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FAILURE OF NEW VENTURES: A SURVIVAL ANALYSIS OF THE TELECOMMUNICATIONS INDUSTRY

ABSTRACT
Using resource-based theory and upper echelon theory, we identify factors influencing new venture survival and failure. We argue that the resources firms control and the characteristics and composition of their top management teams (TMTs) play a major role in firms’ likelihood of failure.  We test our hypotheses on 145 telecommunications startups that issued IPOs in1996-2000. Results indicate that TMT characteristics do not significantly differ among survivors and non-survivors and TMT composition does not impact firm failure. Consistent with earlier literature, firms entering the market earlier, patenting their innovations, and those with a scale advantage have a higher likelihood of survival. 

INTRODUCTION
In the last decade, triggered by technological breakthroughs and government deregulation, the number of new firms in Internet-based and telecommunications industries increased dramatically. While some of these ventures created successful public firms and jobs in the short run, many failed within a few years. The number of new issues was dramatically lower in 2001-2005 after the dotcom era than in any other period in the last two decades. It is important for researchers to identify and understand how and why these boom and bust cycles occur. This study examines such survival and failure patterns. 
Failure of new ventures is an area that has not been systematically explored in the strategic management or the entrepreneurship literature. This study proposes that past research attempting to investigate this topic has serious limitations in that it has relied solely on data collected from successful companies. Our study is designed to overcome the survivor bias inherent in previous work by examining data on both surviving and failed companies. 

THEORETICAL BACKGROUND
Researchers agree the entrepreneurship literature clearly needs to address some of the explanatory variables typically examined in strategic management for how business opportunities are exploited, as well as a framework broader than firm creation (Shane and Venkatraman, 2000). We attempt to provide such a framework in this study. The asymmetric nature of information about emerging markets, products/services, or processes allows entrepreneurs to seek out those resources that can be recombined in new ways and sold at a profit (Schumpeter, 1934). The duration between the emergence of an opportunity and its diffusion is influenced by many different factors (Shane and Venkatraman, 2000). This study investigates such factors influencing firm performance, and subsequent survival/failure are identified using resource- and knowledge-based views of the firm, and upper echelon theory. 

Our primary research questions are: 1) When and why do new ventures fail? and 2) How do top management team characteristics contribute to new venture performance? Almost by definition, some variables that have been found in strategy research to be important predictors of firm performance, such as top management characteristics, become even more highly relevant in the entrepreneurial context, because they drive (access to) other resources for the new firm. We develop a multi-level theoretical framework to investigate such predictors and then empirically test the framework to determine whether these variables also predict performance outcomes for startups as well as they predict outcomes for established companies. In particular, our primary emphasis is on the impact of top management team characteristics on firm performance, an area that has received considerable attention as well as accumulated strong support in the strategic management literature. Much of the evidence has focused on samples of established firms. We investigate whether TMT characteristics are as critical for new ventures as they are for more established firms.

HYPOTHESES
Our hypotheses examine the impact of group, organizational, and industry factors on firm failure. According to the resource-based view of the firm, entrepreneurs construct opportunity with the resources they control, so if they do not possess or have access to the right resources, or they misuse what they do have, they might not be able to succeed. Hence, entrepreneurs can fail even if they have valuable opportunities. There are critical factors in the internal (i.e. organizational level) and the external (i.e. industry level) environment of the firm that contribute to how opportunities are exploited.  Factors we investigate include TMT characteristics and composition (i.e. group level), as well as timing of market entry, firm size and age, proprietary organizational knowledge, venture capital involvement, and intensity of competition. We examine the impact of these factors on firm performance, as measured by the likelihood of firm failure. We control for TMT size, IPO size, and industry sector.

If firms and their managers do not possess or have access to the necessary resources and capabilities, they may remain unaware of opportunities. The characteristics of top managers, in this case, entrepreneurs, are particularly relevant to opportunities and particularly critical for young firms because they have not had the time to establish firm-level networks that can alternately provide them access to opportunities (Eisenhardt and Schoonhoven, 1996). “Entrepreneurial firms are significantly smaller than the large, mature firms on which the majority of organizational research is conducted. By extension, then, entrepreneurial leaders may operate under less severe constraints, enabling them to more directly impact firm outcomes such as performance (Daily, McDougall, Covin, and Dalton, 2002:402)…entrepreneurial settings provide a venue where the impact of governance structures and strategic leadership are likely to be most pronounced” (388).
There is an established literature stream in strategic management that provides strong evidence for the contribution of managerial deficiencies to organizational decline and subsequent failure (Hambrick and D’Aveni, 1992). According to upper-echelon theory (Pegels, Song, and Yang, 2000, Boeker, 1997, Knight, Pearce, Smith, Olean, Sims, Smith, and Flood, 1999), TMT characteristics significantly affect firm behavior and outcomes because top executives are the primary strategic decision-makers in the firm. Upper-echelon theorists have utilized demographic characteristics of the TMT (such as age, education, tenure, functional background) to serve as indicators for the intangibles in the TMT’s decision-making process (Goll, Sambharya, Tucci, 2001). 
Research on organizations demonstrates evidence for the representation of firm failure as ‘a downward spiral’ (Hambrick and D'Aveni, 1992). Under pressure, managers of a failing firm will be more prone to misperceive reality and make the wrong decisions. In this view, once a firm starts to fail, its condition is more likely to deteriorate than improve (Whetten, 1980). In fact, there is evidence that managerial deficiencies trigger or intensify performance decline and subsequent failure (Hambrick and D'Aveni, 1988, 1992). This phenomenon is generally explained by managerial misperceptions giving rise to lapses in information processing, which, in turn, cause strategic errors.

According to upper-echelon theory, decision making in the TMT is influenced by the executives’ values, beliefs, and cognitions, all intangible constructs that are difficult to measure. The upper-echelon theory suggests that researchers can utilize demographic characteristics of the executives on the TMT as observable proxies for the individuals’ input and their group decision making. Upper-echelon theorists have examined this link between TMT characteristics and firm behavior in detail (Finkelstein and Hambrick, 1990, Thomas, Litschert, and Ramaswamy, 1991, Michel and Hambrick, 1992, Hambrick and D'Aveni, 1992, Boeker 1997). Studies in this area have predominantly found associations between TMT social and demographic characteristics and organizational outcomes (Pegels, Song, and Yang, 2000).


Researchers have operationalized team composition with age, tenure, and measures of heterogeneity. Eisenhardt and Schoonhoven (1990), and Hambrick and D'Aveni (1992) have found links between TMT composition and social and psychological predispositions of top executives. The demographic characteristics of the TMT are said to inform the shared vision that inspires the team’s decision making (Hambrick and Mason, 1984, Miller, 1993). Effective information processing by the TMT improves firm performance (Henderson and Fredrickson, 1996).
Among TMT demographic characteristics that have been found to affect firm performance in established firms, age is expected to be positively associated with risk aversion (Goll, Sambharya, Tucci, 2001). Better education and up-to-date technical knowledge are argued to characterize younger managers (Bantel and Jackson, 1989) Younger age should therefore contribute to superior performance (Norburn and Birley, 1988). Previous research corroborates this perspective (Knight et al, 1999, Zenger and Lawrence, 1989) although when TMT members are too young, it may be difficult for a startup firm to attract a valuable network of people (e.g. investors, customers, suppliers, etc.) who will help them with various aspects of the business. The demographic characteristics of the TMT may also act as signals to the public for the performance potential and risk of the company, especially with the lack of historical data for a startup (Cohen and Dean, 2005). Older TMT members, in that case, could be perceived as more experienced (whether this is accurate or not), and in turn, help the company gain access to valuable resources and networks (Goll, Sambharya, and Tucci, 2001) Combining the two arguments, we hypothesize that the benefits of age would be expected to bring diminishing returns to firm performance at higher levels. As such, firms with TMTs that are too young or too old would be more likely to fail:

Hypothesis 1: TMT age will have a U-shaped relationship to the likelihood of failure for the firm.

Past research has found the level of education in the TMT to be associated with changes in corporate strategy (Wiersema and Bantel 1992) and innovation (Bantel and Jackson 1989), and as such, with firm performance (Norburn and Birley 1988). TMTs with higher levels of education are expected to generate a wider range of creative solutions when faced with complex problems and therefore are much better equipped to handle the problems that could arise from being a new venture. Moreover, the telecommunications industry is driven by innovation. Having a TMT that includes executives with advanced degrees in engineering, for example, is a very valuable asset for a young company. Hence, we hypothesize that the higher the educational level of the TMT, the more likely the firm is to survive.

Hypothesis 2: Higher educational levels for the TMT will be associated with a lower likelihood of failure for the firm.

Outsiders on the TMT extend the expertise of the board of directors (Hambrick and D’Aveni, 1992, Pfeffer and Salancik, 1978). They can contribute different viewpoints to the group’s decision-making process while expanding the firm’s network through their own access to people, firms, and resources (Goodstein and Boeker 1991). Rosenstein, Bruno, Bygrave, and Taylor (1993) found that outside board members added value to the organization primarily by acting as a "sounding board". Other areas they found outside board members were helpful in were interfacing with the investor group, monitoring operating and financial performance, assistance on short-term crises and problems, providing contacts with customers, obtaining sources of financing, and development and modification of strategy. Outside board members also act as constraints on the activities of management (Daily, McDougall, Covin, and Dalton, 2002, Mizruchi, 1983), more so than insiders (i.e. board members who are also executives of the firm). Therefore, we hypothesize that firms with a higher proportion of outsiders on their TMT will have a lower likelihood of failure.

