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Abstract: The paper develops a simulation method that can be used to develop knowledge
inductively and test hypotheses about causal processes in social systems. Combining existing
simulation methods in novel ways, it describes in detail the uses and requirements for carrying
out history-friendly simulation experiments. The second part of the paper illustrates the value of
the methodology by developing inductively information about the precise causal impact of (1)
the initial number of organic chemists at the start of the industry (1857) and (2) the
responsiveness of the German university system on the German global market share in the
synthetic dye industry in 1913.

1. Introduction

Because of dramatic increases in the power and decreases in the cost of computing,
mathematical simulations have become more popular in all branches of science. While scientists
employ computer simulations in a variety of ways, two approaches to simulations have become
dominant in recent years (Jacobsen and Bromson 1997; Troitzsch 1999). The first tries to
recreate reality as closely as possible. The purpose of this kind of simulation is to make exact
predictions about how the modeled system will behave under different conditions (Richards
2002). This approach is mainly used in natural sciences and engineering. Since much less is
known about the causal mechanisms that drive social phenomena and since social phenomena
are more complex, social scientists typically cannot construct simulation models that recreate
reality and predict how a social system will behave (Meyer 2000 and Eliasson and Taymaz 2000
describe some exception). For this reason most simulation models in the social sciences have
been used for a second purpose: They aim to reproduce stylized facts and examine the
relationship between factors that are surmised to have been the driving forces in a social process
in order to increase our understanding of such processes (Carley 1995, Levinthal 2001, Macy and
Strang 2001).

The major challenge for simulations in the social sciences is that the laws according to
which systems develop change over time (Tilly and Stinchcombe 1997). Simulation models that
rebuild social reality to make predictions about the future, therefore, are not only rare but also
highly controversial. When the aim is not to predict the future but to model history, this problem
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does not exist because, at least in principle, changes in the rules of development can be
approximated through detailed historical research. In recent years, evolutionary economists have
begun to test the validity of theoretical explanations offered for the development path of an
economy or an individual industry by constructing so-called "history-friendly" simulation
models (Malerba, Nelson, Orsenigo, and Winter 1999; Malerba and Orsenigo 2002; Nelson and
Winter 1982).

There are three compelling reasons for examining causal explanations for observed
historical developments with the aid of a simulation model. First, history represents only one
realization of a stochastic process. If we were able to rerun history, the outcome could be
completely different even if the initial conditions had been exactly the same. There are, however,
some developments that are determined entirely by the initial conditions despite stochastic
influences. These processes have received increasing attention over the last two decades and are
now known under the general heading of path-dependency (Arthur 1994; David 1985). To
develop valid theories of social processes, it is important to distinguish between developments
that are caused by the initial conditions, developments that are triggered by point interventions,
and developments that occur merely by chance. Simulations offer a powerful tool to develop
such insights.

Second, simulation models make it possible to develop counterfactual analyses that
cannot be carried out by the human brain. Most verbal explanations for social developments at
least implicitly contain the notion that if a certain factor had been absent, the outcome of the
social process would have been different. When multiple agents interact over longer periods of
time, verbal articulations about what would had happened if certain factors in the initial
conditions had been different can readily go wrong. Human brains are excellent pattern
recognizers but they are very bad at making sequential logical inferences. For this reason we are
often led astray when we try to think through the logical implications of causal reasoning that
involves more than one variable or multiple iterations. This is precisely where simulation models
that strip down a complex reality to key causal variables come in very handy because they offer a
powerful tool for checking whether the logic of a verbal causal account implies plausible results
(Krackhardt 2001; Sastry 2001).

Third, simulations can generate the data for studying in detail the causal relationship
between variables for which only a limited number of observations are available in the historical
record (Malerba et al 1999). If the concepts that constitute a causal explanation can be expressed
in terms of continuous variables, the entire ranges of the variables are frequently not observed in
the historical record. Simulations are very useful because they can fill in data points along the
entire range of the variables, making it possible to create information about the relationship
between two variables that would otherwise not be available. In this regard, simulations
constitute a methodology for inducing new knowledge, provided that the simulation model
replicates reality except for the variables that are varied.

The purpose of our paper is to spell out for a broad audience of social scientists how
simulation models can serve as a useful tool for examining causal theories about observed social
phenomena. Since causal analysis deserves to be at the center of sociological inquiry (Abbott
1998), it is very important to develop tools that help us identify the driving causes of social
processes. Our aim is to expand existing simulation methods in order to be able to conduct
detailed studies of causal relations in complex social systems. As long as simulation models
contain only a few parameters or the values of most parameters are known exactly from
empirical studies, the methods that are typically found the literature can be used. Many social



processes, however, are so complex that they can be only modeled satisfactorily by specifying
multiple mechanisms that imply a large number of parameters. Empirical research typically
cannot provide exact values for many parameters but only ranges in which the exact values will
fall with certainty. In these cases, existing simulation methodologies do not allow researchers to
examine in detail causal relationships. The simulation method that we propose is specifically
designed to study causal relations in social processes.

The paper unfolds in two parts. First, we will discuss in detail how simulation models can
be used to carry out sophisticated studies of causal relationships. We articulate the requirements
that have to be met for such an analysis to be fruitful, identify key methodological issues, and
describe how the results obtained in such simulation exercises should to be evaluated. Under the
name of history-friendly simulation experiments, we develop a methodology that will enable
researchers to create knowledge about causal relationships that cannot be ascertained from the
study of history alone. Simulation experiments, therefore, can help researcher to test causal
hypotheses and carry out inductive reasoning.

In the second part of the paper, we illustrate the usefulness of this simulation
methodology by modeling the development of the synthetic dye industry in the first 57 years of
its existence. Murmann (forthcoming) has put forward a verbal explanation for why Germany
overtook the early leaders, Britain and France, by the early 1870s and then dominated the
industry for the next 40 years with a world market share reaching approximately 80%. As one
key causal factor, he identified the fact that German universities produced a much larger number
of organic chemists than Britain, France, Switzerland, and the United States in the early years of
the industry. We test this causal argument by constructing a simulation model that captures the
key features of the industry when it started and then tries to recreate key developments that
occurred in the industry between 1857 and 1913. Murmann's (forthcoming) detailed empirical
work on the synthetic dye industry supplies us with the necessary information to specify key
factors and their relations. (The details of our simulation model are described in the Appendix.)

Following the method of history-friendly simulation experiments that we developed in
the first part of the paper, our analysis involves two steps. First, we conduct counterfactual
analyses to test the validity of Murmann’s causal explanation. By assigning to Germany different
initial numbers of organic chemists in 1856 and by changing the ease at which the German
university system responds to demand for organic chemists, we should see different global
market shares of the German synthetic dye industry in the simulation year 1913 than we observe
in the historical record. Then we conduct history-friendly simulation experiments to study the
functional form of the relationships between the market share of German firms at the end of the
simulation and two important causal variables: (1) the number of organic chemists that exist at
beginning of the industry (1856) and (2) the number of organic chemists educated by the
university system concurrently with the development of the industry. This allows us to develop
knowledge about causal relationships that cannot be deduced from the historical record.

2. The Method of History-Friendly Simulation Experiments

Simulations are an excellent tool for conducting counterfactual analyses and for studying
causal relations between variables because they make it possible to run many different scenarios
and to "repeat" history (Carley and Hill 2001). Any time, stochastic processes play a role in
determining a social outcome, repeating a simulation experiment with the same starting values
creates a large number of observations that are not available in the historical record. The



outcomes of such a simulation experiment can subsequently be analyzed with conventional
statistical tools. For social developments, multiple observations of the same starting point in a
causal process cannot be obtained by other methods.

Simulation as a tool for inquiry in the social sciences has not yet become a widely
practiced method because it comes with its own limitations and shortcomings. As critics have
pointed out, almost any result can be "confirmed" using simulations by tinkering with the model
and the parameters long enough until they produce the desired result. We believe that a wider
acceptance of simulation models in the social sciences requires the development of clear rules on
how and under what circumstances simulations should be used. For this reason, we propose in
this section not only a method that enables the modeler to make counterfactual analyses and
study causal relations on the basis of simulations that rebuild history, but we also develop
guidelines for how such simulation studies should be carried out to be scientifically compelling.
As mentioned above, our aim is to study causal relationships in social processes that are too
complex to be adequately described by models that include only a few parameters. There are
good reasons to believe, however, that complexity is the rule rather than the exception in the
social sciences.

Over the last five decades, a variety of different simulation methods have been deployed
in the social sciences (Gilbert 1996; Jacobsen and Bromson 1997; Liebrand 1998; Lomi and
Larsen 2001; March 2001). It is our conviction that each hitherto developed simulation methods
practiced by themselves are not adequate to make it possible to induce robust knowledge about
the relationship among variables under conditions of great complexity. By robust knowledge we
mean knowledge about a causal relationship that holds for a wide range of model specifications
making it likely that the real world falls within this range of models. In order to obtain such
knowledge, we propose an approach that is more elaborated than those currently available in the
literature. The novelty of our approach lies in the fact that we combine existing methods in a new
way that allows us to deal with the problems that modelers face when the real world can only be
simulated using many parameters that cannot be measured exactly with the available empirical
data.

2.1 Key Features of history-friendly simulation experiments

Our proposed simulation methodology consists of four steps: First, the model of a social
process and the relevant parameters are chosen with the help of empirical data representing the
real state or dynamics in the world. Second, separate groups of simulations are constructed,
representing different parameter values that are randomly drawn for each parameter from
predetermined ranges. Third, within each group of simulations, a simulation experiment
(following Winer 1971) is carried out to study a particular causal relation. Forth, the results from
these simulation runs are analyzed statistically. Let us describe each of these four steps in detail.

