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We introduce a new model to address three methodological biases in research on new venture growth and survival. The model offers entrepreneurship scholars numerous benefits.

The biases are identified using a systematic review of 96 papers using longitudinal data published over a period of 20 years. They are: (1) distributional properties of new ventures; (2) selection bias; and (3) causal asymmetry. The biases make the popular use of normal distribution models problematic. As a potential solution, we introduce and test an event magnitude regression model approach (EMM). In this two-stage model, the first model explores the probability of four events: a firm staying the same size, expanding, contracting, or exiting.

In the second stage, if the firm contracts or expands, we estimate the magnitude of the change.

A suggested benefit is that researchers can better separate the likelihood of an event from its magnitude, thereby opening new avenues for research. We provide an overview of our model analyzing an example data set involving longitudinal venture level data. We provide a new package for the statistical software R. Our findings show that EMM outperforms the widely adopted normal distribution model. We discuss the benefits and consequences of our model, identify areas for future research, and offer recommendations for research practice.

Modeling New-Firm Growth and Survival with Panel Data Using Event Magnitude Regression

New ventures differ enormously. Most ventures fail within their first years, and most do not grow. Only a small share of growing firms or high-growth firms have long lasting effect on job creation and productivity growth [START_REF] Davidsson | Entrepreneurship and the Growth of Firms[END_REF][START_REF] Haltiwanger | Job Creation, Job Destruction, and Productivity Growth: The Role of Young Businesses[END_REF][START_REF] Sterk | The nature of firm growth[END_REF]. To explain these differences in new venture growth (expansion and contraction) and survival (termination, and exit), entrepreneurship and organizational scholars have, over the last decades, increasingly relied on longitudinal studies with repeated measures over time for the same subject (e.g., [START_REF] Anglin | The impact of collective optimism on new venture creation and growth: A social contagion perspective[END_REF][START_REF] Hmieleski | Entrepreneurs' optimism and new venture performance: A social cognitive perspective[END_REF][START_REF] Shepherd | Creating New Ventures: A review and research agenda[END_REF][START_REF] Wennberg | Variable risk preferences in new firm growth and survival[END_REF]. These studies employ various perspectives such as strategy [START_REF] Bennett | Firm Lifecycles: Linking Employee Incentives and Firm Growth Dynamics[END_REF][START_REF] Eberhart | Failure Is an Option: Institutional Change, Entrepreneurial Risk, and New Firm Growth[END_REF][START_REF] Wennberg | Variable risk preferences in new firm growth and survival[END_REF], sociology [START_REF] Barron | A Time to Grow and a Time to Die: Growth and Mortality of Credit Unions in New York City, 1914-1990[END_REF][START_REF] Carroll | The Demography of Corporations and Industries[END_REF][START_REF] Mens | Age-Related Structural Inertia: A Distance-Based Approach[END_REF], and economics [START_REF] Acemoglu | Innovation, reallocation, and growth[END_REF][START_REF] Sterk | The nature of firm growth[END_REF], which call for new statistical methods; otherwise, theories may not be adequately tested and data opportunities can be missed out [START_REF] Zhou | Intensive longitudinal data analyses with dynamic structural equation modeling[END_REF].

In fact, systematically probing into extant research, we find that modelling new venture growth and survival effectively poses three significant problems that researchers need to address. First, the specific distributional properties of new ventures make models assuming the normal distribution inadequate. Second, the presence of strong selection, such as self-selection and survival bias, increases the risk of biased conclusions. Particularly, extant work builds on ventures, most of which have a low probability of growing [START_REF] Hurst | What Do Small Businesses Do?[END_REF], tend to remain static in size, and go out of business, leading not only to modeling bias [START_REF] Coad | Firm growth: A survey[END_REF][START_REF] Crawford | Power law distributions in entrepreneurship: Implications for theory and research[END_REF][START_REF] Erlingsson | On the distributional properties of size, profit and growth of Icelandic firms[END_REF] but also survival and selection biases [START_REF] Certo | Sample selection bias and Heckman models in strategic management research[END_REF][START_REF] Holcomb | Modeling levels and time in entrepreneurship research: An illustration with growth strategies and post-IPO performance[END_REF][START_REF] Yang | Out of sight but not out of mind: Why failure to account for left truncation biases research on failure rates[END_REF]. Third, the asymmetry between contraction and growth confounds causal mechanisms. Studies assume that the same causal mechanisms symmetrically explain the different dynamics, such as growth and contraction [START_REF] Whetten | Organizational Growth and Decline Processes[END_REF], which in turn misguide the independence assumption (i.e. that new venture later dynamics depend on new venture early dynamics) [START_REF] Holcomb | Modeling levels and time in entrepreneurship research: An illustration with growth strategies and post-IPO performance[END_REF][START_REF] Keil | Gems from the ashes: Capability creation and transformation in internal corporate venturing[END_REF].

The three problems lead to inaccurate variance estimates, deflating/inflating errors, and obscuring of the causal mechanisms that explain new venture growth and survival (Antonakis et al., 2019a;[START_REF] Gielnik | How small business managers' age and focus on opportunities affect business growth: a mediated moderation growth model[END_REF][START_REF] Holcomb | Modeling levels and time in entrepreneurship research: An illustration with growth strategies and post-IPO performance[END_REF][START_REF] Keil | Gems from the ashes: Capability creation and transformation in internal corporate venturing[END_REF][START_REF] Williams | Mixed method social network analysis: Combining inductive concept development, content analysis, and secondary data for quantitative analysis[END_REF].

To mitigate these problems, we introduce a "two-part model" that minimizes the potential for modeling, selection, and survival biases when analyzing new venture growth and survival. We propose a specific approach to separate the likelihood of an event from its magnitude [START_REF] Farewell | Two-Part and Related Regression Models for Longitudinal Data[END_REF]. Specifically, we develop an event magnitude model (EMM) in the context of entrepreneurship and compare it to models assuming a normal distribution.

We start with estimating the probability of change (i.e., probabilities of exit and growth) and then, conditional on the probability of the change occurring, we estimate its magnitude. We estimate the magnitude in terms of four outcomes: (a) growing, (b) contracting, (c) remaining static, or (d) exiting.

Our paper makes five contributions. First, we systematically review, critique, and synthesize prior literature on new venture growth and survival. Second, we show how to better model new venture growth and survival relative to the standard normal distribution. In this regard, we show that the normal distribution assumption overstresses the probability of growth.

Third, we relax the assumption of symmetry in growth; that is, we do not assume that growth and contraction are mirror images of each other. By doing so, we can better estimate the effect for firms that expand, compared to the estimate for firms that contract. Moreover, we disentangle the probabilities of growth, and contraction, from their respective magnitudes.

Probability and magnitude are confounded in models assuming a normal distribution. We can thereby better understand what is happening when firms change size and allow for rare but influential outcomes in our data. Fourth, we provide a flexible and comprehensive technique that captures different new venture dynamics including growth, survival, contraction, and exit, and therefore reduces selection and survival biases. Further, EMM lessens the likelihood of inflating/deflating error terms, yielding less-biased estimates. It also minimizes the potential of omitted variable bias. Finally, we have developed an open-source package that scholars can download and use to analyze new venture growth and survival data. The code package is found in the supplementary files as cams_0.1.0.tar.gz. . To run it, r-tools need to be installed and then "install.packages(path_to_file, repos = NULL, type="source")". Details on the coding and simulated data are provided in Appendix IV.

Theoretical Background

New firm growth and survival

Understanding new venture growth and survival is an important topic for multiple strands of entrepreneurship and organizational research. By new venture growth and survival, we refer to the changes in size (growth and contraction) and survival (exit and termination) of new entrants-predominantly de novo firms, but de alio ones, too. The topic has attracted interest from entrepreneurship scholars using different perspectives as strategy [START_REF] Bennett | Firm Lifecycles: Linking Employee Incentives and Firm Growth Dynamics[END_REF][START_REF] Eberhart | Failure Is an Option: Institutional Change, Entrepreneurial Risk, and New Firm Growth[END_REF][START_REF] Wennberg | Variable risk preferences in new firm growth and survival[END_REF], sociology [START_REF] Barron | A Time to Grow and a Time to Die: Growth and Mortality of Credit Unions in New York City, 1914-1990[END_REF][START_REF] Carroll | The Demography of Corporations and Industries[END_REF][START_REF] Mens | Age-Related Structural Inertia: A Distance-Based Approach[END_REF], and economics [START_REF] Coad | Growth paths and survival chances: An application of Gambler's Ruin theory[END_REF][START_REF] Coad | My first employee: an empirical investigation[END_REF][START_REF] Haltiwanger | Job Creation, Job Destruction, and Productivity Growth: The Role of Young Businesses[END_REF][START_REF] Luttmer | Models of Growth and Firm Heterogeneity[END_REF][START_REF] Sterk | The nature of firm growth[END_REF]. However, this literature is mixed and divergent both in terms of theory and empirics. For example, there have been mixed findings related to the influence of new venture age on growth where some scholars report positive effects, others find that age has no effect or negative effects on growth. For example, [START_REF] Yan | Timing is everything? Curvilinear effects of age at entry on new firm growth and survival and the moderating effect of IPO performance[END_REF] discusses how venture age at internalization across different studies show contradictory empirical results in its role of predicting growth and survival. Hence, despite laudable efforts, this research has not substantially progressed [START_REF] Demir | The Strategic Management of High-Growth Firms: A Review and Theoretical Conceptualization[END_REF][START_REF] Garnsey | New Firm Growth: Exploring Processes and Paths[END_REF][START_REF] Wright | Entrepreneurship and growth[END_REF]; and has raised concerns about whether new venture growth and survival might be random [START_REF] Coad | Are firm growth paths random? A reply to "Firm growth and the illusion of randomness[END_REF][START_REF] Derbyshire | Firm growth and the illusion of randomness[END_REF][START_REF] Van Witteloostuijn | Is firm growth random? A machine learning perspective[END_REF]. In such circumstances, and to explore whether there are cumulative findings and systematic biases, we need to systematically review this literature [START_REF] Nofal | Biology and Management: A Review, Critique, and Research Agenda[END_REF][START_REF] Shane | Introduction to the focused issue on the biological basis of business[END_REF]. We do so to identify and highlight some potential reasons and biases for existing contradicting findings, and propose alternatives to mitigate some of these biases.

New Venture Growth and Survival -Systematic Review Findings

We review the literature with an explicit and systematic method to capture and review work on the strands of new venture growth, survival, contraction, and exit. We limit our list to articles published from 2000 onwards, which removed 2 articles published in 1994 [START_REF] Cooper | Initial human and financial capital as predictors of new venture performance[END_REF] and 1997 [START_REF] Barkema | What differences in the cultural backgrounds of partners are detrimental for international joint ventures[END_REF]. Accordingly, our systematic review retrieved a total of 96 empirical papers. The stop date of the search was May 15, 2021.

The 96 retrieved articles focus on the antecedents of venture growth and survival. In the Appendix I, we describe the method and the papers extracted. Table 1A groups these articles as follows: Table 1Aa contains 57 articles examining venture growth, Table 1Ab contains 25 articles examining survival, and Table 1Ac contains 14 articles examining both survival and growth. There are 57 articles using models assuming a normal distribution: Ordinary Least Square (OLS) (n=21); a fixed effects approach (n=15), a random effects approach (n=9); Heckman/Two-Stage Least Squares (2SLS) estimation (n=7); Generalized Least Square (GLS) (n=5), and Generalized Method of Moments (GMM) (n=10). To explain survival or exit, logit/probit models (n=21) and Cox regressions (n=15) dominate. Of the retrieved articles 59% adopt models assuming a normal distribution to explain venture growth and survival. The share of such models is even higher if we exclude articles only investigating survival and exit (76%).

