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Abstract

Understanding the valuation of uncertainty lies at the heart of finance. While
foundational pricing frameworks focus extensively on uncertainty over payoff
magnitudes (outcome risk), the timing at which payoffs arrive is also stochastic
across a broad range of financial settings. I prove that the pricing of timing
risk differs conceptually from that of outcome risk and characterize its pric-
ing both when systematic and when idiosyncratic. Using only a no-arbitrage
assumption, I show that timing risk’s higher order moments affect price even
when risk is purely idiosyncratic, a property not shared by outcome risk. I fur-
ther show that for time, uncertainty can reasonably be valued higher or lower
than certainty, unlike for outcomes; and timing risk features an asymmetry not
present in outcome risk. These differences between outcome and timing risk
survive diversification. I prove that the price of idiosyncratic timing risk is fully
determined by the risk-free term structure. Finally, I decompose all priced risk
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into outcome and timing components and formalize systematic timing risk. An
application of the theory in options markets illustrates the difference between
timing and outcome risk, and the characterization theorems. These results in-
form understanding of valuation and risk premia across financial settings.
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1 Introduction

A central theme in finance is the valuation of future uncertain cash flows. In this
paper, I consider uncertainty along two dimensions. One is uncertainty about out-
comes. For example, consider a biotech company with a clinical trial underway. Here,
the uncertainty is whether the drug will have successful treatment effects relative to
a placebo. Or consider the more mundane case of a European call option. Here, the
uncertainty is about the future stock price on the option expiration date relative to
the option strike.

Many economically important uncertainties are not only about outcomes but their
timing. For example, in climate change (Giglio et al., 2021) uncertainty is not just
about outcomes - the size of the consumption loss due to climate events - but also
about timing: when a climate shock will hit.

Similarly, both technological revolutions (Pastor and Veronesi, 2009) and cor-
porate decisions in innovative firms (Eisfeldt and Papanikolaou, 2014) include both
outcome risk – whether the innovation succeeds – and timing risk – how long it will
take to succeed and be adopted.

My study focuses on timing risk. Using a fairly minimal foundation of no-
arbitrage, I analyze whether or not timing matters as a distinct dimension of un-
certainty, and develop its implications for valuation. The analysis leads to several
interesting results.

First, the effects of timing risk are distinct from those of outcome risk. Both
risks are priced given non-zero covariance with the stochastic discount factor (SDF).
However, the higher order moments of timing risk impact prices even when risk is
purely idiosyncratic. The higher order moments of outcome risk, of course, do not
matter in this case.

Second, the risk pecking order can change with timing risk. That is, certainty is
always valued weakly higher than uncertainty for outcome risk. However, certainty
can be valued higher, lower, or the same as, uncertainty for timing risk. I show
that and which prevails depends both on the sign of the shock and the risk-free term
structure.

Third, I show that the price of idiosyncratic timing risk can be fully characterized
through the term structure of risk-free rates. Fourth and finally, I show that all priced
risk can be fully decomposed into systematic outcome risk and systematic timing risk.
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I illustrate the theory using two financial products which are contractually identi-
cal except for timing risk. An application of the decomposition theorem shows timing
risk in this setting to be idiosyncratic. Given this, the theorems for idiosyncratic risk
can be applied and illustrated. Consistent with the theory, in the data higher-order
moments of timing risk affect prices while those of outcome risk do not, the sign of
the timing risk coefficient varies with the direction of the shock, and the price of
timing risk moves with the risk-free term structure. Together, the theory and empir-
ical illustration suggest that timing risk may deserve its own treatment in financial
markets.

These results suggest a departure from the standard pedagogical treatment of
time and states. The textbook convention often treats time as another state, either
implicitly through recursive one-period-ahead techniques (Duffie, 2001) or explicitly
by aggregating risks across states and periods (Cochrane, 2014). While efficient, this
approach does not fully capture the wedge between timing and outcome risk. By
disentangling these two forces, this paper identifies pricing dynamics that may not be
readily apparent otherwise.

First, for assets with purely idiosyncratic outcome risk, one of the foundational
results for pricing is that only the first moment matters for valuation: higher-order
moments of the payoff do not affect price (Berk and DeMarzo, 2011). This is typically
illustrated via diversification removing idiosyncratic risk (Berk and DeMarzo, 2011).
In contrast to this usual intuition, I show in Theorem 1 that higher-order moments
of timing risk do affect price even when risk is purely idiosyncratic. This effect on
price is not a risk premium but is a higher order effect unique to the dimension of
timing relative to outcomes. Intuitively, timing “states” have embedded curvature not
present in outcome states. Second, the pricing of certainty vs. uncertainty behaves
differently for time than outcomes. In the outcome case, certainty is typically always
priced weakly above uncertainty (Berk and DeMarzo, 2011; Maggiori, 2017; Gomes
and Schmid, 2021). In the timing case, Theorem 2 proves that increasing timing risk
can raise, lower, or leave unchanged the value relative to certain timing. Corollary 1
further proves a model-free asymmetry in the timing domain which need not be
present for outcomes: for any stochastic discount factor, if uncertainty is valued
higher than certainty for positive shocks, then it must be valued below certainty for
negative timing shocks, and vice versa.

These conceptual differences – higher order moments, directionality, and asymme-
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try – survive diversification. Theorems 3 and Theorem 4 construct pseudo-risk free
assets constructed from outcome risk vs. timing risk and prove that the pseudo risk-
free timing portfolios continue to be priced with higher order moments, directionality,
and asymmetry, in contrast to pseudo risk-free outcome portfolios.

Given these conceptual differences between timing and outcome risk, a natural
question is what does characterize the pricing of uncertain timing? Theorem 5 proves
that, for idiosyncratic timing risk, valuation is characterized entirely by the risk-free
term structure. Precisely, the value of any claim with an idiosyncratic stopping time
can be written as the value of a portfolio of zero-coupon bonds with weights equal
to the stopping-time probabilities. Consequently, the effect of any SDF on timing
dispersion is identical to its effect on zero-coupon bond pricing. This result might
seem surprising because some models aim to change the pricing of uncertainty without
moving risk-free rates, or vice versa (ex. Wachter (2013); Farhi and Maggiori (2018)).
However, the theorem implies that – unlike for outcome risk – such distortions must
operate on timing risk and risk-free rates in exactly the same way.

Many assets and financial settings have both outcome and timing risk. Theorem
6 provides a novel decomposition of priced risk – the covariance of the asset’s pay-
offs with the SDF – into systematic outcome risk and systematic timing risk. This
decomposition holds as an identity. Intuitively, systematic outcome risk is the co-
variance of the SDF with the asset payoffs conditional on the asset paying off, e.g.
its stopping time being hit; this corresponds to the usual notion of systematic risk
in macro-finance and asset pricing (Xu, 2021). Systematic timing risk, in contrast,
measures whether the asset tends to pay off at times at which the SDF is higher or
lower.

I illustrate the theory in as clean a financial setting as possible. In particular, I
use the options market as a laboratory. While timing risk matters in other important
markets, including real options (Berk, 1999), the valuation of private firms (Schmid
and Steri, 2023), mortgages (Chen et al., 2020), and debt markets (Krishnamurthy,
2010; Kuehn and Schmid, 2014), these markets typically feature outcome risk inter-
twined with timing risk as well as unobserved individual heterogeneity. Options have
the advantage of allowing for observability of timing risk and therefore a relatively
clean illustration of the theory in market data. They have the additional advantage
of being a sophisticated market which is large in its own right: my setting features
options with a total notional value of $16 billion.
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While American call options can be exercised at any time, European call options
can be exercised only at expiry. As a result, the American options feature timing
risk for the short side, and timing flexibility for the long side, which are not present
in otherwise identical European options. In equilibrium, the price of timing risk
to the short side must equal the price of timing flexibility to the long side, and
should be given by the pricing theorems introduced in this paper. I focus on call
options without dividends in their lifetime because standard derivatives pricing theory
predicts no price difference for these options, and observed deviations have typically
been dismissed as irrational anomalies (Merton, 1973; Poteshman and Serbin, 2003)
or as liquidity events (Figlewski, 2022). A theory of timing risk and how it affects
asset prices says – regardless of the source of early exercise, its existence raises timing
risk for the short side. The theory therefore makes predictions on how this timing
risk should be priced.

Comparing real-world American and European options which are otherwise iden-
tical, I impute the realized early exercise distribution using open interest and volume
to obtain realized outcome and timing risk. I apply Theorem 6, illustrating how to
practically use the systematic outcome-timing risk decomposition in data, to test for
whether early exercise constitutes idiosyncratic or systematic risk, both in outcomes
and timing. A priori, the answer to this question is not obvious; while some papers
find early exercise to be idiosyncratic (Poteshman and Serbin, 2003), others stress the
role of liquidity (Figlewski, 2022) which may be impacted by intermediary frictions
that tend to be systematic (Maggiori, 2017). Quantifying systematic timing risk and
systematic outcome risk through the theorem, I find that both are statistically indis-
tinguishable from zero – indicating that both timing and outcome risk in this case
are idiosyncratic.

Given that the risk is idiosyncratic, the theorems for idiosyncratic timing risk can
be applied. I next illustrate Theorem 1, which predicts that higher order moments
of timing risk should affect price but of outcome risk should not. Illustrating the
predictions of this theorem, and the difference between timing and outcomes, the
option price difference between otherwise identical American and European options
loads in a statistically significant way on timing risk variance (p < 0.05), but not
statistically significantly on outcome risk variance.

In addition, consistent with Theorem 2, the sign of the coefficient on timing risk is
positive when the shock to the short side is negative, and is negative when the shock
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to the short side is positive. Thus, both in statistical significance and in sign, the
pricing of timing risk is consistent with the theory and illustrates differences between
timing and outcome risk.

