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ARTICLE INFO ABSTRACT

Keywords: Scholars have long called for moving beyond a narrow focus on average performance toward a
Star performers more direct investigation of the variance in performance. While a few studies have evaluated star
Star entrepreneurs entrepreneurs, most empirical research continues to focus on average performers. This lacuna has
Performance distributions and outliers constrained not only the development of theories but also the accumulation of data on the dis-
Skewness

tribution of performance. In response, this study uses simulations and heuristics to extract
distributional information from descriptive statistics commonly reported in published research (i.
e., mean, standard deviation, and sample size). Applying this approach to studies recently pub-
lished in high-impact entrepreneurship journals shows that (a) the suggested methodology can
provide rough estimates of the skew and shape of performance distributions, and (b) right-
skewed, heavy-tailed distributions featuring star performers are ubiquitous in entrepreneurship,
thus reinforcing calls for more direct studies of performance distributions in entrepreneurship.

Simulations and heuristics

1. Introduction

Management research has increasingly recognized an important pattern across organizational settings — a majority of poor and
modest performers and a few star performers (Aguinis and O’Boyle Jr, 2014; Bradley and Aguinis, 2023; Joo et al., 2017). In response,
scholars have called for explicitly investigating these ‘outliers’ to enrich the theoretical understanding of the antecedents, mechanisms,
and boundary conditions of star performance in organizational contexts (Gibbert et al., 2021; Hymer and Smith, 2024). However,
empirical studies of this important phenomenon remain rare despite calls for the comprehensive examination and reporting of per-
formance variance (Aguinis et al., 2013; Maula and Stam, 2020). Thus, management research faces the substantial risks that arise from
adopting a Gaussian perspective focused on central tendencies and ignoring right-skewed, heavy-tailed distributions of performance
(Andriani and McKelvey, 2009; McKelvey and Andriani, 2005).

Entrepreneurship research, too, tends to focus on average performance and largely avoids a fine-grained investigation of the
observed spectrum of performance (Crawford et al., 2014, 2015; Dean et al., 2007). This myopic tendency persists despite decades of
research and an accumulated body of literature with thousands of peer-reviewed publications seeking to understand the drivers of
entrepreneurial performance (Landstrom et al., 2012). Indeed, studies capturing the tails of performance distributions are especially
critical in entrepreneurial contexts because star entrepreneurs and ventures often contribute the majority of socio-economic value
(Clark et al., 2023; Crawford et al., 2024a; Gala et al., 2024).

Pioneering studies of star performance in entrepreneurship used publicly available datasets that report performance for partici-
pants, such as the Kauffman Firm Survey and the Panel Study of Entrepreneurial Dynamics (e.g., Crawford, 2013; Crawford et al.,
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2015). However, replicating and extending their findings to a broader array of entrepreneurial contexts has been challenged by (a) the
lack of reporting of distributional characteristics and (b) the lack of sharing of raw data in published studies (Crawford et al., 2022).
Therefore, this study investigates the following question: What can we infer about the skewness and shapes of performance distributions
from empirical studies published in high-impact entrepreneurship journals?

Notably, strategic management research often involves publicly listed firms, with many papers focused on US-based firms that
constitute market indices such as the S&P 500 (Richard et al., 2009). This commonality enabled Certo et al. (2024) to use public data to
investigate the tails of performance distributions for public firms. They reported estimates of variance (i.e., skewness and kurtosis) for
measures such as net income and stock returns and evidence of right-skewed, heavy-tailed distributions. In contrast to strategic
management research, investigations into entrepreneurial performance primarily focus on private firms, which are not required to
report performance data publicly. Indeed, most empirical studies of entrepreneurship use proprietary data, do not share such data, and
rarely report skewness of performance. To address this gap, we explore the possibility of ‘reverse engineering’ the skewness and shapes of
distributions using commonly reported descriptive statistics.

2. Empirical studies of entrepreneurial performance (2021-2023)

To explore the feasibility of ‘reverse engineering’ skewness and distribution shapes, we identified recently published papers in three
high-impact entrepreneurship journals: Entrepreneurship Theory and Practice (ETP), Journal of Business Venturing (JBV), and
Strategic Entrepreneurship Journal (SEJ). We focused on the 2021-2023 period to capture (a) recently reported performance data and
(b) current practices of measuring and reporting entrepreneurial performance. This focus also enabled us to examine the extent to
which researchers have heeded editorial calls to move beyond a simplistic focus on averages by explicitly investigating the distribution
of performance. We started with an initial pool of all papers published during 2021-2023 in the above three journals, as shown in
Table Al.1.