Parameters

An important aspect of any simulation methodology is the specification of the model and
the choice of parameters. When a modeler merely tries to replicate stylized facts and relations
between some theorized variables, the main task is to specify the model properly. In contrast,
when a modeler wants to study causal relations in historically observed processes and generate
information about the specific relationship between key causal factors, choosing the parameters
is also an important task in the modeling exercise. Valuable knowledge about causal relations



can only be achieved if empirical data is extensively used for the estimation of parameters (for
examples of this approach, see Eliasson and Taymaz 2000 or Richards 2002). This means that
history-friendly simulation experiments require detailed knowledge about the empirical context.
Such knowledge can be obtained either through an extensive study of the specific historical
development that the modeler tries to recreate, as we do later in this paper, or by using many
separate empirical studies that each focus on one of the mechanisms built into the simulations.
Brenner (2001), for example, modeled the local clustering of economic activity by drawing on
separate empirical sources to obtain information about innovation processes, firm start-up
frequencies, and knowledge spillovers among firms.

With the help of such empirical knowledge, the model has to be specified in accordance
with reality and all parameters have to be estimated. In some instances the parameters can be
observed with precision. In these cases it is possible to fix the parameter to one value. In other
cases the available data may not be sufficient to determine the exact value of the parameter.
Under these circumstances it is important to define a range of values so that one can be sure that
the true parameter value falls within the range. To demarcate this range, a minimum and
maximum value for each parameter have to be specified. The larger these ranges, the more
heterogeneous and therefore the less robust the simulation results will be (remember that we
defined robust findings as those that hold independent of the exact specification of the simulation
model). By the same token, the more detailed is the empirical information used, the more
precisely the parameters can be estimated and the more robust will the knowledge about the
causal relations generated through this method be.

Groups of simulations

Since generally we do not know the exact values of all parameters, we run groups of
simulations based on values for each parameter that are randomly drawn from predetermined
ranges. This means that each group of simulations is characterized by a common parameter set
except for the parameters that are explicitly studied. If, for example, the relation between the
initial number of chemists in a country and the market share of all firms in this country at the end
of the simulation is to be studied, the parameter that describes this initial number of chemists is
varied within a group of simulations. All other parameter settings are the same for all runs within
a group of simulations.

We call the parameters that are not part of the relationship that the modeler wants to
examine peripheral parameters. In the above example, the size of the global market is an
example for such a peripheral parameter. As we argued earlier, it is important to set all
parameters based on empirical observations. Since for many of the peripheral parameters only
ranges can be empirically ascertained, it is necessary to randomly draw the value of each
peripheral parameter from their predefined ranges. Each draw forms the basis for one group of
simulations. Each group of simulations reflects one model specification and, therefore, one
simulation world. If a large number of such groups are randomly drawn from the parameter
ranges, it can be expected that one group of simulations contains peripheral parameter values that
represent the true historical values. If, furthermore, the overall structure of the model is
adequately chosen, this particular group of simulations will represent the true description of
reality.

Note that the method we use here is similar to the Monte-Carlo approach since we run
simulations across the entire range of empirically possible parameter settings. The larger the
number of randomly drawn groups of peripheral parameters, the more confident the modeler can



be that one of the groups of simulations represents the true description of reality.

Causal relations

In contrast to the usual Monte-Carlo approach, history-friendly simulation experiments
are not interested only in the distribution of possible characteristics of reality, such as the global
market share of German firms in the synthetic dye market in 1913. Instead, they primarily
attempt to study causal relations in social processes, such as the dependence of the German
global market share in this industry on the number of chemists educated in Germany between
1856 and 1913. For us a causal relation exists when one state or process -- in the application that
we present in the second part of this paper a smaller or larger value of a parameter in 1856 --
brings about a particular characteristic of a later state or process -- in our application a lower or
higher market share of German firms in 1913 (see Heise 1975, especially p. 4, for a detailed
discussion of causality). Just as in a controlled experiment, we are truly dealing with causality
here because in studying the impact on an outcome variable we only vary one parameter while
holding all other parameters constant. To study causal relations according to our proposed
method, it is necessary to specify the relevant variables and parameter settings. One defines some
parameters as independent variables (e.g. the initial number of chemists in a country) and some
characteristics of the simulation results as dependent variables (e.g. the market share of all firms
in a country). Simulation exercises are not fruitful unless they focus on a very restricted set of
variables from the entire set that plays a role in the social process. After having chosen a few
focal independent and dependent variables, one carries out a simulation experiment in which the
independent variables are varied in a systematic way, for example, by changing their value from
the lowest value to the highest value within the respective range by equidistant steps. For each
parameter value of the independent variable (or combinations of parameter values in the case of
multiple independent variables), one or several simulation runs have to be carried out. The
number of simulation runs has to be numerous enough so that within a group of simulations a
sufficient number of data points are generated to make statistical analyses feasible. Remember
that within a group of simulations all peripheral parameters are the same for all simulation runs
and that each group of simulations is analyzed separately.

Statistical Analysis

The result of the simulations within one group creates a data set of independent and
dependent variables similar to those that are constructed in empirical studies. These data sets can
then be analyzed using standard statistical tools. Below we employ regression analyses, but other
statistical methods can be used as well.

Since the statistical analysis is done for each group of simulations separately, a set of
results is obtained for the relation between the independent and the dependent variables. This set
of results represents all possible types of causal relations that might exist in the real world. Since,
often we can only estimate the ranges in which real parameters lie, we only obtain ranges for the
real causal relations. To claim otherwise would be an exaggeration of what simulations can
accomplish. If, however, the same causal relation is found for all groups of simulations and if the
model is an adequate representation of reality, a very strong inference can be made that the
causal process does indeed operate in the real world in the manner specified. If different causal
relations emerge, the method we propose generates the option to analyze which of the peripheral
parameters generated the varying results.



2.2 Advantages and Drawbacks of History-friendly Simulation Experiments

Our proposed simulation methodology possesses significant advantages compared to
existing approaches, but it also has drawbacks. The major drawback is that extensive data
requirements have to be met to carry out such a study. First, the method requires detailed and
reliable empirical knowledge of the processes that are simulated. Typically such data is not
readily available and gathering the data is very time consuming. In some cases it is even
impossible to obtain the necessary information about particular parameters and the parameter
values have to be determined through logical inferences from other pieces of data. As a result,
the ranges in which real parameter settings will have fallen with virtual certainty are necessarily
very large, much larger than in the case in which one is able to observe the parameter settings.
Larger ranges, in turn, imply more ambiguity in the simulation results and less reliable
information about the causal processes. Second, the method requires an enormous number of
simulation runs, which are very costly in terms of computer time. Our illustrative study that we
present below required 24000 simulation runs that took around 60 days of computer time. (Our
results would have been even more reliable, if we had been able run more simulations. The
deadline for this special issue of AJS restricted us to 24,000 runs. In a future version of this
paper, we will increase the number of runs to enhance further the reliability of our results). As
computer speeds continue to increase, this disadvantage will slowly disappear.

The chief advantage of our proposed simulation method is that it offers the possibility of
inducing knowledge about causal relations in social processes that cannot be obtained through
the study of history alone. Furthermore, in contrast to the traditional simulation approaches, it
generates robust findings about causal relations even if the model contains many parameters that
cannot be fix exactly on the basis of empirical data. If the actual world lies within the ranges that
are defined for the parameters, if the model is adequately specified, and if the same results are
found independent of the peripheral parameters, the findings truly represent reality. Furthermore,
the method is up-front about the possibility that different conclusions may be supported by the
simulation results. Either the simulations produce robust knowledge about causal relations or
they do not. If the results are not robust across the groups of simulations, the method makes it
possible to study the reasons why the nature of the causal relations varies.

3. An example: The impact of chemists on the development of the dye industry
3.1 Purpose of our Simulation Experiment

Sociologists (Merton 1938; Ben-David 1971&1977) and historians (Landes 1969, Mokyr
1990) have long recognized the import role of science in the development of modern societies.
The dramatic increase in gross domestic product per capita in western societies over the last
three hundred years has been linked by many analysts to the proliferation of scientific thought
since the 15™ century. Modern societies produce more material wealth largely because of the
dramatic increase in innovative activity over the last 400 years. Sociologists such as Marx (1906)
and Gifillian (1935/1970) identified technological innovations as prime forces that transform
societies. But many economically crucial technological innovations such as the steam engine
would not have been possible without the growth in scientific knowledge about the physical
universe (Mokyr 2002). For this reason the relationship between science and technology



constitutes a crucial driver of social change.

In his global theory of intellectual change, Collins (1998) highlights that the rise and fall
of schools of thoughts in philosophy display a structural pattern that he claims is universal in
human societies across time and space. For Collins new ideas are generated by rivaling networks
of intellectuals who compete for limited attention. According to Collins, schools of philosophical
thought fall when attention is drained away from them in an intellectual community and
redirected to other sets of ideas. Collins notes that “nodes in the attention space are crescive,
emergent; starting with small advantages among the first movers, they accelerate past thresholds,
cumulatively monopolizing attention at the same time that attention is drained away from
alternative modes” (p. 15). Collins acknowledges that while it is possible to identify the
sociological structure of intellectual communities that monopolize attention, it is not possible to
predict who and what kind of ideas will become the most successful.

Although Collins’s account of conceptual change in philosophy cannot be applied
without modification to the development of science and engineering because these disciplines are
driven more by utilitarian considerations (Schmookler 1965; Rosenberg 1998), Collins’s focus
on the competition between communities of scholars provides, in our view, a proper starting
point for conceptualizing the development of different disciplines within national systems of
higher education. Science and engineering disciplines compete for the limited resources that
society is willing to spend on research. The ability of individual disciplines to gain not only
attention but also material resources depends a great deal on how well they are supported by
people who are not scientists themselves. According to Murmann (forthcoming), Collins’s view
that the success of individual schools of thought depends on early mover advantages also applies
to academic disciplines in particular countries: Based on the study of the organic chemistry and
the synthetic dye industry between 1857 and 1913, Murmann suggests that the German organic
chemistry and the German dye industry stimulated and supported each other’s development and
allowed Germany to become the dominant global player.