Most of the retrieved papers (almost 50%) draw on samples from the U.S. and Sweden.

There is a significant lack of data covering new venture growth and survival during the last decade (80% of the articles have data with the latest observation in 2011), and none of the articles use data that capture dynamics during the last 5 years. The three most common measures used to assess venture growth and survival are sales (41%), number of employees (27%), and number of years of survival (8%). The rest of the articles (24%) use different productivity and performance measures, such as profits, product development, domestic and foreign investments, and others. This literature shows that social resources [START_REF] Eberhart | Failure Is an Option: Institutional Change, Entrepreneurial Risk, and New Firm Growth[END_REF][START_REF] Khaire | Young and no money? Never mind: The material impact of social resources on new venture growth[END_REF][START_REF] Korunka | Personal characteristics, resources, and environment as predictors of business survival[END_REF][START_REF] Prashantham | The Dynamic Influence of Social Capital on the International Growth of New Ventures[END_REF], on-the-jobembeddedness (Mai and Zheng, 2013a), human capital [START_REF] Korunka | Personal characteristics, resources, and environment as predictors of business survival[END_REF][START_REF] Shrader | Assessing the relationship between human capital and firm performance: Evidence from technology-based new ventures[END_REF][START_REF] Symeonidou | Resource orchestration in start-ups: Synchronizing human capital investment, leveraging strategy, and founder start-up experience[END_REF][START_REF] Tzabbar | Beyond the startup stage: The founding team's human capital, new venture's stage of life, founder-CEO duality, and breakthrough innovation[END_REF], financial capital [START_REF] Cooper | Initial human and financial capital as predictors of new venture performance[END_REF][START_REF] Eberhart | Failure Is an Option: Institutional Change, Entrepreneurial Risk, and New Firm Growth[END_REF], tax credits and exemptions [START_REF] Friske | Regulation, New Venture Creation, and Resource-Advantage Theory: An Analysis of the US Brewing Industry[END_REF], involvement in R&D [START_REF] Haeussler | Founder-inventors and their investors: Spurring firm survival and growth[END_REF], founders participation [START_REF] Kor | Experience-Based Top Management Team Competence and Sustained Growth[END_REF], and self-efficacy [START_REF] Baum | The Relationship of Entrepreneurial Traits, Skill, and Motivation to Subsequent Venture Growth[END_REF] influence new venture growth and survival.

Mixed Findings. Our systematic effort reveals some informative patterns. First, we find mixed evidence. For example, some researchers found that the effect of venture age and size have differential effects on growth and survival, depending on data structure and theoretical perspectives. On the one hand, age and size tend to be connected as younger ventures are smaller, and older ventures tend to be bigger [START_REF] Davidsson | Entrepreneurship and the Growth of Firms[END_REF]. Statistically, there is also a compositional shift towards larger ventures that are less likely to exit as cohorts of ventures age. On the other hand, theory suggest that venture age and size are double-edged sword, often interacting with each other. For example, liability of newness suggests that age reduces both the probability of exit and growth [START_REF] Yang | The liability of newness" revisited: Theoretical restatement and empirical testing in emergent organizations[END_REF]. Here, size functions as a buffer ,where large initial financial resources [START_REF] Wiklund | The age-effect of financial indicators as buffers against the liability of newness[END_REF] can diminish the age effect or even reverse the effect on new venture growth [START_REF] Yan | Timing is everything? Curvilinear effects of age at entry on new firm growth and survival and the moderating effect of IPO performance[END_REF]. Size can also decrease the probability of growth by introducing more rigidity, coordination costs, resource allocation and complexity, thereby making the venture less able to adapt to new growth opportunities [START_REF] Sine | Revisiting Burns and Stalker: Formal Structure and New Venture Performance in Emerging Economic Sectors[END_REF]. Age might decrease the probability of growth as ventures become increasingly complacent or as increasing competition erodes profits from initial rents [START_REF] Aksaray | Density dependence of entrepreneurial dynamics: Competition, opportunity cost, or minimum efficient scale?[END_REF]. With age, the ventures learn to become more efficient, and in turn increase its survival chances and better exploit growth opportunities [START_REF] Soto-Simeone | Antretter T. New venture survival: A review and extension[END_REF][START_REF] Wennberg | Variable risk preferences in new firm growth and survival[END_REF]. Not only are the directions and patterns observed mixed across studies, but so are the effect sizes imposed on new venture growth and survival. For example, venture age coefficients ranged from -0.23 to 0.93 in our retrieved articles (e.g., [START_REF] Bertoni | Venture capital financing and the growth of high-tech start-ups: Disentangling treatment from selection effects[END_REF][START_REF] Jennings | Novelty and new firm performance: The case of employment systems in knowledge-intensive service organizations[END_REF][START_REF] Kor | Experience-Based Top Management Team Competence and Sustained Growth[END_REF][START_REF] Wennberg | Variable risk preferences in new firm growth and survival[END_REF]. The venture size coefficients ranged from -0.07 to 0.94 (e.g., [START_REF] Baum | The Relationship of Entrepreneurial Traits, Skill, and Motivation to Subsequent Venture Growth[END_REF][START_REF] Bertoni | Venture capital financing and the growth of high-tech start-ups: Disentangling treatment from selection effects[END_REF].

Another central venture-level variable is venture profitability for survival and growth, where early profitability is important for survival and growth (Ben-Hafaïedh and Hamelin; [START_REF] Davidsson | Growing profitable or growing from profits: Putting the horse in front of the cart?[END_REF][START_REF] Hvide | Lean and Hungry or Fat and Content? Entrepreneurs' Wealth and Start-Up Performance[END_REF] and related financial performance aspirations [START_REF] Gimeno | Survival of the fittest? Entrepreneurial human capital and the persistence of underperforming firms[END_REF][START_REF] Wennberg | Variable risk preferences in new firm growth and survival[END_REF]. Still though, extant papers show some differences in the magnitude of the effect of profitability (e.g., ROA) on new venture performance indicators (e.g., [START_REF] Fattoum-Guedri | The best of both worlds: Can founder-CEOs overcome the rich versus king dilemma after IPO?[END_REF][START_REF] Robinson | Entry barriers and new venture performance: a comparison of universal and contingency approaches[END_REF][START_REF] Wennberg | Variable risk preferences in new firm growth and survival[END_REF]. It is worth noting that while these discrepancies could be due to different measures [START_REF] Davidsson | Entrepreneurship and the Growth of Firms[END_REF], many of them are due to empirical biases, as we will show below.

Modeling and Selection

Biases. Second, we find that existing research shows patterns of modeling, self-selection, and survival biases, which could yield inaccurate estimates, deflate/inflate errors, and obscure the causal mechanisms that explain new venture dynamics (Antonakis et al., 2019a;[START_REF] Gielnik | How small business managers' age and focus on opportunities affect business growth: a mediated moderation growth model[END_REF][START_REF] Holcomb | Modeling levels and time in entrepreneurship research: An illustration with growth strategies and post-IPO performance[END_REF][START_REF] Keil | Gems from the ashes: Capability creation and transformation in internal corporate venturing[END_REF][START_REF] Williams | Mixed method social network analysis: Combining inductive concept development, content analysis, and secondary data for quantitative analysis[END_REF]. Table 1A shows that a lion share of the studies use models requiring new venture data with a normal distribution-a requirement that longitudinal data do not usually satisfy [START_REF] Douglas | Using fuzzy-set qualitative comparative analysis for a finer-grained understanding of entrepreneurship[END_REF] 1 . Most new ventures have a low probability of growth [START_REF] Hurst | What Do Small Businesses Do?[END_REF], tend to remain static at the same size, and in most cases go out of business [START_REF] Coad | Firm growth: A survey[END_REF][START_REF] Crawford | Power law distributions in entrepreneurship: Implications for theory and research[END_REF][START_REF] Erlingsson | On the distributional properties of size, profit and growth of Icelandic firms[END_REF], resulting in survival and selfselection biases [START_REF] Certo | Sample selection bias and Heckman models in strategic management research[END_REF][START_REF] Holcomb | Modeling levels and time in entrepreneurship research: An illustration with growth strategies and post-IPO performance[END_REF][START_REF] Yang | Out of sight but not out of mind: Why failure to account for left truncation biases research on failure rates[END_REF].

Causal Mechanisms. Third, the review shows that prior research treats the different dynamics of new ventures similarly in terms of their causal mechanisms. For instance, prior work assumes that the same causal mechanisms affect both growth and contraction symmetrically [START_REF] Whetten | Organizational Growth and Decline Processes[END_REF]. In many instances, exit has been assumed to be the same as failure-and both failure and exit have been assessed as the opposite of success, with an implicit assumption that both failure and success pose the same causal mechanism [START_REF] Wennberg | What do we really mean when we talk about 'exit'? A critical review of research on entrepreneurial exit[END_REF]. Moreover, both survival and growth-despite their differences [START_REF] Haeussler | Founder-inventors and their investors: Spurring firm survival and growth[END_REF][START_REF] Wennberg | Variable risk preferences in new firm growth and survival[END_REF]-have commonly been used as a proxy to measure success [START_REF] Shane | A General Theory of Entrepreneurship: The Individual-Opportunity Nexus[END_REF].

Based on our findings, and as Yang and Aldrich (2012: 480) argue, we find that "divergent results partially stem from methodological problems that have systematically biased previous findings". To progress, we need to mitigate three main issues found in panel data analysis. First, the distribution of new venture data makes normal models a debatable choice.

Yet, such models dominate extant research. Second, new venture data are subject to substantial selection biases that are still too rarely corrected for in extant research. Third, empirical research largely assumes causal asymmetry between contraction and growth in their models. It is theoretically more likely that there is asymmetry in causality, both in terms of the likelihood of 1 Though studies employing logit/probit regressions do not need to satisfy log-normal distribution assumptions, some scholars argue that they fall short of interactive effects that characterize various findings on new venture dynamics.

the contraction or growth happening and in the magnitude of these events. In the next section, we discuss each of these problems in the context of longitudinal data.

The specific distributional properties of new ventures

The dominating models in our review assume normally distributed data. This is seldom the case in longitudinal data on new ventures. For instance, most new ventures never grow because they are founded only to provide employment for the founders themselves [START_REF] Parker | The economics of entrepreneurship[END_REF]. Therefore, an important challenge in organizational and entrepreneurship research is to separate "mere" stagnant firms from growth-oriented firms [START_REF] Henrekson | Small business activity does not measure entrepreneurship[END_REF][START_REF] Koudstaal | Risk, Uncertainty, and Entrepreneurship: Evidence from a Lab-in-the-Field Experiment[END_REF][START_REF] Levine | Smart and illicit: who becomes an entrepreneur and do they earn more?[END_REF]. This distinction is even harder to make when we acknowledge that entrepreneurs' growth aspirations might form or dissipate as they learn about the value of the business opportunity [START_REF] Jovanovic | Selection and the evolution of industry[END_REF][START_REF] Jovanovic | Entry, exit and diffusion with learning by doing[END_REF][START_REF] March | Variable risk preferences and the focus of attention[END_REF]. Trying to separate stagnant firms from growth firms through different sampling procedures is rarely efficient, beyond the important distinction between unincorporated and incorporated firms (e.g., [START_REF] Levine | Smart and illicit: who becomes an entrepreneur and do they earn more?[END_REF]. Even after we exclude unincorporated firms that have no legal avenue for growth, understanding new venture growth, is challenging when static, unchanging firms dominate samples.