Notably, the distributional perspective we adopt and promote in this study relies upon the outcome of interest being measured on a
continuous scale. Thus, performance distributions are more relevant for quantitative measures, such as revenue, but less so for (a)
binary measures, such as whether a business survived or not, or (b) categorical measures, such as whether the performance was ‘poor,’
‘good,’ or ‘excellent.’

2.1. Continuous and positive measures of performance

We identified 123 studies that reported descriptive statistics for continuous measures of performance (see Table A1.2). We included
revenue, revenue growth, profitability, number of employees, and assets as measures of venture performance (Delmar, 2019; Murphy
et al., 1996). Given the nascency of ventures typically studied in entrepreneurial research, we also included funds raised from angel
investors, venture capital firms, and crowdfunding platforms as alternative performance measures.

However, we excluded crowdfunding goals and intentions because they did not reflect actual or realized performance. We further
excluded distant performance measures such as personal wealth, new product introductions, and patent counts. We also excluded
studies reporting the performance of angel and venture capital investors and the performance of sports teams, artists, and chess players
to remain consistent with this study’s focus on venture performance. Of the 123 studies that reported venture performance, 109 re-
ported continuous measures of performance. Thus, fourteen studies were excluded because they reported either binary measures (e.g.,
firm survival) or ordinal measures (e.g., managerial perceptions of firm performance measured using Likert scales).

For conceptual and analytical simplicity, we focus on continuous performance measures that only take on positive values. For
example, we include revenue and number of employees but exclude revenue growth and employee growth because the latter can be
both positive and negative. Thus, of the 109 studies shortlisted above, we exclude six studies that report only growth outcomes.
Another ten studies are excluded because they do not report the mean, standard deviation (SD), or both; we need these as inputs for our
heuristic- and simulation-based analyses. Thus, the final set consists of 93 studies, listed in Appendix 1. Because some of these studies
report multiple performance measures, the final sample consists of 122 reported measures of performance. These studies encompass a
wide variety of entrepreneurial actors (e.g., digital platform entrepreneurs, family businesses, and venture-funded startups), industries
(e.g., health sciences, high-tech, and manufacturing), and geographic regions (e.g., Asia, Europe, and North America).

Some of the studies in the sample also report the minimum value (41%), the maximum value (40%), and the median value (14%).
Moreover, 66% of studies transform the performance variable, with all but one of these studies using log transformations. Only a third
of these studies justify transforming the performance measure, with the most common rationale being that the untransformed per-
formance data was “highly” or “strongly” skewed. Only 5% of the studies in the sample report how they handled outliers. Notably, only
one paper out of 93 — Hunt et al. (2022) - reports the value of skewness. For the two continuous measures in their study, they report
skewness values of 4.01 and 8.66, indicating severe non-normality based on a commonly used threshold of skewness greater than 2.0
(Blanca et al., 2013; Micceri, 1989; West et al., 1995).

2.2. Coefficient of variation

Given the mean and standard deviation of performance, we can compute the actual values for the coefficient of variation (CoV), a
standardized measure of inequality for continuous measures (Allison, 1978). For the 122 performance measures across the 93 studies,
the CoV varies from 0.1 to 11.6, as shown in Fig. 1. More than half of these values exceed 1.0, indicating relatively high variance
(Allison, 1980). This high volatility around the reported mean makes the latter less informative as an estimate of performance. This
high volatility could be symmetric around the mean (Kokko et al., 1999); a lack of such symmetry, however, would imply relatively
high levels of skewness (Doane and Seward, 2011).
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Fig. 1. Distribution of Coefficient of Variation based on reported mean and standard deviation.
Note: Bars in darker shade indicate CoV >1.25 (i.e., relatively high variance around the mean).
(122 measures from 93 papers published in JBV, ETP, and SEJ during 2021-2023).

2.3. Preliminary findings

Our analysis of this sample of studies reveals two critical issues. First, we observe the absence of descriptive information about the
distribution of performance, including the omission of skewness an absence of explicit investigations of distributional shapes. Second,
we note a lacuna in sharing raw data via online supplements or open-source data repositories (Grégoire et al., 2024). Had the un-
derlying performance data been publicly available for the papers in the sample, we could have computed skewness for each reported
measure. Moreover, we could have used distribution pitting techniques such as those employed by Crawford et al. (2024a), Joo et al.
(2017), and Gala et al. (2024) to identify the best fitting distribution shapes (e.g., lognormal, power law).