I then illustrate Theorem 5, which predicts that the pricing of uncertain timing
is characterized by the risk-free term structure. Using contemporaneous short rates,
I find correlational evidence consistent with the theorem: the option price difference
between otherwise identical American and European options is higher per contract
(p < 0.05) when short rates increase, even after accounting for liquidity and money-
ness controls. Since the theorem says that the difference between an American and
European option when early exercise occurs is equivalent to an appropriately con-
structed zero coupon bond portfolio – in this case of shorter-dated bonds less longer-
dated bonds – and longer dates bonds are more sensitive to interest rates (Chen,
2010), the sign of the coefficient is also in the direction predicted by the theory.

Finally, as an additional illustration of Theorem 5, I split the sample into a 60-40
training set and a test set, where the test set chronologically follows the train set. The
theorem predicts that the expected ZCB portfolio equivalent should move one for one
with the pricing of uncertain timing. Because expectations are not observed but real-
izations are, I use the train set to regress realizations on contemporaneously observed
variables for the option contracts (moneyness, days to expiry, and the short rate).
Using the coefficients from these regressions obtained from the train set, I construct a
proxy for expected ZCB portfolio equivalents in the test set. Because all variables are
contemporaneously observed, and the training set chronologically precedes the test
set, this method avoids look-ahead bias. In the test set, regressing the price difference
between American and European options on the expected ZCB portfolio equivalent
yields a coefficient that is statistically significant (p < 0.05) and indistinguishable
from 1 across specifications, consistent with the prediction of Theorem 5.

These results in options illustrate various predictions of the theory. They also
conceptually organize in a risk-based fashion a pricing difference that has historically
been dismissed as an anomaly due to irrational behavior.

The paper contributes to a number of literatures. First, the paper contributes to
a deeper understanding of different types of uncertainty and their impact. While a
large literature has studied uncertainty at different fixed durations (van Binsbergen,
2025), this paper studies the pricing when duration is uncertain.

Second, because the paper uses only a no-arbitrage assumption, it nests all pric-
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ing kernels. In particular, its assumptions mirror the so-called model-free results of
Hansen and Jagannathan (1991) and Giglio et al. (2016) in assuming only the law of
one price, thereby sidestepping an active debate over which stochastic discount factor
to use (Papanikolaou, 2011; van Binsbergen, 2016; Gomes and Schmid, 2021; Mag-
giori, 2022). The reliance on minimal assumptions allows the paper’s results to apply
to a wide variety of settings. In particular, the results apply regardless of whether the
SDF is friction-based (Krishnamurthy, 2010; Maggiori, 2017), production-based (Pa-
panikolaou, 2011), preference-based (van Binsbergen, 2016), belief-based (Wachter,
2013), or otherwise – so long as no-arbitrage holds.

Third, the paper contributes to literatures on markets that include timing risk by
formalizing it and developing results on precisely when and how timing risk differs
from outcome risk. Such markets include settings with real options (Berk, 1999), in-
vestment decisions (Graham, 2022), and corporate bonds (Berk and DeMarzo, 2011).
The options I study to illustrate the theory have previously been studied in Stein
(1989) and Fleming and Whaley (1994), among others; the contribution is to empir-
ically illustrate the novel theoretical results. As a supplemental contribution, these
results provide a risk-based interpretation to a pricing deviation from standard theory.

While the paper studies time, it is conceptually distinct from other literatures on
time-related concepts such as the elasticity of intertemporal substitution (Vissing-
Jorgensen, 2002) and resolution period effects (Epstein et al., 2014). One way to see
this is that the results hold for any pricing approach, no matter its parametrization
or resolution properties. While decomposing risk has not historically been a pricing
focus, the topic of uncertain timing has been studied in biology (Kacelnik and Bate-
son, 1996) and experimental and decision theory (Chesson and Viscusi (2003), Onay
and Onculer (2007), DeJarnette et al. (2020) on expected utility, additive utility, and
Epstein-Zin, respectively). The paper’s no-arbitrage approach nests utility models as
special cases, and studies pricing implications.

In addition to deepening the conceptual understanding of different components
risk, there are many settings in which timing risk is relevant. These include but
not limited to, corporate decisions; climate disasters; labor decisions; what makes an
asset safe; distressed debt; policy implementation timelines; and so on. These varied
economic settings provide ample avenues for applications of the pricing of timing vs.
outcome risk in future work.

The paper proceeds as follows. Section 2 develops the theory, including conceptual
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differences between the pricing of timing vs. outcome risk, and a characterization of
the pricing of idiosyncratic and systematic timing risk. Section 3 illustrates the find-
ings of the theory in real-world market data. Section 4 discusses possible applications
across economics. Section 5 concludes. All proofs are located in the appendix, with
proof intuition discussed in the text.

2 Theory

I start by formalizing the set up to study timing vs. outcome risk, using the standard
stochastic discount factor (SDF) framework (Duffie, 2001). I formalize outcome risk
in the usual way, and timing risk as a stopping time. The only assumption used for the
theoretical results is no arbitrage; no arbitrage in turn implies existence of a stochastic
discount factor, regardless of whether the market is complete or incomplete (Berk and
DeMarzo, 2011). For any given stochastic discount factor, all theorems derived in this
paper must hold.

Definition 1 (The Stochastic Discount Factor Framework).
There exists a probability space (Ω, {Ft}t∈T , P ), where Ω is a set of states, {Ft} a
filtration, T ⊆ R+ is a set of times, and P a probability measure. In this frame-
work, assets are adapted processes: X = (X1, X2, ...) where each Xt is a random
variable measurable with respect to Ft. We say that a stochastic discount factor
Mt = {Mt→t′}t′>t exists if, for all assets, the time t price of asset X is given by
Pricet(X) = EPt [

∑
t′ Mt→t′Xt′ ].

Definition 2 (Assets with Pure Uncertain Outcomes).
An asset with pure uncertain outcomes X is one which has non-zero payoffs at only
one time t ∈ T .

Definition 3 (Stopping Time).
Given the filtered probability space (Ω, {Ft}t∈T , P ) from Definition 1, a stopping time
is a random variable τ : Ω → T such that for every t ∈ T , the event {ω ∈ Ω : τ(ω) ≤
t} is in the filtration Ft.

Say that τ is a non-trivial stopping time if there are at least two distinct times it
takes on with positive probability: ∃t1 ̸= t2 ∈ T such that P (τ = t1), P (τ = t2) > 0.

The expected time of τ is given by EP [τ ].
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Definition 4 (Assets with Pure Uncertain Timing).
An asset with pure uncertain timing X is one whose payoff process is entirely char-
acterized by some nontrivial stopping time τ . In particular,

Xt(ω) =

c+ a if t = τ(ω)

c if t ̸= τ(ω)

for some c, a ∈ R.

Example 1. Suppose that the state space at time 0 is {G,B}, standing for good and
bad. The state space at time 1 is then {(G,G), (G,B), (B,G), (B,B)}; at time 2 is
{(G,G,G), (G,G,B), (G,B,G), (G,B,B), (B,G,G), (B,G,B), (B,B,G), (B,B,B)};
etc.

An example of an asset with pure uncertain timing on this state space is one that
pays out $1 the first time the state space hits good only. This asset takes on a payoff
value of 1 whenever the state is (B, . . . , B︸ ︷︷ ︸

any number of times

, G), and 0 in all other states.

An example of an asset with pure uncertain outcomes on this state space is one
that pays out $5 (in state B) or $10 (in state G) at time 1, and 0 in all other times
and states.

Definition 5 (Systematic vs. Idiosyncratic Risk).
The time-t′ systematic risk of an asset X from the perspective of period t ≤ t′ is given
by Cov(Mt→t′ , Xt→t′).

An asset has purely idiosyncratic risk from the perspective of period t if its time-t′

systematic risk is equal to zero at all times t′ ≥ t.

Definition 6 (Assets with Uncertain Timing and Outcomes).
An asset with uncertain timing and outcomes is characterized by a baseline payoff
c ∈ R, a stopping time τ , and a random shock Y : Ω → R. The payoff process is

Xt(ω) = c+ 1{t=τ(ω)} · Y (ω), t ∈ T.

This nests:

• Pure uncertain timing: Y (ω) = a ∈ R (constant shock);

• Pure uncertain outcomes: τ(ω) = t∗ (fixed time) and c = 0.
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Definition 7 (Valuation).
Under Definition 1, the valuation of asset X at time t is given by Pricet(X) =

EPt [
∑

t′ Mt→t′Xt′ ].
Consider an asset with pure uncertain timing X which has associated stopping

time τ . When Ep[τ ] ∈ T , define its certain-time equivalent,

Xt(ω) =

c+ a if t = Ep[τ ]

c if t ̸= Ep[τ ]

Say that certain timing is valued higher (resp. lower) than uncertain timing if, for
any asset with pure uncertain timing, its valuation is lower (resp. higher) than the
valuation of its certain-time equivalent.

Definition 2 is the standard one period definition of an asset (Berk and DeMarzo,
2011). Definition 5 is the standard conceptualization of systematic risk and idiosyn-
cratic risk across multiple periods (Berk and DeMarzo, 2011). Definitions 4 and 7
extend to the pricing setting definitions used in the decision theory literature of time
lotteries and risk aversion over them (DeJarnette et al. (2020), also earlier studied in
Chesson and Viscusi (2003) and Onay and Onculer (2007)). The present framework
applies for any SDF; formalizes uncertainty as random variables through the use of
stopping times; and allows assets to take on non-zero values away from these stopping
times. Definition 6 combines uncertain outcomes and uncertain timing and will be
used for the decomposition results.

All of the above definitions will play a role in analyzing the valuation of timing
vs. outcome risk.

