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Who will live and who will die?  The determinants of common stock attrition 

Abstract:  The delisting of a company’s shares from a stock exchange is a major event affecting a variety 
of stakeholders.  Such events are also of importance to anyone relying on historical share price data for 
investment insights, as standard statistical approaches often call for exclusion of delisted shares, thus 
leading to a survivorship bias.  This paper studies the determinants of delisting of ordinary shares on the 
London Stock Exchange.  To do so, we employ hazard regression, and disaggregate delistings into those 
due to acquisition or merger on one hand, and those explicitly linked with poor operating performance 
(bankruptcy, liquidation, or failing listing requirements) on the other.  The key findings concern the very 
different behavior of the two delisting categories, and the complex dependence of the delisting likelihood 
on prior returns.  Our characterization of the attrition process for stocks indicates how delisting 
propensities of individual stocks and portfolios can be evaluated by relying on market data only.  
Traditional insights about the effects of disregarding “dead” observations (e.g. in the literature on mutual 
funds performance) are unlikely to be relevant when dealing with data on common stocks. 

1. Introduction 

Most research using historical stock prices is conditioned on ex-post survivorship.  That is to say, 
certain price histories, which are in principle eligible to be studied, are excluded for reasons 
having to do with data availability.  This happens whenever the research design requires complete 
data over some minimum period, or when some required data are simply unavailable.  Fama and 
French (1988), for example, decide that a “preliminary solution is to study the 82 stocks listed 
over the entire 1926-85 period” while Bossaerts and Fohlin (2000) acknowledge that  
“companies were selected on the basis of continuous listing during the entire [1881-1913] 
period”.  Many other authors (including ourselves) have restricted research to securities with 
available data. 

Some further illustrations of survival conditioning are the need to have returns in the estimation 
and testing periods in studies of serial dependence in stock returns (see Lo and MacKinlay, 
1990); the minimum time period required to estimate factor loadings (see Kothari and Warner, 
1997); data requirements when studying the relationship between returns and volatility (see 
Duffee, 1995); and research design for simulated trading strategies (see Brown and Warner, 
1980, Frost and Savarino, 1986, Dammon, Dunn and Spatt, 1990).   Another cause of 
survivorship bias in commercial stock price databases is data that are missing for some delisted 
firms.  Related to this, insistence on availability of non-market data can also result in a 
survivorship-like selection bias, with the case of Compustat particularly well documented (see 
Fama and French, 1996).  

A substantial literature has evolved on the effects of survivorship conditioning in mutual fund 
and stock market index research, including Brown, Goetzmann, Ibbotson, and Ross (1992), 
Brown and Goetzmann (1995), and Dimson, Marsh and Staunton (2002).  This literature argues 
convincingly that survivorship can bias observed moments of returns, and investigates the 
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direction and magnitude of these biases.  It has been suggested by Brown, Goetzman, Ibbotson, 
and Ross (1992), Carpenter and Lynch (1999) and Bossaerts and Fohlin (2000) that these insights 
may also be relevant to stock price research.  However, the extent to which this is true depends 
on the similarity between the attrition processes (the dependence of the exit event on historical 
returns) of stocks and mutual funds. 

There are several reasons to expect non-survival to be related very differently to past returns for 
common stocks as compared to mutual funds.  First, most stocks that delist do so through being 
acquired, and poor performance is not necessarily a trigger for this event.  Second, if during a 
particular time period poor performance does trigger a delisting, the duration of poor returns that 
is responsible for such an event is likely to differ between stocks and mutual funds. 

The attrition of mutual funds has been studied by Brown and Goetzmann (1995), Elton, Gruber, 
and Blake (1996), Wermers (1997), Lunde, Timmermann, and Blake (1999), Carhart, Carpenter, 
Lynch, and Musto (2000), and Ter Horst, Nijman, and Verbeek (2001).  However, far less is 
known about what drives stock attrition.  This is despite the fact that delistings have a direct 
impact on company reputation, stock liquidity, credit ratings, disclosure requirements, portfolio 
eligibility, stock market listing fees, and executive compensation (long-term incentive plans are 
often linked to performance relative to surviving peers). 

We examine attrition of individual stocks as a function of relatively stable stock characteristics, 
such as market risk and company size, as well as past stock returns.  Our key findings are as 
follows.  First, market capitalization has by far the strongest relationship with attrition.  Second, 
there is substantial heterogeneity between the delisting hazards for acquisition-driven and 
performance-driven attrition.  Third, commonly assumed survival criteria, based on the mutual 
fund literature, do not approximate the survivorship process for common stocks.  Specifically, 
our findings suggest that the assumption of a single deterministic “barrier of extinction” 
traditional in the survivorship literature is unhelpful when studying survivorship effects in the 
stock price context, thus contributing to a new and distinct area of research (Hillion and Rau, 
1996; Fluck, Malkiel and Quandt, 1997; Shumway, 1997; Shumway and Warther, 1999; Taylor, 
1999). 

The rest of the paper is organized as follows.  Section 2 discusses the literature related to the 
subject of stock attrition.  Section 3 introduces the data source and describes the research design.  
Sections 4 and 5 study the ability of market variables to predict attrition over the short and long 
run, respectively.  Section 6 focuses on the contribution of past returns to attrition likelihood, 
while Section 7 argues that this contribution depends on firm characteristics.  Section 8 
concludes. 
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2. Related literature 

On the London Stock Exchange (LSE) as well as on other exchanges, a delisting is generally the 
result of an acquisition or of financial distress.  These two topics each have an immense literature 
which, however, often studies the workings and consequences of these phenomena rather than 
their timing.  Palepu (1986) and Nuttall (1999) are examples of takeover-prediction studies, 
which also provide critical appraisals of other studies in the area.  There is a parallel body of 
literature on bankruptcy prediction starting with the seminal study by Altman (1968) and 
discussed by Shumway (2001).  Schary (1991), Heiss and Köke (2001), Ǻsterbro and Winter 
(2001), and Bhattacharjee, Higson, Holly and Kattuman (2002) use the same explanatory 
variables to distinguish among types of exit in their predictions of firm deaths. 

We need to emphasize, however, that the attrition of a common stock from a database – an event 
which, for the purposes of this paper, we view as equivalent to its delisting from a stock 
exchange – is an event distinct both from the death of the firm on whose assets the security 
represents a claim, and from the end of the claim’s legal power.  Although the firm’s lifespan 
generally represents a bound on the security’s legal life, which in turn keeps within its bounds the 
security’s exchange listing life, the connections among the three phenomena can be tenuous.  
Therefore, studies of stock attrition, although occasionally similar to it in spirit, stand quite apart 
from the traditional literature on firm mortality. 

