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SUMMARY: This study examines the impact of survivorship bias in the cross-section of
winner portfolios using point-in-time data on U.S. common stocks from 1991 to 2020.
The authors aim to separate the effects of survivorship bias on the composition of
winner sets and the subsequent returns observed for firms that remain in it. They find
that conditioning on five-year survival changes one-third of the top twenty names, and
the resulting survivor-conditioned portfolio earns 6 percentage points more over one
year and 37 percentage points more over five years compared to the full-universe
portfolio. The authors attribute most of this difference to the returns omitted when
winning firms exit, rather than to the firms promoted into their place. The effect is
concentrated among equal-weighted winners, where distress-related exits are
associated with large losses.

METHOD: The study uses point-in-time data on U.S. common stocks, ranking stocks by
their trailing twelve-month returns at each annual formation date from 1991 to 2025. The
rankings are based on either the full set of firms active at formation or only firms that
remain listed at a specified future horizon. The authors then compare portfolios formed
from these rankings and construct survivor-conditioned portfolios of firms common to
both rankings and firms promoted only after survival conditioning.

KEY FINDINGS:
– Conditioning on five-year survival changes roughly one-third of the top twenty names.

– The survivor-conditioned portfolio earns 6 percentage points more over one year and 37
percentage points more over five years compared to the full-universe portfolio.

– The effect is concentrated among equal-weighted winners, where distress-related exits are
associated with large losses.

– Most of the difference in performance comes from the returns of winners that subsequently
exit.

IMPLICATION FOR TRADING: The study highlights the importance of accounting for
survivorship bias in performance evaluation, particularly for strategies that select firms
from the upper tail of past returns. Practitioners should be aware that survivorship bias
can significantly affect the performance of winner portfolios, especially when using
equal-weighted strategies. This bias can be mitigated by conditioning on survival, but it
is important to understand the implications for different types of portfolios and
strategies.
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Abstract

Backtests of past winners often use databases that retain firms that survive, but it is unclear whether the
resulting bias reflects changes in which firms are selected or the omission of outcomes for firms that later
exit. We separate these channels using point-in-time data on U.S. common stocks and annual winner
portfolios formed from 1991 to 2020, with outcomes observed for up to five years. Conditioning the
ranking on five-year survival changes one-third of the top twenty names, roughly the amount implied
by overall attrition. The resulting survivor-conditioned portfolio nevertheless earns 6 percentage points
more over one year and 37 percentage points more over five years than the corresponding full-universe
portfolio. An exact decomposition attributes nearly all of this difference to the returns omitted when
winning firms exit, rather than to the firms promoted into their place. The effect is concentrated among
equal-weighted winners, where distress-related exits are associated with large losses.

JEL classification: G11, G12, G14
Keywords: survivorship bias, performance evaluation, momentum, delisting, point-in-time data.
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1 Introduction

Past-performance rankings are often evaluated using records that are incomplete because some of the
firms that once ranked highly subsequently disappear. In performance studies, this is the familiar sur-
vivorship problem: conditioning on firms that remain in the sample can remove poor subsequent out-
comes and raise measured performance. Most evidence on this issue concerns average performance,
particularly for mutual funds (Brown, Goetzmann, Ibbotson, and Ross 1992; Elton, Gruber, and Blake
1996; Carhart, Carpenter, Lynch, and Musto 2002).

The issue is somewhat different for strategies that select firms from the upper tail of past returns.
Here, conditioning on survival can affect both the composition of the winner set and the subsequent
returns observed for firms that remain in it. We call these channels composition and truncation. Compo-
sition arises when firms that exit are removed before the ranking is formed, allowing other firms to enter
the winner set. Truncation arises when the database omits the subsequent returns of winners that exit.
Separating the two matters because they describe different sources of bias: one concerns which firms are
selected, while the other concerns which outcomes are observed.

We study these channels using point-in-time U.S. equity data. At each annual formation date from
1991 through 2025, we rank common stocks by their trailing twelve-month returns using either the full
set of firms active at formation or only firms that remain listed at a specified future horizon. The lat-
ter ranking is a research counterfactual: it represents the ranking that would be obtained if a backtest
were conducted using a survivor-only database. We then compare portfolios formed from the two rank-
ings and construct portfolios of firms common to both rankings and firms promoted only after survival
conditioning.

The comparison has a simple accounting structure. Because both rankings use the same past return
measure, a full-ranking winner that survives remains among the top K firms after surviving firms are
re-ranked. Each full-ranking winner that exits therefore corresponds to one promoted firm. The fraction
of winner slots that changes hands is consequently equal to the attrition rate among the original winners.
This identity provides a direct benchmark for interpreting reclassification: a high rate of replacement
need not indicate that survival is informative about which firms were better past winners.

The portfolio comparison yields a different result. At the five-year horizon, conditioning on survival
changes roughly one-third of the top twenty names, close to the attrition rate for the full universe. Yet the
equal-weighted survivor-conditioned portfolio earns 6.2 percentage points more over twelve months and
37.4 percentage points more over sixty months than the portfolio formed from the full ranking. The exact
decomposition shows that most of this difference comes from the returns of winners that subsequently
exit. The promoted firms do not, on average, perform sufficiently differently from the common winners
to account for the portfolio gap.

The exit data provide a reason for this result. Total five-year attrition among the top twenty winners is
close to the market-wide rate, but the types of exits differ. Distress delistings are more common among
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the top twenty than in the full universe, while acquisitions are less common. Because distress exits
are associated with large losses before delisting, removing these observations can materially raise the
measured performance of a winner portfolio even when the number of exits is not unusual.

The evidence is specific to the setting studied. The effect is concentrated in equal-weighted portfolios
and is smaller under value weighting. It is also larger in the earlier part of the sample. With only
30 formation dates for the five-year analysis, estimates of time variation are necessarily imprecise. We
therefore emphasize the accounting decomposition and date-level and permutation-based inference rather
than interpreting individual cross-sectional interaction estimates as evidence of broad state dependence.

1.1 Related Literature and Contribution

The paper relates to several strands of work on survivorship, data construction, and return measurement.

Survivorship and selection in performance evaluation. Survivorship bias has been studied exten-
sively as a source of bias in measured average performance, especially for mutual funds (Brown, Goet-
zmann, Ibbotson, and Ross 1992; Elton, Gruber, and Blake 1996; Carhart 1997; Carhart, Carpenter,
Lynch, and Musto 2002). Related work considers attrition in performance-persistence tests (Carpenter
and Lynch 1999; Linnainmaa 2013), reporting incentives in hedge-fund databases (Aiken, Clifford, and
Ellis 2013), and selection in private-market return data (Cochrane 2005; Korteweg and Sorensen 2010).
Our focus is narrower: strategies that select firms using past returns. We show how the resulting sur-
vivorship difference can be separated into a change in the selected firms and the omission of subsequent
outcomes for firms that leave the sample.

