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Recent theory suggests generalists are more likely than specialists to become self-
employed. However, little research examines whether different career paths of generalists
are equally effective. I argue those experiencing business-related functions in parallel
rather than sequentially more likely become self-employed—as a career proceeds over
years—because “connections” detected across domains during parallel work experience
are particularly valuable in discovery of future opportunities. Yet, positive effects of expe-
riencing domains sequentially are more strongly amplified when individuals are analyti-
cally disposed. Analyzing careers of scientists and engineers, SESTAT data broadly
support the hypotheses but mostly for male, incorporated, and/or nonacademic entrepre-
neurial self-employment.

Introduction

Recent research suggests that the self-employed entrepreneur tends to be drawn from
the pool of business generalists (Lazear, 2005). Specialists, in contrast, are simply more
valuable when directed or coordinated by managers. Although additional studies indicate
that the generalist orientation is useful (e.g., Backes-Gellner, Tuor, & Wettstein, 2010;
Wagner, 2006), little is known about the different career paths taken by those who acquire
diverse knowledge and become entrepreneurial generalists. We also know little about the
vocational tendencies that support those career trajectories, or the resulting outcomes.

Investigating the different career paths taken by entrepreneurial generalists is impor-
tant because there are opposing, mutually exclusive schools of thought regarding how
prospective self-employed entrepreneurs can best acquire important knowledge (see most
notably Bechard & Gregoire, 2005). On one hand, some scholars advocate interdiscipli-
narity where functional subjects could be taught in a generalist fashion (i.e., via job rota-
tion) merely with entrepreneurship as a context (e.g., Ray, 1990). In contrast, other
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scholars support a more specialized transdisciplinarity (Heinonen & Poikkijoki, 2006),
whereby business functions would be experienced more directly in the context of one
another in entrepreneurial career development (i.e., via apprenticeship). In this study, I
ask: Do entrepreneurial generalists tend to emerge from experiencing work domains
sequentially or in parallel? And what moderates the effectiveness of these two modes?

Building on learning theory (e.g., Brown, Collins, & Duguid, 1989), this article
argues that there is a difference in the effects of experiencing knowledge domains sequen-
tially versus in parallel. Those who experience knowledge domains in parallel are more
likely to become self-employed than those who experience them sequentially, since the
results of important connections across domains can be revealed spontaneously via trial-
and-error, even if the (nature of the) connections themselves are not revealed. Under
sequential (work) experience, only the results of those connections among decisions and
choices within a domain are spontaneously identified or generated. Although it might
take time, parallel work experiences are, thus, more likely to lead to self-employment. Of
course, there still remain other common situations where sequential experience can trump
parallel experience. Specifically, the effects of extended sequential experience are more
positively and strongly amplified when individuals are shown to be analytically disposed
as indicated by years of extensive formal scientific training. Better-formed connections
across domains could then be “pieced together” across these periods, leading to the per-
ception of valuable knowledge combinations. In contrast, the indirect or specific connec-
tions encountered under parallel experience are at risk of becoming too unwieldy to
analyze.

The article proceeds as follows. In the next section, I present theory accompanied by
anecdotal evidence. Then, using SESTAT survey administrations, I empirically examine
the educational and sociological backgrounds of scientists and engineers, including the
business functions they experience over time during their career. The SESTAT database,
in particular, is valuable in addressing this particular research because it can capture the
parallelism of experience across years, for thousands of respondents. Results, limitations,
and future research directions are presented before some concluding remarks.

Theory and Hypotheses

Examples abound in the popular press about individuals who chose self-employment
after acquiring broad business-related knowledge. Consider Karen Maguire. In the late
1970s, she obtained a master’s degree in comparative literature that benefited her under-
standing of the communications domain. She served briefly as a professor, and then in the
mid-1980s she joined an investment management firm in a sales role, then moving up to
director of marketing for the Bank of Boston. Finally in 1994 she founded Satuit Technol-
ogies, a private company that provides enterprise and hosted customer relationship man-
agement (Chang, 2005). Sharon Beasley, also self-employed, recalls making fresh
homemade cookies at home growing up. After getting her business degree from the Uni-
versity of Toronto and 12 years’ worth of stints in corporate lending and strategic plan-
ning, she started the now-famous Canadian company called Mrs. Beasley’s Cookies
(Colman, 2003). Or we might profile Warren M. Thompson. After getting an MBA from
the University of Virginia, he rose through the ranks over 9 years to become a regional
vice president of Host International, directing operations for that food service subsidiary
of Marriott Corp. Finally in 1990 he decided to form Thompson Hospitality LP, which by
1993 had revenues of $34.4 million (Hayes, 1994). In a separate case, Marc Benioff by
age 26 was vice president at Oracle—making $300,000 a year—directing not only sales
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at Oracle, but marketing and product development as well. He founded Salesforce.com a
few years later (Adler, 2003).

Broad Business Knowledge and Acquiring Different Work Experiences in

Parallel

How might individuals acquire the broad knowledge that leads them to self-
employed entrepreneurship? On one hand, they may experience multiple domains
sequentially, one at a time. College students may take accounting classes one semester
and then separately take marketing classes the next semester, or company engineers may
rotate from a manufacturing department to a marketing one. On the other hand, individu-
als may have experienced multiple domains together on the road to self-employment.
Chief operating officers (COOs) are often in charge of making basic decisions that tran-
scend various functional departments, such as accounting, marketing, finance, and opera-
tions. Either case offers a prototypical template linking the experience of multiple
business domains to entry into entrepreneurial self-employment.

In general, acquiring knowledge within any one domain begins with processing infor-
mation encountered within the domain. Information from any of these functionally ori-
ented domains is interpreted, organized, and stored by cognitive or knowledge structures,
defined as “mental templates that individuals impose on an environment to give it form
and meaning” (Walsh, 1995). Knowledge structures in turn are acquired and shaped from
either repeated experience, or acceptance of available theory (e.g., Finke, Ward, & Smith,
1996). Acquiring a knowledge structure typically requires relating it to other knowledge
structures the individual already possesses (Brown et al., 1989). A knowledge structure
may be acquired by connecting it or making a one-to-one match to a direct, exclusive col-
lection of more basic concepts, in the form of a definition. Or it may be acquired by mak-
ing connections to a wide variety of other concepts. For example, an individual may be
exposed to milling machines in the context of assembly plants, thus shaping his knowl-
edge structure of milling machines in a way that relates to assembly plants. As a result, he
might say that “milling machines are devices that should be far away from adhesion
machines when placed in an assembly plant because the milling debris can compromise
the quality of adhesion processes.” He may even understand this before being exposed to
what a milling machine looks like or does. As knowledge structures are acquired and
developed, they also begin to form as the basis of choices and decisions (Barsalou, 1983).

