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ABSTRACT 

The phenomenon of organizational growth has traditionally been assumed to be 

indeterminate largely due to chance or accidents found in organizational worlds. This 

research takes up the causal processes underlying the growth (and decline) of virtually 

all world-class manufacturers in the international automobile industry from 1946 to 

1989. 

Two models are developed as alternative explanations for the long-term trends 

observed in growth rates and their differences across firms. The models are estimated 

with a nonlinear method and tested through various empirical implications. The model 

that seems most consistent with the data shows unambiguously that they were not 

generated by a random or chance process but by underlying processes of collective 

learning, innovation, and outnovation in technologies and organizational routines. Firms 

that had generated different rates in these processes differed as hypothesized in their 

long term growth performance. The dynamics of collective learning processes, as 

measured by the parameters of the model, largely explain the dynamics of organizational 

growth in the world automobile industry, hence, the dynamics of interorganizational 

competition. 
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The results from tests of ecological hypotheses suggest that organizational ecology 

might benefit from the application of matrices of collective learning rates generated 

from interorganizationallearning curves, particularly where ecology seeks to explain 

patterns of competition by organizational size. As shown, this research strategy is 

general and gauges directly interactions among organizations over long periods. It is 

also flexible in dealing with various levels of analysis in longitudinal and cross-sectional 

dimensions. 

As also shown, the collective learning theory, its model, and the ecology of 

interorganizationallearning curves derived from them can help in evaluating empirically 

the competitive potential of firms by indicators of innovation and outnovation relative 

to other firms, patterns of competition (gauged by relative learning rates) among firms, 

and any changes of those patterns over time. Thus, the research strategy used here 

provides potentially useful causal analyses as well as meaningful measures on which 

different organizations can be compared, with each other and with themselves. These 

measures may also provide important benchmarks and diagnostics lor strategic 

management. 



CHAPTER 1 

INTRODUCTION 

A vast literature on organizational growth has developed over the last several 

decades (see Starbuck 1965; Child and Kiser 1981; Whetten 1987; Hay and Morris 

1991). Yet, our understanding of the process of organizational growth (and contraction) 

and of the issues closely related to this process seems relatively underdeveloped. Very 

little is known about the internal dynamics of corporate growth, particularly about the 

effect of the innovation process on growth (as noted by Eatwe111971; Cohen and Levin 

1989). Also, very little is known about the nature and forms of organizational evolution 

and change in individual organizations (as noted by Singh 1990). The linkage between 

dynamics of growth of individual organizations and dynamics of firm size distributions 

is also puzzling (as noted by Hannan, Ranger-Moore and Banaszak-Holl 1990) and the 

relationship between growth and size of firms is still largely unexplained (see Evans 

1987; Hall 1987). 

These issues only illustrate the various unsolved problems in the area of 

organizational dynamics. This study addresses some of them but, first and foremost, it 

addresses a fundamental and touchy issue that underlies research in this area and many 

14 
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others: disentangling causality from the apparent indeterminacy of the phenomenon 

under investigation. 

1.1 Research on Organizational Growth 

In this section I consider three approaches to the analysis of the phenomenon of 

organizational growth. These approaches have been developed in recent decades and are 

marked by different degrees of commitment to causal analysis, formal theorizing, and 

empirical research. 

1.1.1 The Managerialist Approach 

Managerialist theory in industrial economics regards the motives of managers as 

the key to understanding the behavior of firms. Different managerialist theories 

emphasize different motives. For instance managers are assumed to be primarily profit

maximizers (penrose 1959), transaction-cost minimizers (Williamson 1985) or growth

rate maximizers (Marris 1964). Theories that emphasize growth maximization, however, 

have been the most rigorously elaborated framework for the analysis of organizational 

growth in the industrial economics and organization literature (Hay and Morris 1991), 

hence I focus on them here. 
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Managerialist growth theories focus on the conflict of objectives between 

stockholders and managers inherent in the separation of ownership from control (Berle 

and Means 1933). This focus has been the point of departure for analyzing the growth 

of the modem corporation (Manis 1964; Marris and Wood 1971; Muller 1986). Thus 

the purpose of analytical' growth models of the firm have been to study "the factors 

determining the transformation relationships between the competing objectives" (Marris 

and Wood 1971:2). 

Most research within this approach are analytical studies based on the methods of 

neoclassical economics. These analytical or causal growth models are typically designed 

to elucidate the managerial optimization problem rooted in that hypothetical conflict of 

objectives. This problem is two-sided. On the one hand, managers desire to maximize 

growth rate to derive maximum emoluments. This goal requires the reinvestment of 

corporate earnings to finance further growth. On the other hand, managers are 

somewhat sensitive to stockholder welfare since it gives managers security of 

employment. If managers retain too much earnings and cut dividends, they will reduce 

stockholder welfare, decrease the value of the firm in capital markets, and increase the 

threat of take-over. In this model; the dilemma is solved by finding an optimal objective 

function -··a specific point in a curve representing a particular growth-valuation frontier 

(Odagiri 1981). According to this solution mangers pick a growth rate and a retention 

ratio to drive firms along a course of growth that blends managerial and stockholders 

goals in the long term. 
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Managerialist growth models have been used more to generate normative 

implications (e.g., Odagiri 1981) than to generate empirically testable propositions. 

Empirical research within this approach is meager and the relatively few empirical 

studies have not produced direct and conclusive supporting evidence (cf. Muller 1987; 

Hay and Morris 1991). Economists have criticized these models not only for lacking 

solid empirical foundations but also for being so complex and abstract as to defy 

description of the real world (e.g., Nelson and Winter 1982). 

1.1.2 The Random Growth Approach 

Econometricians and organizational ecologists have regarded dynamics at the 

organizational level as fundamentally indeterminate --random-- phenomena (e.g., Hart 

and Prais 1956; Simon and Bonini 1958; Hart 1962; Ijiri and Simon 1977; Hannan and 

Freeman 1989; Hannan, Ranger-Moore and Banaszak-Holl 1990). Thus these 

researchers have tended to ignore causes of organizational growth and developed 

probabilistic growth models designed to describe empirical distributions of firm size. 

The basic ingredient in many of these models is the so-called Gibrat's Law of 

Proportionate Effects (Gibrat 1931). This Law is an hypothesis regarding the process 

of firm growth (and contraction). It is based on the assumption that the growth of a firm 

reflects the cumulative effect of many causes acting independently of each other. These 
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causes may include the behavior of managers, technological innovation, labor relations, 

government regulation, the behaviors of consumers and competitors, international 

relations, trade policy, general economic environment, the weather, as well as a many 

other possible factors. Some factors hypothetically increase firm growth while other 

factors hypothetically decrease it. Combined they have a random effect on firm growth 

(Hart 1962) which yields a probability distribution of growth rates. 

Gibrat's Law basically states that the probability of proportionate change in the 

size of a firm during a specific period is distributed independently of the size of the firm 

at the beginning of the period. Thus, if S, is the size of a firm at the end of the period, 

its random proportionate growth is 

(1.1) 

where S'_1 is firm size at the beginning of the period, and f1 is the random growth rate 

distributed independently of S'_I' This assumption generate a lognormal distribution of 

firm size with mean and variance that expand linearly over time. The proof is given in 

Hay and Morris (1991). 

The concern with describing empirical size distributions led researchers to follow 

two strategies to test hypotheses about the underlying growth process (Hay and Morris 

1991). The first strategy is to compare the fit of an equilibrium size distribution 
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predicted by a random growth process (e.g., equation 1.1) and observed cross-sections 

of size distributions. However, the lognormal distribution is just one of many 

distributions that can be generated by an underlying random processes. Thus, depending 

on auxiliary assumptions broadly consistent with Gibrat's Law, researchers have 

predicted the exponential distribution, the double exponential distribution and the Pareto 

or power distribution (Quandt 1966; Ijiry and Simon 1977), the Yule distribution (Ijiry 

and Simon 1977), the lognormal distribution (Quandt 1966; Silbemlan 1967), and size

localized distributions (Hannan, Ranger-Moore and Banaszak-Holl 1990).1 Taken 

together, this line of empirical research has raised indirect and mixed evidence for 

Gibrat's Law and its many variants. None of random growth models proposed in this 

literature characterize all of the empirical distributions studied. 

The second strategy for testing a random growth hypothesis is to examine directly 

the validity of the assumptions in a model, for instance, whether growth rates are 

independent of firm size as Gibrat strongly assumes. Most of the research following this 

strategy focuses on the relationship between firm growth and size. The typical method 

is linear regression analysis of panels of firms using the logarithmic transformation of 

equation 1.1 as the base line regression model. This line of empirical research has also 

1 Most auxiliary assumptions lead to variants of Gibrat's Law and are formulated as 
parameters introduced multiplicatively in equation 1.1. Such parameters are assumed to 
account for the effects of entry and exits of firms, industry growth, mergers and 
acquisitions, serial correlation in growth rates, competition, carrying capacity of a 
population of firms, or population mass (e.g., Ijiri and Simon 1977; Hannan, Ranger
Moore and Banaszak-Holl 1990). 
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resulted in mixed evidence for Gibrat's Law. The findings are summarized elsewhere 

(Eatwell 1971; Hay and Morris 1991). The most interesting findings are that growth 

rates decrease with size, that the relationship between firm growth and size is highly 

nonlinear, that is, varies across all size classes, and holds for firms of different ages 

(Evans 1987; Hall 1987). These findings all deviate from the assumption of Gibrat's 

Law. Evans (1987) suggests that learning processes may explain these contrary findings 

and points out the need for theory in this area. In general, the random growth 

hypothesis has been regarded as a first approximation for describing empirical size 

distributions of firms but not as an adequate analytic framework to answer questions 

about the causes and dynamics of firm growth (cf. Eatwell 1971). 

1.1.3 The Structuralist Approach 

The third, or structuralist, approach to the analysis of organizational dynamics has 

generated models of the "metamorphosis" type (Starbuck 1965). According to this 

approach organizations change so abruptly that each change-state is considered as a new 

organizational form. The theoretical focus in this approach has typically been the 

relationships between organizational structure, strategy, and growth (cf. Child and Kiser 

1981). In this view, change in these relationships is characterized by stages, 

irregularities and discontinuities. These relatively haphazard events in the history of 

organizations do not stem necessarily from managerial choices and adaptation processes 
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but also from the historical coincidence of top-managers, strategies, innovations, 

resources, opportunities, constraints and exogenous shocks, all of which create special 

economic-socio-political circumstances and introduce a great deal of indeterminacy in 

organizational behavior over time. March (1981) aptly captures the sense of 

indeterminacy in such situations by arguing that change within organizations cannot 

ordinarily be arbitrarily controlled. Thus, according to the structuralist view, 

irregularities observed in the history of growth of firms as illustrated in Figure 1.1, 

would be regarded as the outcome of those relatively accidental historical circumstances 

in which organizations are embedded. 

Empirical quantitative research using this approach has implicitly assumed the 

relative indeterminacy of the phenomenon of firm growth. Fligstein (1990) partitions the 

period between 1919 and 1979 in American industry into six equal intervals to reveal 

the growth patterns of the 100 largest firms. Then, Fligstein uses the coefficients of a 

regression model estimated on panels of firms for each period as evidence for 

hypothetical determinants of firm growth. As Fligstein argues, there is not a sample 

selection bias in the model estimates because the inferences he draws about growth 

processes only apply to the population of the 100 largest firms. Also most structural 

theorists would regard Fligstein's model adequately specified for including theoretically 

important factors as determinants of firm growth such as organizational strategy and 

structure, previous firm size (profits, assets, sales), background of firm president, firm 
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Figure 1.1: The histories of growth of three automobile firms. 
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age, and industry growth. The model accounted for 37 percent of the variation in firm 

growth during the average decade. 2 

Eisenhardt and Schoonhoven (1990) estimated the effects of founding team, 

strategy, and environment on sales growth of U.S. semiconductors firms over a ten-year 

period also using various analytic approaches. Among these they used successive 

regressions and a pooled cross-section regression to reveal dynamic patterns of growth. 

Their regression models accounted for about 29 percent of the variation in growth rates, 

on the average. 3 

Thus, these regression studies suggest a large amount of indeterminacy in the 

organizational growth process. Their residual variance, on the average, accounted for 

the largest part --about two thirds-- of the variation in rates of organizational growth 

over the short-term (a maximum of ten-years interval in Fligstein's study). However, 

independent variables in regression models, do not account for the long-term variation 

in long-term growth rates --that is, historical change. The explanation of these historical 

or across-period changes, as reflected in changes in es·timated values of the regression 

2 The model explains a minimum of 18 percent of the variation in assets growth 
during the decade 1939-1948 and a maximum of 60 percent of the variation in assets 
growth during the decade 1948-1959. 

3 The minimum explained variation in growth rates is 13 percent (in a two-year 
period since founding) and the maximum is 51 percent (in a pooled-cross-sections over the 
entire ten-year period). 
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coefficients from one interval to another, is typically external to the models and largely 

interpretive. 

Thus, these results and mode of analysis reinforce the structuralist view that the 

phenomenon of organizational growth is largely indeterminate --about 70 percent-- over 

a relative short period. In other words, most researchers within the structuralist 

approach would regard the level of 30 percent explained variance as a respectable level 

of causality because it seems to reflect their ideas about the level of indeterminacy of 

the phenomenon under investigation. 

Qualitative oriented research within the structuralist approach also implicitly 

assumes relative indeterminacy in histories of organizational growth. For instance, in 

his interpretive historical analysis Roy (1990) explains the rise of the corporation in 

American industry in terms of "nondeterministic outcomes of class-based political and 

ideological struggle set in the context of economic bounds." Roy is stressing here the 

importance of identifying change processes that are not fully determined nor fully 

accidental, that is, by analyzing organizational change" in historical context. However, 

the verbal style of Roy's analysis would render hopeless any attempt to test empirically 

how much determinacy or indeterminacy characterize the outcomes he claims which 

could be derived from alternative processes. 
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The interpretive style of structuralist analysis have also been used to describe life

cycles stages in organizational histories (Kimberly and Miles 1980). Most of the 

literature on life-cycles has been concerned with identifying organizational problems, 

structures and behaviors as organizations pass through stages of birth, growth, 

maturation, decline and death (Child and Kiser 1981). This vast literature is riddled with 

controversy over the relative importance of stages, over the number of stages, over the 

deterministic nature of the stages, whether the cycles are linear or nonlinear, and so on. 

Moreover, there has been little empirical research to resolve these hotly debated issues, 

particularly those concerning decline processes (Whetten 1987). 

1.2 The Nature of the Problem 

Three interrelated issues arise out of the extant research. They are the issues of 

1) complexity, 2) method and 3) data. I will briefly address each of these issues in turn, 

and in doing so will specify the approach that I follow in the present study. 

1.2.1 The Issue of Complexity 

The emphasis on indeterminacy implies the relative independence of fluctuations 

in the growth of firms over time. This implication forces the researcher (particularly 
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those trained in structuralist thinking) to look for ad-hoc explanations of the growth 

history of fIrms and to consider seemingly endless list of factors worthy of being 

included in a descriptive model of organizational growth and change. The complexity 

thus introduced in the research process ultimately defIes a unifIed theory of growth as 

suggested by Haire (1959) and Starbuck (1965). Assuming such complexity may be 

dysfunctional since it tends to create intractable models which prematurely truncate the 

research effort, or worse, to building castles in the air. 4 As noted before, the theoretical 

folklore around organizational growth is so abundant that one can hardly fInd a 

substantive theory of a growth process founded in systematic empirical research. In this 

research I follow the alternative and, hopefully, more promising research strategy -- that 

of parsimony. 

The strategy of parsimony in theory construction and research has been widely 

followed in the applied-mathematical sciences by researchers particularly concerned with 

the study of complex phenomena. Coleman (1964) suggests breaking down a single 

complexity into multiple simplicities, that is, developing several models for different 

sorts of tendencies which may be exhibited by the data. He shows the value of this 

strategy in empirical research dealing with the complex relationship between social 

process and social structure (Coleman, Katz and Menzel 1966). Hamblin, Jacobsen and 

4 No philosophy of science can more succinctly characterize mainstream sociological 
theorizing than an apt quotation from Schiller: "Ever building to the clouds, and never 
reflecting that the poor narrow basis cannot sustain the giddy, tottering column. " 
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Miller (1973) show that behavioral models, thoroughly investigated in previous 

empirical research at lower levels of analysis, are useful theoretical-building-blocks in 

a theory for socioeconomic development of nations. Hamblin (1979) shows the 

theoretical value of parsimony in an integrated analysis of several sets of data generated 

by people in disparate experimental and natural social situations. Keyfitz (1985) also 

argues that a model is valuable in inverse proportion to its complexity and shows how 

simple deterministic models contribute to the understanding of relatively complex 

demographic phenomena. May, Anderson and McLean (1988) explicitly and fruitfully 

follow the rule of parsimony in studying the tangles of social and natural processes 

involved in HIV / AIDS epidemics. 

Although the strategy of parsimony is not only a way to achieve "economy of 

thought" (Mayhew 1984) in what seems to be overwhelming complexity, it may well 

be the best way to represent and explain the very nature of complexity itself. This is 

suggested by the new science of chaos which shows that simple systems do not 

necessarily behave in simple ways, that a complex behavior does not necessarily imply 

complex causes and that different systems do not necessarily behave in different ways 

(Glick 1987). May (1976) also shows how complex phenomena may stem from simple 

processes. Of course, it is an empirical question whether the process underlying an 

apparent empirical complexity is simple, lawful, random, or otherwise. Be that as it 

may, parsimony does not make theory construction an easier task (see Hamblin, 

Jacobsen and Miller [1973] for an example, and Mayhew [1984] for a discussion) nor 
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does it make empirical testing a simple-hypothesis-falsification process (cf., Popper 

1961). As will be apparent throughout this study, there is enough complexity in the 

research process even when the theories under consideration are expressed in parsimo

nious mathematical language. 

1.2.2 The Issue of Method 

Current studies of organizational growth are dominated by linear statistical 

models. However, these models are limited. The low variance explained in past research 

is only partial evidence of the loose connection that linear regressions make between 

theory and reality. The assumptions of linearity in statistical regression models do not 

correspond with the nonlinear realities of the organizational world as it appears in 

Figure 1.2 below, and in different lines of past empirical research (e.g., Evans 1987; 

Carro111981; Hamblin, Jacobsen and Miller, 1973; Haire 1959). The problem of model 

specification is not only about the list of important theoretical variables, but also about 

the correct functional form of the relationships among the variables (Hamblin 1971; 

Hanushek and Jackson 1977). Linear regression models cannot handle this problem, 

even if they are adjusted with technical fixes and developed into more complex models. 

Freedman (1991) elaborates on this issue and argues: 



"Science grows out of the confrontation between theory and reality. 

Regression models seemed to offer good testing grounds for social science 

theory; but that promise has proved largely illusory. There is a surprising 

degree of agreement on this central point and on the reasons for the failure. 

It is much less clear, and naturally so, where we go from there." (p. 357) 
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Thus, as I suggested before, in this research I follow the strategy of parsimony. 

I implement this strategy with the language of deterministic differential equations, the 

language used by virtually all the mathematical scientists I mentioned above. The 

models do not involve metaphors borrowed from exotic sciences or mathematics without 

substantive meanings. The strategy of parsimony is transparent and, thus, open to 

criticism. It consists basically in deriving a model of organizational growth from a few 

empirical generalizations about behavioral relationships that are as simple as possible, 

which are founded on past social science research and which are capable of generating 

empirically testable propositions -- as many as possible. 

1.2.3 The Issue of Data 

Ultimately the adequacy of any scientific theory is tested on empirical grounds. 

This requires data. Leifer (1992) cogently points out that there is no reason why theories 

(in this case organizational growth theories) should fit the uneven, erratic, and 
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disorganized social world if researchers use raw data in a passive way --letting the noise 

"speak for it self" in a regression model. If that were the situation relationships of 

interest would not show up and technical fixes would not improve the low predictive 

power of the regression model (Freedman 1991). The situation is not hopeless, 

however. Leifer suggests an active orientation to data, that is, denying raw data by 

creating from what is passively observed some new effect. Hamblin, Jacobsen and 

Miller (1973) suggest a similar approach to data. They suggest that averaging out 

random measurement error helps to determine more accurately an underlying or 

expected relationship than not averaging out such error. 

I give an example. The data I presented in Figure 1.1 above seem riddled with 

indeterminacy. However, cumulating the yearly growth of firms averages out the effects 

of random shocks and reveals underlying trends not seen before. When the data are 

accumulated, as Figure 1.2 illustrates, striking regularities in the long term growth of 

all firms evidence path-dependent sigmoid or S-shaped growth trajectories. Moreover, 

each firm now reveals a unique growth performance over time. For instance, the trend 

in Chrysler's growth is wobbly, in Rover's is declining and in Toyota's is rising. The 

form of the growth curves seem similar across firms but their parameters and growth 

rates apparently differ. This active orientation to data makes it possible to see growth 

trends over the long term. The variation of these trends across firms becomes both 

obvious and interesting. This approach to data is used in this study. 
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Figure 1.2: Cumulative growth of six automobile firms. 
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1.2.4 A Remark on Indeterminacy, Determinacy and Management 

The indeterminacy of a phenomenon may involve our ignorance of its causes as 

well as the intrinsic unpredictability of its behavior. We can say very little about how 

much we know about a phenomenon, let alone how much or well we manage it, until 

we reach the frontiers of relevant knowledge through the development of empirically 

verified casual theory. The development of knowledge up to those limits is not only 

intrinsically interesting but also of great utility. Ignoring knowledge of the causes 

affecting the dynamics of organizational growth largely renders organizations and their 

members at the mercy of luck or of wiser organizations; knowing its underlying causal 

processes may ultimately enhance the possibility of managers to fully exercise their 

agency because this knowledge greatly influences the probability that the formation of 

policies and their implementation will be successful over the long term. Moreover, the 

quest for determinacy in causal theory by no means imply that organizations are or must 

be subjugated to inexorable processes and outcomes. As Figure 1.2 shows, some 

organizations declined as is the case of AMC. Other organizations, such as Chrysler, 

have had epochs of experimentation with innovations and interventions whose outcomes 

affected the course of their histories for worse or better futures. Still other organizations 

have apparently developed effective strategies that systematically granted them a 

relatively steady long-term trend of growth as in the case of Toyota. Once applied, a 

causal theory may tell organizations behaving like gamblers from others behaving like 

diligent workers. Their relative freedom does not come out of the accidents of life, as 
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assumed by prevalent theories dealing with organizational dynamics, but from 

effectively knowing and trying things that may work. Like most lottery players, those 

that manage organizations largely believing that accidents and chance is what life is 

about are very likely to be forever losers (even if they claim to wear the King's new 

clothes) because always there is a wiser manager around who better knows what to 

improve and how and where to invest in order to develop comparative advantage faster. 