Data construction and cross-sectional return evidence. A related literature studies how choices in
data construction affect cross-sectional return evidence, including multiple testing, replication, weight-
ing, and the treatment of delisted securities (Harvey, Liu, and Zhu 2016; Harvey and Liu 2020; Hou,
Xue, and Zhang 2020; Chen and Zimmermann 2022; Jensen, Kelly, and Pedersen 2023; Shumway 1997;
Shumway and Warther 1999; Beaver, McNichols, and Price 2007). Recent work also examines revisions
to the CRSP data and their implications for asset-pricing results (Schwarz, Walter, and Weiss 2026). Our
analysis holds the formation rule fixed and changes only whether the universe is conditioned on later
survival. The comparison measures the performance difference associated with that data choice.

Winners, distress, and subsequent returns. The upper tail of past returns is central to momentum
and related winner-selection strategies (Jegadeesh and Titman 1993; Hendricks, Patel, and Zeckhauser
1993; Grinblatt, Titman, and Wermers 1995). Previous studies document links between momentum, firm
distress, and the distribution of stock returns (Avramov, Chordia, Jostova, and Philipov 2007; Campbell,
Hilscher, and Szilagyi 2008; Daniel and Moskowitz 2016; Conrad, Kapadia, and Xing 2014). Our exit
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analysis complements this work by examining how the type of subsequent exit varies across the trailing-
return distribution. In the upper tail, distress exits are more frequent than in the market as a whole, while
acquisitions are less frequent. This difference in exit type helps explain why a survivor-only record can
produce a higher winner-portfolio return without a correspondingly higher rate of attrition.

Expectations and performance information. Past returns also enter models of return expectations
and settings in which investors evaluate managers or firms using recent performance (Greenwood and
Shleifer 2014; Barberis, Greenwood, Jin, and Shleifer 2015, 2018; Bordalo, Gennaioli, La Porta, and
Shleifer 2019, 2024; Kaniel and Parham 2017; Evans and Sun 2021; Ben-David, Li, Rossi, and Song
2022). This motivates a secondary question about whether the survivorship measure varies with market
states associated with extrapolative expectations. The available formation-date variation provides little
evidence of a stable state-dependent relation.

The rest of the paper is organized as follows. Section 2 sets out the accounting framework. Section 3
describes the data, and Section 4 states the estimating equations and inference procedures. Section 5
measures reclassification, Section 6 decomposes the portfolio difference, and Section 7 examines exit
rates across the return distribution. Section 8 reports robustness checks, and Section 9 concludes. The
Appendix contains the proof of Proposition 1 and supplementary results.

2 Composition and Truncation

Fix a formation date t and a survival horizon h. Let Ut denote the firms active at t, let Ri denote firm i’s
trailing twelve-month return, and let St ⊆Ut denote the firms still listed at t +h. The full winner set W F

t

contains the top K firms in Ut ranked by Ri; the survivor-conditioned winner set W S
t contains the top K

firms in St ranked by the same variable. Define

Ct =W F
t ∩St (common winners: winners under both rankings),

Et =W F
t \St (exiting winners: full-ranking winners that do not survive),

Pt =W S
t \W F

t (promoted firms: winners only after conditioning).

Proposition 1. Suppose |St | ≥ K. Then W S
t = Ct ∪Pt and |Pt | = |Et |. Consequently the reclassification

rate ρt ≡ |Pt |/K equals the attrition rate among full-ranking winners, |Et |/K. If survival were assigned

at random with the observed number of survivors, E[ρt ] would equal the attrition rate of the universe.

The result follows from a ranking property: removing firms from a ranking cannot lower the rank
of a firm that remains. Thus, every full-ranking winner that survives remains among the top K sur-
vivors, while each full-ranking winner that exits creates one vacancy that is filled by a promoted firm.
The proposition gives a simple benchmark for interpreting reclassification. A substantial change in the
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winner list can reflect substantial attrition, even when the identities of the exiting firms contain no more
information about future survival than those of firms elsewhere in the universe.

The same partition gives an exact decomposition of the return difference between the two winner
portfolios. Writing RX for the cumulative return of an equal-weighted portfolio of group X held from t,

RS −RF⏞ ⏟⏟ ⏞
total gap

=
(︂

RS −RC
)︂

⏞ ⏟⏟ ⏞
composition

+
(︂

RC −RF
)︂

⏞ ⏟⏟ ⏞
truncation

. (1)

The composition term measures the difference associated with replacing exiting winners by promoted
firms. The truncation term measures the difference associated with omitting the subsequent returns of
the exiting winners. With monthly rebalancing across listed constituents, the corresponding identity also
holds month by month: rS

τ − rF
τ = aP

τ (r
P
τ − rC

τ )−aE
τ (r

E
τ − rC

τ ), where aP
τ and aE

τ are the portfolio weights
on promoted and exiting firms in event month τ . The weight on exiting firms falls as those firms leave
the sample, whereas the promoted firms remain part of the survivor-conditioned portfolio.

This decomposition separates two questions that are often combined in discussions of survivorship
bias. Composition concerns whether the firms retained by the survivor-only ranking differ from the
firms that would have been selected using information available at formation. Truncation concerns the
outcomes that disappear when firms selected at formation subsequently leave the database. The empirical
analysis asks how much of the observed portfolio difference is associated with each channel.

3 Data and Design

Sources and universe. We use the WRDS CRSP daily security files in the CIZ format, Compustat
North America annual fundamentals linked through the CRSP/Compustat Merged table, and Fama-
French factor returns. At each annual formation date in June from 1991 through 2025, the universe
includes U.S. common stocks that satisfy the standard share-code and exchange screens and are trading
on the formation date. The universe is constructed forward from each formation date rather than from the
set of firms present at the time of extraction. Accounting variables are matched using reporting lags so
that they are available by the formation date. The resulting panel contains 165,824 firm-date observations
on 17,725 securities, or 4,738 firms per formation date on average.

Rankings and exits. Firms are ranked by their trailing twelve-month return. The survivor-conditioned
ranking re-ranks firms that remain listed after one year, three years, five years, or through the end of the
available sample. The five-year horizon is the primary specification and leaves 30 formation dates from
1991 through 2020 with a complete five-year follow-up period. Exits are classified from CRSP delisting
codes as distress delistings, acquisitions or mergers, voluntary delistings, and a residual category. Over
five years, 33.9 percent of firms exit: 22.0 percent through acquisition, 10.1 percent through distress, and
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1.8 percent voluntarily.

Winners and portfolios. Winners are the top K firms by trailing return, with K ∈ {1,5,10,20} and
K = 20 as the primary definition. We use a fixed number of winners because conditioning on future
survival reduces the size of the underlying universe, which would otherwise mechanically change the
number of firms selected by a top-decile rule. At each formation date we construct equal-weighted
portfolios of the full winners W F , survivor-conditioned winners W S, common winners C, and promoted
firms P, and hold them for up to 60 months. Portfolio weights are rebalanced monthly among constituents
that remain listed. A security contributes its CRSP return through its final month of listing and then leaves
the portfolio; no return is assigned after delisting.