Experiencing Different Business Functions in Parallel, and Self-Employment

Likelihood

How knowledge structures underlying choices and decisions are shaped differs
depending on whether exposure to domains comes sequentially or in parallel. Research in
situated cognition argues that “knowledge is situated, being in part a product of the activ-
ity, context, and culture in which it is developed and used” (Brown et al., 1989, p. 32).
Thus, “a concept . . . will continually evolve with each new occasion of use, because new
situations, negotiations, and activities inevitably recast it in a new, more densely textured
form” (Brown et al., p. 33). Furthermore “situated cognition resides in the duality—the
recursive interaction—between how attributes of a situation evoke and shape particular
schemas and how schemas make particular attributes of the situation salient” (Elsbach,
Barr, & Hargadon, 2005, p. 424, emphasis added).
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When domains are acquired in parallel, individuals like Thompson and Benioff are
processing information from multiple domains at the same time, acquiring the knowledge
structures underlying choices and decisions corresponding to one domain potentially
“from scratch” in association with or in the context of relatively unrelated knowledge
structures corresponding to other distinctly different domains. An individual experiencing
domain C and domain D at the same time may be exposed for the first time to certain
knowledge structures and, thus, the effects of choices C1a and C1b available to decision
C1 and other choices D1a and D1b available to a decision D1. The individual’s own under-
standing of how to make decisions and choices in domain C is in the context of—if not
fundamentally based on—decisions and choices in domain D. (The general effect of
choice C1a is not learned but rather only its specific effect in the context of D1a.)

For example, a design engineer might enter a firm, begin a divisional management rotation
program which exposes him or her to unfamiliar manufacturing and marketing information
and knowledge structures simultaneously. Due to the principle of situated cognition described
earlier, prototypes are incomplete (see Baron & Ensley, 2006, p. 1341). Because the knowl-
edge structures acquired are so systematically underdeveloped, the decisions and choices expe-
rienced among the different manufacturing and marketing domains are not well understood,
and thus cannot be readily related or connected via a straightforward series of principles
(Arthur, 2007). Analysis or theorizing is unlikely to help in identifying such specific, indirect
connections given different vaguely understood choices experienced in specific contexts under
parallel work experiences (for related discussion see Hayek, 1945, pp. 521–522).1

However, such connections may still be readily seen and confirmed between seem-
ingly unrelated decisions or choices across domains by combining trial-and-error and
learning-by-doing. While decisions and choices across domains are likely unrelated or
unconnected in any direct manner they may be connected to one another through more
indirect means: information unique to specific markets, times, or places make available
situations that can reveal the existence of connections between the decisions and choices
in domain C and the decisions and choices in domain D. Due to the context specificity of
experiential learning, connections are at risk of becoming developed into oversimplified
generalized theories, even “na€ıve” ones (see Murphy & Medin, 1985), which are incorpo-
rated into the actor’s cognitive map. Nevertheless, in future periods when those connected
decisions or choices are encountered together, the actor’s cognitive map reveals that con-
nections exist among these decisions and choices, and sets of valuable decisions and
choices can still be transferred and applied later in other contexts (see Thorndike, 1932).2

Generally speaking, in acquiring knowledge domains in parallel, people are likely to
shape their knowledge structures in the context of unrelated information but the next
moment may also shape them in the context of related information. Extending the earlier
example, a person experiencing manufacturing and marketing at the same time may begin
shaping from scratch her understanding of the manufacturing term “concurrent engineer-
ing” in the context of its effects on product launch timing and consumer purchasing
behaviors. This alone does not bestow upon this person a significant understanding of the
term “concurrent engineering.” The next moment, the individual might understand more
generally that “concurrent engineering” is prescribed whenever the underlying manufac-
turing process specifications are severely interdependent. Thus, one moment this

1. I use the terms “simultaneous” and “in parallel” interchangeably.
2. While trial-and-error could also be used during sequential work experience, at any given time individuals
are processing information from multiple domains separately, and thus any trial-and-error is used strictly to
acquire knowledge structures and identify or make connections associated with (sets of) decisions and
choices within any one domain, not across domains.
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individual is shaping her knowledge structure of “concurrent engineering” in the context
of an unrelated domain of marketing, the next moment in the context of the related
domain of manufacturing. The important upshot is that parallel experiences introduce the
additional possibility that knowledge structures are acquired in incomplete manners.

Consider alternatively the two-period case where an individual experiences domains
sequentially, as did Maguire and Beasley. For instance, a college student learns about the
effects of marketing decisions in a marketing class during one semester, and learns about
the effects of finance decisions in a finance class the next semester.3 Under such a situation,
at any given time, representations of knowledge in memory relate to dispositions culturally
shaped by highly related other bits of knowledge and information (see Goodnow, 1990).
More generally, the individual acquires and develops knowledge structures underlying
decisions and choices in domain A in one period, then acquires knowledge structures under-
lying decisions and choices in domain B the next period. In the first period, he may be
taught the effects of an A1 decision but only in relation to other decisions highly typical for
domain A. In the next period, he would experience the effects of a B1 decision but only in
relation to other decisions highly typical for domain B. When domains are acquired sepa-
rately, the individual’s understanding of decisions and choices in one domain is not based
on decisions from other unrelated domains, as he is shielding himself from processing infor-
mation from those domains. The individual’s own understanding of how to make a decision
or choice in one domain is captured only in relation to other highly related decisions and
choices typical of the same domain, and at any given time the effects of a set of highly
related decisions and choices are being understood. Due to the acquisition of highly typical
associations, not only are knowledge structures and prototypes underlying decisions and
choices acquired more completely (see Rosch & Mervis, 1975)—and thus the general
effects of choices and decisions experienced—but the existing connections relating choices
or decisions within a domain are likely more direct, straightforward, and explicit in nature.
In future periods, individuals may encounter a collection of decisions (and associated
choices) that spans domains. However, in contrast to the case where different domain expe-
rience takes place in parallel, trial-and-error over decisions and choices is not available
here: trial-and-error across domains is not inherently supported by that process where
domains are acquired sequentially. Connections among choices and decisions across
domains are thus not immediately identified or seen in real time, and the value-creating sets
of decisions and choices spanning across domains remain relatively undiscovered.

Opportunity discovery, according to scholars such as Baron and Ensley (2006),
involves “connecting the dots” between seemingly unrelated situations or trends in identi-
fying patterns. In developmental psychology, researchers call the ability to discern mean-
ingful patterns within otherwise unconnected information “relational reasoning” (for a
review, see Dumas, Alexander, & Grossnickle, 2013). Recent research shows that simul-
taneous observation is particularly beneficial to relational learning of concepts. In a study
on children, Son, Smith, and Goldstone (2011) find evidence that simultaneous viewing
strengthens connections between multiple instances by giving children more time to link
instances, whereas during sequential experience those connections are weaker or incom-
plete. They also argue that sequential viewing requires more working memory because
children need to hold both instances in mind to compare them, whereas presenting instan-
ces all at once frees up working memory resources for attending to the relational structure.