Hypothesis 3: The influence of outside members on the board of directors will be negatively related to the likelihood of failure for the firm.

Heterogeneous (diverse) TMTs are those that display a greater diversity along certain dimensions/characteristics. There are strong theoretical reasons to believe that heterogeneous TMTs will be more successful because they will seek out a variety of numerous strategic alternatives and ideas and will arrive at solutions from different cognitive perspectives (Pitcher and Smith, 2001, Eisenhardt and Schoonhoven, 1990, Wiersema and Bantel, 1992). Heterogeneous teams will thus exhibit greater creativity. Hambrick and Mason (1984) and Priem (1990) argued that heterogeneous TMTs would be best able to manage complex environments. Heterogeneity is especially important in new ventures because of the complex and ambiguous nature of the TMT’s task in a startup. In prior research in this area, evidence has shown stronger relationships between heterogeneity and strategic outcome variables in turbulent environments (Boeker 1997, Eisenhardt and Schoonhoven 1990, Murray 1989, Pitcher and Smith 2001). 

Heterogeneous TMTs can exhibit diversity in various dimensions. For instance, it is critical for firms to ensure they have on their TMTs a sufficient number of members so that they can account for the whole value chain when they are making strategic decisions. Primary activities of the firm, such as research and design, operations, finance, as well as marketing and sales should be represented on the TMT (Hambrick and D'Aveni 1992). The functional perspectives represented on a TMT are indications of the firm's capabilities in these aspects of running the business. As such, experience in these different competencies becomes even more important in a startup context. Daily, McDougall, Covin, and Dalton (2002) note that functionally balanced teams have been empirically linked to firm growth in new ventures. Therefore, we hypothesize that firms with TMTs members who have similar functional backgrounds will be more likely to fail than firms with heterogeneous TMTs.

Hypothesis 4: Firms with a more heterogeneous functional background for their TMT will have a lower likelihood of failure.
A form of diversity that has not been very well researched in the past is heterogeneity in prior industry experience among the members of the TMT. TMT members who have been active in that particular industry before they got involved with the current startup have a lot to contribute to the team in terms of industry knowledge. Cohen and Dean (2005) have found that past industry experience of the TMT serves as an important signal of value to investors in IPOs. Vesper (1980) reviewed a number of studies that examine factors associated with survival and found that success was more likely to be achieved by those who undertook entrepreneurial efforts in a business they knew well. If such knowledge is also coupled with the different viewpoints of members who have experience in other industries, then the true value of it can emerge in an environment where alternatives are discussed and more innovative decisions and solutions are reached. Kor (2003) has found that managers’ past industry experience does contribute to new venture growth but only with diminished returns. Heterogeneity among TMT member in terms of past experience should therefore be an asset to a startup. Hence,

Hypothesis 5: The TMT's heterogeneity in past industry experience will be negatively related to the likelihood of failure for the firm.
The above-mentioned argument about the knowledge benefits of having past industry experience can also be developed for past startup experience. Those TMTs with members who have experience in starting companies or members who have worked with other startups previously will not only derive direct learning benefits from their past, but also will be perceived by other stakeholders as more reliable and competent, and will be connected to a network of individuals who might be valuable to the new firm. "Prior experience provides knowledge about resources that help to start new firms, entrepreneurial skills, and reputations that help to influence the reallocation of resources to the new venture" (Shane, 2001: 211). Those TMT members who have worked with startups before will not have to ride down the experience curve with the new firm or resort to methods of trial and error, but will have already been through that process. The net result is higher productivity and fewer mistakes. Therefore, we argue that startup experience of TMT members will help firms survive longer.

Hypothesis 6: Firms with TMTs that have more past startup experience will have a lower likelihood of failure.
Until this point, we have discussed the primarily positive effects of TMT heterogeneity on the performance of the team, and subsequently, the performance of the firm. However, sometimes, cognitive diversity may make teams less successful because heterogeneity along certain lines may produce conflict and therefore reduce strategic consensus (Smith et al, 1994). Hambrick, Cho, and Chen (1996) found that heterogeneous teams were slower in their actions and responses and were less likely than homogeneous teams to respond to the initiatives of their competitors. Carpenter (2002) also found support along these lines and concluded that at high levels of complexity, the negative behavioral consequences of diversity may begin to undermine the positive sociocognitive ones. The benefits of heterogeneity might be outweighed by a lack of coherence and behavioral integration within the team (Carpenter, 2002, Finkelstein and Hambrick, 1996). And homogeneity provides certain benefits, too. For instance, diverse teams might not have shared worldviews and common decision-making routines. Coordination among TMT members in highly heterogeneous teams could thus be slower (Williams and O'Reilly, 1998), thereby rendering decision-making less efficient.

Research has also shown that teams that perform well under uncertain and ambiguous conditions have high coordination and flexibility, conditions cultivated more easily by team homogeneity rather than heterogeneity (Eisenhardt, 1989, Eisenhardt and Bourgeois, 1988). As Smith et al (1994:432) explain, "top management teams that work well together react faster, are more flexible, use superior problem solving techniques, and are more productive and efficient than less integrative teams" and "operate as efficient clans, not needing to expend extra energy or resources on group maintenance".  

Along the same lines, Simons, Pelled, and Smith (1999) examined four kinds of demographic diversity that tend to exist in TMTs. Of these, they classified functional, educational, and tenure diversity as more job related and age diversity less so. Following Williams and O'Reilly (1998), they argued and found support for more job-related forms of diversity having a greater potential impact on organizational performance. Job-related forms of heterogeneity, by definition, give the TMT the ability to bring in diverse information and viewpoints, which, in turn, affect organizational outcomes. On the other hand, if the TMT process is characterized by less job-related forms of diversity, such as age, then even though TMT members still exhibit diversity, this may have very little to do with accomplishing their tasks. In this case, the TMT process would not be expected to impact organizational performance very significantly (Simons et al, 1999).

Neither of the positions for or against TMT heterogeneity has received convincing empirical support in extant research in the area (Pitcher and Smith, 2001). Considering the fast-paced, complex, and uncertain environment of the firms in this sample, we advance competing hypotheses on age and tenure heterogeneity of the management team:

Hypothesis 7a: Firms with higher TMT age and tenure heterogeneity will be less likely to fail.

Hypothesis 7b: Firms with higher TMT age and tenure heterogeneity will be more likely to fail.
Among the organizational level variables we examine, order of entry into the market has been researched primarily in marketing even though it started in economics (Kalyanaram, Robinson, and Urban, 1995). In the extant literature, there are two broad streams of thought: a number of authors have stressed the importance of being the first to a market, while others have developed contingency models where followers can create more advantageous positions for themselves (Teece, 1986). We propose that for the startups in our sample, being early to market is a more advantageous position.

Relative to later entrants, market pioneers (i.e. first movers) can gain and sustain competitive advantage at different levels. "At the consumer level, theoretical research predicts that consumer risk aversion, pioneer prototypicality, and consumer learning can aid the market pioneer. In distribution channels, it can be easier for pioneers to gain intensive distribution and to dominate scarce retail shelf space. At the firm level, scale economy or experience advantages can lead to higher quality and lower costs. Market pioneering firms also have the opportunity to develop a broad product line, while later entrants are often forced to enter a market niche with a narrow line" (Kalyanaram, Robinson, Urban 1995: G215). Pan, Li, and Tse (1999) suggest that economic, preemptive, technological, and behavioral factors may allow pioneers to obtain and sustain a competitive advantage.

Kalyanaram, Robinson, and Urban (1995: G218) summarize findings in the literature on the association of order of entry with firm survival: "Across 36 categories of consumer brands, Golder and Tellis (1993) report a long term survival rate for market pioneers of only 53%. While they do not have data on later entrants, other studies directly compare long-term survival rates for market pioneers and later entrants. No difference in survival rates is reported across 18 markets for Iowa newspapers, 39 markets for chemical products, and 11 markets for consumer nondurables. In contrast, Mitchell (1991) finds lower pioneer survival rates in five subfields of the medical diagnostic imaging industry". The empirical evidence in this area, however, is at best not robust and the confusing results indicate that the rewards of pioneering should be estimated after controlling for survival bias by studying successful and unsuccessful pioneers. In summary, more of the research that has been done does point to results demonstrating that earlier entrants sustain, on average, higher market shares and have a higher likelihood of survival than later entrants (Romanelli, 1987, Lambkin and Day 1989, Mascarenhas 1992, Miller, Gartner, and Wilson, 1989). Therefore, we hypothesize that

Hypothesis 8: First movers and early followers will have a lower likelihood of failure than late entrants.
For the most part, strategic management research has empirically supported the notions of the "liability of newness" and the "liability of smallness" (Stinchcombe, 1965, Aldrich and Auster, 1986). There is considerable evidence in the extant literature that points to how firms are more likely to survive as they age and increase in size (Venkatraman and Low, 1991). Small business accounts for about two thirds of all firm failures and the majority of those occur in the first 2-5 years of a new venture (Timmons, 1999). Pan, Li, and Tse (1999) suggest that since large firms have more resources to invest in innovation and to pursue more aggressive expansion strategies, they can perform better. Large firms enjoy economies of scale and scope (Kobrin 1991), have more financial resources, greater legitimacy, and more slack within the organization (Venkatraman and Low, 1991, Aldrich and Auster, 1986). Compared to smaller firms, large firms are more likely to perform better (Pan, Li, and Tse, 1999) since the above-mentioned factors allow them to have a greater depth and breadth in products and services (Venkatraman and Low, 1991). Smaller firms are more likely to fail since they have fewer contacts with external creditors, management with shorter tenure, and less substantial resources to survive unfavorable environmental conditions (Mascarenhas, 1997, Bruderl and Schussler 1990). Previous work has mostly shown that large-scale entry improves firm performance (Duchesnau and Gartner, 1990, Dunne, Roberts, and Samuelson, 1989).