In fact, as most incorporated ventures do not grow, and only a few grow substantially [START_REF] Haltiwanger | Job Creation, Job Destruction, and Productivity Growth: The Role of Young Businesses[END_REF], existing data, including register data, tend to have distributions with low average growth and substantial outliers. In other words, even though research is increasingly turning to longitudinal register data linking employer-employee data to study new-firm dynamics [START_REF] Coad | Whom do high-growth firms hire?[END_REF][START_REF] Delmar | Untangling the relationships among growth, profitability and survival in new firms[END_REF][START_REF] Haltiwanger | Job Creation, Job Destruction, and Productivity Growth: The Role of Young Businesses[END_REF], in such register data, growing ventures tend to drown in the oceans of stagnant micro-sized ventures. When analyzing such data, a critical question is whether there is a subpopulation of ventures that will never grow. The existence of such population leads to an excess of zero observations, because between any two longitudinal observation times, the ventures in this subpopulation will always be observed to have no dynamics (i.e. an increase, or a decrease, in sales or employees).

Statistically speaking, modeling only the population average (of no growth) limits our ability to identify sources of variances, i.e., potential causal mechanisms as suggested by our theories to explain growth and high growth. Similarly, the existence of influential outliers might have disproportionate influence on substantive conclusions regarding relationships among variables for the main population of firms [START_REF] Aguinis | Best-Practice Recommendations for Defining, Identifying, and Handling Outliers[END_REF], leading to mixed evidence, and survival and selection biases [START_REF] Holcomb | Modeling levels and time in entrepreneurship research: An illustration with growth strategies and post-IPO performance[END_REF][START_REF] Yang | Out of sight but not out of mind: Why failure to account for left truncation biases research on failure rates[END_REF].

From the findings of the systematic review, we observe that organizational researchers often carry out several transformations of the data to manage these distributional properties and increase model fit (e.g., achieving a higher R 2 ). One example is transforming growth and survival variables using log and ln functions (e.g., [START_REF] Coad | Exploring the processes of firm growth: evidence from a vector auto-regression[END_REF][START_REF] Singh | Corporate governance, board networks and growth in domestic and international markets: Evidence from India[END_REF].

Meanwhile, as most firms tend to remain stagnant the value of their growth/contraction tend to be zero, and hence using such functions becomes undefined. Another example is winsorizing (e.g., [START_REF] Delmar | The Effect of Small Business Managers' Growth Motivation on Firm Growth: A Longitudinal Study[END_REF], which is a procedure where data at the tails are truncated to limit the effects of outliers. The winsorized firms or observations are only outliers relative to a population mean. However, transforming data to capture mainly a large population of firms that will never grow limits our ability to explain growth, because our distribution of firms becomes so heavily dominated by non-growing firms. Potential causal relationships explaining firm growth become, thus, at risk of being drowned out, and consequently of not being detected [START_REF] Aguinis | Best-Practice Recommendations for Defining, Identifying, and Handling Outliers[END_REF]. This is a problem that entrepreneurship studies share with other research fields such as strategy (e.g., [START_REF] Meyer-Doyle | Disentangling the microfoundations of acquisition behavior and performance[END_REF] and organizational behavior [START_REF] Aguinis | Best-Practice Recommendations for Defining, Identifying, and Handling Outliers[END_REF], leading to the likelihood of Type I error (i.e. finding false significance). Hence, existing modeling of firm dynamics fail to explain growing firms because large pools of stagnant firms dominate the distribution. Hence, we ask:

Q1: To what extent do the distributional properties of new venture data with many stagnant firms and few growing firms affect our findings on new venture growth and survival?

Selection bias, exit, and growth

In new venture longitudinal data, many firms are subject to termination and exit in their first years. Over time, only surviving firms remain. This feature of data could lead to even more biases [START_REF] Xu | Challenges and Opportunities in the Estimation of Dynamic Models[END_REF]. Selection bias arises when the units of analysis have different likelihoods of being included in the study compared to the target population, according to important study characteristics-specifically, the exposure and the outcome of interest. Hence, selection bias is caused by some kind of problem in the process of selecting units of analysis, either (i) at the outset, or (ii) in a longitudinal design, when some units of analysis are dropped from the study [START_REF] Mazumdar | Statistical analysis of longitudinal psychiatric data with dropouts[END_REF][START_REF] Schmidt | Longitudinal drop-out and weighting against its bias[END_REF]. The risk is that we might have biased inference and incorrect conclusions because we do not sample a relevant population of units (i.e., firms with growth potential), or that our process, exposure, and outcome are linked, but the link is not fully captured by the model or data. Selection bias is present in two forms in studies of new firm growth and survival: self-selection bias and survival bias.

Self-selection bias. Self-selection bias is defined as the non-random assignment to a treatment or a group [START_REF] Clougherty | Correcting for Self-selection Based Endogeneity in Management Research: Review, Recommendations and Simulations[END_REF]. If it occurs, the effect of choosing to participate (self-selection) is confounded with the treatment (the causal mechanism). Self-selection bias may or may not be a problem for research on growth (and exit), depending on the assumptions made by theory. For example, many of the retrieved papers assume that growth and exit are exogenously determined, building upon the assumption that mechanisms outside the firm and the entrepreneur decide the size and the survival of the firm (e.g., [START_REF] Singh | Corporate governance, board networks and growth in domestic and international markets: Evidence from India[END_REF][START_REF] Tian | Speed to legal registration and nascent venture performance: A temporal dilemma for nascent entrepreneurs in an emerging economy[END_REF], and hence endogeneity may be less problematic. Examples of such theories are those based on rationality, minimum efficient scale or size (MES) [START_REF] Aksaray | Density dependence of entrepreneurial dynamics: Competition, opportunity cost, or minimum efficient scale?[END_REF][START_REF] Reichstein | The devil dwells in the tails. A quantile regression approach to firm growth[END_REF], evolutionary theories [START_REF] Aldrich | Organizations evolving[END_REF][START_REF] Carroll | The Demography of Corporations and Industries[END_REF], and resource-dependence theory [START_REF] Pfeffer | The External Control of Organizations: A Resource Dependence Perspective[END_REF].

Nevertheless, self-selection bias becomes a problem when growth and exit are understood as a strategic decision, and therefore endogenous [START_REF] Rocha | Endogeneity in Strategy-Performance Analysis: An Application to Initial Human Capital Strategy and New Venture Performance[END_REF]. Endogenous theories of growth and exit promote strategic choice as the primary mechanism in their model [START_REF] Bradley | Swinging a double-edged sword: The effect of slack on entrepreneurial management and growth[END_REF][START_REF] Davidsson | Entrepreneurship and the Growth of Firms[END_REF][START_REF] Gimeno | Survival of the fittest? Entrepreneurial human capital and the persistence of underperforming firms[END_REF][START_REF] Zahra | Entrepreneurship and Dynamic Capabilities: A Review, Model and Research Agenda*[END_REF]. Here, self-selection bias is an important issue to consider: those firms that expand, contract, or exit choose to do so, so we can no longer make the assumption that all firms need or want to expand, contract, or exit. We are dealing with a set of theories where firms choose to undergo a form of treatment.

Survival bias.

Another form of selection bias, and perhaps the most well-known, is survival bias. Survival bias can be understood as the problem of the units of analysis not surviving until they reach treatment, independent of their willingness to do so. Hence, we cannot know the causal effect of a mechanism because units have an unequal chance of surviving until the treatment is carried out. Hence, we confound the effect of surviving with the effect of the treatment. New venture entry and growth are also closely connected to firm exit.

For example, growing firms take more risks, and hence are more likely to fail and exit until they reach a certain size [START_REF] Delmar | Untangling the relationships among growth, profitability and survival in new firms[END_REF]. Many new ventures have a low probability of survival, with only about 40-55% of ventures still active after five years, depending on country and industry [START_REF] Cefis | Revolving doors: entrepreneurial survival and exit[END_REF][START_REF] Coad | Growth paths and survival chances: An application of Gambler's Ruin theory[END_REF]. Given that almost all retrieved articles use data that have time spans based on years, rather than months or quarters, existing research is likely to suffer from this survival bias.

Both self-selection and survival biases lead to biased selection and are of potential threat to causality. This is not always a showstopper per se, although there is no simple remedy [START_REF] Mazumdar | Statistical analysis of longitudinal psychiatric data with dropouts[END_REF][START_REF] Schmidt | Longitudinal drop-out and weighting against its bias[END_REF] if the problem is not tackled at the design stage. Sampling data, especially register data, can lead to specific distributional properties that generate different forms of bias, such as survival bias [START_REF] Certo | Sample selection bias and heckman models in strategic management research[END_REF][START_REF] Elwert | Endogenous Selection Bias: The Problem of Conditioning on a Collider Variable[END_REF][START_REF] Heckman | Sample Selection Bias as a Specification Error[END_REF][START_REF] Palestrini | Firm Size Distribution and the Survival Bias[END_REF]. In this respect, an important aspect of modeling for register data is understanding the sampling scheme of our observations, and hence potential sources of selection bias. By "sampling scheme," we mean the decisions about what to sample from the population, which will define the weight of each observation in our analysis. An observation corresponds to a unit at a given point in time-e.g., the firm i in a specific year t.

The estimated coefficients (parameters) will depend on the weighting of the observations in the sample.

In sum, existing work may be suffering from different forms of biased sampling (selfselection and survival). Disregarding such biases leads to poor and biased estimates. The importance of addressing such biases is dependent upon the theory used and the assumptions made. Consequently, when analyzing new-firm growth and survival we need to consider growth and survival together, not separately. The assumptions we make about growth and firm survival, and the research question we seek to answer, determine whether or not we have a problem with selection and survival bias. The assumptions and the research question also affect how we design and sample our units of observation (i.e., new firms). Hence, we ask:

Q2: To what extent does the presence of selection such as self-selection and survival bias affect our findings on new venture growth and survival?

Contraction and expansion

The third problem is related to the causal mechanisms of new venture growth and survival. Specifically, many studies assume that expansion and contraction are two sides of the same mechanism-i.e., that contraction is simply a negative value of expansion [START_REF] Headd | Redefining Business Success: Distinguishing Between Closure and Failure[END_REF][START_REF] Whetten | Organizational Growth and Decline Processes[END_REF]. Yet, many dominating growth theories discuss only the expansion side of new venture dynamics. They seldom discuss contraction (i.e., almost all retrieved articles focus on growth and survival), and whether the same causal mechanisms are at play, or not. However, our empirical models assume such symmetry when we model both contraction and expansion, and our dependent variables tend to be normally distributed around a mean. Here, we advocate asymmetric causality [START_REF] Hatemi-J | Asymmetric causality tests with an application[END_REF], where causal mechanisms might not only have differential effects, but might also entail different pathways [START_REF] Ozcan | Growing with the market: How changing conditions during market growth affect formation and evolution of interfirm ties[END_REF].

For example, lack of profits might lead to contraction, but profits might not necessarily lead to expansion. Even if the same causal mechanisms are at play, we can easily assume that the duration of the effect may be different. Theoretically, we can argue that entrepreneurs will react more quickly to profit, gains and invest in expansion to take advantage of a window of opportunity, whereas their reaction to declining profits might not lead to contraction because they might hope for a quick turnaround. Moreover, legislation may affect the speed of expansion and contraction. New ventures can be slower in expanding, i.e., recruiting new employees, when profits or demands are increasing because of strong labor-market laws that make firing difficult [START_REF] Card | Firms and Labor Market Inequality: Evidence and Some Theory[END_REF][START_REF] Barley | Why Do Contractors Contract? The Experience of Highly Skilled Technical Professionals in a Contingent Labor Market[END_REF][START_REF] Henrekson | Gazelles as job creators: a survey and interpretation of the evidence[END_REF].

