 74 70 63 66 67 65 59 55 55 48 40 49 45
Cohort 6 89 87 81 77 74 72 72 70 69 64 63 59 58 53 51 50 49 45 44 43 411
Cohort 7 83 80 73 69 69 65 63 60 57 55 54 55 53 52 48 44 43 43 42 41 41
Cohort 8 36 28 24 26 25 23 2 23 22 21 19 18 17 16 15 13 13 13 13 12 12
Cohort 9 97 %5 87 % 78 I&) 70 68 67 63 65 63 60 59 57 56 55 55 52 51 49
Cohort 10 14 9 83 81 78 75 78 71 66 62 61 62 61 56 56 55 54 52 46 46 43
Cohort 11 9% 93 86 78 75 68 63 61 61 57 54 51 49 47 43 1 40 40 33 37 A
Cohort 12 51 46 43 11 39 35 A A 35 31 29 27 28 28 27 26 26 26 26 24 20
Total 1099 1039 969 925 833 839 85 784 764 72 698 677 658 628 597 577 558 540 52 506 484




Table 2— Average Size, Standard Deviation, and Number of Firma Activeat the end of each quarter, all industries.

Ql Q2 03 Q4 05 06 Q7 Q8 Q9 Q10 Q11 Q12 Q13 Q14 Q15 Ql6 Q17 Q18 Q19 Q20 Q21
Electrical & Electronic Eng.
Average Size 461 633 723 777 824 878 911 923 948 969 998 991 1051 1042 1053 10.34 981 984 973 967 966
Standard Deviation 9.01 10.89 1245 1324 1415 157 16.06 16.02 16.25 16.87 1756 1847 28.27 31.86 3153 31.06 2888 29.92 2852 30.23 29.03
Number of ActiveFirms 720 686 667 650 639 627 626 608 595 586 566 557 549 539 525 515 501 489 475 464 454
Instruments
AverageSize 337 466 6.02 731 79 82 863 914 936 937 943 972 959 791 801 815 805 797 807 968 985
Standard Deviation 7.77 11.03 1577 2097 2521 2598 27.29 29.02 29.39 29.83 29.67 3047 29.97 17.79 17.72 17.85 17.62 1747 1805 3659 37.3
Number of ActiveFirms 362 354 340 333 324 316 308 300 295 289 280 271 264 256 249 244 234 230 226 224 222
Food
Average Size 415 439 444 443 466 465 449 446 487 46 453 443 459 438 431 422 452 428 421 406 4.16
Standard Deviation 828 851 10.16 10.15 972 1004 94 94 974 963 1029 1045 1083 1065 11.04 11.18 11.77 11.33 1147 1143 1145
Number of ActiveFirms 684 514 454 426 471 415 391 371 425 357 329 320 328 301 288 273 328 292 271 256 284
Footwear & Clothing
AverageSize 631 867 936 976 978 981 976 988 981 964 939 928 916 914 891 876 868 843 808 774 7.17
Standard Deviation 10.26 13.95 14.85 16.03 16.29 1698 17.34 177 17.7 1802 17.84 1783 1781 1832 1557 1862 1887 1892 1859 1832 175
Number of ActiveFirms 1099 1039 969 925 883 839 815 784 764 722 698 677 658 628 597 577 558 540 522 506 484




Figure 1— Average Size and Standard Devation, by industry.
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Table 3— Growth rates (%) of Value added in constant (1995) prices

Industries 1986 1987 1988 1989 1990 1991 1992 1993 1994
Electrical & Electronic Engineer. -05 29 51 39 02 -13 02 -87 6,1
I nstruments 59 53 78 49 37 26 -12 -42 6,5
Food 70 23 58 24 59 33 74 17 0,0
Footwear & Clothing 02 24 47 11 26 18 04 -27 6,3

Source: ISTAT, National Statistical Office of Italy

In a recent paper by Machado and Mata (2000) the Box-Cox quantile regresson method is
used to edimate the didribution of firm szes and, accordingly, to andyze industry dynamics in
Portugd. This approach condsts in modeling each quantile as a function of a number of industry
characterigtics that are expected to affect firm Sze. Since our database does't provide any detals
about industry characteridtics, in the present study we use ingdead a non-parametric approach. The
basic idea is to look if, with the passng of time, the empirica didribution of firm Szes converges
towards a lognormd didribution, under the hypothesis that this represents the limit digtribution.
Since the am of this work was to look for empiricad regularities and stylized facts, we employed a
ample non-parametric technique of dendty edimation. The advantage of this methodology is tha
no specified functiona form of the dendty in exam is required. In this goproach the dengty is
esimated directly on the data and represents the most natura way to compare, dso graphicaly, the
empirical didribution to some a priori known didribution. To characterize the digtribution, we
used the Kernd dengity estimator (Pagan and Ullah, 1999), which can be summarized as follows.