In fact, studies of common stock attrition are few.  Queen and Roll (1987) is an early example. 
Using shares traded on the New York and American stock exchanges over the period 1962-1985, 
they form decile groupings for each of five predictor variables – size, price, return, volatility, and 
beta – and construct a mortality table for each decile, by calculating the average percentage of 
firms delisting within 1,2,...,23 years. They also perform logistic regressions where the dependent 
variable is the probability of attrition over a five-year period. Throughout, they disaggregate the 
overall delisting event into “favorable” and “unfavorable” delistings.  We note that our use of 
hazard regression with time-varying covariates has significant advantages over both logit 
regression and simple mortality tables in characterizing the stock attrition process. 

Seguin and Smoller (1997) examine the mortality of new Nasdaq listings, with emphasis on the 
extent to which stock price at issue explains mortality beyond that explained by market 
capitalization.  To do this, they partition the logarithm of the market capitalization into the 
logarithm of the price per share and the logarithm of the number of shares. They employ two-way 
contingency tables with tests for differences in proportions, as well as logistic regression. They 
find that the coefficient of the logarithm of the stock price is significantly different from zero in 
their logistic regression, but the logarithm of the number of shares is not – implying that after 
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accounting for stock price, company size has no additional explanatory power. Their discussion 
of Nasdaq “penny” stocks suggests institutional reasons for the significance of the stock price. 

A study closer to ours methodologically, although not in its purpose, is Woo, Jeffrey, and Lange 
(1996). These authors perform a hazard regression analysis of Australian IPOs’ time-to-delisting 
using as predictors detailed issue-related data such as ownership concentration, and the extent of 
underpricing. However, their study performs regressions under parametric assumptions about the 
dependence of the hazard on time since IPO.  Given the difficulty of formulating beliefs about the 
shape of the survival function for listed stocks, semi-parametric methods are to be preferred. 
Further, while answering important questions about IPOs, Woo, Jeffrey, and Lange’s findings are 
of limited use to an analyst who is interested in the mortality of firms that went public some time 
ago, and have revealed more information about their survival prospects in the course of trading; 
nor do they distinguish between different reasons for delisting. 

Recent years have seen the emergence of a literature that studies the circumstances and effects of 
the delisting event.  Starting with Sanger and Petersen (1990), it includes Davis (1996), 
Shumway (1997), Shumway and Warther (1999), and Lamba and Khan (1999).  Finance articles 
that use hazard regression in their inference include Kaplan (1991), Helwege (1996), Lunde, 
Timmermann, and Blake (1999), and Ongena and Smith (2001). 

3. Data and methodology 

The data used for this study come from the 1999 version of the London Share Price Database 
(LSPD), which contains monthly data on London Stock Exchange (LSE) traded shares since 
1955.  Prior to 1975, the LSPD is not comprehensive; rather it comprises several subsets of the 
LSE-listed population, notably a one-in-three random sample.  We use the comprehensive portion 
of the database, 1975 through 1998 (with the exception of the first table, as company birth and 
death data are available going back to 1955). 

Common stocks experience attrition when they delist from the LSE.  On the LSPD, delistings are 
described by means of a two-digit code.  We group stocks by type of cancellation into delistings 
due to acquisition, and delistings due to under-performance.  The acquired companies include 
those that are recorded in the LSPD as having experienced acquisition, takeover, merger with a 
larger partner, or suspension/cancellation that was subsequently categorized as an acquisition.  
The remaining delistings represent securities whose demise was linked explicitly with poor 
operating performance through liquidation, receivership, administration, or through suspension/ 
cancellation of listing that was subsequently categorized as associated with poor operating 
performance.  However, a small number of stocks (5.8 percent of the total delistings) disappeared 
for reasons such as voluntary liquidation, nationalization, or restructuring, and these are also 
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aggregated into the same category of “performance delistings”.  Stolin (2002) provides further 
information on categorization of delistings into acquisition- and performance-driven subgroups. 

Table 1 shows that acquisitions represent around three-quarters of all delistings.  We also see that 
the annual attrition rates have been relatively stable in the post-1975 period, averaging 5.69 
percent for the full period, and with similar rates for the two subperiods.   

Table 1: Annual attrition rates 
This table summarizes delisting data as recorded on the Master Index file of the LSPD.  Attrition rates are calculated 
as the number of leavers each period divided by the average of the size of the population at the beginning and at the 
end of the period.  Acquisition-driven delistings include takeovers and mergers; performance-driven delistings 
include bankruptcy, liquidation and failing listing requirements. 
   Common stock delistings   
Year Listed at start New listings Acquisitions+Performance=Total Listed at end Attrition % 
1955 3650 124 37 + 19 = 56 3718 1.52 
1956 3718 66 53 + 29 = 82 3702 2.21 
1957 3702 66 79 + 20 = 99 3669 2.69 
1958 3669 72 72 + 35 = 107 3634 2.93 
1959 3634 143 159 + 34 = 193 3584 5.35 
1960 3584 168 188 + 22 = 210 3542 5.89 
1961 3542 111 166 + 54 = 220 3433 6.31 
1962 3433 119 118 + 25 = 143 3409 4.18 
1963 3409 130 97 + 16 = 113 3426 3.31 
1964 3426 144 109 + 24 = 133 3437 3.88 
1965 3437 108 148 + 41 = 189 3356 5.56 
1966 3356 65 113 + 19 = 132 3289 3.97 
1967 3289 65 126 + 24 = 150 3204 4.62 
1968 3204 131 228 + 25 = 253 3082 8.05 
1969 3082 102 230 + 28 = 258 2926 8.59 
1970 2926 75 161 + 33 = 194 2807 6.77 
1971 2807 78 146 + 41 = 187 2698 6.79 
1972 2698 152 201 + 50 = 251 2599 9.48 
1973 2599 83 114 + 32 = 146 2536 5.69 
1974 2536 219 116 + 40 = 156 2599 6.08 
1975 2599 70 105 + 42 = 147 2522 5.74 
1976 2522 10 116 + 51 = 167 2365 6.83 
1977 2365 12 141 + 39 = 180 2197 7.89 
1978 2197 107 103 + 13 = 116 2188 5.29 
1979 2188 19 85 + 21 = 106 2101 4.94 
1980 2101 16 70 + 32 = 102 2015 4.96 
1981 2015 145 70 + 30 = 100 2060 4.91 
1982 2060 84 73 + 40 = 113 2031 5.52 
1983 2031 125 65 + 23 = 88 2068 4.29 
1984 2068 134 111 + 22 = 133 2069 6.43 
1985 2069 151 78 + 18 = 96 2124 4.58 
1986 2124 190 158 + 32 = 190 2124 8.95 
1987 2124 188 153 + 23 = 176 2136 8.26 
1988 2136 189 109 + 29 = 138 2187 6.38 
1989 2187 153 115 + 18 = 133 2207 6.05 
1990 2207 87 128 + 38 = 166 2128 7.66 
1991 2128 59 80 + 70 = 150 2037 7.20 
1992 2037 58 55 + 58 = 113 1982 5.62 
1993 1982 137 47 + 59 = 106 2013 5.31 
1994 2013 215 49 + 44 = 93 2135 4.48 
1995 2135 211 72 + 31 = 103 2243 4.71 
1996 2243 242 73 + 55 = 128 2357 5.57 
1997 2357 183 110 + 37 = 147 2393 6.19 
1998 2393 123 143 + 67 = 210 2306 8.94 
1955-74 3650 2221 2661 + 611 = 3272 2599 5.19 
1975-98 2599 2908 2309 + 892 = 3201 2306 6.11 
1955-98 3650 5129 4970 + 150 = 6473 2306 5.69 
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How does the attrition rate for UK common stocks compare with other financial instruments?  
The answer is in Table 2.  UK stocks have been disappearing at a rate comparable to that of US 
stocks and UK unit trusts, and markedly higher than US mutual funds.  Given the concern in the 
literature about mutual fund survivorship effects, this fact hints that the magnitude of common 
stock survivorship effects is likely to be substantial.  We also note that the attrition rates of the 
riskiest instruments – hedge funds and Commodity Trading Advisors – are higher still. 