Here, the entrepreneur tries to find other solutions to meet an increase in demand to mitigate potential volatility in demand. Similarly, an entrepreneur does not necessarily rush to fire people even if demand and profits diminish, as the setback might be temporary and the loss of dedicated and trustworthy employees might impose a long-term challenge, both economically and emotionally [START_REF] Wiklund | What do they think and feel about growth? An expectancy-value approach to small business managers' attitudes toward growth[END_REF].

Empirically, the distribution of employment growth data can be asymmetric. There is no reason to assume that the distribution of number of employees fired mirrors the distribution of number of employees hired, especially when the potential magnitude of contraction is also different from that of expansion. In terms of expansion, a new venture can expand infinitely from its current size; in terms of contraction, it can only shrink from its current size down to zero. As a result, assuming symmetry could result in various biased results. Thus, we cannot assume symmetry between expansion and contraction. Finally, we ask:

Q3: To what extent does the asymmetry between contraction and growth, reflected in the observed magnitude of contraction relative to expansion, affect our findings on new venture growth and survival?

The EMM Building on our systematic review findings, we observe a pressing need to investigate alternative user-friendly models. Models addressing the problems raised above and that allow researchers to better analyze venture growth and survival using longitudinal data. We suggest EMM. EMM is a two-part model, similar to those previously developed to analyze machine failures, sexual behavior, nutrition, fertility, ecology, agriculture, and healthcare costs [START_REF] Farewell | Two-Part and Related Regression Models for Longitudinal Data[END_REF]. In fact, there are several contexts where such two-part models could be deployed: in strategy, the creation of an alliance and its subsequent performance [START_REF] Hitt | Attributes of Successful and Unsuccessful Acquisitions of US Firms[END_REF][START_REF] Meyer-Doyle | Disentangling the microfoundations of acquisition behavior and performance[END_REF]; in organizational behavior, the probability of mental illness among employees and its consequences [START_REF] Follmer | Mental Illness in the Workplace: An Interdisciplinary Review and Organizational Research Agenda[END_REF]; or in entrepreneurship, the modeling of new-firm growth and survival. What all these areas of application have in common is that they feature two potential subpopulations: one comprising units of analysis that will never change, but rather remain static, and another comprising units that may exhibit substantial changes. In this respect, it is worth re-noting that a large static subpopulation can lead to an excess of zero observations, as no change occurs between observation points. Moreover, twopart models are of further interest for the analysis of repeated measures of an outcome variable over time [START_REF] Farewell | Two-Part and Related Regression Models for Longitudinal Data[END_REF], which are becoming increasingly available and important to entrepreneurship and organizational scholars [START_REF] Card | Firms and Labor Market Inequality: Evidence and Some Theory[END_REF][START_REF] Certo | A tale of two effects: Using longitudinal data to compare within-and between-firm effects[END_REF][START_REF] Ployhart | Longitudinal research: The theory, design, and analysis of change[END_REF][START_REF] Xu | Challenges and Opportunities in the Estimation of Dynamic Models[END_REF].

Our model builds on two steps. In the first step, we estimate logistic regression models for four different outcomes (expansion, contraction, stasis, and termination). In doing so, we model multiple outcomes, not just a binary one. In the second step, we estimate the magnitude of expansion or growth, given one of those outcomes. The model is developed for both changes in sales and changes in employment. To be consistent within the paper, we present the model with employee changes, but the model specification and the results for sales are in Appendix III. For employee changes-hiring and firing-we use a geometric (hiring) or constrained geometric distribution (firing). The geometric distribution is the discrete counterpart to the exponential distribution. Thus, EMM can be seen as a discrete counterpart to a (asymmetric) Laplace distribution, which has been shown to fit firm growth data well [START_REF] Coad | Firm growth: A survey[END_REF]. For changes in sales or profit-i.e., continuous growth instead of discrete growth-the researcher can replace the geometric distribution with some non-negative continuous distribution, such as exponential, log-normal, or gamma distribution. EMM differs from other related models in that we allow causal asymmetry in expansion and contraction. It is worth noting that EMM is also adaptable to cross-sectional data where growth is measured retrospectively on active and surviving firms. However, it will not estimate firm termination and subsequently one would need to address the issue of survival bias.

Time to expansion or contraction.

The time between each observation is important for the relevance of EMM. If the interval is too short-for instance, one week-then the statement that "most small firms do not contract or expand" is likely false, because a given firm remaining the same size over a week is not a meaningful indication of stasis. On the other hand, if the measures are repeated too seldom-say, every five years-it is possible for several different changes to have occurred in the meantime. The observed difference in size is likely due to many expansions and contractions. Because the sum of many random variables converges to a normal random variable (Central Limit Theorem) [START_REF] Billingsley | Probability and measure[END_REF], this will make the normal distribution more suitable. However, size differences might also have accumulated among firms, meaning that previously growing firms are more likely to grow in the future than those that have not grown, so we still observe a distribution that is very different from the normal (Delmar et al., 2003;[START_REF] Weinzimmer | Measuring organizational growth: Issues, consequences and guidelines[END_REF]. Thus, one needs to verify the fit of the chosen distribution to the actual data.

Probability of expansion or contraction. EMM assumes venture size (i.e., the number of employees, but any other size measure is possible) at year t, Et, is a Markov process-one where the future probabilities are determined by the variable's most recent values. That is, the most recent value (i.e., the previous year, in our case) fully captures history. The advantage of making such an assumption is that our model is frugal, and needs only the previous year's data to predict the outcome of the following year. Frugality is an important advantage here, as many new ventures have only been in existence for a limited time, and are likely to be terminated soon afterwards. Hence, having to rely on multiple years to estimate a model becomes a problem when dealing with new-firm growth and survival. The assumption that the previous year's data is sufficient diminishes the demands on data in general-and, in the case of a cohort of new firms, also mitigates problems with survival bias.

More specifically, given the previous year's company size, Et-1, and covariates, the distribution of Et is independent of previous years Et-2Et-3,…,E0. That is, Here Xt denotes covariates for year t. This assumption is not unusual in growth modeling-in fact, it is an implicit assumption in the auto-regressive or vector auto-regressive models typically used in such modeling [START_REF] Coad | Firm growth: A survey[END_REF][START_REF] Coad | Exploring the processes of firm growth: evidence from a vector auto-regression[END_REF].

Figure 1 describes the first step. We start by saying that Et can belong to four disjointed events: the firm hires employees, i.e., expands (AE); the firm remains static (AS); the firm fires employees, i.e., contracts (AC); and the firm exits (AX). Then, given a hiring or firing, we define the magnitude of hiring, H_t, or firing, F_t.

To define our EMM of firm growth, we operate in two stages. In the first stage, we define a probability distribution of the four events, defined above, through the following conditional probabilities:

-The probability of a firm exiting: P(AX| Et-1X t-1); -The probability of a firm retaining the same number of employees as in the previous year (remaining static), given that the firm does not exit: P(AS| E t-1X t- 1,(AX) C ) (here (AX) C is the complement event of AX); -The probability that a firm expands by hiring one or more new employees over the year, given that it neither remains static nor exits: P(AE| E t-1,X t-1, (AX) C , (AS) C ).

-If none of the three above events occur, then the implication is that the firm contracts-i.e., the firm fires one or more employees.

Each of the probabilities can include covariates through the logistic regression formulation2 . The event of stasis (AS) might seem redundant for larger companies, but it is crucial for micro-sized firms because 69% of these firms remain static in the data we analyze below (see Table 1). The event of remaining in stasis becomes less important the larger the venture becomes, but it is still a non-negligible factor for small firms (12%).

Figure 1 A model of new-firm dynamics taking into account the probability of an event and the magnitude of such an event. Here, Et is number of employees at year t, Ht denotes hiring at year t, and Ft firing at year t.

Magnitude of expansion and contraction.

To complete our EMM, we also need to estimate the magnitude of expansion or contraction, i.e., to model how many people the company actually hires, or fires given that either AE or AC occurred. For micro-sized ventures the magnitude is often 1, 2, or 3 employees; therefore, we want a model taking only discrete values, and thus a continuous approximation for this size class is not natural. For larger firms, using a continuous distribution is probably less problematic.

For the number of people hired in the current year (Ht), we use a geometric distribution.

The classical formulation of the geometric distribution comes from tossing a coin until "tails" comes up, or anything with a binary outcome (occurring with probability p). The geometric random variable is then the number of trials until the desired outcome, k. Another interpretation is that the geometric distribution is the discrete counterpart to the exponential distribution. Thus, the probability mass function, for Ht, is given by: For the number of employees hired, the parameter p is not a natural parameter to use because we do not use the classical interpretation of the geometric distribution. Instead, we propose using theta (θ= 1/p = E[Ht]), which corresponds to the expected number of the geometric distribution. To incorporate covariates in the model, we formulate a Generalized Linear Model (GLM) by the following link function: E[Ht] = θ = 𝑒𝑒 𝑋𝑋 𝑡𝑡 𝛽𝛽 + 1. Here the "+1" just means that the number of employees hired can never be <1. This formulation also allows us to use the number of employees in the previous year as an offset variable (offset implies a variable with a fixed coefficient, often of 1), i.e.:

. When using this offset, the independent variable effect should be interpreted as a multiplicative effect of the previous year's number of employees.

If the venture fires employees, we assume that the number of firings, Ft, follows a truncated geometric distribution. The reason for this is that we have already conditioned on the company not exiting, and hence the number of people fired must be less than the number of employees in the previous year, Et-1. This results in the following density:

where G(Et-1-1;p) represents the probability that geometric distribution is less than or equal to Et-1 -1.

While we are using geometric distribution for the magnitude here, the EMM can easily be extended to other types of densities that perhaps better fit the amplitude of hiring or firingsuch as a negative binomial distribution. However, we do not explore more flexible densities for our data because the geometric distribution fits these data well. This would mean that the model can accommodate even more extreme distributions-but we would then need to estimate more parameters.

In summary, the EMM estimates first the probability of change, and second the magnitude of the change, should the change occur. This procedure allows us to better separate expansion, contraction, stasis, and exit, thereby achieving the necessary flexibility to study the dynamic nature of new firm growth and survival.

Method

Data

In the previous sections, we described the problems inherent in longitudinal data on new venture growth and survival. We described what EMM is and why entrepreneurship scholars can benefit from using such a technique. We now shift focus to demonstrate how the use of EMM can potentially influence the interpretation of results. Specifically, we apply our model to a prior study on new venture growth and survival (Reference masked). We chose this paper for three main reasons. First, it uses longitudinal firm level data on new Swedish ventures. Such data have been frequently used in research published in leading management journals (References masked). We illustrate how EMM can help scholars to better understand some common firm level determinants of venture growth and survival, and to benchmark our model compared to a log normal model. Second, the chosen paper reported several limitations that we believe the EMM has the potential to address. Put differently, we will see if the EMM offers a different perspective using the same data, and whether it gives insights into how scholars can overcome some of the limitations related to longitudinal datasets on new ventures. Third, the firm level variables examined in this study yield diverging results across prior studies, and accordingly, this allows us to address the problem of having mixed results in research on new venture growth and survival.

The growth and survival of Swedish firms in terms of size distribution, exit and entry rates, as well as growth, are similar to those of other national economies [START_REF] Andersson | Characteristics and performance of new firms and spinoffs in Sweden[END_REF], they represent a large share of published papers in our review, and are therefore suitable for this exercise. The data used to test the EMM covers the full population of incorporated firms founded in Sweden's knowledge-intensive sectors between 1995 and 2002.