Studies based on industries in different stages of their lifecycles have commonly found that smaller firms have higher exit probabilities. While Lieberman (1989) uncovered this tendency in a single-industry study, Evans (1987) and Dunne, Roberts, and Samuelson (1989) confirmed it using broad, cross-sectional data from a range of industries. Timmons (1999) concludes that new ventures that cannot reach a critical mass of 10-20 employees and $2-3 million in revenues are more likely to fail than larger organizations. Size is at least as important in the case of startups as in older and more established companies since it can be thought of as partially a function of the viability of the firm's business model as well. Firms that have reached a certain size even before the time of the IPO probably have higher capitalizations and a business model that is working at least to an extent. Hence, we propose that smaller firms might have a higher likelihood of failure compared to larger firms:

Hypothesis 9: Firm size will be negatively related to the likelihood of failure for the firm.

Stinchcombe (1965) talks about two important factors at the time of the founding of firms. The first one is the external network the firm has developed. Young firms face more difficulties than older ones, which have established suppliers, customers, and other stakeholders and therefore legitimacy and power. New organizations are based on relationships that are less stable and more tenuous. For example, it takes time to learn about what customers want and need and to develop the organizational skills required to meet those needs (Venkatraman and Low, 1991). The second factor is internal to the organization. The management team in a young organization has less experience working together and this can cause delays, errors, and inefficiencies in critical decision making. Besides, the management team has to follow a learning curve with respect to their roles and tasks in the new organization - rules and routines can only be learned over time (Venkatraman and Low, 1991). Stinchcombe (1965) concludes that a higher proportion of new organizations fail compared to older firms.

Firm age is thus a proxy for risk since newer firms do not have historical data on which investors can assess the value of the firm. This is especially important during the IPO process when the firm needs to attract capital from prospective investors. Ritter (1991) and Hensler, Rutherford, and Springer (1997) found that older firms performed better in the aftermarket of IPOs than younger ones. This interpretation of the "liability of newness" has been empirically tested and supported in numerous studies (Bruderl and Schussler, 1990, Carroll and Delacroix, 1982, Freeman, Carroll, and Hannan, 1983, Hannan and Freeman, 1989). Combining the above arguments, we hypothesize that older firms will be less likely to fail compared to young ones:

Hypothesis 10:  Firm age will be negatively related to the likelihood of failure for the firm.

According to the resource-based view of the firm, resources that are unique, rare (i.e. not widely held), and valuable (i.e. contributing to firm efficiency or effectiveness) can generate competitive advantage for firms (Barney, 2001). The knowledge-based view of the firm is an extension of the focus on intangible resources in the resource-based view of the firm. According to researchers who apply the knowledge-based view, knowledge is the most significant firm resource (DeCarolis and Deeds, 1999, Grant, 1996, Hill and Deeds, 1996). In this perspective, firm know-how is a firm-specific asset which is a potential source of competitive advantage for the firm because it cannot be imitated or traded (i.e. bought and sold in factor markets), and is differentially distributed within a population of firms (De Carolis and Deeds, 1999, Dierickx and Cool, 1989). In industries populated by entrepreneurial high technology firms, such as the one we are investigating, the rapid development of new products is a key determinant of success (Deeds, DeCarolis, and Coombs, 1999). For firms whose competitive advantage stems from their knowledge base, it is crucial to safeguard this asset. One way of ensuring such protection is obtaining patents for the firm’s products, services, methods, processes, and tools. When entrepreneurs who have invented a new technology decide to start their own firms, they normally do not yet possess all the complementary assets that are necessary to gain competitive advantage (Shane, 2001, Teece, 1986). "The patents held by a small, technologically oriented firm may be its most marketable asset" (Levin, Klevorick, Nelson, and Winter, 1987:797)
. If new technology is safeguarded by patents, the firm can then develop its complementary assets, skills, and value chain before its new technology spills over to competitors (Shane, 2001, Teece, 1986). We argue that patenting activity will contribute to the survival likelihood of the firm.
Hypothesis 11:  A higher number of patents controlled by the firm will be associated with a lower likelihood of failure.

Venture capitalists (VCs) provide not only capital for their investment firms but also guidance for developing a business concept, helping managers integrate related innovations, and selecting and accessing the right people to include on the management team (Kambil, Eselius, and Monteiro, 2000). Venture capitalists repeatedly interact and have interlocking arrangements with investment bankers and analysts, important actors for a pre-IPO firm. They have the ability, skills, and reputation to provide complementary assets to the new firm. As a result, they can support the IPO firm by not only providing funding, but also assisting in the optimal allocation of it (Jain and Kini, 2000). VC involvement also acts as a “powerful signal to potential investors at the time of the IPO” (Daily, McDougall, Covin, and Dalton, 2002:401).
Prior research has found that VC-backed firms differ significantly from non-VC-backed firms on critical outcomes such as survival (Jain and Kini, 2000, Zacharakis, Meyer, DeCastro 1999), performance (Rosenstein, Bruno, Bygrave, and Taylor, 1993, Sapienza, 1992), and managerial performance (Sapienza and Timmons, 1989, Timmons and Bygrave, 1986). We therefore expect to find a negative association between the level of venture capital involvement and firm failure.

Hypothesis 12: Firms with a higher level of VC involvement will be less likely to fail.

In strategic management research, while the empirical evidence has given much more support to the proposition that firm factors account for much of the difference in performance across firms in a particular industry, industry variables have been associated with firm performance as well. Mason (1939) and Bain (1959) proposed that industry structural variables are key determinants of economic performance in the structure-conduct-performance model of the industrial organization (I/O) economics literature. And industry concentration is accepted to be the most important construct related to industry structure in the I/O field (Robinson, 1998, Porter, 1980). However, some authors have pointed out that empirical I/O research has produced conflicting evidence in studies of the association between industry concentration and performance (McGee, 1988). According to Robinson (1998), there have been relatively few entrepreneurship studies examining the influence of industry concentration on new venture performance.

The intensity of competitive rivalry among firms is a function of the number of competitors within a firm's particular market niche. Competitive intensity is generally high in an industry where there are numerous competitors (i.e. a fragmented industry), since everyone would have a smaller share of the market (Pan, Li, and Tse 1999). Past studies have found industry effects to account for roughly 10-20% of the variance in performance among firms (Hill and Deeds, 1996). Moreover, Robinson (1998) has found that over 90% of the new ventures he investigated entered industries characterized by low degrees of industry concentration, which is consistent with the findings of Dean and Meyer (1996). Sectors attracting many participants are likely to be characterized by more intense rivalry than those with a small number of participants. Also, when there is an unfilled niche in a particular market and many startups identify this as an opportunity, decide to pursue it, and enter this sector at the same time, each of them will have access to fewer resources, because there is more intense competition for these resources. Therefore, we hypothesize that the likelihood of failure will be higher for firms in industry sectors with a higher density of entrants.

Hypothesis 13:  The density of entrants into a product sector is positively associated with the likelihood of failure for the firm.
METHODS
Data and sample. The sample used in this study consists of 145 startup firms in the telecommunications equipment and services industries, 60 of which have failed, and 85 have survived through the study period (i.e. through 12/31/2004). All the firms have gone through IPOs in 1996-2000. The starting year is 1996 since the Telecommunications Act deregulated the industry at that time, triggering technological advances and entry into telecom and related industries. It is also the first year of full coverage of IPO registration filings in the SEC EDGAR Database, our primary data source, and the most comprehensive source available. The ending year is 2000 after which the ‘dotcom bubble’ burst and the macroenvironmental conditions changed drastically. The list of firms in the population was drawn from the Global New Issues Database, which is part of the SDC (Securities Data Corporation) Database. Data was collected on the history of each firm using IPO prospectuses, annual reports, Hoover’s, CRSP, and USPTO Patent databases. For measures of the TMT, data for each individual member of the TMT was collected, resulting in 1795 observations for the sample of 145 firms. The individual-level scores were then aggregated for each firm to calculate group level TMT demographic variables, resulting in 145 observations at the firm level for the independent variables.