To examine parts of the causal claims in the co-evolutionary explanation for German
dominance in the synthetic dye industry before World War I, we carry out a simulation
experiment of the development of the industry in the five major producer countries: Britain,
France, Germany, Switzerland, and the United States. In particular, we want to examine the
influence of differences in scientific capabilities in the early years of the industry on the
competitive position of national firms over the next five decades. Murmann’s empirical analysis
suggests that one of the key reasons why German firms overtook their British and French
competitors was that Germany had a larger number of chemists available during the early years
of the industry who could become founders of dye firms. Later the German university system
was more responsive to the need for additional chemists who could staff the R&D labs of the
large dye firms. Because the chief purpose of this paper is spell out the methodology of history
friendly simulation experiments, we do not have space to examine all the different causal factors
that influenced in Murmann’s account the German market share in the synthetic dye industry in
1913. Patents, for example, are believed to have played a key role and for this reason are
explicitly modeled in our simulation. In light of our limited space here, we cannot provide a full
account of the relevant causal factors and have to restrict our illustration of the history friendly
simulation experiment method to two important causal variables. We focus our analysis on
Murmann’s causal explanations associated with two variables that characterize the development
of German human manpower in organic chemistry.

Based on Murmann’s historical analysis, it is possible to formulate the following two



historically specific hypotheses:

H1: A larger (smaller) number of German organic chemists in the first year of the
synthetic dye industry (1857) would have caused a larger (smaller) global market
share of German firms in this industry in 1913.

H2: A higher (lower) responsiveness to the demand for chemists in the German
university system would have caused a larger (smaller) global market share of
German firms in this industry in 1913.

We want to test these hypotheses first in terms of a counterfactual analysis (Section 3.3). In a
second step (Sections 3.4 and 3.5), we will go beyond this approach by analysing in detail the
functional form of the dependence among the variables. Besides examining the impact of the
number of chemists on the long-term competitive position of German firms, we also want to
study whether the influence of a higher number of chemists on the market share of German firms
is causally mediated through the number of firm start-ups in the country. Murmann argued that
the larger number of start-up firms in Germany was an important determinant of the long-term
collective market share of German firms. But he identified two important causes for the larger
number of start-up firms in Germany: the larger number of chemists in Germany and the absence
of effective patent protection in Germany before 1877. Anytime two causal factors are
hypothesized to have the same empirical consequences, the historical record does not allow us to
discriminate with accuracy which cause was operating at what strength to bring about the
historically observed outcome. The limitation of Murmann’s historical evidence is that one
cannot tell whether the larger number of firm start-ups was caused by the larger number of
chemists or the absence of patents in Germany because we only have one data point for each of
the causal variables. Simulations can overcome this data limitation because they can model the
causal arguments and then generate the data that allows the analyst to ascertain the relative
importance of each cause. For this reason in our simulation experiments we also want to examine
the relationship between the number of chemists available in Germany and the number of start-
ups that occurred in Germany during the whole simulation run (1857-1913) as well as the
number of firms that existed in Germany in 1913.

3.2 Method

To study the impact of human capital creation on the development of the synthetic dye
industry, we have developed a simulation model of the industry. Based on the detailed historical
analysis provided in Murmann (forthcoming), we determined that our model of the industry
needed to capture how firms, innovations, products, patents and chemists interacted in the
development of the industry. In particular we wanted to examine Murmann's explanation for why
German firms came to dominate the industry for 40 years before World War 1. The details of the
model are given in the Appendix.

To analyze this model we use the method of history-friendly simulation experiments
developed above. Our model contains 89 parameters that determine the initial conditions and the
dynamics in the model. Precise historical information made it possible to determine a specific
value for 49 of these parameters. For the remaining 40 parameters we only had sufficient
historical information to define ranges into which the actual value of each parameter will have
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fallen (see the Appendix for a detailed description of the historical information used in
specifying all parameters).

Two of the 89 parameters are the focus of our present study. One concerns the initial
number of chemists in Germany in 1856, denoted by ¢, . The other concerns the
responsiveness to the demand for chemists in the German university system, denoted by eg. We
study the influence of these two parameters separately, but our proposed method also makes it
possible to examine them together if the researcher wants to key in on the interaction of focal
parameters. In the present case this means that we need to run two separate history-friendly
simulation experiments.

Historical records allow us to estimate the actual number for ¢, . It is given by ¢ =54
(see the appendix). To study the impact of this initial value, we vary the initial chemists
parameter between 5 and 105, using 6 different values: ¢, =5, 25, 45, 65, 85, 105. For each
group of simulations, all other parameters are chosen randomly from their defined ranges. We
carry out 100 groups of simulations (more groups of simulations would have increased the power
of our results but were not feasible given the deadline for this version of the paper). In each
group of simulations 120 simulation runs are done, 20 runs for each value of ¢;,;;, . Although all
peripheral parameters are the same for the 20 runs done for each value of ¢;,;;, ¢, the simulation
outcomes may differ because several stochastic processes such as product and process
innovations, firm start-ups and strategic decisions are included in the model. We run 120
simulations within each group of simulations to obtain sufficient data for a statistical analysis.
This means that altogether 12,000 simulations are run in this particular experiment.

Specifically we study the impact of ¢;,;; ¢ on the following properties of the synthetic dye
industry in 1913: the global market share of German firms, denoted by mg, the number of start-
ups that occurred in Germany during the whole simulation run (1857-1913), denoted by /s, and
the number of firms that existed in Germany in 1913, denoted by ng. These values are recorded
for each simulation run. Through this we obtain 120 strings of values (¢, ma, fG, ng) for each
group of simulations.

There are many different options to analyze the results from each group of simulations.
Our methodology requires that we classify the results but how such classes of results are defined
depends on the particular research question that is addressed. Robust knowledge is generated if
the results for all different groups of simulations fall into some but not all classes of results. In
our application of the methodology the data sets for each group of simulations are analyzed with
the help of regressions. Each groups of simulations is analyzed separately. c;,;, ¢ is used as the
independent variable, while the values characterizing the conditions at the end of the simulation
are used as dependent variables. Our main goal is to ascertain whether c;,;; ¢ has a positive or
negative impact on our focal dependent variables. Besides determining whether the relationship
is positive or negative over the entire range of the independent variables, we also want to
ascertain whether their impact decreases or increases over the range of ¢;,i,.g. A regression of the
form

p 2
mg=pc+p; (1+ﬂQ : cinir,G)' Cinit,G =P+ B, Cinit,G +ﬂQ “Cinit,G (1)

is used where fc, B and S are regression parameters. The impact of the independent variable,
cmit.g» ON the dependent variable, mg, is positive if £ is significantly positive and negative if g, is
significantly negative. It increases if the regression parameter S is greater than zero and
decreases if p<0 holds. This regression is repeated for all other dependent variables (i.e. mg is
replaced successively by each of the other dependent variables).
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These regression analyses then provide us with information about whether the effect of
the parameter c;,;; g, which describes the initial number of German organic chemists, on the
outcome characteristics at the end of the simulation, mg, fs, or ng, is (1) positive, negative, or not
significant and (2) increasing in ¢, g, decreasing in ¢, g, or not significantly dependent on
cmir,c- This allows us to distinguish between 7 different kinds of effects: a positive increasing, a
positive decreasing, a positive constant, a negative increasing, a negative decreasing, a negative
constant, and no significant impact. We selected this classification scheme because it allows us
to answer our particular research questions, but other classifications of the results are clearly
possible.

For each group of simulations we obtain a profile of effects of our independent variable
on our dependent variable. As argued above, only if all groups of simulations display the same
profile of effects, can we conclude that this effect is a true description of reality. If different
results are obtained for the various groups of simulations, we can interpret the difference and
study which of the other parameters determine this difference. To explore differences in such
profiles of effects, we also carry out additional analyses that are described in detail as we present
them below. We should also point out that the particular techniques that we employ to analyze
the data generated by our simulation experiments is clearly not the only possible one. There are
other statistical methods that can analyze data generated by history-friendly simulation
experiments to induce knowledge about social processes and relations.

The analyses we just described are carried out in exactly the same way for our second
independent variable, eg. The parameter e determines how many new students begin to study
organic chemistry in the German university system. The number of new students is calculated in
the simulation so that in three years time (after they finished their study) e times the number of
the currently employed organic chemists will be available on the job market. This means that eg
reflects the responsiveness of the university system towards current demand for organic
chemists. It also determines the maximum rate at which the number of organic chemists in
German industry can grow within three years without important labor from other countries.
Historical information indicates that this parameter lies between 1.0 and 1.2 (for a more detailed
discussion consult the Appendix). To examine the influence of different levels of this parameter
on the simulation outcome, we run simulations with six values: ec=1.0, 1.04, 1.08, 1.12, 1.16,
1.2. We carry out again 100 groups of simulations. As described above, for each group all
peripheral parameters are held constant and only our focal parameter is varied. Again we conduct
20 simulation runs for each value within each group of simulations. This means that each group
of simulations again comprises 120 simulation runs. Altogether, then, this experiment involves
again 12000 simulation runs for this focal parameter. Both experiments together require 24000
simulation runs. We present and discuss all results in the next sections.
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3.3 German university education and the dominance of German synthetic dye firms: A basic
counterfactual analysis

Murmann (forthcoming) argued that German firms dominated the dye industry for 40
years before World War I because more organic chemists were educated in Germany than in
other countries during the early years of the dye industry. With the help of our simulation model
we are able to test this argument by carrying out a counterfactual analysis. To do so we remove
the assumed causes for the German dominance in the simulations by changing the relevant
parameter values and then examine whether the German dominance disappears as predicted.