3. One may inquire whether a student who takes multiple classes in one semester is experiencing domains
sequentially or in parallel. Unless there is one class where concepts from these classes are taught together,
this article’s theory holds that this represents sequential (or more accurately here, “separated”) experience.
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Studies by Loewenstein and Gentner (2001) and Namy, Smith, and Gershkoff-Stowe
(1997) also support this empirical finding. In citing Sweller (1994), Son et al. re-assert
that “sequential viewing may present an extrinsic load, needing to remember instances,
that is superfluous to the task of learning relations [while] simultaneous training presents
a germane load helpful for learning schema-like patterns without needing to deploy addi-
tional resources for remembering the items.” Finally, in their seminal work on whole-task
versus part-task training, Naylor and Briggs (1963) find that unpredictable, highly inte-
grated tasks (such as those prototypically entrepreneurial) benefit more from whole-task
training than the accumulation of part-task training.

Project-based or problem-based learning (PBL) offers another conceptual framework
for my first hypothesis. PBL is based on a “driving question” crafted in such a way to lead
students to explore, encounter, and investigate the central concepts and principles of mul-
tiple disciplines, in solving an ill-structured problem. Empirical research shows that
project-based education trumps discipline-based teaching when it comes to improving
“problem formulation” skills (Gallagher, Stepien, & Rosenthal, 1992) and utilizing diver-
sity of knowledge for subsequent problem solving (see Stepien, Gallagher, & Workman,
1993), both typical of entrepreneurship.

Hypothesis 1: Acquiring different work experiences in parallel (vs. sequentially)
increases the likelihood of self-employment.

The Moderating Effect of Analytical Disposition. Of course, there still remain general
situations where sequential work experience can trump parallel work experience. Specifi-
cally, those who are analytically disposed are less likely to benefit from simultaneity of
experience than those who are less analytically disposed, where analytical disposition is
defined here as the inherent or acquired cognitive tendency to use reason and step-by-step
analysis (or make inferences, e.g., Messick, 1984).

When individuals spend time acquiring domains in parallel, they are understanding a
set of knowledge structures, decisions, and choices in the context of other relatively unre-
lated knowledge structures, decisions, and choices (see Brown et al., 1989). Decisions
and choices are not understood in the general sense, and generalizable connections
between decisions and choices across domains are not easily found. Instead seeing con-
nections requires the consideration of specialized markets, times, or places. Connections
among choices or decisions are, thus, highly specific, indirect, and difficult to express,
thus at risk of eventually becoming only tacitly understood. The prevailing tendency to
rely on sets of rules, principles, or logic—that is, analytical disposition—is simply less
valuable to the efforts of combining connections and discovering valuable knowledge
combinations when the knowledge underlying connections cannot even be expressed.

However, as analytical disposition increases, the relative benefit of sequential experi-
ence increases, insofar that connections can be derived. Under sequential experience, at
any given time individuals are acquiring and shaping knowledge structures in the context
of other highly typically related knowledge structures. Individuals then have a simpler,
fuller, and more general understanding of all decisions and choices based on those fully
developed knowledge structures (Walsh, 1995). Even though connections do not sponta-
neously emerge across domains when they are acquired separately, disposition to use and
even rely on one’s faculties for analytical ability better helps to derive explicit connec-
tions between these fuller knowledge structures across domains.

Research in educational psychology and occupational training—conceptual and
empirical—support this perspective. Riding and Sadler-Smith (1997) differentiate
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between wholist versus analytic dimensions in cognitive style while Antonietti and col-
leagues distinguish analysis from intuition (Antonietti, 1991; Iannello, Antonietti, &
Betsch, 2011). Pask and Scott (1972) differentiate between “holists,” versus “serialists,”
and find that holists and serialists learn best when their teaching materials are designed to
match with their learning style. Seidel and England (1999) extract the subsample of 64
out of 100 students showing a clear preference for a single cognitive style, and find that a
sequential processing preference was significantly associated with a preference for struc-
tured nonintegrated informational environments (also see Cavanagh & Coffin, 1994).

Hypothesis 2: Increases in analytical disposition diminish the positive effect of
additional parallelism of work experiences, in determining future self-employment.

Thus, by combining both hypotheses, it is presented here that one mode is not neces-
sarily better than the other. Connections across domains can take place in both cases,
either under sequential or parallel work experience. What determines the more effective
mode is the degree to which individuals are prone to relying on cognitive analysis instead
of past experience. Those relying on past experiences need not rely on cognitive analysis,
for they can simply import or bring to bear, and apply, knowledge from those experiences
to current situations. Those relying on cognitive analysis need not rely on that breadth of
rich experience. Instead, they simply need a deep understanding and grasp of a set of con-
cepts, which they can combine together.

Data

Following Elfenbein, Hamilton, and Zenger (2010), data used to analyze the hypothe-
ses come from NSF’s private SESTAT panel database. SESTAT is a comprehensive and
integrated set of three NSF-sponsored survey-based data sets recording the demographic,
educational, and employment characteristics of scientists and engineers in the United
States. The SESTAT database begins with a random sample of the U.S. population in
1993 with at least a bachelor’s degree who either work in or are educated in science or
engineering.4 Respondents are asked for information about what degrees they have, what
fields those degrees are in, employment history (self-employed vs. paid-employed), salary
data, demographic and family data, and the types of work activities or domains acquired
at their present job. Between 1993 and 1999, every 2 years, respondents are resurveyed
(with some survey attrition), and new respondents are added. In all, precisely 50,800
respondents are common across these four waves, but after dropping those listed as unem-
ployed in 1999 and keeping both paid-employed and self-employed individuals, my sam-
ple size starts with 42,725 respondents.5

Of course, an ideal data set exploring possible antecedents of self-employment would
contain rich information covering decades and a large sample (see Schmitt-Rodermund,
2004). Still, the SESTAT data set trades off richness of data per individual (i.e., frequency
of data collection, and extent of information provided by the data) for the breadth of

4. Much of the theory covered here (especially regarding project-based learning) has been validated pre-
cisely predominantly in the fields of science and engineering (from medicine to accounting to information
science).
5. The survey was indeed administered to the unemployed, and while recent research examines the transi-
tion from unemployment to self-employment (Thurik, Carree, Van Stel, & Audretsch, 2008), the survey did
not allow the unemployed to address the nature of any (current) functional work experience.
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coverage across individuals. However, the breadth of knowledge required to support
entrepreneurial endeavors generally takes place across months or years, not days. Further-
more, it is not unreasonable to expect that paid employees do not change tasks day by day
at work. Instead, major shifts in their work activities only take place on an annual basis.
Thus, this SESTAT data set can be a useful one for studying the effects of work activities
(especially their simultaneity) on the likelihood of future self-employment.

Dependent Variable

Following Elfenbein et al. (2010), a dummy variable in 1999 is assigned the value of
1 if the respondent declared s/he was self-employed in the 1999 survey and 0 otherwise.
While the survey does ask respondents whether they work full time versus part time, it
does not offer respondents a way to indicate hybrid entrepreneurship status.