Those that manage the dynamics of their histories because they effectively act upon 

ongoing causal forces are more likely to win something more often. In the foregoing 

remark I have introduced some basic insights from this research. They will be 

increasingly apparent throughout the work. 

1.3 Research Objective and Outline of the Work 

Taken together, the above observations suggest that indeterminacy mayor may not 

be a major factor in organizational growth, that there may be more causal regularity 

than suggested by past research even in year to year variation in growth rates over a 

relatively short period. Thus, the first and foremost objective of this research is to find 

out if, in fact, observed long-term paths of organizational growth were generated by an 

underlying causal process rather than by a random process or chance. In answering this 

question I address the following issues: Why, how, and under what conditions, do path

dependent processes arise in organizational growth rates? What mathematical forms, if 
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any, do these processes take? Why do differences in organizational growth rates occur 

across ftrms? 

I develop and test two alternative nonlinear differential equation models that 

hypothetically describe and explain observed long-term paths of ftrm growth. In Chapter 

2 I derive an organizational growth model primarily from collective learning theory. 

The model links growth rate with current ftrm size through path-dependent processes 

of innovation (modiftcation of technology and organizational routines or structures of 

interaction), outnovation (divestment of technology and structures of interaction), and 

collective learning (development of information about and modiftcation of technology 

and structures of interaction through direct and indirect observation and communication 

about consequences among individuals in and across organizations). In Chapter 3 I draw 

on organizational ecology (e.g., Hannan and Frt>..eman 1977, 1989; Carroll 1981) and 

develop an alternative growth model. In this model, the growth rate is coupled with 

current ftrm size through path-dependent processes of organizational reproduction and 

resource-depletion. The alternative growth models capture differences in ftrm growth 

performances in terms of variation in parameter values. Then I develop parameter 

hypotheses for each model to explain the interftrm differences in long-term trends of 

organizational growth. 

Chapter 4 describes the data and methods. The main data set includes complete 

time series of annual production for 36 ftrms in the period 1946-1989 --virtually all 



35 

world producers of motor vehicles in this period. The criteria to asses the empirical and 

theoretical adequacy of the models is based on 1) a measure of fit of predicted yearly 

growth to observed yearly growth, 2) tests of hypotheses about what determines 

variation in model parameters or rates estimated for each organization, and, 3) tests of 

the validity of the assumptions underlying each of the models. Since no model can be 

exactly true or exactly false, the most powerful answer to the main research question 

is one based on degree. Thus, the extent to which the better model fails on the above 

criteria may be taken as a gauge of the indeterminacy posited in the null hypothesis --the 

degree to which the time path of organizational growth is determined by random shocks 

or chance. Put differently, the higher the degree of indeterminacy in the predicted 

histories of organizational growth, the poorer the adequacy of the selected model. 

Chapters 5-7 present the various empirical analyses. Chapter 5 reports the analyses 

of time series data about firm growth. In general, the growth model based on collective 

learning theory is more consistent with the data than the growth model based on 

organizational ecology. The test of parameter hypotheses fails to reject the collective 

learning hypotheses but not the hypotheses for the ecological model. Chapter 6 evaluates 

the plausibility of the assumptions underlying the derivation of the growth model based 

on collective learning theory. The assumptions receive further validity in a series of 

analyses of various sets of data, including time series data about innovation in 

organizations. Chapter 7 tests the collective learning theory directly at the macro-level 

of analysis through a series of implications. The chapter uses the collective learning 



36 

growth model to generate interorganizational learning curves. Once computed, these 

curves constitute an ecology of collective learning from which we can infer patterns of 

competition among firms in the international automobile industry. Then the chapter tests 

ecological hypotheses derived from the literature (Hannan and Freeman 1977; Hannan, 

Ranger-Moore and Banaszak-Holl 1990). 

The concluding chapter suggests that chance has not been a major factor in the 

histories of growth of world-class automobile organizations in the post World War IT 

period. Chance accounted, on the average, for only 13 percent of the variance in the 

yearly growth rates of these firms. Their histories of growth are better explained as 

collective learning processes linking innovation, outnovation, organizational outputs and 

environmental inputs. Compared with the results of past studies the current results show 

the strength of collective learning theory and its research strategy. Then, I draw 

implications for theory and research on organizations as well as some implications for 

strategic management along with directions for further research. 



CHAPTER 2 

A COLLECTIVE LEARNING MODEL 
OF ORGANIZATIONAL GROWTH 

This chapter deals with a model that specifies the general form of the long-term 

trend of organizational growth and the conditions under which trends vary across firms. 

I derive the model from seemingly simple empirical generalizations and auxiliary 

assumptions form past social science research. Collective learning theory stands at the 

theoretical core of this derivation. The key theoretical components of this model are the 

concepts of learning curves, innovation process, outnovation process and innovation-

competition process. In the interest of clarity of exposition I henceforth refer to the 

model specified in this chapter as the collective learning model. I present the collective 

learning model in steps that follow the derivation of its component parts. Then I develop 

a comparative hypothesis that involves an alternative growth model presented in the next 

chapter. In this chapter I also develop empirically testable hypotheses about what 

accounts or causes the interfirm variation in growth trends. These parameter hypotheses 

involve the effects of outnovation rate, environmental resources and interorganizational 

competition on the rate of innovation. 

37 
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2.1 The Relationship Between Organizational Growth and Learning 

I begin the derivation of the collective leaning model by referring to Gibrat's 

baseline model, equation 1.1 in the previous chapter. There I noted empirical research 

showing systematic deviations from Gibrat's Law (Evans 1987; Hall 1987). According 

to this evidence, the relationship between firm growth and size is highly nonlinear and 

quite general --varies across all size classes and holds for firms of different ages. Thus, 

in equation 1.1, I can reasonably substitute a systematic causal factor F(.) to be 

specified, for the random growth rate €;. That is, equation 1.1 can now be replaced by 

(2.1) 

Since I am interested in growth as a dynamic process, it is theoretically 

appropriate to express equation 2.1 in continuous time. The form of the data --relative 

long time series of yearly production records-- and the way organizations generate these 

records --accumulation of production over a year-- all justify the treatment of the growth 

process in continuous-time. Thus, the differential equation version of equation 2.1 is 

dS/dt = S f(.) 

or after arranging terms 



dS/S = f(.) dt 
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(2.2) 

where dS/S is the proportionate growth rate of an organization with current size S, f(.) 

is a systematic factor multiplier that need to be specified, and dt is a small time 

increment. 

Evans (1987) suggests that learning effects may underlay the relationship between 

growth an size, but he did not specified them. I assume that the systematic factor 

multiplier in equation 2.2 may be related to learning processes. This assumption is 

consistent with the suggestion that innovation (as a process) is the major factor in 

organizational growth (Nelson and Winter 1982), which is based on empirical evidence 

(Mansfield 1962). Thus, blending the suggestions that innovation and learning underlay 

organizational growth, I assume that the effect of innovation on organizational growth 

is mediated by organizational learning processes. According to this assumption the 

higher the rate of organizational learning, the stronger the relationship between 

innovation and firm growth. This suggestion implies that the factor multiplier f(.) in 

equation (2.2) can be stated as a function of innovation, I, and the rate of organization 

learning, r. So equation 2.2 becomes 

dS/S = f(I,r) dt (2.3) 
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The important substantive question now concerns the specification of the right hand side 

of equation 2.3. 

There have been many suggestions about the nature and form of learning processes 

in behaving units --individuals, groups, organizations and collectives. These suggestions 

have emphasized organizational learning cycles (March and Olsen 1976), adaptive 

search (Cyert and March 1963; Levinthal and March 1981; Nelson and Winter 1982), 

single and double-loop learning (Argyris and Schon 1978), modeling (DiMaggio and 

Powell 1983), and learning curves (Teplitz 1991). While all of these suggestions have 

some merit, the learning curve approach has enjoyed by far the most precise theoretical 

specification, the most systematic empirical research, and the widest range of 

applications (see Hamblin, Jacobsen and Miller 1973; Rainwater 1974; Pitcher, Hamblin 

and Miller 1978; Pitcher and Hamblin 1982; Zimmerman 1982; Lieberman 1984; Muth 

1986; Epelbaum 1990; Teplitz 1991). 

In general, the learning curve is a mathematical description of the empirical 

relationship between changes in the magnitude of °a venture and changes in the 

magnitude of achievements. As such the learning curve may describe the long-term 

relationship between innovation and firm growth. The learning curve takes various 

forms in the literature (e.g., Teplitz, 1991; Hamblin Jaconsen and Miller 1973), 

including the derivative of a power function, that is 



dS/S = r dIll r > 0 
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(2.4) 

where dSIS is as previously defined, dIll is the relative rate of innovation, and r is a 

learning rate parameter of positive value. The parameter r specifies how much 

percentage growth an organization achieves when it increases its innovation-ventures by 

one percent through time. 

The learning curve approach emphasized here is consistent with the approach that 

focuses on organizational learning cycles (March and Olsen 1976). According to the 

latter, ambiguity in organizations interferes with Ir.MIling. In a certain world the 

learning cycle would be complete --organizational members behave, observe the 

consequences of their behavior, make appropriate inferences about those consequences, 

and draw correct implications for future behavior. Under this condition the learning 

curve would predict a relative large value, say 1.0 or more, for the parameter r in 

equation 2.4, which indicates a tight coupling between the relative innovation rate dIll 

and relative growth rate dSIS. In other words, the "rational" organization would achieve 

a relative large percentage growth for every percent increase in innovation. 

However, if ambiguity thwarts rationality, the learning cycle would be incomplete 

--organizational members may not learn from past behavior, present behavior may lead 

to unintended consequences, which may send the wrong signals. Under this condition 

of "bounded rationality" the learning curve would predict a relative small value, say less 
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than 1.0, for the parameter r in equation 2.4, which indicates a relative loose coupling 

between dSIS and dIll. That is, the "bounded rational" organization may achieve a 

relative small percentage growth for every percent increase in innovation. 

The issues of ambiguity, rationality, bounded rationality, and foolishness in 

organizational learning are a well developed conjecture of honorable pedigree (March 

1989). Its adherents have been concerned with organizational performance and posed 

the issues as calamities or blessings for organizations. However these issues can be seen 

from the learning curve perspective as sources of continuity in the dynamic relationship 

between investment and performance. In the learning curve approach, the rate and form 

of change it. organizational learning are the most striking phenomena to be accounted 

for. The effect of those issues on organizational performance (e.g., growth) can be seen 

as a matter of degree and as ultimately reflected in the value of the learning rate 

parameter of equation 2.4. The learning curve approach is empirically oriented and, as 

shown before, it leads to the same areas of concern as the conjecture about ambiguity 

in learning cycles but it does so from another angle. 

2.2 The Innovation Process 

The previous section is only one step forward in specifying the right hand side of 

equation 2.4. So far, I have specified the form of the learning process mediating the 
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relationship between firm growth and innovation. Yet, I did not specified the innovation 

process. In this section I specify the dynamic component dIll in the right hand side of 

equation 2.4. 

According to Nelson and Winter (1982) innovations in organizational routines and 

technologies consist in large part of new combinations and modifications of existing 

routines and technologies and is, thus, a path-dependent process. Hamblin, Jacobsen and 

Miller (1973) suggest that a collective learning effect underlies the combinations and 

modifications of organizational routines and technologies. They also suggest that this 

effect makes innovation a path-dependent process. But before I deal with this process, 

what is collective learning? 

Collective learning is a combined process of development of information about and 

modification of technology and structures of interactions through direct and indirect 

observation and communication about behavioral consequences among individuals in and 

across organizations. The collective learning effect occurs for several reasons (cf. 

Hamblin et al. 1973). First, organizations learn progressively new ways to improve 

previous innovations, as the experience of its members accumulates in technology and 

organizational routines or structures of interaction. The development of organizational 

experience in the innovation process is also based on direct and indirect observation and 

communication about behavioral consequences among individuals in and across 

organizations. Thus, over time, organizational members more or less progressively 
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become aware of one another's modifications and of modifications by members of other 

organizations (e.g., competitors). Second, organizational members have an increasing 

stock of innovations --technological and organizational-- from which to work with, 

modify and recombine further into new innovations (Table 2.1 illustrates the major 

technological and organizational innovations in the international automobile industry 

during the twentieth century). Finally, there is a relative incentive attached to 

innovations; innovators work at innovating because they expect potential returns and 

they work at a rate that increases with the amount of the expected returns (pitcher et al. 

1978; Hamblin and Miller 1976; Mansfield 1961; Griliches 1957). 

Under relatively stable incentive and communication structures, the potential 

number of innovations that an organization can generate may be unlimited. At the 

macrosociallevel, empirical evidence shows that innovation-diffusion processes follow 

long-term exponential trajectories, which suggest cross-fertilization in innovation caused 

by the underlying collective learning effect (Hamblin, Jacobsen and Miller 1973; 

Hamblin and Pitcher 1980). Thus, I use the derivative of an exponential process 

dI/dt = k I k>O (2.5) 

as a baseline for the trend of an organizational innovation process where dI/dt is the 

instantaneous innovation rate and k is a positive rate parameter. This equation models 
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Table 2.1 Major innovations in the international automobile industry 1900-1989. 

Technology-Product: 

Lightweight durable chassis 

V-8 design 

Electric starter 

Electric lights 

Aluminum-alloy piston 

Crankcase ventilation 

Special exhaust-valve material 

Closed steel body 

Hydraulic and four-wheel brakes 

Lacquer finishes (DUCO-pyroxylin) 

Down-draft carburetor 

Automatic choke 

Low-cost V -8 engine 

Independent suspension 

Power brakes 

All-steel body, turret top and 
streamlining 

Organizational routines-Management: 

Multiple simultaneous machining 

Interchangeable parts 

Overhead conveyor for parts 

Continuous pouring of molten iron 

Moving final assembly line 

Multidivisional structure 

Cemented carbide cutting tools 

Dynamic crankshaft balancing 

Welding in body and chassis assembly 

Use of light, powered hand tools 

Cast crankshaft and camshaft 

Precision boring 

Surface tunnel broaching 

Unit body construction 

High-frequency portable power tools 

Multihydromatic welding 



Table 2.1 (Continued) 

Technology-Product: 

Short-stroke, high compression V-8 

New combustion-chamber design-
OHV engine 

12-volt electrical system 

Automatic transmission 

Power steering 

Air conditioning 

Aluminum engines 

Thin-wall, gray cast-iron 
cylinder-block engine 

Multibarrel carburetor 

Disc brakes 

Improved suspension systems 

Alternator 

Advances in electronic ignition 

Overhead cam engine on mass 
produced cars 

Stratified-charge engine 
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Organizational routines-Management: 

Integration of engine plants with 
transfer lines 

Energy-absorbing bumpers and front 
ends 

Dynamic engine balancing Automatic 
air gauges in machining 

Multiple nut runners 

Automatic spray painting 

Electrostatic painting 

Electronic-assisted scheduling 

Higher-speed and automated stamping 

High-tolerance iron-casting methods 

Automatic crankshaft grinding with 
measurement 

Segmented transfer lines for block and 
head 

Ceramic boring 

Body-corrosion protection 

Expanded use of special-purpose 
fasteners 



Table 2.1 (Continued) 

Technology-Product: 

Energy-absorbing steering wheel and 
column 

Electronic sensors of car mechanisms-- . 
microprocessors 

Ceramic engines 

Advanced plastics for body-parts 
(panels, doors, bumpers, hoods, etc.) 

Plastic chassis 

Plastic engine parts 

Magnesium engine, parts, wheels 

Aluminum body-parts 

Electric power steering 

Energy storage systems 

Solar power for accessories 

Advanced aerodynamics --drag 
coefficient below .3 
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Organizational routines-Management 

Mixing of body styles on assembly 
lines 

Programmable controller for machining 
systems 

Electronic sensors and automated 
testing in engine line 

Automated chassis and body assembly 

Powder coating (paint for body) 

Just-in-time manufacturing 

Quality control-circles in assembly 
lines and zero-defect policy 

Simultaneous engineering of models 
and components and flexible labor 
process 

Tier system of suppliers and quality 
audits 

Long-term subcontracting between part 
suppliers and assemblers 

International outsourcing of parts 

Shift of assembly lines toward 
developing countries and coalitions 
with competitors in joint automotive 
ventures 

Sources: Abernathy (1978), Dyer et al. (1987), Hoffman and Kaplinsky (1988), 
Bleviss (1988), Clark and Fujimoto (1991). 
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a path-dependent --cumulative-- innovation process with a positive feedback --the cross

fertilization effect-- whose strength is gauged by the value of parameter k. 

However, equation 2.5 is still incomplete. As is, this equation implies the 

assumption that every innovation incorporated into organizational routines and 

technology remains for ever there and, consequently, contributes to further innovation. 

That is, prior innovations are always accumulated --retained-- in this model. In 

evolution terminology, equation 2.5 only represents variation and retention and ignores 

selection of innovations in organizations. 

2.3 The Outnovation Process 

In the area of intraorganizational processes there has been more theoretical 

argumentation than systematic empirical research on specific questions, particularly on 

how organizations select out innovations. Burgelman (1990) suggests that organizations 

develop social learning mechanisms by which strategies-and competencies are generated, 

retained and selected. Kimberly (1981) suggests a stage-process according to which 

organizations adopt, implement, use, and finally divest themselves of obsolete 

innovations. Kimberly calls this final stage "exnovation." These suggestions indicate the 

important role of learning and choice processes in the selection of technologies and 

organizational routines. However, the literature does not suggest the form of the 
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learning processes and the form of the dynamic relationship between these processes and 

environmental changes. These are important substantive issues that I address in this 

section. 

Organizations accumulate routines and technologies that are perceived by members 

as redundant, unreliable, or obsolete relative to alternative exogenous innovations. 

Through collective learning organizational members identify and divest themselves of 

problematic technology and organizational routines or structures of interaction. I call 

this process, the outnovation process. The concept of outnovation is unlike the concept 

of "exnovation" used by Kimberly (1981). He conceptualizes exnovation as the final 

stage in a discrete innovation process. In contrast, the concept of outnovation 

emphasizes the selection of problematic routines as a continuous process concurrent and 

opposite to the process of innovation. Outnovation and innovation are not necessarily 

symmetrical processes, i.e., their respective rates may have different empirical values. 

Organizations not only innovate but also outnovate, both at the same time. Thus, I 

modify equation 2.5 as 

dI/dt = kIlE (2.6) 

according to which the instantaneous innovation rate dI/dt depends on the ratio between 

the ongoing levels of two opposite processes, namely innovation, denoted as I, and 

outnovation, denoted as E. 
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Now the substantive question concerns the form of the outnovation process. As 

a starting point I take the notion that capitalist firms constantly face innovation-

competition in the form of a "perennial gale of creative destruction" (Schumpeter 1950: 

84). Firms face innovation-competition by constantly monitoring them for threats, 

opportunities, and clues (cf. Nelson 1990). Based on the information they develop, firms 

evaluate their organizations and competencies. Technologies and organizational routines 

perceived as problematic or unsuccessful undergo outnovation. Thus, I assume that a 

collective learning process mediates the relationship between innovation-competition and 

outnovation. This relationship can be specified, as before, with a learning curve that 

takes a power functional form 

E = nIP c n>O p > 0, (2.7) 

where E is the level of outnovation, Ie is the level of innovation-competition, the 

parameter n is an initial value, and the parameter p is the outnovation-learning rate. The 

value of this parameter largely depends on the ratio between the benefits that an 

organization expects to gain from discarding problematic technologies and routines in 

face of innovation-competition to the perceived costs of discarding the competencies 

developed through those technologies and routines (cf. Hamblin et al. 1979). In other 

words, the value of the outnovation-learning rate parameter is in inverse proportion to 

the degree of conservatism in an organization. 
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2.4 Innovation-competition in the Growth Process 

The substitution of equation 2.7 in equation 2.6 yields 

(2.8) 

After arranging terms and substituting equation 2.8 in equation 2.4, I obtain 

dSIS = (rk/n) Ic·p dt (2.9) 

The growth process represented in equation 2.9 is still not fully specified because I have 

not specified the dynamic form of the innovation-competition process. Before I can 

proceed to obtain an empirically testable model of organizational growth --which 

requires the solution of the differential equation in equation 2.9-- I first specify the term 

Ie· 

At the industry level the innovation-competition process can be regarded as an 

aggregate phenomenon that incorporates the innovations of all major constituents of an 

industry --producers, suppliers, financial firms, governmental agencies, consumer 

groups, etc. This macro dynamic process emerges as a collective product of mutually 

aware individuals that, directly and indirectly, observe and communicate in and across 
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organizations the consequences of their behavior. In doing so, these industry constituents 

develop information about and modify accordingly, structures of interactions and 

technologies. Nelson (1990) noted that scientists and engineers in rival firms use many 

ways --such as reverse engineering, professional meetings, and friendship networks--

to learn the generic aspects of competitor's new technology, even if the specific details 

of products and processes may remain beyond their reach. 

As previous empirical research suggests (Hamblin, Jacobsen and Miller 1973), the 

dynamics of a collective innovation-competition process at the industry level may follow 

a long-term exponential trajectory, similar to that represented by equation 2.5 before. 

In the present case the time derivative of the innovation-competition process is 

q>O (2.10) 

which, after arranging terms and solving by integration for ~, yields 

I = meqt 
c m>O (2.11) 

where the parameter q is the rate of change in innovation-competition and m is an initial 

val ue parameter. Substituting equation 2.11 in equation 2.9, I obtain 

dSIS = ae-bt dt a = rk/mPn > 0 b = pq > 0 (2.12) 
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Equation 2.12 hypothetically describes the history of growth of an organization as a 

nonlinear function of two key parameters, a and b. Parameter a is the innovation rate -

- combining the net innovation rate k and the learning rate r -- and parameter b is the 

rate of outnovation -- combining the outnovation-learning rate p and the rate of 

innovation-competition, parameter q. Thus the comparative null hypothesis for equation 

2.12 is 

H2.I: The collective learning model, in general, does not fit growth 

trends better than an alternative model. 