Analytical approach. The hypothesized relationships were empirically tested using survival analysis. Survivors in this sample are defined as firms that continue to operate independently as public corporations at the end of the study period. Firms that were delisted from the trading exchange during the study period due to negative reasons
 were classified as nonsurvivors. This definition is consistent with Hensler, Rutherford, and Springer (1997) and Jain and Kini (2000). The dependent variable in the analytical model is the time to failure (i.e. the hazard function) and its defining event (i.e. failure) is observed and recorded over time (Morita, Lee, and Mowday, 1993). For failed firms, the dependent variable was measured as the time interval (in months) from the IPO date to the date of delistment. For those (right censored) firms that survived until the end of the study, the dependent variable was measured as the time interval (in months) from the IPO date to the end of the study. 
To test our hypotheses, we used Cox hazard methodology, specified by a proportional hazards model with partial likelihood estimates since this specification allowed for right censoring of the data. Using survival analysis, we investigated whether individual companies survived or exited and the time of exit for those that did. We also estimated the probability that a firm in the sample would exit at each point in time during the study period (Morita, Lee, and Mowday, 1989).
Dependent variable (DURATION). The main variable of interest here is failure (survival) of the firms. However, this is not a simple binary variable where firms change state from "survivor" to nonsurvivor" at some point. In past research using methodologies such as logistic regression, survival is depicted as a binary variable (Hambrick and D’Aveni, 1992). In this study, survival (failure) is an event with an accompanying history that is relevant to understanding the event. It is important to investigate the duration of performance before failure. In effect, there are some firms that have failed during the study period, and there are many, which went on to survive. Some of those have become phenomenal successes while others are (or were) small businesses barely clinging to life. Our study is designed to capture this variance. We tracked the survival of the sample firms until 12/31/2004 and classified them as survivors or nonsurvivors. 

The IPO date was obtained from the firm’s IPO prospectus. We identified whether the firm was delisted from its stock exchange by its 15-12B or 15-12G filing in the SEC EDGAR Database. This data was corroborated against Hoover’s. Following Hensler (1997), we looked up delisting codes to distinguish between those companies that were delisted for negative reasons from those that were delisted for non-negative reasons. Delisting codes were obtained from the CRSP Database. Those firms with a negative delisting code were identified as nonsurvivors.
Independent variables. 

There are three groups of independent variables in this study: 1) TMT demographic characteristics, 2) TMT heterogeneity, and 3) firm and industry level variables. All the independent variables were measured at the time of the firm’s IPO, unless otherwise noted. TMT members are defined as the two highest levels of management, including the chairman, CEO, COO, other chief officers, president, and the second tier of management. As such, the TMT also includes directors of the board, and may include vice presidents, depending on the organizational structure of a particular firm. Even though there are researchers who have defined smaller TMTs, our definition is consistent with some of the most influential past work in the TMT literature (Wiersema and Bantel, 1992). Age, tenure, and educational level, functional background, board membership, and past industry and startup experience were obtained manually from biographical data on each individual executive in the IPO prospectus and were supplemented by Hoover’s database and company websites and PR releases. 

The heterogeneity variables were calculated from the individual observations for the TMT members as well. For the TMT heterogeneity variables at interval scales (age, tenure, past industry experience), the coefficient of variation was used as measurement. The coefficient of variation is a better measure than the standard deviation or variance for interval level variables since it is scale invariant (i.e. sensitive to relative rather than absolute differences) (Carpenter, 2002, Wiersema and Bantel, 1992). The heterogeneity measures capture not only the degree of diversity in members' exposure to the firm's values, history, and socialization process; but also reflect whether team members belong to the same or different cohorts in the firm.

The following are the independent variables.

TMT age (TMT_AGE). This was measured as the average age of the firm's TMT members. Data was collected on each individual’s age in years and the mean was calculated for the TMT. TMT members ranged from 26 to 80 in age, with the mean around 46
.  

The education level of TMT (TMT_EDU). This was assessed by a categorical 
variable, depending on the highest degree attained by the individual executive. The education level of the TMT member was categorized as a 1 for Bachelor’s level, 2 for Master’s level, and 3 for Doctoral level. More than half of the TMT members had Master’s degrees. 18% had their PhD
. The education level of each TMT was calculated as the proportion of executives within the TMT who had double Master’s and/or Doctoral degrees. 
The influence of outside board membership (OUTSIDE_DIR). The influence of the outside board members was measured by the ratio of outside board members to insiders. The number of outside board members is defined as the total number of board members who are not officers of the firm (Hambrick and D'Aveni, 1992). Even though this measure may leave some noise in the data since it does not address the problem of power differentials among the non-board members of the TMT, it still has been used very commonly in the literature as a fair proxy (Finkelstein and Hambrick, 1988). 

Functional heterogeneity of TMT (FUNCTION_HTR). We coded the functional background of each executive according to the following scale: 1=sciences and engineering, 2=business and economics, 3=both 1 and 2, 4=law, and 5=other (such as art, design, architecture, etc). If an individual could be categorized in two different ways, we took the most recent degree, following Wiersema and Bantel (1992). Individuals usually specialize in the field they study most recently. Then, we calculated a functional heterogeneity score for the TMT using Blau's index. Blau's index is computed by 1-∑pi², where pi is the proportion of individuals in the ith category. If the index was close to 1, then the team had high heterogeneity; if it was close to 0, it indicated low heterogeneity. In other words, high scores indicated that a team was composed of members with different functional backgrounds. At the individual level, 28% of the valid cases had science and/or engineering degrees, 41% had business and/or economics degrees, and 15.5% had both engineering and business degrees. 

TMT heterogeneity in past industry experience (EXP_HTR). Past industry experience was measured for each member of the TMT in terms of the number of years they have spent working in the telecommunications industry. Then, we calculated a TMT heterogeneity score for each firm using the coefficient of variation (standard deviation divided by the mean). Higher values indicated greater heterogeneity in terms of TMT members' past industry experience. 
TMT's startup experience (STARTUP_EXP). For TMT members, we gathered information on whether they founded any other startups in the past or worked for other startups. 25% of the individuals had founded one or more startups in the past. Only 16% had not had any startup experience
. We then categorized the past startup experience of each TMT member as 0=never been involved with startups in the past, 1=worked in at least one startup before but never (co)founded one, and 2=(co)founded at least one startup in the past. Sapienza (1992) used this operationalization to measure the startup experience of CEOs in his sample. To aggregate the individual scores, we calculated a TMT score for each firm as the total proportion of categories 1 and 2 in the TMT. 
Age heterogeneity of TMT (AGE_HTR). To determine the age heterogeneity of the TMT, the coefficient of variation was calculated as well. The larger the coefficient, the greater the heterogeneity of the age of the TMT was.

Tenure heterogeneity of TMT (TENURE_HTR). For each TMT member, we collected data on when the individual joined the company. Tenure of each TMT member was measured as the time in years between joining the company and the IPO. TMT tenure was measured as the mean tenure of the members of the TMT. We then computed tenure heterogeneity of the TMT as the coefficient of variation of company tenure among TMT members. High coefficients indicated greater diversity. 

Order of entry. Studies in the market entry literature capture order of entry as actual order of entry (nth business in the market) or as a pioneer or later entrant. This is an important distinction since differences in how order of entry is captured could bias the estimates in the model. Dichotomizing a continuous predictor leads to a loss of variance captured and a significant distortion in the estimate of association. Dichotomizing an ordinal measure might also distort the estimate of association. However, the magnitude and direction of the distortion is uncertain a priori (Szymanski, Troy, & Bharadwaj, 1995). Even though Szymanski, et al (1995) find that the estimate of pioneering advantage is lower on average when order of entry is operationalized as actual order rather than categorized as pioneer or nonpioneer, they conclude that the mean pioneering effects are comparable when using either measure. Therefore, we use categorizations of order of entry to measure this variable. We adopt critical definitions from Golder and Tellis (1993):
· Market pioneer is the first firm to sell in a new product category.

· Product category is a group of close substitutes such that consumers consider the products substitutable and distinct from those in another product category. 

In this study, a product category is identified by a firm’s four-digit SIC (Standard Industry Classification) Code. Golder and Tellis (1993) define "market pioneer" consistent with that of "pioneer" or "first mover" in other studies. Thus, the operational definition for first movers is the same as the conceptual definition. This is different from operationalizing first movers as early entrants that survive, which would not be appropriate since this study is investigating survival as a dependent variable.

For each firm, we identified the four-digit SIC code for the firm’s primary industry sector, and the date of market entry for the firm into this sector. We defined the market entry date as the date of first product shipment or the date of the first sale. We then ranked all the firms in each four-digit SIC code according to their market entry date as first movers, early followers, or late entrants. We used dummies to measure order of entry as FIRST_MOVER (first position), EARLY_FOLLOWER (from second to fifth position), and LATE_ENTRANT (sixth or later). Even though this operationalization brings about a loss in variance, the scale is consistent with earlier literature and allows the comparison of results with prior empirical work (Durand and Coeurderoy, 2001). The data source for the four-digit SIC code for each firm was Thomson Financial SDC Platinum Global New Issues Database and the firm’s IPO prospectus in the SEC EDGAR Database. The market entry date was obtained from the IPO prospectus as well as company websites.