2.1 No-Arbitrage Assumption

The theoretical results of this paper rely only on the existence of a stochastic discount
factor. From foundational pricing theory, an SDF exists if and only if no arbitrage
holds. This short section reproduces this result for completeness to make transparent
the reliance of the theory only on a no-arbitrage assumption.

To apply the First Fundamental Theorem of Asset Pricing (e.g. no arbitrage if
and only if there exists a stochastic discount factor that prices all assets), pick an
arbitrary time t; collapse future states relative to t, {Ωt′ = St′}t′≥t and time T into a

11



single space Z = ∪t′∈T,t′≥tS
t. When the cardinality of S and of T is discrete, so too

is the cardinality of Zt. As above, assets are random variables defined on this space:
At ⊆ {f : Zt → R}. Assume standard portfolio formation: if asset a and asset b are
in the set of assets, so too is the portfolio γa+ (1− γ)b for any γ ∈ (0, 1).

Assumption (No-Arbitrage). There exists no portfolio whose price is below zero and
whose payoffs are almost everywhere positive.

Lemma 1 (Fundamental Theorem of Asset Pricing (Berk and DeMarzo, 2011)). If
no-arbitrage holds, then there exists a stochastic discount factor Mt > 0 that prices
all assets: Pr(X) = E[Mt(z)Xt(z)] for any asset Xt ∈ At.

Given the fundamental theorem, we can un-collapse back out to states over time
simply by re-stating the expectation: Pr(X) = E[MtXt] = E[

∑
t′∈T,t′>tMt→t′Xt→t′ ].

Formally,

E[MtXt] =
∑
z∈Zt

p(z)Mt(z)Xt(z)

=
∑

z∈∪t′∈T,t′≥tS
t′

p(z)Mt(z)Xt(z)

=
∑

t′∈T,t′≥t

∑
ωt′∈St′

p(ωt′)Mt(ωt′)Xt(ωt′)

= E[
∑

t′∈T,t′≥t

Mt→t′Xt→t′ ],

exactly as in Definition 1.
No-arbitrage is the only assumption used throughout the paper. Given Lemma

1, the theorems can, and do, directly assume the existence of a stochastic discount
factor that prices all assets. In the case that there are multiple admissible SDFs,
as can occur for incomplete markets (Berk and DeMarzo, 2011), the theory holds
for each SDF within the set. The theory therefore applies for both complete and
incomplete markets: in the former case, for the unique SDF, and in the latter case,
for any SDF within the permissible SDF set.

12



2.2 The Price of Timing Risk vs. Outcome Risk

2.2.1 Idiosyncratic Risk and Higher-Order Moments

Theorem 1 shows that for idiosyncratic risk, assets with uncertain timing are funda-
mentally different than assets with uncertain outcomes.

In particular, a foundational pricing result is that, for an asset with idiosyncratic
risk and uncertain outcomes, its higher order moments are not priced. The intuition
is straightforward and illustrated in Remark 1.

Remark 1 (Idiosyncratic Risk for Assets with Uncertain Outcomes (Berk and De-
Marzo, 2011)). With idiosyncratic risk, given SDF M and asset A with pure uncertain
outcomes paying off at time t′, Pricet(A) = EPt [Mt→t′At′ ] = EPt [Mt→t′ ]EPt [At′ ]. In
particular the higher order moments of the asset such as V arPt [At′ ] do not affect the
price.

Theorem 1, in contrast, shows that the higher order moments of the stopping time
for an asset with uncertain timing do affect the price, regardless of which SDF one
uses.

Theorem 1 (Higher Order Moments for Uncertain Timing). Consider an asset with
pure uncertain timing, with associated stopping time τ which has purely idiosyncratic
risk. The higher order moments of τ affect the valuation of the asset.

The intuition is as follows. When an asset with uncertain outcomes has purely
idiosyncratic risk, its price as discussed in Remark 1 becomes an expectation of the
SDF times an expectation of the asset payoff. When the asset has uncertain timing,
the price is similarly an expectation of the SDF, but that expectation is taken over
time. If the SDF has any curvature - as shown for example in Figure 1 - this expecta-
tion embeds nonlinearity in it. Because of the nonlinearity, the higher order moments
of the stopping time affect valuation.

To illustrate, Figure 1 plots the valuation of two assets with purely idiosyncratic
risk. One pays out $1 at Time 1 with 1/2 probability and at Time 3 with 1/2
probability. The other pays out $1 at Time 1 with 2/3 probability and at Time 4
with 1/3 probability. Both have an expected stopping time value of 2. But they have
different higher order moments: the variance of stopping time of the former asset is
1, and of the latter asset 2. Because of this difference in the higher order moments
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Figure 1: Pricing Assets with Uncertain Timing with Purely Idiosyncratic Risk
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(a) Sample SDF 1 - Receiving $1 at Time
t
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(b) Sample SDF 2 - Receiving $1 at Time
t

Note: These figures plot the price of two assets for two sample SDFs. In each figure, the curve corresponding to the
price of zero-coupon bonds arising from the SDF is shown. In Figures 1a, this curve is convex, and in Figure 1b, it is
concave. In each figure, the price of two assets is shown. The asset whose price is depicted by a purple square pays
out $1 at time 1 with 50% probability and at time 3 with 50% probability. The asset whose price is depicted by an
orange circle pays out $1 at time 1 with 66.6% probability and at time 4 with 33.3% probability. Both assets are
assumed to have purely idiosyncratic risk. For Theorem 1, observe that both assets have an expected stopping time
of 2 (thus lining up on the x axis), yet their prices differ regardless of the SDF used. For Theorem 5, observe that
E[M0→t] is exactly the price of a zero coupon bond maturing in t periods; then re-interpret the probabilities on the
line as a portfolio.

of the stopping time, they are priced differently for any SDF, whenever the SDF has
curvature in time. Figure 1 shows the different pricing for an SDFs with different
types of curvature, illustrating that the valuation is different regardless of the SDF
used, except in the special (and typically unused) case where the SDF is linear in
time (Berk and DeMarzo, 2011; Maggiori, 2022).

2.2.2 Directionality and Asymmetry

With outcomes, certainty is always weakly better than uncertainty (Berk and De-
Marzo, 2011), as illustrated formally in Remark 1. With timing, however, uncertainty
can reasonably be valued higher, lower, or the same as, certain-time equivalents.
Theorem 2 proves that which direction occurs is characterized by the risk-free term
structure. Corollary 1 proves that any SDF must feature an asymmetry: if certainty
is valued higher than uncertainty for positive shocks, then it must be valued lower
than uncertainty for negative shocks, and vice versa.

The intuition is that when the yield curve is strongly convex, the value of possibly
receiving a positive payment at some point later in the future is much less than the
value of receiving it at the expected stopping time. The intuition flips for negative
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payments, since the corresponding pain becomes concentrated at near horizons. The
sign intuition resembles that seen in utility functions for gains and losses (Onay and
Onculer, 2007), but here applies for any stochastic discount factor, proven through
the risk-free term structure. The proof intuition is similar to that used for convexity
in bonds (Berk and DeMarzo, 2011), but here applies for a dimension of uncertainty.

Definition 8 (Risk-Free Term Structure).
Given the discount function m(T ) := Pricet(ZCBT ) representing the time-t price
of a zero coupon bond with maturity T , the yield to maturity (or spot rate) y(T ) is
defined by: m(T ) = e−T ·y(T ). Equivalently, y(T ) = − lnm(T )

T
.

Theorem 2 (Certainty and Uncertainty). Consider any asset with uncertain timing
with associated stopping time τ and payoffs (c, c + a) which has purely idiosyncratic
risk. Let y(T ) denote the yield to maturity at time T .

Then uncertain timing has a higher (resp. lower) valuation than certain timing
for a > 0 (resp. a < 0) if and only if

(y(T ) + T · y′(T ))2 > 2y′(T ) + T · y′′(T ) for all T ∈ T

In particular, uncertainty can be valued higher, lower, or the same as, certainty.

The proof intuition is depicted in Figure 2. The directionality - whether the asset
price lies above or below the black curve at the expected stopping time - depends on
the curvature of the risk-free term structure.

Corollary 1 (Asymmetry). Any SDF that has a higher valuation for uncertain timing
than certain-time equivalents for positive shocks must have a higher valuation for
certain-time equivalents than uncertain timing for negative shocks. Any SDF that
has a higher valuation for certain-time equivalents than uncertain timing for positive
shocks must have a higher valuation for uncertain timing than certain-time equivalents
for negative shocks.

The intuition is shown in Figure 2. For example, compare Figures 2a and 2c.
These both depict the same SDF. In the former, the payoff is positive (e.g. receiving
$1 in t periods for each zero-coupon bond). Similarly the asset payoffs are positive: for
example the purple square depicts receiving $1 in period 1 with 50% probability and
in period 3 with 50% probability. When considering an asset with uncertain timing
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Figure 2: Certainty vs. Uncertainty and Asymmetry
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(b) Sample SDF 2 - Receiving $1 at Time
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(c) Sample SDF 1 - Receiving (-$1) at
Time t
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Note: These figures plot the price of gaining (subfigures 2a and 2b) and losing (subfigures 2c and 2d) $1 of purely
idiosyncratic risk, for two sample SDFs (the same sample SDFs as in Figure 1). Observe that, for losing $1, the
expected SDF curve flips over the x-axis (subfigures 2a and 2c show the flip for sample SDF 1; and subfigures 2b
and 2d for sample SDF 2). The top two figures also depict, as a filled purple square, the price of an asset with
uncertain timing with purely idiosyncratic risk which pays $1 in period 1 with 50% probability and in period 3 with
50% probability. The bottom two figures depict, as a hollow purple square, for each sample SDF, the price of an asset
with uncertain timing with purely idiosyncratic risk which pays (-$1) in period 1 with 50% probability and in period
3 with 50% probability. For Theorem 2, observe that whether certainty is preferred to uncertainty is visually whether
the purple square is below or above the black line; and that depending on the SDF, either direction can occur. For
Corollary 1, observe that whenever the filled purple square is above the black line, the hollow purple square is below
the black line, and vice versa; e.g., compare subfigures 2a and 2c. Similarly compare subfigures 2b and 2d. Because
of the flipping over the x-axis, for any SDF, a higher valuation for certainty for positive shocks must be coupled with
a higher valuation of uncertainty for negative shocks, and vice versa.
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which has negative payoffs, e.g. losing $1 in period 1 with 50% probability and losing
it in period 3 with 50% probability, the relevant zero coupon-bond comparison also
becomes negative: losing $1 at each possible maturity t. As a result, the SDF curve
gets flipped over the x-axis. Because of this flipping, if the curve was convex when
positive, it becomes concave when negative, and vice versa.