Let f(x) be the unknown dendty to be estimated. In such a non-parametric approach, there is
no need to podtulate the true parametric distribution of f, while f(x) is directly estimated through the
data. As a consequence, the estimates will have a stepwise nature.

The genera formulation of aKernd dengty estimator is:

K& X0

1 6_ 14
il 9 Ky
A K== A Kiy)

1
nh 2

Qo

f(x)=

where the Kernd function K(¢) is defined in such away that:

(Xi - X)

h

OK W dy =1, ad y, =
-¥

with h denoting the window-width (or the smoothing parameter, or band-width) and n the
gze of the sample. There are severa ways to estimate non-parametricaly a distribution: we used
the Gaussian digtribution as Kernd function (asin Cabra and Mata, 1996).
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We used aso different kernd functions, such as the Epanechnikov kernd, but we found out
that the shape of the nonparametric estimate of the FSD was not sengtive to such choice.

More crucid is ingead the choice of the band-width parameter. Usudly some criterions are
folowed: minimizing the Integrated Squared Error or the Integrated Mean Squared Error, or some
cross-validation techniques. We used a band-width parameter, given by the formula

_ 0.9m

&/n

h

where n isthe number of observationsin the sample, and

.- i i X)0
m=min ¢ /_(_)Var x), interquartile range( )+
e 1.349 1]

Heurigicaly, according to Slverman (1986), this auttomatic band-width parameter performs
very wel in the case of unknown dendties tha are a mixtures of norma didributions, or heavily
skewed or bimodal.

Accordingly, for each quarter, and each indusry, we estimaed the didribution of the
logarithm of the firms sze, and checked if a tendency towards a normd distribution does emerge.
The results are shown in Tables A in the Appendix. Moreover, in order to test datidticaly the
conformity of the empiricd didribution to the normd, we compued some tests of normdity. First
of dl, we edtimated the Skewness and Kurtoss statistics, since they represent very good descriptive
and inferentia indexes for measuring normdity. The Skewness and the Kurtods indexes are the
third and the fourth stlandardized moments of the distribution.

In particular, the literature refers to the Skewness index as.

Jb =B

and to the Kurtosisindex as.

where mand s are, the mean and the sandard deviation of the distribution under exam. Since for a
norma didribution they are equad to 0 and 3 respectivdy, a naurd way to evduate the
nonnormality of adigtribution isto look at the difference of such moments from those values.

The Skewness index measures the degree of symmetry of a didribution: if JE >0 it's

skewed to the right, while JE <0 corresponds to skewness to the left. Looking a Table 4, one

can note that for three indudtries out of four (the only exception being the Footwear & Clothing
one) the FSD tends to become more symmetric over time, with different patterns of convergence.
But even after 21 quarters, the FSD in the Electricd & Electronic Engineering, the Insruments and
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the Food indudtries is gill skewed to the right, while in the Footwear & Clothing industry, starting
from a distribution skewed to the right, it turns out to be skewed to the lft.

The Kurtoss index represents a messure of the curvature: didributions with b, >3 show
thicker tals than the norma didribution and tend to exhibit higher pesks in the center of the
distribution, whereas didributions with b, <3 tend to have lighter tails and to have broader peaks

then the norma* For al industries (see Table 4), the Kurtosis index shows a convergence towards
the normd didribution, dthough in the case of the Electricd & Electronics and the Instruments
indudtries, at the end of the rdevant period, it appears to be more concentrated around the mean
than in that of the other two industries, for which it tends to be more spread.

