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Abstract

We examine the impact of expert market intermediaries such as industry specialist auditors and reputable venture capitalists on post-issue survival of initial public offerings (IPOs) over the period 1991-2000. We analyze the relationship between the involvement of expert intermediaries and the probability of delisting and time duration of post-IPO failure. We employ the logistic and semi-parametric Cox proportional hazard model respectively for empirical purpose. Our findings show that IPO firms associated with industry specialist auditors and highly reputable venture capitalists are less likely to delist and exhibit longer time to failure. Overall, our results indicate that expert market intermediaries may help startups in their portfolio acquire resources for successful development, which in turn enhance the aftermarket survivability of IPO issuing firms. Our study provides all new evidences on the value of reputable intermediaries’ involvement on subsequent survival of newly listed firms.
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I. Introduction

Beginning with Ritter (1991), the decision of many companies to go public and the long-run underperformance anomaly of newly issued equities have been of significant interest to investors and academics. This interest may be related to the importance of the IPO market for economic growth and employment. For investors, the IPO market presents, on the one hand, an immense profitable opportunity but, on the other hand, tremendous risks as well. In a recent broad descriptive study, Fama and French (2004) document a dramatic decline in the survival rates of newly listed firms over the past several decades. Jain and Kini (1999) also point that both the broad rise in IPO failures and the tendency of IPO delistings occur within a few years of issuance. In this regard, one can well imagine that investors in IPOs would suffer huge losses with the declining performance or even failure of the newly listed companies. Can one determine the profile of surviving IPOs based on their observable characteristics at the time of IPO? This issue becomes especially timely and important.

In terms of efficient pricing and ultimately the assessment of failure probability, IPO firms are characteristically different from firms that have a history of being public traded in that there is a relatively paucity of information concerning IPO firms, and thus potentially greater uncertainty associated with their valuation and assessed future delisting risk (Webber and Willenborg, 2003). Given this situation, the role of market intermediaries such as auditors and venture capitalists, who own specialized expertise and personnel to screen promising startups, monitor their decisions and/or advice their management helps to reduce information asymmetry problems regarding the quality of innovative IPO firms (Fargher et al., 2000; Mitchell et al., 1997). Indeed, the certifying and monitoring role of financial intermediaries at an IPO has been extensively analyzed in the literature, and several studies have observed links between (a) an IPO’s ties to higher quality auditors (Balvers et al., 1988) or venture capitalists (Gompers, 1996) and (b) its IPO valuation. However, the question of whether or how expert informational intermediaries’ involvement improves the survival profile of IPO issuers has remained an unexplored area.

In this paper, we examine this issue empirically by focusing whether the reputed market intermediaries such as industry specialist auditors and reputable venture capitalists are good improvers of aftermarket survival of the newly public firm. On the theoretical front, the intermediaries with prominent reputations to protect are risk-averse in their involvement decisions, taking on deals that embody better prospects or less risk (Titman and Trueman, 1986; Gompers and Lerner, 1999). These reputed intermediaries bear a reputation cost if an IPO backed by them fails to survive shortly, leading them to screen and monitor/advice more carefully in the pre-IPO stage and/or ex post, compared to other intermediaries. Thus, knowing that involvement decisions are carefully made owing to reputation concerns, we can reasonably infer a positive signal from reputable intermediaries’ agreement to involve, and ceteris paribus, the issuers is likely to be of better quality [even if their quality at the time the intermediaries got involved with them was similar to that of non- reputed-intermediary backed firms], which in turn decreases with future delisting risk.

Otherwise, from the issuer’s perspective, inherent good IPO firms have an incentive to signal their true quality to the market by obtaining different types of high quality certification devices. This certification can come in many forms, including employing the reputed expert intermediary sets such as well-known high quality auditors (Beatty, 1989), venture capitalists with an established track record (Barry et al., 1990). Note that, however, how/why do these IPO market intermediaries fit nicely into the role of a third party certifying the issuers’ quality? The answer to this hinges is that these reputed intermediaries have “reputational capital” at stake so that they are adversely and materially affected if their assertion are proved false, especially for auditors and venture capitalists. The need to safeguard a good reputation that is the foundation of viability and stream of future income binds these reputed intermediaries away from opportunistic (or false) cheat-certifying behavior. Prior studies also confirmed the IPO issuers who resort to high quality auditors (Michaely and Shaw, 1995) or venture capitalists (Megginson and Weiss, 1991) have superior long-run performance. The general argument in the above literatures suggests IPOs tied to reputed certifier are those that are innately perceived to be of better quality, and herewith, we expect these IPO issuers have higher chances of subsequent survival than comparable non-reputed-certifier backed ones.

Our study is interested in the reputation effect of market intermediaries by specifically examining whether reputed expert intermediaries’ presence have significant power in reducing (predicting) subsequent delisting risk of new firms. We expand the definition of delisting risk by including not only the probability of delisting but also the life expectancy of IPOs. This study is conducted on a large sample of 2059 firms that went public during the period 1991-2000 recorded in the Securities Data Corporation (SDC) New Issues database. The relationship between reputed intermediaries variables and post-IPO delisting rate is evaluated through a cross-sectional logit regression analysis. Besides, in order to model the relationship between reputed intermediaries’ involvement and duration between IPO and occurrence of failure, we employ hazard analysis using the Cox proportional hazard model. Hazard analysis allows us to evaluate both the likelihood of occurrence and timing of failure. As expected, we find that the likelihood of survival is higher and time to failure longer for issuing firms that resort to industry specialist auditors than that of non-specialists’ IPO clients. And our results indicate that highly reputable venture capitalist backed IPO are at a lower risk of early failure. Thus, it appears that the presence of industry specialist auditors and/or reputable venture capitalists provides a nice advisor/monitor to IPO issuing firms against the various potential uncertainties in areas such as competitive advantage enhancement, business strategy formation, corporate governance practice, and capital market conditions. Given a good business plan and good governance, startup firms are likely to be able to achieve a successful outcome and avoid failure.
The contribution of this paper is three-fold. First, we contribute to the IPO literature by focusing on the impact of reputed market intermediaries’ presence on another critical and largely ignored aspect of the going public process, namely, the survival of IPO firms subsequent to going public. Our empirical results confirm that reputed intermediaries’ involvement in the IPO process reveals the quality of IPOs and subsequently predicts future delisting risk. Second, we add to accounting literature by providing evidence on the certifying and monitoring/advising effects of hiring an industry specialist auditor in IPO process. In the prior studies, audit firm size (i.e. ‘Big Six’ versus non-Big Six) is commonly used as a proxy for audit quality. However, in the 1985-90s, it is hard to test the effect of audit quality on IPO performance/survival because Big Six firms dominate the auditing market. Recently, a second body of research suggests that industry specialization represents an additional level of assurance service quality beyond the Big 6/non-Big 6 dichotomy (Craswell, Francis and Taylor, 1995; Gramling and Stone, 2001; Dunn and Mayhew, 2004). Our paper contributes to this stream of study by providing first time evidence that in an IPO context industry specialist auditors are associated with IPO firms that are less likely to fail. Third, early studies investigating the roles of venture capitalists invariably pool VC firms into a single non-distinguishable group, and examine the relationship between IPOs’ subsequent performance/survival and VC-backing dummy. We add to these venture capitalist literatures by using a simple reputation measure developed by Krishnan and Singh (2005) to differentiate among VC firms, and present new evidence on VC firm reputation and the associated IPO subsequent delisting risk. To our knowledge the above results have not been previously documented.
The rest of the paper is organized as follows. Section II introduces the roles of expert intermediaries, such as industry specialist auditors and reputable venture capitalists in the IPO process and develops testable hypotheses regarding the impact of expert intermediaries’ involvement on IPOs delisting risk. Section III contains a description of our sample, variables selection, and methodology. We present and discuss our empirical results in Section IV. Finally, Section V summarizes and concludes the paper.
II. Background and Hypotheses

1. The Reputed Auditor’s Role in the IPO Process and Its Impact on IPOs’ Future Delisting Risk
At the time of the IPO, there is a relative lack of information to facilitate the evaluation of firm quality, suggesting that outside expert informational intermediaries is particularly important. The independent auditor’s role in the IPO process includes a responsibility for auditing the financial statements and general audit-related services involving the resolution of accounting issues, design, documentation and testing of internal control systems, as well as review of registration statements. The auditor is also responsible for signing a letter of comfort, which is demanded by the issuer and the underwriter
. Apart from the auditor’s role with respect to registration statements, the auditor frequently acts as a management advisory service (MAS) consultant for the IPO issuer, e.g. gives advices about legal and economic maturity, corporate governance devices, and management skills and strategies of the firm, which positively provides the issuer with long term competitive advantages. To the extent that either audit or non-audit services quality provided by auditors depends on the auditor’s reputation and expertise.

It is common in the literature to use a dummy variable for Big Six/non-Big Six membership to proxy for audit quality (e.g., Palmrose, 1988; Teoh and Wong, 1993; Becker et al., 1998). However, a recent stream of literature argues that an industry specialist auditor offers a higher quality audit services compared to a non-specialist, and uses auditor industry specialization to proxy for audit quality. Recent structural shifts by audit firms in the direction of greater industry focus suggest that industry specialization plays an increasingly important role in audit quality (Dunn and Mayhew, 2004; Gramling and Stone, 2001). The industry-focused audit firms tend to invest in technologies, physical facilities, personnel, and organization control systems that improve the quality of audits in the firms’ focal industries. At the same time, it seems likely that specialization in audit services may facilitate or feed specialization in non-audit services, which arises from “knowledge spillovers” (Hogan and Jeter, 1999). In this context, we argue that industry specialization enables auditors to enhance their ability and reputation to serve as business advisors with deep industry knowledge in priority industries.