Remark 2 (Yield Curve Translation). Uncertain timing is always valued higher (resp.
lower) than certain timing for positive (resp. negative) shocks when:

• The yield curve is flat and nonzero: y′ = 0, y′′ = 0, y ̸= 0.

• The yield curve is downward sloping and weakly convex: y′ ≤ 0, y′′ ≤ 0.

• The yield curve does not rise too steeply: 2y′(t) ≤ Ty′′(t).

2.2.3 Diversification

For assets with uncertain outcomes, diversification pools assets with uncorrelated
risks, improving the risk profile without affecting returns (Berk and DeMarzo, 2011).
A natural question is whether the price impact of an asset with uncertain timing can
be neutralized by holding a pool of such assets.

Theorems 3 and 4 seek to answer this question. Theorem 3 considers independent
stopping times and shows that in the limit, flows become predictable, removing un-
certainty. But pooling does not eliminate the impact of higher-order moments, even
when each asset has purely idiosyncratic risk. The higher order impact is no longer
due to risk – because flows become predictable – but rather due to the predictable
flow’s dispersion.

A natural next question is whether the time vs. outcome gap vanishes when the
portfolio is chosen to smooth any shocks, for example as with perfectly negatively
correlated assets. Theorem 4 shows that the difference in pricing time vs. pricing
outcomes remains even with perfectly deterministic and smoothed payments through
diversification. In particular, the higher-order moment and asymmetry results that
applied for individual assets continue to hold even after a synthetic risk-free asset is
created.
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Independent Stopping Times. Theorem 3 treats the case with infinitely many
independent stopping times and shows that while payments are now deterministic, the
conceptual differences highlighted earlier in the paper for individual assets continue
to hold.

Theorem 3 (Diversification of Idiosyncratic Uncertain Timing: Independent Stop-
ping Times). Consider a set of N assets A1, .., An with uncertain timing which have
payoffs (ci, ai)i∈{1,2,..,n} and associated stopping times τ1, .., τn. Each asset Ai has
purely idiosyncratic risk. The stopping times are assumed to be independent of each
other. In addition, the limits c̄ := limn→∞

1
n

∑n
i=1 ci and ā(t′) := limn→∞

1
n

∑n
i=1 ai Pt(τi =

t′) are assumed to be well-defined.
Define the equally weighted portfolio P (n) as

P
(n)
t′ :=

1

n

n∑
i=1

A
(i)
t′ =

1

n

n∑
i=1

ci︸ ︷︷ ︸
baseline

+
1

n

n∑
i=1

ai 1{τi=t′}︸ ︷︷ ︸
timing shock at t′

.

Then:

(a) The payoff stream becomes deterministic in the limit.

(b) For any SDF {M0→t}t∈T , the price of the portfolio P
(n)
t′ is equivalent to the price

of an appropriately selected portfolio of zero-coupon bonds.

(c) The higher order moments of the dispersion across time, although now deter-
ministic, affect valuation.

Perfect Smoothing. We now study what happens with perfectly negatively corre-
lated stopping times, so that payments are deterministic and smooth. For example,
suppose that asset A1 pays out $1 at time 1 and at time 3 with 50% probability each,
and asset A2 does the same but is perfectly negatively correlated with asset A1. Then
holding a portfolio of 1/2 A1 and 1/2 A2 gives a payoff of $0.5 at time 1 and $0.5
at time 3 deterministically: a synthetic risk-free asset. Does this perfect negative
correlation change the time vs. outcomes results of the earlier theorems?

It turns out that time and outcomes continue to differ. Whereas for outcomes, a
synthetic risk-free asset created by combining two assets with identical payoffs and
perfect negative correlation, is valued identically to the deterministic asset that pays
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the expected payoff, in the time dimension this is no longer the case. That is, the
valuation of synthetic risk-free assets can differ from the valuation of a true risk-free
asset paying at the expected stopping time.

Similarly, as in Theorem 3, the higher order moments of the temporal dispersion
continue to affect valuation for time although higher order moments do not matter
for diversified outcomes.

Theorem 4 proves the general case. Its statement is more general than perfect
negative correlation: it says, instead, suppose there is a way to combine assets with
uncertain timing to achieve identical and deterministically predictable payoffs at each
date. Perfect negative correlation is one way to achieve this; there may be others.
Even so, the above more nuanced time vs. outcomes differences continue to hold.

Theorem 4 (Diversification of Assets with Uncertain Timing: Smoothing Shocks).
Let A1, . . . , An be assets with uncertain timing with purely idiosyncratic risk, where
asset i pays ci at all times plus an additional ai at a random stopping time τi. Assume
further that each τi has the same marginal distribution.

Suppose there exists a portfolio with weights p = (p1, . . . , pn) such that the portfolio
deterministically pays amount c at all times plus an additional s at each shock time
in S.

Then:

(a) The price of the portfolio is equivalent to the price of a portfolio of suitably
chosen zero-coupon bonds.

(b) The temporal dispersion of the shock times affects valuation.

(c) The portfolio value can be higher, lower, or equal to its certain time equivalent,
e.g. a payment of the same total amount at time E[τ1] (plus the baseline c at
all times).

(d) If the portfolio value exceeds (resp. is below) the certain-time equivalent when
the shock amount s > 0, it must be below (resp. exceed) it when s < 0.

Remark 3 (Contrast with Outcomes). Combining perfectly negatively correlated as-
sets which have uncertain outcomes and pay at the same date t creates a risk-free
asset. In particular, if A1 and A2 are assets with uncertain outcomes, and they have
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identical cumulative distribution functions but are perfectly negatively correlated, hold-
ing a portfolio with equal portfolio weights on each of them creates a risk-free asset
whose valuation is identical to the asset that deterministically pays E[A1] at time t.

By contrast, Theorem 4 shows that even when aggregate timing is made determin-
istic, for example via perfect negative correlation, the present value generally differs
from paying the same total amount once at the average time. The wedge is a curvature
effect of the SDF, not a risk premium.

In addition, the asymmetry implication of Corollary 1 remains, even though there
is no uncertainty: if the wedge is positive (resp. negative) for positive shocks (s > 0),
the wedge must be negative (resp. positive) for negative shocks (s < 0).

2.3 How is Timing Risk Priced?

2.3.1 Timing Risk and the Risk-Free Term Structure

So far, we have shown how timing risk differs from outcome risk. A natural question is
what characterizes the pricing of uncertain timing, given these conceptual differences
from uncertain outcomes.

I show in Theorem 5 that it is possible to completely characterize the price of an
asset with uncertain timing for any SDF. The theorem proves that the price of an
asset with uncertain timing is exactly equal to the price of a portfolio of zero-coupon
bonds with portfolio weights equal to the asset’s stopping time probabilities.

The theorem indicates a tight linkage between bond pricing results and timing risk.
For example, by leveraging this result, known results for the pricing of bonds can be
directly applied to price assets with uncertain timing which have purely idiosyncratic
risk.

Theorem 5 (Risk-Free Term Structure Characterization). Consider an asset X with
pure uncertain timing, associated stopping time τ , parameters (c, a), and purely id-
iosyncratic risk from time t. Define:

• ZCBt′ = a zero coupon bond paying $1 at time t′ and $0 otherwise

• Portfolioτ =
∑

t′≥t Pt(τ = t′) · ZCBt′
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Then:

Pricet(X) = c ·
∑
t′≥t

Pricet(ZCBt′) + a · Pricet(Portfolioτ )

The intuition behind Theorem 5 is as follows. When writing out the price of
an asset with uncertain timing which has purely idiosyncratic risk, the covariance
between the SDF and the asset vanishes by virtue of the risk being idiosyncratic.
What is left is a weighted sum over the expected value of the SDF at each point in
time, where the weightage on the time is exactly the stopping time probability.

The crucial observation is that probabilities, like portfolio weights, sum to unity.
This parallel admits a natural relabeling under which the pricing equation reduces
to that of a portfolio of suitably chosen zero-coupon bonds. Figure 1 illustrates the
intuition behind this equivalence.

2.3.2 Systematic Timing Risk

Many real-world assets have both uncertain timing and uncertain outcomes. For such
assets, this section introduces a novel decomposition of systematic risk into systematic
outcome risk and systematic timing risk.

These two components, formalized in Theorem 6 and Corollary 2, can be intu-
itively described as follows. Systematic outcome risk is what is typically thought of
when discussing systematic risk (Berk and DeMarzo, 2011): conditional on the asset’s
stopping time being hit at time t, the covariance of the level of the SDF with the
level of the asset payout. Systematic timing risk measures whether the asset is more
likely to pay out at times when the SDF is higher or lower.