3. Inferring the skewness of performance using simulations

Given the absence of reported values of skewness of performance or sharing of raw data, this study explores whether simulations
can help estimate skewness using commonly reported descriptive statistics, specifically mean, standard deviation, and sample size.

3.1. Simulation approach

To estimate skewness, we first need to identify the family of distributions that best ‘fits’ the observed data. However, none of the
studies in the sample explicitly identifies the shape of performance distributions. Therefore, consistent with prior research on star
performers in the organizational literature, we consider four unimodal families of distributions: normal (i.e., Gaussian), exponential (i.
e., gamma family), lognormal, and power law (i.e., Pareto family). These distribution families “likely explain the majority of natural
phenomena” (Joo et al., 2017, p. 1025) and have been found to adequately characterize many distributions of performance in orga-
nizational contexts (Bradley and Aguinis, 2023; Crawford et al., 2024a). Notably, the exponential distribution involves the sum of two
or more distributions, while the lognormal distribution involves a multiplicative combination of two or more distributions (Kleiber and
Kotz, 2003; Limpert et al., 2001). Fig. 2 illustrates these four families.

For each reported performance measure, we generated random numbers from four distributions, one for each unimodal family of
distributions, as shown in Fig. 3. We ensured that the simulated datasets had the same sample size and approximately the same mean
and standard deviation as reported in the corresponding paper. We repeated this process for each distribution family fifty times to
generate fifty performance distributions. We then computed an estimate of skewness as the average of the respective skewness values
across the fifty distributions generated for that family. Thus, for each performance measure, we generated four averaged estimates of
skewness, one for each distribution family.

3.2. Validation of the simulation approach

Before applying this simulation approach to the 93 entrepreneurship studies in the sample, we tested the accuracy of simulation-
based estimates of skewness using statistical data published in studies that explicitly investigated performance distributions, specif-
ically Aguinis et al. (2016) and Crawford et al. (2015). These studies include numerous continuous and positive measures of performance
with a wealth of statistics such as minimum, median, maximum, and skewness, a practice largely absent in entrepreneurship research.
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Fig. 2. Depiction of Generic distributions.
Note: This figure use different scales for both axes.

Of the four chosen distribution families, lognormal distributions provide relatively more accurate (average error of 14%), whereas
gamma distributions provide relatively more conservative (average error of —33%) estimates of skewness for the performance measures
reported by Aguinis et al. (2016). Similarly, for the performance measures reported by Crawford et al. (2015), lognormal distributions
provide relatively more accurate (average error of 26%), whereas gamma distributions provide relatively more conservative estimates of
skewness (average error of —28%).

Importantly, our simulations failed to generate random numbers fitting normal distributions in 71%-94% of the cases, despite
10,000 attempts in each iteration. This finding reflects the severe non-normality of performance in most entrepreneurial contexts.
Moreover, the Pareto distribution provided the least accurate estimates. In theory, Pareto distributions such as the pure power law
have infinite mean and, depending on the shape parameter, potentially infinite variance (Clauset et al., 2009; Stumpf and Porter,
2012). In the context of entrepreneurship, Pareto distributions may be less likely candidates than the lognormal or gamma distri-
butions due to constraints on venture performance imposed by factors such as specialization, market size, dis-economies of scale,
limited resources, and governmental regulation (Canback et al., 2006; Fan et al., 2021).

In contrast to our findings, Crawford et al. (2024) found that pure power laws best characterized the distribution of performance —
when measured as the number of employees — for US-based nascent ventures in Waves 4 and 5 of the Panel Study of Entrepreneurial
Dynamics (PSED 1II). Their findings, however, indicate increasing inequality in venture performance over time, manifesting as a shift
from power law with exponential cutoff distributions to pure power law distributions over time. In line with our findings, Gala et al.
(2024) find support for lognormal distributions as a suitable fit for distributions of entrepreneurial performance on a digital platform;
similar findings for lognormal distributions were also reported by Crawford et al. (2024).
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Appendix 2 reports detailed findings related to the accuracy of skewness estimated using simulations. In sum, these results suggest
that skewness can be estimated — albeit only to a rough approximation — by ‘reverse engineering’ the commonly reported descriptive
statistics (i.e., mean, standard deviation, and sample size) for continuous and positive measures of performance.