We identified above two parameters that determine the number of organic chemists
available in Germany: the initial number of chemists in Germany, ¢;,¢, and the responsiveness
of German universities to the demand for chemists, eg. We estimated the real value of the former
to be cinir =54 (see the Appendix). It is not possible to estimate the latter parameter precisely
based on the available historical records. We have been able, however, to determine the possible
range of eg as1.0<es<1.2 (see the Appendix).

We run 2000 simulations to reflect what we regard as the best estimate for the true
historical parameter settings: c;.i; =54 and eg=1.2. On average, the German firms obtain a
market share of 30.7% at the end of these simulation runs. This figure is clearly below the
historical outcome of around 80%. This difference does not suggest that our model is not
properly specified. In these simulation runs the market share of German firms varies between 0
and 96.5% at the end of the simulations. This means that the historically observed outcome lies
clearly within the range of possible outcomes for the simulations. There are reasons why the
average simulation result differs from the historical outcome. First, since we lack exact
information about many of the parameters, they are fixed randomly for each simulation within
their predefined ranges. As a result, only a limited number of the 2000 simulation runs may
reflect closely the actual historical parameter settings. Second, the development of the synthetic
dye industry, in reality and in the simulations, depends crucially on random events. It is possible,
therefore, that the German market share in 1913 is influenced considerable by chance.

Even though the average market share of German firms is considerably lower in the
simulations, this does not invalidate the hypothesis that higher initial numbers of German
chemists, ¢, =54, and a higher responsiveness of the German university system, eg=1.2, are
responsible for the higher market share of German firms. To test the validity of this argument we
need to carry out counterfactual simulations that set lower parameter values for Germany than
the real ones and make them more similar to those of the other countries. If the two education
parameters are truly responsible for the dominance of German firms, the market share of these
firms should decrease significantly if ¢;,;, ¢ or eg is decreased. To study the impact of each of
these parameters, we carry out two sets of counterfactual analyses. In each, one parameter is
reduced while the other is held constant. For each value of the varied parameter, 2000
simulations are run. The results are presented in Tables 1 and 3.
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Table 1: Results of the counterfactual analysis for the parameter c;,i,,c-

Cinit.G Market share of German firms at the end of the simulation
average standard minimum maximum
deviation

5 22.5 12.3 0 78.3
25 25.8 12.7 0 94.1
45 27.2 13.8 0 94.6
65 27.3 13.7 0 97.5
85 27.7 13.6 0 83.0
105 27.8 14.4 0 93.7

Table 1 shows that the market share of German firms decreases if ¢;,;. ¢ is reduced. This holds
especially for decreases of ¢, ¢ below its historical value of 54. Above this level further
increases in the relative number of chemists do not matter much for the development of the
synthetic dye industry. Below this level they have a significant impact, at least on average.
These conclusions are based on the average findings for all 2000 simulation runs. In accordance
with the methodology that we articulated in the first half of the paper, we cannot conclude that
these findings represent reality unless we check whether they depend on the settings of the
peripheral parameters. Since we run 100 groups simulations that differ in the values of the
peripheral parameters, we can study separately for each group of simulations whether the market
share of German firms depends on the initial number of organic chemists. The functional form of
this relationship is examined in detail in the next section. For the purposes of a basic
counterfactual analysis, it suffices to compare the results for the parameter settings ¢, =5 and
cimir. =25 with the results of the setting c¢;,;, =45, which is relatively close to the historical value.

To study whether Hypothesis H1 is a true description of reality, each group of
simulations has to be tested separately. 100 groups of simulations are run. The results obtained
for the variation of ¢;,;;, ¢ for each group of simulations are reported in Table 2.

Table 2: Number of cases in which the difference in the German marke share ,mg, is of a
certain kind (significance level of 0.05).

Cini,G difference in m¢ between the conditions with c¢;,;, ¢ =45 and c¢;,;,¢ =5 or 25
significantly positive (not negative (not significantly
positive significant) significant) negative
5 51 16 9 24
25 42 18 15 25

Table 2 does not confirm Hypothesis H1. Although for 51 (42) groups of simulations the market
share of German firms increases significantly if ¢, ¢ is increased from 5 (25) to 45, there are
also many simulation runs in which the opposite relationship is found. Hence the relationship
between the initial number of German chemists and the final market share of German firms
seems to depend crucially on the peripheral parameters. The 51 cases of a significantly positive
impact of an increase of ¢;,;; ¢ from 5 to 45 on the market share of German firms are
characterized by a low responsiveness of the German university system (correlation value: -0.41)
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and a low innovation rate of chemists (correlation value: -0.24). eg is by far the most important
peripheral parameter in this context. Only if the responsiveness of the German university system,
e, 1s low, does the initial number of German chemists have a significant positive impact on the
market share of German firms. Historical analyses (Haber 1958, McClelland 1980, Homburg
1993, Homburg, Travis, Schroter 1998) show that the responsiveness of the German university
system was quite high. Of those 24 groups of simulations that are characterized by eg>1.15 only
30% show a significantly positive relationship between the initial number of German chemists
and the final market share of German firms, while 50% show a significantly negative
relationship. Hence, the data generated from our simulations runs does not confirm Hypothesis
H1. It provides evidence that at the expense of other causal factors Murmann (forthcoming)
placed too much emphasis on the initial number of chemists in determining the long-term market
share of German firms.

Table 3: Results of the counterfactual analysis for the parameter eg.

eq market share, mg, of German firms at the end of the simulation
average standard minimum maximum
deviation
1.00 13.0 7.8 0 62.0
1.04 23.9 12.5 0 82.8
1.08 28.0 14.6 0 92.2
1.12 29.4 154 0 89.6
1.16 30.5 16.3 0 90.8
1.20 30.7 17.0 0 96.5

Let us now examine the impact of our second independent variable, es. Table 3 clearly shows
that the market share of German firms decreases if eg is reduced. All differences in the average
values are significant at the 0.01 level except the difference between the results for es=1.16 and
the results for eg=1.2. These results support Murmann’s (forthcoming) causal argument that the
responsiveness of the national university system had a significant impact on the development of
national firms. But the methodology that we use here also allows us to go beyond Murmann’s
historical analyses and gain additional insights. The simulation results suggest that the impact is
strongest for small values of eg. Once the national university system displays a reasonable
responsiveness to the demand for educated chemists by firms, further increases of this
responsiveness do not matter much.

These conclusions are based on the average result of 2000 simulations that were run for
each of the six parameters settings of eg. As we have already argued above, we cannot conclude
that the findings represent reality unless we check whether they depend on the setting of the
peripheral parameters. Again, we can study whether the market share of German firms depends
on the responsiveness of the German university system for each group of simulations separately.
The functional form of this relationship is studied in detail in section 3.5. For the purposes of the
basic counterfactual analysis, it suffices to compare the results for the parameter settings,
ec=1.04, eg=1.12 and ez=1.16, to the results for the setting es=1.2 and determine whether the
above findings hold independent of the peripheral parameters. The results of the comparison are
presented in Table 4.
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Table 4: Number of cases in which the difference in m is of a certain kind (significance
level of 0.05).

eG difference in mg between the conditions with ¢z=1.2 and e¢c=1.04, 1.12
or 1.16
significantly positive (not negative (not significantly
positive significant) significant) negative
1.04 66 17 13 4
1.12 32 30 24 14
1.16 19 36 30 15

Table 4 appears to confirm the average finding: the market share of German firms reacts
significantly to large decreases of e while it reacts little and not in a robust manner to small
decreases. Let us first consider a decrease in the responsiveness of the education system in
Germany to a value of 1.04. This causes a significant decrease of the dominance of German
firms in 66% of the groups of simulations. In another 17% there is a decrease, although for 13 of
these 17 % the decrease is not significant. But since there are exceptions to this pattern,
Hypothesis H2 is not confirmed to be truly independent of all the settings for all peripheral
parameters. The history-friendly simulation experiment methodology makes it possible to
determine the reasons for these exceptions and examine whether there are certain peripheral
parameters that systematically counterbalance the influence of the responsiveness of the German
education system.

To answer this question we analyze which peripheral parameters are correlated with a
significant decrease and which are correlated with an increase in the German market share. The
66 groups of simulations for which significantly larger market shares are found for eg=1.2
compared to eg=1.04 are characterized by small innovation rates for chemists (correlation value:
-0.31), wider patent scope in Germany (correlation value: 0.30), wider patent scope in Great
Britain (correlation value: 0.21), and larger demand in Great Britain at the beginning of the
simulation (correlation value: 0.21). The 17 groups of simulations for which the market share of
German firms decreases if eg is decreased from 1.2 to 1.04 are characterized by a narrow patent
scope in Great Britain (correlation value: -0.28) and smaller demand in Great Britain at the
beginning (correlation value: -0.25).

Two conclusions can be drawn from this analysis. First, the impact of the responsiveness
of the German university system on the development of the synthetic dye industry is significantly
lowered if the conditions are very favorable for the British industry. This suggests that British
firms are the main competitors of German firms in the simulations. If patents only cover a small
range of the product space and the demand in Britain is high, many firms are founded there.
Under these conditions British firms appear to become so strong that they severely restrict the
growth of the market share of German firms. As a result, the responsiveness of the German
university system becomes irrelevant because there are not enough German firms around to take
advantage of the German system.