Systematic timing risk is computed at each date t by first computing the number
of times at which the asset’s stopping time takes on a non-zero probability; call this
number N . Then create N mega-states: one for each time that the stopping time
can take on with non-zero probability. Compute the conditional SDF in each of these
mega-states. Compute the conditional asset payoff in each of these mega-states, then
set the conditional amount to zero in all states except the one in which the asset
pays out at time t. The probability-weighted covariance of these two series – the
conditional SDFs against the conditional shock payoffs – is systematic timing risk.
Intuitively, it measures whether, in the cases where the asset actually pays at t, the
expected conditional discount factor at t tends to be higher or lower than its average
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across all possible paying dates.
The proof intuition of Theorem 6 is a direct application of the law of total covari-

ance. One appealing property of this decomposition is that, unlike typical decompo-
sitions used in the literature, which rely on a first-order Taylor approximation (Giglio
et al., 2016), the decomposition shown here is complete.

Theorem 6 (Time-t Systematic Risk Decomposition). Consider an asset with un-
certain timing and outcomes as in Definition 6. At each time t, the systematic risk
decomposes as:

Cov(M0→t, Xt) = P (τ = t) · Cov(M0→t, Y | τ = t)︸ ︷︷ ︸
Systematic Outcome Risk at t

+Cov
(
E[M0→t | τ ],1{t=τ} · E[Y | τ ]

)︸ ︷︷ ︸
Systematic Timing Risk at t

Corollary 2 (Overall Systematic Risk Decomposition). Let the asset pay the shock
Y at the (random) date τ . Then

Cov

(∑
t

1{τ=t}M0→t, Y

)
=
∑
t

P(τ = t) · Cov(M0→t, Y | τ = t)︸ ︷︷ ︸
Total systematic outcome risk

+ Cov

(
E

[∑
t

1{τ=t}M0→t

∣∣∣∣ τ
]
,E[Y | τ ]

)
︸ ︷︷ ︸

Total systematic timing risk

,

where the first term exactly corresponds to the sum of similar terms in Theorem 6
and the second term is a probability weighted covariance over two random variables,
where the probability weights are given by the stopping time τ ’s probabilities.

Remark 4 (Special Cases of the Systematic Risk Decomposition). Two special cases
of the systematic risk decomposition are:

1. Pure systematic timing risk. If Y = a (constant), then for every t, Cov(M0→t, Y |
τ = t) = Cov(M0→t, a | τ = t) = 0, so the outcome component vanishes and all
systematic risk is timing risk.

2. Pure systematic outcome risk. If P(τ = t∗) = 1 (deterministic timing), then the
timing term Cov

(
E[M0→t | τ ], 1{τ=t}E[Y | τ ]

)
is zero, and only Cov(M0→t∗ , Y |

τ = t∗) = Cov(M0→t∗ , Y ) remains.
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Example 2 (Numerical Example: Systematic Risk Decomposition). Let Ω = {GG,GB,BG,BB},
T = {1, 2}, and P be as in the table below. Consider an asset with baseline c = 2,
stopping time τ , and shock Y , with payoff

Xt(ω) = c+ 1{t=τ(ω)}Y (ω), t ∈ {1, 2},

and stochastic discount factors Mt(ω) = M0→t(ω).

State ω P (ω) τ(ω) Y (ω) c X1(ω) X2(ω) M1(ω) M2(ω)

GG 0.30 1 13.0 2.0 15.0 2.0 0.90 0.85
GB 0.30 1 5.0 2.0 7.0 2.0 0.94 0.91
BG 0.25 2 2.0 2.0 2.0 4.0 0.96 0.93
BB 0.15 2 0.0 2.0 2.0 2.0 0.97 0.95

We compute the time-1 systematic risk decomposition.
For systematic outcome risk, we calculate the covariance of the SDF with the

shock, conditional on paying at time 1. Since P (GG | τ = 1) = P (GB | τ = 1) = 0.5:

E[M1 | τ = 1] = 0.92, E[Y | τ = 1] = 9.0,

Cov(M1, Y | τ = 1) =
(
0.90 · 13 · 0.5 + 0.94 · 5 · 0.5

)
− 0.92 · 9 = −0.08.

Thus systematic outcome risk at t = 1 is P (τ = 1)Cov(M1, Y | τ = 1) = 0.6(−0.08) =

−0.048.
For systematic timing risk, partition states by τ . The conditional means are:

E[M1 | τ = 1] = 0.92, E[M1 | τ = 2] = 0.96375, E[Y | τ = 1] = 9.0, E[Y | τ = 2] = 1.25.

Since the shock has not arrived at time 1 in τ = 2 states, these contribute zero to X1:

Cov
(
E[M1 | τ ], 1{τ=1}E[Y | τ ]

)
= 4.968− 0.9375 · 5.4 = −0.0945.

Total systematic risk at time 1 is Cov(M1, X1) = (−0.048) + (−0.0945) = −0.1425.

2.3.3 Market-Clearing Prices

For financial products such as options, corporate bonds, and debt, one side often has
time flexibility of payment while the other side holds the uncertain timing. How does
being long uncertain timing versus short uncertain timing clear in equilibrium?
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In these cases, the distribution of uncertain timing may arise probabilistically
from an optimization problem on the side that has timing flexibility. But given that
induced distribution, the value of flexibility to the long side must in equilibrium equal
the cost of timing risk to the short side. If the long side has the flexibility to exercise
at times when the SDF is systematically higher or lower (Theorem 6), then they must
pay for that.

If the long side is using that flexibility idiosyncratically – for example due to
idiosyncratic liquidity shocks or constraints – one of the takeaways of this paper’s
results is that such idiosyncracies do not zero out in their effect on price. Instead,
the value of idiosyncratic timing risk co-varies with the risk-free term structure.

3 Empirical Illustration in Market Prices

In a cash-settled option with contractual strike price K, if the long side chooses to
exercise, they receive S − K dollars, where S is the value of the underlying. In
European options, the long side can exercise only at the expiry of the option. In
American options, the long side can exercise at any time up to and including expiry.
As a result, there is an uncertain timing inherent in American options – timing
flexibility for the long side, timing risk for the short side, which must be priced
identically in equilibrium – which is not present in European options.

The ideal test, as a laboratory, for the pricing of uncertain timing, is therefore to
compare otherwise identical American and European options, observe the amount of
timing risk in the American option, and check whether this timing risk affects price
as per the theoretical predictions of the paper.

I seek to implement this ideal illustration as closely as possible. While most
assets have only one option type associated with them, the Chicago Board Options
Exchange (CBOE), one of the world’s largest options exchanges, offers both American
and European options on the S&P 100, which are identical on all contractual terms
including multiplier, settlement details, strike price intervals, and platform rules; in
their filing with the Securities and Exchange commission, CBOE explicitly says that
the contracts are identical except for one being American and one being European
(Securities and Exchange Commission, 2007; CBOE, 2024b,c).1 I impute the realized

1There also exist both American and European options on the S&P 500; in particular, American-
style contracts on SPDR and European-style contracts on the S&P 500 index. However, these differ
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timing risk for the American option, and directly apply the theory of the paper to
illustrate its findings in market prices.

3.1 Data

For best precision, I obtain data directly from CBOE, the exchange that offers the
American (OEX) and European (XEO) contracts. I use the last quote within normal
trading hours. The CBOE data is available starting in 2012. I therefore use data
from January 2012 - December 2019.2

To focus cleanly on the theoretical predictions of this paper only, rather than
derivatives pricing theory, I select a setting where standard pricing theory would
predict no price difference between the American and European, but Theorems 1-
6 would allow for a pricing of uncertain timing, even if idiosyncratic. I therefore
focus only on call options without dividends in their lifetime; textbook derivatives
pricing theory predicts no price difference between the American and European for
these options (Merton, 1973). To the extent that early exercise has been found in
such options, it has been dismissed as idiosyncratic or suboptimal (Poteshman and
Serbin, 2003). The theory of this paper says that, even so, such timing risk should
affect prices; and more generally, the components of an early exercise premium can be
decomposed into outcome and timing risk, and the timing risk components interpreted
and predicted. The theory thus provides a risk-based interpretation of deviations from
standard theory.

Data on dividends paid by companies in the S&P 100, and end-of-day S&P 100
levels, comes from Compustat. As explained above, for as clean an illustration of the
theory as possible, I consider only options in whose lifetime none of the 100 companies

in at least three ways that OEX and XEO do not. First, the most liquid of the S&P 500 options,
SPY and SPX, have different contract sizes. In contrast, OEX and XEO have the same contract
size. Second, all S&P 500 index options have different CBOE trading fees than SPY, meaning that
even after matching on contract size, one would not be able to differentiate fees from pricing premia
(CBOE, 2024a). This is because it is not possible to see participant identity in the data, and the
fees differ by participant type. In contrast, OEX and XEO have the same CBOE trading fees for all
participants. Third, SPY versus SPX (and other S&P 500 index options) settle 15 minutes apart;
that difference in settlement time can contribute to what is known as a wildcard premium (Fleming
and Whaley, 1994), further affecting pricing. In contrast, OEX and XEO have the same settlement
time.

2The S&P 100 option contracts OEX and XEO also have the most traded volume in this period;
volume drops starting in 2020, perhaps due to the popularity of other index options such as the S&P
500.
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in the S&P 100 has dividend-relevant date. This reduces the sample substantially
and makes most options short dated (no more than seven days to expiry), but makes
for a clean test; given the size of the dataset, the cleaning still yields over 4,000
observations. To focus only on options in which timing risk may reasonably play a
role, I remove any options quotes which expire on the same day as the quote (there is
no timing risk in such options because all exercise occurs on the expiry day). Following
standard data cleaning procedure for options data (Dew-Becker and Giglio, 2023), I
drop any quotes with a bid less than 0 or where the bid-ask spread is negative.
Summary statistics for the cleaned data are reported in Appendix B.1. The notional
value (strike × multiplier × open interest) of all options in the final cleaned dataset
is $16 billion.