Aimed & evduating the pattern of convergence to a normd distribution, we computed dso different
tests for normdity. Fird, we used a smple test based on the Skewness and Kurtoss indexes

(D'Agogtino et al. 1990), which dlow to test sttisticaly null hypothess H, :,/b, =0 and
H,:b, =3. The results are reported, in terms of significance, in the frst two lines of Table 4. In

the third line the results from Kolmogorov-Smirnov® test are reported: we used this test to compare
detidicaly the empirica digribution to the norma digribution.  Subsequently, two omnibus tests
were computed: the Shapiro-Wilk W test (Shapiro and Wilk, 1965) and the D’ Agostino-Pearson K?
(D’Agostino and Pearson, 1973). By omnibus, following D’Agostino et al. (1990) we mean a test
that is able to detect deviations from normdity due to either skewness or kurtoss.

The results suggest a strong departure from normdity of the FSD for dl industries during
ther infancy. With the pasing of time and the mechanism of sdf-sdection, the Electricd &
Electronics and the Instruments industries show a certan degree of normdity a the end of the
rdlevant period, even if with different timings, while for the Food and the Footwear & Clothing
industries no significant converge does emerge.

4 We usually refer to them asleptokurtic distributionsin the first case and to platykurtic in the latter.
® We computed such test even if we are aware of its poor properties when testing for normality.



Table4-Test for Normality for each quarter, all industries.

QL Q2 03 Q4 Q5 Q6 Q7 Q8 Q9 Q10 QI1 Q12 Qi3 Q14 QI15 Q16 Q17 Q18 Q19 Q20 Q21
Electr. & Electronic Eng.
SKEeWNeSs? 1.23+++ 0,68¢*% 0.55+** 0.44%** 0.36%** 0.34%** 0,31*% 0.26%* 0.24** 0.25+% 0.24** 0.27%% 027%* 024** 023** 019* 0.19* 016 013 007 0.11
Kurtosis® 3.86%** 2.83+** 278 2.66** 2.71* 276 279 286 290 292 303 302 330 331 329 323 309 315 311 314 3.12
Kol MOgOrov-Smirnov 0.26%%* 0.15¢%* 0.11%** 0.10%** 0.08** 0.08%** 0.07+** 0.06*** 0.06** 0.05** 0.05% 0.06** 0.04* 0.05* 005 005¢ 0.05** 005* 0.04* 004 0.04
Shapiro-Wilk 0.95¢%* 0.98%** 0.08%** 0.00¢** 0.99%** 0.99*** 0.90%** 0.99%** 0.00%** 0,09¢** 0,99%** 0.00*** 0,98¢** 0.08*** 0.08*** 0.99%** 0.00*** 0.99** 0.99** 0.99*** 0.99¢**
D’ Agostino 38:547* 87.027% 26.917* 20.41%* 14.29"* 12.13** 1.039*" J 554 5 7% §31%* 538+ 6.50** 8.04** 6.80** 6.50** 4.65¢ 331 298 177 107 143
Instruments
SKEWNESS? 1,85+ 1,29¢%% 1125+ 0.06%** 0.96%%* 0.91%** 0,83¢*% 0.79%%* 0.75%** 0,75¢%% 0,70v%* 067+** 0.61%** 0.44*** 0.40** 0.33** 0.32%% 0.34** 0,30% 0.50** 047+
KUrtosis® 6.43%+* 4.60%** 4.40%** 4.04*** 4.27+** 4,00%** 3.81** 375+ 361* 3.61* 3.61* 360+ 355+ 298 293 280 284 285 280 350 3.44
Kol MOgOrov-Smirnov 0.33+%* 0.23¢%* 0.18%** 016+ 0.12+%% 0.11%** 0,11¥** 0,10°** 0.10*** 0.09*** 0.08** 0.08** 0.08** 0.08** 007 0.07* 007+ 006 006 006 0.6
Shapiro-Wilk 0.90¢** 0.94*** 0.05%%* 0.96¢** 0.96%** 0.96*** 0.96%** 0.96%** 0.07*** 0.Q7+** 0.97+** 0.97%%* 0.97+** 0.08*** 0.08*** 0,08*** 0.08*** 0,08** 0,98*** 0.97+** 0,98¢**
D’ Agostin 85447 60.88° 48.80°* 37,80 38,55+ 34.03¢% 27.73+* 25.20°* 22.17** 2191+ 19.50* 1784 15.09% ; v g ooe 450 421 46 381 1005 ggges
Food
SKeWness? 1.3gx++ 0,83¢*% 0,75%%% 0.69%** 0.72%%* 0.56+** 0,52¢%% 0.49%%* 0.57%* 0404 % 0A0%** 0.ALF** 0.42%%* 0.37%** 0,38¢*% 0,39%%% 0.60%** 0.46%%* 0.40%** 0.42¢*% 0,54+
Kurtosis® 449%** 3.02 2,91 2.81 288 2.61% 2.50%% 248%** 2E7+% 2AL%** 23Q%kx D3ErEx 23Fkxk D TR* D3GrEX 23GERE D68 2525 2424+ 235%k+ 55k
Kol MOgOrOV-SMirnov 0.26%%* 0,18¢** 0.17%** 0.15%** 0,15+*% 0.13%%* 0,13%%* 0,12%** 0.12%F% Q1LF** O12¢%% 0.12%%* 012%%* O L1*% 01FF¥* 012%%* 0.12%F% Q11F** O 11¥+* 0.12%%* 0.12%**
Shapiro-Wilk 0.94+%* 0.97+% 0.07%%* 0.97+** 0.07%** 0.08*** 0.07+** 0.98*** 0.07*** 0,08** 0,98*** 0.08*** 0.07+** 0.08%** 0.Q7+** 0.97+** 0.07*%* 0.Q7+** 0,98%** 0.97+** 0.97+**