At the start of the IPO process, a company will think about firm’s status and purpose in itself to resort to an auditor firm among quality-differentiated firm groups. Prior studies have cited that some IPO firms may retain higher quality auditors to signal to capital suppliers that their financial statements are of higher quality (Simunic and Stein, 1987; Michaely and Shaw, 1995). Specifically, agency costs arise because an IPO typically leads to an increasing separation of ownership and control. In this context, the presence of a reputed and expert auditor will have a greater ability and incentive to monitor and mitigate the self-interested behavior of corporate managers, thus augmenting traditional corporate governance mechanisms and ensuring investor protection (Francis and Wilson, 1988; Fan and Wong, 2001). Empirically, Gramling et al. (1999) find evidence that clients of audit firms with industry specialization report earnings numbers with relatively greater power for predicting future cash flows. Zhou and Elder (2002) show that IPO clients of industry specialist auditors have lower discretionary accruals than clients of non-specialist auditors. Under these scenarios, it seems not likely that IPO firms tied to industry specialist auditors have a rapid deterioration in earnings shortly after IPO which often leads to higher delisting rate and shorter life expectancy of newly traded firms.

While not explicitly part of the audit function, there is evidence that clients rate their auditors’ ability to help the company address its concerns beyond basic accounting issues (e.g., helping the company grow, foreseeing problems, understanding the client’s business circumstance, introducing effective management methods) as being extremely important (Addams and Davis, 1994; Goff, 2002). Also, Behn et al. (1997) show that clients highly value auditor advice and that industry specialization is a key determinant of client satisfaction. In particular, young (IPO) firms that pursue growth but lack experience may have a relatively greater need for a strategic and technical advisor, like auditors with industry knowledge and expertise
. Industry specific knowledge enables auditors to identify and address industry specific problems, issues and risks of IPO clients more thoroughly (Brown and Raghunandan, 1995; Craswell and Taylor, 1991), and to assist clients in developing industry specific strategies, thus enhancing the issuers’ operational fundamental and future competitive advantages. Given that the ability of audit firms to enhance fundamental and value via management advisory service increases with auditor’s industry specialization, we could reasonably infer the presence of an industry specialist auditor may serve as an effective vehicle to reduce future delisting risk of the IPO firm.

Otherwise, from the supply-side perspective, we take the effect of industry specific experience on the auditor screening decision into consideration. Auditors have reputations to uphold. Being associated with IPOs performing poorly and/or going failure rapidly is likely to have a negative effect on their reputation. Most importantly, auditors who associated with poorly performing (delisting) IPOs may be subject to lawsuits by shareholders which cause substantial loss. Increased litigation exposure has driven the auditors to engage in risk management practices such as screening out high-risk companies or outplacement of accounting employees into the boardrooms of existing (and prospective) clients, etc. By specializing in the specific industries, the audit firm can reduce its risk effectively. Indeed, Hogan and Jeter (1999) find a significant negative association between litigation risk and audit firm industry concentration, implicating the ability of auditors to identify and sterilize risk is different with the presence of industry domain-specific experience. Furthermore, auditors may use their pool of industry expertise and knowledge to perform superior due diligence resulting in the selection and screening of high quality clients. According to the above logic, auditors with industry specialization may have a greater ability to screen prospective IPOs and service only the ones that are less risky, and thus we argue that IPO firms associated with industry expert auditors are less likely to fail soon and have longer life expectancy since going public.

We study two dimensions of delisting risk: (i) the probability of delisting, and (ii) the expected life-of-seasoning before delisting or life expectancy of the IPO firms. Our hypotheses are as follows:

Hypothesis 1-1: Firms retaining an auditor with industry specialization in the IPO process are less likely to be delisted from the stock exchange.
Hypothesis 1-2: Firms retaining an auditor with industry specialization in the IPO process are less likely to be delisted sooner from the stock exchange.
2. The Prestigious Venture Capitalist’s Role in the IPO Process and Its Impact on Future Delisting Risk

Venture Capital Firms (hereafter, VC), as financial intermediaries in private equity markets, typically focus on start-ups with significant financing constraints and information asymmetries. From the entrepreneur’s perspective, besides cash funding, VC firms may provide a wide range of benefits to a young, high-growth privately held companies through their active roles of pre-investment screening, post-investment monitoring and value-adding expertise (Berger and Udell, 1998, Manigart and Sapienza, 1999). So far a relatively large body of finance literature has detailed that VC backed companies have higher initial valuation, better post-IPO performance and lower delisting likelihood than comparable non-VC backed ones (Kunkel and Hofer, 1990; Brav and Gompers, 1997; Jain and Kini, 2000), arising from multi-dimensional business management expertise and methods that VCs provide, illustrated as follows. First, VC companies have stringent investment criteria, withholding only the most promising ventures. Second, Diamond (1991) posits that inside investors, such as venture capitalists, can transmit valuable signals to outside parties. Specifically, as a VC firm’s investment process is extremely selective, the mere fact that a VC company has invested in an unquoted company conveys positive signal about that company and makes it easier for the portfolio company to attract other resources, such as personnel, suppliers and customers.
Third, VC managers put time and effort in monitoring after the investment is made in order to overcome moral hazard problems, detect problem early, and make effective decision (Admati and Pfleiderer, 1994; Lerner, 1995). Well-performed monitoring by venture capitalists could reduce the divergence of interests between managers and outside investors, and thus reduce the overinvestment problem. In particular, monitoring skills are valuable for entrepreneurs in sectors where assets are largely intangible and asset specificities are high (Gompers, 1995). Finally, venture capitalists provide value-adding expertise and services including, but not limited to, product development, valuable brand name, assisting with networking, moral support, general business knowledge and discipline, technological and R&D assistance, and even in designing effective management compensation schemes to their portfolio companies (Kaplan and Strömberg, 2000)
.

In this paper, we argue the quality of services VCs provide may be not homogenous, and probably hinges on their prestige level. Prestige refers to the reputational capital that venture capitalists have at stake when making investments. Indeed, early studies have emphasized the ability differentiation effect of venture capitalist reputation. Hall and Hofer (1993), for example, indicate that venture capitalists bring their experience in evaluating the prospects of startups through their screening of potential investments. Thus, VCs with strong track records may use their accumulated pool of industry expertise and investment knowledge to perform superior due diligence. Superior due diligence results in the selection and financing of high quality projects. Megginson and Weiss (1991) focus on the certification function of reputed VCs. They thoroughly argue that more experienced and reputed venture capital investors are better able to credibly certify invested company quality at IPO, and thus reduce investors’ uncertainty inherent in private companies since false certification would lead to loss of valuable reputation established over time. Consistent with this proposition, Barry et al. (1990) and Krishnan and Singh (2005) also find that intensive monitoring and guidance by experienced and reputable venture capitalists increase the market value of portfolio companies.

From the venture’s perspective, entrepreneurs often care much about who they hire as venture capitalists. For example, Kaplan (1999) indicated that entrepreneurs in the survey concluded that a venture capitalist’s reputation was the most important consideration in selecting a venture capitalist, and the venture capitalist’s reputation may depend in part on the venture capitalist’s ability to provide high quality non-cash services in the staged financings
. In consistent with this assertion, Hsu (2003) documents that many entrepreneurs value VC’s value-adding services so highly that they are willing to part with more equity in exchange for the active involvement of a VC with a superior service reputation. However, assessing VC firms’ reputation is not straightforward, so entrepreneurs need to search for signals of ability. Hellmann (2000) indicated intangible reputation consists of the appreciation of the venture capital firm in the marketplace, and is driven by the activity and especially the proven success in terms of the number of companies they have taken public. Thus, ceteris paribus, we argue that a VC firm with strong track records may be perceived to a signal of the higher value-enhancing service quality than other VCs, which lack an established reputation for investment success.
Essentially, the presence of reputation will provide stronger abilities for VCs to aid the development and growth of their portfolio firms. For example, talented managers are more likely to invest their human capital in a company financed by a reputed venture capital, because the high quality venture capitalist’s participation provides a credible signal about the company’s likelihood of success. Suppliers will be more willing to risk committing capacity and extending trade credit to a company with reputed venture capital backers. Customers will take more seriously the company’s promise of future product delivery if a high quality venture capitalist both vouches for and monitors its management and technical progress. Also, the venture capitalist also adds value by assisting the entrepreneur in obtaining additional financing. Reputation is critical in developing a network of potential co-investors who will interpret the venture capitalist’s involvement as a signal of the quality of the entrepreneur. Thus, reputation capital may heighten the ability and incentive of venture capitalists to conduct distinct high quality services, which in turn improve invested companies’ performance and ultimately chance of survival.