Firm size (FIRM_SIZE). This variable is concerned with establishing the scale of the business at IPO time. In prior research, firm size has been measured by firm sales and assets (Venkatraman and Low, 1991, Mascarenhas, 1997, Robinson, 1998). While these are appropriate to use for samples of established firms, we believe number of employees is a more meaningful measure for startups and that was the measure we used in this study. Data on number of employees was gathered from the Thomson Financial SDC Platinum Global New Issues Database, and the firm’s IPO prospectus in the SEC EDGAR Database.

Firm age (FIRM_AGE). Firm age was measured as the number of years from the founding/incorporation of the business until the IPO date. This data was collected from the firm’s IPO prospectus in the SEC EDGAR Database.

Patents controlled (PATENTS). To measure proprietary knowledge of the firm, a count of the total number of patents held by the firm was obtained (i.e. patents granted directly to the firm). Studies suggest that simple patent counts are an indicator of a firm's commitment to innovation, which is more indicative of long run success, than the quality of an innovation (Deeds, DeCarolis, Coombs, 1999). Prior research has indicated, though, that due to the nature of the dominant technology, some industries may be more likely to patent than others; however, since we are investigating a single industry in this study, this effect is constant across all the firms in the sample. Recent research has also used patent citations to weight patents in measures in order to overcome some of the limitations of using simple counts (DeCarolis and Deeds, 1999). However, citations accrue with age, and measures involving citations are therefore biased in favor of old patents (and older firms). This kind of an operationalization would not be appropriate for a study of new firms over only several years at the beginning of their lives. In addition, the cost of a patent may be a fairly significant amount of money to a cash-strapped startup firm (DeCarolis and Deeds, 1999); however, if the technology is proprietary, the firm would seek additional resources to be able to patent-protect its knowledge. Therefore, patent counts should adequately capture organizational stocks of knowledge for young telecommunications firms. We measured this variable as the count of patents already in effect at the time of the IPO. We obtained patent data from US Patent and Trademark Office’s Patent Database and the firm’s IPO prospectus in the SEC EDGAR Database. 

Venture capital involvement (VC_OWN). Involvement of VC firms in the IPO firm has been measured in different ways in extant research. Stein and Bygrave (1990) measured the “halo effect” of how prestigious the VC firms were. Others operationalized the role of VCs either by the investment stage they got involved in the firm (Sapienza, 1992) or based on their board presence or their ownership in the firm (Rosenstein, Bruno, Bygrave, Taylor, 1993). In order to construct this measure, we collected data on the VC ownership patterns of each firm at the time of the IPO. Using data on how many representatives each VC firm has on the board of the startup firm, we added up the ownership percentage of those VCs who only have board representation. The measure differentiates between the level of involvement of those VCs who are actively part of the team directing the company versus those who have more of an investor role. Data on VC ownership and representation on the board of directors was collected from the firm’s prospectus in the SEC EDGAR Database.

Density of Entrants (DENSITY). This construct is intended to capture the industry resources that are available to the startup at the time of its entry. We attempted to capture the intensity of competition at the time of the IPO by measuring the density of entrants into the sector. This variable was operationalized as the number of concurrent entry into a product sector at the same time as the firm. We counted the number of firms going through IPOs in the same four-digit SIC code in the same quarter. The data sources for the SIC codes and the number of competitors were the firm’s IPO prospectus in the SEC EDGAR Database and the Thomson Financial SDC Platinum Global New Issues Database.

Control Variables

Characteristics other than the independent variables discussed above may affect a firm’s survival. The following controls were used to account for these influences.


TMT size (TMT_SIZE). A larger team, by definition, is more diverse. More people on the team means more resources to handle the different aspects of the business and more (and possibly different) perspectives in decision making. There is empirical evidence in small group research for a positive relationship between TMT size and performance (Certo, Lester, Dalton, and Dalton, 2006). For these reasons, we controlled for TMT size in this study. We measured team size by the number of TMT members. This data was obtained from the firm’s IPO prospectus in the SEC EDGAR Database.

Size of the IPO (PROCEEDS). Larger IPOs have enough resources to ride out 
a decline in value or to modify their launch strategies. They are also better positioned in the market vis-a-vis investors and unfavorable events (Ritter, 1991, Hensler et al, 1997). For this reason, we controlled for the size of the IPO and measured it as the proceeds from the IPO (in million dollars). This variable was calculated as the offer price at IPO times the number of shares outstanding. This data was collected from the Thomson Financial SDC Platinum Global New Issues Database.

Industry Sector (INDUSTRY). Prior research has found differences in the post-IPO performance of companies across industries (Ritter, 1991, Hensler et al, 1997). The sample in this study consists of a single industry; however, there might be performance differences between the equipment and the service sectors of the telecommunications industry. We included dummy variables to account for such differences, with 0 = EQUIPMENT and 1 = SERVICE sectors. We categorized the firms in the sample using their four-digit SIC code. The SIC codes were collected from the Thomson Financial SDC Platinum Global New Issues Database and the firm’s IPO prospectus in the SEC EDGAR Database.

RESULTS
> INSERT TABLE I HERE <
Top management teams in this sample ranged from 5 members to 23, with the mean around 12 people. 29 of the 145 firms did not have VC involvement. 44 of them were first movers and early followers. 52 firms were in the telecommunications equipment sectors. The firms ranged in size from 7 employees to 3500, with 25% of them having less than 100 employees and 50% less than 228 employees.

The dependent variable is ‘duration’, censored by a binary variable which takes on the value of 0 if the firm survived through the study period, and 1 if the firm was delisted during the study period. ‘duration’ is the survival time of the firm from its IPO date to delistment or the cutoff date for the study. The firms in the sample have durations ranging from about 9 months to 9 years, with the mean at 57.544 months, or a little less than 5 years. For the firms that survived, the average ‘duration’ is 69.578 months, whereas for the delisted firms, it is 40.497 months. The longer the ‘duration’ of the firm, the lower its hazard rate. The t-statistics in Table 1 indicate very small differences between survivors and failures in terms of the TMT demographic and heterogeneity variables, whereas among the firm-level variables, ‘order of entry’, ‘firm size’, and ‘patents controlled’, and the control variable ‘industry’ show significant differences.

> INSERT TABLE II HERE <

Table 2 contains the bivariate correlations, many of which are in the expected direction. Examining the survival function on Figure 1 indicates that given a group of average telecommunications IPOs, 25 percent of the firms are expected to be delisted in 4 years and 50 percent in about 6 years. Compared to other industries, these durations are quite low. 

> INSERT FIGURE  I HERE <

Table 3 presents the results of the regression models. The hypotheses are tested by regressing the dependent variable on the control variables and the TMT and firm-level measures. The models are estimated with Cox hazard regressions, using partial likelihood methods. We estimate the hazard with the data described previously, with the addition of a binary variable, δ. This variable is necessary because the data is right-censored (i.e. there are firms that have not experienced ‘failure’ until the cutoff date) and takes on the value of 0 if the firm is a ‘survivor’, and 1 if it is a ‘failure’ (Hensler et al, 1997). ‘Failure’ is delistment of the firm’s stock for negative reasons. The dependent variable, ‘duration’, is the time interval in months from the firm’s IPO date to its delistment if the firm is a failure or the end of the study period otherwise.

>INSERT TABLE III HERE <

In Table 3, the first model presents the baseline model with the control variables. Model 2 adds the TMT age variable, and Model 3 its squared term. These test Hypothesis 1. Model 4 tests the TMT demographics variables and Hypotheses 2, 3, and 6. Model 5 adds the firm-level variables and tests Hypotheses 8, 9, 10, 11, 12, 13. Model 6 is the full model, testing the TMT heterogeneity variables and Hypotheses 4, 5, 7a, and 7b. Model 7 is the adjusted model with only the significant variables. This approach will allow a comparison of the relative effects of each group of variables.

Positive coefficients indicate an increase in the failure probability (i.e. hazard risk) while negative coefficients decrease the failure probability. e
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, which is the Risk Ratio, can be calculated. For categorical variables, this is interpreted as the ratio of the estimated hazard for one category to another. For quantitative variables, the Risk Ratio can be used to calculate the predicted change in the hazard risk for one unit increase in the covariate (Allison, 1995). 

The Chi-square statistic and the log-likelihood statistic are reported at the bottom of Table 3. The test statistic presents whether the addition of variables to the model improves the fit significantly over the previous model for Models 1-6, and the significance of the full model for Model 7. In Model 1, regressing ‘firm failure’ on the control variables (‘size of the IPO’, ‘TMT size’, and ‘industry’) indicates that two of the control variables have no significant effect on ‘firm failure’ (β =-0.171 for ‘size of the IPO’ and β=0.031 for ‘TMT size’, both p>0.10). The ‘industry’ variable is a dummy variable that controls for the effects of the industry sector the firm belongs; it takes the value of 0 for firms that are in the equipment sector and 1 for the service sector. According to the results, the ‘industry’ sector the firm belongs to has a significant impact on its failure rate. In Model 1, the β for ‘industry’ is -0.959 and it is significant at p<0.01. The coefficient retains its significance through Models 2-6, and in the full model, Model 6, its β is -0.616 at p<0.10. For the ‘industry’ variable, e
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is 0.540 in the full Model 6, which indicates that firms in the equipment sector have a lower failure hazard than the firms in the service sector. Specifically, the probability of failure in the equipment sector is 54% of the probability of failure in the service sector for the telecommunications industry.