Explanatory Variables

Measuring Total Number of Domains. Respondents were asked to indicate which of
14 work activities (e.g., domains) occupied a “significant amount of their time during a
typical work week at their job.” The domains listed were accounting, applied research,
basic research, computer applications, design, development, employee relations, manage-
ment and administration (Haber & Reicheil, 2007), operations (Bhave, 1994), professio-
nal services, quality management, sales, mentoring, and “other.” I take a total unweighted
count of the different domains an individual acquired in 1993 and 1995 and 1997, repre-
senting the diversity of an individual’s knowledge.

Note that the empirical analysis is thus considering the experience of relating business
functions given products to be commercialized or services to be delivered. Thus, the article
is not examining exploration across multiple technological knowledge domains or search
for links between technology and market (Gruber, Macmillan, & Thompson, 2008). Very
possibly, people can come up with new ideas based on combinations of disparate technolog-
ical domains, and yet not exploit the idea and follow through to become self-employed. I
argue that they would not become entrepreneurially self-employed because they do not
know enough about the important business functions. Even a simple incorporated gardening
operation must involve reasonable effectiveness in combining business functions, and not
all MBAs or managers can effectively become self-employed partially precisely because
they do not possess this knowledge or capacity to understand.

Measuring Extent of Domain Experience, Acquired Sequentially Versus in
Parallel. Deriving this measure is not straightforward. For example what happens if
domains X, Y, and Z are acquired in 1993 and then domains W and Z acquired in 1995?
Should W be coded as a sequentially acquired domain since it is acquired separately from
X and Y, or coded as parallel since it was acquired with Z? To resolve this issue, instead
of counting domains, I count pairs of domains. One could create a variable that measures
the extent to which domain experience is parallel in terms of the number of unique pairs
of domains that are acquired concurrently. A positive coefficient on such a variable would
indicate that an individual who experiences more domains in parallel—holding fixed the
number of domains experienced—is more likely to choose self-employment. Yet the
identification of connections between domains requires multiple experiential periods to
begin approaching the expertise required to make connections (e.g., Chase & Simon,
1973; Gagne & Glaser, 1987). More repetitions in associating information from one
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domain to other information from another domain engrains the association in the mind,
and is more likely to lead to (cued) recall, where awareness of one of the pieces of infor-
mation leads to the retrieval of the associated other piece of information. After all, the
ability to evaluate and utilize outside knowledge is largely a function of the level of prior
related knowledge (Cohen & Levinthal, 1989; also see Lechmann & Schnabel, 2014).
Thus, parallelism is measured as the number of pairs experienced at the same time,
throughout two of the three survey episodes (“Pairs twice”; e.g., experiencing accounting
and quality management in 1993 and 1995), or in all three survey episodes (“Pairs
thrice”). A positive and statistically significant coefficient would indicate that experienc-
ing domains in parallel is more impactful than experiencing domains sequentially.6,7

Measuring the Extent to Which Analytical Disposition Interacts With Domains
Experienced Sequentially. Disposition to use reasoning (e.g., make inferences) is
proxied here via one’s level of formal education. Past scholars have suggested the rela-
tionship, in the context of entrepreneurship. Notably, Shane (2003, p. 69), in citing Cas-
son (1982), states that “education improves entrepreneurial judgment by providing
people with analytic ability and an understanding of the entrepreneurial process.” Con-
sider the following. After college, people can choose to pursue further formal education,
or accumulate experiences in the workforce. Those who pursue formal education after a
bachelor’s degree instead of jumping into the workforce likely associate with at least one
of two possible scenarios. On one hand, at the margin they likely prefer being trained
about principles and theory ahead of acquiring experience, thus indicating their preferred
cognition. Such preference for reasoning is used to solve unfamiliar problems, especially
ones that require connecting decisions and choices across domains (Wenke, Frensch, &
Funke, 2005). Unfamiliar problems are precisely the types of problems chosen by individ-
uals as they write theses to complete advanced graduate degrees (see Mayer, 2000). And
an individual’s capacity to reason is not only linked to the likelihood that s/he attends
graduate school but also graduates with such degrees (Mayer). Alternatively, according to
more economically oriented theory one can argue that analytical disposition is developed
as a result of the sunk investment in training about analytical processes or tolerating reli-
ance on analytical thought during formal education. I do not make claims about which
rationale applies, but rather only that educational attainment proxies for the preferred cog-
nitive tendency.8 Regardless, Kolb (1984, p. 63, also ch. 7) argues that aspects of our cog-
nitive style together represent a “stable state” in individuals shaped by the extent of
schooling, and professional careers, where “the transition from education to work
involves for many a transition from a reflective learning orientation to an active one” (p.
88).

The theoretical arguments for a positive relationship between educational level and
analytical disposition have been repeatedly evidenced in the educational sciences litera-
ture. Giancarlo and Facione (2001) find significant positive relationships between

6. Due to interest in the analysis of the number of knowledge domains acquired, I exclude respondents who
left these fields blank throughout any of the employment spells (roughly 7.9% of the total sample).
7. One may argue that I am only measuring the number of pairs experienced in parallel, and neglecting the
number of pairs experienced sequentially in my empirical analysis. Introducing both of these variables ends
up leading to collinearity issues, since the sum of these two variables represents a (geometric) function of
the number of total domains experienced. I choose to measure the number of pairs experienced twice
because the data show significant multicollinearity between a “pairs once” variable and the number of total
domains experienced.
8. See Silva (2007) for further discussion and analysis on the relationship between innate talent and Lazear’s
jack-of-all-trades theory.
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analytical disposition and level of undergraduate education, across the 4 years of univer-
sity curriculum. King, Wood, and Mines (1990) examined whether the critical thinking
scores of college and graduate students would differ by educational level, and found sig-
nificant main effects for educational level on each of the three types of critical thinking
tests that they implemented; specifically, graduate students regularly scored higher than
undergraduate seniors. Finally, Kitchener and King (1990) analyzed data from almost
1,000 individuals who had been tested on the Reflective Judgement Interview, one of the
best-known measures of analytical disposition, and found a consistent upward trend
according to educational level, from high school graduates all the way to advanced doc-
toral students.

At first blush, there is at least one potential objection to measuring analytical disposi-
tion via educational attainment. One might object that higher levels of education indicate
deep specialization in a single field which potentially hinders the discovery of connec-
tions across technological fields. While that may be the case, I examine the discovery of
connections across business fields or functions; the drastic difference between the knowl-
edge found in technological fields versus business functions better allows for the use of
educational attainment in technological fields as an indicator of analytical disposition as
it applies to business fields.