In the next chapter I develop an alternative growth model based on organizational 

ecological theory. 

2.5 Interf'lI'Dl Variation in Growth Trends 

Since the trends in organizational growth vary across firms I denote the parameters 

a and b in equation 2.12 with the subscript i to identify the ith organization. The focus 

of the derivation turns now to the innovation rate, the innovation parameter ~, because 

it directly combines the effects of organizational learning and innovation as gauged by 

parameters rand k respectively in equation 2.12. 
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Differential conditions of competition, denoted as Cj , and environmental resources, 

denoted as R;, may affect the structure of incentives for innovation and learning, hence, 

cause the interfirm variation in the innovation rate parameter 3; (Hamblin and Miller 

1976; Mansfield 1961; Griliches 1956). In addition, Pitcher et al. (1978) and Hamblin 

et al. (1979) show that collective leaming processes in social change involve endogenous 

feedbacks between "conservative" and "instigating" social forces, suggesting that the 

rate of outnovation, the parameter bj , conditions the rate of the innovation process 

during organizational evolution. Thus, my general proposition to explain the interfirm 

variation in innovation rate 3; is 

(2.13) 

where the function G is unlrnown, and Ol is a parameter vector of condition effects. An 

important substantive question concerns the specification of the function G. To this I 

now tum. 

As noted previously, the innovation rate may increase with the size of expected 

returns. Hamblin et al. (1973) suggest that parameters of behavioral models are positive 

power functions of level of incentives. Thus, if the size of potential markets induce 

expectations of return from innovation, then, other things being equal, I predict that the 

innovation rate parameter will vary across organizations that during their histories were 
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exposed to different levels of market resources. The innovation rate, the parameter Clj, 

increases with the level of resources Rt, according to 

H2.2: 

Hypothesis: a l > 0 

I assume that organizations develop strategies to cope with resource dependencies 

(pfeffer and Salancik 1978) and in doing so organizations innovate and modify their 

routines (Nelson and Winter 1982). Following Hannan and Ranger-Moore (1990), I also 

assume that there is a stronger competition for resources among organizations that are 

closer in size. It follows from these two assumptions that organizations closer to each 

other in terms of size constitute a concentrated environment in which they find 

problematic the acquisition of resources. Under these conditions organizations closer in 

size will tend develop higher innovation rates than organizations more distant from each 

other. Thus, I expect that the value of the innovation rate parameter would decrease 

with distance D j , (or increase with competition) and that the relationship can be 

specified as a power function as before. 1 Other things being equal, I expect the 

1 Evidence of a positive relationship between competition and innovation has been 
raised by studies showing that intense domestic competition motivated Japanese, American 
and European firms to search for faster cycles of product development and more efficient 
use of engineers (Cusumano 1985; Clark, Chew and Fujimoto 1987; Clark and Fujimoto 
1991). 
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innovation rate parameter to vary across organizations that differ in their distances 

according to 

H2.3: 

C2 > 0 Hypothesis: CX2 < 0 

Finally, as noted before, I expect the innovation rate to be a positive function of 

the outnovation rate.2 Both rates should increase with relative levels of expected 

rewards. However, the innovation rate depends on the relative benefits of developing 

new innovations and the outnovation rate depends on the relative costs of discarding 

prior innovations. These valuations by members are not perfectly related and the two 

processes might be not symmetric. One can expect them to be partially matched to each 

other and related by a power function with a positive exponent. Thus, other things being 

equal, I expect the innovation rate parameter to vary across organizations that differ in 

their outnovation rate. That is, the innovation rate parameter, Clj, increases with the 

outnovation rate, the parameter bi , according to 

H2.4: 

Hypothesis: 0 < CX3 

2 Consider inventory reduction in automobile manufacturing. By simplifying routines, 
for example, reducing formal papeIWork for engineering change orders, firms may speed 
up problem-solving in production and product development, hence, increase their capability 
for frequent incremental innovations (Clark and Fujimoto 1991). 
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Since in the real world other things are not being equal the general equation 2.13 

can be specified as to account for the joint determination of the innovation rate. Thus 

I will test the above hypotheses in a full model that accounts for the combined effects 

of the hypothetical conditions on the innovation rate. Such a model takes the form of 

a multiplicative power function as 

a. = a D .at D.a2 b.w 
J 0 .L'1 J J (2.14) 

Replacing Equation 2.14 in equation 2.12, the fully specified collective learning model 

of organizational growth is 

dS./S. = a R.at D.a2 b.w e-bi 
t dt (2.15) 

J J 0 J J I 

i = 1,2, ... ,n t = O,1,2, ... ,T 

where n is the number of firms in the industry and T is the length of the history of 

growth of each firm. Thus, subjected to all the hypotheses above, I expect that this 

model will describe observed patterns of organizational growth in the global automobile 

industry from 1946 to 1989. 



CHAPTER 3 

AN ECOLOGICAL MODEL OF ORGANIZATIONAL GROWTH 

Ecologists have typically specified growth and contraction processes in populations 

of organizations with the logistic-based Lotka-Volterra (LV) model (Hannan and 

Freeman 1977; Aldrich 1979; Carroll 1981; McPherson 1983; Brittain and Wholey 

1988). Although most of the ecological studies have focused on the population and 

community level of analysis, Tuma and Hannan (1984) suggested that formal competi

tion models (originally applied to analyze biotic populations) can be applied to analyze 

any social group or aggregate such as, a social class, a firm, or a political party (pp. 

478-479). Their suggestion for generalizing the LV model across levels of analysis 

apparently reflects Brody's (1945) assertion that "the general similarity between curves 

of growth of individuals and of populations is not surprising, since ultimately both are 

collections of individuals" (p. 496). Therefore, one can conceptualize the dynamics of 

organizational growth as an ecological phenomenon and use the LV -model to specify 

how the growth of an individual organization depends on the growth of other 

organizations. It is not necessary that interorganizational competition be specified in 

terms of density. The constraining factor in such a LV model can also be specified in 

terms of the sizes or mass of other organizations (cf. Barnett and Amburgey 1990). 
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However, the LV model has several important drawbacks as far as the present 

research is concerned. It is also important to consider them now because methodological 

and theoretical issues are very closely connected. Since the LV -model does not have an 

explicit solution it cannot be directly estimated, but indirectly through the use of an 

exact-discrete approximation to which standard linear regression methods can be applied 

(e.g., Carroll 1981). Although this practice is computational convenient, it has 

important limitations. The indirect estimation method does not yield quantitative criteria 

--e.g., a t-Test-- for testing parameter hypotheses for the original LV-mode1. 1 The 

indirect estimation also does not provide estimates of fit for testing the empirical 

adequacy of the original model under substantive consideration against an alternative 

mode1.2 Thus, the estimation of linearized versions of an original LV-model can do 

much for many research purposes but not in helping in the comparative empirical testing 

of alternative theoretical models. 

1 Parameter hypotheses are a critical component of model testing and they apply to 
the original parameters not to transformed parameters. If written, these hypotheses 
explicitly specify the range of applicability of a model, thus, they serve as scope statements 
(Walker and Cohen 1985) that make the model a conditional theory. When empirically 
tested, parameter hypotheses open wider opportunities for falsifying the underlying model. 
This is why parameter hypotheses are so valuable in discriminating between alternative 
models. The present research shows this important issue in comparative empirical testing of 
alternative theoretical models. 

2 For example by comparing residuals sum of squares, cumulative R2, or, rate r2 

(Pitcher and Hamblin 1982). These measures of fit are particularly important in 
comparative empirical testing because they help adjudicate on alternative models not only 
differing in terms of included variables but also in terms of functional forms of 
relationships (see Pitcher et al. 1978; Hamblin et al. 1979; Sharif and Ramanathan 1984). 
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An alternative way to apply the LV-model to data is to solve the model for an 

equilibrium-state. This requires the assumption that the social system represented by the 

model is also in equilibrium, that is: all organizations in this system have stopped 

growing simultaneously, their growth rates have become zero, or closely so, and every 

organization has reached its maximum size. This assumption may hold only over a short 

period. During few consecutive time points, say two years, organizations may grow or 

contract relatively little, so a researcher can assume equilibrium without making a 

significant amount of error (e.g., McPherson 1983). However, reality may only seem 

to be stable in the short-term because the growth process may be protracted over the 

long-term. In the case of a long-term analysis, as in the present study, the assumption 

of temporal equilibrium is untenable. 3 

I have chosen not to use the logistic-based LV-model for the reasons I described 

above. However, I do derive a logistic process to model the mechanism of growth of 

individual organizations and the long term effects of differential environmental 

conditions on their growth. Before I consider these ecological effects, I model first the 

process of logistic growth. Ecologists have suggested this process be used to study 

3 For instance, Toyota expanded its worldwide production between 1945 and 1985 by 
114,000%, between 1985 and 1987 its growth rate was null, and since 1987 Toyota has 
grew by about 10 percent per year. These growth paths are not atypical of other Japanese 
and Korean producers. They suggest the assumption of equilibrium not only is unwarranted 
in the long-term but in the short-term as well, at least in the global automobile industry for 
the historical period I am considering. 
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organizational growth at different levels of analysis (Carro111981; Hannan and Freeman 

1977; Aldrich 1979).4 

3.1 The Organizational Growth Process 

Ecologists assume that organizations have virtually no influence on their 

environmental conditions mostly because they are relatively inert in changing structures 

and strategies but also, in part, because occasional adaptive efforts only by chance 

correspond with successful environmental outcomes (Hannan and Freeman 1989). 

Consider an inert but lucky organization drawing on affluent markets for 

sustenance. For example, an hypothetical automobile firm producing and selling to 

nondiscriminating and ever-expanding world markets without competitors around. Since 

there are no interacting limits on organizational size in this ideal situation, the auto-

maker grows virtually unrestricted over time at a constant rate that primarily reflects a 

particular type of strategy and structure held invariant by intrinsic inertial forces. This 

assumption can be specified in a differential equation as 

4 Early studies of organizational growth also used the logistic process to describe the 
growth of single organizations (Haire 1959; Draper and Strother 1963), yet these studies 
did not go further than mere equation fitting and slighted ecological issues altogether. In 
contrast, McPherson (1983) derived a LV-model of competition for various types of 
voluntary associations from an hypothetical logistic process describing the growth of a 
single organization. 
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(3.1) 

where dS/dt is the instantaneous growth rate, the parameter a is the constant growth 

rate, and S is the size of the organization at current time. 

Real organizations, however, grow under conditions that differ from those 

suggested in equation 3.1. Ecologists assume that the process of organizational growth 

is constrained by available environmental resources (Carroll 1981; McPherson 1983). 

For any given level of resources there is a ceiling on organizational size. I denote S' the 

ceiling on the size S of an organization. Thus, the current argument expands equation 

3.1 into the logistic differential equation 

dS/dt = lPS(l - SIS') lP>O (3.2) 

where the term (I-SIS') measures the ongoing depletion of the organizational resource 

base in terms of the fraction of the ceiling that the organization can further growth. The 

parameter tI» measures the characteristic "speed of adjustment" of organizational size S 

to its ceiling S' (cf. Nielsen and Hannan 1977; Carroll 1981). For instance, the larger 

the value of the parameter tI» the faster the speed at which the size of an organization 

approaches its upper limit. It is important to note that the ceiling S' is independent of 

the speed tI» at which an organization grows (Carroll 1981). 



63 

Mathematical models can be useful tools for data reduction (Ehrenberg 1975), or 

appropriate integrating devices for compressing a complex structure into one or few 

measures (Coleman 1964). In this vein equation 3.2 can be used in empirical analyses 

as a pure descriptive device that summarizes the complexity of the organizational growth 

phenomenon into two parameters, S' and tP. These parameters measure the size ceiling 

and the speed of adjustment of an organization including the integrated end effects of 

exogenous (environmental) and endogenous (organizational) factors. As such, equation 

3.2 is an alternative growth model that can serve to test the hypothesis H2.1 that I 

developed in the previous Chapter. 

Equation 3.2, however, does not make explicit how exogenous and endogenous 

factors condition the logistic growth process. The question is what explains interflrm 

differences in the trends of organizational growth. To make the structure of conditions 

explicit, whereas avoiding the route to a LV-speciflcation for the reasons I mentioned 

above, I have chosen a different modeling strategy. It focuses on the speed of 

adjustment parameter q, in equation 3.2 and treats it as a dependent variable. But before 

I elaborate the strategy I propose, it is necessary to present the background of my 

choice. 

The characteristic symmetry of the logistic growth process described by equation 

3.2 --the bell-shaped trajectory of dS/dt-- stems from the fact that it involves two 

interdependent subprocesses that simultaneously operate one against the other at equal 
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rate. The flrst subprocess --reproduction -- is the positive feedback between the 

instantaneous growth rate dSldt and the exponentially increasing level S as represented 

by equation 3.1. This subprocess dominates the dynamics of organizational growth in 

the early period when S is small relative to S', and the term (1-S/S') is approximately 

equal to one, which indicates that the discount effect of consumed resources on the 

initial growth period is relatively insignificant. In this initial period, the time path of 

change in the size of an organization rises slowly. Bhaskar (1980) explains this initial 

slow growth by indicating that during the start-up of any large-scale automobile 

production a number of key factors must be solved before take-off occurs: the 

recruitment and training of employees; the access to financial markets and the 

recruitment of capital; the development of adequate industrial infrastructure (factories, 

equipment, technology, suppliers, distribution networks and dealership); the settlement 

of political issues (governmental support, negotiation of labor contracts, "local content" 

and "export quotas"). The basic resolution of these issues, the acquisition and 

deployment of economic, social and political resources require substantial organizational 

effort and time that slow the start-up phase, but once the initial difficulties of the period 

are removed growth becomes faster. Similarly, Carroll (1981) attributes the slow 

beginning of the logistic growth process in systems of education to a lack of 

organizational experience in dealing with a variety of environmental obstacles. 

The effect of a second subprocess --resource depletion--becomes more significant 

for the organization as it continues growing. This effect is the negative feedback 
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between the instantaneous rate dSldt and the decreasing factor (I-SIS'). This subprocess 

dominates the dynamics of logistic growth in its late period, when the size of an 

organization is closer to its limit. Then, the term (1-SIS') approaches zero implying that 

the available resources are almost exhausted. When this occurs the instantaneous growth 

rate dSldt is zero and the growth process ends. 

The two opposite subprocesses described above influence the time path of logistic 

growth through a common multiplier, the parameter cfJ in equation 3.2. The rate of both 

subprocesses are the same and determined by the value of the parameter cfJ, the "speed 

of adjustment" characteristic of an organization. This parameter is independent from 

the ceiling S' as noted before. Whereas different values of S' only set different "scales" 

for the logistic process, different values of cfJ change the dynamic behavior of the 

process. Thus, it is important to shift the attention from S' to cfJ in equation 3.2 for 

developing an understanding of the dynamics of organizational growth from an 

ecological viewpoint. 

3.2 Interinm Variation in Growth Trends 

As a mentioned before, the modeling strategy that I suggest for making explicit 

the factors that condition the logistic growth process, focuses on the speed of adjustment 

parameter cfJ in equation 3.2 as a dependent variable. In the present study I consider 
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some exogenous and endogenous conditions that according to an ecological view may 

be the main source of interfirm variation in this parameter. Also, I assume that <P is 

time-constant for each flrm. 

Several conditions have been identified as factors affecting the organizational 

"speed of adjustment" (Nielsen and Hannan 1977; Carroll 1981). The three major 

conditions are the level of environmental resources, the level of interorganizational 

competition, and, the level of organizational complexity, which I denote R;, Cjo and, K;, 

respectively. Thus I propose to explain the intemrm variation in the speed of adjustment 

parameter <Pi with a general model of the form 

(3.3) 

where F is an unknown function, and {3 is a vector of structural effects.5 An important 

substantive question concerns the specification of the function F. To this I now turn. 

As noted before, one condition that may affect the organizational speed of 

adjustment is the level of environmental resources. Carroll (1981), following Nielsen 

5 The variables and parameters in function F are descriptive measures of the structure 
of differential conditions and their effects upon organizational growth. The variables Rio Ch 

and, ~ are aggregated measures of the level of environmental resources, 
interorganizational competition, and, organizational complexity respectively for the ith 
organization. The vector of parameters fJ summarize the end effects of these factors on the 
growth process. 
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and Hannan (1977), argued that organizational speed of adjustment is faster in rich 

environments than in poor environments. This argument implies a positive relationship 

between level of resources and organizational speed of adjustment, but it does not 

suggest what the functional form of the relationship might be. Yet, it is plausible to 

assume that organizations are more sensitive to resource fluctuations when there is a low 

level of resources than when resources are at high levels, given a similar level of 

competition. That is, organizational speed of adjustment increases with level of 

environmental resources at decreasing rate. As mentioned above, a power equation is 

a simple functional form that implies such a relationship. Thus, "other things being 

equal," I expect the speed of adjustment parameter to vary across organizations that 

during their histories were exposed to different levels of resources according to 

H3.1: 

Hypothesis: 0 < {3, < 1 

Second, I consider the effect of competition on the organizational speed of 

adjustment. From a footnote in Nielsen and Hannan (1977) it follows that competition 

decreases the organizational speed of adjustment at a given level of resources. Since all 

organizations in the global automobile industry are presumable interdependent, in the 

sense that all compete for consumers in somewhat overlapping world markets, the 

growth of each organization affects the growth of all others. However, competition does 
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not affect all organizations with equal strength because it is localized in size distribution 

--a stronger competition for the same resources exists among organizations that are 

similar in size (Hannan and Ranger-Moore 1990). Hannan and Ranger-Moore suggested 

that distance (in terms of size) from other organizations in the population increases 

growth rates at a decreasing rate, namely, the smaller the value of distance D j the 

stronger the competition Cj and viceversa assuming that a power function models the 

relationship. By implication, I assume that organizational speed of adjustment increases 

with distance at decreasing rate. Thus, I use a power function to model the relationship 

and expect a positive power exponent less than 1.0. Thus, "other things being equal," 

I expect the speed of adjustment parameter to vary across organizations that differ in 

their size distances according to 

H3.2: 

Hypothesis: 0 < {32 < 1 

Finally, organizational ecology assumes that organizations are characterized by 

relative inertia, that is, they are incapable of changing their structures and strategies as 

quickly as environmental changes (Hannan and Freeman 1989). Nielsen and Hannan 

(1977) and Carroll (1981) have assumed structural inertia and suggested that higher 

levels of organizational complexity decreases the organizational speed of adjustment. 

Their argument only indicates the direction of the theoretical relationship and not its 
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functional form. Given the lack of theoretically based alternative it seems reasonable to 

assume that organizational speed of adjustment is relative insensitive to variations in 

complexity when complexity is at high levels, and that the relationship is stronger at the 

lower range of complexity. That is, complexity decreases the organizational speed of 

adjustment at decreasing rate. A power equation is a parsimonious functional form that 

implies such a relationship. Thus, "other things being equal," I expect the speed of 

adjustment parameter to vary across organizations that differ with respect to their level 

of organizational complexity according to 

H3.3: 

Hypothesis: {33 < 0 

Since in the empirical world it is not safe to assume that other things are hold 

equal, I introduce the hypothetical conditions described above in equation 3.3 through 

a multiplicative power function to specify their joint determination of the speed of 

adjustment parameter. Thus, the functional form of equation 3.3 is 

(3.4) 
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Replacing equation 3.4 in equation 3.2, the fully specified ecological model of 

organizational growth is 

(3.5) 

i = 1,2, ... ,n t = O,I,2, ... ,T 

where n is the number of firms in the industry and T is the length of the history of each 

firm. Thus, subject to the above hypotheses, I expect that this model will describe the 

observed patterns of organizational growth in the global automobile industry from 1946 

to 1989. 



CHAPTER 4 

MEmODS 

4.1 Data 

Empirical studies of organizational growth have typically been designed to analyze 

either a large sample of firms (e.g., Evans 1987), the Fonune's largest firms (e.g., 

Fligstein 1990), or firms from a narrowly defined industry (e.g., Eisenhardt and 

Schoonhoven 1990). In the present study I follow the latter strategy. The first and 

second design-strategies downplay direct competition among organizations since they 

combine diverse set of firms that operate in many industries and markets for labor, 

technology, raw materials, and products (although sampled firms may compete among 

themselves in financial markets and some labor markets). Moreover, pooling data across 

many industries and markets and including a diverse set of firms in one broad sample, 

enhance spurious variation in the data due to random shocks in the histories of diverse 

environments and in the behavior of firms in those environments. 

Since my primary purpose is to collect growth data on firms that directly compete 

in common markets I follow the third design-strategy, namely, to focus on a narrowly 
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defined industry. I chose to reduce the noise due to random interindustry variation by 

focusing on a single industry and thus increasing the likelihood of detecting the 

processes hypothesized in the substantive organizational growth models. Furthermore, 

since I am interested in describing and explaining trends of organizational growth in the 

long-term, I chose to focus on an industry for which nearly complete data about firm 

growth are available by year over long periods. Thus, I chose the international 

automobile industry after World War ll. The end of the War marked the beginning of 

a new era of dramatic development for the automobile industry caused particularly by 

an unprecedented commercial competition among multinational corporations over global 

markets for automobiles (Altshuler et al. 1984). 