Hypothesis 1 proposed a U-shaped relationship between ‘TMT age’ and ‘firm failure’. Model 2 introduces ‘TMT age’ and Model 3 introduces its square term into the equation to test this relationship. Even though Model 2 indicates that the effect of ‘TMT age’ is negative as predicted, it is not significant (β=0.033, p>0.10). Furthermore, the square term in Model 3 is also negative but not significant (β = -0.004, p>0.10). Hypothesis 1 is not supported.

 Model 4, in which ‘firm failure’ is regressed on the control and TMT demographic variables indicates that the ‘education level of TMT’, the ‘influence of outside board members’, and the ‘TMT’s startup experience’ have no significant effect on ‘firm failure’. The coefficients for the TMT demographic variables are all in the predicted direction (β = - 1.425 for the ‘education level of TMT’, β = - 0.004 for ‘influence of outside board members’, and β = - 0.474 for ‘TMT’s startup experience’); however, none of these relationships are significant (all p>0.10). Therefore, Hypotheses 2, 3, and 6 are not supported.

Model 5, including the control, TMT demographics, and firm-level variables, provides support for the hypothesis that larger firms (β = -0.372, p<0.05) have a lower likelihood of failure. Hypothesis 9 is thus supported. The effect of ‘firm size’ was the largest significant effect found for this data. e
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, the Risk Ratio, gives the predicted change in the dependent variable for one unit change in the independent variable. e
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 is 0.702 for ‘firm size’ in the full model. However, ‘firm size’ is measured by the logarithm
 of the number of employees in the firm. For log-transformed variables, e
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 presents the percentage change in the hazard rate for a one percent change in the independent variable. Thus, if the firm increases the number of its employees by 1%, its failure rate will decrease by 0.298%. 

Hypothesis 11 posited that the number of patents a firm holds is negatively associated with its failure rate. Even though the sign of the coefficient for ‘patents’ is in the expected direction, it is not significant (Model 5, β=-0.088, p>0.10). Therefore, we cannot claim support for Hypothesis 11. However, since the significance level of its coefficient was very close to 0.10, we included ‘patents’ in the adjusted model. In Model 7, ‘patents’ have a significant impact on the failure rate. In this case, the β for patents is -0.096 (p<0.10), therefore e
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 is 0.909. If the firm acquires an additional patent, its failure hazard goes down by 9.1 percent (1-0.909 = 0.091). If 3 of its patent applications are approved, then its failure rate will decrease by (1 - 0.909³) = 24.9%.

Hypothesis 10 predicts the relationship between ‘firm age’ and ‘firm failure’ to be negative. It is positive and significant in Model 5 (β = -0.428, p<0.10), and in the full Model 6 (β=0.440, p<0.10) and therefore Hypothesis 10 is not supported. We will examine this result further in the next section. Hypothesis 8 proposes that first movers and early followers have a lower failure rate than late entrants. In the regression, these two groups are compared to late entrants, which is the reference category (all dummy coded, with ‘late entrant’ = 0). Results in Model 5 demonstrate that both groups of early movers are in fact less likely to fail than late entrants (β = -0.819, p>0.10, and β = -0.884, p<0.05, respectively); however, only the coefficient for early followers is significant. The coefficients retain their significance levels in the fully specified model as well (β = -0.825, p>0.10, and β = -0.952, p<0.05, respectively) and therefore, we claim partial support for Hypothesis 8: It does matter when you enter the market. In the full Model 6, the coefficients indicate that the failure rate for first movers is 0.438 times the rate for late entrants while for early followers it is 0.386 times that of the late entrants. Moving early into an industry sector increases the likelihood of survival for a firm by more than half. 

Hypothesis 12 predicts that ‘VC involvement’ negatively affects ‘firm failure’ while Hypothesis 13 predicts a positive association between ‘density of entrants’ and ‘firm failure’. The coefficients for these variables are in the expected direction; however, they are not significant (β = -0.001 and β = 0.038 in Model 5, and β = -0.002 and β = 0.033 respectively in the full model, all p>0.10). Hence, Hypotheses 12 and 13 do not receive support.

Model 6 is the fully specified model that includes the control, TMT demographic, firm-level, and TMT heterogeneity variables. This model tests the heterogeneity variables. ‘Functional heterogeneity’ and ‘TMT heterogeneity in past industry experience’ are proposed to have a negative effect on firm failure in Hypotheses 4 and 5, while we developed competing hypotheses (7a and 7b) for ‘age heterogeneity’ and ‘tenure heterogeneity’ of the TMT. The signs for ‘functional heterogeneity’ and ‘TMT heterogeneity in past industry experience’ are positive and in the opposite of the predicted direction. The heterogeneity variables are not found to have a significant effect on firm failure and thus, Hypotheses 4, 5, 7a and 7b are not supported. 

The Chi-square indicates that Model 1 and Model 5 are significant. For comparison purposes, we included Model 7, which is the adjusted model with only the significant variables. Model 7 fits at the p<0.01 level. Overall, only firm-level variables find support in the hypothesized directions.

DISCUSSION
The statistical analyses demonstrate quite surprisingly that TMT characteristics have no significant effect on firm survival. The findings also indicate that failure is affected by firm-specific factors relating to the resource endowment and/or management capabilities of the firm. Past studies on TMTs have primarily included comprehensive process models with empirical work testing various pieces of them. In management literature, these past efforts have resulted in an established set of predictor variables in TMT demographics while TMT heterogeneity is an area where there is still considerable controversy regarding the salience of different predictors. This study aimed at providing a test of the established TMT variables in the different context of new ventures. The findings suggest the need for additional research in this area. 

The pattern of results observed with TMT demographic variables is not consistent with prior research. The results indicate that there is no ‘recipe’ that founders of a startup can use to construct their top management teams in order to achieve a higher likelihood of survival. Prior empirical work has indicated that age (Boeker, 1997, Knight et al, 1999), level of education (Norburn and Birley, 1988), and influence of outside board members (Rosenstein et al, 1993) impact organizational outcomes. We did not find these variables to be significantly affecting firm failure.

The results for the heterogeneity variables are somewhat parallel to the extant work in the field; at the very least, they add to the inconclusive state of evidence. We did not find significant associations between firm failure and functional, age, tenure, and past industry experience heterogeneity. Regarding age and tenure heterogeneity, many other researchers have also failed to find conclusive evidence linking these constructs to firm performance, and those who did had conflicting results (Pitcher and Smith, 2001). Educational heterogeneity is one variable that has been found to significantly affect organizational outcomes in Wiersema and Bantel’s study (1992) as well as others, and our findings did not point to this effect. Heterogeneity in past industry experience is not an area that has been well researched and there are studies with findings that support the idea of diverse TMTs, as well as findings that support homogeneous TMTs. The results of this study do not indicate significance for the past industry heterogeneity variable in either direction

These findings for TMT variables could of course be idiosyncratic to the telecommunications industry: Examining the descriptive statistics, it can be concluded that the observations for demographics, and even more so the heterogeneity measures have very narrow ranges. Therefore, the data for the characteristics of the teams seem to be quite similar. This could be a factor unique to the telecommunications industry or it is possible it could be a condition ubiquitous to multiple industries. One way to determine the answer to this would be to construct future studies using data across multiple industries. It would also be worthwhile to investigate different measures for the continuous heterogeneity variables, and to even develop new proxies to measure the underlying constructs of the cognitive and decision-making processes, creativity, and innovativeness in the TMT. 

In spite of the limitations of the study, it is worth noting that among the 8 TMT variables, none of them were found to significantly affect firm failure. Prior studies with large, established firms have found evidence for associations between TMT demographics and heterogeneity and firm performance. The contrast of the findings of this study with past research points to a need to expand the research on TMT constructs with samples of new ventures.

The 1996 Telecommunications Act strengthened the competitive power of the smaller firms against the incumbents. The legislation opened up the local services market to real competition and forced the large companies in the industry to share their networks with the newcomers. Among the firm-level variables, we found ‘order of entry’, and ‘firm size’ to significantly and negatively influence firm failure. Firms that entered the market early and on a larger scale had a lower failure rate. These results add to and build upon previous findings in the area (Mascarenhas, 1992).

‘Firm size’ was found to be significantly and negatively associated with ‘firm failure’ as well. This result was similar to the previous findings in the field. The literature on firm size has converged to a large extent on the conclusion that smaller firms have higher exit probabilities (Mascarenhas, 1997, Pan et al, 1999, Timmons, 1999). 