Inference. Portfolio and exit-rate estimates are first calculated within each formation date and then
averaged across dates. Date-level t-statistics therefore use one observation per formation date. Factor
regressions use a non-overlapping calendar-time monthly series with Newey-West standard errors. Firm-
level regressions include formation-date fixed effects and use standard errors clustered by security and
formation date. Because the five-year analysis contains only 30 formation dates, the main analysis
supplements conventional standard errors with permutation and date-level inference. Results involving
time variation are interpreted with particular caution.

4 Econometric Specifications

This section collects every estimating equation in the paper; each table note refers back to the equations
used. Throughout, t = 1, . . . ,T indexes annual (June) formation dates, i indexes securities, τ = 1, . . . ,60
indexes months after formation, and h is the survival horizon (h = 60 months unless stated otherwise).
Ri,t is the trailing twelve-month return at formation, and Lt,τ is the set of securities still listed in month
t + τ .

4.1 Rankings, reclassification, and the permutation benchmark

Let PctFi,t be the percentile rank of Ri,t within Ut and PctSi,t its percentile rank within the survivor set St

(ranks in [0,1], ties averaged). The winner sets W F
t and W S

t and the groups Ct , Et , and Pt are defined in
Section 2. The reclassification rate reported in Table 1 is the date average

ρ̄K =
1
T

T

∑
t=1

|Pt |
K

, (2)

which by Proposition 1 equals T−1
∑t |Et |/K, the attrition rate among full-ranking top-K firms. The

random-attrition benchmark holds fixed, within each stratum c (formation date, or formation date ×
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GICS sector), the number of firms that exit, nexit
c,t = |Uc,t \ Sc,t |. In replication b = 1, . . . ,B it draws that

many firms uniformly without replacement from Uc,t , treats them as the exits, re-ranks the remaining
firms on Ri,t , and recomputes (2) as ρ̄

(b)
K . The one-sided p-value is

p =
1
B

B

∑
b=1

1
{︂

ρ̄
(b)
K ≥ ρ̄K

}︂
, B = 1,000. (3)

4.2 Portfolio returns, the decomposition, and date-level inference

For a group X ∈ {W F ,W S,C,P} formed at t, the portfolio return in event month τ is

rX
t,τ = ∑

i∈Xt∩Lt,τ

ω
X
i,t,τ ri,t+τ , ω

X
i,t,τ =

⎧⎪⎨⎪⎩
1/nX

t,τ (equal weights),
MEi,t+τ−1

∑ j∈Xt∩Lt,τ ME j,t+τ−1
(value weights),

(4)

where nX
t,τ = |Xt ∩Lt,τ | and ME is market capitalization. A security contributes its CRSP return through

its final month of listing and then leaves the portfolio; nothing is imputed after delisting. The cumu-
lative return to horizon H is RX

t (H) = ∏
H
τ=1(1+ rX

t,τ)− 1. For a contrast between groups A and B, let
DA−B

t (H) = RA
t (H)−RB

t (H). The decomposition (1) holds date by date,

DW S−W F

t (H)⏞ ⏟⏟ ⏞
total

= DW S−C
t (H)⏞ ⏟⏟ ⏞

composition

+ DC−W F

t (H)⏞ ⏟⏟ ⏞
truncation

, (5)

so the estimated components add exactly to the estimated total. Every contrast is estimated by its date
average and tested with one observation per formation date:

D̄(H) =
1
T

T

∑
t=1

Dt(H), t
(︁
D̄(H)

)︁
=

D̄(H)

sD(H)/
√

T
, s2

D(H) =
1

T −1

T

∑
t=1

(︁
Dt(H)− D̄(H)

)︁2
. (6)

For H > 12 the holding periods of adjacent formation dates overlap, so the Dt(H) are not independent
across t. The robustness analysis therefore reports the same statistic on every third and every fifth for-
mation date, for which holding periods of up to 36 and 60 months, respectively, do not overlap.

4.3 Factor-adjusted returns

Because formation is annual and the first twelve months after each June formation date run from July
through the following June, the first-year returns of successive cohorts tile the calendar without overlap.
Stacking them gives one calendar-time series of M = 12T = 360 months for each portfolio. For a contrast
A−B we estimate

rA
m − rB

m = α +β
′fm + εm, m = 1, . . . ,M, (7)
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where fm is MKTm (CAPM); (MKTm,SMBm,HMLm) (FF3; Fama and French 1993); these plus RMWm

and CMAm (FF5; Fama and French 2015); or FF5 plus UMDm (Carhart 1997). For individual portfolios
(Appendix Table A2) the dependent variable is the excess return rX

m − r f
m. Standard errors are Newey and

West (1987) with a Bartlett kernel and four lags, and the reported alpha is annualized as (1+ α̂)12 −1.

4.4 Exiting winners

Under equal weights the monthly return of the exiting winners still listed is recovered exactly from the
full and common portfolios,

rE
t,τ =

nF
t,τ rF

t,τ −nC
t,τ rC

t,τ

nF
t,τ −nC

t,τ
, nF

t,τ > nC
t,τ . (8)

Let Mt be the event months with nF
t,τ > nC

t,τ . The test statistic in Table 3, Panel B, is the date-level mean

dt =
1

|Mt | ∑
τ∈Mt

(︂
rE
t,τ − rC

t,τ

)︂
, (9)

averaged over dates and tested as in (6). The levels of rE and rC reported beside it are pooled over all
date-months in

⋃︁
t Mt .

4.5 Exit rates across the trailing-return distribution

For exit type k ∈ {any,distress,acquisition,voluntary} and a group g of firms defined by trailing return
at t (a decile, the top percentile, or the top twenty), the group exit rate and its deviation from the universe
rate on the same date are

ek
g,t =

1
Ng,t

∑
i∈gt

1{Exitki,t,h}, δ
k
g,t = ek

g,t − ek
U,t , (10)

where Exitki,t,h indicates that i delists for reason k (classified from CRSP delisting codes) within h months.
Table 4 reports T−1

∑t ek
g,t and tests δ k

g,t with the paired date-level t-statistic (6). The distress share of
exits is T−1

∑t edistress
g,t /eany

g,t .

The conditional relation between trailing returns and exit is estimated with the linear probability
model

1{Exitki,t,h} = γt +β1 PctFi,t +β2 Ri,t +δ
′Xi,t +ui,t , (11)

with PctFi,t in percentile points (0–100), formation-date fixed effects γt , and controls Xi,t : log market
capitalization, log firm age, log book-to-market, 36-month market beta, idiosyncratic volatility, Amihud
(2002) illiquidity, leverage, and profitability, all measured at formation with accounting data lagged to
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be publicly available. The model is estimated separately for h ∈ {12,36,60} months on the formation
dates for which h is fully observed.