Educational attainment is measured by whether individuals obtained master’s or doc-
torate degrees. The master’s degree typically requires individuals to develop the capabil-
ity to more deeply analyze a domain, and the PhD degree typically requires individuals to
draw from a variety of domains or (subdomains) to reason and solve a universally novel
theoretical or practical problem. The education variable equates to 2 for those with any
master’s degree but not PhD, 3 for PhD degree holders, and 1 otherwise. This variable is
multiplied by the parallelism variable to obtain the interaction. A negative coefficient for
this interaction would support hypothesis 2, since the effects of sequentiality in experi-
ence is presumed strengthened in the presence of analytical disposition.9,10 I also include
an additional variable indicating whether a respondent specifically possesses an MBA
degree.

Control Variables

Age. Age is associated with both intelligence (Horn & Cattell, 1967) and resources.
Notably, age is expected to positively relate to self-employment insofar that social and
financial capital accumulates over time. Early retirees may opt for self-employment if
they decide to return to the labor market. Furthermore, Levesque and Minniti (2006)
hypothesize and show that younger people are more likely to bear the slower, less imme-
diate rate of return often characteristic of start-ups. To isolate any spuriousness, I control
for age. I also add the square of Age into the regression to account for any nonlinearities
in the relationship.11

To ensure that I capture appropriately the effects of analytical disposition as proxied
by education, and minimize the explanatory effect of analytical predisposition before

9. The educational attainment variable is not then multiplied by a sequentiality oriented “complement” to
the parallelism interaction to form another interaction variable, else severe multicollinearity with the Total-
Domains variable results.
10. Unfortunately, the SESTAT database offers no data regarding majors, subjects studied, or university
grades.
11. Both Age and the square of Age are taken from the 1997 survey.
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education can serve as its signal, I focus on respondents that are likely done with school-
ing by the beginning of the first survey episode. Thus, because a PhD takes 5–6 years on
average, a respondent going straight to obtain a PhD should be roughly 28 years old by
the time of graduation. Since a respondent should be this age by the time of the first survey
episode, I eliminate all respondents that are not at least 32 years of age by 1997.12

Level of Education. Educational attainment shows up repeatedly in studies as a variable
explaining self-employment entry, sometimes evaluated as insignificant (e.g., Evans & Jova-
novic, 1989), sometimes significant (e.g., Aronson, 1991). Following Lazear (2005), I expect
that greater specialization in human capital investments mainly improves specialist
income—and indicator of opportunity cost—and thus itself leads to a lesser likelihood of
self-employment. Including education as a control variable here tests for this alternative pos-
sibility, in the face of investigating hypothesis 2.13 Education has also been found in some
research to have a U-shaped relationship with the likelihood of entry into self-employment
(see Blanchflower, 2000, p. 488), and so the squared term is included as well.14

Historical Ability. Studies vary in showing that self-employed entrepreneurs tend to be
drawn from high performers or low performers (Hamilton, 2000). Those high in
“entrepreneurial ability” are often better candidates for starting a new venture, even if
they generally face greater opportunity costs (Amit, Muller, & Cockburn, 1995). At the
same time, those with high ability manifest a greater capacity or willingness to multitask
(Colom, Martinez-Molina, Shih, & Santacreu, 2010). To account for ability, I include
(the natural log of) the individual’s stated salary in 1997 (see Hamilton, pp. 623–624).
Roughly 2.7% of respondents of the total sample gave no salary data, so they are dropped
from the regression analyses.15

Furthermore, to eliminate confounds between total pay with choices about working
part time versus full time, and to avoid potential ambiguity regarding one’s time spent
moonlighting in self-employment, I eliminate all individuals who report working less
than full time during the year (i.e., working less than 52 weeks per year, and less than 40
hours per week) for both 1995 and 1997 (such data were not collected in 1993).

Exposure to Varied Business Environments. People are naturally exposed to different
sets of skills as they transition to different firms or job positions (Lepak & Snell, 1999).
Additionally, they would broaden their access to networks and social capital, which alone
could influence the likelihood of involvement in new venture creation. To account for the
confound, job change indicators for 1995 and 1997 are included. The indicator equals 1 if
the respondent has had the same employer and the same job position throughout the previ-
ous 2 years, it equals 2 if either the employer or job position has changed, and it equals 3
if both the employer and the job position have changed.

12. Results of the empirical analysis do not change significantly in magnitude or statistical significance, due
to this adjustment.
13. See Spector and Brannick (2011, p. 297) for a discussion of the use of controls as “alternative hypothesis
tests.”
14. Notably, Blanchflower (2000) looks at those who leave school before the age of 15, versus those who
leave after 22 years of age. Within this range, there was a U-shaped relationship between age and self-
employment likelihood. Given that those leaving school before the age of 15 probably cannot signal their
ability, the squared education term here might be capturing the difference between necessity-based versus
opportunity-based entrepreneurship.
15. No statistically significant differences exist between kept and dropped observations.
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Firm Size. The responsibilities of individuals that acquire multiple domains may differ
depending on the size of the firm. More generally, people may attempt to expose themselves
to more skills (and more multitasking) in anticipating a future career decision to become an
entrepreneur (Elfenbein et al., 2010). Those who anticipate this will be more likely to
choose to work in small firms instead of large firms where intra-firm mobility will be more
costly. To more generally account for the “small firm effect,” where previous episodes in
small firms tend to foreshadow or lead to such “spawning,” I also account for the size of
firms in a respondent’s employment history (in both 1995 and 1997).

Risk Perception. Those worried about loss of paid employment will hold that attitude espe-
cially if finding another comparable job is unlikely. If they are worried about finding a compa-
rable job, they will not want to leave their current job to start a new venture, especially since
that is likely to be at least as risky as staying in current paid employment. At the same time,
those worried about loss of employment are bound to diversify their knowledge investments to
hedge against it (Hsieh, Parker, & Van Praag, 2012; Kihlstrom & Laffont, 1979). To capture
an individual’s perception of risk in light of possible future entrepreneurial self-employment, I
use two categorical measures: individual self-reports of the amount of concern for job loss, as
well as the job loss of somebody else in the household. The data codes “very concerned” as a
1, “somewhat concerned” as a 2, and “not very concerned” as a 3. No other categories were
used when this data was collected, only in the 1997 version of the questionnaire.16

The final step in the data selection is to only analyze first entry into self-employment
within the 6-year period (1993–1999) covered by the data. In other words, I retained only
those respondents who were paid employees from 1993 to 1997, with the intention of ana-
lyzing the choice of becoming self-employed in 1999.

Summary Statistics

Table 1 shows summary statistics of the data set subject to empirical analysis. Educa-
tional level and the mode of experience (i.e., sequential vs. simultaneous) are not highly
correlated. An individual characteristic does not appear to underlie and explain both this
mode and self-employment likelihood simultaneously.