These firms comprise a significant and growing proportion of all new firms founded, and their entry and expansion are generally seen as an important engine of economic growth and change [START_REF] Acs | Employment growth and entrepreneurial activity in cities[END_REF]. This sector was growing rapidly during the period of investigation and had few barriers to entry. Therefore, it was attractive for new ventures because they could enter a growing market with surplus demand not yet met by incumbent ventures. We are therefore likely to observe a large number of entries with growth potential, and at the same time the firms are subject to intensive competition, leading to a high likelihood of exit. These dynamics allow us to explore the functionality of the EMM.

Measures

Dependent variable. We choose employee growth to model new-firm growth in the main analyses for four reasons. First, this is the dependent variable used in the study we are reanalyzing; therefore, it provides potential comparison. Second, new growing firms create the lion's share of new jobs [START_REF] Haltiwanger | Job Creation, Job Destruction, and Productivity Growth: The Role of Young Businesses[END_REF]; employment is relevant to policy [START_REF] Sterk | The nature of firm growth[END_REF]. Third, while sales growth is most often used by organizational scholars, employment growth is a better indicator of organizational change [START_REF] Mckelvie | Advancing Firm Growth Research: A Focus on Growth Mode Instead of Growth Rate[END_REF].

Employees' growth better captures stagnant firms as it is more likely that they stagnate in terms of number of employees and are less likely to achieve the same sales revenues in two subsequent years. In the EMM, employee growth is the count of the number of employees added to or subtracted from the firm, compared to the previous year. It is worth noting that in Appendix III we use sales growth, as well, to validate our model.

Independent variables.

We use four independent firm-level variables of particular importance to the study of new venture growth and survival: financial aspiration levels (as a spline), Return on Assets (ROA), firm age, and firm size as number of employees during the previous year, in line with the previous published study using these data. Aspiration level for performance is calculated as a moving two-year average of a venture's past performance in terms of sales per employee. Our data comprises professional services firms, and revenue per employee is an accepted (and probably the most important) way to measure performance in the professional services industry [START_REF] Arora | Cash-out or flameout! Opportunity cost and entrepreneurial strategy: Theory, and evidence from the information security industry[END_REF]. Such services are often laborintensive, and the ability to sell customers a maximum number of hours per employee is a strong indicator of performance. Moreover, it is clearly related to the question of whether a decisionmaker should hire more staff, or not. We include an accounting variable for performance (ROA) to ensure that our findings are more than an artifact of variability in performance. Firm age corresponds to the number of years a firm has been active since its year of entry. Firm age is an important variable in entrepreneurship and firm dynamic studies, as firms tend to alter their behaviors with age, but also because their probability of termination tends to diminish with age [START_REF] Coad | Whom do high-growth firms hire?[END_REF][START_REF] Foster | The Slow Growth of New Plants: Learning about Demand?[END_REF][START_REF] Haltiwanger | Job Creation, Job Destruction, and Productivity Growth: The Role of Young Businesses[END_REF]. We discuss firm size separately below.

Estimation procedure

To validate the EMM, we split the data into a training set (70% of the data) and a prediction set (30%). We first estimate the parameters of both the log-normal model and our model on the training set. Then we examine the predictive ability of the two models on the prediction set. We compare the effectiveness of the different models with the Pearson's Chisquared statistic.

Were we to analyze the data in their raw form-i.e., all firms for all cohorts 1995-2002-we would have had a sampling bias issue, with older firms being overrepresented in terms of firm (i) year (j) observations. This is clear when examining the age distribution of the firms in each year. In the first year (1995) there are only firms of age 0. In the final year (2002) the ages range from 0 to 7 years. Each year, in this data set, we add a new cohort of firms born that year. This means that by the end of the observation period we have relatively more firms (i) year (j) observations from firms in the oldest cohorts versus those in the youngest cohort.

That is, we oversample observations from old firms. As a robustness test, we try a different sampling approach to assess how sensitive our results are to sampling.

Firm Size. In our analysis, we separate micro firms from small firms into two samples.

Firm size is important both conceptually and empirically. Conceptually, firm size is often related to growth and access to resources-for example, Gibrat's law [START_REF] Evans | Tests of alternative theories of firm growth[END_REF][START_REF] Reichstein | Firm size and firm growth rate distributions-The case of Denmark[END_REF]. Empirically, the size of a coefficient and its statistical significance are driven by the most frequent firm size. In our data, 94% of the firms have 1-9 employees. Firm size is therefore an important covariate with which to compare models, as size class is likely to affect coefficients. A consequence of having data so highly dominated by a size class is that the estimated coefficients will mirror the dominant category in the sample. In our case, micro firms that are mostly static will dominate the estimates. Hence, we are unable to capture the potential causal mechanism leading to growth for other types of firms. Potentially, this underestimates what leads to growth for non-static firms. It also increases the risk of type II errors: we fail to reject the null hypothesis. In other words, we fail to detect a relationship between the dependent and independent variable because the true relationship is drowned in static micro firms.

Distribution.

For the normal distribution, the magnitude (the number of employees hired or fired) is not distinguishable from the event of hiring or firing. We parameterize the distribution such that the expected number of hirings/firings is an exponential function of covariates. If the magnitude is connected to the current size of the company, one can add this as an offset in the covariates. For both the EMM and the normal distribution, the parameters are estimated using maximum likelihood on the training data set. The confidence intervals presented are computed using a Normal approximation and the Fisher information matrix. The predictive statistics below are all from the test dataset.

We estimate the parameters for both the EMM and the normal distribution on the training data set. We use maximum likelihood estimates. The confidence interval of the coefficients is obtained through second-order approximation of the likelihood function, i.e., the Hessian. We evaluate the performance of the model on the testing data set.

Results

Distributional properties of longitudinal new venture data

In this section, we address our first question pertaining to distributional properties of longitudinal new venture data, and we examine how the log-normal model and the EMM behave in comparison. To conserve space, we will report only the estimation of our results for the two dominant size classes: micro firms with 1 to 9 employees (94% of our sample, or 13,250 of 14,090 firms) and small firms with 10 to 49 employees (7% of our sample, or 1,056 of 14,090 firms). Note that these two groups overlap because micro firms can expand into small firms and small firms can contract back to micro firms.

Figures 2a and2b show the ratio of employees in the current year, divided by the number of employees in the previous year (for small firms only), given that they do not exit in the current year, for micro firms and small firms, respectively. The histogram is based on the data from the prediction set. The dashed line is the density given by the log-normal distribution; the full line is the density of our proposed model. The full line is calculated using density in R from random samples of the distribution, i.e., a kernel density estimate of the empirical density.

We observe the following from the figures when studying the density dependence of the actual data. First, the log-normal model, represented by the dashed line, overall fits the data badly in both size classes, and for both firing and hiring. We then compare the density functions of our model, the log-normal model, and the data. We examine the fit by observing how well the density function generated by either the log-normal or our own model maps to the distribution of the empirical data. We find that, in the log-normal model, the density function tends to overestimate the dynamics in both firing and hiring, and to underestimate stasis.

Meanwhile, the EMM achieves a better fit, as the density function generated is closer to the actual data in both size classes and for expansion as well as contraction.

Second, micro firms are highly likely to remain static (value=1) compared to small firms, which are generally more likely to change in size, in terms of both expansion and contraction. This indicates that the large representation (93% of our sample) of micro firms most likely would lead to biased estimates. Third, we do observe asymmetry in the data in both size classes. In both classes, the likelihood of hiring (17% for micro and 40% for small) is greater than the likelihood of firing (13% micro and 36% for small). This is in line with our previous argument, and is especially apparent for micro firms, who cannot contract below their actual size by firing, but can hire with no upper bound.

Finally, we also observe fat tails in the hiring side of our distribution, where a few firms are likely to grow substantially from one year to another by a factor larger than 2. We conclude that it is important to separate the data into size classes and to consider asymmetry in firing and hiring.

Model fit.

To test the difference between the log-normal model and the EMM for small firms (10-49 employees), on the prediction set, we use a Chi-square test3 . We first create eight groups divided by firm size, with an equal number of observations in each group in the prediction set. We then compute the expected number of firms that should be contained in each group for the two models. This allows the use of a Pearson's Chi-square test to test the null hypothesis that the empirical data follows the distribution (of firm sizes) imposed by the specific model [START_REF] Pearson | On the criterion that a given system of deviations from the probable in the case of a correlated system of variables is such that it can be reasonably supposed to have arisen from random sampling[END_REF]. In other words, we test whether the bins in a histogram of the empirical distribution of firm sizes can come from either of the two models.

Our results show that the value of the Chi-square statistic for the log-normal model is 323 compared to 4 for the EMM. The null hypothesis that a model generates the data is rejected at 99% level when the Chi-square value is above 18.5. Our findings thus reject that the data are normal, but do not reject that the data are from the EMM. This confirms the observations made from Figures 2a and2b.

Figure 2 The ratio represents the number of employees in the current year divided by the number of employees in the previous year for micro firms and small firms, given they do not exit during the current year. Table 1 shows the probabilities from the test data for micro firms (1-9 employees) and small firms (10-25 employees), given that the company has not yet exited the market. The three columns show the probabilities for the empirically observed values on the actual data, the proposed EMM, and the normal distribution, including standard errors in parenthesis.

For micro firms, we can see that 69% have the same number of employees as the previous year, with only 19% hiring and 12% firing. When we compare the log-normal to the actual distribution for these firms, we see that this model underestimates stasis (62%) while overestimating both hiring (25%) and firing (13%).

Turning to small firms, we observe that 12% of the firms are static, 54% are hiring, and 34% are firing. Here, the differences between the observed probabilities and probabilities generated by the log-normal model are even greater. Normal predicts equal probabilities for both firing and hiring (46%), while the real data show more hiring than firing (54% and 34% respectively). The log-normal model also underestimates stasis, with 8% compared to 12% in the actual data.

Our findings show that the EMM is much closer to the actual data than the log-normal model, in both size classes. For micro firms, our model estimates stasis at 69%, hiring at 19%, and firing at 12%. For small firms, our model estimates stasis at 11%, hiring at 54%, and firing at 34%.

Selection Bias

Our second question is related to the presence of selection bias. We look here at survival bias in particular. Regarding the probabilities for exit, around 20% of all firms (both micro and small) will do so in our data. In the prediction dataset, the EMM estimates that for a given year, 15.6% of the micro firms and 10.2% of the small firms will exit the market. This fits the empirical data well, where 16.2% of the micro firms and 11.5% of the small firms exit each year. The probability of a firm exiting over the entire observation period in the data was 43%

for micro firms and 23% for small firms.

Estimated models.

Table 2 displays the results of the EMM compared to a standard OLS estimation (where the independent variable is the logarithm of the data). In stage 1, we predict the probabilities of exit and hiring (model & and 2). In stage 2, we separate the probability of a change (operationalized as hiring or firing of employees) from the magnitude of that change (model 3 for firing) and Model 4 for hiring). These separations are not possible with a normal or an OLS model, our reference model (Model 5)4 . We introduce age, ROA (logarithm), and aspiration below and above the aspiration points as independent variables. The models are estimated across the classes of micro firms and small firms (Recall that firm size in the previous year is used as an offset variable).

As expected, we find that the coefficients for our independent variables differ for the probability of exit (Model 1) and the probability of hiring (Model 2). The coefficients also differ between micro and small firms. The size difference in coefficients for the same independent variable, in some cases, is substantial. For example, our results show that the coefficient for ROA (logarithm) predicting exit is -2.23 (sign.=0.000) for micro firms and -4.11 (sign.=0.000) for small firms. Put differently, the coefficient is 1.8 times stronger for small firms than for micro firms.