4.6 Firm-level wedge regressions

The firm-level survivorship wedge is the change in a survivor’s percentile rank induced by conditioning,
in percentile points:

wi,t = 100
(︂

PctSi,t −PctFi,t
)︂
, i ∈ St . (12)

Because both percentiles are functions of Ri,t alone, wi,t = gt(Ri,t) for a date-specific function gt . The
return regressions are

ri,t→t+H = γt +β wi,t +m(Ri,t ;θ)+ εi,t , (13)

where ri,t→t+H is the cumulative forward return (H = 12 months unless stated) and m(·) is the trailing-
return control. Appendix Table A4 varies m(·) from none, to linear in Ri,t or PctFi,t , to cubic and quintic
polynomials in the within-date standardized percentile, to date × percentile-bin fixed effects γt,q(i) with
5, 10, 20, and 50 bins. As m(·) approaches a fully flexible function of Ri,t within date, β is no longer
identified. The state-dependent specification is

ri,t→t+H = γt +β1 wi,t +β2 wi,tZt +θ1 Ri,t +θ2 Ri,tZt + εi,t , (14)

where Zt is a standardized market-state proxy: the trailing twelve-month market return, or a composite
of six standardized proxies. The main effect of Zt is absorbed by γt , and the term θ2Ri,tZt ensures
that β2 is not state-dependent momentum. Appendix Table A5 estimates (14) for every combination of
survival horizon h ∈ {12,36,60 months, end of sample}, forward horizon H ∈ {12,36,60}, and proxy
(24 specifications), and adjusts the p-values on β2 by Benjamini and Hochberg (1995):

pBH
( j) = min

l≥ j
min

(︃
1,

J
l

p(l)

)︃
, J = 24, (15)

where p(1)≤ ·· ·≤ p(J) are the ordered unadjusted p-values. Heterogeneity (Appendix Table A6, Panel B)
adds a characteristic indicator Di,t , defined relative to the within-date median, and its interaction:

ri,t→t+12 = γt +β1 wi,t +φ Di,t +ψ wi,tDi,t +θ1Ri,t + εi,t . (16)

The two placebos in Appendix Table A6, Panel A, keep the right-hand side of (14), first without and then
with the θ terms. The first replaces the dependent variable with the return over months −24 to −13,
which enters neither ranking,

ri,t−24→t−13 =
1+R(24)

i,t

1+Ri,t
−1, (17)
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where R(24)
i,t is the trailing 24-month return. The second replaces the wedge with a pseudo-wedge built

from a future event that is not survival,

w̃i,t = 100
(︂˜︂Pct

S
i,t −PctFi,t

)︂
, S̃t = { i : σ

fwd
i,t ≤ mediant(σ

fwd)}, (18)

where σ fwd
i,t is the annualized standard deviation of monthly returns over the twelve months after forma-

tion and ˜︂Pct
S
i,t is the percentile rank of Ri,t within S̃t .

Standard errors for (11)–(18) are two-way clustered by security and formation date (Cameron, Gel-
bach, and Miller 2011; Petersen 2009), V̂ = V̂security+V̂date−V̂security×date, with any negative eigenvalues
set to zero. Because a security appears at most once per date, the last term is the heteroskedasticity-robust
estimator. With 30 to 34 date clusters these standard errors can be unreliable, which is one reason the
paper’s main inference is at the portfolio and date level, (3) and (6), rather than in the firm-level panel.

5 How Much Survivorship Reclassifies Winners

Table 1, Panel A, reports the share of top-K positions that change when the ranking is conditioned on
survival. Reclassification increases with the survival horizon, from about 6 percent at one year to 14–19
percent at three years, 29–33 percent at five years, and 57–64 percent by the end of the sample. The
pattern is similar across values of K. By Proposition 1, these rates are also the attrition rates among the
original top-K firms.

Panel B compares the observed five-year reclassification rate with a benchmark that randomly re-
moves the observed number of firms from each formation-date universe before re-ranking. Among the
top twenty winners, 32.2 percent exit within five years, compared with 32.5 percent for the full universe.
The permutation benchmark gives a mean reclassification rate of 32.4 percent (standard deviation 1.9
percentage points), with a one-sided p-value of 0.58 for the observed rate. The corresponding p-values
are 0.75 for K = 10 and 0.68 and 0.82 when the random removal is additionally stratified by GICS sector.

Thus, the survivor-conditioned ranking changes the winner list substantially, but the amount of re-
classification is similar to what would arise from random removal at the observed attrition rate. The
distinction becomes important when exit type is considered: the next sections show that the outcomes
associated with those exits are not similar.
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Table 1. Winner Reclassification under Survivorship Conditioning

Panel A: Share of top-K slots reclassified (%)

Survival horizon K = 1 K = 5 K = 10 K = 20

1 year 8.8 5.9 5.6 5.9
3 years 18.8 13.8 18.1 18.9
5 years 33.3 28.7 30.7 32.2
End of sample 57.1 61.1 62.9 63.7

Panel B: Observed reclassification against random attrition (five-year horizon, %)

Random-attrition benchmark

Strata K Observed
Universe
attrition

Mean SD 95% range p-value

Formation date 10 30.7 32.5 32.5 2.8 [27.3, 37.7] 0.75
Formation date 20 32.2 32.5 32.4 1.9 [28.7, 36.2] 0.58
Date × GICS sector 10 30.7 32.5 33.1 2.8 [27.3, 38.7] 0.82
Date × GICS sector 20 32.2 32.5 33.0 1.9 [29.3, 36.7] 0.68

Notes: Specifications: equations (2) and (3). Panel A reports the share of the K survivor-conditioned winner slots
occupied by firms outside the full-ranking top K, averaged over formation dates (34, 32, 30, and 35 dates for the four
horizons). By Proposition 1 this equals the attrition rate among full-ranking top-K firms over the horizon. Panel B compares
the five-year rate with a null in which the observed number of exits is assigned at random within each stratum, the survivors
are re-ranked, and the reclassification rate is recomputed; 1,000 replications. “Universe attrition” is the five-year exit rate of
all firms, averaged over dates. The p-value is the share of replications with a rate at least as large as observed.
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6 The Survivorship Premium and Its Decomposition

6.1 Portfolio returns

Table 2, Panel A, reports mean cumulative returns for the four equal-weighted winner portfolios, and
Figure 1 shows their evolution after formation. The full-ranking portfolio earns 0.9 percent over twelve
months and 21.4 percent over sixty months. The survivor-conditioned portfolio earns 7.1 and 58.8 per-
cent, respectively. The difference is 6.2 percentage points at twelve months, 15.3 points at thirty-six
months, and 37.4 points at sixty months. Panel C reports factor-adjusted estimates. The annualized
alpha of the return difference is 5.2 percent under the CAPM and 5.0 percent under the Fama-French
five-factor model augmented with momentum; the corresponding estimate is 4.5 percent under the five-
factor model without momentum. These estimates indicate that the portfolio difference is not accounted
for by the factor exposures included in these models.

The promoted firms and common winners provide a direct comparison because both groups survive
to the end of the relevant horizon. Promoted firms have lower cumulative returns at most horizons
beyond six months, including a difference of −4.3 percentage points at twelve months and −12.4 points
at thirty-six months, but the date-level differences are not statistically distinguishable from zero. The
factor-adjusted difference is −3.3 percent per year.