Past research on patents has also been consistent and patents have been associated with innovation and firm performance (DeCarolis and Deeds, 1999). Whether and how the firm protects its proprietary knowledge greatly impacts organizational outcomes. Even though patenting activity is not found to be significant in the full model and the associated hypothesis is not supported, in the adjusted model, it appears that the variable ‘patents’ significantly affects the failure rate of firms in this sample. Telecommunications firms that hold patents do have a lower likelihood of failure than those firms with no patenting activity. 
Another interesting finding among firm-level covariates was the positive and significant association of ‘firm age’ with ‘firm failure’. According to the regression results in Table 3, a younger firm’s failure hazard will be 55.3% lower than a firm twice as old as it is (e
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=1.553). This is contradictory to both the literature and the proposed hypothesis. Two different explanations come to mind. From an inertia perspective, older firms could be more established in their ways, and therefore have a more difficult time changing with the demands of the market. This might be due to the TMT having worked together for a while and thus lacking enough diversity to facilitate innovation or creative problem solving, or simply due to a lack of flexibility, an inability of the firm to change, or perhaps products that are not useful or timely anymore. In telecommunications, an industry that was shifting so fast at the time, this could be fatal. 
In a high-technology market characterized by short product lifecycles, innovation is very important. Since products become obsolete very fast, their market longevity may become a liability for the firm rather than an asset (Khessina, 2003). It is possible that incoming startups with the fresh products may have a survival advantage over the older incumbents, in spite of their lack of resources and established networks of relations. In this sample, the ‘firm age’ variable is also somewhat correlated with some of the other duration- and rank-based covariates such as ‘order of entry’ and ‘TMT age’. These associations are not high enough to raise concern; furthermore, the finding that older firms have a higher probability of failure becomes an even more conservative test of the associated hypothesis if it is taken into account that older firms are also more likely to be earlier entrants
. 
The control variables, ‘TMT size’ and ‘size of the IPO’, were not found to be significant. We have discussed the findings for ‘proceeds’ in the Results section. The general lack of support for the TMT variables could help explain the lack of significance for TMT size. The two findings are consistent and that could be attributable to larger teams having an inbuilt tendency to be more diverse. ‘Industry’, another control variable, significantly affected firm failure in all the models. Firms in the equipment sector had a lower failure rate than those in the service sector.

CONCLUSION
This study contributes to theory and practice in important ways. Most importantly, the lack of support for all the TMT constructs that have been previously tested and corroborated in the strategic management literature with established firms demonstrates the need for more research in this area using new constructs on samples of startup firms. By examining data on both surviving and failed companies, our study attempts to overcome the survivor bias in prior studies. The study uses survival methodology, rather than the commonly used logistic regression, to model firm failure not as an outcome but as a process by incorporating the element of duration in the time to failure. This adds to both entrepreneurship and strategic management literature by creating a richer understanding of the phenomenon being examined. The multilevel design of the study helps construct this multidimensional description of firm performance on both theoretical and operational grounds. The findings also enhance our insights on new venture performance and failure, pointing to patenting activity and protection of proprietary knowledge, market entry timing, and scale considerations as crucial decisions for entrepreneurs starting new firms, as well as venture capitalists and investors.
The telecommunications industry appears to be an appropriate setting for testing the arguments regarding the effects of TMT characteristics and firm resources on survival since the particular period under study has witnessed high rates of IPOs and failure in a short period of time. We have assumed the underlying macroeconomic conditions have remained more or less similar during the period of study while the before and after conditions might be quite different. This alleviated the need to control for unobserved effects in the analytical model. Patenting and venture capital, two of our independent variables, are two phenomena that regularly characterize this industry. Moreover, the developments in the telecommunications industry that have been occurring in the last decade are worldwide, making the results of this study widely applicable. 

On the other hand, as with any other single-industry study, choosing to study this particular industry has limitations. The telecommunications industry is characterized by a high rate of change and format battles are still being fought in some sectors. The deregulation sought to bring down the entry barriers into the industry for smaller players by requiring the large firms to lease their networks to competitors at cost (Economides, 1998). This lifted some of the huge infrastructure startup cost requirements for new ventures; however, real competition for the business market and the consumer market is still very much capital intensive. Subsequently, the generalization of the results of this study can be directed only to industries with characteristics and dynamics similar to those of the telecommunications industry.

Our findings add to the understanding of new venture performance and failure, aiding strategy practitioners and entrepreneurs starting new firms. Job creation and economic growth in the US is primarily generated by the creation of independent new ventures (Kirchoff, 1991). These new ventures, however, also have a high failure rate. Research that identifies factors that influence new venture performance is important to successful entrepreneurial investments, and the fields of entrepreneurship and management, and it would also contribute to the US economy (Robinson, 1998).
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TABLE I:

Descriptive Statistics for Subsamples and Difference-Between-Means Tests

	
	SURVIVORS
	FAILURES
	DIFFERENCE

	Variable
	Mean
	Std. Dev. 
	Mean
	Std. Dev.
	S-F
	t-stat

	DURATION
	69.578
	23.929
	40.497
	17.648
	29.080
	8.420***

	TMT_AGE
	46.570
	3.953
	45.393
	3.520
	1.177
	1.847*

	TMT_AGE²
	15.679
	29.720
	12.658
	18.138
	3.021
	0.700

	TMT_EDU
	0.191
	0.119
	0.167
	0.092
	0.024
	1.292

	OUTSIDE_DIR
	3.294
	2.213
	2.908
	2.157
	0.385
	1.043

	FUNCTION_HTR
	0.727
	0.129
	0.749
	0.125
	-0.022
	-1.031

	EXP_HTR
	0.716
	0.246
	0.785
	0.386
	-0.069
	-1.225

	STARTUP_EXP
	0.811
	0.172
	0.780
	0.176
	0.031
	1.058

	AGE_HTR
	0.187
	0.048
	0.181
	0.052
	0.006
	0.774

	TENURE_HTR
	0.758
	0.364
	0.761
	0.372
	-0.003
	-0.046

	FIRST_MOVER
	0.129
	0.338
	0.083
	0.279
	0.046
	0.868

	EARLY_FOLLOWER
	0.282
	0.453
	0.150
	0.360
	0.132
	1.957**

	LATE_ENTRANT
	0.588
	0.495
	0.767
	0.427
	-0.178
	-2.320**

	FIRM_SIZE
	5.510
	1.291
	5.051
	1.228
	0.459
	2.152**

	FIRM_AGE
	1.618
	0.752
	1.419
	0.764
	0.199
	1.555

	PATENTS
	4.906
	12.314
	0.917
	2.919
	3.989
	2.875***

	VC_OWN
	29.436
	28.408
	26.613
	27.475
	2.823
	0.597

	DENSITY
	3.106
	2.310
	3.631
	2.240
	-0.525
	-1.366

	TMT_SIZE
	12.224
	3.392
	12.483
	4.390
	-0.260
	-0.402

	PROCEEDS
	4.139
	1.041
	3.987
	1.021
	0.152
	0.873

	INDUSTRY
	0.550
	0.500
	0.770
	0.427
	-0.214
	-2.765***






N=85


N=60


* significant at the 10 percent level

** significant at the 5 percent level


*** significant at the 1 percent level
TABLE II:
Correlations (N=145)

	 
	Variable
	1.
	2.
	3.
	4.
	5.
	6.
	7.

	1.
	DURATION
	1.000
	
	
	
	
	
	

	2.
	TMT_AGE
	0.199
	1.000
	
	
	
	
	

	3.
	TMT_AGE²
	0.134
	0.401
	1.000
	
	
	
	

	4.
	TMT_EDU
	0.058
	-0.042
	0.008
	1.000
	
	
	

	5.
	OUTSIDE_DIR
	-0.105
	0.234
	0.068
	-0.041
	1.000
	
	

	6.
	FUNCTION_HTR
	-0.069
	-0.043
	0.088
	-0.165
	0.086
	1.000
	

	7.
	EXP_HTR
	-0.107
	-0.013
	0.050
	0.005
	-0.045
	0.077
	1.000

	8.
	STARTUP_EXP
	0.035
	0.033
	0.125
	0.002
	-0.248
	0.199
	0.072

	9.
	AGE_HTR
	0.029
	0.057
	-0.116
	0.118
	0.018
	-0.003
	0.110

	10.
	TENURE_HTR
	-0.076
	0.107
	0.082
	-0.032
	0.065
	0.018
	0.065

	11.
	FIRST_MOVER
	0.091
	0.154
	0.014
	-0.109
	-0.080
	-0.082
	-0.086

	12.
	EARLY_FOLLOWER
	0.151
	0.113
	0.053
	0.061
	0.079
	-0.077
	0.042

	13.
	LATE_ENTRANT
	-0.194
	-0.202
	-0.057
	0.018
	-0.017
	0.123
	0.020

	14.
	FIRM_SIZE
	-0.001
	-0.061
	-0.004
	0.034
	0.130
	0.093
	-0.101

	15.
	FIRM_AGE
	0.065
	0.245
	0.032
	-0.009
	0.075
	-0.144
	-0.158

	16.
	PATENTS
	0.006
	0.230
	0.023
	0.061
	0.209
	-0.014
	-0.013

	17.
	VC_OWN
	-0.188
	-0.096
	-0.104
	-0.120
	0.445
	0.111
	0.016

	18.
	DENSITY
	-0.228
	-0.164
	-0.063
	-0.069
	-0.135
	0.106
	0.081

	19.
	TMT_SIZE
	-0.124
	-0.070
	-0.072
	-0.121
	0.416
	0.198
	0.039

	20.
	PROCEEDS
	-0.226
	-0.088
	-0.068
	-0.077
	0.185
	0.155
	0.028

	21.
	INDUSTRY
	-0.266
	-0.340
	-0.104
	-0.193
	-0.082
	0.260
	0.076


TABLE II:
Correlations (cont.’d)

	 
	Variable
	8.
	9.
	10.
	11.
	12.
	13.
	14.