Table 2: Attrition rates across instruments 

Instrument Market Dates Attrition Source 
Common stocks UK 1955-98  5.7 % This study 
Common stocks US 1962-85  4.6 % Queen and Roll (1987) 
Unit trusts UK 1977-95  4.5 % Lunde, Timmerman, and Blake (1999) 
Mutual funds US 1962-95  3.6 % Carhart (1997) 
Hedge funds Global 1988-95 20.0 % Brown, Goetzmann, and Ibbotson (1999)
Commodity Trading Advisors US 1990-95 19.0 % Fung and Hsieh (1997) 

Methodology 

We now briefly describe the econometric methodology.  Our main tool is the semi-parametric 
hazard regression model, namely Cox regression.  Lancaster (1990) is a standard reference on 
duration analysis in economics, while Kiefer (1988) is an extensive review article.  Helsen and 
Schmittlein (1993) demonstrate the advantages of Cox regression over binary response models 
when applied to duration data.  Shumway (2001) and Lunde, Timmerman, and Blake (1999) 
show the connection between binary response models and Cox regression. 

Let T represent the time of death variable (we suppress the index identifying the observation).  
Let F(.) and f(.) denote, respectively, the cumulative probability and the probability density 
functions for the time of death, and let S(.)=1-F(.) denote the survival probability function for the 
time of death.  If time is continuous, the natural quantity of interest is the hazard function for the 
death event, interpreted as the instantaneous conditional likelihood of death: 
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When little prior guidance is available about the dependence of the hazard on time, the natural 
tool for estimating the hazard function is the semi-parametric Cox regression model (also called 
proportional hazard regression), where the hazard is assumed to be of the form 

h t X h t e X( ) ( ) '= 0
β  

where h0(t) is the so-called “baseline” hazard, dependent on time only, while eX’β expresses the 
effect of the vector of explanatory variables X on deviations from the baseline hazard.  The vector 
of explanatory variables is allowed to vary over time. The estimation is done using the partial 
likelihood method of Cox, which is described in Lancaster (1990). 
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4. Market variables as determinants of long-run mortality 

In this section, we investigate the ability of market variables to explain mortality a long period 
into the future.  To do so, we examine the population of ordinary shares listed on the LSE at the 
start of 1980.  This date is chosen because the LSPD becomes comprehensive at the start of 1975, 
and up to sixty monthly observations are used to calculate the risk measures.  As dependent 
variables, we select stock characteristics that meet three requirements.  First, they have an 
investment interpretation; that is, they potentially characterize the return-generating process.  
Second, they display persistence over time.  And third, they can be obtained directly from the 
stock’s trading history, without incurring the selection biases that come from crossing with 
another data source. 

Market variables 

The above criteria give rise to our usage of six broad variables.  First is market capitalization, 
defined as the number of ordinary shares outstanding at the end of a calendar year, multiplied by 
the average of the bid and ask stock prices at that time.  We use the natural logarithm of the 
stock’s market capitalization (Size) and also the square of Size.  Second is the systematic risk of 
the stock, calculated over sixty months (Beta).  This is computed using the trade-to-trade method 
presented in Dimson and Marsh (1983).  The market index is the daily Financial Times-Stock 
Exchange All Share Index.  The third variable is the riskiness of the stock.  This is represented by 
either the stock’s annualized standard deviation of total returns (Volatility) or by its annualized 
residual standard deviation (Residual Risk).  These measures have a cross-correlation of over 
0.95.  In this section we report results based on Volatility, since it does not depend on beta 
estimation; in section 5 we report results based on Residual Risk.  All risk measures are extracted 
from London Business School’s archives for the Risk Measurement Service (see Dimson and 
Marsh, 2003). 

Fourth, we focus on liquidity.  This is measured using the average number of trading days from 
the last transaction in a month to the month-end (Infrequency).  The averages are computed over 
a rolling interval of up to five years.  Fifth, we measure the value/growth orientation of the stock.  
Dimson, Marsh and Staunton (2002) report that, in the UK, measures of value based on dividend 
yield correlate closely with measures of value based on the book-to-market ratio.  We use the 
capital-change-adjusted gross dividends paid over a twelve-month period, divided by the stock 
price at the end of the period (Yield).  This measure is winsorized at the value 20 percent; this 
affects fewer than one-fiftieth of all observations.  The sixth measure is each stock’s two-digit 
industrial classification as recorded in the Risk Measurement Service archive, expressed as a 
dummy variable for each sector. 
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Table 3 shows pairwise correlations between the variables.  The first number is the correlation 
coefficient based on all available data points, while in parentheses we show the same statistic 
after removal of thinly traded securities (i.e., omitting stocks that on average trade less frequently 
than once per week).  The results are similar whether infrequently traded shares are included or 
excluded.  Note the negative correlation of size with trading infrequency and total risk, and the 
positive correlation of size and beta, both of which have been noted in previous work on the UK 
(see Dimson and Marsh, 1983). 