3.3. Simulation-based estimation of skewness

The preceding validation of the simulation approach identified the gamma distribution as the most suitable for generating rela-
tively conservative estimates of skewness with accuracy approaching that of the lognormal distribution. Therefore, we used this dis-
tribution to estimate skewness for continuous and positive performance measures reported in the 93 empirical studies in the sample.
Fig. 4 illustrates the range of skewness values generated using simulations. The majority of estimates of skewness (87%) are greater
than 2.0, indicating high variance (Micceri, 1989; West et al., 1995). To the extent that these estimates reflect the actual skewness of
performance, they highlight the presence and prevalence of star entrepreneurs.

These simulation-based estimates of skewness are subject to a crucial limitation. An infinite number of distributions can theo-
retically have the same mean and standard deviation given a specific sample size. Anscombe’s (1973) quartet is a compelling illus-
tration of this statistical reality. For example, Fig. 5 shows four datasets with different scatterplots yet the same sample size and nearly
identical descriptive statistics (i.e., mean and standard deviation).

Even though studies have shown exponential (i.e., gamma-family) distributions as a better fit than normal distributions for some
performance outcomes (Crawford et al., 2024a; Gala et al., 2024), the assumption of the gamma distribution for all performance
measures in this study may limit the overall accuracy of the simulation results. Nevertheless, in the absence of entrepreneurship studies
explicitly reporting the skewness of performance, simulation-based estimates can serve as rough approximations, while the limitations
of simulation-based methodologies will reinforce calls for studies to explicitly report distributional information (Crawford et al., 202.2;
Clark et al., 2023).
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Fig. 5. Anscombe’s quartet.
Note: All four datasets above have nearly identical means (9, 7.5) and variance (11, 4.125) for the two variables (x, y).
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4. Inferring the shapes of performance distributions

In a second step, we move beyond estimating skewness and introduce a methodology developed by statisticians and used in other
fields (e.g., econophysics) to infer distributional shapes using skewness, mean, and standard deviation. Specifically, we use a heuristic
tool called the moment-ratio (MR) plot, which plots the skewness of a variable on the Y-axis and the corresponding Coefficient of
Variation (CoV) on the X-axis (Cirillo, 2013; Vargo et al., 2010; Vogel and Fennessey, 1993). The reference chart is split into zones,
each associated with a specific family of distributions, as illustrated in Cirillo (2013, p. 5954, Fig. 5). If the observed performance falls
in the Paretian zone, its distribution likely belongs to the Pareto family (Cirillo, 2013). Thus, the moment-ratio plot serves as a simple
yet useful heuristic to identify the distributional shape that ‘best’ represents the observed performance in a particular dataset’. Ap-
pendix 3 provides further details on how these moment-ratio plots are created.

4.1. Validation of the moment-ratio plot

To assess the accuracy of MR plots in identifying the most likely distribution shape, we applied this heuristic to the performance
measures reported by Aguinis et al. (2016). The shapes inferred from the MR plots were compared to those reported by Joo et al.
(2017), who applied a distribution-pitting methodology to these same datasets. Distribution pitting seeks to identify which one of
several distribution shapes best fits a given dataset. For example, Joo et al. (2017) developed a methodology that considers seven
shapes (i.e., normal, Poisson, Weibull, exponential, lognormal, power law, and power law with exponential cutoff).

Findings indicate that MR plots are reasonably accurate in identifying the exponential (i.e., gamma family) and lognormal dis-
tributions as the ‘best fits’ for the measures reported by Aguinis et al. (2016). Similarly, MR plots are reasonably accurate in identifying
the power law with exponential cutoff (i.e., gamma family) and lognormal distributions as the ‘best fits’ for 24 outcome variables
reported in Crawford et al. (2015; 2024a). See Appendix 3 for further details on these validation results.