The population of firms in this study are organizations that have manufactured, 

marketed, and sold motor vehicles worldwide from 1946 to 1989. This population 

includes mostly North American, Western European, Japanese, and Korean firms. Their 

combined production in 1988 accounted for 89 % of the total worldwide production of 

vehicles in the same year (World Motor Vehicle Data--Motor Vehicle Manufacturers 

Association of the United States). The rest, about 10 percent, of the world production 

pertains primarily to national industries in Eastern Europe, former U.S.S.R., and Latin 

America, which have mostly produced for local markets. Thus those national automobile 

industries are not included in the present analysis. 
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The main data-set contains virtually complete time series of yearly records about 

motor vehicle production for each one of 36 world automobile firms in the period from 

1946 to 1989. The data-set includes firms with substantial variations in growth, 

including firms that failed (e.g., AMC), firms that survive but hardly regained their lost 

share (e.g., General Motors), and others that become success stories (e.g., Toyota). The 

firms in the data-set also differ in their a) methods of production and product 

development (Womack et al. 1990; Clark and Fujimoto 1991), b) spatial configuration 

in and across countries and regions (Bloomfield 1990), c) corporate size (e.g., large as 

Ford and small as Saab) and, d) ownership structure (e.g, wholly government-owned 

as Renault, partially government-owned as Volkswagen, and privately owned as Ford, 

[see Stopford 1982]). 

The data come from a variety of sources, principally from various editions of the 

World Motor Vehicle Data published by the Motor Vehicle Manufacturers Association 

of the United States. I used additional industry sources (e.g., Bhaskar 1980, Cusumano 

1985, and Moody's Industrial manuals) to complement and cross-check the data. I did 

not find significant discrepancies (more than 2 percent) among data compiled by 

overlapping sources, which evidences the reliability of the data I used in the analyses. 

The goodness of fit of the models, as I will show in the next chapter, is further indirect 

evidence of the validity of these data. 
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The origin of the time series data about each firm was generally dated by the first 

listing of the firm in the manuals of the World Motor Vehicle Data. When firms began 

production before the listing I used information from additional industry sources to 

extend the series back in time to the date of initial production within the relevant period 

of study. For all the time series that I collected there was a virtually complete track of 

the annual firm growth from beginning of production through the present (1989) or up 

to the date that the firm disappeared from the World Motor Vehicle Data lists either 

because the finn failed (e.g., AMC) or merged. 

I treated mergers in the following way. When they occurred (e.g., Peugeot

Citroen in 1975, NSU-VW-AutoUnion in 1969, Glas-BMW in 1968) I considered the 

largest firm involved in the merger as the buyer (e.g., Peugeot) and the resulting firm 

(e.g., PSA) as its continuation. I treated the other partners in the merger as if they went 

out of business (e.g., Citroen) unless they continued manufacturing motor vehicles under 

original nameplates (e.g., Lancia [see Dyer, Salter and Webber 1987]). In the latter case 

I treated the finns separately. Although this procedure is somewhat arbitrary, Mansfield 

(1962) suggests that no other procedure seems definitely preferable. The robust 

estimates and relative high goodness of fit of the growth models on all the cases defined 

by this procedure indicated that the procedure does not substantively affects the 

conclusions. 
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Since there are several ways that the collective learning model could be falsified 

versus an alternative model, an important substantive question is whether the learning 

and innovation assumptions underlying the collective learning model are consistent with 

empirical data. Thus, I looked for longitudinal evidence about innovation in 

organizations (in this case of any kind). My goal was to use such data in further 

empirical analyses to evaluate directly the derivation of the collective learning model, 

particularly its components regarding the learning curve and innovation processes. 

There has been very few longitudinal studies that could provide the needed data. 

From those that I found, particularly in the Strategic Management literature, I assembled 

a data-set that included time series on technological change for two Japanese auto 

makers (based on Takano, Iwai, and Sakamoto 1986), changes in new models for a 

German auto-maker (based on Mintzberg and Mintzberg 1988), strategic changes for 

a Canadian airline (based on Mintzberg, Brunet and Waters 1986), strategic changes for 

a Canadian manufacturer of women's undergarments, notably brassieres (based on 

Mintzberg and Waters 1984), and patterns of production for a Canadian film-maker 

(based on Mintzberg and McHugh 1985). These innovation data are rich in details and 

cover changes in virtually all areas on which organizations operate (e.g, manufacturing, 

marketing, facilities, licensing, financing, organizational structure, technology, and the 

like). I tracked the changes in these areas annually, as reported for each firm by the 

data sources. The counting of these changes constitutes the basis for constructing the 

time series that I used. These data involve two alternative measures of innovation (cf. 
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Hamblin et al. 1973). The first measure is cumulative numbers of innovations over time 

(e.g., number of unique films or number of new models of automobiles per year). The 

second measure is cumulative direct effects (e.g, fuel economy or engine power) of 

innovations over time. The data also cover long periods, Le., between three to four 

decades, and include organizations involved in different industries. Chapter 6, Table 6.1 

presents the data-sets and the analyses. 

The empirical analyses of the innovation assumptions on these auxiliary data 

should not be regarded as a formal test, rather as a preliminary evaluation of the 

empirical validity and theoretical relevance of the model and its components. A formal 

empirical test would require a probability sample of all industrial fIrms for which 

complete histories of innovation could be obtained and measured. Presently, the lack of 

historical data for all but a few organizations precludes such an ideal formal test. 

4.2 Measures 

The variables in the estimation equations 4.2 and 4.3, which I describe in the next 

section, are firm size, Sh and time, ~, which is the age of the ith fIrm. The analyses 

always begun at t=O. I measured fIrm size in terms of the cumulative total worldwide 

production of a fIrm including its domestic production and production from plants 

outside parent country. Although the most frequently employed measures of firm size 
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are assets, sales, profits, or employment, I use production to gauge size for several 

reasons. First, financial data involve random variability due to differences in accounting 

procedures over time and across firms. In contrast, production records are 

straightforward data (i.e., counts of manufactured units) and thus more consistently 

reported. Second, employment records are not always available. In contrast, nearly 

complete production data are available by year over long periods for all automobile 

firms and their records are reliably reported as one goes further back in time. Finally, 

past research regarded volume of production as a valid measure of firm size (Mansfield 

1962) and as one of the most tangible organizational outcomes that firms observe in 

evaluating their relative market positions against one another (White 1981). 

The dependent variables in parameter equations 2.14 and 3.4 are the innovation 

rate, a;, and the organizational speed of adjustment, «I»j, respectively. I gauged these 

variables with estimates from the prediction equations 4.2 and 4.3 on longitudinal data 

for every firm. The independent variables in parameter equation 3.4 are complexity (KJ, 

resources (RJ, and distance (DJ. I gauged Kj in terms of the total cumulative size of 

the ith firm. I measured ~ in terms of the accumulated total worldwide new 

registrations of motor vehicles over the entire period of the ith firm. I gauged the value 

of Dj with the formula suggested by Hannan and Ranger-Moore (1990), namely 

(4.1) 
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where D j is the Euclidean distance of the ith firm from all others gauged in terms of 

size. The independent variables in the parameter equation 2.14 are resources (RJ, 

distance (DJ, and outnovation rate (bJ. I measured ~ and D j as before. I gauged bj with 

the respective estimate from prediction equation 4.2 on longitudinal data for every firm. 

4.3 Estimation 

I estimated the alternative differential equation models, equations 2.15 and 3.5, 

by first estimating the alternative trend equations 2.12 and 3.2, then estimating their 

respective parameter equations 2.14 and 3.4. In the rest of this section I present this 

two-stage estimation strategy. 

4.3.1 Trend Equations 

I analyzed time series data about 36 automobile firms to assess the empirical 

adequacy and theoretical relevance of the alternative trend equations 2.12 and 3.2 for 

the histories of growth of these firms. Using the collective learning model, I analyzed 

each firm's history separately as if it were a single case study, but all 36 firms were 
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treated similarly as if the case study had been replicated 36 times. Then using the 

ecological model I repeated the analyses on the same data-sets. 1 

To obtain explicit prediction equations for the analysis of trends in organizational 

growth histories, I solved equations 2.12 and 3.2 by integration. The solution of the 

differential equation 2.12 yields a Gompertz equation that for the purpose of estimation 

takes the form 

S = s exp(-c exp(-bt) + e (4.2) 

where S is firm size, s is the asymptote on size towards which the growth process 

converges in the long term, c is an empirical parameter equal to alb, where the 

parameters a and b are as defined before, and e is an additional component that 

represents random deviations from the long-term trend due to measurement errors, 

exogenous shocks, indeterminacy in short-term trial-and-error learning, etc. The integral 

solution of the ecological model, equation 3.2, is the logistic equation that for the 

purpose of estimation takes the form 

1 Since the main dataset includes the population of firms and the historical period 
about which I make conclusions, sampling selection bias is not a problem in the present 
analyses. In other words, the model estimates obtained on these data are the best unbiased 
estimates for the firms in the world automobile industry in the period under consideration. 
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S = S' /(1 + A exp(-<I>t)) + e (4.3) 

where A is an empirical parameter and s', ~ and e are as defined before. 

I directly estimated the prediction equations 4.2 and 4.3 with the NLIN-SAS 

statistical program (SAS Institute 1985). The specification of this nonlinear procedure 

was the same in the estimation of both trend equations. That is, both models were 

estimated under similar NLIN-SAS setups: equal limit on the number of iterations (set 

to 300) before the procedure gives up trying to converge, similar convergence criterion 

(the SAS default of 10-8 for the minimum residual sum of squares), and free estimation 

(Le., there were no bounds on parameter estimates). The latter feature expanded the 

opportunities for falsifying the model to be estimated, i.e., it allowed the procedure to 

select from the set of all possible parameters values a subset of estimates that rebut the 

underlying theory. 

The nonlinear method I used works as an iterative process; starting from initial 

parameter values chosen from a range of possible values, the algorithm generates a 

sequence of improving estimates until they converge, that is, the residual sum of squares 

reaches the criterion. During the iterations, the procedure tries to find final values of 

parameters by evaluating the sequence of their previous values. Since this is essentially 
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an automatic history-dependent process, different initial conditions may lead to different 

outcomes. Thus, I checked the sensitivity of the final estimates to variation in initial 

values. 

To examine this issue I experimented with different initial values ranging from 

minus 70 percent to plus 70 percent of the values of parameters given in Tables 5.1 and 

5.2. This experimental range is somewhat arbitrary. I chose this range because it 

represents enough inaccuracy in the initial values provided to the nonlinear regression 

procedure to hypothetically cause notable differences in the final estimates. Then, I 

observed the sensitivity of final estimates to initial values, which is defmed as the ratio 

between the range of change in final estimates to the range of change in initial values. 

Table 4.1 presents the results of these experiments on selected data-sets with equation 

4.2. According to these results there are no final estimates significantly sensitive (more 

than 2 percent) to variation in initial values. These results indicate that the nonlinear 

procedure in the present analyses is quite robust regarding initial conditions. This 

conclusion is further supported by Lawrence and Arthur (1990) who did a series of 

experiments involving different data-sets to obtain the best nonlinear estimates for the 

parameters of the Gompertz and Logistic models. They found that the final estimates 

of these models, obtained by the same SAS-nonlinear regression procedure used in the 

present analysis, are not influenced by the accuracy of initial values and the method of 

their choice. 
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Table 4.1: Analysis of the sensitivity of estimates of equation 4.2 to variation in initial 
values. 

Data-Set! Range of Range of Sensi-
Parameter Initial Values a Estimates tivity b 

GM 
s 148.0 842.0 495.152 495.140 .00002 

(13.884) (13.844) 

c 1.2 7.3 4.270 4.270 .00000 
(.031) (.031) 

b .01 .08 .044 .044 .00000 
(.001) (.001) 

TOYOTA 
s 43.0 243.0 142.426 142.425 .00001 

(4.011) (4.011) 

c 4.0 25.0 14.594 14.594 .00000 
(.353) (.353) 

b .02 .12 .068 .068 .00000 
(.001) (.001) 

VW 
s 31.0 177.0 104.939 103.736 .00824 

(5.617) (2.428) 

c 2.0 14.0 7.602 7.741 .01158 
(.080) (.155) 

b .02 .1 .063 .064 .01250 
(.001) (.001) 
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Table 4.1: (continued) 

Data-Set! Range of Range of Sensi-
Parameter Initial Values a Estimates tivity b 

VOLVO 
s 6.0 36.0 20.862 20.896 .001l3 

(1.179) (1.185) 

c 2.0 13.0 7.418 7.413 .00045 
(.170) (.169) 

b .01 .09 .051 .051 .00000 
(.002) (.002) 

MAZDA 
s 17.0 102.0 59.910 59.910 .00000 

(3.331) (3.330) 

c 1.0 9.0 5.299 5.299 .00000 
(.037) (.037) 

b .01 .1 .057 .057 .00000 
(.002) (.002) 

RENAULT 
s 46.0 264.0 154.998 154.993 .00002 

(8.410) (8.418) 

c 2.0 12.0 7.116 7.116 .00000 
(.065) (.065) 

b .01 .07 .041 .041 .00000 
(.001) (.001) 

a The lower and upper limits are about ± 70 percent of the parameter estimates given 
in Table 5.1. 

b Sensitivity = Range of Estimates/Range of Initial Values 

Note: Numbers in parentheses are asymptotic standard errors. 
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The measure of goodness of fit of the trend equations 4.2 and 4.3, were based on 

rate r2 (pitcher and Hamblin, 1982; Hamblin et al. 1973). In the mathematical sciences 

the conventional measure of fit of an integral equation is the cumulative r2 between 

expected and observed trends. Gauged on cumulative data, r2 for alternative trend 

equations typically yields values of about .99. Such typical high values, however, are 

not useful for assessing the empirical adequacy of, and discriminating between, 

alternative models formulated as differential equations, as they are in the present study. 

In contrast, rate r2 gauges the extent to which the trend --estimated using the integral 

equation-- accounts for the variation in rate data. For the ith firm I calculated the value 

of r2i on rate data according to 

(4.4) 

where Yi is the observed time series data --in this case total worldwide production-

about that firm and Yi is the time series data predicted for the firm by the integral 

equation. Thus, rate r2 provides a more variable measure of goodness of fit of a 

differential equation model than the conventional cumulative r2; it is a more sensitive 

and rigorous criterion for comparative empirical testing. 
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4.3.2 Parameter Equations 

The fIrst stage of the estimation of the alternative growth models provided 

empirical values for the parameters a; and il>j of substantive interest --i.e., alternative 

measures of interfIrm variability in growth trends. In the second stage I analyzed these 

growth measures. Treating them as dependent variables, I proceeded to estimate the 

values of the coeffIcients in their respective parameter equations 2.14 and 3.4. 

Since parameter equations 2.14 and 3.4 can be linearized by transforming their 

variables to logarithms, their coeffIcients can easily be estimated with ordinary least 

squares in a standard linear regression analysis. For the collective learning model, the 

logarithmic transformation of equation 2.14 yields the linear equation 

Log a = Ao + Al Log R + A2 Log D + A3 Log b (4.5) 

Similarly, for the ecological model the logarithmic transformation of equation 3.4 yields 

the linear equation 

Log <I> = Bo + B I Log R + B2 Log D + B3 Log K (4.6) 

Before testing the parameter hypotheses that I developed for equations 2.14 and 

3.4, it was necessary to evaluate the extent of multicollinearity in the linear 
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transformations, equations 4.5 and 4.6. Multicollinearity increases the standard errors 

of estimates and makes them less precise (Hanushek and Jackson 1979). This problem 

can impair the ability to evaluate the models thus precluding a valid test of the 

hypotheses. The best procedure to diagnose multicollinearity in a set independent 

variables is to regress each variable on all the other variables (Lewis-Beck 1980). In 

contrast to the standard practice of examining bivariate correlations to detect 

collinearity, the method of diagnosing by regression takes into account linear 

combinations among several independent variables. Lewis-Beck (1980) recommends to 

use the largest of the r2s from these regressions as an indicator of the amount of 

multicollinearity in the linear model under consideration. I did this analysis and the 

results are in Table 4.2. 

As Table 4.2 shows, there are moderate levels of multicollinearity in the sets of 

logarithmic variables. For the independent variables in equation 4.6 the largest r2 is .59, 

which results from the combination of LogK and LogD. For the independent variables 

in equation 4.5 the largest r2 is .66, which results from the combination of LogD and 

Logb. Clearly, these results indicate that if the linearized parameter equations 4.5 and 

4.6 are estimated, they would yield relatively poor estimates of coefficients. 
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Table 4.2 Ordinary least squares estimates and R2 from regressions among 
the independent variables in the linear transformations equations 4.5 and 4.6. 

Equation 4.6 Equation 4.5 
Independent 
Variables LogR LogD LogK LogR LogD Logb 

LogR .67 1.82 .77 -.82 
(.17) (.99) (.19) (.26) 

LogK .06 .04 
(.03) (.04) 

LogD .54 1.09 .49 -.03 
(.14) (.92) (.12) (.24) 

Logb -.32 -.02 
(.10) (.15) 

Constant 3.27 1.26 -15.91 2.80 .64 2.72 
(.74) (1.05) (4.44) (.59) (.99) (1.16) 

N 31 31 31 31 31 31 

R2 .59 .56 .38 .66 .54 .45 

Note: Numbers in parentheses are asymptotic standard errors. 
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The conventional solutions --discarding problematic variables, forming indicators, 

expanding sampling frames-- for dealing with the problem of multicollinearity do not 

make conceptual sense and are impractical in the present research design. Thus, I chose 

a different strategy: to focus on the functional form of a model. 

The functional form of a model is an important element of model specification and 

estimation. As Hanushek and Jackson (1977) remarked in reference to the situation of 

multicollinearity, the problem of model specification is not only which variables should 

be included or excluded in a model, but also what specific functional form the model 

should take. In the estimation of a model the use of an appropriate functional form is 

very important because different functional forms for a similar substantive relationship 

will yield different parameter estimates, different goodness of fit and, thus, different 

substantive implications (Easing wood et al. 1983; McDonald and Ransom 1979; 

Hamblin et al. 1979; Pitcher et al. 1978). Thus, I chose to estimate parameter equations 

specified with their original nonlinear forms --Le., equations 2.14 and 3.4 -- rather than 

their linear transformations. Then I proceeded to estimate equations 2.14 and 3.4 with 

the NLIN-SAS procedure using weighted nonlinear least squares to correct for 

heteroscedasticity. The inspection of the residuals from the unweighted nonlinear 

estimation of both equations showed a tendency of the residuals to increase with the 

magnitude of the dependent variable. Seber and Wild (1991) and Mannervik (1981) 

suggest to use a weighing factor of the form l/y2 where y is the predicted values for the 
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dependent variable for cases of "constant relative errors" --errors proportional to 

response variables. A check of the residuals from the present analyses showed the 

adequacy of this weight. 

In summary, in this study I followed an estimation strategy based on a two-stage 

nonlinear regression analysis of time series data about fIrm growth in the international 

automobile industry from 1946 to 1989. In the fIrst stage I estimated alternative 

prediction equations --developed in Chapters 2 and 3 -- for long term trends in fIrm 

growth. In the second stage I analyzed parameter equations that explain the variation of 

these trends across fIrms. In the process, I compared the empirical adequacy and 

theoretical relevance of the alternative differential equation models. I based this 

comparative empirical testing on the criteria of goodness of fit --gauged by rate r2 -- and 

tests of parameter hypotheses. In the next chapter I will present the comparative results 

and the selection of the better growth model. 



CHAPTER 5 

COMPARATIVE RESULTS 

In this chapter I report the analyses of the data-set about histories of growth of 

fIrms in the international automobile industry from 1946 to 1989. The first section 

reports the results of the analyses performed with trend equations 4.2 and 4.3. The 

second section reports the analyses performed with parameter equations 2.14 and 3.4. 

The last section discusses the findings, particularly an exceptional case in which the 

present models could not be discriminated unambiguously, suggesting the limits of these 

models and the nature of the data. 

5.1 Describing Histories of Organizational Growth 

The analysis of trends in the histories of organizational growth are reported in 

Tables 5.1-5.2, summarized in Table 5.3, and illustrated in Figures 5.1-5.lD. As it 

turned out, both prediction equations 4.2 and 4.3 did not yield conclusive results in the 

analyzes of five time series --Suzuki, Hyundai, Daewoo, Kia, and Asia. Thus, I 

90 
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excluded these data from the comparative empirical test of the alternative models. 1 

However, this instance of ambiguity for the alternative models is remarkable because 

most of it arises from data about South Korean firms. Thus, this exceptional case 

presents an opportunity to learn about the empirical limitations of the present formula-

tions, particularly in light of existing knowledge about the nature of the data that 

pinpoints such limits. I discuss this issue in the final section. 

The results of the analyzes of time series data about the growth of 31 automobile 

firms are reported in Table 5.1 for trend equation 4.2 (collective learning model) and 

in Table 5.2 for trend equation 4.3 (ecological model). As these tables show, the 

nonlinear estimation of the alternative trend equations yielded consistent asymptotic 

estimates of parameters for all firms and relative high goodness of fit for virtually all 

of them. These results indicate that both models described trends in growth rates of 

different automobile firms quite well. The important substantive question is whether 

these results show systematic differences between the alternative models. 

1 So far the data about the histories of growth of these firms constitute an inappropri
ate empirical ground for discriminating between the alternative growth models. Both 
prediction equations 4.2 and 4.3 yielded statistically non-significant parameter estimates in 
all these cases. Thus, the models cannot be compared conclusively. This outcome 
apparently is due to the strong exponential trends in the data. The fit of an exponential 
equation to the five time series yielded robust estimates with an average rate r2 (.872) 
slightly higher than the average r2s of equation 4.2 (.840) and equation 4.3 (.861). 
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To see differences I arranged Table 5.3, which compares the alternative models 

on two summary measures of goodness of fit: mean rate-r2 and mean residual-sum-of

squares. According to both measures the collective learning model described the 

empirical histories of 31 world automobile firms better than the ecological model, in 

general. The collective learning model yielded, on the average, higher rate r2 's, lower 

residual-sum-of-squares, and narrower standard deviations from the mean of these 

measures. These results suggest that the collective learning model might be more robust 

and precise than the ecological model. Then I subjected this suggestion to a comparative 

formal test. 

This test addressed the null hypothesis that I posed in Chapter 2, H2.!, according 

to which the collective learning model does not fit the time series data better (Le., it is 

similar or worse) than the ecological model. Since I estimated r2 on rate data it yielded 

a more variable measure of fit than the measure of residual-sum-of-squares, which is 

estimated on cumulative data. Thus I choose rate r2 as the criterion for discriminating 

between the alternative models. 