D’ Agostino

43. 52** 37. 99** 28. 82** 24, 46** 28. 41** 19. 65** 19. 39** 17. 66** 21. 26** 16. 23** 15. 81** 16. 85** 18. 44** 14. 35** 13. 20** 13. 32** 16. 62** 12. 18** 11. 92** 13. 69** 13. 89**

Footwear & Clothing
Skewness? .71 **

Kurtosis® 2.53+**
Kolmogorov-Smirnov 0.20%**
Shapiro-Wilk 0.98%**

D’ Agostino

0.31***
2.23***
0.11***
0 99***

0.14*
2.15%**
0.10***
0 99***

0.07 005 0.00 -0.02 -0.04
2.28*** 2.30%** 2.33*** 2.36*** 2.40*** 2.35***
0.09*** 0.08*** 0.08*** 0.08*** 0.07*** 0.07***
0.99%** 0.99%** 0.Q9%** (0.QQ*** (.QQ*** (.QQ***

-0.05

-0.05
2.44***
0.06***
0 99***

-0.05 -0.09 -0.12 -0.15 -0.14
2.45%%* 2 AZ*F** QA44%x* QBIF*RF QA5FF* QALK D 46F**
0.06*** 0.06*** 0.06*** 0.06*** 0.06*** 0.06*** 0.06***
0.99%** 0.Q0%** (.QQ*** (.Q8*** (.Q8%** (.QQ*** (,QQ***

-0.12  -0.09

-0.11
2.46***
0.07***
0 99***

-0.10
2.40***
0.06***
0 98***

-0.13  -0.11
2.38*** 2.31***
0.07*** 0.08***
0 98*** 0 98***

84. 03** 72. 09** 58. 61** 43. 27** 36. 40** 29. 53** 26. 13** 21. 22** 25. 12** 16. 04** 14. 58** 16. 29** 15. 57** 11. 74** 13. 79** 13. 24** 11. 69** 11. 74** 14. 15** 15. 51** 19. 65**

**k x% % mean statistically significant at a= 0.01, a=0.05 and a = 0.10 respectively.
= The values are the Skewness and Kurtosis indexes. We reported the significance level of the D’ Agostino et al. test.



4 - Empirical Findings

The dleged dructurd and technologica differences among the industries taken into account
dlow for the somewha contradictory results obtained from the Kerned dendty estimates. Thus, for
the Electricd & Electronic Enginesring indudry, the shape of the norma didribution begins to
emerge after the 8" quarter, as confirmed by the normdity test (see Table A.1 in Appendix A). The
convergence towards the normal distribution begins instead to be dlear only after the 13" quarter in
the case of the Instruments industry (see Table A.2 in Appendix A). Thus, firm's age is a mgor
fector affecting the FSD in these indudtries. as the normd digtribution of szes is reached with the
passng of time, Gibrat’s Law turns out to hold when firms are in their second and third year in the
market, respectively for the Electric & Electronics and the Food industries.