Under these scenarios, we expect, if VC firms perform their distinct roles of monitoring and assisting business operating and strategic planning well, then this should lead invested companies to more explosive growth and more sustainable advantage, translating into lower delisting risk after going public, especially when the involved VC firm is a high reputation company. Further, Prestigious venture capitalists have their reputation capital at stake when making investments, and thus decisions of reputable venture capital investors to invest in young, startup IPO firms represent credible signals/certification on the good quality of these companies
. And because the quality of an IPO is inversely related to future delisting risk, venture capitalist reputation should help predict the delisting risk. Our two hypotheses are as follows:

Hypothesis 2-1: Firms backed by prestigious VCs in the IPO process are less likely to be delisted from the stock exchange.
Hypothesis 2-2: Firms backed by prestigious VCs in the IPO process are less likely to be delisted sooner from the stock exchange.
III. Data and Methodology

1. IPO Data

Our sample consists of U.S. IPOs that span a period 10 years from 1991-2000. The data is collected from Thomson Financial Securities Data Corporation (SDC) database. SDC is used to collect information on the offer date, offer price, offer proceeds, the name of the venture capital firms associated with each issue, and the name of the managing (often referred to as the lead or book) underwriter. The CRSP database is used to determine if IPOs continues to trade or fails and identify those issues which delist from the exchange for deteriorating reasons. In addition, we collected auditor-related and financial information on the IPO firms from COMPUSTAT. We discard observations where any parameter used in our analysis is not available. Securities that are not unambiguously identified on CRSP are deleted from the sample. Financial companies, reverse LBOs, spinoffs, unit offerings, limited partnerships, ADRs, small offerings (less than $1 offer price per share or $5 million in issue proceeds), foreign corporations, and observations with missing data are deleted from the sample. After applying the methods of Belsley et al. (1980) to identify and eliminate excessively influential observations, our final sample includes 2059 offerings. Table 1 presents descriptive data for these firms.
Next, we track each firm from the IPO date until the end of 2005 or until the firm is delisted, which ever is earlier. We classify firms as “delisted” if their CRSP delisting codes are in the 400-range (“liquidations”) or the 500-range (“dropped”), excluding firms with delisting codes of 501-503 (“stopped trading on current exchange to move to NYSE, AMEX, or Nasdaq”) and 573 (“delisted by company request – gone private”). This group includes IPO issuers who were delisted for a variety of negative reasons such as failure to meet listing standards, financial distress, liquation, insufficient capital, lack of liquidity, etc. However, the definition of dichotomizing the sample firms into failures and non-failures is different in subsequent logit and Cox proportional hazard regression. When using logit cross-sectional regression analysis to examine the relationship between variables associated with reputable market intermediaries and post-IPO survival, we classify firms as “failures” if they get delisted within the first five years subsequent to their IPO. Based on the above definition, our sample of 2059 IPOs consist of 1783 survivors and 276 failed firms. In the case of hazard analysis, firms that are still trading at the end of 2005 are classified as “survivors”, and “failures” otherwise. Therefore, the sample for the hazard analysis consists of 1634 IPO firms that were either still trading at the end of the tracking period (survivors) or 425 firms that were delisted prior to the tracking period for negative reasons (failed firms).
2. Research Econometric Methods

Our empirical analysis involves two dimensions. We first study economic determinants of delisting rate using the logit regression model, especially examining the influence of reputable auditors and venture capitalists on the IPOs’ delisting rate. We then model firm survival in “IPO life expectancy” to support calendar time-based analyses using Cox (1972) proportional hazard model. Our methods are intended to provide a rich and in-depth understanding the relation between reputed financial intermediaries and IPO firm survival. We next discuss the econometric estimation method of the empirical designs.
I. The Logit Model
The logit model, one in a family of discrete choice models, is widely used in economics, social sciences and epidemiology to handle dependent variables that are not continuous. We then simply specify the model setup and parameter estimation as follows. The vector of variables, X, will determine the probability of a specific choice, through its estimated parameters, (, such that Prob(y=1) = F((’X). For a binary dependent variable, the probability of the other choice then becomes Prob(y=0) = 1-F((’X). Note here that F((’X) is a cumulative density function. In logit models, F((’X)’s corresponding density function, f((’X), takes the form of a logistic distribution, which results in Prob(y=1) = e(’X/(1+e(’X) =Λ((’X), a logistic cumulative distribution function
. With choices of Y=(y1, y2,…, yn) for n observations in the sample, the joint probability is:
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Taking the logarithm, the coefficients can be estimated with maximum likelihood methods. For goodness-of-fit, we calculate the model χ2, -2 times the difference between model log likelihood with only an intercept and a model with an intercept and independent variables (Powers and Xie, 2000). Larger values of χ2 indicate greater predictive power for the variables.
As to the interpretation of estimated coefficients, Logit permits interpreting the coefficient estimates using the odds ratios, in addition to the marginal effects (Agresti, 2002). Logit marginal effects are ∂E[Y∣X]/∂X = Λ((’X)[1-Λ((’X)] (, calculated at the means of the independent variables. The odds ratio is often used to interpret logit model coefficients. The odd of an outcome is the ratio of the probability that the outcome will occur over the probability that it will not. For binary dependent variables, the odds of y = 1 is Prob(y=1)/Prob(y=0) = Prob(y=1)/[1-Prob(y=1)]. The odds ratio is the impact of a variable on the odds of an outcome. A coefficient estimate of (i for the ith independent variable makes odds ratio exp((i).
II. Survival Analysis Model

Survival analysis draws it origins from the bio-medical sciences and, in recent years, has found applications in business to predict events such as bank or corporate failure (Wheelock and Wilson, 1995) and bond default (Moeller and Molina, 2003). Survival analysis is capable of dealing with censored data that represents situations where the response of interest has not yet occurred. In the presence of this censored distribution, conventional econometric OLS procedures are ill-suited to duration analysis, because they would produce biased and inconsistent estimates (Cox and Oakes, 1984).
We use the proportional hazards (PH) regression developed by Cox (1972) to model time-to-failure for IPO firms. The main advantage of a Cox PH model is that we are not required to make any assumption about the underlying distribution of the data. Let T be the length of the trading period. The probability of an IPO, offered for sale at t = 0, enduring longer than time t is a cumulative density function measured from t to infinity, i.e.
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where S(t) is called the survival function and f(t) represents the probability density function. The hazard rate, h(t), which measures the conditional probability that the IPO is delisted instantaneously given that it has survived up to time t, can be expressed as:
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The basic Cox model is as follows:
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where h0(t) is the baseline hazard rate, X represents a (1×p) vector of measured covariates (also known as explanatory variables), and ( is a (p×1) vector of model parameters to be estimated. This is called a semi-parametric model because a parametric form is assumed only for the covariate effect. The baseline hazard rate is treated non-parametrically. The Cox model is often called a proportional hazards model because, if we look at two individuals i and j, the ratio of their hazard rates is
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which is a constant. Thus, the hazard rates are proportional.
The inference for ( is based on a partial likelihood approach. That is, the baseline hazard h0(t) is treated as a nuisance parameter function. Let t1<t2<…<tM denote the ordered event times and X(m)k be the k-th covariate associated with the individual with failure time tm. Define the risk set at time tm, R(tm), as the set of all individuals who are still under study at a time just prior to tm. The partial likelihood is expressed by
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The partial maximum likelihood estimates may be found by maximizing equation (6) without knowing h0(t).

As mentioned earlier, the main advantage of using a semi-parametric partial likelihood approach is that we do no need to define the baseline hazard, the density function, or the survival function, and thus the Cox PH model is more flexible than the parametric hazards models. One the other hand, the cost of using partial likelihood estimation is a certain loss of efficiency, because we could be leaving out some information. However, this loss of efficiency is generally small and can disappear completely in asymptotic results (Cox and Oakes, 1984).
3. Variable Measure and Empirical Models

I. Dependent Variables
The binary dependent variable (DELIST) in our logit model is 1 if an IPO gets delisted within five years after the initial offerings and 0 otherwise. The dependent variables in the Cox model (DURATION) is the number of months that has lapsed from the time a sample firm went IPO till the time of its delistment from the stock exchanges or the end of the study period—December 2005 if the firm is still alive.
II. Experimental Variables

In this sub-section, we describe the empirical proxies that represent our main theoretical constructs—audit firm industry specialization and venture capital firm reputation.

(i) Auditor Industry Specialization Proxy

Following prior studies (e.g., Balsam et al., 2003; Krishnan, 2003; Lys and Watts, 1994), we use the market share of an audit firm to proxy for auditor specialization. Conceptually, industry market share would be measured as audit fees earned by an auditor in an industry, as a proportion of the total audit fees earned by all auditors that serve that particular industry. We define an industry as all companies within each two digit primary Standard Industry Classification (SIC) code in the Compustat database. Due to the lack of data availability, prior studies (such as Dunn and Mayhew, 2004 and Krishnan, 2003) use client sales rather than auditor fees to compute proxies for industry market shares. Following these studies, we use the square root of client sales to estimate industry market shares of an audit firm. An auditor’s market share within a given industry and year is calculated as follows:
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where SALES denotes client’s sales revenue. The numerator is the sum of the square root of sales of all Jikt clients of i audit firm in year t’s industry k. The denominator in equation (7) is the square root of sales of all Jikt clients in year t’s industry k, summed over all Ikt audit firms (including both Big Five firms and other audit firms auditing in the industry and year). To estimate industry market shares for the auditors in a given industry for a particular year, we require a minimum of twenty clients in that industry. In our study, auditors are classified as industry specialists (SPECLST) if their market share of clients’ sales is among the top three in an industry, as in DeFond et al. (2000).

(ii) Venture Capitalist Reputation Proxy

There are various alternative measures for the reputation of venture capital investors. Prior research has used measures such as market share in IPOs or the share of investments calculated from the whole sample (e.g. Megginson and Weiss, 1991). This approach is most suitable for cross-sectional studies as it assumes that reputation is constant. In our study, we want to take into account potential changes in the reputation of investors. The assumption that reputation can change is very important for credible signaling. Another important assumption is that reputation rarely changes very rapidly - it is affected by the long history in addition to the recent developments.
In social networks research, reputation is often measured using centrality measures in networks. This view is also valid in venture capital because syndication is an important form of cooperation and has a strong influence on the deal flow of venture capitalists. In their study, Podolny and Feldman (1997) found that status in syndication networks and deal history are highly correlated. Thus, a venture capitalist’s reputation should be positively related to the VC’s deal-making activity.
However, the venture capitalist’s share of venture-backed initial public offerings should be an even better proxy for reputation than the share of venture capital deals. While using the share of deals would reward venture capitalists that are active but not successful, using the share of IPOs rewards only those venture investors whose portfolio companies were ultimately successful and reached the IPO. Also, Gompers and Lerner (2000) and Hellmann (2000) both indicated venture capital firm reputation is especially driven by the proven success in terms of the number of companies they have taken public. Thus, venture capitalists that gain the largest share of the most successful deals that reached the IPO are likely to gain the most reputation.
In this paper, we define reputation in a given year as the venture capital firm’s cumulative IPO market share. It is defined as the cumulative number of the venture capital firm’s portfolio company IPOs divided by the cumulative number of all venture-backed IPOs in the sample, where the cumulating starts from year 1986. To ensure the VC reputation measure is relieved of looking-forward bias, the reputation measure for each VC firm is based on the market share of IPO companies the firm has backed from 1986 through the year prior to the year for which this measure applies. Specifically, the 1995 reputation measure for a VC firm is based on the aggregate volume of the IPOs that VC firm is associated with during the years 1986 and 1994. Note that, the VC reputation proxy based on volume market share may lead to measure bias, which arises from some VC firms’ “grandstanding” behavior
. Thus, we additionally take into account the VCs’ involved IPOs’ valuation and size level, and calculate each VC firm’s dollar market share of IPO deals in similar method as an alternative VC reputation measure, i.e. the 2000 reputation measure for a VC firm is based on the aggregate dollar size of the IPOs that VC firm is associated with during the years 1986 and 1999.
We then assign reputation for each VC firm each year into two different categories based on the volume and dollar market share of all IPOs backed by VC firm from 1986 through the year prior to the year for which this measure applies. A VC is put in the “high” reputation bracket when its both volume and dollar market share of IPO market fall in the top half of specified period market shares
, or “low” when its one of volume and dollar market share is less than the median of specified period market shares. This approach takes into account both the dynamic nature of reputation and the actual success of the venture capital investors. Finally, when considering different VC firms as a syndicated investment we define an IPO firm is backed by high reputable venture capitalists (VCR) if half of the VC firms associated with a particular IPO are classified as high reputation bracket.
III. Control Variables