6.2 Decomposition

Table 3 applies equation (1) at each horizon. The truncation component is 8.3 percentage points at twelve
months, 18.4 points at thirty-six months, and 34.7 points at sixty months. The composition component
ranges from −3.1 to 2.7 percentage points and is not statistically distinguishable from zero in the pooled
sample. Because the composition term is sometimes negative, the truncation component is larger than the
total difference at some horizons. Figure 2 shows that the total difference closely follows the truncation
component through the five-year period.

Panel B characterizes the firms underlying the truncation term. On average, 6.4 of the 20 full-ranking
winners exit within five years, after 30 months. Of the 193 exits, 87 are distress delistings and 100 are
acquisitions. Distress exits have a median return of −97 percent from formation to delisting, whereas
acquired firms have a median return of 23 percent. While they remain listed, exiting winners earn −2.02
percent per month, compared with 0.92 percent for common winners in the same months; the difference
is −2.95 percent per month. The survivor-conditioned portfolio excludes these observations, whereas
the promoted firms do not generate a comparable return difference.
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Table 2. Winner-Portfolio Returns

Holding period (months)

1 3 6 12 36 60

Panel A: Mean cumulative return (%)
Full-ranking winners (W F ) −1.03 −4.23 −0.38 0.90 4.03 21.43
Survivor-conditioned winners (W S) −0.07 −1.55 2.71 7.11 19.28 58.84
Common winners (C) 0.03 −2.07 2.63 9.23 22.42 56.14
Promoted firms (P) −0.59 0.02 3.87 4.92 9.97 51.08

Panel B: Return differences (percentage points)
W S −W F 0.96 2.67 3.09 6.21 15.25 37.42

(1.31) (2.52) (1.35) (2.39) (2.87) (3.29)
P−C −0.62 2.09 1.24 −4.32 −12.45 −5.05

(−0.50) (0.74) (0.27) (−0.72) (−1.57) (−0.39)

Panel C: Annualized alpha of return differences, 12-month holding periods (%)

CAPM FF3 FF5 FF5 + MOM

α t α t α t α t

W S −W F 5.18 2.31 5.27 2.31 4.51 1.96 4.98 2.17
P−C −2.10 −0.34 −1.66 −0.26 −4.21 −0.65 −3.32 −0.51

Notes: Specifications: Panels A and B, equations (4) and (6); Panel C, equation (7). Equal-weighted portfolios of the
top 20 firms by trailing 12-month return, formed annually in June 1991–2020 (30 dates) using the five-year survival horizon.
Constituents are rebalanced monthly across listed firms; a firm that delists contributes its return through its final month. Panels
A and B average cumulative returns across formation dates; t-statistics in parentheses use one observation per date. Panel C
regresses the calendar-time monthly return difference (360 months, from non-overlapping 12-month holding periods) on the
indicated factors, with Newey-West standard errors (four lags); alphas are annualized by compounding.
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Figure 1. Event-Time Cumulative Returns of Winner Portfolios
Notes: Mean cumulative equal-weighted return by months since formation, averaged over 30 forma-
tion dates (1991–2020), for the full-ranking winners, survivor-conditioned winners, common winners,
and promoted (survivor-induced) firms defined in Section 2; K = 20, five-year survival horizon.
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Table 3. Decomposing the Survivorship Premium

Panel A: Cumulative return gap and components (percentage points)

Total gap Composition Truncation
Truncation
share (%)

Holding period RS −RF RS −RC RC −RF

1 month 0.96 −0.10 1.05 110
(1.31) (−0.22) (1.38)

3 months 2.67 0.51 2.16 81
(2.52) (0.58) (1.66)

6 months 3.09 0.07 3.01 98
(1.35) (0.05) (1.65)

12 months 6.21 −2.13 8.33 134
(2.39) (−1.00) (2.67)

24 months 10.28 −1.28 11.56 112
(3.14) (−0.51) (3.20)

36 months 15.25 −3.14 18.39 121
(2.87) (−1.01) (3.78)

48 months 30.08 −0.25 30.33 101
(2.64) (−0.04) (3.74)

60 months 37.42 2.71 34.71 93
(3.29) (0.55) (3.73)

Panel B: Exiting winners (E)

Exiting winners per formation date (of 20) 6.43
Total exits (30 dates) 193

Distress delistings / acquisitions / voluntary 87 / 100 / 6
Mean months from formation to exit: all / distress / acquisition 29.8 / 33.4 / 26.5
Return from formation to exit, distress exits: mean / median (%) −85.8 / −97.1
Return from formation to exit, acquired firms: mean / median (%) 62.0 / 23.3
Mean monthly return while listed: exiting winners (%) −2.02
Mean monthly return in the same months: common winners (%) 0.92
Difference (%), t-statistic −2.95 (−5.89)

Notes: Specifications: Panel A, equations (5) and (6); Panel B, equations (8) and (9). Panel A applies the identity
RS −RF = (RS −RC)+ (RC −RF) to the equal-weighted cumulative returns in Table 2 (30 formation dates, K = 20, five-
year survival horizon). t-statistics in parentheses use one observation per formation date. Truncation share is the truncation
component divided by the total gap; it exceeds 100 percent when the composition component is negative. In Panel B, returns
from formation to exit are cumulative CRSP returns through the final month of listing. The monthly return of exiting winners
is recovered exactly from the full and common portfolios, rE

τ = (nF
τ rF

τ − nC
τ rC

τ )/(n
F
τ − nC

τ ), where n is the number of listed
constituents; the t-statistic uses the per-date average difference.
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Figure 2. Decomposition of the Survivorship Premium in Event Time
Notes: Mean difference in cumulative equal-weighted return between winner portfolios, by months
since formation, over 30 formation dates (1991–2020). The total gap is the survivor-conditioned
minus the full-ranking portfolio; the truncation component is the common-winner minus the full-
ranking portfolio; the composition component is the survivor-conditioned minus the common-winner
portfolio. The two components sum to the total. The shaded band is a 95 percent confidence interval
for the truncation component based on cross-date variation.
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7 Why Truncation Bites in the Winner Tail

The reclassification result and the return decomposition can be reconciled by looking at the type of exit.
Total exit rates need not differ between winners and the full universe for the associated return outcomes
to differ.

Figure 3 plots five-year exit rates across the trailing-return distribution, and Table 4 reports selected
groups. Total exit is U-shaped: 52.6 percent in the bottom decile, about 30 percent through the middle
and top deciles, and 32.2 percent among the top twenty winners. Distress delistings are especially com-
mon in the bottom decile, decline through the middle of the distribution, and rise again in the upper tail.
They reach 11.5 percent in the top percentile and 14.5 percent among the top twenty winners. Acquisi-
tion rates are comparatively stable through much of the distribution but fall to 16.7 percent among the
top twenty winners.