3.2 Empirical Early Exercise

To impute early exercise from the data, I use the change in open interest less the total
traded volume for each day, clipped below by zero. The reason that this is a proxy
for early exercise is as follows. When an option is exercised early, the volume traded
does not change, but open interest decrements by one. As a result, (−∆OI) − V

changes by 1 when early exercise occurs. Formally, open interest denotes the number
of derivatives contracts outstanding. A change in open interest occurs only due to
early exercise, to an existing derivatives contract being closed, or to a new derivatives
contract being opened. Formally, ∆OI = O−C−EE (ETrade from Morgan Stanley,
2021). As a result, (−∆OI) = EE + C − O. Volume, in turn increases with either
an open or a close, but does not change with early exercise: V = O + C. Together,
(−∆OI) − V = EE + C − O − C − O = EE − 2O ≤ EE, so that the measure
max((−∆OI)− V, 0) is a lower bound on the amount of early exercise that occurs.

To sanity check the measure, I implement it for both American and European
options. For the European options, we expect the measure to be exactly zero for
all contracts because early exercise is not allowed. Zero is indeed what the imple-
mentation on the European options (XEO) empirically produces, indicating that the
measure is not contaminated by other data artifacts.

This lower bound is a precise estimate of early exercise when volume is equal to
zero. This is because volume V = O+C, the number of openings plus the number of
closings, which in turn must always be weakly positive. When volume is exactly zero,

26



the number of openings O is therefore equal to zero, and so (−∆OI)−V = EE−2O =

EE. In the options data, after all other data cleaning measures are implemented (e.g.,
no dividends in the lifetime of the option; non-zero bids; and asks at least as large
as bids), 74% of the time when the early exercise lower bound max((−∆OI)− V, 0)

is strictly positive, total volume for that contract that day is zero, indicating a point
estimation of early exercise. For the remaining 26% of cases where American volume
is positive, I use European volume and open interest for the identical contract to back
out a precise fraction of open and closes in the European counterpart, and apply this
fraction to the imputation (formally, −(∆OIEuropean)−VEuropean = −2OEuropean; then
impute Early ExerciseAmerican = (−∆OIAmerican) − VAmerican + 2OEuropean whenever
VAmerican > 0). In the remaining minority of cases where American volume is nonzero
and European volume is zero, I assume that opens equal closes (50% each).3 This
is similar to the 45% close fraction observed empirically in the European volume
data for this sample. As a sanity check, running the entire procedure (both the
precise bound and the later imputation) on European options correctly gives zero
early exercise everywhere. Given the high degree of precision in this sample, this
is the measure I use as a proxy for empirical early exercise. Using open interest to
obtain an imputation of early exercise has precedent in the finance literature (for
example, Barraclough and Whaley (2012)).

3.2.1 Determinants of Early Exercise

This paper is agnostic as to why early exercise occurs. It says only: given that early
exercise occurs, it must be priced; and a theory of timing vs. outcome risk helps
price it. However, for completeness, I note that in line with prior work that finds
liquidity drivers of early exercise (Figlewski, 2022), 71% of the time, conditional on
empirical early exercise occurring, the bid is less than the option’s intrinsic value.
Such instances violate the frictionless setting of Merton (1973). While this may help
rationalize the source of early exercise, the contribution of the theory is to understand
how American options are priced from a risk-based perspective both on timing and
on options, irrespective of the source of early exercise.

3For robustness, Appendix B.2 reproduces the results using an alternative default open fraction
of 75%. Because these are options, the fraction of opens must always be weakly greater than the
fraction of closes (since a position can expire without being closed). The appendix finds qualitatively
similar results, illustrating Theorem 6 and Corollary 2 and the predictions of Theorem 1.
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3.3 Illustrating the Theory: Pricing Outcome vs. Timing Risk

3.3.1 Testing for Systematic Timing and Systematic Outcome Risk Using
Theorem 6

We first determine whether early exercise constitutes systematic outcome risk, sys-
tematic timing risk, both, or neither, using Theorem 6. The answer is not obvious. On
the one hand, prior work finds that early exercise can be due to person- or institution-
specific factors (Poteshman and Serbin, 2003), which may be idiosyncratic. On the
other hand, other work connects early exercise to liquidity (Figlewski, 2022), which,
if liquidity correlates with intermediary frictions (Krishnamurthy, 2003; Maggiori,
2017), may be systematic. Theorem 6 allows us to answer this question precisely and
to categorize each type of risk.

Following standard practice in empirical asset pricing, assume that the stochastic
discount factor (SDF) process and early-exercise is stationary (or, more generally,
satisfies conditions ensuring a law of large numbers for our panel) (Xu, 2017; Maggiori,
2017). These assumptions justify estimating conditional moments by pooling across
contracts and dates.

Let τi,t denote the exercise stopping time for contract i observed at date t. The
stopping time takes values in {t, t + 1, . . . , Ti}, where Ti is the expiry date, encom-
passing both early exercise (at any date strictly before Ti) and exercise at expiry. For
American options, exercise may occur at any date; for European options, exercise
occurs only at expiry, so τi,t = Ti with probability one.

Define days before expiry u ≡ Ti − τi,t, so that u = 0 corresponds to exercise at
expiry and u > 0 to early exercise u days before expiry. The stopping time distribution
is then characterized by

Wi,t(u) ≡ P
(
τi,t = Ti − u

)
, u = 0, 1, . . . , Ti − t,

with
∑Ti−t

u=0 Wi,t(u) = 1 for each (i, t).

To estimate the systematic risk decomposition from Corollary 2, proceed as fol-
lows.

1. Consideration set. Retain all observations (i, t) for which the contract has not
yet expired and the stopping time distribution can be estimated over the relevant
horizon window u = 0, 1, . . . , H.
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2. SDF realizations. For each retained (i, t) and each u = 0, 1, . . . , H, compute the
realized SDF from t to t + u, denoted Mt,t+u, using the chosen factor model
(e.g., CAPM or Fama–French).

3. Stopping-time probabilities. For each retained (i, t), compute the stopping-time
distribution {Wi,t(u)}Hu=0 and the conditional shares

qi,t(u) ≡
Wi,t(u)∑H
v=0Wi,t(v)

.

4. Mega-states. Each value of u defines a mega-state S(u) =
⋃

i,t{τi,t = Ti − u},
representing the event that exercise occurs u days before expiry.

5. Stopping-time distribution across mega-states. Estimate the probability that ex-
ercise occurs u days before expiry:

P̂ (τ = u) ≡
∑

i,t Wi,t(u)∑
i,t

∑H
v=0Wi,t(v)

.

6. Conditional moments within each mega-state. For each u, estimate the condi-
tional expected SDF and payoff using qi,t(u) as weights:

m̂u ≡
∑

i,t qi,t(u)Mt,t+u∑
i,t qi,t(u)

, Ŷu ≡
∑

i,t qi,t(u)Yi,Ti−u∑
i,t qi,t(u)

,

where Yi,Ti−u is the payoff from exercise at u days before expiry. From the
perspective of the short side, this is Yi,Ti−u = −(STi−u −Ki).

7. Conditional covariance within each mega-state. For each u, estimate

Ĉovu(M,Y ) ≡
∑

i,t qi,t(u)
(
Mt,t+u − m̂u

) (
Yi,Ti−u − Ŷu

)∑
i,t qi,t(u)

.

8. Total systematic outcome risk. The overall outcome-risk contribution is the probability-
weighted sum of within-mega-state covariances:

̂Systematic Outcome Risk ≡
H∑

u=0

P̂ (τ = u) Ĉovu(M,Y ).
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9. Total systematic timing risk. The timing-risk contribution is the covariance across
mega-states between the conditional expected SDF and the conditional expected
payoff:

̂Systematic Timing Risk ≡
H∑

u=0

P̂ (τ = u)
(
m̂u − m̄

) (
Ŷu − Ȳ

)
,

where the probability-weighted means are

m̄ ≡
H∑

u=0

P̂ (τ = u) m̂u, Ȳ ≡
H∑

u=0

P̂ (τ = u) Ŷu.

Because the test is for whether systematic risk is statistically zero, the sign con-
vention (short vs. long side) does not affect inference. Standard errors are computed
via bootstrap with draws taken at the date level.

Table 1 presents the results. Systematic outcome risk is statistically indistinguish-
able from zero regardless of whether the CAPM or Fama-French SDFs is used. Sys-
tematic timing risk is similarly statistically indistinguishable from zero regardless of
whether the CAPM or Fama-French SDF is used. The results formalize the intuition
from the options literature which finds that early exercise empirically is dependent on
liquidity, short sale constraints, or irrationality; and provides quantitative evidence
against the hypothesis of early exercise due to systematic intermediary constraints.

Table 1: Early Exercise Constitutes Idiosyncratic Risk, Both in Outcomes and
Timing: Applying Theorem 6 and Corollary 2

Systematic Outcome Risk Systematic Timing Risk

CAPM SDF 1.01 -1.66
(1.10) (1.42)

Fama-French SDF -0.77 -1.49
(2.32) (1.97)

*p < 0.1, **p < 0.05, ***p < 0.01.

Note: This table computes total systematic outcome risk and systematic timing risk per Theorem 6 and Corollary 2,
using the explicit step-by-step procedure of Section 3.3.1. The SDFs, computed based on a one year rolling basis, are
derived from either the CAPM or the Fama-French three factor model; results are reported for both. Point estimates
and standard errors are computed using 1000 bootstrap iterations where each draw is taken at the date level. Since
both the SDF and the early exercise outcome distribution are computed in levels, the units in the table represent
dollars per contract.