The control variables we employ are the same across the logit and Cox proportional hazards models. Based on review of previous studies on survival/ performance in the post-IPO period, we have firm-specific, offering characteristics and industry-related factors as our independent variables. Firm-related factors include VC, UWR, BIG5, LEV and PFOF (e.g., Jain and Kini, 2000; Chadha, 2003; Michaely and Shaw, 1995; Fama and French, 2004). VC is a dummy variable that takes on the value of one if the IPO issuing firm received venture capital financing, and zero otherwise. We measure underwriter reputation by the updated Carter et al. (1998) nine-point reputation measure, which is based on the relative position of the investment banker on tombstone advertisements
. We operationalize UWR as a dummy variable that takes on the value of one if IPOs associated lead underwriter reputation ranking is greater than or equal to 8, and zero otherwise. Similarly, BIG5 is operationalized as equaling to one if the IPO used a Big 5 auditor and zero otherwise. LEV measures a firm’s long term liabilities as a percentage of its total assets and is an indicator of a firm’s financial solvency. We also control for differences in pre-IPO profitability of issuing firms in the delisting risk analysis by including the variable PROF which is defined as the operating return on assets of the IPO firm measured in the fiscal year prior to the IPO. Offering characteristics related factors include UNDPRC and LSIZE (e.g., Jegadeesh et al., 1993; Bhabra and Pattway, 2003; Hansler et al., 1997). The variable UNDPRC measures the degree of underpricing defined as the change in the stock price from the offering price to the close of the first trading day divided by the offering price. LSIZE is measured by the natural logarithm of the gross proceeds raised at the IPO. Finally, we want to capture the effects of risk associated with this growing industry on firm delisting risks, and thus the dummy TECH is used to class whether an IPO company has certain high-tech products based on the SDC identification, including areas in biotechnology, chemicals, computers, defense, electronics, communications, medical, and pharmaceuticals, among others.
IV. Empirical Models

Based on the above definitions of our experimental variables and selecting appropriate dependent and control variables, the econometric models that we will test are as follows:
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Cox proportional hazard: 
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Note that, the dependent variable of Cox duration model, hi(t), is the hazard rate for firm i at time t (i.e., the probability that the client will fail at time t given continual listing), h0(t) is the baseline hazard rate shared by all clients at time t. All explanatory variables are defined as those in preceding sections.

IV. Empirical Results

I. Data and Bivariate statistics

Panel A of Table 1 provides the sample distribution across years. Year 1996 has the most IPOs and makes up around 17% of the sample. Year 1997 follows with 12% of the sample firms. Interestingly, delisting due to performance failure shows a similar pattern, with the years 1996 and 1997 contributing the biggest number of delisting firms. Firms listed in 1998 have the highest delisting rate of 23%, while firms listed in 1991 have the lowest delisting rate of 5.3%. Panel B provides a sample distribution segmented by industry. The industry classification is based on two-digit SIC codes. The percentage of non-survivors varies from a low of 3.45% for Retail Trade: Apparel and Accessory Stores to a high of 23.91% for Communication. Although no systematic patterns are evident, there is some indication that the delisting rate is lower in industries where larger numbers of firms tend to going public. For instance, almost industries with one hundred or more IPO issues exhibited delisting rates below the overall average of 13.41%, except Business Services. Our sample (not reported) also shows that the majority of sample firms are from NASDAQ (81.54%), followed by NYSE firms (15.20%), where NASDAQ firms have the highest delisting rate of 15.07%, followed by AMEX firms. NASDAQ firms are triple likely as NYSE firms to delist for performance failure.

[Insert Table 1 about here]

Table 2 presents descriptive statistics and results from the means tests for the variables used as empirical analysis later. The mean of the DELIST dummy is 0.143 with standard deviation of 0.341. That is, 13.41% of firms in the sample period of 1991-2000 got delisted from the exchanges within five year after the initial offering due to performance related reasons. Further, the variable DURATION provides information about the longevity of the IPOs with mean of 73.29 months. Specifically, The average duration of listing of firms delisted due to bad performance is 34.98 months (2.92 years), compared to 79.22 months (6.60 years) for non-delisted firms. However, the longevity of non-delisted firms is censored on December 31, 2005. The average firm in the sample had a return on assets of -6.07%, was financed 12.26% by long term debt, and raising about 57.27 million at IPO. Big 5 auditors are retained by 83.58% of the sample firms, and around 57% of the firms use industry specialist auditors. With 44% of sample firms being VC-backed, out of 906 VC-backed IPOs in our sample 320 (about 15.54% of total sample) are backed by high reputable venture capitalists. The results also indicate that nearly 67% firms used prestigious underwriters to conduct going public process, and more than 55 percent of firms in the sample are classified in high tech industry.

Mean tests provides the comparison in some of the firm characteristics between delisted and non-delisted firms. We find that successful firms are more likely backed by reputed market intermediaries, including Big 5 or even industry specialist auditors, (reputed) venture capitalists and prestigious underwriters. Likewise, except for the degree of underpricing, there are significant differences in the other offering and firm characteristics between firms that failed and non-failed firms. Failed firms in average have smaller issuing size, more leveraged, less profitable and are less likely to be classified as high tech ones. These univariate tests suggest that the information in the offering and firm characteristics appear to be more promising in distinguishing between firms that are likely to be successful and those that are likely to fail.

[Insert Table 2 about here]

Panel A of Table 3 provides a comparison of the empirical variables across the three auditor types. The mean levels for all three groups are reported in the table. Further, the results of pairwise comparison between Big 5 and Non-Big 5 among the non-specialist auditors’ clients, and non-specialist and industry specialist auditors are reported. We employ t-test to test for differences between groups. The results indicate that there are several significant differences between non-specialist’s Big 5 clients and non-specialist’s Non-Big 5 clients. Note that, non-specialist’s Big 5 clients have lower delisting rate within five years after IPO than Non-Big 5 clients, and the difference is significant at the 1% level. We also find that non-specialist’s Big5 audited IPO firms are more likely backed by (reputable) venture capitalist and underwritten by prestigious underwriters. The mean leverage level, profitability and offering size is significantly greater for the non-specialist’s Big 5 group than the Non-Big 5 group. A greater proportion of high tech firms than non-tech companies are audited by Big 5 audit firms. Further, when comparing the results between non-specialist and industry specialist auditors’ clients, firms that retained an auditor with industry specialization are less likely delisted from the exchange and have more reputable venture capitalist participation, higher underwriter prestige and degree of underpricing. Also, there are significant differences in profitability, offering size and high tech feature between firms audited by non-specialist compared to firms audited by specialist auditors.

Similar information is provided in Panel B for a comparison of relevant variables between Non-VC backed, Non-reputed-VC backed and highly reputable VC backed IPO firms. Different from prior studies, we find that only highly reputable venture capitalist involvement can improve the survival profile of IPO issuers. In other words, the aftermarket survivability of non-reputed VC backed IPOs is indifferent from that of non-VC backed firms. The results also show that IPO firms backed by low reputed venture capital firms have lower debt ratio, operating performance prior to IPO but higher initial return at the time of IPO than Non-VC backed ones, and venture-backed IPOs are frequently associated with more reputable underwriters and auditors. A matter of our concern, the aftermarket survivability of highly reputable venture capital backed IPO firms is significantly higher than that of other VC backed ones. Specifically, the mean delisting rate for the reputable VC group is 8.44 percent compared to 13.48 for non-reputed VC-backed group, with the difference being significant at the 5% level, which represents VCs’ ability in improving post-IPO survivability of invested companies could be not homogenous and affected by their reputation level. In addition, IPOs tied to high reputational VC have higher underwriter prestige and lower leverage compared to other VC involvers. Finally, we find that reputable VCs are significantly more focus in high-tech ventures compared to other VCs.
[Insert Table 3 about here]

Table 4 reports Pearson correlation matrix of the key variables of interest. The correlation between delisting dummy and industry specialist auditors is -0.071, significant at the 1% level, and the delisting dummy is also negatively related and significantly with venture capitalist reputation, with significance level of 1%. These evidences are both primarily consistent with our hypotheses that the auditors with industry specialization or reputable venture capitalist covariates negatively with delisting rate. However, as expected, there is a positive correlation between the Big 5 and industry specialist variables, since almost specialists firms are Big 5 firms
. And VCR dummy is in the same boat since venture capital reputation is significantly and positively related to VC dummy. This may lead to a spurious relationship between delisting dummy and reputable intermediaries dummy, such as SPECLST and VCR. Taking the question into consideration, the partial correlation between delisting dummy and highly reputed venture capitalist as well as industry specialist controlling for venture capital dummy VC and auditor quality dummy BIG5 is calculated, and the results indicate a significant negative relationship still exists between DELIST and VCR (corr=-0.048, p=0.029) as well as SPECLST (corr=-0.050, p=0.023), thus providing a convincing evidence that the likelihood that a highly reputable VC-backed or specialist auditor associated IPO firms will survive longer than five year is higher those for non-VC-backed or no-Big 5-assoicated IPO firms.