Table 3: Correlations between market variables 
This table is based on the 1980 population.  It shows the correlation coefficient for each pair of market variables 
calculated as of December 1979.  The number of observations used to calculate each pairwise correlation is between 
1873 and 1928.  In parentheses we show the corresponding numbers for the most frequently traded shares with 
Infrequency < 5, i.e. shares averaging at least one trade per week, based on between 1157 and 1173 observations for 
each coefficient.  Numbers in bold are statistically significantly different from zero at the 1% confidence level. 
 

Variable Size Beta Volatility Yield 
Beta .43 ( .33)       
Volatility -.41  (-.44) .19 ( .16)     
Yield .01 (-.10) .01 (-.05) -.23 (-.23)   
Infrequency -.37 (-.65) -.35 (-.36) .08 ( .18) -.10 (-.05) 

Hazard regressions 

The results of Cox regressions of survival times for the 1980 population on the market variables 
are summarized in Table 4.  To interpret the regression coefficients, consider again the 
econometric specification of Cox regression.  The hazard at time t is given by h t .  
Thus a change of  in regressor  has the effect of multiplying the hazard by a factor of 

 at all durations t.  The expression e  is the risk ratio for the ith covariate.  For 
example, the coefficient of 0.1875 on Beta in the first regression translates into a risk ratio of 
e0.1875 = 1.2062; and so an increase in the market beta, say, from 0.90 to 1.00, has the effect of 
increasing the delisting hazard by a factor of 1.20620.1 = 1.0189, i.e. by 1.9%.  To examine the 
long-term predictive ability of our market variables, panel B of the table reports coefficient 
estimates when the three-year period immediately following calculation of the market variables is 
excluded from the estimation.  Note that in this table, the different modes of exit are not 
disaggregated (as they will be subsequently). 

X h t e X( ) ( ) '= 0
β

ix∆ ix
( ) iiii

xx ee
∆∆ = ββ iβ

Economic intuition suggests that our measure of size is likely to be a significant determinant of 
attrition, but our evidence is that its effect is non-linear (other factors provide no indication of a 
non-linear impact).  Volatility is positively associated with the risk of delisting, but this effect 
disappears if we either control for industry membership, or use Volatility to predict longer-term 
mortality (more than three years in advance).  The 1980 stock exchange population suggests that 
size is by far the best predictor of the long-term mortality of stocks, and that the contribution of 
the other market variables is questionable. 
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Table 4: Market variables as predictors of stock mortality 

This table is based on the 1980 population.  It presents the results of performing Cox regressions on the population of 
stocks at the start of 1980, with exits tracked until December 1998 (past that date observations are censored) and 
with market variables as of December 1979 used as regressors.  Panel A uses end-1979 data to predict survival from 
start-1980 onwards; panel B uses the same data to predict survival from start-1983 onwards.  Results are presented 
for both the full sample and the subset of (relatively) frequently traded shares with Infrequency < 5.  After the sample 
description, the next six columns refer to the variables used in the regressions: Size is the log of the market 
capitalization, Size 2 is the square of Size, Beta is the trade-to-trade market beta, Volatility is the standard deviation of 
returns, Yield is the dividend yield, and Infrequency is a trading frequency indicator.  The final column specifies 
whether observations were stratified by the two-digit industry code.  Each entry is an estimate of the Cox regression 
coefficient for that variable, and beneath it is the standard error of the estimate.  The estimate is marked with *, **, 
or *** if it is significant at the 10%, 5%, or 1% level, respectively. 
 

 
Sample description Size  Size 2  Beta  Volatility  Yield  Infrequency Industry 

A: Delistings observed immediately after market variables are calculated 
Full sample: 0.0194  -0.0311 *** 0.1875  0.5780 ** 0.8651  -0.0021 --- 
  1866 observations 0.0499  0.0090  0.1459  0.2681  0.7071  0.0029  
  (1253 delistings) -0.0183  -0.0261 *** 0.1861  0.4366  1.3621 * -0.0051 Included 
 0.0538  0.0097  0.1623  0.3040  0.7832  0.0032  
             
Frequently-traded -0.0023  -0.0372 *** 0.2682  0.5329  0.8921  -0.0498 --- 
  subsample: 1152 obs 0.0953  0.0142  0.1989  0.3916  0.8973  0.0351  
  (762 delistings) -0.0470  -0.0316 ** 0.2895  0.3169  1.1643  -0.0610 Included 
 0.1032  0.0153  0.2303  0.4882  1.0463  0.0385  

B: Delistings observed from 36 months after market variables are calculated 
Full sample: 0.1018 * -0.0422 *** 0.1170  0.3970  0.9377  0.0004 --- 
  1594 observations 0.0581  0.0103  0.1660  0.3138  0.8135  0.0032  
  (981 delistings) 0.0552  -0.0371 *** 0.1306  0.2369  1.4669  -0.0029 Included 
 0.0629  0.0111  0.1857  0.3574  0.9093  0.0035  
             
Frequently-traded 0.1509  -0.0570 *** 0.2560  0.1060  0.5490  -0.0295 --- 
  subsample: 984 obs 0.1159  0.0169  0.2286  0.4685  1.0473  0.0402  
  (594 delistings) 0.1279  -0.0539 *** 0.2148  -0.1061  0.9340  -0.0330 Included 
 0.1256  0.0183  0.2675  0.5898  1.2389  0.0444  
 

Since our results so far indicate a non-linear size effect, and since further guidance about the 
dependence of the delisting hazard on size is unavailable, we investigate the issue further by 
focusing on size deciles.  In Table 5 we regress the overall delisting hazard on size-decile 
dummies.  Because a dummy for Decile 10 is omitted, the coefficients for the remaining deciles 
measure the change in the hazard relative to the largest size decile.  The regression confirms that 
the pattern is indeed non-linear.  In panel A, which aggregates the different modes of exit as 
before, the hazard is fairly constant for the eight lowest deciles: the Wald chi-square test (not 
reported) cannot reject the equality of the first eight coefficients.  The hazard then drops off for 
the next-to-largest and largest deciles.  The second row shows this finding to be robust to 
controlling for industry group membership. 
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Table 5: Company size as a predictor of stock mortality 

This table is based on the 1980 population.  It presents the results of performing Cox regressions on the population of 
stocks at the start of 1980, with exits tracked until December 1998 (past that date observations are censored), and 
with size deciles as of December 1979 used as regressors.  There are altogether 1908 observations, of which 
delistings were in total 1285 (panel A), divided into acquisition-driven and performance driven delistings (panels B 
and C respectively); survivors, or leavers for other reasons, are treated as censored observations.  The ten size-decile 
columns give Cox regression coefficients for the size dummy, and beneath each one is the standard error of the 
estimate.  A dummy for the largest (10th) decile is not included, so the regression coefficients measure the hazard 
relative to that of the top decile.  The final column specifies whether observations are stratified by the two-digit 
industry code. 
 