	1.
	DURATION
	
	
	
	
	
	
	

	2.
	TMT_AGE
	
	
	
	
	
	
	

	3.
	TMT_AGE²
	
	
	
	
	
	
	

	4.
	TMT_EDU
	
	
	
	
	
	
	

	5.
	OUTSIDE_DIR
	
	
	 
	
	
	
	

	6.
	FUNCTION_HTR
	
	
	
	
	
	
	

	7.
	EXP_HTR
	
	
	
	
	
	
	

	8.
	STARTUP_EXP
	1.000
	
	
	
	
	
	

	9.
	AGE_HTR
	-0.037
	1.000
	
	
	
	
	

	10.
	TENURE_HTR
	0.097
	0.045
	1.000
	
	
	
	

	11.
	FIRST_MOVER
	-0.029
	0.080
	0.117
	1.000
	
	
	

	12.
	EARLY_FOLLOWER
	0.018
	0.027
	0.278
	-0.191
	1.000
	
	

	13.
	LATE_ENTRANT
	0.003
	-0.076
	-0.324
	-0.493
	-0.760
	1.000
	

	14.
	FIRM_SIZE
	-0.021
	-0.153
	-0.069
	-0.064
	-0.013
	0.054
	1.000

	15.
	FIRM_AGE
	-0.021
	0.150
	0.329
	0.472
	0.239
	-0.525
	0.128

	16.
	PATENTS
	-0.187
	0.106
	0.063
	0.144
	0.013
	-0.107
	0.090

	17.
	VC_OWN
	-0.257
	-0.207
	-0.090
	-0.092
	-0.144
	0.189
	0.205

	18.
	DENSITY
	0.040
	-0.011
	0.015
	-0.002
	-0.186
	0.166
	0.064

	19.
	TMT_SIZE
	-0.039
	-0.043
	-0.005
	-0.111
	-0.121
	0.181
	0.427

	20.
	PROCEEDS
	-0.010
	-0.156
	-0.012
	-0.049
	-0.065
	0.090
	0.697

	21.
	INDUSTRY
	0.045
	-0.025
	-0.004
	-0.104
	-0.143
	0.195
	0.214


TABLE II:
Correlations (cont.’d)

	 
	Variable
	15.
	16.
	17.
	18.
	19.
	20.
	21.

	1.
	DURATION
	
	
	
	
	
	 
	

	2.
	TMT_AGE
	
	
	
	
	
	 
	

	3.
	TMT_AGE²
	
	
	
	
	
	 
	

	4.
	TMT_EDU
	
	
	
	
	
	 
	

	5.
	OUTSIDE_DIR
	
	
	
	
	
	 
	

	6.
	FUNCTION_HTR
	
	
	
	
	
	 
	

	7.
	EXP_HTR
	
	
	
	
	
	 
	

	8.
	STARTUP_EXP
	
	
	
	
	
	
	

	9.
	AGE_HTR
	
	
	
	
	
	 
	

	10.
	TENURE_HTR
	
	
	
	
	
	 
	

	11.
	FIRST_MOVER
	
	
	
	
	
	 
	

	12.
	EARLY_FOLLOWER
	
	
	
	
	
	 
	

	13.
	LATE_ENTRANT
	
	
	
	
	
	 
	

	14.
	FIRM_SIZE
	
	
	
	
	
	 
	

	15.
	FIRM_AGE
	1.000
	
	
	
	
	 
	

	16.
	PATENTS
	0.392
	1.000
	
	
	
	 
	

	17.
	VC_OWN
	-0.232
	0.098
	1.000
	
	
	 
	

	18.
	DENSITY
	-0.094
	-0.081
	-0.034
	1.000
	
	 
	

	19.
	TMT_SIZE
	-0.086
	0.026
	0.377
	0.057
	1.000
	 
	

	20.
	PROCEEDS
	-0.016
	0.036
	0.323
	0.065
	0.469
	1.000
	

	21.
	INDUSTRY
	-0.180
	-0.129
	0.112
	0.353
	0.159
	0.278
	1.000


TABLE III:
                 Proportional Hazards Regression

	Variable
	Model 1
	Model 2
	Model 3
	Model 4

	TMT_AGE
	 


	-0.033
(0.037)
	-0.033
(0.039)
	-0.039
(0.040)

	TMT_AGE²
	 
	 
	-0.004

(0.007)
	-0.004

(0.007)

	TMT_EDU
	 
	 
	 
	-1.425
(1.234)

	OUTSIDE_DIR
	 
	 
	 
	-0.004
(0.070)

	STARTUP_EXP
	 
	 
	 
	-0.474
(0.765)

	FIRST_MOVER
	 
	 
	 
	 

	EARLY_FOLLOWER
	 
	 
	 
	 

	FIRM_SIZE
	 


	 
	
	 

	FIRM_AGE
	 
	 
	 
	 

	PATENTS
	 
	 
	 
	 

	VC_OWN
	 
	 
	 
	 

	DENSITY
	 
	 
	 
	 

	FUNCTION_HTR
	 
	 
	 
	 

	EXP_HTR
	 
	 
	 
	 

	AGE_HTR
	 
	 
	 
	 

	TENURE_HTR
	 


	 
	 
	 

	TMT_SIZE
	0.031
(0.039)
	0.030

(0.039)
	0.029

(0.039)
	0.021
(0.042)

	PROCEEDS
	-0.171
(0.146)
	-0.161
(0.146)
	-0.161
(0.145)
	-0.176
(0.144)

	INDUSTRY


	-0.959***

(0.323)
	-0.849**

(0.343)
	-0.838**

(0.339)
	-0.794**

(0.348)

	Degrees of freedom
	3
	4
	5
	8

	Log likelihood
	-267.975
	-267.573
	-267.379
	-266.550

	Chi²
	10.552**
	10.760**
	10.817*
	12.153




* significant at the 10 percent level

** significant at the 5 percent level



*** significant at the 1 percent level



standard errors in parentheses
TABLE III:
Proportional Hazards Regression (cont.d)

	
Variable
	Model 5
	Model 6
	Model 7

	TMT_AGE
	-0.023
(0.043)
	-0.024
(0.044)
	 

	TMT_AGE²


	-0.006

(0.008)
	-0.008

(0.008)
	 

	TMT_EDU


	-0.337
(1.301)
	-0.208
(1.357)
	 

	OUTSIDE_DIR


	0.015
(0.080)
	0.016
(0.080)
	 

	STARTUP_EXP


	-0.216
(0.800)
	-0.218
(0.818)
	 

	FIRST_MOVER


	-0.819
(0.537)
	-0.825
(0.539)
	-0.837
(0.526)

	EARLY_FOLLOWER


	-0.884**

(0.432)
	-0.952**

(0.438)
	-0.912**
(0.417)

	FIRM_SIZE


	-0.372**
(0.147)
	-0.354**

(0.153)
	-0.363**
(0.143)

	FIRM_AGE


	0.428*

(0.248)
	0.440*

(0.268)
	0.440*
(0.239)

	PATENTS


	-0.088
(0.058)
	-0.089
(0.058)
	-0.096*
(0.057)

	VC_OWN


	-0.001

(0.006)
	-0.002
(0.006)
	 

	DENSITY

	0.038
(0.064)
	0.033
(0.065)
	 

	FUNCTION_HTR


	 
	0.130
(1.137)
	 

	EXP_HTR


	 
	0.435
(0.386)
	 

	AGE_HTR


	 
	-2.800
(2.850)
	 

	TENURE_HTR


	 
	0.219
(0.401)
	 

	TMT_SIZE


	0.035
(0.044)
	0.036
(0.046)
	0.038
(0.039)

	PROCEEDS


	0.166
(0.181)
	0.131
(0.186)
	0.157
(0.179)

	INDUSTRY


	-0.629*

(0.380)
	-0.616*

(0.380)
	-0.787**

(0.342)

	Degrees of freedom
	15
	19
	8

	Log likelihood
	-258.617
	-257.374
	-259.512

	Chi²
	26.095**
	28.703*
	23.708***


FIGURE I:
Survival Function at Mean of Covariates
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� Quoted from Shane (2001: 209).


� Examples of negative delistings would be discontinuation of the business, bankruptcy, stock price falling below a minimum acceptable level, or merger because the firm cannot continue to exist independently.





� The percentage totals reflect proportions of valid observations.


� The percentage totals reflect proportions of valid observations.


� The percentage totals reflect proportions of valid observations.





� Three variables demonstrated high values of skewness and kurtosis – ‘IPO size’, ‘firm age’, and ‘firm size’, so we transformed them using the logarithm function. This is a common procedure used for right-skewed data which may also have outliers on the high end. All the tables present results of analyses using the log-transformed values for these three variables.





� For the regression results in Table 3:


*significant at the 10 percent level, **significant at the 5 percent level, ***significant at the 1 percent level: This shows whether the change from the previous model was significant or not for Models 1-6, and the significance of the model for Model 7.


Standard errors are in parentheses.


� As discussed in the Results section, the findings indicate that compared to late entrants, firms that move in to an industry early have a lower likelihood to fail.
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