 In the meanwhile, delisting dummy is significantly and negatively related to VC participation dummy, banker reputation, Big 5 auditor involvement, financial leverage level, profitability, issuing size and high-tech feature at the less-than-7% level, and thus we add these variables to following multivariate analysis to mitigate omitting-variables related econometric disturbances. Otherwise, no two variables have a correlation higher than 0.60, and condition indices are all less than 20 for the variables (Greene, 2002), which eliminates multi-collinearity as a problem.
[Insert Table 4 about here]

II. Logit Model Results

We now pay our attention to determining whether highly reputable auditors and venture capitalists are useful in predicting delisting rate by estimating logistic regressions. Four sets of models are estimated with different specifications of independent variables. Results from Logit regressions are presented in Table 5, and overall our models exhibit reasonable goodness-of-fit with significant model X2 ranging from 107.87 to 112.94. Model 1 predicts a subsequent failure within five year by adding only control variables. Except for Big5 auditor and high-tech dummies, all of the other variables are statistically significant. It is worth noting that we find that the role of the VC is important in predicting subsequent five-year survival, and that IPOs underwritten by prestigious underwriters are less likely to fail compared to others. However, as to another important information intermediary in IPO process, Big 5 auditors’ participation has negligible predictive power for determining the success or failure of companies that conduct going public.

To test our hypothesis, we now add the industry specialist auditors dummy SPECLST into the logit regression model. The parameter for SPECLST is negative and significant, with a smaller than one odds ratio and a negative marginal effect on the likelihood of firm failure ((=-0.244, p<.10, odds ratio=0.781). Thus, the hypothesis 1-1 is supported. This result indicates that an IPO firm that retains an auditor with industry expertise had an odds of delisting that was 78.1% of that of an non-specialists backed firm. Then, we test hypothesis 2-1 that the effect of involved venture capitalist reputation on invested companies using Model 3. We find that the coefficient on VCR is negative and statistically significant. This supports our hypothesis 2-1 that firms that associate with highly reputable venture capitalists to improve competitive are less likely to fail. The odds ratio and marginal effect of the VCR variable indicate that an IPO firm’s odds of failure decreased by 37.1% with highly reputed venture capitalists’ involvement in our sample. Unlike Model 1, the relationship between venture capitalist participation and probability of survival becomes weak after controlling the venture capitalist’s reputation. We infer that the relationship between VC dummy and probability of survival may be driven mainly by highly reputable VC involvement. Specifically, the aftermarket survivability of non-reputable VC-backed IPO firms is indeed indifferent from the non-VC-backed ones.
In Model 4, we add industry specialist auditors and venture capitalist reputation together into the set of explanatory variables. These two key variables of interest remain their significant predictive power. That is to say that higher reputable auditors and venture capitalists involvement in the IPO process can effectively reduce the aftermarket delisting risk significantly. Further, there are strong evidences that some firm specific factors and offering characteristics are very significant and robust in predicting subsequent failure, including leverage level, profitability, degree of underpricing, and offering size. Otherwise, to evaluate the robustness of our results, we also use an alternative definition of delisting dummy. For example, we set the binary delisting dummy equal to one if the firm fails within three (or four) years of the IPO, and zero otherwise. We find the results are qualitatively the same (not reported).

[Insert Table 5 about here]

III. Results from the KM Curve Analysis

The survival curve, which is a time-series portrayal of the sample IPOs’ endurance plots the survival probabilities over time (also called the survival function). There are several ways to calculate the survival function. The Kaplan-Meier product-limit method, which provides a non-parametric consistent estimate of the survival function, is used in this study. Specifically, the Kaplan-Meier estimator is defined as:
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where nj is the number of IPOs surviving and uncensored at time tj, and dj is the number of IPO firms being delisted at tj. In order to assess the impact of industry specialist auditor involvement and reputable venture capitalist participation in IPOs on the probability of survival over time, we construct KM survival function curve for specialist-associated versus non-specialist-associated firms, and reputable VCs backed versus non-reputable VCs backed IPO firms. The survival plots are shown in Figures 1 and 2. The KM curve indicates the likelihood that a randomly selected firm will survive longer than a specified period of time.
In Figure 1, the three survival curves of specialist auditor, non-specialists’ Big 5 and non-specialists non-Big 5 (the later two categories are generally called “non- specialists” in our following KM curve analyses) associated IPO firms are shown. Consistent with our expectation, the survival function of the firms tied to specialist auditors is consistently above that of non-specialist auditors backed firms across time and the test of significance of difference in the survival functions of the two groups is significant. For example, starting from IPOs, the KM curves for industry specialist and non-specialist associated firms are similar before their sixth month of existence. At month 6, when the delistments start to emerge, the KM curves start to diverge. The survival function also indicates that the likelihood that a firm associated with specialist auditors will survive longer than 36 months after the IPO is 93.25% compared to 89.31% for non-specialist involved firms. Therefore, highly reputable auditors associated firms have a 3.94% higher probability of surviving at least three years after the IPO compared to non-specialist involved firms. Similarly, Figure 1 indicates that the likelihood that a reputable auditors’ IPO client will survive at least 60 months after the IPO is 86.16% compared to 80.49% for the low reputable auditors’ clients. As such, industry specialist auditors’ clients have a 5.67% higher probability of surviving more than 5 years after the IPO compared to non-specialist associated firms.
[Insert Figure 1 about here]

Figure 2 provides similar insights regarding survival probabilities for highly reputable venture capitalists (VCR=1), non-reputable venture capitalists (VCR=0), and non-VC backed IPO firms. The survival function for the reputable VC backed firms group is consistently higher than the low-reputable VC and non-VC backed group both, and the likelihood test of difference in significance of survival functions between the two groups is significant. Figure 2 indicates that a reputable VC involved IPO firm has a 95.11% probability of surviving at least three years after the IPO compared to 90.99% for a low-reputed backed firm and 90.81% for a non-VC backed firm. Therefore, diversified firms have an 8.21 percent higher probability of surviving at least 3 years after the IPO. Similarly, IPO firms with reputable venture capitalists’ participation have a 89.09% probability of surviving at least five years after the IPO compared to 84.02% for a low-reputed backed firm and 82.19% for a non-VC backed firm. As such, reputable VC involved firms have at least a 6.85% higher probability of surviving at least five years after the IPO compared to other firms. Therefore, the beneficial influence of reputable VCs on probability of survival increases as the IPO firms become more seasoned.
[Insert Figure 2 about here]

We next report results from the Cox regression, which enables us to quantify the impact of the various factors as well as target market over a longer period of time.
IV. Results from the Cox Proportional Hazards Model
We present our age-based Cox proportional hazard model results in Table 6. Four models are reported as Logit analysis. In the Cox PH model, a negative coefficient indicates that the variable serves to reduce the hazard rate (or to increase the survival probability). Then we also distinguish between the hazard ratio, a statistic that is similar to the marginal effects on failure in the logit model, and the hazard rate, the instantaneous failure rate at time t assuming a firm is still at risk up until that time. The hazard ratio depicts the marginal impact of a one-unit increase of an explanatory variable on the hazard rate. The hazard ratio is written as exp((i), where (i is the estimated coefficient for an explanatory variable xi. Overall, our models have likelihood ratio statistics range from 121.08 to 127.90 and are all significant at the 0.01 level.
The estimation results for the Cox PH model without key experimental variables of interest are shown in Model 1. We find that the BIG5 dummy variable is insignificantly related to the likelihood of IPO failure. However, consistent with the findings of Jain and Kini (2000), it can be seen that the coefficient on the VC dummy is negative and significant, reflecting that VC participation improves the survival profile of IPO issuers. Besides, a high reputation of the underwriter is inversely related to a firm’s hazard rate, reflecting that the underwriters with the highest reputation are considered to be more successful at performing going public related activities, and thus improving the likelihood of continuous survival (see Hansen and Torregrosa, 1992; Macklin et al, 1992; Aggarwal, 2000).
In Model 2, we test Hypothesis 2-1 by adding the SPECLST dummy to examine whether an IPO resorting to an auditor with industry specialization have superior survivability than non-specialist’s IPO clients. The results indicate that as the presence of industry specialist auditor is beneficial for firm survival. The coefficient on SPECLST is negative and significant with a hazard ratio smaller than one ((= -0.251, p<.10, hazard ratio=0.778). The hazard ratio statistic indicates that the hazard rate for IPO firms retaining an industry specialist auditor was 77.8% of those that tie to non-industry specialists. The Hypothesis 1-2 is supported. Then, we use Model 3 to investigate the impact of involved VC reputation on IPO aftermarket survivability in a multivariate regression setting. So, we include a venture capitalist reputation term of VCR in our Cox proportion hazard regressions. The results show the VC reputation metric is significantly negative at the 10% significance level, and the hazard ratio of 0.688 reflects that higher reputation VC firms are associated with superior long-term survival rate of their portfolio companies than non VC-backed IPOs. The hypothesis 2-2 is supported. More importantly, the addition of VCR term leads the coefficient on VC dummy to become insignificant, and we infer that the difference in survivability between non VC-backed IPOs and VC-backed is mainly driven by those backed by the highly reputable VC firms. In other words, only high reputable VC participation can effectively improve the survival profile of IPO issuers.