Since the form of the distributions of r2s for these models is not known, I used the 

standard nonparametric Mann-Whitney/Wilcoxon test (Conover 1971). I obtained a test 

statistic that succeeded to reject the null hypothesis at the .05 level of significance. I 

report the results in Table 5.3, which clearly indicates that the collective learning model 

is more precise and robust descriptor of the time series data about the histories of 
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growth of the 31 firms in the international automobile industry between 1946 and 1989 

than the ecological growth model on the same data-set. To illustrate these results, 

Figures 5.1 to 5.10 plot the fit of the paths of firm growth expected from the collective 

learning model, equation 4.2, to the observed histories of growth of ten selected firms. 
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Table 5.1 Values of the parameters of equation 4.2 (collective learning model) 
estimated by nonlinear regressions on time series data for 31 firms in the international 
automobile industry from 1946 to 1989. 

Firm s c b r2 

GM (1946-89) 495.140 4.270 .044 .834 
(13.887) (.021) (.001) 

Ford (1946-89) 332.564 4.452 .045 .851 
(9.462) (.036) (.001) 

Chrysler (1946-89) 123.471 3.932 .049 .413 
(7.271) (.082) (.003) 

Renault (1946-88) 154.977 7.166 .041 .976 
(8.409) (.065) (.001) 

Peugeot (1946-88) 621.970 8.955 .026 .954 
(207.627) (.139) (.002) 

Fiat (1949-88) 58.412 6.257 .069 .900 
(1.433) (.137) (.002) 

AlfaRomeo (1953-88) 8.860 6.321 .064 .934 
(.404) (.136) (.002) 

VW (1946-88) 103.735 7.741 .064 .932 
(2.439) (.155) (.001) 

Benz (1946-88) 49.154 7.167 .044 .986 
(1.807) (.059) (.001) 

BMW (1952-88) 41.125 7.558 .040 .992 
(2.484) (.031) (.001) 

Porsche (1950-88) 22.706 7.864 .022 .832 
(11.544) (.374) (.003) 

Volvo (1946-88) 20.894 7.413 .051 .935 
(1.133) (.169) (.002) 
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Table 5.1 (continued) 

Firm s c b r2 

Saab (1946-88) 6.576 7.751 .052 .933 
(.357) (.182) (.002) 

Rover-BL (1946-88) 31.310 5.569 .078 .838 
(.543) (.152) (.002) 

Toyota (1946-88) 142.424 14.594 .068 .989 
(4.011) (.354) (.001) 

Nissan (1946-88) 92.480 17.403 .079 .993 
(1.592) (.399) (.001) 

Honda (1963-88) 106.874 6.338 .049 .961 
(20.366) (.088) (.004) 

Mazda (1960-88) 59.910 5.299 .057 .973 
(3.331) (.037) (.002) 

Isuzu (1960-89) 36.068 5.634 .047 .955 
(3.464) (.045) (.002) 

Hino (1960-88) 2.480 3.715 .075 .573 
(.089) (.050) (.003) 

Fuji (1960-88) 88.291 6.287 .035 .951 
(31.663) (.241) (.004) 

Daihatsu (1960-88) 33.021 4.947 .048 .906 
(6.510) (.103) (.005) 

Mitsubishi (1960-88) 55.912 5.953 .059 .974 
(3.514) (.055) (.002) 

Dong-A (1974-89) .156 5.459 .107 .819 
(.030) (.143) (.012) 
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Table 5.1 (continued) 

Firm s c b r2 

Autobianchi (1953-88) 3.062 7.513 .086 .807 
(.111) (.333) (.004) 

Lancia (1953-88) 34.265 6.510 .023 .883 
(17.437) (.401) (.003) 

Citroen (1946-75) 35.806 5.963 .054 .973 
(2.306) (.043) (.002) 

AMC (1955-86) 8.448 3.323 .120 .548 
(.171) (.142) (.006) 

NSU (1956-68) 3.473 5.148 .105 .964 
(1.666) (.283) (.013) 

GLAS (1955-68) .451 2.769 .248 .651 
(.016) (.143) (.018) 

AutoUnion (1950-68) 1.450 5.767 .163 .744 
(.091) (.433) (.013) 

Note: Numbers in parentheses are asymptotic standard errors. 
The goodness of fit, rate r2, is gauged on rate data. 
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Table 5.2 Values of the parameters of equation 4.3 (ecological model) estimated by 
nonlinear regressions on time series data for 31 firms in the international automobile 
industry from 1946 to 1989. 

Firm S' A <I> r2 

GM (1946-89) 317.513 25.328 .108 .701 
(8.033) (1.070) (.003) 

Ford (1946-89) 213.106 28.276 .112 .700 
(5.317) (1.281) (.003) 

Chrysler (1946-89) 87.458 21.096 .114 .344 
(1.900) (1.041) (.003) 

Renault (1946-88) 61.010 124.080 .135 .979 
(1.118) (3.931) (.002) 

Peugeot (1946-88) 60.946 290.156 .137 .958 
(2.662) (10.862) (.002) 

Fiat (1949-88) 42.865 58.502 .154 .726 
(1.081) (5.453) (.005) 

AlfaRomeo (1953-88) 5.339 74.986 .167 .910 
(.088) (3.534) (.003) 

VW (1946-88) 70.522 106.979 .152 .819 
(1.821) (10.384) (.005) 

Benz (1946-88) 21.534 122.487 .137 .960 
(.482) (5.290) (.002) 

BMW (1952-88) 10.878 156.420 .153 .986 
(.284) (4.800) (.002) 

Porsche (1950-88) 1.703 123.430 .120 .855 
(.186) (7.425) (.004) 

Volvo (1946-88) 11.332 117.641 .141 .851 
(.430) (10.633) (.005) 
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Table S.2 (continued) 

Firm S' A cp r2 

. Saab (1946-88) 3.560 134.095 .145 .846 
(.134) (12.652) (.005) 

Rover-BL (1946-88) 26.079 40.259 .155 .835 
(.196) (1.690) (.002) 

Toyota (1946-88) 77.776 768.820 .187 .947 
(2.326) (93.699) (.005) 

Nissan (1946-88) 58.650 887.341 .198 .951 
(1.343) (110.585) (.005) 

Honda (1963-88) 28.754 77.578 .187 .929 
(2.403) (4.889) (.008) 

Mazda (1960-88) 28.083 46.594 .169 .929 
(1.179) (2.420) (.005) 

Isuzu (1960-88) 12.310 54.309 .164 .934 
(.485) (1.997) (.004) 

Hino (1960-88) 1.806 17.723 .165 .257 
(.056) (1.060) (.006) 

Fuji (1960-88) 16.146 64.596 .150 .952 
(1. 791) (4.237) (.007) 

Daihatsu (1960-88) 14.212 36.241 .148 .847 
(1.405) (2.737) (.009) 

Mitsubishi (1960-88) 25.060 67.443 .182 .938 
(.988) (3.883) (.005) 

Dong-A (1974-88) .075 36.317 .311 .733 
(.008) (3.998) (.024) 



99 

Table 5.2 (continued) 

Firm S' A «P r2 

Autobianchi (1953-88) 2.308 84.856 .187 .636 
(.068) (11.669) (.008) 

Lancia (1953-88) 4.634 63.556 .109 .868 
(.779) (6.852) (.005) 

Citroen (1946-75) 14.917 66.964 .171 .933 
(.700) (3.886) (.006) 

AMC (1955-86) 7.849 11.747 .196 .239 
(.177) (1.428) (.012) 

NSU (1956-68) 1.236 40.663 .357 .936 
(.091) (2.659) (.017) 

GLAS (1955-68) .415 8.616 .408 .220 
(.015) (1.349) (.039) 

AutoUnion (1950-68) 1.132 49.469 .351 .821 
(.020) (4.347) (.011) 

Note: Numbers in parentheses are asymptotic standard errors. 
The goodness of fit, rate r2, is gauged on rate data. 
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Table 5.3 Summary of fits of the alternative models (equations 4.2 and 4.3) to 
organizational growth data in the international automobile industry 1946-1989, and 
comparative testing between the models. 

Collective Ecological 
Learning Model, 

Model, eq. 4.2 eq.4.3 

Mean residual 12.004 42.493 
sum of squares a (35.387) (144.749) 

Mean r2 b .870 .792 
(.145) (.226) 

Number of firms 31 31 

* p < .05 (one-tailed) 

a The mean of measures of residual sum of squares estimated on 
cumulative growth data for each firm. 

b Obtained from the last columns in Tables 5.1 and 5.2. 

Mann-Whitney/ 
Wilcoxon U-Test 

T = 1.753 * 

N = 62 

Note: Numbers in parentheses are standard deviations from the means. 
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5.2 Explaining Interllrm Variation in Growth Trends 

Table 5.4 shows the results of the estimation of parameter equations 2.14 and 4.4. 

The empirical adequacy of these equations is quite satisfactory since both fit the data 

very well, particularly the ecological model. However, the evaluation of the theoretical 

relevance of these equations showed different results. 

Contrary to my expectation, the evidence from this analysis did not support the 

ecological hypotheses (H3.1-H3.3). The variable resources showed a statistically 

significant negative effect on the speed of adjustment parameter contrary to H3.1. The 

variable distance (the reciprocal of competition) affected negatively the speed of 

adjustment parameter contrary to H3.2. Finally, complexity had no statistically 

significant effect though it was negative as predicted from H3.3. These results indicate 

that equation 3.4, despite its good fit (r2=.976), has no theoretical meaning for the 

histories of world class automobile firms as far as the ecological analytical perspective 

is concerned. 

In contrast, this analysis turned up no evidence for rejecting the collective learning 

hypotheses (H2.2-H2.4). As expected from hypothesis H2.2, resources showed a 

significant positive effect on the interfirm variation in the values of the innovation rate 

parameter. The effect of distance was negative and significant as predicted from H2.3. 

Finally, outnovation rate showed a statistically significant positive effect on the 
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Table 5.4: Weighted nonlinear least squares estimation of parameter equations 2.14 and 
3.4 across firms in the international automobile industry 1946-1989. 

Dependent Variables 

Independent 
Variables 

Resources 

Distance 

Complexity 

Outnovation 

Constant 

N 

Speed of Adjustment 
Parameter (Eq. 3.4) 

-.513 **** 
(.113) 

-.141 * 
(.101) 

-.025 
(.020) 

11.665 ** 
(6.747) 

.976 

31 

* p <.1 ** P < .05 *** P < .01 **** P < .001 

Innovation Rate 
Parameter (Eq. 2.14) 

.861 *** 
(.261) 

-.375 ** 
(.212) 

1.174 **** 
(.168) 

.377 
(.310) 

.881 

31 

Note: Numbers in parentheses are asymptotic standard errors. 
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innovation rate parameter as predicted from hypothesis H2.4. Taken together, these 

variables explained about 88 percent of the interfirm variation in the innovation rate. 

5.3 Discussion 

In this chapter I comparatively tested the empirical adequacy of the alternative 

differential equation models that I developed in Chapters 2 and 3 on several sets of data. 

The results clearly show that the collective learning theoretical model is more precise 

and robust than the ecological model on time series of data about the growth of 31 

world auto-makers, and theoretically more relevant for the histories of these firms than 

the alternative model as shown in the tests of the parameter hypotheses. 

However, there was an instance of ambiguity for the alternative models that arises 

mostly from data about South Korean firms. I could not use these data to discriminate 

between the models. But understanding why the alternative models failed on these data 

is important because it suggests the scope conditions' of the underlaying theory and, 

thus, opens possibilities for further theoretical elaboration and more comprehensive 

empirical analysis. The South Korean data suggest so far an exponential growth trend 
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rather than a Gompertzian growth trend (collective learning model) or a logistic growth 

trend (ecological model). The important substantive question is: Wby?2 

The ecological model (the logistic differential equation in 3.2) assumes limited 

environmental resources under condition of interorganizational competition. If firms 

have virtually unlimited resource-bases from which to sustain their growth an 

exponential growth model applies as assumed in equation 3.1. Alternatively, the 

collective learning model (equation 2.12) collapses into an exponential growth model 

if the outnovation rate, the parameter b in equation 2.12, is equal to zero. This occurs 

if either the outnovation-learning rate, the parameter p (see equation 2.7), or the 

innovation-competition rate, the parameter q (see equation 2.11) is zero, or both. The 

parameter p is zero if a firm tends to organizational conservatism --clinging to 

organizational routines as in a tight machine bureaucracy (Mintzberg 1979) -- that 

insulates it (thus prevents learning) from innovation-competition. The parameter q is 

zero if the environment in which a firm operates is non-competitive, there is no 

innovation-competition affecting firms. This latter conditions in unlikely in the 

2 Hamilton and Biggart (1988) present evidence supporting the finding of exponential 
trends in the histories of growth of South Korean auto-makers as reported in the previous 
footnote. According to these researchers the South Korean chaebol grew extraordinarily in 
the last few decades: in 1973, the top five chaebol controlled about 9% of the GNP and by 
1985 the top four chaebol controlled 45 % of the GNP. However, future research should 
reevaluate the alternative growth models suggested here on longer historical records about 
the growth of South Korean firms to see whether the models can be discriminated against 
each other, whether braking processes can be detected in the data, or, alternatively, 
whether the exponential trend in their growth performances continues. 
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international automobile industry, but the former one --the value of parameter p in 

equation 2.7 being equal to zero-- seems more likely in the South Korean case as 

described below. The condition of abundant resources also seems to prevail in this case. 

South Korean firms, in contrast to their American, European and Japanese 

counterparts, are apparently insulated from innovation-competition as being part of a 

strong political capitalism and enjoying virtually unlimited financial resources. OnU, 

Biggart, and Hamilton (1991) tell us that in South Korea the government has long been 

the major supplier of capital and dedicated to finance rapid economic growth. Industrial 

firms there have enjoyed a huge inflow of financial resources virtually guaranteed 

through the coordination of government-controlled banks in which chaebol firms have 

minority interest. For instance Daewoo and Hyundai in 1985 were the largest 

shareholders (10.3 and 14.4 percent respectively) besides the government in the Korea 

First Bank. Hyundai was the only partner (32.7 percent) with the government in the 

control of Kangwon Bank, and Daewoo was the only partner (41.5 percent) with the 

government in the control of Chung Buk Bank in 1985 (OnU et al. 1991). 

The state-financed growth of South Korean firms is unlike the market-financed 

growth of Japanese or American firms. While the latter are subjected to open 

competition for resources, the former are insulated from competition by the structure 

of financing dominated by the South Korean government. Thus, the differences in 

financial conditions under which auto-makers have operated over time may explain the 
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ambiguous results of the collective learning and ecological models on South Korean 

data. 

Furthermore, the ambiguity of the collective learning model on these data attest 

to the distinctive tendency of South Korean firms to organizational conservatism -

clinging to traditional routines of bureaucratic control -- that ultimately reduces 

outnovation to zero and leads the way to the emergence of an exponential growth trend. 

One sign of the conservative behavior of South Korean firms is evidenced by the 

pattern of capital investment that emphasizes low risk, and little research and 

development (Hamilton and Biggart 1988). Another sign of conservatism in South 

Korean organizations are the patrimonial social structure and its concomitant strict 

vertical control, unlike other emerging industrial Asian nations (Om et al. 1991). 

The tendency of South Korean chaebol to centralize management and production 

under tight hierarchical control up to state levels, causes firms to be reluctant to go 

public, rather they tend to be owned by individuals and families controlling the chaebol. 

Only 20-25 percent of firms in chaebol are public --i.e., listed in the stock market-- in 

contrast to 90 percent of the firms in Japanese keiretsu. Firms tend to centralize 

production too. The tendency is to internalize production within chaebol boundaries -

firms buy or start new firms to care for their own production needs instead of relying 

on stable subcontracting, as Japanese firms do. In such social structures there is no 



112 

broad margins for collective learning, but only for planning and (individual) learning 

by few. As Orrll et al. put it 

"The South Korean chaebol are an expression of a patrimonial princi

pie ... These industrial empires are the property of an authoritarian leader and 

his designees who manage not by consensus, but by centralized command 

supported by the state." (p.387) 

Thus, being conservative in organizational structures, in outsourcing and subcontracting 

practices, and insulated from innovation-competition through governmental control, 

South Korean firms have lacked a noticeable outnovation process during the last fifteen 

years of so, hence, the inconclusiveness of the collective learning model on these data. 

From the present discussion of an exceptional case I speculate about the limits of 

applicability of the present models. Under conditions prevailing in strongly state-driven 

economies, such as in South Korea, the present models might not apply. Firms have an 

incentive to be conservative as they find their governments too constraining and, at the 

same time, too supporting to risk its displeasure. This exceptional cases apparently does 

not include cases of mixed-economies like France. Although Renault is fully owned by 

the French government, its historical data were well described by the alternative growth 

models (see Tables 5.1 and 5.2). These results for the collective model suggest that the 

structure of ownership and control of firms is less relevant for organizational growth in 
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the long term than the openness in the structure of interactions between organizational 

constituencies --shareholders, managers, workers, consumers, competitors, and 

regulatory agencies. 

Although all the data analyzed in this chapter evidenced the empirical adequacy 

and theoretical relevance of the collective learning model quite well, the model can be 

rebutted if the assumptions underlying its derivation are not appropriate. Thus, further 

examination of some of the key theoretical building blocks of this model is indicated. 

The next chapter deals with this evaluation. 



CHAPTER 6 

EVALUATING THE DERIVATION OF 
THE COLLECTIVE LEARNING MODEL 

All the analyses reported in Chapter 5, taken together, show clear evidence that 

the collective learning model is more empirically adequate and theoretically relevant 

than the ecological model for the histories of growth of 31 fIrms in the world 

automobile industry from 1946 to 1989. The collective learning model, however, can 

still be falsifIed. An important substantive question is the empirical plausibility of the 

assumptions underlying this model --that is, whether they are empirically adequate 

premises for the derivation of the model (cf. Simon 1968). Thus, the present chapter 

deals with a series of investigations designed to evaluate key assumptions, particularly 

those regarding the innovation process, the collective learning curves in interorgani-

zational dyads, and measures of innovation and outnovation for American, European and 

Japanese fIrms. The analytical strategy that I followed was to derive empirical 

implications from the model and to examine them. Empirical implications are important 

because they add rigor to the tests of the model; they open opportunities to find 

conditions under which the model does not hold. 
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6.1 Innovation Process 

In Chapter 2 I assumed that the dynamics of organizational growth emerge out of 

the interaction of two continuous, concurrent and opposite processes, namely, innovation 

and outnovation (see equations 2.4-2.6). I also assumed that these dialectic processes 

are not necessarily symmetrical because the innovation rate depends on relative benefits 

of developing and adopting new innovations and the outnovation rate depends on the 

relative costs of abandoning previously adopted innovations, all perceived by 

organizational members as hypothesized (H2.2-H2.4). Thus, these rates may have 

different empirical values. 

To illustrate these processes I use data from Bums and Wholey (1993) about the 

adoption and abandonment of an innovation -- matrix management-- among federal 

hospitals in the United Stated over a period of 18 years. Although these are macro level 

data, they show the plausibility of the assumptions about the dynamics of innovation and 

outnovation. Note the two simultaneous subprocesses referred in Figure 6.1 as adoption 

and abandonment of matrix management. These are opposite subprocesses that overlap 

during most of the late history of the diffusion of the innovation. The early period is 

dominated virtually by the adoption process alone. Later on, the trend in innovation

abandonment (outnovation) emerges and begins counterbalancing the trend in innovation

adoption, which begins to decelerate through a downturn period. 
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These empirical subprocesses illustrate the concepts of innovation and outnovation 

that I used through the derivation of the collective learning model. However , a direct 

formal evaluation of the innovation-outnovation assumptions requires data about the 

innovation process in organizations. Such data must also cover considerable periods to 

track the dynamics of the processes. The difficulty in finding suitable data lies in the 

dearth of longitudinal research on organizations. Few studies provide descriptive 

historical accounts of innovation in organizations over long periods. From those that I 

found I assembled various time series data, which are presented in Table 6.1. 

To test empirically the innovation-outnovation assumptions on these data I 

substituted equation 2.11 in equation 2.8 and solved for It by integration. Thus I 

obtained a prediction equation as follows 

It = u exp(-v exp(-bt)) + e (6.1) 

where u, v, and b are parameters to be estimated, and e is a random error term.l 

Table 6.1 presents the results of the nonlinear regression of equation 6.1 on these data. 

The data involve direct and indirect measures of innovation. Direct measures, hence 

1 The substantive interpretation of these parameters can be obtained following the 
derivation in Chapter 2. From that derivation it follows that 

V = klbmPn > 0 where b = pq > 0 
This can be checked against equation 2.12. More about the substance of these parameters 
in Section 6.3. 
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more obvious, include counts of changes in technology, e.g., the power and type of 

engines, and changes in organizational routines, e.g., assembly lines for new models of 

automobiles. Indirect measures of innovation involve indicators of entrepreneurial 

behavior or innovativeness. For instance, after tracking strategic change thoroughly over 

the history of Air Canada--the state-owned airline of Canada-- Mintzberg et al. (1986) 

have noted that several indicators, e.g., total number of aircraft and the total available 

seats in the fleet, may be taken as accurate gauges of patterns of entrepreneurial activity 

over time in various strategic areas, e.g., the supply of flight services and development 

of flight equipment. Mintzberg et al. (1986) noted that the total distance in miles 

covered by flight schedules can be considered as a reliable indicator of total activity in 

this strategic area because it accounts for changes in the patterns of connections between 

given destinations --that is, it accounts for the addition (innovation) and the 

abandonment (outnovation) of destinations. The goodness of fit of the innovation model, 

equation 6.1, with both types of measures is further indirect evidence of the validity of 

these measures. Hamblin et al. (1973) also show that collective learning analyses of 

innovation with different measures --i.e., number of significant innovations over time 

and cumulative effects of innovations over time --' yield equally good empirical 

descriptions of innovation processes regardless of the type of measure. 
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Table 6.1: Values of the parameters of the innovation equation 6.1 and goodness of 
fit, rate r2, estimated by nonlinear regression on series of innovations for various 
organizations and periods. 

Dataset u v b r2 

Japanese firm A. 4128.638 4.254 .048 .894 
Specific Engine Power (174.488) (.030) (.001) 
(BHP/L), 1945-1980. a 

Japanese firm B. 4004.773 4.295 .050 .920 
Specific Engine Power (117.325) (.024) (.001) 
(BHP/L), 1945-1980. 