Comparing the coefficients for the probability of expansion (contraction) (Model 2)

with the magnitude of expansion (contraction) (Model 3 and 4 respectively), we look at the estimated coefficients for the magnitude. We find that obtaining significant effects is less likely for small firms than for micro firms. Our results also show that the effect of aspirations below and above the aspiration point disappears for small firms. In all, there are strong empirical indications that survival bias is an issue affecting the estimated models.

However, as we argued earlier, sampling strategy can bias the results we obtain. Ideally, we would have all firms in the age span of interest present in all years [START_REF] Keil | Gems from the ashes: Capability creation and transformation in internal corporate venturing[END_REF], thereby mitigating the problem with young (and hence, often very small and stagnant) firms dominating the sample to be analyzed. The dataset used here only started to follow all newly founded firms after 1991. Hence, for the early years there is no representative sample of firms-only firms of age 0 (in 1991), age 0-1 (in 1992), etc. In order to examine the potential bias of this sampling selection, we constructed two data sets: one containing firms aged 0-3, and one that included only the years containing observations of firms in all year categories (i.e., excluding 1991-1994). In Appendix II, we graphically report the difference between the two sampling procedures and the results of the analyses. The differences across models and the improved fit of our model over the log-normal one remained unchanged. Hence, the conclusions remain the same.

Asymmetry in estimations

Our third question addresses the issues of causal asymmetry in expansion (hiring) and contraction (firing). Our findings reported in table 2 show asymmetry. For the magnitude of firing (Model 3), the coefficient for profitability (LogRoA) is negative and significant for micro firms, but not small firms (β=-2.56, sign.=0.02; β=-0.68, sign.=0.32 respectively). For the magnitude of hiring (Model 4), the coefficient for profitability is negative and significant for micro firms, but not small firms (β=-1.36, sign.=0.00; β=-0.21, sign.=0.63 respectively). With increasing profitability, the magnitude of hiring and firing decreases for micro firms. For the magnitude of firing, firm age is positive for micro firms but negative for small ones (β=0.04, sign.=0.08; β=-0.01, sign.=0.60 respectively). For the magnitude of hiring, firm age is significant and negative for micro and small firms (β=-0.15, sign.=0.000; β=-0.03, sign.=0.02 respectively). Our results indicate that with increasing age, the magnitude of firing increases for micro firms but does not affect small firms. With increasing age, the magnitude of hiring decreases for both micro and small firms. The differences between the coefficients are substantial, indicating different forms of asymmetries between hiring and firing, but with firm size also having an effect.

Our results also confirm the difference between the probability of expansion and its magnitude. Comparing the EMM stage 1 (probability of hiring, Model 2) with the EMM stage 2 (magnitude of hiring, Model 4) also reveals important differences in coefficient size between the two, implying that different mechanisms may be at play. Profitability has a positive effect on the probability of hiring for micro firms, but a negative one for magnitude (β=3.20, sign.=0.00; β=-1.36, sign.=0.00 respectively). Firm age has a negative effect for both the probability of hiring and its magnitude for micro firms (β=-0.05, sign.=0.01; β=-0.15, sign.=0.00, respectively). This indicates that the mechanisms affecting the probability of hiring or firing are likely to be different from those that affect the magnitude of hiring and firing. Table 2 displays the results from an OLS regression (Model 5). The coefficients are quite different from those we obtain when we separate expansion from contraction and probability from magnitude in the EMM. As an example, the coefficient for profitability (LogRoA) is positive and significant for micro firms in the OLS model (β=0.23, sign.=0.00), but negative for the magnitude of firing (β=-2.56, sign.=0.02) and the magnitude of hiring (β=-1.36, sign.=0.00), and positive for the probability of hiring (β=3.20, sign.=0.00). A possible interpretation is that the OLS model mostly picks up the probability of expansion, but not its magnitude. The coefficients for age show a similar pattern. The coefficient for age is negative and significant for micro firms in the OLS model (β=-0.02, sign.=0.00), but positive for the magnitude of firing (β=0.04, sign.=0.08), negative for the magnitude of hiring (β=-1.15, sign.=0.01), and negative for the probability of hiring (β=-0.27, sign.=0.00). Hence, we can observe important differences in how coefficients behave based on the model used. To conclude, we show that taking into the distributional properties with many stationary firms and few growth firms, by separating the probability of an event from its magnitude is important to our understanding of new venture growth and survival. Further, we show that there are reasons to consider asymmetry in expansion and contraction as coefficients differ substantially. Current models fail to make these differences.

We argued earlier in our theory that the EMM is sensitive to how many observations we have per unit over time. The observed difference in firm size is likely due to many expansions and contractions. The central limit theorem suggests that the sum of many random variables converges toward a normal distribution, even if the original variables themselves are not normally distributed. Hence, the normal distribution could be suitable if we have access to an increased number of observations per firm for the observation period. We run a simulation to examine how quickly the central limit theorem kicks in.

We start by simulating 5,000 firm sizes for both small and micro firms. Each firm has a random size of 10 to 25 employees for the small firms and a random size of 1 to 9 employees for the micro firms. We then measure the firms' development each month, where each firm has either a firing or hiring event with 5% probability. If a firm has a hiring month, we generate the number of new employees from a binomial distribution where the size is the current number of employees and probability is 30%. If a firm has a firing month, we generate the number of fired people from a binomial distribution where the size is the current number of employees and probability is 10%. The parameters of the simulation are chosen so that it should approximately match the observed data (on a yearly basis). We run the simulation for each month during four years (a total of 4*12= 48 monthly observations per firm) and present the result for each year in Figures 3a and3b for micro and small firms, respectively.

In Figure 3a for micro firms, the events of actual hiring and firing are so infrequent and small that even after four years the validity of the normal approximation is questionable. In Figure 3b for small firms, we can see that because, so few events (firing or hiring) have occurred in the first year (12 observations per firm), the normal approximation is not yet valid. After four years, enough events have occurred for the central limit theorem to kick in. Thus, after four years or 48 firm-month observations, the normal approximation is a good approximation and can be safely assumed. We conclude that the EMM model is quite robust, especially for micro firms and even for small firms, if the number of observations is limited.

Figure 3a

Simulation of increased number of observations for micro firms (1-9 employees)

Figure 3b

Simulation of increased number of observations for small firms (10-25 employees)

Discussion

We systematically review extant literature on new venture growth and survival. Our findings show that existing research suffers from the presence of mixed evidence, selection and survival biases, and misguidance in terms of the causal mechanisms governing new venture growth and survival. These problems are connected to three methodological biases: (1) the specific distributional properties of new ventures, often making models assuming the normal distribution inadequate, (2) the presence of strong selection, such as self-selection and survival bias, increasing the risk of biased conclusions, and (3) the asymmetry between contraction and growth confounding causal mechanisms.

To mitigate these biases, this paper introduces a two-part model approach-the Event Magnitude Model, which allows organizational and entrepreneurship researchers to better separate the likelihood of an event from its magnitude. We apply the EMM to the specific problem of new-firm growth and survival. This is an informative context in which to test the EMM, as most new firms do not grow and have high exit rates; if they do grow, there is an important difference in the magnitude of their growth. Further, we argue that expansion and contraction are asymmetric, both empirically and theoretically. We make a case against using a standard normal model to explain new-firm growth and survival, and instead develop a new type of two-stage model. In its first step, the EMM estimates the probability of exit, stasis, firing, or hiring of employees using a logistic regression approach. Then, in a second step, the EMM estimates the magnitude of these changes in a similar way to a negative binomial regression. We illustrate the model using data from published research.

We find strong support for our claim that the normal model generates densities that diverge sharply from the actual data, thereby offering a poor fit to the data. Our EMM model offers a much better fit. In general, the normal model underestimates stasis and overestimates both firing and hiring. We conclude that the log-normal model limits the development of knowledge of new-firm growth and survival.

We also find that controlling for size class is important to generate unbiased estimates.

Because samples of new firms are dominated by micro firms, and those micro firms are most likely to remain in stasis, we are at risk of missing relationships causing firm expansion (e.g., hiring employees) or contraction (e.g., firing employees). For example, it may seem surprising that our results show that the effect of aspirations below and above the aspiration point disappears for small firms. However, there are two potential reasons for this difference between size classes. The first is that because the small-firm size class contains far fewer observations than the micro class, we are less likely to detect differences in this class-i.e., we lack statistical power for small firms compared to micro firms. A second reason could be that there is a dependence between the size of a firm and the aspiration level of its entrepreneurs. We can also theorize that aspiration levels are dependent on firm size and cannot assume here that the effects are purely related to issues of statistical power. Taken together, this finding emphasizes the importance of controlling for size class.

Expansion and contraction are not symmetrical in either theory or data; the data and the models clearly show that they are not mirror images. In our data, new firms are in general more likely to hire than to fire. This is also true for the magnitude of their changes in size. An obvious but still relevant observation is that firms cannot fire more employees than they already employ, but they can hire indefinite numbers of new ones. We also observe that our coefficients have different estimates when predicting probabilities versus magnitude and hiring versus firing, and when comparing our model with the standard OLS model. Other alternatives include two-stage least square models using bootstrapped standard errors [START_REF] Antonakis | On making causal claims: A review and recommendations[END_REF][START_REF] Startz | Improved Estimation of Peer Effects using Network Data[END_REF] and multilevel models [START_REF] Snijders | Multilevel analysis: An introduction to basic and advanced multilevel modeling[END_REF]. However, we still believe that EMM yields more reliable results for two reasons. First, if the data have rare extreme values (i.e., in our case high growth-oriented new ventures), bootstrapping undervalues these observations-a main drawback solved by the EMM. Second, multilevel modeling follows the assumption of random effects, including the normal distribution (Antonakis et al., 2019b), which is also a problem that EMM addresses.

Implications for research on new firm growth and survival

Our EMM examines new firm growth, separating out expansion and contraction.

Therefore, it provides important flexibility to better estimate how new firms develop by asking not whether firms grow or exit, but rather what is the probability of a new firm hiring or firing, conditional on its survival, and then what the magnitude of this change is. The EMM approach introduces much-needed flexibility in the study of new firms' growth and exit. We highlight many empirical problems-including the dominance of micro firms, asymmetries in firing and hiring, and the consequence of numerous static firms-that we believe have a strong impact on the estimated coefficients in our models.

There is no doubt that new-firm growth and new-firm survival are central topics within entrepreneurship. Explaining how this population of firms behaves, and how they generate economic value-whether as a group, or as individual firms in competition-is crucial to understanding the function of entrepreneurship in modern economies. However, the vast majority of entrepreneurship literature has neglected the problem of how to best estimate growth and survival. These two topics are rarely tackled jointly within the same paper-even though we have powerful evidence that survival and growth are linked at both the population [START_REF] Carroll | The Demography of Corporations and Industries[END_REF][START_REF] Geroski | Modelling the dynamics of industry population[END_REF] and individual-firm levels [START_REF] Delmar | Untangling the relationships among growth, profitability and survival in new firms[END_REF]. At the population level, churning (i.e., the rates of firm entry and exit) [START_REF] Barnett | Asymmetric selection among organizations[END_REF][START_REF] Luttmer | On the Mechanics of Firm Growth[END_REF], especially in a new industry, is correlated to firm growth [START_REF] Klepper | Exit, Growth, and Innovation over the Product Life Cycle[END_REF].

At the firm level, under-sampling of firms' failure leads to both success bias and survival bias in our models [START_REF] Denrell | Vicarious learning, undersampling of failure, and the myths of management[END_REF].