Results

Table 2 shows logit regressions of self-employment entry in 1999, capturing what
determines the first self-employment episode across the 6-year time frame. According to
Model 1, capable employees with recent experience in smaller companies and exposure
to different business environments are more likely to choose self-employment. Model 2
added the MBA variable with no substantive effect to the regression. Models 3 and 4
added the “TotalDomains” variables, also with no effect. According to Model 5, the more
domain pairs experienced simultaneously over an extended period of 3–4 years, the
greater the likelihood of self-employment, and the education-concomitance interaction
negatively influences that relationship. Model 6 looks at the effects when domain pairs
are experienced simultaneously over a period of 5–6 years, and shows no effect. When

16. Race and gender are also measured by the data set, but are excluded as controls because these variables do not
particularly distort the theoretical relationship between the dependent and key explanatory variables in any way
(see Spector & Brannick, 2011). Regardless, inclusion of these two variables do not qualitatively affect the results.
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Table 2

Logit Regressions Testing Hypotheses 1 and 2 (N = 13,057)

Model (1) (2) (3) (4) (5) (6) (7)

Age .0608 .0617 .0589 .0591 .0646 .0637 .0692

(.0761) (.0760) (.0761) (.0761) (.0764) (.0762) (.0764)

Age sq 2.000421 2.000429 2.000399 2.000401 2.000458 2.00045 2.000507

(.0008) (.0008) (.0008) (.0008) (.0008) (.0008) (.0008)

Education 2.644 2.965 2.986 2.984 2.744 21.016 2.77

(.5760) (.6530) (.6530) (.6530) (.6640) (.6540) (.6640)

Education sq .133 .213 .22 .219 .201 .233 .205

(.1450) (.1640) (.1650) (.1650) (.1650) (.1650) (.1660)

MBA .313 .313 .313 .317 .325 .328

(.2700) (.2700) (.2700) (.2700) (.2700) (.2700)

Log of salary1997 .419*** .408*** .396*** .397*** .409*** .441*** .453***

(.1450) (.1450) (.1450) (.1460) (.1470) (.1470) (.1490)

Job change1995 .144 .139 .132 .132 .134 .117 .12

(.0967) (.0968) (.0971) (.0971) (.0972) (.0974) (.0974)

Job change1997 .394*** .391*** .384*** .384*** .379*** .366*** .363***

(.0923) (.0923) (.0926) (.0926) (.0928) (.0931) (.0932)

Employer size1995 2.0000794** 2.0000786** 2.0000782** 2.0000782** 2.0000779** 2.0000838** 2.0000831**

(.0000) (.0000) (.0000) (.0000) (.0000) (.0000) (.0000)

Employer size1997 2.000204*** 2.000205*** 2.000204*** 2.000204*** 2.000206*** 2.000204*** 2.000205***

(.0000) (.0000) (.0000) (.0000) (.0000) (.0000) (.0000)

Spousal job concern .137 .133 .136 .136 .134 .138 .134

(.1330) (.1330) (.1330) (.1330) (.1330) (.1330) (.1330)

Self job concern 2.0903 2.0874 2.0843 2.0842 2.0823 2.0839 2.0798

(.1150) (.1160) (.1160) (.1160) (.1160) (.1160) (.1160)

TotalDomains .0302 .0113 .0358 .0159 .0419

(.0275) (.1300) (.1320) (.1300) (.1320)

TotalDomains sq .0014 2.000054 .0029 .000854

(.0094) (.0097) (.0094) (.0097)

Domain pairs twice, trained .0646** .0777**

(.0310) (.0327)

Pairs twice 3 Edu interaction 2.0401** 2.0444**

(.0166) (.0174)

Domain pairs thrice, trained 2.0364 2.0789

(.0503) (.0544)

Pairs thrice 3 Edu interaction 2.00394 .0176

(.0237) (.0250)

Constant 29.967*** 29.615*** 29.595*** 29.557*** 210.25*** 210.11*** 210.77***

(2.3860) (2.4070) (2.4070) (2.4200) (2.4460) (2.4370) (2.4650)

* p<.1, ** p<.05, *** p<.01



the PairsTwice and PairsThrice variables are all included in Model 7, it appears that expe-
riencing more domain pairs simultaneously over a period of 3–4 years still has a robust
positive effect on the likelihood of future self-employment. Both hypothesis 1 and
hypothesis 2 can be supported.

Table 3 refines the analysis, by re-running regressions for male versus female respond-
ents. Gender is introduced to account for any differences between male and female career
progressions (e.g., DeMartino & Barbato, 2003). The empirical results are startling. While
the hypotheses hold up for men, the hypotheses are not supported for women. This poten-
tially makes sense given the recent literature on the relative importance of emotion to
women entrepreneurs in the entrepreneurial entry decision (Armstrong, 2011). Another pair
of regressions was run separately for nonacademic versus academic respondents, given that
academic entrepreneurship emerges from very different conditions compared to nonaca-
demic entrepreneurship.17 Finally, separate regressions are run for incorporated self-
employed versus nonincorporated self-employed, given that informal entrepreneurship
(Williams & Nadin, 2010) ranging from babysitting to drug dealing simply does not require
combining the same levels of business knowledge as incorporated ventures, which typically
require formalized processes such as submitting business planning documents or annual
accounting statements to Chambers of Commerce. Hypotheses 1 and 2 are particularly sup-
ported in the context of entrepreneurship involving males, nonacademic, and/or incorporat-
ing entrepreneurs. Again, however, the effect of experiencing pairs together apparently
begins to diminish after roughly 4 years.

Table 4 illustrates the impact of the interaction effect on probabilities of self-
employment given different numbers of total domains, simultaneity, formal education,
and historical ability. As level of education increases, the effects of simultaneity first
relate positively to probability of self-employment and then negatively. Thus, the nega-
tive interaction effect actually overcomes the positive main effect of simultaneity of expe-
riences. This pattern holds for any given level of TotalDomains and over the entire range
of simultaneity. The data thus appear to suggest that further formal education should not
necessarily be the focus of small-business-oriented policy makers unless programs
encouraging sequential work experiences are subsequently implemented. In contrast, the
data suggest that those contemplating additional parallel work experiences should first
consider their level of analytical disposition, as reflected by their chosen level of formal
educational attainment. The upshot is that those interested in maximizing or fostering
future self-employment should first consider both their work activity profiles and their
(expected) level of formal educational attainment. The top half and bottom half of Table
4 also highlight the sizes of the effects of parallel work experiences, relative to differences
in historical ability. The rationale underlying the $65k salary in the top half is that this
amount is almost equivalent to the average salary represented in the sample.

Are individuals who acquire knowledge domains sequentially more likely than others
to become self-employed at a given moment if their analytical disposition is high enough?
This generally does not appear to be the case. For all of Table 4, the highest possible prob-
ability for master’s degree holders is still lower than the lowest likelihoods for bachelor’s
degree holders. Additional formal education seems to associate with a decrease in likeli-
hood of self-employment, across the board.