Volkswagen. Number of 810.275 5.632 .044 .912 
New Models of Vehicles (66.711) (.075) (.002) 
per Year, 1945-85. b 

Ford. Number of New 1429.397 4.179 .051 .878 
Models, Body-types and (74.373) (.030) (.002) 
Engines per Year, 1945-75. c 

Air Canada. Total 2.4E+5 16.258 .013 .987 
Equipment Investment (.IE+5) (.109) (.000) 
(dollars), 1937-76. d 

Air Canada. Total 6120.850 5.016 .046 .910 
Number of Aircraft (304.921) (.054) (.002) 
in the Fleet, 1937-76. 
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Table 6.1: (continued) 

Dataset u v b 

Air Canada. Total 5827.513 8.679 .025 .989 
Number of Available (988.158) (.096) (.001) 
Seats, 1937-76. 

.Air Ca.'1ada. Total Distance 2.9E+4 7.675 .024 .961 
Covered by Flight Schedules (.8E+4) (.176) (.002) 
(miles), 1937-76. 

Canadian Lady. Strategic 7008.246 5.394 .021 .938 
Changes, 1939-78. e (1710.169) (.200) (.002) 

National Film Board 1300.646 4.778 .075 .177 
of Canada. Number (119.095) (.393) (.008) 
of Films, 1939-75. f 

a Data on the two unidentified japanese auto-makers are from Takano, Iwai, and 
Sakamoto (1986). 

b Data from Mintzberg and Mintzberg (1988). 

C Data from Abernathy (1978). 

d Data from Mintzberg, Brunet and Waters (1986). 

C Data from Mintzberg and Waters (1984). Canadian Lady Inc., founded in 1939, has 
been a manufacturer of women's undergarments, notably brassieres. 

f Data from Mintzberg and McHugh (1985). 

Note: Numbers in parentheses are asymptotic standard errors. The goodness of fit r2 is 
gauged on rate data. 
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Table 6.1 shows that the empirical adequacy of the innovation model, equation 

6.1, is excellent, particularly if considering that the goodness of fit was gauged with rate 

r2, the estimated parameters were statistically significant, and the data were diverse and 

covered long periods (between three to four decades). Figure 6.2 also illustrates the 

excellent fit of this model. In the case of the National Film Board of Canada (the NFB), 

although the model yielded poor fit (r2 = .177) the estimates of parameters were 

statistically significant (p < .001). Figure 6.3 shows the poor fit of the innovation 

model on NFB's data. The important substantive question here is why the model did not 

fit these data or, specifically, whether the NFB is a unique organization with a tendency 

to generate highly irregular behavior over time. 

Mintzberg and McHugh (1985) studied the NFB and tracked its strategic changes 

over a period of 36 years. They described the NFB as an adhocracy --an ideal type of 

organization that emphasizes decentralization, specialization, temporary team-work, 

unique and sophisticated products, coordination through mutual adjustment, and very 

little formalization and performance controls (Mintzberg 1979). According to Mintzberg 

and McHugh (1985) the NFB made about 3000 films between 1939 and 1976. Each of 

its films was unique and required a distinct project that drew experts from various 

functional departments. The NFB was a loosely coupled organization where the control 

over the choice of films was distributed across all organizational levels and functions. 

As such, many forces drove this organization into and out of strategic focus, which 

cycled briefly. The search for organizational identity and definition, social changes, 
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fashion in film-making, weak leadership, lack of systematic planning and the pursuit of 

change for its own sake (in the content of films, distribution channels, procedures, and 

people). The NFB "never stayed still long enough for anyone to pin any effective 

performance measure on it" (Mintzberg and McHugh 1985, p. 189). 

An organization without measures of performance cannot learn. These peculiarities 

of the NFB explain why the time series data about its history of film-making are riddled 

with noise. This organization could function without focus; it even "thrived" on the lack 

of focus (Mintzberg and McHugh 1985, p. 190). Thus, the poor fit of the innovation 

model, equation 6.1, on the NFB's data does not indicate any intrinsic indeterminacy 

in the model itself (e.g., due to misspecification). Rather, the case of the NFB 

represents an instance in which the model validly gauged the intrinsic indeterminacy in 

the behavior of the subject of analysis, which turned out to be quite high. 
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6.2 Learning Curves 

In Chapter 2, I assumed that the differential equation form of the learning curve 

(equation 2.4) describes the long-term relationship between innovation and firm growth. 

To examine the empirical adequacy of this assumption, I solved equation 2.4 by 

integration and obtained the following prediction equation 

(6.2) 

where Sl is the value of St when I = 1, r is estimated as an empirical learning 

parameter, and e is a random error term. 

The data for testing equation 6.2 come from previous research on three firms -

Volkswagen, Ford, and Canadian Lady. These are the only firms for which I could find 

concurrent time series data about growth and innovation over long periods. Table 6.2 

presents the data-sets and the results of the analyses. Figures 6.4-6.6 illustrate the fit 

of equation 6.2 on these data. 

The results indicate that innovation explains considerable proportion, more than 

80 percent, of the year-to-year variation in the growth of the firms over the long-term. 

The estimates of the parameters in equation 6.2 are robust, beyond the .001 level of 

statistical significance. The values of more than 1.0 of the learning rates, indicate that 
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Volkswagen, Ford, and Canadian Lady are fast learners, that is, for one percent 

increase in innovation these firms achieved 1.178, 1.093, and 2.066 percent growth 

respectively.2 These results support the learning curve (equation 2.4) and indicate that, 

on this component, the collective learning derivation in Chapter 2 is empirically and 

theoretically adequate. 

2 In the present analysis the qualification of these firms as fast learners is valid 
because they are related to themselves. However, they may be slow learners relative to 
other firms. The next chapter considers the speed of learning as a relative variable across 
firms under conditions of interorganizational competition. 
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Table 6.2: Nonlinear least squares estimates of learning curves, equation 6.2, on two 
fIrms in different industries. 

Organization Sl r rate r2 

Volkswagen a .067 1.178 .899 
1945-1985 (.007) (.022) 

Ford b .097 1.093 .838 
1945-1975 (.006) (.010) 

Canadian Lady C .0004 2.066 .967 
1939-1978 (.00004) (.020) 

a Data from Mintzberg and Mintzberg (1988) and Motor Vehicle Manufacturers 
Association, U.S. (various editions). 

b Data from Abernathy (1978), Motor Vehicle Manufacturers Association, U.S., and 
Moody's Industrial Manuals (various editions). 

C Data from Mintzberg and Waters (1984). 

Note: Numbers in parentheses are asymptotic standard errors. The goodness of fIt r2 is 
gauged on rate data. 
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squares predictions of the learning curve (equation 6.2), rate r2= .899 
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6.3 Measures of Innovation and Outnovation for American, European and 
Japanese Automobile Firms 

130 

One of the key assumptions of collective learning model is that the parameters a 

and b in equation 2.12 

dSIS = ae-bt dt a = rk/mPn > 0 b = pq > 0 

have substantive meaning. These parameters are interpreted as measuring the rate of the 

innovation process (parameter a) and the rate of the outnovation process (parameter b). 

Since these measures might be contradicted by evidence from previous research on the 

automobile industry I arranged a cross-study comparison on selected measures of 

innovation and outnovation for automobile producers grouped by headquarters region. 

Table 6.3 presents these measures. First the Table shows summary measures of 

innovation and outnovation rates obtained from Tables 5.1 and 5.2. Then, the Table 

presents various measures of innovation obtained from studies by Clark and Fujimoto 

(1991), Womack, Jones, and Ross (1990) and Clark, Ghew and Fujimoto (1987). Each 

study emphasizes different aspects of innovation and measures it with a different time-

frame and method. 

Clark and Fujimoto (1991) measure innovation using cross sectional samples of 

automotive projects from 3 American firms, 9 Western European flrms and 8 Japanese 
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firms (all of which are represented in the measures of the collective learning model). 

Clark and Fujimoto (1991) measured innovativeness of product technology compared 

with competitors across different aspects of product technology --body and paint, 

electrical and electronic parts, engine, transmission and chassis. Based on their measures 

I computed an average measure of innovativeness of product technology for American, 

European and Japanese firms. Table 6.3 presents the result. Clark and Fujimoto (1991) 

also measured the strategy of product development for automobile firms in world 

regions in terms of the percentage of parts newly designed, and, the share of total 

engineering workload by suppliers. Japanese producers involve their suppliers in product 

development more than Western producers, which means that outsourcing or 

outnovation by Japanese manufacturers is larger relative to their counterparts. A higher 

outnovation rate indicates that fewer organizational routines and technologies, e.g., 

component design, are performed within the organization over time. 



Table 6.3: Comparison of selected measures of innovation for automobile producers grouped by headquarters region 

Study and Innovation Measures America Europe Japan 

Present/Collective Learning Model 
(1) Average Innovation Rate, 1946-1989. .194 .351 .481 

(2) Average Outnovation Rate, 1946-1989. .046 .051 .057 

Clark and Fujimoto (1991) 
(3) Average Innovativeness Index of Product 1.650 2.020 2.130 

Technology Compared with Competitors a 

(4) Percentage of Parts Newly Designed, 1982-1987 b 62.00 71.00 82.00 

(5) Supplier's Share (percent) of Total Engineering 7.00 16.00 30.00 
Workload, 1982-1987 c 

Womack et al. (1990) 
(6) Average percent change in annual 

spending on R&D, 1967-1988 d 

4.120 6.340 12.300 

(7) Average percent change in annual -.270 4.180 19.530 
automotive patenting, 1969-1986 e 

Clark et al. (1987) 
(8) Information intensity f Low Middle-Low High 

a Computed from Clark and Fujimoto (1991) Fig. 6.2, p. 134. Range of index scores: 1 (laggard) - 4 (pioneering) 
b. ibid, p. 148. c. ibid, p. 137. d Computed from Womack et al. (1990) Fig. 5.8, p. 133. e Computed from 

Womack et al. (1990) Fig. 5.9, p. 134. Include patents of assembler and supplier firms in each region. 
f Clark et. al. 1987, p. 759. -W 

N 



133 

The outnovation rate can be taken as a gauge also of organizational conservatism -

-the degree to which firms cling to organizational routines and technologies in face of 

environmental changes. Thus, American firms are the most "conservative" organizations 

in the comparison (but probably less than the South Korean auto makers that I discussed 

in the previous Chapter). In contrast, the high outnovation rate of the Japanese (average 

b= .056), have lead them to develop the most "lean" organizations in the industry 

(Womack, Jones, and Ross (1990). 

In addition, I used Womack, Jones, and Ross (1990) data to compute the average 

percent changes in annual R&D expenditures, and, the average percent changes in 

annual patenting. The results show that Americans are more "reluctant" to increase 

annual rpending on R&D than the other world producers. Although American firms 

spend more in absolute terms, they do so at a comparatively slower rate. Furthermore, 

according to Womack et al. (1990) American firms "badly trail the Japanese companies 

in a key indicator of technological strength --patenting." (p. 133). This measure is 

consistent with the rates of innovation and outnovation for these firms. 

The above comparison indicates that the average innovativeness index from Clark 

and Fujimoto (1991) is consistent with the average innovation rate computed from the 

collective learning model for world class automobile producers. Table 6.3 presents these 

strategy measures and shows that the relatively high percentage of parts newly designed 
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by Japanese firms is consistent with their relatively high innovation rate as gauged by 

the collective learning model. 

Finally, Clark, Chew and Fujimoto (1987) used a categorical variable to measure 

the information intensity in automobile organizations. Since collective learning and 

innovation are heavily based on information processing activities, it is not surprising to 

fmd that the firms with higher innovation rate are those experiencing increased intensity 

of information processing. Table 6.3 shows that the measure of information intensity is 

consistent with the average innovation and outnovation rates measured by the collective 

learning model on American, European and Japanese firms. 

Thus the comparison of studies in Table 6.3 suggests that the collective learning 

parameters for world automobile producers are consistent with the measures from the 

other studies on this industry. Figure 6.7 illustrates this cross-validation. Note that 

although the measures were obtained from different studies with different methods all 

have slopes with the same tendency, that is, these measures rank Japanese firms higher 

relative to American firms. These measures also rank European firms consistently in 

middle-level performance. As noted before, Figure 6.7 suggests that the innovation rates 

(plot 1) of world class automobile firms are strongly correlated with the level of 

investment in R&D (plot 6) and the extent to which firms involve suppliers in 

development projects. This is further evidence that economic resources and social 

networks of are key 
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Figure 6.7: Six measures of innovation in the international automobile 
industry.-

- The positions of the measures in the semilogarithmic plot are arbi-
trary after multiplying the scales of the measures in Table 6.3 by appro
priate constants. Since these variables are measured on ratio scales the 
transformations do not affect the validity of the measures and their compa
rability (see Hamblin 1971). 

Plot Measure _ Source 
1 Innovation rate, parameter a . . . . . . . Collective Learning Model 
2 Outnovation rate, parameter b . . . . . . Collective Learning Model 
3 Average product innovativeness index .. Clark and Fujimoto (1991) 
4 Percentage of parts newly designed . . . . . . . . (ibid) 
5 Supplier's share of total 

engineering workload . . . . . . . . . . . . . . . . (ibid) 
6 Average % change in annual 

spending on R&D ............... Womack et al. (1990) 
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factors in innovation (cf. Griliches 1957; Coleman, Katz, and Menzel 1966; Hamblin 

and Miller 1976; Cohen and Levin 1989). Future research should explore further these 

relationships, e.g., the functional form of the relationship between innovation rate and 

investment may not be linear (cf. Acs and Audretsch 1988). According to the present 

results, the parameters of the collective learning model, equation 2.12, appear to gauge 

validly innovation and outnovation processes in the international automobile industry. 



CHAPTER 7 

AN ECOLOGY OF COLLECTIVE LEARNING 

This chapter tests directly the collective learning model at the macro-level of 

analysis through a series of implications. The fIrst issue is the implication of the model 

developed in Chapter 2 for generating interorganizational learning curves. Once 

computed these curves will hypothetically constitute an ecology of collective learning 

from which we can infer patterns of competition among fIrms in the international 

automobile industry. Thus in the fIrst section I derive an equation that models the link 

of collective learning processes across organizations and use this equation to compute 

a matrix of collective learning coefficients. 1 After examining the empirical adequacy 

of this derivation, the second issue is the implication of collective learning for 

traditional organizational ecology, particularly in the area where ecology seeks to 

explain patterns of competition by organizational size. Thus, in section 7.2, from the 

1 A matrix of collective learning coefficients is equivalent to the so-called competition 
coefficients in a Lotka Volterra system of equations in that both sets may be taken as 
gauges of the direct effects of interactions among organizations. Ecologists, however, have 
typically studied competition indirectly by focusing on density or mass dependence in vital 
rates (Hannan and Freeman 1989; Barnett and Amburgey 1990) in large part because of the 
difficulty of estimating directly the LV equations with nonexperimental data without 
assuming aggregate equilibrium in the system (see Chapter 3). 
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literature (Hannan and Freeman, 1977; Hannan, Ranger-Moore and Banaszak-Holl 

1990) I derive ecological hypotheses about interorganizational competition, then, test 

these hypotheses using the matrix of collective learning for the world automobile 

industry in the post World War period. This analysis is the content of section 7.3. The 

third and final issue is presented in section 7.4: the implication of the ecology of 

collective learning for evaluating patterns of competition among world automobile firms 

and the changes of those patterns over time. 

7.1 Derivation and Estimation of an Ecological Model of Collective Learning. 

An important implication of the collective learning model described in Chapter 2 

is the developmental interdependence between learning curves (equation 2.4) across 

organizations. Theoretically members mutually observe each other, directly and 

indirectly, and communicate behaviors and their consequences within and across 

organizations. Over time, this communication becomes a multiplex interaction through 

which the interlocking of organizational histories emerge. If the unit of analysis is firm 

dyads --the coupling of each of the firms in the international automobile industry with 

every other firm-- I hypothesize that a cross-fertilization effect between innovation 

processes will develop in the dyad due to mutual observational learning over time. That 

is, using equation 2.4 as a base model, following Hamblin's derivation (1989), I 

hypothesize that the learning curve of the ith firm 
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dS./S· = r· dJ·/I. 1 1 1 1 1 (7.1) 

and the learning curve of the jth firm 

(7.2) 

will be coupled through a cross-learning effect according to the following equation 

(7.3) 

where aij is cross-learning effect for the ijth dyad. Equation 7.3 is the mechanism 

underlying another relationship: substituting equals for equals in equations 7.1-7 .3 leads 

to the emergent relationship between observable growth variables as follows 

dS./S. = R .. dS.fS. 1 1 fJlJ J J R .. = (Y .. (r.fr.) fJlj IJ 1 J (7.4) 

where dS/S i is the relative rate of growth of the ith firm, dS/Sj is the relative rate of 

growth of thejth firm, and {3ij is a collective learning parameter for the ijth dyad. Note 

that this parameter is a compounded ratio of the learning rates for the firms ith andjth. 

This collective learning parameter specifies how fast the ith firm learns, hence grows, 
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relative to the jth firm. A (3ij value larger than 1.0 indicates that ith firm learns faster 

than the jth firm, hence outperforms it over time. Note that the value of (3ij gauges the 

extent of asymmetry in the interaction between organizations. Asymmetry reflects an 

outcome of competition, that is, one organization is outgrowing its counterpart in this 

interaction. 

A value of (3ij equal 1.0 implies that there is a condition of equal learning (i.e., 

aij = 1.0 in equation 7.3), and there is no change in the relative growth histories of 

firms in the dyad over time. Note that in this case the value (3ij defines a condition of 

symmetry. This is an outcome that suggests what organizational ecologists may call a 

generic condition of mutualism (Barnett and Carroll 1987). In mutual or symmetric 

interactions organization dyads link their fates, both growth (or contract) at equal rates, 

neither outperforms the other in the long term. 

Henceforth I denote a measure of (3ij as RCLR (relative collective learning rate). 

To estimate equation 7.4, I solved it by integration and obtained the following prediction 

equation 

(7.5) 
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where Sl is the value of Si when Sj = 1, {3ij the empirical collective learning parameter 

to be estimated, and eij is a random error term for the ijth dyad. 

I estimated equation 7.5 on half the dyads in the matrix constituted by the 31 firms 

that appeared in Table 5.1, that is 31x(31-1)/2 = 465 dyads. The values of the 

parameter {3ji are reciprocals of {3ij as expected when equation 7.5 includes alternatively 

firm i and fmnj in the dependent variable. Thus, half ma.trix of {3i/S estimates contains 

full information about emergent patterns of collective learning among these firms. 

In some dyads the origins of the time series were aligned to deal with the 

problem of relating ratio scales measured from different origins. If two such scales are 

not measured from a relevant origin the estimates of their relationship would be biased 

(see Hamblin 1971 for a discussion of this issue). Firms in some dyads, for example 

BMW-Honda, did not start in the automobile industry at the same time, e.g., BMW in 

1952 and Honda in 1963. Thus, the empirical analysis of interactions performed here 

carefully defined the relevant origins of the relationships at the point where time series 

began overlapping. In other words, the interaction between BMW and Honda was 

analyzed beginning in 1963. The relationship would be ended at the point where at least 

one the time series ended (something that has not happened in the cases of BMW and 

Honda). 
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Table 7.1 presents the estimates of relative collective learning rates (RCLR's) in 

the lower half the off-diagonal cells of the matrix. Note, for example, that Toyota 

learned 2.358 times as fast as GM. Other firms that learned more than twice as fast as 

GM are Nissan (2.261), PSA (2.257), Honda (2.202), BMW (2.115) and Dong-A 

(2.140). Only four firms learned less quickly than GM: Chrysler (.897), Rover (.949), 

AMC (.718) and Glas (.774). Note that the latter two have gone out of business. Ford, 

the other industry leader with GM, evidences a similar pattern of relative learning rates, 

which suggests a poor long-term competitive outlook for both automakers. 

Since firms differ in the management of innovation and outnovation processes, 

i.e., some firms tend to be more haphazard than others in this task as evidenced by the 

variations in rate r2's shown in Tables 6.1-2 and Figures 6.2-3, the collective learning 

trend underlying long-term relationships in dyads, as represented by equation 7.5, also 

may evidence these differences. Thus, rate r2 may be taken as an indicator of degree of 

systematic learning of firms in dyads. The larger the value ri/' the more systematic is 

the learning of firm i relative to firm j. A resulting value of zero for rl means that 

there is so much variability in the time series that there is no evidence of systematic 

learning in the ijth dyad.2 Table 7.1 presents the systematic learning indicator, 

henceforth denoted as SLI, in the upper off-diagonal cells of the matrix. 

2 Recall from Chapter 4 that r2 is gauged on rate data, which is more variable than 
R2 gauged on cumulative data. Thus, is possible for the prediction equation of interorgan
izationalleaming curves, equation 7.5, to adequately describe trend data and yet yield 
values of rate r2 close to zero. 
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Table 7.1: Estimates of RCLR (relative collective learning rate) in the lower matrix 
and SLI (systematic learning indicator) in the upper matrix for interorganizational 
learning curves, equation 7.5, in the international automobile industry, 1946-1989. 