The estimated results of Model 4 including all variables into the regression are qualitatively the same. Both the industry specialist auditors and reputable venture capitalists’ involvements correlate negatively with the hazardous function after we control for the other factors influencing delisting. This evidence suggests that firms which tied to reputable market intermediaries during IPO process are expected to fail slower, ceteris paribus. Further, in terms of control variables, the coefficients on UWR, LEV, PROF, UNDPRC, LSIZE, and TECH are important in explaining the life expectancy and consistently significant at the 0.10 level or lower across all models. Firms with higher debt leveraged and initial returns tend to survive shorter after the IPO. On the contrary, the prestigious underwriters, firm profitability, issuing size and high-tech feature exhibit a significant positive relation with the hazard function. We also add year dummy variables into the regression, and the untabulated results show that our results are robust to the inclusion of these year dummy variables. Taken together, these results provide stronger support for our age-based analysis where we find the reputable market intermediaries such as auditors, venture capitalists and underwriters, whose actions have a significant impact on outcomes associated with the going public process, essentially improve IPO firms’ aftermarket survivability.
[Insert Table 6 about here]

V. Summary and Conclusions

Drawing upon reputation-based theories, this study attempts to investigate the role that highly reputable market intermediaries, especially auditor and venture capitalist, plays in the survival likelihood of IPO firms. We employ the logit model, and also perform semi-parametric survival analyses, Cox proportional hazards regression, on a sample of initial offering firms during 1991-2000. The use of multiple models allows us to cross-validate our results. We also sketch out the IPO issuers’ survival rates at the different stages of their lifetimes to better understand the effect of involved reputable intermediaries on survival time of IPOs. Overall, our empirical results indicate that in addition to the traditional determinants of IPO performance/survival such as firm leverage, profitability, initial return, offering size and industry feature and prestigious underwriter involvement, IPO survival also largely depends on involved market intermediaries’ reputation.
Specifically, we empirically provide the first evidence that an industry specialist auditor associated IPO issuing firms have a higher probability of survival and longer time to failure. This suggests industry specialist auditors could not only produce higher quality reports but also provide other benefits (actual or perceived) to their clients. One possible benefit may be in the form of access to a quality provider of non-audit services, whose advices influence managers on strategic resource allocation decisions that can lead to a competitive advantage and, therefore, influence post-IPO survival likelihood and time. With superior expertise and experience, industry specialist auditors have a greater ability to constrain potential earnings management practices, and monitor/control other self-maximizing behavior of IPO issuer managers, which help reduce the agency cost of IPO issuers, and thus improve firm survivability in the aftermarket. Otherwise, auditors with rich industry expertise and knowledge may perform superior due diligence resulting in the selection and screening of high quality IPO clients who inherently have lower delisting rate and shorter life duration.

In addition, we also find that high reputational VCs’ involvement in the going public process significantly improves the survival likelihood for the IPO firms. Our results are consistent with the view that reputed venture capitalists bring greater expertise and resources to firms (Hsu, 2003). As a venture capitalist has more investment success experience in a particular industrial sector, he or she is more likely to gain the expertise needed to help startups in their portfolio acquire resources for successful development. For firms that are facing the uncertainty and intensive competition of the post-IPO period, the resources and active participation function that VCs with strong track records provide might be especially useful to avoid failure. Taken together, we extend and contribute to extant venture capital related literatures by constructing a VC reputation based on the volume and dollar market share of VC firms in the IPO market, and confirm the quality of services VCs provide may be not homogenous via relating VC reputation and invested IPOs’ superior survivability.
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Table 1
 Distribution of Sample

Panel A. Sample distribution by years

	Year
	IPO Sample Firms
	
	Delisting within 5 years after IPO
	Delisting rate (%)

	
	Frequency
	% sample
	
	Frequency
	% sample
	

	1991
	114
	5.54
	
	6
	2.17
	5.26

	1992
	186
	9.03
	
	11
	3.99
	5.91

	1993
	227
	11.02
	
	19
	6.88
	8.37

	1994
	197
	9.57
	
	16
	5.80
	8.12

	1995
	226
	10.98
	
	19
	6.88
	8.41

	1996
	345
	16.76
	
	67
	24.28
	19.42

	1997
	243
	11.80
	
	45
	16.30
	18.52

	1998
	146
	7.09
	
	33
	11.96
	22.60

	1999
	214
	10.39
	
	42
	15.22
	19.63

	2000
	161
	7.82
	
	18
	6.52
	11.18

	Total
	2059
	100.00
	
	276
	100.00
	13.41


The sample consists of 2059 firms making initial public offering during 1991-2000. Firms that delist and stop trading with five years of the IPO for reasons of financial distress are identified using the delisting codes available on CRSP. We classify these firms as failures. The delisting rate by year is the rate of the IPOs of the year that delist within five years after the initial offering.

Table 1 (Continued)

Panel B. Sample distribution by industry

	Industry
	IPO Sample Firms
	
	Delisting within 5 years after IPO
	Delisting rate (%)

	
	Freq.
	% sample
	
	Freq.
	% sample
	

	Oil & Gas
	39
	1.89
	
	2
	0.72
	5.13

	Food& Kindred Products
	38
	1.85
	
	5
	1.81
	13.16

	Apparel & Finished Products
	21
	1.02
	
	5
	1.81
	23.81

	Chemical & Allied Products
	147
	7.14
	
	12
	4.35
	8.16

	Rubber & Plastics Products
	19
	0.92
	
	3
	1.09
	15.79

	Primary Metal Industries
	23
	1.12
	
	1
	0.36
	4.35

	Elec Machinery, Eq. & Supplies
	138
	6.70
	
	16
	5.80
	11.59

	Machinery except Electrical
	176
	8.55
	
	17
	6.16
	9.66

	Transportation Equipment
	30
	1.46
	
	5
	1.81
	16.67

	Professional & Photographic Eq.
	157
	7.63
	
	8
	2.90
	5.10

	Wholesale Trade: Durable Goods
	57
	2.77
	
	10
	3.62
	17.54

	Wholesale Trade: Non-durable Goods
	21
	1.02
	
	3
	1.09
	14.29

	Retail Trade: Apparel & Acc.
	29
	1.41
	
	1
	0.36
	3.45

	Eating and Drinking Places
	41
	1.99
	
	7
	2.54
	17.07

	Miscellaneous Retail
	65
	3.16
	
	12
	4.35
	18.46

	Business services
	479
	23.26
	
	67
	24.28
	13.99

	Amusement, Recreation
	31
	1.51
	
	6
	2.17
	19.35

	Health Services
	67
	3.25
	
	10
	3.62
	14.93

	Business Services and Repairs
	58
	2.82
	
	6
	2.17
	10.34

	Communications
	92
	4.47
	
	22
	7.97
	23.91

	Others
	331
	16.08
	
	58
	21.01
	12.62

	Total
	2059
	100.00
	
	276
	100.00
	13.41


The sample consists of 2059 firms making initial public offering during 1991-2000. Firms that delist and stop trading with five years of the IPO for reasons of financial distress are identified using the delisting codes available on CRSP. We classify these firms as failures. The delisting rate by industry is the rate of the IPOs of the industry that delist within five years after the initial offering.

Table 2
Descriptive statistics and univariate tests (N=2,059)

	
	Descriptive statistics
	
	Non-survivors (N=276)

vs.

Survivors (N=1,783) 

	Variables
	Mean
	Std.
	Q1
	Median
	Q3
	
	Diff. in Mean
	t-stat.

	DELIST
	13.41
	34.08
	0.00
	0.00
	0.00
	
	-
	-

	DURATION
	73.29
	43.33
	36.07
	65.50
	104.50
	
	44.24
	34.59***

	SPECLST
	57.16
	49.50
	0.00
	1.00
	1.00
	
	10.36
	3.24***

	VCR
	15.54
	36.24
	0.00
	0.00
	0.00
	
	6.65
	3.33***

	VC
	44.00
	49.65
	0.00
	0.00
	1.00
	
	6.46
	2.01**

	UWR
	66.93
	47.06
	0.00
	1.00
	1.00
	
	20.80
	6.49***

	BIG5
	83.58
	37.05
	0.00
	1.00
	1.00
	
	7.40
	2.77***

	LEV
	12.62
	20.40
	0.06
	2.28
	16.65
	
	-2.40
	-1.85*

	PROF
	-6.06
	37.23
	-16.39
	6.33
	12.99
	
	12.15
	4.57***

	UNDPRC
	22.59
	38.01
	1.08
	10.00
	27.60
	
	-0.70
	-0.27

	LSIZE
	3.56
	0.91
	3.00
	3.56
	4.09
	
	0.38
	6.06***

	TECH
	55.32
	49.73
	0.00
	1.00
	1.00
	
	6.56
	2.04**


The sample consists of 2059 firms making initial public offering during 1991-2000. Variable definitions are as follows: DELIST is a binary dummy variable and set as 1 if an IPO gets delisted within five years after the initial offerings and 0 otherwise. DURATION is the number of months that has lapsed from the time a sample firm went IPO till the time of its delistment from the stock exchanges or the end of the study period—December 2005 if the firm is still alive. Industry-specialist auditors are classified based on auditor industry share which is the percentage of sales the client’s audit firm audits in the client’s two-digit SIC code. Industry specialist auditor variable, SPECLST, is an indicator variable equal to one if an IPO’s audit firm market share of clients’ sales is among the top three in this client’s industry and zero otherwise. VCR is the reputation dichotomous measure of involved venture capitalist and is determined based on the volume and dollar market share of all IPOs backed by venture capital firm from 1986 through the year prior to the year for which this measure applies. A venture capital firm is put in the “high” reputation bracket when its both volume and dollar market share of IPO market fall in the top half of specified period market shares, or “low” when its one of volume and dollar market share is less than the median of specified period market shares. When considering different venture capital firms as a syndicated investment we define an IPO firm is backed by high reputable venture capitalists if half of the venture capital firms associated with a particular IPO are classified as high reputation bracket. VC is an indicator variable that takes on a value of one when an IPO is backed by a venture capitalist and zero otherwise. Based on the modified Carter et al. (1998) underwriter ranking on a 0-9 scale, we operationalize UWR as a dummy variable that takes on the value of one if IPOs associated lead underwriter reputation ranking is greater than or equal to 8, and zero otherwise. BIG5 is set as one if the IPO used a Big 5 auditor and zero otherwise. LEV is the proportion of long-term debt to total assets. PROF is the proportion of operating income before depreciation on total assets. UNDPRC is the degree of underpricing defined as the change in the stock price from the offering price to the close of the first trading day divided by the offering price. LSIZE is defined by the natural logarithm of the gross proceeds raised at IPO. TECH is a dummy variable and set as 1 if an IPO company has certain high-tech products based on the SDC identification and 0 otherwise. Finally, parametric t-statistics are reported that test for the difference in means between firms that delisted due to financial distress within five years of the IPO date (non-survivors) and those that were still trading on the fifth anniversary of the IPO date (survivors).
Table 3
Comparison of IPO Firms’ Characteristics among Different Expert Intermediaries Reputation Levels