Small Decile 2 Decile 3 Decile 4 Decile 5 Decile 6 Decile 7 Decile 8 Decile 9 Large Industry 

A: Aggregate delisting hazard (1285 delistings) 
0.6388 0.6214 0.6791 0.6325 0.4544 0.5835 0.6810 0.5264 0.2640 0.0 --- 
0.1332 0.1332 0.1330 0.1330 0.1334 0.1336 0.1322 0.1347 0.1384 0.0  

0.6029 0.5519 0.6016 0.6056 0.6367 0.5324 0.5988 0.5300 0.2350 0.0 Included 
0.1463 0.1481 0.1469 0.1454 0.1442 0.1460 0.1422 0.1448 0.1471 0.0  

B: Acquisition delisting hazard (987 delistings) 
0.0429 0.2336 0.4525 0.4831 0.4544 0.4659 0.5349 0.3590 0.1956 0.0 --- 
0.1591 0.1505 0.1443 0.1418 0.1427 0.1415 0.1407 0.1443 0.1452 0.0  

0.0132 0.1503 0.3852 0.4444 0.4386 0.4309 0.5065 0.3937 0.1968 0.0 Included 
0.1729 0.1669 0.1596 0.1558 0.1555 0.1553 0.1520 0.1557 0.1548 0.0  

C: Performance delisting hazard  (222 delistings) 
3.3369 2.9683 2.5703 2.1811 2.3199 1.7976 2.2136 1.2349 -0.9922 0.0 --- 
0.5913 0.5968 0.6077 0.6193 0.6140 0.6363 0.6193 0.6771 1.1547 0.0  

3.5773 3.3206 2.8992 2.6249 2.7349 2.1363 2.4486 1.6988 -0.3091 0.0 Included 
0.7370 0.7435 0.7517 0.7583 0.7558 0.7754 0.7492 0.8016 1.2329 0.0  

 

This pattern for the overall delisting hazard masks quite different effects of size on the competing 
risks of delisting due to acquisition (panel B) or to poor performance (panel C).  The risk of 
acquisition has a quite symmetric hump-shape across the size deciles, reaching its peak for 
deciles 3 to 8.  The risk of a performance delisting (with a small number of delistings whose 
reasons are unknown included in this category) drops quite steadily with relative size.  We note 
that these patterns for performance and acquisition delistings are consistent with the U.S. attrition 
rates reported in Queen and Roll (1987) and in Fama and French (2001, table 4). 

Table 5 shows that, despite the fact that some acquisitions undoubtedly rescue the target from a 
distress delisting, the patterns with respect to size reveal different behaviors.  The patterns persist 
after industry controls.  Moreover, the effects of size are economically significant.  For example, 
the coefficient difference of 0.53 for the overall hazard between the eighth and tenth deciles 
translates into a 70% increase in the hazard.  The 3.33 coefficient on the smallest decile dummy 
for the performance delisting hazard imply that the smallest stocks are on average 30 times more 
likely than large stocks to leave the exchange for this reason. 
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As a robustness check, we repeat the last analysis on the population of stocks listed at the end of 
1954, for which market capitalization data were hand-collected.  The results are given in Table 6.  
The sample is larger, and because the stocks are tracked over a longer period, no fewer than 91 
percent of the population had experienced the delisting event by the start of 1999.  With a larger 
number of observations, the coefficients on the size dummies are estimated with more precision.  
Nonetheless, the pattern found previously persists: the overall delisting hazard is uniformly high 
across all but the largest deciles (the equality of the first six coefficients cannot be rejected), 
while the susceptibility to being acquired is markedly lower for the extreme deciles, and the 
likelihood of a performance delisting decreases with size in a monotone fashion.  As before, these 
results are robust to a control for industry differences, and are consistent with the US evidence.  
Although some generalizations can be made about the stock attrition process, the difference 
between the two contributors to mortality shows that size is a dimension with respect to which 
attrition exhibits considerable heterogeneity. 
 
Table 6: Longer-run evidence: a half-century of stock market mortality 
This table is based on the 1955 population, and covers nearly half a century of stock market history.  It presents the 
results of performing Cox regressions on the population of stocks at the start of 1955, with exits tracked until 
December 1998 (past that date observations are censored), and with size deciles as of December 1954 used as 
regressors.  There are altogether 3650 observations, of which delistings were in total 3320 (panel A), divided into 
acquisition-driven and performance driven delistings (panels B and C respectively); survivors, or leavers for other 
reasons, are treated as censored observations.  The ten size-decile columns give Cox regression coefficients for the 
size dummy, and beneath each one is the standard error of the estimate.  A dummy for the largest (10th) decile is not 
included, so the regression coefficients measure the hazard relative to that of the top decile.  The final column 
specifies whether observations are stratified by the two-digit industry code. 
 
 

Small Decile 2 Decile 3 Decile 4 Decile 5 Decile 6 Decile 7 Decile 8 Decile 9 Large Industry 

A: Aggregate delisting hazard (3320 delistings) 
0.8032 0.8615 0.7493 0.7393 0.7375 0.6225 0.4814 0.5666 0.4941 0.0 --- 
0.0816 0.0813 0.0812 0.0815 0.0814 0.0818 0.0820 0.0815 0.0823 0.0  

0.7378 0.8146 0.7147 0.7161 0.7723 0.6774 0.5334 0.6092 0.5358 0.0 Included 
0.0870 0.0856 0.0851 0.0848 0.0839 0.0840 0.0839 0.0834 0.0846 0.0  

B: Acquisition delisting hazard (2656 delistings) 
0.2622 0.5930 0.5326 0.5640 0.6449 0.5128 0.3963 0.5112 0.4875 0.0 --- 
0.0974 0.0900 0.0889 0.0883 0.0865 0.0873 0.0871 0.0859 0.0859 0.0  

0.2424 0.5873 0.5419 0.5630 0.6793 0.5648 0.4688 0.5537 0.5425 0.0 Included 
0.1030 0.0948 0.0928 0.0917 0.0891 0.0896 0.0890 0.0880 0.0884 0.0  