30



3.3.2 Higher Order Timing Moments and Pricing: An Empirical Illus-
tration of Theorem 1

Given that Section 3.3.1 found early exercise to constitute purely idiosyncratic risk
(e.g., systematic timing and outcome risk were not statistically different from zero),
we may apply the theorems for pricing idiosyncratic risk.

Classic pricing theory (Berk and DeMarzo, 2011) says that higher order moments
of idiosyncratic outcome risk should not be priced. On the other hand, Theorem 1
says that higher order moments of timing risk, even when purely idiosyncratic, are
priced. Do these predictions appear in the data?

Since the American and European options are otherwise identical – differing only
in the fact that the American can be exercised early – to compute a price measure,
I use Price(American)i,t − Price(European)i,t, where the price is computed as the
midpoint quote, at the same minute, for the same strike price and expiry of an
American option vs. an otherwise identical European one.

I then compute mean and standard deviation of both timing and outcome risk at
the contract level. For each contract, the realized timing risk moments are simply
the realized mean and standard deviation of the early exercise stopping time proba-
bility distribution. Similarly, the realized outcome mean and standard deviation are
computed as, conditional on early exercise, the average payoff amount and standard
deviation of −(S−K) to the short side (as earlier, I take the perspective of the short
side, though either the perspective of the long or the short side is permissible here;
the test is for statistical significance).

Table 2 regresses the price difference between American and European options on
timing risk mean and standard deviation and outcome risk mean and standard devia-
tion, with and without liquidity controls and time fixed effects. In each specification,
standard errors are clustered by day.

As a sanity check, observe in Table 2 that the textbook result for outcome risk
holds. Higher order moments of outcome risk do not affect price (e.g. outcome
variance is not statistically significant). Mean outcome risk slightly affects price
(p < 0.10 across specifications). Though quite small (the precise estimate is -$0.002
per contract), indicating that outcome risk plays a minimal role in pricing American
vs. European options without dividends, the sign of the coefficient is economically
sensible: the less painful is the early exercise payoff to the short side (equivalently,
the less upside for the long side when exercising early), the lower is the premium for
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the American option.
The predictions made by Theorem 1 are illustrated in Table 2’s regressions. While

higher order outcome moments do not affect price, higher order timing risk moments
do. In particular, both the mean and the variance in the time of early exercise are
statistically significant (p < 0.05) in affecting the price difference between otherwise
identical American and European options.

As early exercise becomes one day earlier, the price difference reduces by $6-$7.67
per contract on average. The negative sign on timing mean is reasonable: an earlier
mean time of early exercise effectively makes the American resemble a European
option with an earlier expiration date. Since an early expiration kills option value,
it makes sense that, all else equal, sooner early exercise reduces the premium of the
American relative to the European.

Timing standard deviation also affects the American-European price difference
in a statistically significant way, consistent with Theorem 1. To interpret the sign
of its coefficient, per Theorem 2, we need to know whether the shock is positive or
negative. Table 2 therefore considers timing standard deviation for options where all
early exercise payoffs to the short side are negative, separately from timing standard
deviation for option contracts where all early exercise payoffs to the short side are
positive. Per Theorem 2 and Remark 2, since these are short-dated options, the term
structure is locally flat. Therefore, the compensation for uncertain timing should
increase in timing standard deviation when the shock to the short side is negative
(equivalently, when the shock to the long side is positive). Intuitively, in this case,
the long side is paying for timing flexibility and the short side is being compensated
for timing risk. The coefficients on timing standard deviation for this shock case
(negative shocks only to the short side) are indeed positive: a one percent increase in
timing standard deviation increases the American-European price difference by $0.19
on average (p < 0.05, both with and without moneyness and liquidity controls).

In the case where all shocks to the short side are positive – e.g. the long side
is exercising early and losing money – the same theorem and remark predict that
more timing uncertainty should reduce the value of uncertain timing. There are
only a handful of these cases in the data, which makes sense because one would not
typically expect the long side to exercise for a negative payoff, and so the test is not
sufficiently powered to detect significance. Nevertheless, the sign goes in the direction
predicted by the theory: it is always negative across specifications.
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Finally, in addition to illustrating and validating Theorem 1, the coefficients of Ta-
ble 2 indicate that uncertainty in the time of early exercise is about half as meaningful
to the market as its expectation when the time of early exercise is quite uncertain.
For example, the conditional average empirical timing standard deviation, conditional
on its being greater than zero, is 27 percentage points; indicating that timing stan-
dard deviation alone would predict an approximately $5.13 more expensive American
than European option for the average contract which has a timing distribution. In
comparison, the average empirical timing mean, conditional on its being greater than
zero, is being exercised 1.6 days early: indicating an average contribution to the
American-European price difference of $9.60-$12.27.

3.3.3 Risk-Free Term Structure and Pricing: An Empirical Illustration
of Theorem 5

Thus far, we have used Theorem 6 to show that early exercise constitutes purely
idiosyncratic risk in both outcomes and timing; given that it is idiosyncratic, we
applied Theorem 1 to illustrate the pricing of higher order moments for time but not
for outcomes, and used Theorem 2 to interpret the coefficient signs .

We now illustrate the predictions of Theorem 5, which says that for purely id-
iosyncratic timing risk, there should be a relationship between the valuation of such
risk and the short rate. A simple test regresses the American-European contract level
price difference against the log short rate (Table 3). The theory predicts a positive co-
efficient for the log short rate. Intuitively, when early exercise occurs, from Theorem
5, the price difference between an American and European is equivalent to a portfo-
lio of shorter zero-coupon bonds less a portfolio of longer zero-coupon bonds. Since
longer-dated ZCBs are more sensitive to interest rates (Berk and DeMarzo, 2011),
when the interest rate goes up, the value of the longer-dated ZCB portfolio falls by
more than the value of the shorter-dated ZCB portfolio; as a result, the American-
European price difference should increase as interest rates increase. Table 3 bears out
this prediction: an increase of one in the log short rate when the American contract
features empirical early exercise, increases the American-European price difference by
$4.15 - $4.69 on average (p < 0.01 in all specifications). The short rate here is taken
to be the three-month treasury; Appendix B.3 re-computes all tables in this section
with the one month treasury rate instead and finds close to identical results.

We now try for an even more direct illustration of the theorem by computing the
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Table 2: Theorem 1 Empirical Illustration: Higher Order Moments of Time Affect
Price for Purely Idiosyncratic Risk

(1) (2) (3)

Timing Risk Mean -7.67** -6.24** -6.00**
(1.90) (2.93) (2.95)

Timing Risk Standard Deviation × 1{All Negative Shocks} 0.19** 0.19** 0.18**
(0.08) (0.08) (0.08)

Timing Risk Standard Deviation × 1{All Positive Shocks} -0.09 -0.09 -0.09
(0.09) (0.09) (0.09)

Outcome Risk Mean -0.00* -0.00* -0.00*
(0.00) (0.00) (0.00)

Outcome Risk Standard Deviation -0.02 -0.02 -0.02
(0.02) (0.02) (0.02)

Moneyness Controls N Y Y
Liquidity Controls N N Y
R2 0.02 0.02 0.04
N 4181 4181 4181

*p < 0.1, **p < 0.05, ***p < 0.01

Note: Standard errors, in parentheses, are clustered at the date level. The dependent variable is the midpoint quote of
an American option minus the midpoint quote of a European option observed at the same time, with the same strike
price, underlying, and all other contract specifications, as described in Section 3.1. This midpoint difference is multi-
plied by 100 to convert from index points to dollar units. The early exercise timing distribution for each contract is
imputed as described in Section 3.2. The timing risk mean is calculated as follows. We first calculate the average num-
ber of days to early exercise conditional on early exercise occurring. We then compute the timing risk mean as the dif-
ference between the number of days to expiry and this calculation: 1{early exercise occurs with positive probability}
(days to expiry - avg. days to early exercise conditional on early exercise occurring. Therefore, a zero indicates no
difference in days to expiry and average days to early exercise, while the more positive timing mean gets, the earlier
that early exercise (conditional on its occurring) happens on average. The timing risk standard deviation is the
standard deviation of the number of trading days until early exercise, conditional on early exercise. The indicator for
all negative shocks takes on a value of 1 if, for the contract, at all days where the American contract is exercised with
positive probability, the payoff to the short side on that day of early exercise is negative (e.g. if the strike price of the
option is lower than the value of the underlying). The indicator for all positive shocks takes on a value of 1 if, for the
contract, at all days where the American contract is exercised with positive probability, the payoff to the short side on
that day of early exercise is positive (e.g. if the strike price of the option is higher than the value of the underlying).
Timing standard deviation is interacted with each of these indicators to study the sign predictions of Theorem 2.
The outcome risk mean is the realized average dollar payoff to the short side conditional on early exercise, formed
as a weighted average across possible early exercise days using the imputed exercise-timing weights. The outcome
risk standard deviation is formed analogously: it is the empirical standard deviation of the dollar payoff to the short
side conditional on early exercise. All regressions include a control for days to expiry and an indicator for whether a
timing distribution (e.g at least two dates with early exercise mass) exists for the contract at hand. The moneyness
control is the amount of dollars the option is in the money. The liquidity control is percentage difference in bid-ask
spreads between the two contracts: the bid-ask spread (in dollars) of the American, minus the bid-ask spread of the
European, all over the bid ask spread of the American.

realized zero-coupon bond equivalent given by realized early exercise. In particular,
the value of an American when early exercise occurs, relative to if early exercise did
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Table 3: Theorem 5: Short Rates and The Value of Timing Risk
(1) (2) (3)

Log Short Rate × 1 {P(early exercise) > 0} 4.69*** 4.24*** 4.15***
(1.18) (1.34) (1.34)