Relative to the full universe, the top twenty winners have a distress-exit rate that is 5.2 percentage
points higher and an acquisition rate that is 4.8 points lower. These differences nearly offset in total exit
rates: the top-twenty rate is 0.3 points lower than the universe rate. The composition of exits nevertheless
differs: distress accounts for 43.5 percent of winner exits versus 27.6 percent for the full universe. Since
distress exits are associated with large losses while acquisitions tend to end with positive returns, the exit
mix helps explain why removing winners can have a substantial effect on portfolio returns even when
total attrition is similar.

The exit distribution also illustrates why estimates that impose a single linear relation between past
returns and exit can be difficult to interpret. Over the full cross-section, the bottom tail strongly influences
the estimated relation (Appendix Table A1), whereas the winner portfolios use only the extreme upper
tail. The relevant exit pattern therefore depends on the portion of the return distribution being selected.

8 Robustness and Scope

Subperiods, overlap, and weighting. the robustness analysis repeats the decomposition by subperiod
and under value weighting. The total difference and truncation component are positive in both halves of
the sample at the reported horizons, although estimates are less precise in the later period. For example,
at thirty-six months the truncation component is 30.6 percentage points in 1991–2005 and 6.2 points in
2006–2020. The promoted-firm component is negative and statistically distinguishable from zero at some
horizons in the earlier period, indicating that composition is not mechanically zero in every subsample.
Across non-overlapping formation dates, the sign and broad magnitude of the equal-weighted difference
remain similar, although the smaller number of observations widens the sampling uncertainty.

Value weighting produces a different pattern. The twelve-month difference is 12.4 percentage points,
and none of the reported horizons is statistically different from zero at the 5 percent level. The point
estimates are not driven by the truncation component in the same way as under equal weighting. This
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Table 4. Five-Year Exit Rates across the Trailing-Return Distribution

Exit rate within five years (%)
Distress share
of exits (%)

Trailing-return group N Any Distress Acquisition Voluntary

All firms 146,052 32.5 9.3 21.4 1.7 27.6

Bottom decile 14,591 52.6 32.1 16.7 3.8 60.1
(19.86) (20.32) (−6.76) (4.82)

Deciles 2–9 116,843 30.2 6.7 21.9 1.6 21.2
(−19.05) (−21.42) (3.80) (−3.82)

Top decile 14,618 30.8 7.1 22.5 1.2 22.2
(−2.30) (−4.46) (1.80) (−4.95)

Top percentile 1,478 31.5 11.5 18.8 1.2 34.7
(−0.66) (2.04) (−2.22) (−1.72)

Top 20 winners 600 32.2 14.5 16.7 1.0 43.5
(−0.16) (3.00) (−3.07) (−2.34)

Notes: Specification: equation (10), tested with (6). Five-year exit rates by group of trailing 12-month return at formation,
30 formation dates (1991–2020). Rates are computed within each formation date and averaged across dates; “Distress share
of exits” is the date-averaged ratio of distress exits to all exits. t-statistics in parentheses test whether the group’s rate differs
from the all-firm rate on the same date, using one paired difference per date. The pooled (observation-weighted) all-firm rates
are 33.9, 10.1, 22.0, and 1.8 percent.

Figure 3. Exit Type across the Trailing-Return Distribution
Notes: Share of firms exiting within five years of formation, by ventile of trailing 12-month return and
by exit type, averaged over 30 formation dates (1991–2020). Hollow markers at the right show the
same rates for the top 20 firms by trailing return.
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difference is consistent with the relatively small size of firms that later exit: their mean size percentile is
0.45 among all top-twenty winners and 0.39 among those exiting through distress, compared with 0.49
for the full winner group. The main estimates therefore describe the behavior of equal-weighted winner
portfolios rather than a general effect across portfolio weighting schemes.

The firm-level wedge. The firm-level survivorship measure, defined as the difference between a sur-
vivor’s percentile rank under the survivor-conditioned and full rankings, varies systematically with the
trailing-return distribution (Appendix Figure A2). Within a formation date it is determined by the firm’s
own trailing return, so flexible controls for that return absorb most of the variation in the measure. Ac-
cordingly, the coefficient on the survivorship measure changes substantially as the trailing-return control
becomes more flexible (Appendix Table A4). This exercise does not provide a separate source of return
predictability beyond the information already contained in the formation-date return ranking.

Extrapolative market states. We also examine whether the firm-level measure varies with market
conditions associated with extrapolative expectations. Interacting the measure with standardized market-
state proxies while controlling for the firm’s trailing return and its interaction with the state variable
yields one nominally significant interaction at the 5 percent level across 24 specifications, and none
remains significant after Benjamini-Hochberg adjustment (Appendix Table A5). A placebo based on fu-
ture realized volatility also produces a significant interaction in one specification, which further cautions
against interpreting individual interaction estimates as evidence of state dependence. Given the number
of formation dates, these results are more appropriately viewed as limited evidence on heterogeneity than
as a precise test of state dependence.

Construction checks. The firm-level measure does not predict returns over months −24 to −13, which
are not used in the formation ranking (Appendix Table A6). This provides a check that the construction
is not mechanically related to an earlier return window. Using a top-decile rather than a fixed-K winner
definition produces fewer survivor-conditioned holdings (322 versus 487) and a higher value-weighted
Herfindahl index (0.049 versus 0.041), as expected when the survivor-conditioned universe is smaller
(Appendix Table A3).

9 Conclusion

Survivorship conditioning changes a ranking of past winners in two distinct ways. It can change which
firms enter the winner set, and it can remove the subsequent returns of winners that later exit. Using
point-in-time U.S. equity data, we find that the first channel is substantial in terms of the number of
positions affected but is similar in magnitude to what overall attrition would imply. The second channel
is more closely associated with the difference in portfolio returns: for an equal-weighted portfolio of
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the top twenty past winners, the survivor-conditioned backtest exceeds the full-universe backtest by 6.2
percentage points after one year and 37.4 points after five years. The decomposition attributes most of
this difference to the returns of winners that exit rather than to the firms promoted into their place.

The exit distribution helps account for the result. The top twenty winners do not have a materially
different total five-year exit rate from the full universe, but their exits are more likely to be distress-
related and less likely to be acquisitions. Distress exits are associated with large losses before delisting.
A survivor-only database therefore changes the observed return distribution even when the number of
omitted firms is not unusual.

The results have a direct implication for empirical work that evaluates winner-selection strategies.
The amount of reclassification in a survivor-only database is not, by itself, a measure of the resulting per-
formance difference. A database can replace many names simply because attrition is common, while still
producing a substantial difference in measured performance because the omitted outcomes are concen-
trated among firms with poor subsequent returns. The magnitude of the effect also depends on portfolio
weighting and sample period, so the estimates should not be interpreted as a universal adjustment to all
survivorship-affected performance measures.