Second, a large impact of chemists on the innovation rate of firms also seems to destroy
the impact of the responsiveness of the German university system. Although this finding initially
appears counter-intuitive, a closer look at the data generated by the simulations makes the
finding intelligible. A higher innovation rate of chemists (see the Appendix for a description of
how chemists influence the innovation rate) increases the variance in the simulation outcomes,
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including the market share of German firms (correlation value: 0.15). A high innovation rate of
chemists favors those firms that decide by chance to employ more chemists. This decision
depends on the aspiration level of the firms, which is randomly drawn for each firm when it is
founded (see the Appendix for a detailed description). Hence, whether many chemists are
employed is, to a large extent, randomly determined. Therefore, a high importance of chemists
for the success of firms makes this success random in our simulations and advantageous
circumstances in Germany less important. A wide patent scope in Germany seems to have the
opposite effect. Since patent laws were only introduced in 1877, they seem to stabilize early
developments and therefore increase the impact of the German university system if the patents
cover a wide range in the product space.

The differences in the market shares of German firms between the situations
characterized by eg=1.12, 1.16 and 1.2 are not sufficiently significant to warrant a detailed
discussion. Once the responsiveness of the German university system reaches a certain value,
further increases in this responsiveness do not matter. We therefore only found support for
Hypothesis H2 for values of eg between 1.0 and 1.12. The more detailed analysis of the
functional form of this relationship, which is described below (see Section 3.5), confirms this
finding.

3.4 A history-friendly simulation experiment with the initial number of German chemists

The history-friendly simulation experiment methodology allows us to study in more detail the
impact of the initial number of German chemists. The analysis above has not confirmed
Hypothesis H1. The results have shown that the impact of the initial number of chemists depends
crucially on the values of the peripheral parameters that represent different possible worlds.

To obtain a clearer picture of the relationship between the initial number of German
chemists and the final (1913) market share of German firms, we carried out a regression analysis
for each group of simulations as described in Section 3.2. We use Equation (1) without the last
term on its right-hand side to determine whether the relationship under investigation is positive
(f>0) or negative (£.<0). The whole regression equation (1) is used to determine whether such
a positive or negative relationship is increasing with c¢;,i, 6 (Bo>0) or decreasing with ¢, 6(Bp<0).
The market share of German firms at the end of the simulation, m, the number of German start-
ups, fg, and the number of German firms at the end of the simulation, ng, are studied as
dependent variables. The results are presented in Table 5.

Table 5: Frequency of relationships between variables

type of regression result for ¢y

dependent variable | positive  positive  positive negative negative negative no sign.
increasing decreasing constant increasing decreasing constant impact

me 1 30 15 3 3 15 33
fo 5 38 57 - - - -
ng 2 21 31 1 - 6 39

The results for the dependent variable m¢ confirm the findings above. The relationship between
the initial number of German chemists, ¢;,;; g, and the final market share of German firms, mg,
depends crucially on the peripheral parameters. All kinds of relationships are found for some
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groups of simulations. In 33% of the groups of simulations no significant relationship is found.
46% of the groups of simulations show a positive relationship, while 21% of the groups of
simulations show a negative relationship. Hence, the impact of the initial number of German
chemists on the market share of German firms depends crucially on the circumstances. This
makes it impossible to identify the actual relationship with the help of the simulation experiment
without more historical information about the precise values of the peripheral parameters. We are
not able to confirm or reject Hypothesis H1 on the basis of the analysis conducted here.

By contrast, a clear picture emerges for the relationship between the initial number of
German chemists, ¢y, g, and the number of German start-ups, fi. This relationship is always
positive, independent of the values of the peripheral parameters. Hence, we can conclude that a
higher number of chemists at the beginning of the simulation causes a higher number of start-
ups. This is partly a consequence of how we formulated the simulation model. We assume in the
model that each chemist who is nof employed in a dye firm has a certain probability of founding
a firm. Since many of the firms are founded at the beginning of the simulation, the initial number
of chemists has to have an impact on the number of start-ups.

But let us now examine the hypothetical causal chain that more initial chemists lead to
more start-ups which, in turn, leads to more firms in 1913 that collectively have a larger market
share. Table 5 shows that in many cases a higher number of chemists at the beginning of the
simulation also leads to a higher number of firms at the end of the simulation. But this causal
relationship depends clearly on the values of the peripheral parameters. Only in 54% of the
groups of simulations does a higher initial number of German chemists lead to more German
firms in 1913. In many of the other groups of simulations the relationship is not significant. The
impact of the initial number of German chemists on the final market share of German firms is
even less robust. Since only the first step in the causal chain above received confirmation, we
carried out two additional linear regressions for each group of simulation: One with the final
number of firms as dependent and the number of start-ups as independent variable and one with
the final market share of German firms as dependent and the final number of German firms as
independent variable. The results are given in Table 6.

Table 6: Frequency of relationships between the variables f;, ng and mg

regression function r>0 r<0 r not significant
ng=rfctc 67 3 30
mg=rng+c 49 9 42

Table 6 reveals that a higher number of start-ups does not always lead to a higher number
of firms at the end of the simulation. We have even more evidence that a higher final number of
German firms does not automatically imply a higher collective market share for these firms.
Only the first causal relation of our hypothesized causal chain holds independent of the
circumstances: More initial chemists lead to more start-ups. The other two causal relations,
however, are only present for some settings of the peripheral parameters. Other mechanisms
seem to interfere so that the entire causal chain holds only for a restricted number of
circumstances. Whether these circumstances were realized in the actual development of the
synthetic dye industry cannot be answered on the basis of the historical data that is available for
the industry before 1914.
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3.5 A history-friendly simulation experiment with the responsiveness of the national university
system variable

The history-friendly simulation experiment methodology also allows us to study in more
detail the impact of the responsiveness of the German university system on the market share of
German firms and to gain knowledge about this relationship through inductive reasoning. Two
questions are addressed in this context: what is the functional dependence of the market share of
German firms, mg, on the responsiveness of the German university system, e, and to what
extent is the number of start-up firms responsible for this relationship.

To study the functional form of the relationship between the market share of German
firms and the responsiveness of the German university system, we carry out a regression analysis
for each group of simulations. A linear and a quadratic function, given by Equation (1), are
employed in this analysis. First, a linear function is used to examine whether the relationship is
positive or negative. Then, a quadratic term is added to examine whether the relationship is
increasing or decreasing. Table 7 reports how often each kind of relationship is obtained within
the 100 groups of simulations (significance level of 0.05).

Table 7: Frequency of relationships between variables

type of regression result for eg.

dependent variable | positive  positive  positive negative negative negative no sign.
increasing decreasing constant increasing decreasing constant impact

mg 2 74 16 - - - 8
Ja 33 7 59 - - - 1
ng 9 32 51 - - - 8

Table 7 shows clearly the positive relationship between the responsiveness of the German
university system, eg, and the market share of German firms, mg. A negative relationship is not
found in any of the 100 groups of simulations. This means that across all values of all peripheral
parameters, the responsiveness of the German university system never has a negative impact on
the market share of German firms. For 8 groups of simulations the results are not significant. By
doing some additional simulations, we discerned that a significant positive relationship emerges
as soon as we increase the number of simulation runs in these cases. This means that for some
peripheral parameter settings, the relationship between eg and mg is so weak that more than 120
simulation runs are needed to detect it. These data clearly confirm Hypothesis H2.

This particular analysis, however, considers the whole range of e from 1 to 1.2. We
already found in our basic counterfactual analysis that the positive relationship is mainly caused
by a dependence that exists for smaller values of eg. This conclusion is also confirmed here since
in 74% of the groups of simulations the regression results indicate a positive decreasing
relationship. Only in 2% of the cases does a positive increasing relationship exist. In summary,
the impact of the German university system’s responsiveness to the demand for researchers on
the development of the German synthetic dye industry seems to be high as long as the
responsiveness has not reached a certain level and decreases thereafter.

But what about the question of whether the impact of the responsiveness of the university
system on the market share of national firms is mediated by a higher number of firms. Table 7
shows that, indeed, the responsiveness of the German university system has a positive impact on
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the number of start-ups that occur in Germany and the number of firms that exist in Germany in
1913. This dependence, however, does not display the same functional form as the relationship
between eg and mg. In particular in the case of the number of start-ups that occur between 1857
and 1913, the positive relationship increases with the value of eg. This suggests that there might
be other mechanisms involved, although the responsiveness of the university system increases
the number of firms.
To examine this in more detail, we try to explain the market shares of German firms by
ec and either the number of start-ups, 1, or the number of firms in Germany in 1913, ng,
simultaneously. This means that we conduct regressions according to
mg =P+ P+ P fs (2)
and
mg = Pe+ PBy-eq+ frng. 3)
If the only effect of the responsiveness of the German university system is a higher number of
firms, which then increases the market share of all German firms, the last term in these
regression functions should explain much of the variance in the market share, mg. If, instead,
other mechanisms cause the positive relationship between e and mg, the regression parameter,
P, should be significantly positive while fr might be insignificant. Again we carry out all
regressions for each group of simulations separately. The results are given in Table 8.