Moneyness Controls N Y Y
Liquidity Controls N N Y
R2 0.02 0.02 0.04
N 4181 4181 4181

*p < 0.1, **p < 0.05, ***p < 0.01

Note: Standard errors, in parentheses, are clustered at the date level. The dependent variable is the midpoint quote
of an American option minus the midpoint quote of a European option observed at the same time, with the same
strike price, underlying, and all other contract specifications, as described in Section 3.1. This midpoint difference
is multiplied by 100 to convert from index points to dollar units. The log short rate is the log of the daily analog
of the annualized three-month treasury rate, multiplied by an indicator for whether the American contract features
empirical early exercise. All regressions include a control for days to expiry and a control for the probability of
early exercise. The moneyness control is the amount of dollars the option is in the money. The liquidity control is
percentage difference in bid-ask spreads between the two contracts: the bid-ask spread (in dollars) of the American,
minus the bid-ask spread of the European, all over the bid ask spread of the American.

not occur, in ZCB terms is

VAmerican = E[1{ee}(
Ti−1∑
t′=t

1

(1 + yt→t′)t
′−t

1{ee at t′|ee}(−(St′ −K)))

+ 1{no ee} 1

(1 + yt→Ti
)Ti−t

min((−(STi
−K), 0)],

where ee denotes early exercise occurring, and Ti denotes the expiry time of the
option. Since the value of the European in ZCB terms is

VEuropean = E[
1

(1 + yt→Ti
)Ti−t

min((−(STi
−K), 0)],

I compute the VAmerican − VEuropean object from the empirical early exercise data
and short rates.

There is one subtlety. Theorem 5 says that the price of uncertain timing should
equal the expected value of the zero coupon bond portfolio equivalent. However, we
have only the realized value. In general, the expectation need not be the same as
the realization. As a first pass, I regresses the American-European price difference on
realized ZCB portfolio equivalents. The coefficient is in the direction expected: for
an increase in $1 of present-value realized loss to the short side, the price difference
increases by $0.01 on average. However, the magnitude is less than the one-for-
one relationship between expected present value and price that the theorem would
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predict. A possible culprit is realization versus expectation; for example, on other
dimensions of risk, options are known to be much less sensitive to realizations than
to expectations (Dew-Becker and Giglio, 2024).

To proxy for expectations, Table 4 splits the sample into an 60% train set (1/1/2012
to 3/15/2017) and a 40% test set (3/16/2017 to 12/31/2019). In the training set, the
realized ZCB values are regressed on time-t observable characteristics: the moneyness
of the option, the short rate, and the number of days to expiry. Using the coefficients
from this regression, I then compute expected ZCB values in the test set using only
contemporaneously observable variables, so as to avoid look ahead bias. Formally the
regression in the training set is:

ZCB
(realized)
i,t = α + β contemporaneousi,t + ϵi,t. ∀(i, t) ∈ Train Set,

where contemporaneousi,t includes the short rate, the moneyness ratio (underly-
ing/strike) times an indicator for being in the money, the moneyness ratio times
an indicator for being out of the money, an indicator for being in the money, and
dummies for the number of days to expiry.

A proxy for the expected zero-coupon bond portfolio in the test set is then con-
structed using the above estimated coefficients:

ˆZCB
(expectation)

i,t = α + β contemporaneousi,t. ∀(i, t) ∈ Test Set

And the regressions in Table 4 are of the form:

Price(American)i,t−Price(European)i,t = α+γ ˆZCB
(expectation)

i,t +ηX+ϵi,r ∀(i, t) ∈ Test Set

where X are controls for liquidity and moneyness. To ensure that standard errors
reflect the uncertainty inherent in the training set, I bootstrap the procedure, drawing
with replacement (but keeping the temporal split fixed) for the train and test sets, and
compute the standard errors over 1000 bootstrap iterations. To allow for correlations
within a given day, I draw at the date rather than contract level (using dates before
the temporal split for the bootstrapped train set; and after the temporal split for the
bootstrapped test set).

Running this regression in the test set yields statistically significant coefficients
on expected ZCB portfolio equivalents of approximately -0.7, both with and without
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liquidity and moneyness controls (p < 0.1 in all specifications). These are statistically
indistinguishable from -1 all specifications, including after controlling for liquidity and
moneyness separately from the expectation proxy; consistent with the one-for-one
prediction of the theorem.4 In addition, this single, theoretically-derived proxy alone
accounts for 9% of out-of-sample variation; controls for liquidity and moneyness add
only an additional 3 percentage points.

Table 4: Out-of-Sample Expected ZCB-Portfolio-Equivalent Coefficients
(1) (2) (3)

Expected ZCB-Portfolio Equivalent -0.71** -0.72** -0.71**
(0.36) (0.37) (0.37)

Moneyness Controls N Y Y
Liquidity Controls N N Y
R2 0.09 0.11 0.12
N 1673 1673 1673

*p < 0.1, **p < 0.05, ***p < 0.01.

Note: Standard errors, in parentheses, are computed via 1000 bootstrap iterations, with draws taken at the date level.
The dependent variable is the midpoint quote of an American option minus the midpoint quote of a European option
observed at the same time, with the same strike price, underlying, and all other contract specifications, as described
in Section 3.1. This midpoint difference is multiplied by 100 to convert from index points to dollars per contract. The
full sample is split into 60% train and 40% test, by dates: the train sample contains all data until 3/15/2017 and the
test sample is all data after that. Within the train sample, the realized ZCB portfolio equivalent difference between
the American and European is regressed on short rate, the moneyness ratio (underlying/strike) times an indicator
for being in the money, the moneyness ratio times an indicator for being out of the money, an indicator for being
in the money, and dummies for the number of days to expiry. The coefficients on these variables obtained from this
regression in the training set are used to construct contemporaneous expectations for the zero-coupon-bond portfolio
equivalent in the training set. This contemporaneous expectation is the main regressor. The moneyness control is the
amount of dollars the option is in the money. The liquidity control is percentage difference in bid-ask spreads between
the two contracts: the bid-ask spread (in dollars) of the American, minus the bid-ask spread of the European, all over
the bid ask spread of the American. The reported R2 is the out-of-sample R2 on the entire test set.

4 Potential Applications Across Finance

Understanding the components risk and its pricing has application across financial
and economic settings. Below is a non-exhaustive set of economic settings in which
understanding the price of timing risk may be relevant.

Corporate Decisions. Companies often have uncertainty not only over the mag-
nitude of cash flows on an uncertain project, but also when they will occur. One
puzzle in the corporate literature is that companies appear to use hurdle rates that

4Note that rather than expecting a coefficient of 1 in the table, we expect a -1 because the more
negative the regressor (the expected-ZCB-equivalent), the greater the expected loss to the short side.
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are higher than their weighted average cost of capital (Graham, 2022). It may be
worth exploring whether part of this difference arises from variability in timing risk
across projects and companies.

Bond Spreads. Callable and convertible bonds are subject to uncertain timing.
Pricing models for these bonds typically conceptualize them as a standard bond plus
an option (Berk and DeMarzo, 2011). Just as, in Section 3, options prices including
a pricing of timing risk (Section 3), corporate bond spreads may differ as well.

Labor Search. Once unemployed, the time until finding employment is uncertain,
in addition to the wage once employed. Canonical search and matching models in
labor employ outcome uncertainty but on the time dimension, only consider the
expected time rather than taking the full distribution of timing risk into account
(Mortensen and Pissarides, 1994). The results in this paper suggest that the full
distribution of timing risk may affect optimal search and valuation of unemployment.

Mortgages. In mortgages, prepayment risk is at heart uncertainty over the time at
which the mortgage will be paid back. In the literature, prepayment is often predicted
using interest rate factors, but part of the pricing of MBS appears to reflect something
beyond interest rates (Scharfstein and Sundaram, 2016; Chen et al., 2020). It may be
interesting to explore idiosyncratic risk at the aggregate level in MBS and the extent
to which this is priced.

Legal Risk. Work in law and economics has considered the impact of outcome
uncertainty (Malmendier, 2009) on market entry and regulation. In practice, legal
trials can be lengthy and have uncertain duration; it may be interesting to consider
how timing risk affects market outcomes and therefore optimal regulation.

Climate Disasters. Both the impact as well as the timing of climate disasters are
uncertain. It may be helpful to understand the timing component of climate risk as
distinct from the outcome component. For example, climate policy shocks can have
both timing and outcome components.

Private Equity. The time of capital call for private equity is uncertain, as studied
through an additive utility model in Gourier et al. (2024); however, this approach
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embeds strong directional assumptions. It may be interesting to study valuation of
uncertain timing in private equity in a more general and model-free way.

Policy Decisions. A number of policy decisions involve uncertainty both over
the outcome and over the timeline of implementation. For example, infrastructure
projects include both types of uncertainty. A pricing of uncertain timing may there-
fore be relevant in policy contexts.

Safe Assets. Safe assets are typically thought to be so because of their lack of
outcome risk (Krishnamurthy, 2010). Timing risk may also play a role in the definition
and pricing of safe assets.

5 Conclusion

Using only a no-arbitrage assumption, I showed that the valuation of timing risk and
outcome risk conceptually differ. For example, higher order moments of timing risk
affect prices, while higher order moments of outcome risk do not; and any SDF that
prices all assets must feature a sign-based asymmetry for timing risk that need not
be present for outcome risk. I characterized the pricing of both idiosyncratic and
systematic timing risk, including formalizing the systematic timing vs. outcome risk
in any asset or economic setting. Using market data from options as a relatively clean
laboratory illustrated the findings of several theorems. The conceptual or empirical
application of the theory developed here may be interesting to study across economic
settings.
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