More broadly, the decomposition provides a way to distinguish changes in selected units from miss-
ing subsequent outcomes whenever a sample is formed using past performance and later conditioned
on survival. Applying the same accounting to other settings, such as funds, managers, or private firms,
would require data that preserve both the original selection set and subsequent exits. Such applications
could help determine how much of survivorship bias in other performance-evaluation settings arises from
changes in composition versus omitted outcomes.
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Appendix

A Proof of Proposition 1

Rank firms in descending order of Ri and break ties by a fixed rule common to both rankings. For i ∈ St ,
the set of survivors ranked above i is a subset of the firms in Ut ranked above i, so rankSt (i)≤ rankUt (i).
Hence every i ∈ W F

t ∩ St = Ct has survivor rank at most K and belongs to W S
t . Every other member of

W S
t is outside W F

t by definition, so W S
t =Ct ∪Pt with Ct ∩Pt = /0. Since |St | ≥ K, |W S

t |= K = |Ct |+ |Et |,
which gives |Pt | = K − |Ct | = |Et |. For the last statement, if the |St | survivors are drawn uniformly at
random from Ut , each firm exits with probability 1− |St |/|Ut |, so E|Et | = K(1− |St |/|Ut |) and E[ρt ]

equals the universe attrition rate.

B Supplementary Tables and Figures

Table A1. Linear Probability Models of Exit

12 months 36 months 60 months

Any Distr. Acq. Any Distr. Acq. Any Distr. Acq.

Return percentile (0–100) 0.0002∗∗ −0.0003∗∗∗ 0.0004∗∗∗ −0.0001 −0.0007∗∗∗ 0.0006∗∗∗ −0.0002 −0.0009∗∗∗ 0.0007∗∗∗

(0.0001) (0.0000) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001)
Trailing 12-month return −0.0093∗∗∗ −0.0056∗∗∗ −0.0039∗∗∗ −0.0111∗∗∗ −0.0081∗∗∗ −0.0040∗∗ −0.0087∗∗ −0.0076∗ −0.0029

(0.0026) (0.0019) (0.0012) (0.0030) (0.0024) (0.0019) (0.0037) (0.0038) (0.0026)
Log size −0.0069∗∗∗ −0.0037∗∗∗ −0.0012∗∗ −0.0196∗∗∗ −0.0108∗∗∗ −0.0030∗ −0.0286∗∗∗ −0.0165∗∗∗ −0.0031

(0.0007) (0.0006) (0.0005) (0.0019) (0.0014) (0.0016) (0.0025) (0.0018) (0.0024)
Log age −0.0129∗∗∗ 0.0017∗∗ −0.0148∗∗∗ −0.0385∗∗∗ 0.0014 −0.0405∗∗∗ −0.0550∗∗∗ 0.0007 −0.0568∗∗∗

(0.0011) (0.0007) (0.0011) (0.0026) (0.0016) (0.0025) (0.0035) (0.0023) (0.0036)
Idiosyncratic volatility 0.1201∗∗∗ 0.1622∗∗∗ −0.0318∗∗∗ 0.2756∗∗∗ 0.4517∗∗∗ −0.1533∗∗∗ 0.3228∗∗∗ 0.6360∗∗∗ −0.2788∗∗∗

(0.0236) (0.0218) (0.0113) (0.0453) (0.0491) (0.0327) (0.0459) (0.0586) (0.0465)
Leverage 0.0472∗∗∗ 0.0439∗∗∗ 0.0011 0.1005∗∗∗ 0.0964∗∗∗ −0.0013 0.1171∗∗∗ 0.1251∗∗∗ −0.0159

(0.0050) (0.0050) (0.0031) (0.0113) (0.0108) (0.0088) (0.0155) (0.0138) (0.0120)
Profitability −0.0255∗∗∗ −0.0237∗∗∗ −0.0003 −0.0403∗∗∗ −0.0429∗∗∗ 0.0055∗∗ −0.0375∗∗∗ −0.0460∗∗∗ 0.0111∗∗∗

(0.0039) (0.0035) (0.0011) (0.0057) (0.0056) (0.0021) (0.0063) (0.0062) (0.0028)

Base rate 0.079 0.026 0.049 0.223 0.069 0.143 0.339 0.101 0.220
Formation dates 34 34 34 32 32 32 30 30 30
Observations 133,699 133,699 133,699 126,900 126,900 126,900 120,549 120,549 120,549
Within R2 0.032 0.087 0.005 0.058 0.134 0.011 0.071 0.149 0.015

Notes: Specification: equation (11). Linear probability models of exit within the indicated horizon, full point-in-time
universe, with formation-date fixed effects. In addition to the reported regressors, every column controls for log book-to-
market, 36-month market beta, and Amihud (2002) illiquidity; their coefficients are omitted to save space. Standard errors
in parentheses are two-way clustered by security and formation date. Each horizon uses only formation dates for which it is
fully observed. The percentile coefficient multiplied by 100 is the change in exit probability from the bottom to the top of the
trailing-return distribution, holding the other regressors fixed; at 60 months it implies −9 percentage points for distress and 7
for acquisition. These linear fits are dominated by the bottom of the distribution and do not describe the extreme upper tail,
where distress exits are more frequent than average (Table 4). ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.10.

23



Table A2. Factor-Adjusted Alphas by Winner Portfolio

CAPM FF3 FF5 FF5 + MOM

Portfolio α t α t α t α t

Equal-weighted
Full-ranking winners −14.4 −3.16 −13.6 −3.66 −9.5 −2.58 −9.2 −2.54
Survivor-conditioned winners −9.9 −2.30 −9.0 −2.55 −5.3 −1.40 −4.7 −1.27
Common winners −8.5 −1.69 −7.7 −1.76 −2.9 −0.61 −2.4 −0.52
Promoted firms −10.4 −1.88 −9.2 −1.78 −7.0 −1.22 −5.6 −0.98

Value-weighted
Full-ranking winners −3.5 −0.54 −1.6 −0.27 2.6 0.40 1.3 0.20
Survivor-conditioned winners 3.9 0.57 6.2 0.97 7.4 1.07 5.6 0.84
Common winners −3.5 −0.49 −1.5 −0.24 1.2 0.15 −0.4 −0.06
Promoted firms 4.5 0.56 6.9 0.88 11.3 1.33 10.7 1.25

Notes: Specification: equation (7), with the portfolio’s excess return as the dependent variable. Annualized alpha (per-
cent) and t-statistic from time-series regressions of each portfolio’s monthly excess return on the indicated factors; 360
months from non-overlapping 12-month holding periods; Newey-West standard errors with four lags. The large negative
equal-weighted alpha of the full-ranking portfolio reflects the losses of winners that later exit (Table 3).