We believe that intermingling the probabilities and the magnitude of change is an important limit to progress in this domain. The relatively simple EMM we have developed and tested here provides a first step for research to be more aware of the natural challenges of the data we seek to analyze. For example, an interesting particularity of a two-stage model is that we can distinguish between the effect of covariates that predict an event and those that predict the magnitude. We can theorize whether, for example, profitability affects the likelihood of an event (firing, hiring, stasis, or exit) and also its magnitude. This is a context where we can imagine the different causal mechanisms that might be at play. The ability to better explain "how" firms grow is suggested as an important step to advance research [START_REF] Shepherd | A Call for Research on the Scaling of Organizations and the Scaling of Social Impact[END_REF]. Hence, our model potentially opens up new ways to theorize new-firm growth and survival. We believe that continuing to impose normal distribution on data that is not normally distributed is not the answer; we are merely forcing a square peg into a round hole. Instead, our models need to adapt to the data we wish to analyze. In addition, we show that the EMM can separate out and deal more effectively with zero-inflated distributions, where most units never change or exhibit only small fluctuations over time. Indeed, by developing models that better fit data, we can advance research in this area.

Such research also has important implications for policy. Many studies have pointed to the importance of new high-growth firms to rejuvenate economies-in terms of employment, but also in terms of generating innovation and sharpening competition. Research has had a difficult time developing models that go beyond strong description and actually test causal mechanisms that might account for high-growth firms (e.g., [START_REF] Sterk | The nature of firm growth[END_REF]. While we may not have reached that milestone in this one study, we do point to a possible way forward, using models that are just as easy to implement as normal. We also show that increases and decreases in an outcome variable are not necessarily symmetric, for not only theoretical rationale but also for empirical reasons.

Limitations and Future Research

Our study has several limitations that could give pause to future avenues for research.

To start, we have only tested our model on a single sample. Even though we have used both a training and a prediction set, we might still be over-fitting to the dynamics of this sample. Future research will need to expand the EMM to other samples.

Second, we have only partially resolved the problem with stasis versus change and magnitude. We show that micro firms are more static than small firms. This is partly because micro firms have less of a stochastic element tied to their employment size. That is, a larger firm is more likely to experience some change in size than a smaller one, because firms become more subject to random changes in their size as they grow. Specifically, the changes we observe are not due to the causal mechanisms we are interested in. Rather, they are since, with increasing size, the probability of an employee leaving, or of the firm hiring an extra employee to replace a planned departure (e.g., a retirement), just increases. Hence, small changes in firm size might often just be stochastic movement around a static firm size. A next step, therefore, is to try to separate stochastic changes or noisy variation from true changes in firm size.

One potential approach would be to relax the Markov assumption, and instead assume that the companies are in an active or static stage that is modeled by a hidden Markov model (Cappé, Moulines, and Ryden, 2005). This approach has been successfully applied in myriad fields, such as finance [START_REF] Rydén | Stylized facts of daily return series and the hidden Markov model[END_REF], driver behavior [START_REF] Maghsood | Detection of steering events using hidden Markov models with multivariate observations[END_REF], and speech recognition [START_REF] Rabiner | A tutorial on hidden Markov models and selected applications in speech recognition[END_REF]. The idea is that stasis is a hidden state in which firms have a small magnitude of firing and hiring-or, alternatively, natural fluctuations in sales or profits. These small fluctuations are purely due to randomness, and do not indicate any overall growth or decline of the firm.

Third, while we discussed how to best model new-firm growth and survival using an existing sample, we offer little advice on how to design such studies in the future. A fundamental challenge in new-firm research is that we have few observations per unit of observation. Because new firms on average have short life spans, we will have few observations per firm when modeling new-firm growth and survival. Working with fewer observations leads to a higher stochastic element than studying long-established firms. To mitigate this problem, we probably need data with shorter time intervals than the standard one-year interval found in most register data (e.g., [START_REF] Coad | Growth paths and survival chances: An application of Gambler's Ruin theory[END_REF]. This was the objective of our simulation. We show that this was difficult to achieve without a substantial number of observations, and especially problematic for micro firms. Hence, the need for an increased number of observations per period of observation has to be balanced against the cost of such data, and the observed fact that most new and micro firms remain relatively static.

Increasing cohort size, or incorporating already-existing firms into a sample, are not perfect solutions either. Looking solely at cohorts of new firms offers several advantages, but also some disadvantages. On the plus side, cohorts provide strong information about age and age-related variation. For example, in many cohorts, the variation across causal mechanisms tends to be large, because causal mechanisms are emerging as the firms create routines and solidify the business model. Consequently, the variation will diminish as a function of time.

The age coefficient might be different for cohorts of younger firms than in a sample mixing cohorts of new firms with incumbent firms. However, non-growing micro firms will dominate such designs. Therefore, comprehensive data including both new firm entry and incumbents may provide a better alternative to study growth. Future work will have to examine how to best design such studies.

While we have briefly discussed both survival bias and selection bias, the details of when different forms of bias affect our estimated coefficients have yet to be fully estimated.

That is, we have not fully taken account of how the number of new firms per cohort, and their relative survival rates, affect the distribution of observations in a population of new firms.

Conclusion

Current research tends to underestimate the problems related to studying new firm growth and survival. In this paper, we argue that firm survival and firm growth are related, and that firm growth is rare but can be substantial. We also argue that firm contraction and expansion are not symmetrical-neither theoretically nor empirically. Therefore, the standard models assuming the normal distribution are not appropriate. Rather, we suggest a two-stage model called the "Event Magnitude Model", which explores the probability of an event and then its magnitude. We empirically show that the EMM outperforms the normal model. Our EMM thereby opens new avenues to develop and test theories that are not possible using log-normal distribution models. We have provided a step-by-step example showing that our two-stage model fits data better, changes the value of estimated coefficients, and opens a new way to cut data and thus generate new insights. We hope that our work will contribute to a vital discussion of how we can model rare events with potential large magnitudes for organizations, entrepreneurship, and new-firm dynamics. Finally, we have developed the code for R with simulated data, making our model readily accessible and easy to use. yielded 5 more papers, three of which were review articles (i.e., [START_REF] Bjørnskov | Institutions, entrepreneurship, and economic growth: what do we know and what do we still need to know?[END_REF][START_REF] Gilbert | New venture growth: A review and extension[END_REF][START_REF] Soto-Simeone | Antretter T. New venture survival: A review and extension[END_REF]. We limit our list to articles published from 2000 onwards, which removed 2 articles published in 1994 [START_REF] Cooper | Initial human and financial capital as predictors of new venture performance[END_REF] and 1997 [START_REF] Barkema | What differences in the cultural backgrounds of partners are detrimental for international joint ventures[END_REF]. Accordingly, our systematic review retrieved a total of 96 empirical papers. The stop date of the search was May 15, 2021. An alternative and popular measure of growth is firm sales or revenues. Sales growth is a dependent variable in 41% of the papers examined in our review. Here we adapt our EMM to sales data instead of employee data to show the versatility of our model. The dynamics of an increase or a decrease in sales (compared to previous years) are not substantially different from increases or decreases in employees (hiring and firing). The researcher can apply the same framework introduced here, but with the following modifications.

First, the probability of equal sales compared to the previous year is not needed here, unless the researcher assumes that the firms are in an active or static stage that is modeled by a hidden Markov model (Cappé, Moulines, and Ryden, 2005), as discussed in the main text. In the current version of the EMM, the probability model is irrelevant because sales fluctuate more than employees and are less likely to be the same as in the previous year. Second, and more importantly, sales is not integer value but a continuous value. Hence, we need to change the density distribution of the magnitude of contraction and expansion in sales. Preliminary analysis shows that the magnitude for expansion (even after removing extreme outliers) is very heavy tailed and necessitates a logarithmic transformation. For this transformed variable (the logarithmic value of expansion, or increase, in sales) we use a Gamma distribution. For contracting, or decreasing, sales we choose to model the ratio between sales and previous sales as a Beta distribution.

We compare the fit in distribution below in Figure A2. We see that from a distributional perspective the normal distribution is a poor fit (which does not necessarily mean that coefficients are wrong). We can also see that the small firms (defined as having between 1 -4 million euro in annual sales) has a stronger left tail compared to the micro firms (having less than 1 million euro in annual sales). Remember that the coefficients for expansion are based on logarithmic transformed data.

Table 6A is a replication of Table 2, but for sales changes instead of employee changes.

Note that models for expansion and contraction are based on data with different scales (logarithmic and ratio, respectively). Hence, one cannot compare the values of the coefficients across the rows in Table 6A.

Figure 3A still shows a significant improvement in fit when using the EMM instead the log-normal model. Table 6A gives some interesting new insights. The normal model would suggest that higher profitability (LogROA) leads to higher sales. However, we find that higher profitability leads to an increased probability of expanding sales but does not predict its magnitude. Hence, the EMM is equally valuable for sales as for employment growth.

Table 6A Estimated coefficients for our two-stage model with an OLS regression. EMM is composed of stage 1, predicting the probability of the event of increased sales, and stage 2, predicting the magnitude of increased and decreased sales. Above <-rgamma(n=length(beta), shape = beta, scale= alpha) seq_ratio_pos <-seq(0+0.1, max(Y_ratio), length.out=100) pX = rep(0, length(seq_ratio_pos)) for(i in 1:length(seq_ratio_pos)){ pX[i] <-mean(ProbA*dgamma(seq_ratio_pos[i], scale =1/beta, shape=alpha)) } lines (seq_ratio_pos, pX, col='red',lwd=2,lty=2) ``` ### Code for used for the simulation: The code is available in the package but we put it here for transparency ```r logit <-function(x){1/(1+exp(-x))} #' #' simulate company data that mimics the article generate.data <-function(n, size="small"){ if(size=="small"){
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Table 1

 1 Probabilities of test data, micro and small firms

	Prob / model	Empirical	EMM	Normal
	Micro firms (1-9 employees)	
	P(Hiring)	0.19	0.19 (0.002)	0.25 (0.003)
	P(Static)	0.69	0.69 (0.003)	0.62 (0.003)
	P(Firing)	0.12	0.12 (0.002)	0.13 (0.001)
	Small firms (10-25 employees)	
	P(Hiring)	0.54	0.50 (0.013)	0.46 (0.008)
	P(Static)	0.12	0.12 (0.009)	0.08 (0.004)
	P(Firing)	0.34	0.36 (0.012)	0.46 (0.010)
	Note: Observations for micro firms n=25,379; small firms n=1,590. In parentheses are the bootstrap estimated
		standard deviation.	

Table 2

 2 Estimated coefficients for our two-stage model with an OLS regression. EMM is composed of stage 1, predicting the probability of the event of exit and the probability of the event of hiring, and stage 2, predicting the magnitude of hiring and firing.