Table 8: Frequency of results for the regression parameters, fr and Sr, (the first value gives
the results for Equation (2), the second value for Equation (3)).

regression parameter S sum
positive not negative
significant significant  significant
regression positive 3/24 47/ 53 22/8 72/ 85
parameter Sy | significant
not 7/9 16/5 0/0 23/14
significant
negative 5/1 0/0 0/0 5/1
significant
sum 15/34 63 /58 22/8 100

Table 8 shows that the responsiveness of the university system explains the market share, mg,
much better than the number of firms. Only in a few cases does the positive impact seem to
result solely from a higher number of firms alone (those cases in which S is significantly
positive and S is either not significant or significantly negative). There are 12 such cases for the
number of start-ups and 10 such cases for the number of firms in Germany in 1913. There seem
to be, therefore, a few peripheral parameter settings for which the only effect of the university
system is a higher number of firms. For most settings of the peripheral parameters (72% and
85%, respectively), however, the responsiveness of the university system to the demand for
chemists influences the development of the national dye industry in more ways than just
increasing the number of firms.
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4. Conclusions

Mathematical simulations represent an excellent tool for generating new knowledge about
the social world that cannot be obtained in other ways. To overcome some of the valid criticisms
about the ability of simulation methodologies to explain causal processes in the real world, we
have proposed, under the label of “history-friendly simulation experiments,” a stringent set of
requirements for using simulations to generate knowledge about a causal relationship. Aside
from determining the relevant variables for the model with the help of detailed historical
knowledge about the social process, we highlighted that it is necessary to specify all parameters
as precisely as possible based on historical data. Since for some parameters in the model only
ranges can be defined into which the actual historical value of the parameter will have fallen with
certainty, it is necessary to analyze different possible worlds that can emerge from the specified
parameter ranges. Separate groups of simulations that represent the different possible worlds
need to be constructed by drawing randomly for each parameter a value from the predetermined
ranges. Within each group, a simulation experiment is then carried out that systemically varies
the value of the causal variable and records the result for the relevant outcome variable. The data
generated from these groups of simulations can subsequently be used to analyze, with statistical
tools, the functional relationship between the causal variable and the outcome variable. If the
causal relationship displays the same functional form across all possible worlds, we can induce
with great confidence that the hypothesized causal relationship indeed represents a true
description of the real world.

One of the key benefits of these history-friendly simulation experiments is precisely that
they can be used to develop inductively information about the functional relationship among key
variables. Our simulation of the development of the synthetic dye industry has confirmed
Murmann’s (forthcoming) proposition that the competitive success of national firms was
strongly affected by the creation of human capital on the part of national universities. But our
history-friendly simulation experiments also allowed us to induce much more specific
knowledge about the nature of the causal relationship between the national university systems
and the market share of German firms in 1913. Here we went substantially beyond the insights
that Murmann’s historical analysis could provide. We found that the impact of the initial number
of German organic chemists depends crucially on the responsiveness of the German university
system. Only for a low responsiveness of the German university system does the initial number
matter for the long-term market share of German firms. This seems to suggest that as soon as a
sufficient number of firms were active in the industry, the responsiveness of the German
education system allowed existing firms to hire enough chemists and thereby secure a large
global market share for the German industry in 1913. Furthermore, there is a threshold with
respect to the impact of the responsiveness of the German university system. Once this threshold
is reached, further increases in the responsiveness did not matter. This result seems to suggest
that there are diminishing returns from educating more human capital than are presently needed
in industry. It also provides evidence that a country can make up for a slow start in a science-
based industry by having a university system that can respond quite rapidly to the changes in
industrial demand. Although a higher level of responsiveness of the German university system
caused a higher number of start-ups, we were also able to ascertain that the increase in the
number of start-ups was not the main mechanisms by which the responsiveness of the German
university system influenced the global market share of German firms in 1913.

In summary, by using a history-friendly simulation experiment, we were able to
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determine much more precisely than is possible through a standard historical analysis the causal
pathways that created the German dominance in the synthetic dye industry before World War 1.
Nevertheless, it seems to us that the real bottleneck in the endeavor to develop robust knowledge
about causal processes in social developments will not be the simulation technology. We already
mentioned that cost of computing is decreasing each year while speed is increasing. Ever more
user-friendly software packages are also becoming available (e.g. LSD and Stella; see Kwasnicki
1999 for a description of different platforms) that dramatically reduce the start-up costs of
simulating causal processes. The real bottleneck in creating robust knowledge is the availability
of good historical analyses that provide well-grounded conjectures about causal mechanisms
driving a social process and give detailed information about the relevant parameters. Without the
historical data and analysis that Murmann (forthcoming) put together through his multi-year
study of the synthetic dye industry, we could not have carried out our history-friendly simulation
experiments to gain inductively additional insights that cannot be logically inferred from the
historical record. Hence it is only fitting to end this paper with a call for more careful historical
research on the causal mechanisms that drive social change. Without such historical research, it
is impossible to do history-friendly simulation experiments.
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Appendix: Description of the Simulation Model

To capture the patterns of action observed in the historical record, we followed the Cyert,
March and Simon tradition (March and Simon 1958; Cyert and March 1963/1992) in our basic
behavioral assumptions about agents. The two kinds of agents that we model explicitly -- firms
and chemists -- are assumed to display relatively simple rules of action: they search locally first
and they exhibit considerable inertia in their choices. As a result, the agents in our model display
a national bias in their decision-making. This renders countries meaningful units of analysis for
analyzing industrial development.

We assume the existence of six independent regions: United Kingdom (UK), Germany
(G), France (F), Switzerland (SW), United States (USA), and the rest of the world. Every firm,
chemist, and patent is assigned to one region.

We model the development of the dye industry from the year 1857 until the year 1913.
The time period used in this simulation is the calendar month. This means that the simulations
run 684 (12*57) periods. The behavior of each agent is updated every period. In addition, the
demand function is calculated each period and patent frequencies for each country are updated.
After presenting our approach to modeling the product space of the industry, we describe
separately in detail below the updating procedure for the relevant parameters. The specification
of the product space has ramifications for the modeling of many other processes and the setting
of parameters. Therefore it deserves to be discussed first.

a. Product space

The synthetic dye products that firms offer in the market are defined in a two-dimensional
space. This means that each product is characterized by two values. The first value, £, defines the
type of the product. Dyes differ with respect to many characteristics. The most obvious is their
color. Hence, not all dyes compete on the market with each other. We assume that each dye is of
a certain type, k, where 0<k<1 is assumed without restricting generality. Demand is modeled
such that only dyes with similar values of k£ compete with each other. In our conception of the
product space, the type of a product (k) summarizes in one dimension several aspects: The
underlying chemical technology, color, textiles for which it can be used, durability, and other
performance characteristics. The historical development of different kinds of synthetic dyes can
be translated into our conception of the product space as follows: Historically there are around 5
product classes that differ in their underlying chemical technology (aniline, alizarin, azo dyes,
sulfur dyes, and synthetic indigo). Our product space would be partitioned into 5 parts as it is
done in Figure 1. The parts could be of different size reflecting the different market of the
respective type of product. Furthermore, assuming that seven classes of color (red, orange,
yellow, green, blue, violet, black) exist each part in turn would be further partitioned into 7 parts.
Within these parts the synthetic dyes still differ in their durability, the textiles for which they can
be used, and similar characteristics. As this discussion illustrates, using more than one dimension
to characterize the type of dyes would be preferable. But for simplicity we collapse all these
different dye characteristics into one dimension, &, which is a continuous measure ranging from 0
to 1.
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Figure 1: Product space assuming five technological classes of synthetic dyes and seven
colors.
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Each product is also characterized by a level of performance, a. We assume that each
process innovation of firms leads either to an improvement in the quality of a product or to a
decrease of the cost of production. This is reflected in the model by the value a. The higher is a,
the more competitive is the respective product in the market. This means that each innovation
leads to an upward movement in the product space. The value of a is assumed to range between
Amin a0 3,4y. 8,5, determines the demand for the synthetic dye product of the first firm on the
market, while it has little influence on the developments later on. For firms to be able to start
their business, some demand is necessary. Therefore, a,,;,=5 is assumed. The first product that
appears on the market is assumed to be characterized by a=5. a,,,, determines the greatest
technological advance that is theoretically possible for a particular dye product. Whether this
maximum technological potential is reached for a particular dye product depends on the
innovations that occur during the simulation. For the results of the simulations the value a,,,, by
itself is not important. What matters is the relation between the speed of innovations and the
value of a,,,,. Thus, a,,, has the characteristics of a normalizing factor and is set to a,,,,=400.

b. Firms

In each time period, firms are characterized by the products they offer in the market, the
number of chemists they employ, the strategy they use, and their sales. They are located in one
region and remain there forever.
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Entry of firms
Start-ups occur in each country with a probability that is proportional to the number of

chemists that are not employed in dye firms and the number of consumers in the respective
national market. The product of these factors is multiplied by a factor that determines the overall
start-up rate. Initial simulations show that a value of that factor of about 0.000005 leads to a
number of start-ups that is similar to the historical record of 284 firms that appeared before 1913
(226 of the 284 start-ups failed by 1913, representing a failure rate of 79%). Hence, the factor is
assumed to be between 0.000002 and 0.00002. Before firms are founded, the simulation program
checks whether there is any demand for their products and whether the product they offer does
not violate any patent. Only if both conditions are satisfied, are firms founded.

Start-up firms always employ one chemist at the beginning and offer only one product.
They always try to imitate products of existing firms. The firm and the product that are imitated
are chosen randomly. In imitating, start-ups change slightly both characteristics, £ and a, of the
product. As mentioned earlier, the type of a product includes several aspects: technology, color,
durability, textiles for which it can be used, and other similar characteristics. If a product is
imitated, it can be assumed that the new product will be in the same dye class and possess the
same color as the imitated product. This restricts imitated products to a part of the product space
that covers around 1/35 of the entire product space. Hence, a randomly drawn product differs, on
average, by a value of between 0.025 and 0.05 in the k-space from the next product of another
class or color. Thus, imitation can maximally lead to changes in k that lie between 0.025 and
0.05. The product that is created by imitation is characterized by a k-value that is between k-u
and k+z, where 0.025<4<0.05 holds. Some start-up firms are not able to imitate exactly the
product. For this reason we subtract randomly a value between 0 and 1 from the performance
level of the imitated product.

Exit of firms
Firms disappear if the demand for their products decreases to zero.