Table A3. Portfolio Concentration by Winner Definition

Definition Ranking Holdings HHI (VW) Effective N (VW) Sectors

Top 10 Full 10.0 0.268 4.3 4.8
Survivor-conditioned 10.0 0.284 4.1 4.6

Top 20 Full 20.0 0.194 6.8 6.3
Survivor-conditioned 20.0 0.217 6.4 6.2

Top 50 Full 50.0 0.133 11.5 8.3
Survivor-conditioned 50.0 0.139 11.5 8.3

Top decile Full 487.4 0.041 39.1 10.9
Survivor-conditioned 322.5 0.049 28.4 10.8

Notes: Averages over 30 formation dates. HHI and effective number of holdings use value weights; “Sectors” is the mean
number of distinct GICS sectors. Under fixed K the equal-weighted HHI is identical across rankings by construction. Paired
differences in value-weighted HHI (survivor-conditioned minus full) have t-statistics of 0.77, 1.26, and 0.29 for K = 10, 20,
and 50, and 2.52 for the top decile.
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Table A4. The Firm-Level Wedge and Momentum Controls

Wedge variance
surviving (%)

Wedge Wedge × market state

Trailing-return control Coef. t Coef. t

None 100.0 0.0017 0.32 −0.0012 −0.30
Linear trailing return 71.3 0.0171 3.92 −0.0013 −0.41
Linear trailing-return percentile 46.3 0.0367 3.00 0.0024 0.61
Cubic in percentile 14.1 0.0177 1.20 0.0013 0.36
Quintic in percentile 13.5 0.0142 0.87 0.0012 0.32
Date × quintile fixed effects 15.4 0.0430 3.19 −0.0098 −0.59
Date × decile fixed effects 5.7 0.0522 2.69 −0.0180 −0.75
Date × ventile fixed effects 1.9 0.0539 1.83 −0.0476 −1.52
Date × 50-tile fixed effects 0.4 −0.0003 −0.01 −0.0941 −2.66

Notes: Specifications: equation (13) in the wedge columns; in the interaction columns, equation (13) augmented with
wi,tZt and Ri,tZt . Dependent variable is the forward 12-month return. The wedge is the difference between a firm’s survivor-
conditioned and full-universe trailing-return percentile (percentage points, five-year survival horizon); the market state is the
standardized trailing 12-month market return. “Wedge variance surviving” is the share of the wedge’s within-date variance
not explained by the control. All specifications include formation-date fixed effects and, in the interaction columns, the
trailing return interacted with the market state; standard errors are two-way clustered by security and formation date; 96,575
observations, 30 dates. As the control approaches a fully flexible function of the trailing return, the wedge’s identifying
variation vanishes.

Figure A1. Winner Reclassification by Threshold and Survival Horizon
Notes: Share of the K survivor-conditioned winner slots occupied by firms outside the full-ranking top K,
averaged over formation dates, by survival horizon. By Proposition 1 each point is also the attrition rate
among the full-ranking top-K firms. Values are reported in Table 1, Panel A.
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Table A5. Extrapolative Market States: Full Specification Grid

Survival horizon Forward return Market-state proxy Coef. t p BH p

End of sample 60 months Composite −0.0243 −2.82 0.009 0.204
End of sample 36 months Composite −0.0103 −1.98 0.057 0.497
1 year 60 months Market return 0.0412 1.88 0.070 0.497
3 years 36 months Composite −0.0328 −1.79 0.083 0.497
3 years 36 months Market return −0.0097 −1.53 0.136 0.614
5 years 36 months Market return −0.0072 −1.46 0.156 0.614
End of sample 60 months Market return −0.0132 −1.19 0.244 0.614
3 years 60 months Composite −0.0420 −1.14 0.262 0.614
5 years 36 months Composite −0.0172 −1.13 0.268 0.614
5 years 60 months Composite −0.0249 −1.13 0.269 0.614
5 years 12 months Composite 0.0145 1.05 0.304 0.614
1 year 12 months Composite −0.0330 −1.02 0.313 0.614
1 year 36 months Composite −0.0466 −0.98 0.332 0.614
1 year 12 months Market return 0.0092 0.75 0.459 0.786
5 years 60 months Market return −0.0061 −0.54 0.595 0.876
3 years 12 months Composite 0.0080 0.44 0.664 0.876
3 years 12 months Market return 0.0018 0.42 0.674 0.876
5 years 12 months Market return −0.0013 −0.41 0.685 0.876
1 year 60 months Composite −0.0344 −0.35 0.727 0.876
End of sample 36 months Market return −0.0008 −0.35 0.730 0.876
3 years 60 months Market return −0.0019 −0.17 0.870 0.977
End of sample 12 months Market return −0.0001 −0.06 0.951 0.977
1 year 36 months Market return 0.0008 0.05 0.964 0.977
End of sample 12 months Composite −0.0003 −0.03 0.977 0.977

Notes: Specification: equation (14); adjusted p-values from equation (15). Each row reports the coefficient on the
interaction between the firm-level survivorship wedge and a standardized market-state proxy in a regression of the forward
return, controlling for the firm’s trailing return and its interaction with the same proxy, with formation-date fixed effects and
standard errors two-way clustered by security and formation date. “Market return” is the standardized trailing 12-month
market return; “Composite” averages six standardized proxies (trailing return, valuation trend, breadth, dispersion, and two
concentration measures). BH p is the Benjamini-Hochberg adjusted p-value across all 24 specifications; none is below 0.10.
The primary pre-specified cell is the five-year horizon, 12-month forward return, and market-return proxy.
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Table A6. Placebo Tests and Heterogeneity

Wedge Interaction

N Coef. t Coef. t

Panel A: Placebo tests
Pre-formation return (months −24 to −13) 92,812 −0.0022 −0.42 0.0091 1.21

with trailing-return controls 92,812 0.0026 0.68 0.0091 1.99
Pseudo-survival from future volatility 80,398 0.0013 1.73 0.0016 2.15

with trailing-return controls 80,398 0.0007 1.03 0.0024 3.97

Panel B: Interaction of the wedge with firm characteristics
Young firms 96,575 0.0148 2.97 0.0048 1.04
Small firms 96,575 0.0222 3.04 −0.0092 −0.87
Illiquid firms 96,574 0.0212 3.38 −0.0079 −0.90
High idiosyncratic volatility 86,114 0.0162 1.79 0.0011 0.07
High fundamental mismatch 93,856 0.0254 3.00 −0.0199 −1.54
High book-to-market 91,359 0.0225 3.77 −0.0068 −0.66

Notes: Specifications: Panel A, equation (14) with the dependent variable or the wedge replaced as in equations (17)
and (18); Panel B, equation (16). Panel A: the pre-formation placebo regresses the return over months −24 to −13, which
enters neither ranking, on the wedge; the interaction is with the market-state proxy. The pseudo-survival placebo rebuilds
the wedge by treating low realized forward volatility, rather than survival, as the conditioning event; a significant interaction
there indicates that the construction can produce interaction estimates from generic future information. Panel B: each row
adds an indicator for the named characteristic (below the within-date median of age or size for young and small firms, above
the within-date median otherwise) and its interaction with the wedge, controlling for the trailing return; dependent variable is
the forward 12-month return. Formation-date fixed effects and two-way clustered standard errors throughout.

Figure A2. The Firm-Level Survivorship Wedge across the Trailing-Return Distribution
Notes: Mean difference between a firm’s survivor-conditioned and full-universe per-
centile rank (five-year horizon), standardized within formation date, by ventile of trail-
ing 12-month return; 30 formation dates.
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