In addition to illustrating the effects of the interaction, I also calculate the marginal
effect of a variable on probabilities of self-employment. Instead of calculating the partial

17. Academic entrepreneurs were identified as those who declared themselves as types of instructors
(“tenured,” “tenure-track,” or “nontenure-track”) anytime between 1993 and 1999.
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Table 4

Predicted Probabilities of Entrepreneurial Entry in 1999 Illustrating the Inter-

action Effect Among TotalDomains, Simultaneity, and Education, by 1997s

Salary (Using Model 5)

SALARY 1997 5 $65,000

TotalDomains54 TotalDomains56

Education Education

1 2 3 1 2 3

1 2.31% 1.46% .93% 3 2.59% 1.52% .89%

2 2.36% 1.44% .88% 6 2.79% 1.46% .76%

Pairs twice 3 2.42% 1.42% .83% Pairs twice 9 2.99% 1.39% .64%

4 2.48% 1.40% .79% 12 3.22% 1.33% .54%

5 2.54% 1.38% .74% 15 3.46% 1.27% .46%

6 2.60% 1.36% .71%

TotalDomains58 TotalDomains510

Education Education

1 2 3 1 2 3

7 3.05% 1.54% .77% 15 3.94% 1.46% .53%

11 3.36% 1.45% .62% 20 4.44% 1.35% .40%

Pairs twice 15 3.69% 1.36% .49% Pairs twice 25 5.00% 1.25% .31%

19 4.06% 1.28% .40% 30 5.62% 1.16% .23%

23 4.47% 1.21% .32% 35 6.31% 1.08% .18%

27 4.91% 1.14% .26% 40 7.08% 1.00% .13%

45 7.94% .93% .10%

SALARY 1997 5 $150,000

TotalDomains54 TotalDomains56

Education Education

1 2 3 1 2 3

1 3.24% 2.07% 1.31% 3 3.64% 2.15% 1.26%

2 3.32% 2.04% 1.24% 6 3.91% 2.06% 1.07%

Pairs twice 3 3.40% 2.01% 1.18% Pairs twice 9 4.20% 1.97% .91%

4 3.49% 1.98% 1.11% 12 4.51% 1.88% .77%

5 3.57% 1.95% 1.06% 15 4.84% 1.80% .65%

6 3.66% 1.92% 1.00%

TotalDomains58 TotalDomains510

Education Education

1 2 3 1 2 3

7 4.28% 2.17% 1.09% 15 5.51% 2.06% .75%

11 4.71% 2.04% .87% 20 6.19% 1.91% .57%

Pairs twice 15 5.17% 1.92% .70% Pairs twice 25 6.95% 1.77% .43%

19 5.68% 1.81% .56% 30 7.80% 1.64% .33%

23 6.23% 1.71% .45% 35 8.73% 1.53% .25%

27 6.83% 1.61% .36% 40 9.77% 1.42% .19%

45 10.91% 1.31% .14%

Note that the probability of self-employment increases with simultaneity of experience for those with solely bachelor’s
degrees, but that the probability decreases for those who complete the master’s or PhD. Besides the total number of
domains, simultaneity, education, and the interaction, all other variables used in Model 5 are held at their population
means (aside from the obvious adjustments to the squared terms and the interaction variable).
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change in y* as a result of changes in x, I calculate the more intuitive discrete change in
Pr(y51 | x). More specifically, I focus on the centered discrete change suggested by Kauf-
man (1996). Following Hoetker (2007) and Long (1997), I choose to compute the discrete
changes based on averaging over all observations:

DPrðy51jxÞ
Dxk

5
1

N

XN

i

Pr yi51jx; xk1
1

2

� �
2Pr yi51jx; xk2

1

2

� �� �
(1)

Based on equation 1, the discrete change was found in the two statistically significant
experience-oriented independent variables listed in Model 14. Thus, for example, an addi-
tional pair experienced sequentially (in parallel) over the long term leads to a .16%
increase (decrease) in self-employment likelihood for master’s graduates and a .32%
increase (decrease) for PhD graduates. Furthermore, averaged across the population, an
increase in the product of concomitance and education of 5 units would yield a .40%
decrease in future self-employment likelihood.

Yet the marginal effect of a change in both interacted variables (education and con-
comitance) is not necessarily merely equal to the marginal effect of changing just the
interaction term. In fact even in the absence of an explicit interaction variable, the effect
of a variable on the probability of the latent dependent variable is dependent on the values
of the other independent variables. In response, I calculated the marginal effects of a
change in both interacted variables, which corrects for the effect not captured in the inter-
action term (see Norton, Wang, & Ai, 2004). Analysis (available on request) shows that
the correction has no meaningful effect.18

Discussion

Theory and empirical results from this study can be positioned within the literature in
a couple of major ways. First, as noted by Sorenson and Fassiotto (2011, p. 1322) the liter-
ature has focused on (1) turnover events from the perspective of the organization, without
looking at why some people leave to become entrepreneurs and others leave for other
jobs; and (2) the dispositional or biographical features of those most likely to launch new
ventures. Instead of neglecting potentially interactive effects between organizations and
those who leave those organizations, the current article argues that the nature of past
experiences (sequential vs. parallel) has a direct effect on likelihood of entrepreneurial
entry, and that the depth of formal education—reflecting analytical tendency (e.g.,
Giancarlo & Facione, 2001)—has a moderating effect. Individuals who experience
domains sequentially benefit relatively more from an analytical disposition. Traits and

18. To test whether the rational expectations model fit my data, and to examine entrepreneurial perform-
ance, following Hamilton (2000) I regressed all year-1999 entrepreneurs’ salaries on education, the
squared education term, marriage status, and race, and then added my domain-related variables. Interest-
ingly, while the pairsthrice variables do not affect entry, they appear to have an effect on entrepreneurial
performance. The more pairs are experienced in parallel over a span of 51 years, the higher the subse-
quent entrepreneurial performance. Analytical disposition furthermore has the expected interaction effect
when accounting for entrepreneurial salary instead of entrepreneurial entry likelihood. However, ulti-
mately it is difficult to confirm these finding, insofar that the SESTAT data do not account for whether the
entrepreneurs are treating profits as salary or as retained earnings. Moreover, empirical research continues
to investigate whether an entrepreneurship career is chosen for nonpecuniary reasons (Benz, 2009; Hamil-
ton, 2000).
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training interact in a way that may help to reconcile puzzling anecdotes, such as why
some college dropouts or dyslexics enter the self-employment sector and succeed so well
at entrepreneurship while others with a doctorate fail or avoid entering the self-
employment sector altogether (e.g., Sze, 2002).

Second, this study suggests that if managers want to groom subordinates into manage-
ment while not risking their departure into entrepreneurship, it is safer to offer them expe-
riences in varieties of domains sequentially, and not in parallel. Studies find that job
rotation is valuable for employees in increasing value and motivation within the company
(e.g., Campion, Cheraskin, & Stevens, 1994), perhaps via the increase in task variety.
While job rotation may indeed lead to job satisfaction, the risk remains that workers like
Beasley will still leave to become entrepreneurially self-employed.