		Model 1: EMM Stage 1 Prob. (Exit)	Model 2: EMM Stage 1 Prob. (Hiring)	Model 3: EMM Stage 2 Magn. (Firing)	Model 4: EMM Stage 2 Magn. (Hiring)	Model 5: OLS (Growth)
	Covariates	β	(s.e.)	p-value β	(s.e.)	p-value	Β	(s.e.)	p-value	β	(s.e.)	p-value	β	(s.e.)	p-value
	Micro firms (1-9														
	employees)														
	Intercept	-1.23	(0.04)	< 10-15	0.37 (0.08) < 10-05	-2.77	(0.22)	< 10 -15	-0.85	(0.06)	< 10 -15	0.09	(0.01)	< 10 -15
	log(roa)	-2.23	(0.19)	< 10-15	3.20 (0.35) < 10-15	-2.56	(1.10)	0.02	-1.36	(0.28)	< 10 -07	0.23	(0.02)	< 10 -15
	age	-0.09	(0.01)	< 10-15 -0.05 (0.01) < 10-07	0.04	(0.02)	0.08	-0.15	(0.01)	< 10 -15	-0.02	(0.00)	< 10 -15
	asspI(assp > 0)	0.02	(0.003) < 10-13 -0.27 (0.01) < 10-15	0.09	(0.02)	0.0001	0.008	(0.01)	< 10 -15	-0.02	(0.00)	< 10 -15
	asspI(assp < 0)	-0.04	(0.004) < 10-16 -0.10 (0.01) < 10-15	-0.01	(0.03)	0.72	-0.07	(0.01)	< 10 -15	-0.02	(0.00)	< 10 -15
	Small firms (10-														
	49 employees)														
	Intercept	-1.12	(0.18)	< 10-10	0.42 (0.14) < 10-12	-2.33	(0.16)	< 10-15	-1.67	(0.23)	< 10 -12	0.06	(0.02)	0.003
	log(roa)	-4.11	(1.14)	0.0003	3.63 (0.72)	< 10-6	-0.68	(0.69)	0.32	-0.21	(0.63) 0.63	0.19	(0.09)	0.03
	age	-0.15	(0.03)	<10-7	-0.01 (0.02)	0.45	-0.01	(0.02)	0.60	-0.03	(0.06) 0.02	-0.00	(0.00)	0.06
	asspI(assp > 0)	0.05	(0.01)	<10-4	-0.08 (0.01) < 10-07	0.09	(0.02)	< 10 -5	0.001	(0.01) 0.40	-0.02	(0.00)	< 10 -15
	asspI(assp < 0)	0.01	(0.03)	0.75	-0.07 (0.03)	0.003	-0.05	(0.05)	0.26	-0.02	(0.01) 0.25	-0.00	(0.00)	0.11
	Note: Observations for micro firms n=25,379; small firms n=1,590. OLS: For small firms: Adjusted R-squared: 0.6609; Residual standard error: 0.3108. For micro firms:
	Adjusted R-squared: 0.7527; Residual standard error: 0.354.										

Table 2A

 2A Probabilities of test data, micro and small firms

	Prob / model	Empirical	EMM	LN
	Micro firms (1-9 employees)	
	P(Hiring)	0.18	0.19 (0.002)	0.25(0.003)
	P(Stagnant)	0.71	0.71 (0.003)	0.64 (0.003)
	P(Firing)	0.11	0.10 (0.002)	0.11 (0.001)
	Small firms (10-25 employees)	
	P(Hiring)	0.54	0.54 (0.013)	0.49(0.008)
	P(Stagnant)	0.13	0.11 (0.009)	0.08 (0.004)
	P(Firing)	0.33	0.34 (0.012)	0.43 (0.010)

Table 3A

 3A Estimated coefficients log odds for the probability of hiring and exit

	APPENDIX III. EMM for Firm Sales	Table 4A Table 5A			
	Estimated coefficients for the magnitude of expansion and contraction, ROBUST Estimated coefficients for the log normal, ROBUST
	Covariates Covariates Covariates	β β β	s.e. s.e. s.e.	p-value p-value p-value	β β β	s.e. s.e. s.e.	p-p-value p-
	Intercept log(roa) age asspI(assp > 0) 0.02 -1.07 -2.33 -0.14 asspI(assp < 0) -0.03 Intercept -2.76 log(roa) -4.82 Intercept 0.15 age 0.07 log(roa) 0.15 asspI(assp > 0) 0.17 age -0.04 asspI(assp > 0) -0.01	Micro firms (1-9 employees) Exit 0.07 0.21 0.02 0.003 0.09 Micro firms (1-9 employees) Micro firms (1-9 Firing employees) 0.27 Firing 2.11 0.01 0.16 0.03 0.04 0.00 0.00	< 10 -15 < 10 -16 < 10 -11 < 10 -08 0.74 < 10 -15 0.02 < 10 -15 0.96 < 10 -09 0.0001 < 10 -15 < 10 -15	-0.77 -4.11 -0.24 0.05 -0.05 -2.03 -1.58 0.05 -0.09 0.32 0.11 -0.05 -0.02	Small firms (10-49 employees) Exit 0.37 1.51 0.10 0.02 0.08 Small firms (10-49 Small firms (10-49 employees) employees) Firing 0.34 Firing 1.16 0.34 0.09 1.16 0.03 0.09 0.03	value 0.04 0.005 0.02 0.53 0.87 value < 10 -7 0.21 0.17 0.01 0.28 0.67 0.0001 < 10 -12
	asspI(assp < 0) -0.03 asspI(assp < 0) -0.02	0.005 employees) Micro firms (1-9 0.00	< 10 -11 < 10 -15	0.01 -0.01	0.06 employees) Small firms (10-49 0.02	0.37 0.01
			Micro firms (1-9			Small firms (10-49 Hiring	
	Intercept Intercept log(roa) log(roa) age age asspI(assp > 0) 0.07 -0.22 0.77 -2.64 3.00 -0.32 -0.22 asspI(assp > 0) -0.19 asspI(assp < 0) -0.06	employees) Above 0.11 0.16 0.33 0.45 0.03 0.05 0.01 0.01 0.01	0.03 < 10 -05 < 10 -14 < 10 -11 < 10 -16 < 10 -07 < 10 -13 < 10 -15 < 10 -15	-1.72 0.61 -0.32 3.50 -0.04 -0.11 0.003 -0.07 -0.05	employees) 0.23 Above 0.32 0.63 1.01 0.06 0.08 0.02 0.02 0.02	< 10 -12 0.62 0.06 0.53 0.0006 0.86 0.19 0.0002 0.06
	asspI(assp < 0) -0.18 Note: Observations for micro firms n=17,508; small firms n=724. 0.02 < 10 -15 -0.22	0.08	0.004
	Note: Observations for micro firms n=17,508; small firms n=724.		

Two-part models normally only have a binary first stage, and often only one continuous distribution. That is, the distribution of Ht and Ft are handled simultaneously.

Note that we do not test the null hypothesis of equal distribution for micro firms (1-9 employees) because the mass of the distribution is heavily concentrated at 1-2 employees (76% of the observations). Thus, the test is not relevant.

For the sake of simplicity, we do not include a Heckman correction to control for survival-although our two-stage model can easily incorporate such a feature at the first stage.

This research is supported by a grant from the Swedish Research Council (Registration Number 2018-01726).

APPENDIX I. SYSTEMATIC REVIEW OF NEW FIRM GROWTH AND SURVIVAL

We follow the search protocols of [START_REF] Tranfield | Towards a Methodology for Developing Evidence-Informed Management Knowledge by Means of Systematic Review[END_REF] for conducting systematic reviews in the field of management. We started broadly by searching for the keywords "new venture" and "new firm" in Thomson ISI Web of Knowledge. This resulted in 8,220 and 44,667 papers, respectively. We then limited our review to English articles published in the fields of business, management, and economics. This left us with a total of 3,715 papers for the keywords "new venture" and 23,506 papers for "new firm". Within the 3,715 papers, we used eight other keywords to capture new firm growth and survival: "venture dynamics" (n=580), "venture growth" (n=976), "venture expansion" (n=125), "venture survival" (n=327), "venture contraction" (n=2), "venture termination" (n=7), "venture exit" (n=87), and "venture closure" (n=14). Within the 23,506 papers with "new firm", we used eight keywords: "firm dynamics" (n=3,992), "firm growth" (n=200), "firm expansion" (n=651), "firm survival" (n=940), "firm contraction" (n=43), "firm termination" (n=52), "firm exit" (n=593), and "firm closure" (n=78).

As the aim of this paper is to capture the dynamics of new ventures, we limit the retrieved studies to articles taking a longitudinal perspective. Therefore, within each search term, we used two further keywords "longitudinal", and "panel".

We screened the articles using title and abstract analysis to identify every paper that might be relevant to our topic-the papers whose dependent variable is one of the dynamics indicators (i.e., growth, expansion, survival, contraction, termination, and exit). This yielded 60 papers for "new venture", and 46 papers for "new firm". We excluded 12 papers for being qualitative, and/or having dependent variables not on venture dynamics, leaving 94 papers.

Finally, we included some papers based on experts' opinions to ensure that we did not miss any relevant articles-we shared the list of the 94 retrieved articles with two experts in the field and asked them to identify any papers that our procedure had failed to identify. This additional step The circles indicate the used data in our robust selection scheme. The stars represent unused data.

APPENDIX IV. Syntax for the R Package

This is a small tutorial on how to install our (A) R-package, (B) simulate data, and then run the (C) EMM for employment and (D) sales, respectively model firm growth using the model proposed in the paper.

. ```

# B simulate data employment

In the `cams` package we can generate simulated data created to be similar to the data for which we produced the files. This can be simulated in R by: (Here we simulate medium sized companies for large companies set size to `"small"`) ```r library(cams) n <-10000 size = "medium" if(size== "small"){ trunc_emp_prev=Inf }else{ name='medium' trunc_emp_prev = 15 } data <-generate.data(n,size) ``` # C Estimate EMM for employment Now that we have simulated the data in `data` we first created a dummy variable for truncated employment: ```r data$emp_prev_trunc <-data$emp_prev data$emp_prev_trunc[data$emp_prev_trunc > trunc_emp_prev] = trunc_emp_prev data$emp_prev_trunc <-factor(data$emp_prev_trunc) ``` Then we setup the actual EMM object: ```r cam_obj <-growthObjInit(data, "emp", "emp_prev", exitIndex= "exit") dist_list <-list(Above = " y ~ 1 + ln_roa + age + assp_hist_over + assp_hist_below + offset(log(emp_prev))", Below = " y ~ 1 + ln_roa + age + assp_hist_over + assp_hist_below + offset(log(emp_prev))", ProbEqual = " y ~ 1 + ln_roa + assp_hist_over + assp_hist_below + emp_prev_trunc ", ProbAbove = " y ~ 1 + ln_roa + assp_hist_over + assp_hist_below ", ProbExit = " y ~ 1 + ln_roa + assp_hist_over + assp_hist_below + emp_prev_trunc ") cam_obj <-growthEstimate(cam_obj, formula = dist_list) ``` To fit a simular log normal object we can use the built in `lm`: ```r #change scale for assp reg_dat$assp_soc_prev <-reg_dat$assp_soc_prev/100000 #should not have negative previous sales either, i.e. don't allow dormant companies.

``` Then we run similar analysis to employee data (including log normal file). Note that the `dist_list` are the regression models for: * Positive sales magnitude (`Above`), * Negative sales magnitude (`Below`), * Probability of equal sales (`ProbEqual`) (not very relevant for sales) * Probability of positive sales (`ProbAbove`) * Probability of company leaving the market (`ProbExit`) ```r cam_obj <-growthObjInit(reg_dat, "sales", "sales_prev", exitIndex= "exit_term") dist_list <-list(Above = " log(sales/sales_prev) ~ 1 + ln_roa + age + emp_prev ", Below = " y ~ 1 + ln_roa + age + emp_prev ", ProbEqual = " y ~ 1 + ln_roa + emp_prev ", ProbAbove = " y ~ 1 + ln_roa + age +sales_prev ", ProbExit = " y ~ 1 + ln_roa + emp_prev + sales_prev ") #fit everything cam_obj <-growthEstimate(cam_obj, formula = dist_list, dist = list(Above = "gamma", Below = "betamc"), difference=F) logNorm_obj <-lm("log(sales/sales_prev) ~ 1 + ln_roa + age + emp_prev", data = reg_dat)

```

Then we plot the log ratios of the sales and previous sales, and compare the density of the lognormal and EMM model.