Panel A. Interactive Comparison of Non-industry specialists and Non-Big 5s’ (SPECLST=0& BIG5=0), Non-industry specialists and Big 5s’ (SPECLST=0&BIG5=1) and industry specialist (SPECLST=1) auditors’ IPO Clients

	
	Non-Specialist

& Non-Big 5

Auditors’
IPO Clients

[N=269]
	Non-Specialist & Big 5

Auditors’
IPO Clients

[N=613]
	Specialist

Auditors’
IPO Clients

[N=1177]
	Non-Specialist

& Non-Big 5

vs.

Non-Specialist

& Big 5
	Non-Specialist

vs.

Specialist

	Variables
	(Mean)
	(Mean)
	(Mean)
	(t-stat.)
	(t-stat.)

	DELIST
	21.933
	13.703
	11.300
	2.85*** 
	 3.18***

	DURATION
	70.464
	73.703
	73.726
	-1.01
	-0.52 

	VCR
	10.037
	15.824
	16.653
	-2.46*
	-1.62*

	VC
	27.138
	44.372
	47.664
	-5.10***
	-3.18***

	UWR
	39.405
	69.005
	72.133
	-8.59***
	-5.77***

	LEV
	11.181
	13.669
	12.403
	-1.93*
	0.56 

	PROF
	0.325
	-6.365
	-7.365
	2.61***
	1.83*

	UNDPRC
	16.037
	17.869
	26.553
	-0.98
	-5.84***

	LSIZE
	3.025
	3.566
	3.673
	-7.80***
	-6.60***

	TECH
	41.636
	55.791
	58.199
	-3.90***
	-3.04***


The sample consists of 2059 firms making initial public offering during 1991-2000. Variable definitions are as follows: DELIST is a binary dummy variable and set as 1 if an IPO gets delisted within five years after the initial offerings and 0 otherwise. DURATION is the number of months that has lapsed from the time a sample firm went IPO till the time of its delistment from the stock exchanges or the end of the study period—December 2005 if the firm is still alive. VCR is the reputation dichotomous measure of involved venture capitalist and is determined based on the volume and dollar market share of all IPOs backed by venture capital firm from 1986 through the year prior to the year for which this measure applies. A venture capital firm is put in the “high” reputation bracket when its both volume and dollar market share of IPO market fall in the top half of specified period market shares, or “low” when its one of volume and dollar market share is less than the median of specified period market shares. When considering different venture capital firms as a syndicated investment we define an IPO firm is backed by high reputable venture capitalists if half of the venture capital firms associated with a particular IPO are classified as high reputation bracket. VC is an indicator variable that takes on a value of one when an IPO is backed by a venture capitalist and zero otherwise. Based on the modified Carter et al. (1998) underwriter ranking on a 0-9 scale, we operationalize UWR as a dummy variable that takes on the value of one if IPOs associated lead underwriter reputation ranking is greater than or equal to 8, and zero otherwise. LEV is the proportion of long-term debt to total assets. PROF is the proportion of operating income before depreciation on total assets. UNDPRC is the degree of underpricing defined as the change in the stock price from the offering price to the close of the first trading day divided by the offering price. LSIZE is defined by the natural logarithm of the gross proceeds raised at IPO. TECH is a dummy variable and set as 1 if an IPO company has certain high-tech products based on the SDC identification and 0 otherwise. The differences in means and related t-statistics are reported between the following groups: (1) mean for the Non-Big 5 & Non-specialist clients (N=269) minus the mean for the Big 5 & Non-specialist clients (N=613) and (2) mean for the Non-specialist clients (N=882) minus the mean for the industry specialist auditors’ clients (N=1177).
Table 3 (continued)

Panel B. Interactive Comparison of Non-VC-backed (VC=0), VC-backed (VC=1&VCR=0) and Reputed VC-backed (VC=1&VCR=1) IPO Firms

	
	Non-VC

backed

IPOs

[N=1153]
	Non-ReputedVC backed IPOs

[N=586]
	Reputed-VC backed

IPOs

[N=320]
	Non-VC

backed IPOs

vs.

Non-Reputed VC backed IPOs
	Non-Reputed VC backed IPOs

vs.

Reputed-VC

backed IPOs

	Variables
	(Mean)
	(Mean)
	(Mean)
	(t-stat.)
	(t-stat.)

	DELIST
	14.744
	13.481
	8.438
	0.71
	2.40**

	DURATION
	74.427
	73.607
	68.633
	0.37
	1.68*

	SPECLST
	53.426
	62.229
	61.250
	-3.53***
	0.31

	UWR
	59.410
	74.061
	80.938
	-6.32***
	-2.41**

	BIG5
	80.052
	88.737
	86.875
	-4.94***
	0.83

	LEV
	15.682
	9.922
	6.531
	5.74***
	2.81***

	PROF
	4.605
	-19.431
	-20.017
	12.34***
	0.21

	UNDPRC
	18.002
	27.242
	30.628
	-4.55***
	-1.09

	LSIZE
	3.563
	3.556
	3.534
	0.16
	0.44

	TECH
	39.549
	72.526
	80.625
	-14.09***
	-2.81***


The sample consists of 2059 firms making initial public offering during 1991-2000. Variable definitions are as follows: DELIST is a binary dummy variable and set as 1 if an IPO gets delisted within five years after the initial offerings and 0 otherwise. DURATION is the number of months that has lapsed from the time a sample firm went IPO till the time of its delistment from the stock exchanges or the end of the study period—December 2005 if the firm is still alive. Industry-specialist auditors are classified based on auditor industry share which is the percentage of sales the client’s audit firm audits in the client’s two-digit SIC code. Industry specialist auditor variable, SPECLST, is an indicator variable equal to one if an IPO’s audit firm market share of clients’ sales is among the top three in this client’s industry and zero otherwise. Based on the modified Carter et al. (1998) underwriter ranking on a 0-9 scale, we operationalize UWR as a dummy variable that takes on the value of one if IPOs associated lead underwriter reputation ranking is greater than or equal to 8, and zero otherwise. BIG5 is set as one if the IPO used a Big 5 auditor and zero otherwise. LEV is the proportion of long-term debt to total assets. PROF is the proportion of operating income before depreciation on total assets. UNDPRC is the degree of underpricing defined as the change in the stock price from the offering price to the close of the first trading day divided by the offering price. LSIZE is defined by the natural logarithm of the gross proceeds raised at IPO. TECH is a dummy variable and set as 1 if an IPO company has certain high-tech products based on the SDC identification and 0 otherwise. The differences in means and related t-statistics are reported between the following groups: (1) mean for the Non-VC backed IPOs (N=1153) minus the mean for non-reputed VC backed IPOs (N=586) and (2) mean for the non-reputed VC backed IPOs (N=586) minus the mean for the highly reputable VC backed IPOs (N=320).
Table 4
Pearson Correlation Matrix

	
	DELIST
	DURATION
	SPECLST
	VCR
	VC
	UWR
	BIG5
	LEV
	PROF
	UNDPRC
	LSIZE

	DURATION
	-0.348
	-
	
	
	
	
	
	
	
	
	

	SPECLST
	-0.071
	0.012
	-
	
	
	
	
	
	
	
	

	VCR
	-0.063
	-0.046
	0.035
	-
	
	
	
	
	
	
	

	VC
	-0.044
	-0.030
	0.085
	0.484
	-
	
	
	
	
	
	

	UWR
	-0.151
	-0.002
	0.128
	0.128
	0.180
	-
	
	
	
	
	

	BIG5
	-0.068
	0.003
	0.329
	0.038
	0.108
	0.201
	-
	
	
	
	

	LEV
	0.041
	-0.036
	-0.012
	-0.128
	-0.169
	0.108
	0.029
	-
	
	
	

	PROF
	-0.111
	0.120
	-0.040
	-0.161
	-0.323
	-0.073
	-0.050
	0.143
	-
	
	

	UNDPRC
	0.007
	-0.119
	0.120
	0.091
	0.136
	0.142
	0.070
	-0.170
	-0.176
	-
	

	LSIZE
	-0.143
	-0.073
	0.147
	-0.011
	-0.008
	0.567
	0.209
	0.246
	0.017
	0.187
	-

	TECH
	-0.045
	-0.047
	0.067
	0.218
	0.358
	0.134
	0.098
	-0.279
	-0.304
	0.228
	0.034


This table shows the Pearson correlation parameters among variables. Variable definitions are as follows: DELIST is a binary dummy variable and set as 1 if an IPO gets delisted within five years after the initial offerings and 0 otherwise. DURATION is the number of months that has lapsed from the time a sample firm went IPO till the time of its delistment from the stock exchanges or the end of the study period—December 2005 if the firm is still alive. SPECLST, is an indicator variable equal to one if an IPO’s audit firm is an industry specialist and zero otherwise. VCR is a dichotomous dummy variable that takes on a value of one if the involved venture capital firm is member of high reputation and zero otherwise. VC is an indicator variable that takes on a value of one when an IPO is backed by a venture capitalist and zero otherwise. Based on the modified Carter et al. (1998) underwriter ranking on a 0-9 scale, we operationalize UWR as a dummy variable that takes on the value of one if IPOs associated lead underwriter reputation ranking is greater than or equal to 8, and zero otherwise. BIG5 is set as one if the IPO used a Big 5 auditor and zero otherwise. LEV is the proportion of long-term debt to total assets. PROF is the proportion of operating income before depreciation on total assets. UNDPRC is the degree of underpricing defined as the change in the stock price from the offering price to the close of the first trading day divided by the offering price. LSIZE is defined by the natural logarithm of the gross proceeds raised at IPO. TECH is a dummy variable and set as 1 if an IPO company has certain high-tech products based on the SDC identification and 0 otherwise.