Firm strategy

Firms pursue strategies that can differ along three dimensions that are captured by the
following questions: (1) Do they try to carry out product innovations, (2) do they imitate
products of other firms whose products are far away in the product characteristic space, and (3)
how many chemists do they employ? At the beginning, every firm starts with the same strategy.
We assume, however, that some firms change their strategy when they experience a decline in
sales.
The strategy pursued by a firm is described by a variable v(¢) that ranges from 0 to 1. All start-
ups are characterized by a strategy variable with a value of 0. The strategy variable is changed
whenever the firm is not satisfied with the development of its sales. To check whether the
aspiration level of the firm is met, the sales are calculated every month (each time step) and
compared to the levels of the preceding month. The relative increase in sales is denoted by g.
The historical record shows that not all firms react if their sales decrease. Following the Simon
and March tradition, an aspiration level g, is defined. This value is randomly drawn for each firm
when it is started from a uniform distribution between -1 and 0.

Every month the value of g is compared to the aspiration level g,. If g>g, holds, the firm
is satisfied and the strategy of the firm remains constant. If g<g, holds, the firm increases its
strategy by a certain amount as long as the strategy value v(¢) has not reached a value of 1. We
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have no systematic knowledge of how the strategy variable of the average historical firm
increased over time. Therefore, we have to define the value and its possible range following a
different logic. Simulations show that a value of 0.01 causes only very few firms to have a
strategy variable of v(¢)=1 at the end of the simulation, while a value of 0.1 causes almost all
existing firms at the end of the simulations to be characterized by v(¢)=1. Hence, the increase in
the strategy value is assumed to range between 0.01 and 0.1 in the simulations to represent what
we know to be the approximate conditions in 1913. All firms that have a strategy variable of
v(£)>0 attempt to carry out product innovations and product imitations (see below). Furthermore,
the strategy variable determines the number of chemists employed by a firm as described below.

Chemists employed by firms

Each firm employs at least one chemist. Additional chemists are employed proportional
to the size of firms. The higher the sales, s(#), of a firm are, the more chemists it employs.
Furthermore, the higher the strategy variable, v(¢), is, the more chemists are employed by a firm.
The number of chemists, 7., in a firm is given by

M =14 (Coip +V(0) (g = Crin)) @ 5(0)

where ¢,,;; and ¢, are parameters that determine the minimal and maximal number of chemists
that firms employ per unit of sales. These parameters are set to ¢,,;,=0.0006 and ¢,,,,=0.01 in the
simulations, to reflect historically realistic values of chemists in synthetic dye firms (these are
the minimum and maximum share of chemists that were employed by the firms Bayer, BASF,
Jager and Levinstein at the end of the period of time studied. (For a detailed study of these firms,
see Murmann, forthcoming). If a firm is not able to employ the number of chemists that it
requires according to the above equation, it employs as many chemists as it can get and its sales
are reduced according to the above equation. The remaining demand is distributed among the
other firms in the market if they offer the respective types of products.

Innovations

Firms can offer many different products at the same time. They obtain new products
through innovation and imitation. When they find new products they continue to offer the old
products. Only when the demand for a product at some point goes to zero is it removed from the
firm’s product portfolio. Firms find new products in four ways: process innovations, product
innovations, process imitations, and product imitations. All firms try to make process
innovations. A process innovation means that a new product is created based on a product that is
currently offered by the firm. The new product represents the same type, £, as the old one, but
displays a level of performance, a, that is one unit greater. Only the most advanced product of
each type can experience additional innovations.

The probability of an innovation is given by the addition of three values:

1. A basic innovation rate: This rate is the same for all firms independent of the variables that
characterize their state. Empirical studies show that the average number of innovations by
firms per year is around 1 (see Fritsch, Broskamp and Schwirten 1996 and Evangelista
1999). If this would be caused by the basic innovation rate, this rate would be approximately
0.08. Since there are two other factors included in the innovation process here, we assume
the basic innovation rate to be between 0.003 and 0.03 which means that the basic
innovation rate accounts for, at most, one third of all innovations.

2. An innovation rate that increases linearly with the sales of a firm. The logic here is: the larger
a firm, the higher its innovativeness. This relationship has been confirmed repeatedly in the
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literature (see Audretsch and Acs 1991, Anselin, Varga and Acs 1997 and Blind and Grupp
1999). Typical numbers reported in the literature lie between 0.001 and 0.002 innovations
per employee, per year (see Audretsch and Acs 1991 and Blind and Grupp 1999). In the dye
industry, firms employ approximately 0.3 employees per ton of dyes they sell. Taken
together, these two arguments imply that the innovation rate per sale, per month should be
between 0.000025 and 0.00005. Since part of the increase might also be included in the third
term contributing to the innovation rate, we have to reduce the lower boundary considerably
if we assume that most of the innovativeness within the firms is created by the chemists
employed. Therefore, we assume this innovation rate to lie between 0.0000001 and
0.000025.

3. An innovation rate that increases linearly with the number of chemists that are working on the
products for the respective market. Based on the argument presented above, let us assume
that all innovations of a firm that are due to size are caused by the chemists employed. Since
between 0.0006 and 0.01 chemists are employed per unit of sales, this means there are
between 0.002 and 0.03 chemists per employee. Hence the innovation rate per chemist, per
month, has to range between 0.0008 and 0.025. Since it might be that not all innovations are
caused by chemists, we assume an innovation rate between 0.0002 and 0.02.

In addition, the number of process innovations is assumed to depend on the highest level of

performance that can still be reached. Hence, the sum of the above three values is multiplied by

10 (G — )
a

max

This value ranges between 0.3 and 3.2. On average it is 1, so that the innovation rate defined
above is the average rate in the simulations. The square is used because otherwise the value
would range between 0.1 and 10, which we assume to be a too strong influence. At the beginning
the firms are small while at the end of the simulation they are large. The factor is introduced so
that the innovation rate amounts to approximately 1 per year, per firm throughout the whole
simulation.

Product innovations are not carried out by all firms. Only those firms that have a strategy
variable v(¢) above zero (the strategy variable is defined below), try to invent new types of
products. We assume that the probability for such a product innovation depends on sales and the
number of chemists in the firm in the same way as in the case of process innovations. Product
innovations, however, are less likely. The rate of product innovations is the rate of process
innovations multiplied by a specific factor that is based on the following considerations. Patent
statistics in the different countries show that there are between 1 and 5 times as many process as
product innovations. Therefore, we assume the factor to range between 0.2 and 1. If a product
innovation occurs, the type of the new product is determined randomly. The level of performance
of the product is determined by identifying the product on the market that is most similar to the
new product (smallest difference in k). The level of performance of this product is transferred to
the new product, whereby up to one unit is randomly subtracted.

Firms may profit from spillovers from other firms. We distinguish two types of such
spillovers. In the first type firms only profit from the level of performance that other firms have
reached. We call these process imitations. Such imitations can be done by all firms. They require
that the products of the two firms are similar. Similar means that the products are based on the
same technological class and belong to the same class of color (see the above discussion on the
product space and Figure 1). Therefore, we use the parameter, g, that is defined above. We
assume that process imitation is possible if the products differ with respect to their type by a



27

value less than .

Firms can only profit from spillovers if the other product is technologically more
advanced than their own. When firms profit from such spillovers, the level of performance of
their own product is increased to the level of the imitated product. Since imitation is not perfect,
up to one unit is subtracted randomly.

Historical records show that it generally took firms between half a year and 3 years to
imitate a product that they wanted to offer themselves. We assume, therefore, that imitations
within a country take place with a probability of 0.03 and 0.15 per month. This holds for process
imitations as well as for the product innovations that are described next. Imitations of firms in
other countries are more difficult and are assumed to take between 1 and 10 years. This implies
an imitation probability of between 0.008 and 0.08 per month.

The second kind of spillovers are product imitations. In this case firms imitate products
that are offered in the market by other firms. Similar to product innovations, product imitations
are assumed to be carried out only by firms that are characterized by a strategy variable above
zero. The probability of a product imitation is the same as the probability of a process imitation.
We assume that firms that imitate the products of other firms do not create exactly the same
product. The product deviates from the imitated product according to the rules that have been
described for start-ups.

c. Demand

The demand for a product is calculated according to a demand function that is based on
specific assumptions about the behavior of consumers. For this reason we first outline these
assumptions before we formulate the demand function. We assume that each consumer is
characterized by the two values & and a, analogous to the way we defined the products in product
space. k defines the type of product that the consumer prefers most. a defines the minimal level
of performance upon which the consumer switches from buying natural dyes to buying synthetic
dyes. This means that at the beginning of the simulation, all consumers buy only natural dyes.
The consumers are assumed to be uniformly distributed over the product space, which is given
by 0<k<1 and 0<a<400. However, the fact that each consumer prefers one kind of product does
not imply that the consumer does not buy any other type of product. We assume a Hotelling-type
of model (see, e.g., Norman and Thisse 1999 and Foros and Hansen 2001 for a similar use of this
modeling approach) according to which products are valued less the more they differ from the
preferred good. The value of a good is given by its level of performance, @, (summarizing quality
and price into one metric). The evaluation of a product, defined by £, and a,, by a consumer who
prefers type k is given by

a, - ¢-|k, — K.

The parameter ¢ denotes the flexibility of the consumers with respect to the type of the product.
The higher is ¢, the less likely are consumers to buy products that differ from the preferred one.
Historical price developments show that prices decreased by approximately a factor of 2000
from 1856 to 1913. In our simulation this relates to 395 steps of level of performance. Hence, in
the simulation each step of performance advance amounts to a decrease in prices of
approximately 1.7% if each step is assumed to cause the same relative price decrease. Historical
records also show that buyers buy colors other than their preferred one if they cost only around
one third of the price preferred good. Hence, another color is preferred if it is 59 steps
technologically more advanced. Above we assumed that 7 different colors exist. Therefore, a
product that differs from the preferred product by 1/7 in the k-space (one color) has to be
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characterized by an a-value that is 59 units higher than that of the preferred product to be bought.
Thus, x~400. Since this is only an approximation for this parameter, we assume 200<¢<1000.