C: Performance delisting hazard (544 delistings) 
3.4663 2.9951 2.8074 2.6312 2.3026 2.0969 1.8397 1.5466 1.0912 0.0 --- 
0.3640 0.3707 0.3717 0.3751 0.3829 0.3861 0.3901 0.4046 0.4289 0.0  

3.2023 2.7246 2.5088 2.4094 2.1998 2.0882 1.7530 1.6360 1.1286 0.0 Included 
0.3699 0.3751 0.3767 0.3800 0.3863 0.3886 0.3928 0.4071 0.4312 0.0  
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5. Market variables as determinants of near-term attrition 

The previous section indicated that market variables other than size are poor predictors of stock 
attrition long into the future.  In this section, we allow our predictors to vary over time in order to 
examine their ability to predict nearer-term attrition. The variables we are interested in are as 
follows:  First, market capitalization, because it is of primary importance in empirical work, and 
because the previous section revealed its strong link to stock mortality.  And second, risk 
measures, because the survivorship literature starting with Brown, Goetzmann, Ibbotson, and 
Ross (1992) emphasizes the link between a unit’s chance of survival and its riskiness.  We defer 
the discussion of the link between returns and attrition to section 6. 

As before, the size-decile dummies measure market capitalization.  Systematic risk is represented 
by Beta, and non-market risk by Residual Risk.  Unlike measures of total risk (such as Volatility) 
Beta and Residual Risk are not conditional on the level of market volatility over the estimation 
period, and are hence better suited to researching pooled time periods.  The time-varying nature 
of the regression is reflected in the fact that, at each date, we use the value of each variable as at 
the most recent year-end.  Note also that calendar-time variations in attrition rates are absorbed 
into the baseline hazard and therefore do not pollute the coefficient estimates. 

The regression results using size-decile dummies, reported in Table 7, confirm those of the 
previous section.  The overall hazard increases sharply as one moves from the largest size-decile 
to the next-to-largest decile, and continues increasing until stabilizing at the smaller deciles (the 
equality of the coefficients for the five smallest deciles cannot be rejected).  Again, however, this 
is the result of dramatically different patterns for the different delisting categories: a hump-
shaped one for acquisitions, and a near-monotonic pattern in size for performance delistings. 

Table 7: Hazard regressions using size-decile dummies 
This table is based on stocks delisted between 1980 and 1998.  It presents the results of performing Cox regressions 
on stocks in existence at any time during the 1980-98 period, with size deciles at each calendar year-end used as 
regressors.  Exits are tracked until December 1998 (past that date observations are censored).  The ten size-decile 
columns give Cox regression coefficients, with the standard errors for the size-decile dummies shown beneath each 
coefficient.  A dummy for the 10th (largest) decile was not included in the regression, so the regression coefficients 
measure the hazard relative to that of the top decile. 
 

Small Decile 2 Decile 3 Decile 4 Decile 5 Decile 6 Decile 7 Decile 8 Decile 9 Large 

A: Aggregate delisting hazard (2045 delistings) 
0.8639 0.8875 0.9571 0.9174 0.9016 0.6248 0.6859 0.5130 0.4640 0.0 
0.1186 0.1181 0.1169 0.1176 0.1180 0.1231 0.1217 0.1255 0.1267 0.0 

B: Acquisition delisting hazard (1588 delistings) 
-0.1541 0.5356 0.7287 0.7632 0.7890 0.4696 0.6321 0.5101 0.4646 0.0 

0.1505 0.1284 0.1241 0.1234 0.1231 0.1300 0.1260 0.1288 0.1300 0.0 

C: Performance delisting hazard  (412 delistings) 
3.9475 3.2593 2.9525 2.6163 2.2937 2.2810 1.8002 0.7008 0.7019 0.0 
0.5831 0.5886 0.5926 0.5986 0.6065 0.6065 0.6236 0.7071 0.7071 0.0 
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Table 7 suggests three inferences.  First, if insight is to be gained into the attrition process, the 
overall delisting category needs to be disaggregated into more homogenous subgroups.  Second, 
the average (mean or median) market capitalization of portfolio constituents cannot adequately 
capture the securities’ attrition propensity.  And third, when evaluating the marginal contribution 
of other variables to the probability of delisting, it is important to introduce some form of size 
control, as implemented here. 

In Table 8 we use both beta and residual risk to predict attrition probabilities.  The delisting event 
may be reflected in returns, and hence in risk measures calculated just prior to delisting, so we 
replicate our tests lagging the explanatory variables by 36 months.  We also disaggregate by 
delisting type, and optionally stratify by size-decile.  The table shows that with respect to the two 
risk measures, the acquisition and performance delisting hazards behave differently.  The 
probability of being acquired increases in beta but not residual risk.  On the other hand, the 
probability of a performance delisting is strongly related to residual risk – the explanatory power 
of beta disappears completely when it is lagged.  Thus, the significance of both systematic and 
residual risks in predicting the overall likelihood of delisting is the result of combining two 
distinct effects – takeovers of higher beta stocks and failures of higher residual risk stocks. 

Table 8: Market variables and size as predictors of short-term hazard 
This table is based on stocks delisted between 1980 and 1998.  It presents the results of performing Cox regressions 
on stocks in existence at any time during the 1980-98 period, with risk measures calculated at each calendar year-end 
used as regressors.  Exits are tracked until December 1998 (past that date observations are censored).  Regressions 
are carried out using risk based variables, both without and with dummy variables to control for size.  Panel A uses 
size and risk measures from the most recent year-end to predict future survival; panel B uses the same data to predict 
survival starting 36 months later.  Within each panel overall delistings are shown first, followed by the acquisition-
driven and performance-driven subsamples; survivors, or leavers for other reasons, are treated as censored 
observations. Beta is the trade-to-trade market beta and Residual Risk is the standard deviation of the market model 
residual.  Each entry corresponding to an independent variable contains an estimate of the Cox regression coefficient 
for that variable, and beneath it is the standard error of the estimate.  The estimate is marked with *, **, or *** if it is 
significant at the 10%, 5%, or 1% level, respectively. 
 