Finn i 

GM (1) 

Ford (2) 

Chrysler (3) 
VW (4) 

Toyota (5) 

Nissan (6) 

Fiat (7) 

Renault (8) 

PSA (9) 

Rover (10) 

Mazda (11) 

Mitsubi (12) 

Honda (13) 

Benz (14) 

Citroen (15) 

Daihats (16) 

Volvo (17) 

Fuji (18) 

Isuzu (19) 

AMC (20) 

BMW (21) 

Alfa (22) 

Saab (23) 

AutoBia (24) 

Lancia (25) 

Hino (26) 

AutoUni (27) 

NSU (28) 

Porsche (29) 

Glas (30) 

Dong-A (31) 

Finnj 
(1) (2) (3) (4) (5) (6) 

.942 .584 .901 .950 .896 

1.037 .685 .910 .925 .855 

(7) 

.857 

.886 

(8) 

.922 

.903 

(9) (10) 

.950 .387 

.955 .433 

.897 .865 .830 .871 .812 .830 .763 .851 .523 
1.460 1.460 1.680 .966 .915 .964 .913 .930 .779 

2.358 2.290 2.885 1.722 .987 .928 .926 .913 .788 

2.261 2.194 2.747 1.644 .957 .864 .884 .875 .773 

1.406 1.361 1.610 .957 .540 .550 .904 .933 .761 

1.693 1.642 1.987 1.200 .678 .698 1.258 .945 .279 

2.257 2.195 2.789 1.666 

.949 .915 1.065 .600 

1.696 1.677 2.032 1.534 

1.887 1.864 2.278 1.703 

2.202 2.173 2.778 2.020 

1.673 1.622 1.961 1.182 

1.428 1.351 1.404 .768 

1.583 1.566 1.882 1.433 

.967 1.021 

.353 .356 

1.748 

.629 

1.334 

.566 

.954 1.005 1.598 1.185 

1.067 1.133 1.771 1.320 

1.362 1.472 2.100 1.607 

.667 .686 1.239 .988 

.455 .453 .786 .873 

.886 .927 1.494 1.106 

o 
.476 
.897 2.652 

.990 3.001 

1.192 3.567 

.755 2.174 

.890 1.158 

.845 2.431 

1.627 1.578 1.898 1.139 .642 .657 1.193 .961 .758 2.066 

1.917 

1.815 

.718 

1.895 2.334 1.732 1.086 1.156 1.801 

1.795 2.202 1.642 1.026 1.088 1.709 

.713 .709 .561 .324 .321 .566 

1.340 

1.267 

.499 

1.001 3.083 

.951 2.894 

.425 .784 

2.115 2.085 2.518 1.689 .986 1.041 1.757 1.345 1.005 3.219 

1.602 1.579 1.814 1.252 .716 

1.675 1.625 1.965 1.177 .665 

1.545 1.525 1.734 1.201 .683 

1.675 1.655 1.928 1.322 .751 

1.128 1.112 1.258 1.016 .621 

.740 1.301 1.026 

.682 1.233 .989 

.702 1.245 .992 

.775 1.378 1.006 

.637 1.057 .795 

.793 2.224 

.778 2.152 

.772 2.087 

.821 2.376 

.626 1.587 

1.263 1.261 1.358 .716 .484 .503 .730 .967 .952 1.035 

1.711 1.784 1.550 1.312 .811 .784 1.205 1.528 1.505 1.614 

1.921 1.881 2.271 1.466 .843 .881 1.533 1.185 .897 2.787 

.774 .794 .760 .561 .384 .376 .539 .662 .666 .703 

2.140 2.082 2.204 1.959 1.780 1.980 1.922 2.004 1.663 2.649 
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Table 7.1: (Continued) 

Finnj 
(11) (12) (13) (14) (15) (16) (17) (18) (19) (20) 

Finn i 

GM (1) 

Ford (2) 

Chrysler (3) 

VW (4) 

Toyota (5) 

Nissan (6) 

Fiat (7) 

Renault (8) 

PSA (9) 

Rover (10) 

Mazda (11) 

Mitsubi (12) 

Honda (13) 

Benz (14) 

Citroen (15) 

Daihats (16) 

Volvo (17) 

Fuji (18) 

Isuzu (19) 

AMC (20) 

BMW (21) 

Alfa (22) 

Saab (23) 

AutoBia (24) 

Lancia (25) 

Hino (26) 

AutoUni (27) 

NSU (28) 

Porsche (29) 

Glas (30) 

Dong-A (31) 

.906 .937 

.888 .897 

.684 .706 

.928 .923 

.954 .968 

.910 .943 

.922 .880 

.960 .960 

.887 .912 

.789 .829 

.960 

1.108 

1.373 1.265 

.927 .945 .955 .844 

.948 .940 .959 .849 

.856 .828 .816 .652 

.975 .953 .917 .893 

.960 .936 .879 .858 

.917 .883 .867 .749 

.971 .927 .890 .921 

.930 .977 .911 .843 

.952 .882 .934 .791 

.909 .821 .902 .646 

.963 .909 .803 .916 

.863 .897 .450 .875 

.652 0 .874 

.925 

.933 

.901 

.945 

.901 

.839 

.948 

.911 

.783 

.827 

.803 

.679 

.501 

.823 .736 .635 .926 .869 .936 

.697 .599 .500 .846 .710 .979 

.936 .839 .685 1.141 1.344 .827 

.768 .684 .587 .972 1.332 .826 

1.124 1.014 .820 1.379 1.353 1.184 1.461 

1.066 .961 .799 1.305 1.233 1.127 1.386 

.377 .328 .320 .513 .750 .397 .516 

1.088 .982 .811 1.372 1.491 1.149 1.428 

.803 .719 .618 1.043 1.385 

.770 .686 .597 1.001 1.353 

.860 1.079 

.828 1.031 

.737 .656 .547 1.008 1.743 .791 1.041 

.895 

.676 

.417 

.802 

.601 

.357 

.724 1.087 

.517 .821 

.245 .913 

1.073 

1.041 

.928 

.963 

.726 

.343 

1.137 

.877 

.756 

.875 .706 .377 1.578 1.509 .773 1.307 

.998 .900 .777 1.205 1.061 1.062 1.251 

.475 .402 .261 

1. 730 1.699 4.375 

.668 

1.942 

.649 
oa 

.398 

1.513 

.578 

1.733 

.874 

.833 

.641 

.870 

.889 

.839 

.856 

.900 

.852 

.736 

.924 

.925 

.894 

.908 

.603 

.959 

.880 

.952 

.360 

.971 

.733 

.707 

.677 

.815 

.624 

.369 

.737 

.898 

.417 

1.431 

.969 0 

.898 .031 

.714 0 

.925 .242 

.929 0 

.888 .010 

.858 .265 

.916 0 

.920 0 

.790 .354 

.943 .526 

.958 .394 

.889 0 

.957 0 

.866 .178 

.872 .151 

.853 .096 

.886 .086 

.212 

.385 

1.021 4.607 

.766 2.754 

.737 2.421 

.708 2.530 

.846 2.506 

.653 1.999 

.510 .830 

1.056 1.992 

.938 3.118 

.579 .600 

1.689 2.654 
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Table 7.1: (Continued) 

Finnj 
(21) (22) (23) (24) (25) (26) (27) (28) (29) (30) (31) 

Finn i 

GM (1) 

Ford (2) 

Chrysler (3) 

VW (4) 

Toyota (5) 

Nissan (6) 

Fiat (7) 

Renault (8) 

PSA (9) 

Rover (10) 

Mazda (11) 

Mitsubi (12) 

Honda (13) 

Benz (14) 

Citroen (15) 

Daihats (16) 

Volvo (17) 

Fuji (18) 

Isuzu (19) 

AMC (20) 

BMW (21) 

Alfa (22) 

Saab (23) 

AutoBia (24) 

Lancia (25) 

Hino (26) 

AutoUni (27) 

NSU (28) 

Porsche (29) 

Glas (30) 

Dong-A (31) 

.971 .845 .930 .783 .776 .530 .008 

.951 .840 .945 

.842 .745 .909 

.956 .841 .948 

.969 .910 .895 

.935 .907 .837 

.938 .824 .932 

.984 .917 .902 

.952 .744 .805 

.903 .819 .837 

.970 .797 .755 

.965 .735 .658 

.905 .258 .489 

.986 .903 .950 

.936 .915 .977 

.929 .402 .715 

.946 .792 .976 

.845 .800 .636 .117 

.894 .661 .088 0 

.899 .789 .694 .499 

.872 .656 .553 0 

.841 .544 .418 0 

.916 .801 .616 .203 

.774 .742 .601 .137 

.621 .791 .275 .163 

.890 .520 .003 .294 

.625 .716 .713 .653 

.506 .656 .516 .210 

.228 .798 

.812 .778 

.875 .852 

.525 .833 

.870 .826 

o .427 

.666 .426 

.800 .349 

.290 .208 

.522 .249 

.921 .291 .563 .231 .771 

.952 .679 .725 .404 .731 

o .237 

.503 .545 

.618 .673 .418 

.850 .877 

.773 .818 

.735 .937 

.749 .958 1.017 

.644 .047 

.744 .787 

.814 .603 

o .673 

.546 0 

.621 .~58 

.845 .821 .535 .575 

.664 .478 .260 

.804 1.038 1.110 1.129 

.632 .833 .877 .906 

.730 .635 .695 .433 

o .111 

.787 .668 

.752 .542 

1.456 1.391 1.280 1.014 1.337 1.248 2.407 

.878 1.165 1.220 1.272 1.071 1.509 1.328 

.666 .549 .524 .365 .555 .628 .731 

1.654 2.263 1.786 1.899 1.383 2.138 na 

.967 .836 0 

.957 .750 0 

.858 .565 0 

.960 .722 .036 

.853 .725 0 

.795 .686 0 

.960 .657 0 

.911 .794 .011 

.932 .792 0 

.947 .619 0 

.925 .641 .105 

.873 .724 0 

o .540 0 

.959 .798 .153 

.956 .708 .156 

.895 .630 0 

.942 .727 0 

.823 .777 0 

.925 .749 .055 

.757 .173 .219 

.855 .823 0 

.869 .629 0 

.938 .748 .075 

.899 .427 0 

.856 .615 0 

.657 .387 .829 

.733 .498 0 

.838 .281 

.681 .154 

.409 .626 

na 1.607 na 

.553 

.637 

.618 

.628 

.644 

.631 

.704 

.621 

.719 

.640 

.671 

.583 

.669 

.583 

na 

.598 

.594 

.467 

.567 

.337 

.616 

.712 

.515 

.811 

.598 

.777 

na 

na 

.180 

na 
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All the estimates shown in Table 7.1 are robust --statistically significant beyond the .001 

level. For some dyads the SLI measure was virtually zero. One example is Glas, a 

German automaker that operated in the specialty segment of the market from circa 1955 

until 1968. Looking down column 30 the SLI measures indicate that Glas learned quite 

haphazardly and limited itself to track other German automobile firms in its class. 

Compared with its German counterparts in competition with BMW in the specialty 

segment of the market (NSU, Porsche, Auto Union, and Daimler-Benz) Glas was the 

weakest competitor, which apparently resulted in its merging with BMW in 1968. Glas 

interacted (SLI=.829) notably with Hino the Japanese carmaker. However Hino 

abandoned the passenger car market after signing a tie-up with Toyota in 1966limiting 

Hino's focus on commercial vehicles. Looking at row 30 throughout at the estimates of 

RCLR for Glas in interactions with all others indicate that this firm was consistently a 

slower learner (RCLR less than 1.0). Apparently, being slower learner and small in size 

did not favored Glas. I will deal with the issues of size, competition and learning more 

in the next section. 

In some dyads the RCLR estimates are approximately 1.0, for example in the 

dyads Ford-GM (RCLR=1.037) and Nissan-Toyota (RCLR=.957). Figures 7.1 and 7.2 

illustrates other similar cases of symmetric growth. The estimates for Fiat and VW 

(RCLR=.957) and for Renault and Benz (RCLR=.988) also indicates that the firms in 

these dyads have been learning approximately at equal rates over the long term through 

the development of mutualistic interactions. In the latter, for instance, this result means 
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that for 1 percent growth of Renault, Benz grew by .988 percent. As Figure 7.1 shows 

the relative growth between these firms has remained extremely symmetric and virtually 

invariant (rate r2 = .977) during the post World War IT period. For VW-Fiat shown in 

Figure 7.2, the fit of the interorganizational learning equation 7.5 is very good (rate 

r2 =.964). The small serial deviations from the data in the lower range of the interaction 

in Figure 7.2 are caused by a particularly strong outlier in the middle of the range. 

Without it the fit of the model would be higher. 

Looking at row 5 and down through column 5 Toyota shows to be ahead in all the 

dyads in which it participates. There are some notable exceptions. The serious threat for 

Toyota are the Japanese themselves. Particularly Honda. The RCLR of 1.362 for the 

interaction between Honda and Toyota indicates that over the long term, Honda has 

been learning 1.362 times faster than Toyota, which indicates that for every 1 percent 

growth of Toyota, Honda grew by 1.362 percent. This outcome illustrates a clear 

competitive interaction between the two organizations in favor of Honda over the long 

term. 
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equation 7.5, rate r2 = .977 
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7.2 Ecological Hypotheses 

Hannan and Freeman (1977) and Hannan, Ranger-Moore and Banaszak-Holl 

(1990) assume that organizations compete most intensely with organizations of similar 

size because these organizations employ similar strategies and structures and therefore 

rely on similar set of resources. This conjecture implies that competition among 

automobile producers may differ along the scale of size. Since the ordering of world

class automobile organizations in the columns and rows of the collective learning matrix 

presented in Table 7.1 is based on cumulative size (the largest being fIrm #1 --GM) it 

is possible to test Hannan and Freedman's argument empirically on the patterns of 

RCLR estimates in the matrix. Thus I hypothesize 

H7.1a: 

H7.1b: 

The competition among the largest organizations (LL) is stronger than the 

competition between the largest and medium sized organizations (LM). 

Thus, the following pattern is expected: 

Mean RCLR (LL) > Mean RCLR (LM) 

The competition among the largest organizations (LL) is stronger than the 

competition between the largest and smallest organizations (LS). Thus, the 

following pattern is expected: 

Mean RCLR (LL) > Mean RCLR (LS) 



H7.1c: 
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The competition between the medium sized and the largest organizations 

(ML) is stronger than the competition between the smallest and the largest 

organizations (SL). Thus, the following pattern is expected: 

Mean RCLR (ML) > Mean RCLR (SL) 

Hannan and Freeman (1977) add: 

"When large-sized organizations emerge they pose a competitive threat to 

medium sized organizations but hardly any threat to small organizations. In 

fact, the rise of the large organizations may increase the survival chances 

of the small ones in a manner not anticipated in the classical [Gibrat's] 

model. When the large organizations enter, those in the middle of the size 

distribution are trapped. Whatever strategy they adopt to fight off the 

challenge of the larger form makes them more vulnerable in competition 

with small organizations, and vice versa. That is, at least in a stable 

environment the two ends of the size distribution can outcompete the 

middle." (p. 946) 

This argument has implications for the form of interdependence involved across 

size-classes. First, it suggests that the interactions between large and medium sized 

organizations, and between the latter and small organizations, tend to be competitive -

towards a systematic asymmetry in their relative growth. According to equation 7.4, this 

situation occurs because these organizations develop different relative collective learning 
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rates. Second, the argument suggests that the interaction between the largest and 

smallest organizations tend to be mutualistic --towards symmetry in their relative 

growth. According to equation 7.4., this situation occurs because organizations develop 

conditions of cross-fertilization effects between their innovation processes through to 

tight mutual observational learning over time. Thus, their learning rates tend to be 

relatively the same. 

Recall that the value of RCLR in equation 7.4 gauges the extent of asymmetry in 

organizational interactions, and that RCLR = 1.0 might suggest mutualism (Barnett 

and Carroll 1987). Thus, I hypothesize 

H7.2a: 

H7.2b: 

H7.2c: 

The interactions between the medium sized and the largest organizations 

(ML) tend to competition. Thus, the following pattern is expected: 

Mean RCLR (ML) =1= 1 

The interactions between the largest and the smallest organizations (LS) tend 

to mutualism. Thus, the following pattern is expected: 

Mean RCLR (LS) = I 

The interactions between the smallest and the medium sized organizations 

(SM) tend to competition. Thus, the following pattern is expected: 

Mean RCLR (SM) =1= 1 
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7.3 Analysis 

The 31 fIrms in Table 7.1 were assigned to size-classes according to their 

cumulative size (the criteria for ordering the matrix). There were ten fIrms in each size

class except the lower category with eleven fIrms. The tests of the hypotheses were 

based on the standard nonparametric Mann-Whitney/Wilcoxon U-test statistic (Conover 

1971). The test compares the patterns of RCLR estimates between the groups under 

examination and produces a comparable t-statistic for hypothesis testing. Table 7.2 

presents the results. 
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Table 7.2: Nonparametric tests of ecological hypotheses about patterns of competition 
in the international automobile industry, 1946-1989. 

H7.1a H7.1b H7.1c 

Expected LL > LM LL > LS ML > SL -

MeanCRL 1.375 .909 1.375 .979 1.413 1.248 

(.688) (.536) (.688) (.461) (.656) (.560) 

U-Test 4.146 *** 3.333 *** 1.812 * 

Number of 145 145 200 
dyads 

* p < .05 ** p < .01 *** p < .001 (One tailed test) 

Note: Standard deviations are given in parentheses 



Table 7.2: (Continued) 

Expected 

MeanCRL 

U-Test 

Number of 
dyads 

H7.2a 

ML =1= 1 

1.413 

(.688) 

4.963 *** 

200 

H7.2b 

LS = 1 

.979 

(.461) 

2.612 ** 

200 

* p < .05 ** p <.01 *** P < .001 (Two tailed test) 

Note: Standard deviations are given in parentheses 
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H7.2c 

SM =1= 1 

1.057 

(.651) 

2.628 ** 

200 



156 

The results in Table 7.2 show that hypotheses H7.1a and H7.lb yielded significant test

statistics beyond the .001 critical level and H7.1c is significant beyond the .05 critical 

level. That is, the results do lead to rejection of the null hypotheses of no difference in 

competition among size-classes. This evidence supports the assumptions about size

localized competition (Hannan Ranger-Moore and Banaszak-HollI990). This is virtually 

the first direct empirical evidence based on nonexperimental data and hypothesis testing 

for this assumptions in the literature. Thus, Hannan and Freeman's argument has 

empirical support in the world automobile industry. Large automobile firms such as 

GM, Ford and Toyota compete most with other large auto makers such Volkswagen and 

Nissan, to a lesser extent with medium sized firms such as Volvo, Benz and Mazda, and 

much less with small firms such as Porsche, Saab and AlfaRomeo. 

In addition, there is support for the view that organizations of medium size are 

involved in competition with the ends of the size axis. Table 7.2 shows that hypotheses 

H7.2a and H7.2c are robust; the mean RCLR of medium sized organizations in 

interactions with both larger and smaller firms is significantly higher than 1.0, beyond 

.01 critical level. This result means that the medium sized organizations are involved 

in competitive interactions. In H7.2a the mean values of RCLR's indicate (following the 

logic of equation 7.4) that, on the average, for 1 percent growth of the larger firms 

medium sized firms grow by about 1.4 percent. This apparently reflects aggressive 

strategies of medium sized firm to deal with the emergent dominance of the larger 

firms. However, as Hannan and Freeman rightly conjectured, this outcome also reflects 
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the vulnerability of the medium sized fIrms in competition with the smaller fIrms. In 

H7.2c the mean values of RCLR's indicate that, on the average, for 1 percent growth 

of the medium sized frrms the smaller ones grow by about 1.06 percent. This might 

seem to be a small difference, but it is a robust result; small differences in relative 

growth rates may translate into large differences in market share for these fIrms in the 

long term. 

However, the result for H7.2b does not support Hannan and Freeman's 

assumption that the rise of the large organizations increases the survival chances of the 

small organizations. According to Table 7.2 the nonparametric U-test does not lead to 

rejection of the null hypothesis of CRL :/::: 1. That is, the interactions between large 

and small organizations in the international automobile industry tend to be competitive. 

This result is statistically signifIcant beyond the .01 critical level. 

Overall, the results support the ecological arguments about size localized 

competition (Hannan and Freeman, 1977; Hannan Ranger-Moore and Banaszak-Holl 

1990). The results also show that ecological hypotheses can be tested empirically and 

directly within the context of an ecology of collective learning based on the derived 

interorganizationallearning curves, equation 7.4. 
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7.4 Implications of an Ecology of Collective Learning for Competition in the World 
Automobile Industry. 

This section presents, mostly illustratively, how the ecology of collective learning 

affected observed patterns of competition among world class automobile firms and 

generated changes in those patterns over time. Of particular interest (to scientists and 

managers) are the measures of underlying processes of collective learning, innovation 

and outnovation. These measures may help to understand and evaluate the dynamics of 

change in the relative positions of firms in an industry. 

Table 7.3 shows the relative positions of automobile firms in the global industry 

over a period of four decades. These data reveal that some firms are slowly losing 

market share (e.g., General Motors and Ford), others are gradual even astonishing 

successes (e.g., Toyota and Nissan), and still others languish and ultimately abandon 

the industry (e.g., AMC and Glas). Figure 7.3 illustrates these dynamics for the six 

largest (in cumulative size) world-class automakers. According to the relative collective 

learning rates shown in the footnote table of the figure, Toyota (RCLR=2.06) and 

Nissan (RCLR= 1.96) each have learned twice as faster than the rest; in other words, 

each have grew about 2 percent for every 1 percent growth of its counterparts. 

Apparently Toyota and Nissan have based their competitive advantage on higher 

innovation and outnovation rates (Toyota's a=.922 and b=.068 respectively; Nissan's 

a=1.375 and b=.079 respectively) compared to the rest. Also the Japanese have been 

systematic learners as reflected in their relatively high SLI (systematic learning 
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indicator) given in the table in Figure 7.3. By being consistent in collective learning 

processes of innovation and outnovation over the long-term, these Japanese automakers 

succeeded to change their almost unnoticeable shares in 1950 (.1 percent combined) into 

remarkable shares (Toyota, 8.7 percent; Nissan, 6.1 percent) in 1989. 

As noted previously, GM and Ford evidenced (Table 7.1) similar patterns of 

relative learning rates suggesting poor long-term competitive performance. Figure 7.3 

shows their decline quite clearly. However, in contrast to GM, Ford and Chrysler have 

evidenced a turnaround in the 1980's: they reversed their long-term trend of growth by 

changing their innovation and outnovation rates. As shown in the footnote-table to 

Figure 7.3, the innovation and outnovation rates of Ford (a=.200 and b=.045 

respectively) and of Chrysler (a=.193 and h=.049 respectively) are higher than GM's 

innovation and outnovation rates (a=.188 and b=.044 respectively). Chrysler has been 

increasingly gaining share since the early 1980's apparently· through a series of 

innovations and outnovations that include, for example, the leadership of Lee Iacocca 

as CEO, the effective use of a governmental loan --repaid before due-- to develop new 

products (e.g, minivans) and technological capacity, ·the introduction of air bags in 

automobiles for improved safety, the modification of an hierarchical organizational 

structure to one based on team-work and the acquisition of Jeep from AMC to access 

the profitable sport-utility segment of the American market. During this period, also 

Ford has been noted by its innovations, for example, in product quality, attractive 

designs (e.g., Taurus, Probe) and advanced aerodynamics. 