National demand

We assume to have at each time a certain number of consumers who either buy natural or
synthetic dyes. In the year 1913 almost only synthetic dyes were consumed. We use the number
of tons of synthetic dyes consumed in each country as a proxy for the demand at this time.
Hence, the demand at the end of the simulation is given as 23,000 (UK), 20,000 (G), 9,000 (F),
3,000 (SW), 26,000 (USA) and 81,000 (rest of the world). This data is provided in Reader (1970,
p. 258).

The number of consumers is assumed to increase linearly in each region. The number of
consumers at the beginning of the simulation (1856) is estimated to be 59,000. This number is
derived from the following considerations: In the UK 75,000 tons of natural dyes were consumed
in 1856. This amounts to around 14% of the world consumption. Hence, around 535,000 tons of
natural dyes were consumed worldwide. The literature reports that 1 ton of synthetic dye
replaced around 9 tons of natural dye. Therefore, the consumption in 1856 would equal around
59,000 tons of synthetic dye.

To distribute these consumers across the different countries two assumptions are made:
First, there is a worldwide increase in the demand for dyes. Second, in each country the demand
for dyes increases linearly with the growth of the population. Both increases are assumed to be
linear, so that only data for the population in each country in 1856 and 1913 has to be used to
calculate the number of consumers in each region in 1856. This leads to the following numbers
for 1856: 10,700 in UK, 7,800 in G, 6,300 in F, 1.400 in SW, 4.800 in USA and 28.000 in the
rest of the world.

Since these numbers represent rough estimates of the real demand in 1856, we defined a range of
values that could have represented the true historical demand. We determined the historical
demand to range between 0.5 and 1.5 times the estimated demand based on the following
considerations. The historical record makes it clear that the demand in 1856 in each country was
not higher than demand in 1913. This implies for France that the demand in 1856 could not have
been more than 1.5 times the value estimated above. This gives us the following range of
estimates for the historical demand in 1857 by country: 5,300-16,100 for UK, 3,900-11,700 for
G, 3,100-9,500 for F, 700-2,100 for SW, 2,400-7,200 for USA and 14,000-42,000 for the rest of
the world.

Inter-regional transaction costs

Although consumers prefer to buy the dye products at their own location, they are also
able to buy products in other countries via trading firms. Because traders have to be involved in
these international sales, transaction costs arise. In the simulation, this additional cost of selling
products in other countries is treated as being equivalent to offering products with a lower level
of performance. As calculated above, in the simulation each step of technological advance
amounts to a decrease in prices of approximately 1.7% if each step is assumed to cause the same
relative price decrease. We assume that inter-regional transaction costs amount to between 5 and
25% of the domestic base price. Hence, products that are sold in other countries will
automatically receive a score for their level of performance that is decreased by a value between
3 and 15.
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Calculation of demand

To calculate demand, the product space is divided into 200 uniform parts (the number of
parts only determine the precision of the calculation and the CPU time used by the simulations).
For each part and each country, the demand is calculated separately. The total demand in each
part is given by the respective share (1/200) of the national demand. All products on the market
compete for this share if they are not excluded from this market by patent laws (patenting is
described in detail below). Each part is assigned the type, £, that characterizes its average good
(£=0.0025, 0.0075, 0.0125,...,0.9975). All products on the market are transferred to this type and
the country under consideration by subtracting the inter-regional transaction costs and the
devaluation caused by the difference in types from their level of performance. Through this
calculation a re-scaled value of performance is assigned to each product. The product with the
highest value, 4, is identified. This value determines the share of demand in the part of the
product space under consideration that is received by synthetic dye firms rather than natural dye
makers. This specific market share is given by (d,,../400)", where yis a parameter that determines
how fast natural dyes are replaced. The replacement of natural dyes seems to have been more
rapid for initial rather than later steps in the technological improvement of dyes. Hence, the
parameter is assumed to be below 1. 0.5<3<0.9 is used in the simulations.

The resulting demand is shared by all products on the market according to a linearly
decreasing demand function (the usual way of modeling competition in the case of oligopolies).
The slope of this demand function is set such that a product with @ < d,,,, -0 does not receive any
demand. Jis a parameter that determines how much lower the quality or higher the price of
products can be to still be sold on the market. We assume 3<6<15, which means that products
with prices that are between 5 and 25% higher than other dyes receive only a minimal share of
demand.

According to these rules the potential demand, d,,;, is calculated for each firm. However, we

assume that consumers take some time to switch supplying firms even if better offers are already

available in the current period. The sales, s(¢), are assumed to be given by
s(y=(1-o0)-s(t-D+o0-d,,

where o is a parameter that determines the speed of consumer adaptation. We assume

0.25<0<0.75, which implies, on average, that consumer take between 10 and 100 days to switch

to a producer that offers a preferred good.

d. Chemists

Chemists are modeled explicitly in the simulations. Each chemist is characterized in each
period of the simulation by three characteristics: age, region of origin and current location.
Obviously, the chemist’s age changes over time. Every 6 months it is updated. The region of
origin is determined as described below and remains constant over time. The current location
describes whether a chemist is available in the labor market or employed by a firm. This variable
also contains information about which firm employs a particular chemist.

The initial numbers of chemists in each country, denoted by ciy;, are set in accordance
with the estimates given in Table 9. The ages of the chemists in these initial national pools of
chemists are distributed uniformly among the possible ages. We assume that all additional
chemists available to dye firms in subsequent years first have to be trained in universities.
Training takes 3 years. Hence, the number of chemistry students deciding to start university
education at a particular time influences the number of available chemists three years later. The
study of chemistry can be started every 6 months with the beginning of a new semester.
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Chemists remain in the labor market for 35 years before they retire.

Table 9: Estimates of chemists and estimates for 1857 assuming exponentially increasing
numbers.

year F G UK SW USA
1850 25 35 15 8 5
1900 225 750 150 75 75

estimate for 1857 34.0 53.8 20.7 109 73
Source: Ernst Homburg (E-mail, November, 2002)

Chemists who have been in the simulation for 38 years (3 years study and 35 years on the labor
market) disappear. The number of new students is calculated as follows (the calculation is done
for each country separately):

Crew = € C oy (1) = (1)
where Cenp(?) is the number of chemists that are employed at time, ¢, c(#) is the number of
chemists available at that time and e is a factor that represents the ability of the national
university system to provide the chemists that are needed by firms. If e=1, the national system
provides exactly the number of chemists employed. The highest increase that can be observed in
the studied history is an increase of chemists in Germany from 380 to 900 chemists during the
period from 1851 to 1865. This increase is reached if e=1.2. Therefore, we assume 1<e<1.2.

Migration of chemists

We assume that chemists who can find employment in a domestic dye company will join
a domestic firm. Those chemists who are not employed by domestic dye companies will either
stay in their home country and work for a different branch of the chemical industry or they will
move to a dye firm in a foreign country. The relative frequency of moving abroad or staying in
the home chemical industry enters the parameter matrix m;; of our model: my; is the share of all
chemists who originate from country i and would migrate to country j if they find employment in
a dye company in country j but they do not find an employment in a domestic dye company and
would have to work in a different branch of the domestic chemical industry.
The entries of the matrix are set to:

Table 10: Migration Probabilities for Chemists

Origin Destination

UK G F SW USA
UK - 0.005 0.005 0 0.02
G 0.025 - 0.01 0.045 0.005
F 0.01 0.005 - 0.05 0
SW 0.003 0.1 0.006 - 0.001
USA 0 0 0 0 -
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e. Patents

Process innovation, product innovation, process imitation, product imitation, and the
selling of products in other countries are restricted by patent laws. Each time a firm discovers a
new product by any of the four processes, our simulation program checks whether a patent exists
for this product in the country in which the firm is located. If such a patent exists and is held by
another firm, the product is not produced. If no such patent exists but the home country offers
patent protection, the firm patents the product.

Different patent laws existed in the countries modeled. First, patent laws did not exist in
all countries during the entire time span from 1857 to 1913. Second, patent laws differed
between the countries. All countries in our simulation except Germany granted patents for
product innovations. After 1877, Germany granted process patents. We model this by defining
ranges within the product space that patents cover. This means that each patent has a range with
respect to the type of products and with respect to the level of performance of products.

Patent counts show that there were between 1000 and 4000 different types of dyes patented in
the different countries. If we take this as an approximation of the number of different types of
products in our simulation of patents, each patent covers a range of between 0.00025 and 0.001
in the type dimension. In addition, in Germany process innovations were patented. These cover
only one innovation step, so that their range is assumed to be 1 in the dimension of level of
performance.

Because successful litigation often cut short the life-span of a patent, all patents are
assumed to hold for between 10 and 20 years (in accordance to the historical record). All
characteristics of patents are summarized in the following table.

Table 11: National Patent Characteristics

existence range in type range in techno- duration
dimension logical

performance

dimension
UK 1856-1913 0.0025-0.001 0 10-20 years
G 1877-1913 0.0025-0.001 1 10-20 years
F 1856-1913 0.0025-0.001 0 10-20 years
SwW 1908-1913 0.0025-0.001 0 10-20 years
USA 1856-1913 0.0025-0.001 0 10-20 years

Once patents expire, it is assumed in the simulation that the same product cannot be patented
again. The respective products can then be produced and sold by all firms forever. Patents also
restrict the selling of products. Firms are only allowed to sell products in other countries if these
products are not covered by a patent there.
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