 Regressions without size control Regressions stratified by size decile 
Sample description              Beta Residual Risk              Beta Residual Risk 

A: Delistings observed immediately after market variables are calculated (3307 observations) 
Aggregate delisting hazard: 0.0345  1.2660 *** 0.3376 *** 0.8244 *** 
   1921 delistings 0.1111  0.1144  0.1201  0.1467  
         

Acquisition delisting hazard: 0.0647  0.1239  0.2589 * 0.0748  
   1509 delistings 0.2239  0.1523  0.1363  0.1913  
         

Performance delisting hazard:  0.3810  3.4913 *** 1.1754 *** 2.3955 *** 
   372 delistings 0.2614  0.1494  0.2737  0.2078  

B: Delistings observed from 36 months after market variables are calculated (2388 observations) 
Aggregate delisting hazard: 0.1232  0.9479 *** 0.3197 ** 0.7412 *** 
   1306 delistings 0.1273  0.1588  0.1405  0.2022  
         

Acquisition delisting hazard: 0.2817 ** 0.0670  0.3742 ** 0.1507  
   1028 delistings 0.1411  0.1957  0.1577  0.2470  
         

Performance delisting hazard: -0.3057  3.6061 *** 0.3600  2.6204 *** 
   246 delistings 0.3187  0.2790  0.3389  0.3642  
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6. Effect of returns on the likelihood of delisting  

To understand the nature of biases in moments of returns imparted by conditioning on common 
stock survival, we need first to understand the link between stock returns and their (non)survival 
probabilities.  If such a link exists, there will exist a bias: as Brown, Goetzmann, Ibbotson, and 
Ross (1992) put it, “the results […] would be free of survival bias only if it can be established 
that the probability of termination or elimination from the sample is unrelated to performance”.  
The nature of the link determines the nature of the bias.  Theoretical models of survivorship 
effects are developed by Brown, Goetzmann, Ibbotson, and Ross (1992), Brown, Goetzmann, and 
Ross (1995), and Hendricks, Patel, and Zeckhauser (1997).  A shared feature of these models is a 
return or price threshold below which the unit attrites. 

Although the discrete-time model of Brown, Goetzmann, Ibbotson, and Ross (1992) postulated a 
somewhat unrealistic single-period attrition rule, subsequent models have tended to assume 
survival to be conditional on attaining some minimum performance over multiple periods (see 
Dimson and Jackson, 2001).  If a similar rule operates in actuality, it should manifest itself 
through a negative coefficient in a regression of the delisting hazard on past returns.  The 
intuition is simple.  If the attrition process is n-period, then the current period’s (period k) low 
return brings the stock nearer to its barrier of extinction for each of the periods k+1,…,k+n-1.  
Thus the probability of attriting in the future is higher the lower the return. 

To test for the inverse relationship between returns and attrition probability implied by the 
existence of such a threshold, and to assess the span of the attrition rule, we conduct hazard 
regressions with lagged annual abnormal returns as explanatory variables.  The results are in 
Table 9.  As in the earlier analyses, the overall pattern masks substantial differences in the 
behaviors of the regression coefficients for the two delisting categories.  For performance 
delistings, the coefficients start out extremely negative and then decrease in magnitude, 
remaining significant for lags of up to 30 months.  Since at least part of the twelve-month period 
over which the abnormal returns are estimated must affect the hazard, we can conclude that what 
matters is returns over a preceding interval of some three years. 

The pattern of coefficients for the acquisition hazard differs from that of the performance hazard 
in several ways.  First, survivorship appears to depend on past returns over a somewhat shorter 
period, between two and three years in length.  Second, the effect of returns on the likelihood of 
acquisition is weaker.  Finally, the hazard regression coefficients start out positive and only 
bottom out at the lag of six months — this is a consequence of the positive abnormal return on 
the news (or rumors) of takeover.  Stolin (2002) examines takeover-related announcements and 
suggests that a lag of at least five months is needed to purge this effect from predictive 
regressions.  In the context of modeling the effects of stock attrition this implies that, once the 
stock is destined to be acquired, positive abnormal returns and a further survival period need to 
be allowed for. 
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The extant survivorship literature does not adequately incorporate this phenomenon, perhaps 
because it has no counterpart in the world of mutual fund investing.  The effects of survivorship 
conditioning are simulated in Brown, Goetzmann, Ibbotson, and Ross (1992), Wermers (1997), 
Hendricks, Patel, and Zeckhauser (1997), Taylor (1999), Goetzmann and Jorion (1999), 
Carpenter and Lynch (1999), and Carhart, Carpenter, Lynch, and Musto (2000).  All of these 
simulations drop only units that had the worst performance.   The simulations of Ter Horst, 
Nijman, and Verbeek (2001) drop units according to the attrition probabilities obtained from their 
longitudinal probit model.  The stylized facts we have identified contribute to bringing such 
simulations closer to reality.  It remains to be seen whether new simulation models will lead to 
conclusions similar to those for mutual fund attrition. 

Table 9: The impact of stock returns on hazard rates 

This table presents results of univariate Cox regressions where the dependent variable is a delisting hazard and the 
explanatory variable is the past abnormal return, measured as the difference between the continuously compounded 
returns on the stock and the appropriate equally weighted size decile over a 12-month period. Returns are lagged a 
multiple of quarters (in other words, they are used to predict delistings a multiple of three months ahead).  When the 
Lag is equal to zero quarters, returns up to the most recent quarter-end are used.  As the lag increases, delistings early 
in 1980-1998 are excluded, explaining the drop in the number of stocks for which we have observations.  The results 
in the table are presented in three blocks – A, B, and C – which specify the delisting category that is being modeled.  
For each delisting category, the column labeled Coefficient contains the estimate of the Cox regression coefficient 
followed in parentheses by the standard error of the estimate.  The estimate is marked with *, **, or *** if it is 
significant at the 10%, 5%, or 1% level, respectively.  The column labeled N gives the number of stocks 
experiencing the delisting event. 
 