Aside from managerial policy, educational institutions and policy makers can also
glean some lessons learned from this study’s findings. Educational institutions looking to
develop successful entrepreneurship students should consider running freshmen students
through a battery of cognitive tests and directing them through two types of entrepreneur-
ship curriculum tracks, just as master’s programs have thesis versus coursework-only
tracks. Finally, apprenticeships have been a big focus recently by policy makers. Policy
should look into focusing on offering apprenticeships to those who prefer using intuition
over analytical reasoning.

Third, the study helps to reconcile debate on whether business schools should con-
tinue engaging students in experiential learning as a part of entrepreneurship education
curricula (Souitaris, Zerbinati, & Al-Laham, 2007). Perhaps entrepreneurial skills cannot
be taught in textbooks or the classroom and instead a transdisciplinary training model
should be adopted (Klein, 2004). Some scholars emphasize that major components of
entrepreneurial ability can be taught or stimulated in the classroom (Bechard & Toulouse,
1998), even to the extent that students would be successful in predicting the consequences
of their own decisions (Fiet, 2001). Empirical results presented in this article suggest that
sequential training of business function skills can be effective, more so for those with
higher analytical disposition.

At a broader level, this research addresses, to varying degrees, the crossroads of three
similar yet independent conversations in the literature: project-based learning in learning
theory, interdisciplinarity in education, and apprenticeship in occupational training.
Project-based learning was described earlier in the theory development section. Interdis-
ciplinarity is defined as the combination of multiple domains or disciplines into one activ-
ity, with multidisciplinarity and transdisciplinarity at the ends. Unlike research on PBL,
virtually all empirical interdisciplinarity research has avoided comparing the outcomes of
different kinds of interdisciplinary treatments (Spelt, Biemans, Tobi, Luning, & Mulder,
2009). Apprenticeship, in contrast to didactic learning, embeds the learning of complex
skills and knowledge within activities in the social and functional context of their use. If a
problem at work involves combining knowledge from multiple domains, apprenticeship-
driven learning can be applied in future related contexts (Collins, Brown, & Newman,
1989).

Of course, this study has its limitations. First, the data used here to test the hypotheses
are useful at a macro level while compromising analysis at more micro levels. What natu-
rally leads to entrepreneurial self-employment is likely a process spanning multiple years,
where prior knowledge evolves over many years in terms of both content and structure
(aside from entrepreneurship by necessity) (Harvey & Evans, 1995). Unfortunately, it is
logistically difficult (and perhaps vocationally unacceptable to employers) to follow hun-
dreds or dozens of employees and ask them precisely what work activities they covered,
every day for multiple years. Instead I offer an analysis at the level of the week, i.e.,
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asking thousands of respondents what activities took up “significant amounts of their time
in a given workweek.” That said, while there is one remote possibility that employees are
always splitting part of their workweek (say, Monday and Tuesday) to work on activity
A, and devoting the other part of their workweek (say, Wednesday through Friday) to
work on activity B, the level of concomitance of that experience is still greater than if an
employee reports working on activity A during a week, and then working on activity B
during another week a full 2 years later. Second, in this article entire career progressions
are unavailable, and only 8 years’ worth is captured by the data. To capture the amount of
knowledge acquired beyond the 8-year period covered in the data, age is used as a vari-
able. Barring the collection of data on knowledge acquired since grade school, this meth-
odological shortcoming is arguably irremediable. Third, some of the seemingly high
probabilities of self-employment may relate to the nature of the data, which only exam-
ines scientists and engineers. The coefficients and marginal effects of the variables might
be different if nonscientists and nonengineers were included. Fourth, as stated earlier, this
study does not include data that allows distinguishing between analytical disposition
derived via genetics from that derived from sunk cost in educational attainment. Fifth,
although recent work has investigated the effects of social contagion on entrepreneurial
entry (Kacperczyk, 2013; see also Dobrev & Barnett, 2005), my data is silent about the
existence, identity, or background of peers (i.e., co-workers or classmates). Future work
although likely smaller in sample should take a look at the effects of experience heteroge-
neity and experiential ordering together with local social networks and the career progres-
sions of those members.

Finally, there is limited to no information about type and size of businesses, type of
occupation, and economic sector. Type of business is very vague, only distinguishing
among industry sectors. Size of firm is vague (grouping all firms with less than 10
employees as a single category) and does not distinguish between singleton entrepreneurs
and entrepreneur–employers. Type of occupation is not mentioned and economic sector
only distinguishes among educational institutions, government institution, business/
industry.

To investigate Lazear’s theory, this article focused on investigating experiential order
in business domains at work, instead of training involving technological knowledge
domain, hobbies, or other extracurricular interests. Future research should consider exam-
ining the effects of experiencing technological domains sequentially versus experiencing
them in parallel, perhaps from a creativity perspective (Ward, 2004). Certainly, human
capital plays an important role in the complex process of technological or cultural venture
creation, at both the individual and team levels (Shane, 2000). Just as long-term buildup
of business-oriented knowledge has been shown here to affect self-employment likeli-
hood, luck aside, opportunities typically emerge through the continuous shaping, devel-
opment, or speciation of cultural hobbies, ideas, or technologies that are acted on
(Garnsey, Lorenzoni, & Ferriani, 2008). However, my data set does not cover these. Fur-
thermore, whereas business-oriented domains likely connect to one another to similar
degrees, some technological knowledge domains combine dramatically more readily than
others. For example the textile industry is likely to be combined more readily with the fur-
niture industry than with the food condiment industry. Measures of distance between
knowledge domains or measures of the rarity of finding any two knowledge domains
within the same individual would be helpful. Similarly, I examined parallel work experi-
ence versus sequential work experience in business functions particularly because most if
not all businesses need these functional skills to some extent, across all technological
domains. It is arguably more difficult to draw conclusions if examining the effects of
sequential versus parallel training within particular industry contexts. After all, perhaps
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some fields with better-defined concepts are better to experience sequentially, versus
other fields which are best experienced in parallel (see Summers, Williamson, & Read,
2004).

Conclusion

This article seeked to examine why some but not others choose to become self-
employed entrepreneurs. Specifically, it examines the interaction between business
knowledge and cognitive disposition. Extending Lazear’s work, the empirical results
indicate that different modes by which a broad collection of business-related knowledge
domains are acquired have differential effects on the likelihood of self-employment, par-
ticularly for self-employed entrepreneurship involving male, nonacademic, and/or incor-
porating entrepreneurs. In these contexts, experiencing domains in parallel increases the
likelihood that connections are made between knowledge structures, choices, and deci-
sions across multiple domains brought to bear in future periods to help in creating value,
and interaction between experiential order and one’s analytical disposition precedes entry
(or re-entry) into self-employment. Specifically, increases in analytical disposition nega-
tively influence the positive effect of additional simultaneity of experience, in determin-
ing self-employment. In other words, my results modify the standard jack-of-all-trades
theory. Learning a large number of skills may not be so important. What’s instead impor-
tant is experiencing (or “learning”) multiple skills together, or at least learning them in a
way that complements one’s (acquired) taste for processing information (i.e., analytical
disposition).
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