4.2. Application of the moment-ratio plot

To illustrate the value of moment-ratio plots, we created one for each of the three continuous performance measures reported by
Hunt et al. (2022), the only paper in our set of 93 studies that reports skewness. To demonstrate generalizability, we searched for
additional studies that (a) reported mean, SD, and skewness for performance and (b) were published during the 2000-2020 period in
the same three journals (see Table A3.2 in Appendix 3 for details). Fig. 6 shows the shapes inferred using reported values of skewness,
mean, and SD of performance. For the Hunt et al. (2022) study, one measure (i.e., number of businesses failed) falls in the exponential
zone while the other two (i.e., jobs created and number of businesses founded or acquired) fall in the lognormal zone.

Thus, MR plots enable the identification of likely distribution shapes when only three descriptive statistics (i.e., mean, standard
deviation, and skewness) are available. This evaluation of performance variability goes beyond the normal versus power-law di-
chotomy that dominated early research. Instead, the MR plot allows a more nuanced view of performance distributions and, conse-
quently, opportunities to capture the multifaceted nature of entrepreneurship (Kuckertz et al., 2023).

Such fine-grained analyses are valuable for three reasons. First, research has highlighted the limitations of methods based on p-
values in differentiating between different types of heavy-tailed distributions (Broido and Clauset, 2019; Mitzenmacher, 2004; Nair
et al., 2022). Second, pure power law distributions have infinite means and often infinite variances, which limits their ability to
accurately describe entrepreneurial performance, which typically faces many substantial constraints (Crawford et al., 2024a; Stumpf
and Porter, 2012). Third, identifying specific distribution shapes — possibly using distribution pitting methods like those developed by
Joo et al. (2017) - is an important step toward identifying potential mechanisms that engender star performers in entrepreneurship.
Notably, only a single study in the sample reported skewness of performance. Thus, we reiterate calls for empirical studies to report, at
the minimum, the skewness of performance outcomes to provide insights into the asymmetry of distributions and enable the use of MR
plots for inferring the likely shape of such distributions.

5. Discussion

Entrepreneurship research has increasingly identified the substantial variance in performance and the disproportionate influence of
star entrepreneurs (Crawford et al., 2024a; Gala et al., 2024). While scholars have begun to explore the antecedents and implications of
non-normal distributions of entrepreneurial performance (Booyavi and Crawford, 2023; Crawford et al., 2024b; Khurana et al., 2023),
most studies of venture performance fail to evaluate and report performance distributions. Extending the analyses of published
empirical studies to reveal the impact of star performers is inhibited by studies failing to publish their underlying datasets and the
performance data for private firms being confidential (Crawford et al., 2022).

Notably, Crawford et al. (2024a) provide a comprehensive list of methodologies used by extant empirical research to determine
distribution shapes. These methods include simple goodness-of-fit statistics (e.g., chi-square), distribution pitting, and maximum
likelihood estimation (Crawford et al., 2024; Table 1, p. 5). All such methods, however, require access to the raw data, which severely
limits their applicability, given the current state of reporting practices in entrepreneurship research. In contrast, the moment-ratio
plots and simulations introduced in this paper require only standard descriptive statistics for the variables of interest to estimate

! Given that we selected the gamma distribution to arrive at simulation-based estimates of skewness for the studies in our sample, it would be tautological to use
these estimates in a moment-ratio plot to infer distributional shapes. Therefore, validation of the MR plots focuses on studies which reported not only mean and
standard deviation but also skewness.

2 ‘R’ code for the simulation methodology is available upon request.
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distributional features of interest. Thus, the methods introduced in this paper help extract additional valuable insights into perfor-
mance distributions using only three commonly reported descriptive statistics (i.e., mean, standard deviation, and sample size).

5.1. Implications and contributions

This study draws scholarly attention to the substantial variance in entrepreneurial performance by re-analyzing the descriptive
statistics reported in studies published in high-impact journals through the lens of skewness and distributional shapes. Evidence for
non-normal distribution of performance outcomes has been reported for over a decade in management research, with pioneering
empirical studies by Aguinis and O’Boyle Jr, 2014 and Crawford et al. (2014, 2015). However, current empirical research in entre-
preneurship rarely adopts a distributional perspective and instead continues to focus on average performance. Therefore, this study
seeks to reinvigorate the discussion on performance distributions and outliers — it does so by extracting additional evidence of star
performance from a broad range of average-focused studies.

Our findings of heavily right-skewed and non-normal distributions reinforce calls for an explicit investigation of performance
distributions and outliers (Crawford et al., 2022; Clark et al., 2023; Gala et al., 2024). The consistency of (a) high skewness and high
CoV values and (b) exponential and lognormal-like distributions when describing entrepreneurial performance highlights the strong
influence of star performers on cumulative outcomes.