Table 5
Analysis of Post-IPO Survival Rate Using Logit Models

	
	Models

	Variables
	1
	2
	3
	4

	Intercept
	-0.325

(0.253)
	-0.326

(0.251)
	-0.314

(0.271)
	-0.314

(0.269)

	SPECLST
	-
	-0.244*

(0.092)
	-
	-0.247*

(0.090)

	VCR
	-
	-
	-0.460*

(0.056)
	-0.463*

(0.055)

	VC
	-0.298*

(0.055)
	-0.292*

(0.060)
	-0.165

(0.322)
	-0.158

(0.343)

	UWR
	-0.557***

(0.002)
	-0.556***

(0.002)
	-0.534***

(0.002)
	-0.534***

(0.002)

	BIG5
	-0.168

(0.332)
	-0.068

(0.709)
	-0.171

(0.323)
	-0.070

(0.701)

	LEV
	1.283***

(0.000)
	1.261***

(0.000)
	1.263***

(0.000)
	1.240***

(0.000)

	PROF
	-1.175***

(0.000)
	-1.173***

(0.000)
	-1.171***

(0.000)
	-1.170***

(0.000)

	UNDPRC
	0.354**

(0.044)
	0.377**

(0.033)
	0.361**

(0.040)
	0.384**

(0.030)

	LSIZE
	-0.347***

(0.000)
	-0.334***

(0.001)
	-0.353***

(0.000)
	-0.340***

(0.001)

	TECH
	-0.250

(0.109)
	-0.250

(0.109)
	-0.243

(0.120)
	-0.242

(0.121)

	Pseudo R2
	0.098
	0.100
	0.101
	0.104

	-2LogL
	1509.48
	1506.66
	1505.64
	1502.78


This table shows results from logistic regression analysis for four separate models. The dependent variable takes on a value of one if the firm is delisted due to financial distress and stop trading within five years of the IPO date and zero otherwise. Description of independent variables is provided in Table 2. SPECLST, is an indicator variable equal to one if an IPO’s audit firm is an industry specialist and zero otherwise. VCR is a dichotomous dummy variable that takes on a value of one if the involved venture capital firm is member of high reputation and zero otherwise. VC is an indicator variable that takes on a value of one when an IPO is backed by a venture capitalist and zero otherwise. Based on the modified Carter et al. (1998) underwriter ranking on a 0-9 scale, we operationalize UWR as a dummy variable that takes on the value of one if IPOs associated lead underwriter reputation ranking is greater than or equal to 8, and zero otherwise. BIG5 is set as one if the IPO used a Big 5 auditor and zero otherwise. LEV is the proportion of long-term debt to total assets. PROF is the proportion of operating income before depreciation on total assets. UNDPRC is the degree of underpricing defined as the change in the stock price from the offering price to the close of the first trading day divided by the offering price. LSIZE is defined by the natural logarithm of the gross proceeds raised at IPO. TECH is a dummy variable and set as 1 if an IPO company has certain high-tech products based on the SDC identification and 0 otherwise.

Table 6
Coefficient Estimates from Multivariate Cox Hazard Models

	
	Models

	Variables
	1
	2
	3
	4

	SPECLST
	-
	-0.251*

(0.055)
	-
	-0.248*

(0.058)

	VCR
	-
	-
	-0.375*

(0.095)
	-0.371*

(0.098)

	VC
	-0.250*

(0.073)
	-0.237*

(0.089)
	-0.145

(0.334)
	-0.133

(0.373)

	UWR
	-0.509***

(0.002)
	-0.514***

(0.001)
	-0.488***

(0.002)
	-0.494***

(0.002)

	BIG5
	-0.172

(0.260)
	-0.071

(0.657)
	-0.181

(0.237)
	-0.081

(0.617)

	LEV
	1.267***

(0.000)
	1.248***

(0.000)
	1.244***

(0.000)
	1.225***

(0.000)

	PROF
	-1.107***

(0.000)
	-1.100***

(0.000)
	-1.104***

(0.000)
	-1.097***

(0.000)

	UNDPRC
	0.410***

(0.010)
	0.431***

(0.007)
	0.419***

(0.009)
	0.441***

(0.006)

	LSIZE
	-0.271***

(0.002)
	-0.256***

(0.003)
	-0.274***

(0.002)
	-0.261***

(0.003)

	TECH
	-0.240*

(0.086)
	-0.239*

(0.086)
	-0.241*

(0.086)
	-0.240*

(0.086)

	Likelihood Ratio
	121.08
	125.42
	123.66
	127.90

	-2LogL
	3951.02
	3947.37
	3948.06
	3944.47


Cox Proportional Hazard models are estimated using a sample of 2,059 IPOs over 1991-2000. The time-to-failure is measured as the number of months elapsed between the IPO month and the month in which the firm is delisted from CRSP for negative reasons. The results for each model include the estimated coefficient of each independent variable and the associated p-values in parenthesis. Description of independent variables is provided in Table 2. SPECLST, is an indicator variable equal to one if an IPO’s audit firm is an industry specialist and zero otherwise. VCR is a dichotomous dummy variable that takes on a value of one if the involved venture capital firm is member of high reputation and zero otherwise. VC is an indicator variable that takes on a value of one when an IPO is backed by a venture capitalist and zero otherwise. Based on the modified Carter et al. (1998) underwriter ranking on a 0-9 scale, we operationalize UWR as a dummy variable that takes on the value of one if IPOs associated lead underwriter reputation ranking is greater than or equal to 8, and zero otherwise. BIG5 is set as one if the IPO used a Big 5 auditor and zero otherwise. LEV is the proportion of long-term debt to total assets. PROF is the proportion of operating income before depreciation on total assets. UNDPRC is the degree of underpricing defined as the change in the stock price from the offering price to the close of the first trading day divided by the offering price. LSIZE is defined by the natural logarithm of the gross proceeds raised at IPO. TECH is a dummy variable and set as 1 if an IPO company has certain high-tech products based on the SDC identification and 0 otherwise.

Figure 1
Survival Curve for IPOs (Non-Specialist and Non-Big 5-backed vs. Non-Specialist and Big 5-backed vs. Industry Specialist Auditor-backed IPOs)
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Figure 2 Survival Curve for IPOs (Non VC-backed vs. Non-reputed VC-backed
vs. Reputed VC-backed IPOs)
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� With respect to the comfort letter, some of the duties include certification regarding the accuracy of the financial data contained in the financial statement and in other parts of the registration statements. The duties also include negative assurance as to whether certain financial information outside of the financial statements complies in form in all material respects with the securities regulations (e.g., Coopers & Lybrand LLP, 1997; O’Reilly et al., 1998).


� Dunn and Mayhew (2004) provide evidence that clients of industry-specialist auditors would purchase more non-audit services from incumbent CPA firm than that of non-specialists. Carcello et al. (1992) and Hogan and Jeter (1999) document Industry experts are more likely to make investments in staff training and technologies related to audit and non-audit issues in their area of expertise, and such investments are likely to enhance the service quality provided by auditors.


� See Barry, Muscarella, Peavey, and Vetsuypens (1990); Lerner (1995); Hellman and Puri (2000), and Hellman and Puri (2002) for further insight into the non-cash activities and services of VCs.


� The non-cash services provided by VCs are extensive and include everything from business management and IPO process expertise to assistance with hiring key executives and finding key vendors and customers.


� Megginson and Weiss (1991) document that the reputation of some long-existing VC companies is second to none, and their presence in the capital structure sends a strong positive signal to other investors and stakeholders.


� For probit models, f((’X) is the standard normal distribution. The logistic and normal distributions are similar, except that the logistic distribution has heavier tails. Logit and probit tend to give similar predictions if values in the (’X matrix are in the intermediate range. If the values of the (’X matrix are very small (or large), logit will give higher (or lower) probabilities for y = 0 as compared to probit (Greene, 2002). Logit permits interpreting the coefficient estimates using the odds ratios, in addition to the marginal effects. We use logit as the primary model to examine IPO firms’ delisting likelihood, but also obtained similar results using probit.





� Gompers (1996) has explained, the unduly concern among young venture capitalists to produce a track record of success may lead to “grandstanding,” the practice of forcing a company to go public early, in hope of building the venture capitalist’s reputation through IPO volume.


� We together adopt volume and dollar size market share to identify the VCs’ reputation in order to reduce the skewness of the dollar-size-based reputation distribution.


� The measures that we use for investment bank reputation are obtained from Jay Ritter’s website at � HYPERLINK "http://bear.cba.ufl.edu/ritter/rank.xls" ��http://bear.cba.ufl.edu/ritter/rank.xls�. These ratings have appeared in Loughran and Ritter (2004) and are adaptations of the ratings that first appeared in Carter and Manaster (1990). The measure ranges from 1 (low quality) to 9 (high quality).


� However, the correlation between these two variables is comparatively low, since not all Big 5 auditors are specialists.
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