Different is the case of the Food and the Footwear & Clothing industries (see Table A.3 and
A4 in Appendix A), for which no sgnificant patterns of convergence do emerge. After 6 years of
obsarvation, these two indudries are gill fa from the limit didribution and, moreover, the
digributions of firm szes are ill bimodd. In the Footwear & Clothing indudry, in particular, the
shakeout after entry is less dragtic than in the former two indudtries. For this reason, at the end of
the rdlevant period, the FSD exhibits two modes. one identifies the “core’ of the indudry, while the
second is located a the fringe of the industry, suggesting the existence of an evolutionary process of
active learning that dlows firms below the MES leve of output to survive and grow.

A possihle explanation of the contrasting results obtained for the two groups of indudries is
that the sdection and learning processes are much dower in the traditiond consumer goods
indugtries than it is the case with two technologicaly progressive indudtries such as the Electricd &
Electronic Enginering and the Instruments ones. Thus, in the Food and the Footwear & Clothing
industries the process of indusiry dynamics should be dlowed to run for more periods before a
convergence to the norma digtribution begins to emerge. Unfortunately, our data do not alow
obsarving the behavior of newborn firmsin these industries beyond their 21% quarter in the market.

With the am of measuring the evolution of the FSD over time, we looked dso a the
moments of this didribution. In particular, we studied the patterns of evolution of the Skewness
and Kurtogs indexes, to see if and how a convergence to the norma distribution does emerge. The
results confirm, coherently with the Kend edimations and the normdity tedts, the different
paterns of the evolution of the gze didribution of firms in the various indudries. Accordingly,
following Pakes and Ericson (1998), we may argue that the evolution of the FSD in the Food and
the Footwear & Clothing indudries is congstent with the active learning modd, while in the
Electricd & Electronic Engineering and the Instruments indudtries it turns out to be consstent with
the passive learning modd put forward by Jovanovic (1982). Nevertheless, both groups of
indudtries digplay a dynamics that is to a large extent condstent with the evolutionary approach
developed by Audretsch (1995).
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5 - Conclusions

In this paper we examine the evolution of the FSD for 12 cohorts of newborn firms, to draw
some conclusons about which modd of industry dynamics is more conggent with the sze
digribution of young firms in four sdected indudries. In generd, the process of convergence
towards the limit digtribution appears to be just a matter of time, dthough, unfortunately, our data
st dlows us to follow the pogt-entry performance of these firms only for their first 6 years in the
industry.

However, we take into account four industries very different from the point of view a) of the
productive capacity required for entering the market at the MES levd of output, and b) of ther
technological content and characteristics. Differences in industry-specific characteristics concerning
the levels of sunk costs and the rate of entry dlow for differences in the way a convergence towards
a lognormd didribution does or does not arise. This Bayesan perspective helps to explain the
different speed of convergence of the FSD to a lognormd didtribution. In particular, it is congstent
with our empirical finding that only in the most technologicaly advanced indudries - in which
smdler entrants tend to invest in ther capacity more gradudly, after exploring their efficiency leve
with respect to their competitors - a convergence towards the lognormd digtribution emerges with
the passing of time. Conversdly, in the mog traditional indudtries the same tendency is less marked.
Whether this is due to the fact that the sdection and learning processes ae much dower in the
traditional consumer goods indudries then it is the case with the technologicaly progressve ones
could be detected only when and if new data will be forthcoming alowing a thorough andyss of
the behavior on new-born firms in these industries beyond their 21% quarter in the market.
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Appendix A

Table A.1 — Kerndl Density Estimation, log(size), quarterly, Electrical & Electronic Eng. (continuous line is the Normal Distribution fitted into the data). Test of
Normality below.
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Table A.1—following
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Table A.2— Kernel Density Estimation, log(size), quarterly, Instruments. (continuouslineisthe Normal Distribution fitted into the data).

Test of Normality below.
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Table A.2—following
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Table A.3— Kernel Density Estimation, log(size), quarterly, Food. (continuous lineisthe Normal Distribution fitted into the data).

Test of Normality below.
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Table A.3—following
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Table A.4— Kerne Density Estimation, log(size), quarterly, Footwear & Clothing. (continuouslineisthe Normal Distribution fitted into thedata). Test of Normality
beow.
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Table A.4—following
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