Furthermore, this study underscores the need for (a) future empirical studies to report statistics such as median, maximum,
skewness, and kurtosis for more fine-grained insights into performance and (b) journals to demand such information (Maula and Stam,
2020; Wennberg and Anderson, 2020). By adopting such simple practices, scholars and editors can contribute to research on star
entrepreneurs. Of even greater value would be efforts to include plots of performance distributions in published papers (Schwab, 2018)
and to disclose raw performance data while addressing confidentiality issues (Quigley et al., 2023). Finally, this study highlights the
opportunity to enrich entrepreneurship research by adopting methodological techniques from other disciplines, such as econophysics,
hydrology, and quality technology, that regularly examine extreme outcomes (Cirillo, 2013; Vargo et al., 2010; Vogel and Fennessey,
1993).

5.2. Limitations and future research

Inferring the skewness and shapes of distributions using only a few descriptive statistics engenders some limitations. For example,
the choice of four unimodal families of distributions may introduce inaccuracies — other families or a combination of two or more
families may enhance the accuracy of the simulation methodology. Similarly, the choice of the gamma distribution to generate
conservative estimates of skewness may severely underestimate the skewness of performance outcomes for some data sets. Thus,
inferences about the prevalence of star performance may indicate lower-than-actual variance and extremity in the distribution of
performance.

Accordingly, we encourage future studies to explore the simulation accuracy for newly introduced families of distributions, such as
the exponentiated exponential and the double Pareto-lognormal, which may be better suited for specific entrepreneurial contexts
(Gupta and Kundu, 2001; Reed and Jorgensen, 2004). Future research may also expand the scope to entrepreneurship studies pub-
lished in journals such as the Academy of Management Journal, Journal of Applied Psychology, Journal of Management, and Strategic
Management Journal to identify studies that not only report skewness and other distributional information and thus, further validate
heuristic- and simulation-based approaches. Additionally, scholars may employ the heuristics and simulations introduced in this study
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for thought experiments that may lead to novel conceptual insights into and hypotheses about substantial variance in venture per-
formance (Breig et al., 2018; Davis et al., 2007; Lu and Dimov, 2023).

This study examined only output variables, even though significant skewness has also been reported for input variables (e.g.,
number of owners, human capital, and social capital) in entrepreneurial contexts. Crawford et al. (2015), for example, report CoV
values ranging from 0.5 to 81.6 and skewness values ranging from 1 to 29 for input variables. Such substantial variance and skew in
inputs in representative samples of entrepreneurship calls for simulation-based investigations to examine the prevalence of skewness in
various antecedents previously reported in entrepreneurship studies. Future research may also investigate whether and how
non-normal distributions in antecedents transmute into non-normal distributions in outcomes (Shim, 2016).

Finally, this study’s findings are limited in their ability to help infer the underlying generative mechanisms of right-skewed, heavy-
tailed performance distributions. For example, Andriani and McKelvey (2009, Table 2, p. 1058) posit 15 mechanisms that often
engender power law distributions. Thus, identifying the power law as the ‘best fitting’ shape using a distribution-pitting method does
not necessarily translate into identifying a specific generative mechanism (Joo et al., 2017).

To establish clearer links between generative mechanisms and distribution shapes, future studies may leverage computational
methods, such as agent-based modeling or system dynamics, that account for the influence of critical thresholds, feedback loops, initial
conditions, and non-linear change on star performance (Bort et al., 2024; Crawford, 2009; Kearney and Lichtenstein, 2023; Lich-
tenstein, 2018). Such studies can draw upon the power law perspective conceived by organizational researchers (Andriani and
McKelvey, 2009) and further developed by entrepreneurship scholars (Crawford, 2013; Crawford et al., 2014, 2015). This perspective
involves a framework of constructs (i.e., resource endowments, expectations for future growth, and engagement) and draws upon
complexity science to explicate the emergence of influential outliers.

5.3. Conclusion

This study introduces a heuristic- and simulation-based approach to the methodological toolbox for researchers interested in
studying performance distributions. Moreover, it provides evidence for the prevalence of star performers across a wide variety of
contexts by re-analyzing the statistics reported in recent entrepreneurship studies. In doing so, it highlights the need for researchers to
adopt a distributional perspective and to directly examine the full range of performance, especially star performers.
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