Lag  No of  A: Aggregate delisting hazard  B: Acquisition delisting hazard C: Performance delisting hazard 
qtrs stocks Coefficient   (S.E.)  N Coefficient   (S.E.)  N Coefficient   (S.E.)   N 
0 4038 0.085 (0.042) ** 2050 0.343 (0.038) *** 1566 -3.064 (0.159) *** 383 

1 3970 -0.592 (0.057) *** 2034 -0.319 (0.058) *** 1555 -2.611 (0.159) *** 379 

2 3880 -0.725 (0.058) *** 2016 -0.490 (0.062) *** 1539 -2.387 (0.158) *** 378 

3 3786 -0.593 (0.057) *** 1973 -0.409 (0.061) *** 1507 -1.826 (0.157) *** 369 

4 3665 -0.567 (0.058) *** 1922 -0.390 (0.061) *** 1470 -1.615 (0.159) *** 356 

5 3581 -0.446 (0.056) *** 1851 -0.310 (0.060) *** 1422 -1.252 (0.162) *** 336 

6 3469 -0.359 (0.056) *** 1790 -0.217 (0.059) *** 1376 -1.325 (0.168) *** 323 

7 3343 -0.261 (0.054) *** 1738 -0.147 (0.058) ** 1327 -1.075 (0.166) *** 320 

8 3256 -0.225 (0.054) *** 1677 -0.108 (0.057) * 1286 -1.080 (0.169) *** 304 

9 3180 -0.185 (0.054) *** 1617 -0.078 (0.057)  1243 -0.923 (0.167) *** 289 

10 3095 -0.035 (0.050)  1571 0.023 (0.055)  1203 -0.277 (0.139) * 283 

11 3018 -0.074 (0.052)  1512 -0.043 (0.058)  1157 -0.167 (0.131)  273 

12 2938 -0.030 (0.051)  1481 -0.025 (0.058)  1128 0.021 (0.118)  270 
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7. Cross-sectional evidence on the exit trigger 
In the previous section we showed that acquisition and performance delisting events exhibit 
different patterns of dependence on past returns, and that the stochastic nature of this dependence 
conflicts with the “barrier of extinction” concept typically used in modeling related phenomena.  
In this section, we use cross-sectional evidence to highlight another issue: the applicability of 
over-parsimonious models of survivorship effects.  Specifically, we document that the influence 
of past return on the exit-event probability depends on the characteristics of the firm. 

We use a cross-sectional model to avoid issues when comparing both past returns and firm 
characteristics across time periods.  Our dependent variable is the probability of being acquired in 
1997-98.  The independent variables are measured as of December 1996 and include the 
continuously-compounded return measured over an interval of two years (Return) and the 
logarithm of equity market capitalization (Size).  The two-year window is chosen to balance the 
need for a tight temporal link between the predictor and the acquisition event, against the need to 
have sufficient acquisition events for estimation purposes.  Since we wish to uncover an 
additional complication in the attrition process, focusing on a single exit category makes our 
results stronger; acquisition is the natural category to consider by virtue of its dominance. 

To minimize the possibility that our dependent variables are affected by the acquisition event, we 
obtain acquisition announcement dates from the SDC Platinum Mergers and Acquisitions 
database, from Thomson Financial Securities Data.  The exact procedure is as follows:  First, we 
identify all companies in existence as at December 1996, 2282 companies in total.  Then we 
identify all 1997-98 acquisitions (i.e. acquisitions of companies marked on the 1998 LSPD as 
having delisted after December 1996), 309 acquisitions in total.  Of these, we retain only those 
acquisitions that are found on SDC Platinum, and for which the date when the successful bidder 
announced the acquisition also falls after December 1996.  This leaves 210 acquisitions. 

Table 10 shows the results of a logistic regression model employing Return, Size, Size 2, and 
Return*Size as the dependent variables.  The results using Return, Size and Size 2 are in line with 
those reported in the earlier sections: the likelihood of acquisition is decreasing in past returns 
and hump-shaped in size.  We then add an interaction term, Return*Size.  This term becomes 
highly significant (and Return is no longer so).  The negative coefficient of the interaction term 
implies that an acquisition threat for larger firms is more sensitive to poor stock price 
performance.  The attrition process depends on firm characteristics, and therefore the effects of 
survivorship conditioning in the sample depend on the distribution of these characteristics. 

Table 10: Logistic regressions of the probability of being acquired on past returns and size 
This table shows the results of three cross-sectional logistic regressions of the probability of being acquired on the 
continuously-compounded return measured over two years (Return), the logarithm of the market capitalization (Size) 
and its square (Size 2), as well as an interaction term (Return*Size).  The independent variables are as of December 
1996, and the dependent variable is the probability of being acquired over 1997-98.  The regression coefficient is 
marked with *, **, or *** if it is significant at the 10%, 5%, or 1% level, respectively. 
 

Regression Return Size Size 2 Return*Size 
1. Return only -.389 (.127)*** --- --- --- 
2. Return and size -.530 (.144)***  .712 (.197)*** -.076 (.021)*** --- 
3. Return, size & interaction  .274 (.379)  .548 (.202)*** -.055 (.022)**  -.232 (.099)** 
 

 —16— 



8. Conclusion 

We study the determinants of attrition of common stock on the London Stock Exchange.  Our set 
of explanatory variables consists of historical stock characteristics, including returns, size (market 
capitalization) and risk measures.  We employ hazard regression, and disaggregate delistings into 
those due to acquisition or merger on one hand, and those explicitly linked with poor operating 
performance (bankruptcy, liquidation, or failing listing requirements) on the other.  We may, of 
course, have misclassified companies between these two groups.  If so, this would blur their 
measurable differences.  Thus the substantial variation we reveal is, if anything, an 
understatement of the contrasting delisting propensities of different categories of company. 

In the first set of analyses, we examine the effect on attrition probabilities of such relatively 
stable attributes as size and risk, which can then be used to assess the survivorship propensity of 
both individual stocks and portfolios.  Our aggregate results (covering all types of delistings 
combined) are primarily influenced by acquisitions, which represent the clear majority of all 
delistings.  When disaggregated, the two delisting categories are seen to behave differently.  The 
likelihood of a performance delisting decreases in size and increases in residual risk; the 
likelihood of being acquired is hump-shaped in size and increases in beta. 

Size is the only reliable determinant of attrition over the long run. This suggests that by matching 
a sample firm on size, the researcher to a large degree matches on ex-ante survivorship prospects, 
too.  Since researchers generally agree that at least one of size and beta is, or stands for, a priced 
risk factor, these findings suggest that differential returns due to survivorship conditioning (the 
“survivorship bias”) can meaningfully be decomposed into an expected reward for risk and the 
pure impact of survival conditioning. 

In the remaining analyses, we shed light on the survivorship-conditioning process for stocks; that 
is, on the link between return histories and the exit event.  We find that low returns over a period 
of up to three years have a strong influence on the likelihood of a performance delisting.  For 
acquisitions, although there also exists a statistically significant negative relationship between 
past returns and the exit event, this effect is much smaller, and the period over which it acts is 
somewhat shorter.  Further, the acquisition trigger is more sensitive the larger the firm.  Overall, 
our results reveal the survivorship process for stocks to be quite different from that of mutual 
funds.  Contrary to occasional suggestions in the mutual fund literature, conclusions about the 
effects of survivorship conditioning based on insights from mutual fund survivorship are unlikely 
to be relevant for common stocks. 
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