Table 7.3: Share of Automobile Firms in the World Industry 1950-1989 (percentage of Total Worldwide Motor 
Vehicle Production). 

1950 1960 1970 1980 1989 
37.7 GM - --2E.3TJM--··- iE.TOM IK4 GM 15.5 GM 
21.9.0 Ford 19.1 Ford 16.5 Ford 11.5 Ford 12.3 Ford 
13.1 Chrysler 7.2 Chrysler 8.3 Chrysler 8.6 Toyota 8.7 Toyota 
2.2 BL 5.3 VW 7.5 VW 6.9 Nissan 6.1 Nissan 
1.3 Renault 4.1 Rover 5.5 Toyota 6.7 VW 5.9 VW 
1.1 Fiat 3.2 Fiat 5.2 Fiat 5.5 Renault 5.5 Peugeot 
.9 VW 3.2 Renault 4.7 Nissan 3.7 Peugeot 4.5 ChrYsler 
.8 Citroen 2.9 AMC 4.1 Renault 3.5 Fiat 4.5 Renault 
.6 Peugeot 1.9 Citroen 3.3 Rover 3.2 Chrysler 3.8 Fiat 
.4 Benz 1.3 Peugeot 2.0 Peugeot 2.9 Mitsubishi 3.7 Honda 
.1 Toyota 1.2 Benz 1.8 Citroen 2.9 Mazda 3.0 Mazda 
.1 Nissan .9 Toyota 1.6 Benz 2.5 Honda 2.6 Mitsubishi 
.1 Volvo .7 Nissan 1.6 Mitsubishi 1.9 Benz 1.8 Suzuki 
.03 Saab .7 AutoUnion 1.5 Mazda 1.2 Suzuki 1.6 Benz 
.02 AutoUnion .6 Volvo 1.3 Honda 1.2 Isuzu 1.4 Daihatsu 
.003 Porsche .4 AlfaRomeo 1.0 Volvo 1.1 Fuji 1.3 H~ndai 

19.6 OTHER .3 Mazda 1.0 Dahiatsu 1.1 Dciihatsu 1.1 Fuji 
.3 BMW .9 AMC 1.0 Rover 1.1 Isuzu 
.2 NSU .9 Suzuki .9 BMW 1.1 Rover 
.2 Saab .8 Fuji .8 Volvo 1.0 BMW 
.2 Mitsubishi .5 BMW .6 AlfaRomeo 1.0 Volvo 
.2 Isuzu .5 Isuzu .4 AMC .6 Kia 
.2 Glas .4 AlfaRomeo .3 Saab .5 AlfaRomeo 
.1 Lancia .3 Saab .3 Lancia .3 Saab 
.09 AutoBianchi .3 AutoBianchi .2 AutoBianchi .3 Daewoo 
.09 Hino .2 Lancia .2 Hino .3 Lancia 
.08 Fuji .2 Hino .2 ~~ndai .3 AutoBianchi 
.05 Porsche .06 Porsche .09 Kia .2 Hino 
.04 Suzuki 9.94 OTHER .06 Daewoo .06 Porsche 
.02 Dahiatsu .07 Porsche .04 Dong-A 

16.93 OTHER .007 Dong-A .03 Asia 
.003 Asia 9.87 OTHER 

12.07 OTHER 

Note: lJata trom Motor Vefiicle Manlitactlirers-AssocHition-;-U.S. (vanous edltions) 
OTHER includes producers from Eastern Europe, former U.S.S.R. and Latin America 

-~ 
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Figure 7.3: Competition among the six largest world class automobile 
firms. * 

• The analysis of competition among these firms is based on the 
estimation of their 6x5 interaction-matrix with the collective learning 
model (equation 7.5). The mean estimates of the relative collective 
learning rate (RCLR), the systematic learning indicator (SLI) from this 
analysis for each of these firms and the corresponding innovation and 
outnovation rates, parameters a and b from Table 5.1,"are: 

Plot Firm RCLR SLI _a_ _b_ 
G General Motors .69 .59 .188 .044 
F Ford .73 .67 .200 .045 
C Chrysler .60 .51 .193 .049 
V Volkswagen 1.14 .89 .495 .064 
T Toyota 2.06 .94 .992 .068 
N Nissan 1.96 .89 1.375 .079 
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Figure 7.3 also shows Volkswagen as ranked as a medium sized organization 

within this group of firms. GM, Ford and Chrysler are the largest fIrms in cumulative 

size, and Toyota and Nissan are the smallest in cumulative size within this group of six 

organizations. As previously noted (the European fIrms in Table 6.3 and Figure 6.6) 

Volkswagen is also in the middle between the Japanese and the American fIrms in 

measures of innovation. This fact probably reflects the conjecture of Hannan and 

Freeman previously noted. VW competes stronger with largest fIrms (GM, Ford and 

Chrysler) as indicated by a RCLR of 1.14 for VW compared with .69 for GM, .73 for 

Ford and .60 for Chrysler. A RCLR of 1.14 indicates that VW is learning 1.4 times 

faster than the other fIve combined. In contrast VW is learning slower than Toyota 

(RCLR= 2.06) and Nissan (RCLR=1.96). This means that VW, while competing 

fIercely relative to the largest fIrms, it is vulnerable to the competition from Toyota and 

Nissan. This analysis is consistent with the Hannan and Freeman's conjecture. 

The ecology of collective learning explains competition among automobile 

organizations in all size-groups. Figures 7.4-7.6 show a positive relationship between 

the competitive performance of ten world-class automobile firms in each size-class as 

a function of relative collective learning rate (RCLR). For the purpose of the present 

analysis the relationships are summarized with a linear regression. 1 The fIt of .449 of 

1 This relationship mayor may not be described by an alternative functional form. 
The exact form of this relationship is an important substantive question that requires further 
research and should be pursued in the future. Thus, the results of these regression analyses 
and their interpretation should be seen as preliminary. 
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the regression in the smallest-size group shown in Figure 7.6 is low compared with the 

fit .866 for the medium sized firms (Figure 7.5) and the fit of .701 for the largest firms 

(Figures 7.4). 

An inspection of the SLI estimates of mutual interactions, shown in the triangles 

at the upper off-diagonal part of the matrix in Table 7.3, suggests that the relative poor 

relationship between learning and performance for the smallest firms shown in Figure 

7.6, might be caused by the tendency of these organizations to learn less systematically 

than the medium sized and largest firms. From Table 7.3, the average SLI among the 

smallest firms is .550 compared with .699 for the medium sized firms and .814 for the 

largest firms. Thus, organizational size apparently promote systematic learning in the 

world automobile industry. Large organizations have the advantage of being able to 

allocate more resources to R&D, for instance. As noted before in Chapter 6 the 

innovation rates of world class automobile firms seems correlated with the level of 

investment in R&D. But systematic learning alone does not guarantee relative success 

in world markets for automobiles. According to Womack, Jones and Ross (1990) the 

average percent change in annual spending on R&D is 4.12 for American automakers, 

6.34 for Europeans and 12.3 for Japanese automakers (see Table 6.3). These figures 

suggest that American automakers are relative conservative regarding annual spending 

on R&D. Although American firms spend more in absolute terms, hence have the 

advantage of size, they invest at a comparatively slower rate, hence learn relatively 

slower. The faster competitors from Japan and Europe were able to catch up in global 
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markets by learning, innovating and outnovating faster and systematically as noted in 

Figure 6.6 and in the table in Figure 7.3. 

Thus, the collective learning theory, its model (equation 2.12) and derived 

interorganizationallearning curves (equation 7.4), explain, describe and measure quite 

well the dynamics of relative positions of firms in the world automobile industry in the 

post World War IT as shown in Table 7.3 and illustrated in Figures 7.3-7.6. 
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Figure 7.4: Competitive performance of the ten largest world-class auto
mobile flrms as a function of relative collective learning rate (RCLR). The 
regression line is given to suggest the direction of the relationship.· 

• The OLS estimation of this regression gave the following results: 
Estimate Standard Error 

Coefflcient 
of RCLR 13.484 ** 3.110 

Constant -13.993 ** 3.297 

R2 .701 

df 8 

** P < .01 (one tailed test) 
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Figure 7.5: Competitive performance of ten medium-sized world-class 
automobile firms as a function of relative collective learning rate (RCLR). 
The regression line is given to suggest the direction of the relationship.· 

• The OLS estimation of this regression gave the following results: 
Estimate Standard Error 

Coefficient 
of RCLR 4.879 *** .887 

Constant -5.325 *** .677 

R2 .866 

df 8 

*** P < .001 (one tailed test) 
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Figure 7.6: Competitive performance of the ten smallest world-class 
automobile fIrms as a function of relative collective learning rate (RCLR). 
The regression line is given to suggest the direction of the relationship.· 

• The OLS estimation of this regression gave the following results: 
Estimate Standard Error 

CoeffIcient 
of RCLR .806 * .315 

Constant -.868 * .364 

R2 .449 

df 8 

* P < .05 (one tailed test) 
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CHAPTER 8 

CONCLUSIONS 

According to the results reported in Chapters 5, 6 and 7, the primary research 

objective has now been meet: the fit of the collective learning model, the fit of 

parameter hypotheses, the empirical adequacy of underlying assumptions and the derived 

relative collective learning curves, all have shown that, in fact, observed long-term 

paths of organizational growth in the international automobile industry between 1946 

and 1989 were apparently generated by an underlying causal process and not by a 

random or chance process. Furthermore, the causal process was shown by the data 

analyses to involve collective learning processes, not the ecological processes 

hypothesized in the derivation of the alternative model. 

The comparative empirical testing presented in Chapter 5 shows clearly that the 

collective learning model, on the average, is superior(rate r2=.87) to the ecological 

model (rate r2=.79) in describing the yearly variation in the histories of growth of 31 

world class auto makers. In addition, the results of the investigation of parameter 

hypotheses reported in Table 5.4 show that the collective learning model also explains 

the interfirm variations in growth trends as hypothesized while the ecological model did 

168 
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not. As expected from collective learning hypotheses, resources showed a significant 

positive effect on the interfirm variation in values of the innovation rate parameter. The 

effect of distance, which gauges the invert of interorganizational competition, was 

negative and significant as predicted. Finally, outnovation rate showed a positive effect 

on the innovation rate parameter as predicted. However, the analysis reported in Table 

5.4 turned up evidence for rejecting the ecological hypotheses; in particular, the 

variables resources and distance affected negatively the speed of adjustment parameter 

of the ecological growth model contrary to the expectations. 

In the investigations in Chapter 6 there was also no evidence suggesting the 

implausibility of the assumptions underlying the collective learning model, namely, the 

assumptions about the relationship between innovation, outnovation, collective learning 

and innovation-competition and the validity of parameter values as measures or 

indicators of these collective learning processes. While Chapter 2 shows that these 

assumptions have solid empirical foundation in past social science research (e.g., 

Hamblin et al. 1973; Teplitz 1991), Chapter 6 shows that these assumptions are 

appropriate --plausible-- premises for the derivation of a collective learning model of 

organizational growth. 

Although the model based on collective learning theory explains most of the year

to-year variability in histories of organizational growth, and most of the differences in 

growth rates across firms, it is important to consider the sources of deviations from the 



170 

predictions because they can indicate either problems of model specification (missing 

variables, incorrect functional forms) or intrinsic random variations in the data 

(measurement errors, exogenous or historical shocks, indeterminacy in short-term trial

and-error learning, etc.) If the model is misspecified by failing to include an important 

variables or by incorrectly specifying the functional form of the process, the deviations 

should be systematic and consistent across all the data sets. Otherwise the sources of the 

deviations are random variations intrinsic to particular data set. 

Despite the fact that there were plenty of opportunities to detect misspecification 

problems in the various empirical investigations reported in Chapters 5, 6 and 7, I did 

not find evidence for such problems in the collective learning model. As discussed in 

Chapter 5, the model deviated (yielded no stable parameter estimates) from the predicted 

S-shape patterns in only five cases, four of which are South Korean firms. When closely 

considering these cases it was clear to me that the strong financial, bureaucratic and 

patrimonial influence of the South Korean government prevented these so-called chaebol 

firms from developing the effective collective learning process, as I hypothesized in 

Chapter 2. Under such a macrosocial structure South Korean firms have tended to 

extreme conservative behavior: a lack of innovation and outnovation that translates into 

isolation from competition. They were guaranteed huge financial support from the 

government contingent primarily on conformity to central authority (OnU et al. 1991). 

Thus, their growth is attributed to a "force majeure" --the state. 
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However, the South Korean data evidenced strong exponential trends. I estimated 

exponential equations for these data and the fit was good (rate r2 = .87 on the average), 

but I did not investigate the exponential equation in the present research. Future 

research should question the continuity of exponential trends in the growth of South 

Korean firms to detect if and when the emergence of a braking process may occur. Yet, 

this extreme result indicates that the collective learning model might be overspecified 

rather than misspecified for the South Korean cases. This insight was developed during 

the investigation, because the collective learning model, as formulated, did not predict 

exponential trends under the above limiting conditions. However, by stating explicitly 

the macrosocial conditions that prevent competition, promote conservatism and suppress 

outnovation in the underlying collective learning theory, it is possible to define a priori 

the empirical scope of the hypothetical growth model. Future research should refine the 

theory in this regard, derive the conditions under which the collective learning model 

predicts exponential trends and, thus, empirically explore structural changes in collective 

learning processes (cf. Hernes 1976) underlying the dynamics of organizational growth 

under very different macrosocial structures. 

In the investigations of ecological hypotheses in Chapter 7, the interorganizational 

relative collective learning curves (equation 7.4) explain patterns of competition among 

world-class automakers as hypothesized in all but one case. There is evidence (hypoth

eses H7.1a-H7.1c in Table 7.2) suggesting that world-class automobile firms compete 

most intensely with automobile firms of similar size. Large automobile firms such as 
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Ford compete most with other large automakers such as Nissan, to a lesser extent with 

medium sized fIrms such as Volvo, and much less with small fIrms such as Porsche. 

This evidence supports ecological arguments about size-localized competition (Hannan 

and Freeman 1977; Hannan, Ranger-Moore and Banaszak-Holl 1990). 

There is also evidence (hypotheses H7.2a and H7.2c in Table 7.2) for the view 

that organizations of medium size (e.g., Volvo, Honda, Benz) compete with the largest 

organizations (e.g, with GM, Toyota, VW) and are outcompeted by the smallest 

organizations (e.g., BMW, Saab, AlfaRomeo). However there is no support for the 

hypothesis (H7.2b) that interactions between the largest and the smallest organizations 

tend to mutualism, i.e., to symmetric interactions in which organizations growth (or 

contract) at equal rates and none of them outperforms the other in the long term. In 

general, the results for the ecological hypotheses are strong and show that typical 

ecological theorizing can be tested empirically and directly within the context of an 

ecology of collective learning as shown in Chapter 7. 

The collective learning theory of organizational growth and its model (see Chapter 

2) portrays firms as organizations continuously involved in the development of 

information about, and modification of, technology and structures of interactions 

between all organizational constituencies --employees, owners, consumers, suppliers, 

governmental agencies, partners in strategic alliances, and competitors. Learning takes 

place over time, through direct and indirect observation of, and communication about, 
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behaviors and their consequences among individuals in and across organizations. Every 

fIrm develops its own history of growth --a path over the long term-- but not 

independent from the histories of other fIrms; the collective learning model captures the 

uniqueness of organizational histories in terms of fIrm specific parameter values. But, 

interestingly, the history-dependent paths in growth rates that emerge over time exhibit 

striking regularities, described by the same collective learning equation 2.12, across 

different kinds of organizations and environments --full-line producers and specialists, 

fIrms owned by governments and by private shareholders, relatively small and large 

fIrms, fIrms with "lean" and "mass" organizational structures, fIrms with American, 

European and Japanese origins, relatively old and young fIrms. 

This is a remarkable fInding because these regularities in patterns of organizational 

growth across so many different organizations are not expected either by the structuralist 

nor by the stochastic approaches that have dominated organizational theory and research 

and which I referred to in Chapter 1. This result suggests that the structuralist and 

stochastic viewpoints should be modified by the dynamic long term viewpoint of the 

collective learning theory. In a world continuously shrinking by global competition and 

sophisticated communication networks, one can no longer claim that fIrms with different 

organizational structures, embedded in different cultures and institutional orders, and 

located in different confIgurations in and across specific countries and regions allover 

the world, follow fundamentally unique histories as if they were independent one from 

the other. The collective learning model describes and explains strong isomorphisms 
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across organizations, but these isomorphisms may not be only institutional and cognitive 

(cf. DiMaggio and Powell 1991) but also behavioral and processual. 

Understanding the dynamics of organizational growth and the causal processes 

involved in collective learning over the long term is crucial not only for theoretical 

reasons but also for practical concerns. As I noted in the introductory chapter, 

knowledge of the causal processes underlying organizational dynamics, not reliance on 

luck or chance, may help managers formulate and implement more effectively 

organizational strategies over the long term. The specific content of the causal 

processes, precisely what organizations learn, what institutions develop, what structures 

or organizational routines change, or what strategies succeed is a problem of secondary 

importance. All contents change gradually, systematically and, evidently, predictably. 

The processes of change may be very slow or very fast. The rate of change in 

innovation, outnovation, and learning, hence, organizational performance constitute the 

most striking and important phenomena to be explained here (cf. Winter 1990). 

According to collective learning theory, the reguUuities in growth rates arise from 

the dynamic interactions among three underlying processes: collective learning, 

innovation, and outnovation. The innovations and outnovations may involve 

technological and organizational changes as illustrated in Table 2.1. Organizations that 

generate different dynamics in processes of innovation and outnovation differ in their 

long term growth performance. Taken together, the dynamics of these collective 
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learning processes --dynamic equilibria measured by the parameters of the model (see 

Tables 5.1, 6.3, and 7.1)--largely explain the dynamics of competition in the industry, 

as illustrated in Table 7.3 and Figure 7.3. For instance Toyota has learned about twice 

as fast as the five largest world-class automakers combined, that is, for every 1 percent 

growth of these competitors Toyota has grown about 2 percent. Its successful 

competition is based on higher rates of innovation (a= .992) and outnovation (b=.068) 

in organizational routines and technologies. Over a period of four decades Toyota 

succeeded to grow from .1 percent market share in 1950, to a remarkable 8.7 percent 

share of the global industry in 1989. Thus, the collective learning theory shows us 

interesting and useful knowledge. 

As noted previously, this theory, its model and the ecology of collective learning 

derived from them have important practical implications for they can help in evaluating 

empirically the competitive potential of firms in terms of indicators of innovation and 

outnovation relative to other firms, patterns of competition (relative learning rates) 

among firms and any changes of those patterns over time. Thus, the present research 

strategy helps gauge, indirectly, causal processes· underlying the dynamics of 

organizational growth. This is a great leap forward in research on organizational 

learning, growth and innovation. While some critics may find the present research less 

colorful than the typical verbal treatments of hot organizational topics in our literatures, 

it provides potentially more useful causal analyses as well as more meaningful measures 

on which different organizations can be compared, with each other and with themselves. 
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These measures may provide useful benchmarks and diagnostics for more effective 

strategic management. Thus, this methodological features should also be of special 

interest to organizational scientists as well as mangers or practitioners. 

The results of this research also suggest that empirical work on ecological theories 

of organizations might benefit from the application of interorganizationallearning curves 

(equation 7.4), the generation of a matrix of collective learning rates (e.g., Table 7.1) 

and the comparative testing of hypotheses on this kind of matrix. This strategy is 

general and flexible and has the advantage of gauging directly the interactions among 

organizations over long periods of time. Ecologists, for instance, have typically studied 

competition indirectly by focusing on density or mass dependence in vital rates (Hannan 

and Freeman 1989; Barnett and Amburgey 1990) in large part because of the difficulty 

of estimating directly the Lotka-Volterra competition equations with nonexperimental 

data without the necessity to assume aggregate equilibrium in the system (cf. McPherson 

1983). The methodology used in this study may be a more feasible and direct research 

strategy for such organizational dynamics. 

The results of this research also provide considerable power to Singh's (1990) 

suggestion about developing a social-learning approach to organizational evolution. 

While the plausibility and usefulness of Singh's Lamarckian approach to social learning 

has previously been difficult to demonstrate empirically (the dominant research on 

organizational dynamics has been based on a Darwinian stochastic approach [Hannan 
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and Freedman 1989]), the present behavioral approach to collective learning theory (see 

Hamblin and Kunkel 1977) research shows that this is no longer so. By using the 

collective learning theoretical strategy followed in this study I found it possible to 

formulate causal propositions (solidly founded in past empirical social science research) 

and to estimate derived models so as to make direct inferences about the validity of 

those propositions. Furthermore, the collective learning strategy allows the derivation 

of implications that help test the empirical adequacy and theoretical relevance of the 

substantive model under consideration. Still more, the strategy yields strong empirical 

results and the flexibility to deal with various levels of analysis in longitudinal and 

cross-sectional dimensions. The macro-level analyses in Chapter 7 is one example. 

There are additional directions for future research to the others. First, future 

research should use new data sets from different industries and different periods within 

and across countries and world regions, in order to generalize the present findings and 

refine the present theoretical statements and the model. Particularly there is a need to 

delineate systematically the scope conditions of the collective learning model through 

comparative historical research. For instance, from the" exceptional deviations from the 

predictions, it is possible to find out if the collective learning growth model (specified 

as Gompertz equation) might not be applicable under conditions of strongly state

regulated economies as in South Korea. This apparently does not include the conditions 

prevalent in mixed-economies like France. The ownership of Renault by the French 

government did not affect the results obtained for the auto-maker with collective 
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learning model. The issues of scope conditions should be resolved systematically in 

future research. Second, future research should examine the punctuation of 

organizational evolution by identifying "shocks" (e.g., radical innovations, government 

intervention) that might generate epochs of innovation and organizational growth. This 

line of research should focus on empirical epochs in organizational evolution, measure 

rates of change during epochs, and, estimate differential factor effects on these rates 

across epochs. Such epoch research would also help develop our lrnowledge of the 

causes, rates and shapes of different paths of organizational evolution. 
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