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Abstract

I show that timing risk updates the foundational valuation elements of risk-
adjusted discount rates, capital budgeting, and scenario analysis, and more
generally differs conceptually from outcome risk for valuation. Risk-adjusted
discount rates move with idiosyncratic timing risk and tend to rise even when
timing risk raises value, creating a wedge relative to systematic-risk-based es-
timates. Capital budgeting techniques that are theoretically suboptimal for
outcome risk satisfy desirable properties under timing risk. Simplified scenario
analysis approaches work better for outcome than timing risk. Despite these
theoretical differences, real-world valuation treats timing similarly to outcomes,
suggesting a theory-practice gap for valuation of timing risk.

∗Email: indira.puri@stern.nyu.edu. I am grateful to numerous seminar and conference partic-
ipants for valuable comments. I am grateful to the Glucksman Institute for awarding this paper
the Yuki Arai Prize. I am grateful to the FMA Napa Conference and LBS Summer Symposium for
awarding this paper each conference’s Best Paper Prize. This paper supersedes earlier versions with
variants of the title Certain vs. Uncertain Timing.

1



1 Introduction

Consider receiving money in 1 day. Which is valued higher: $5 with 50% probability
and $10 with 50% probability, or $7.50 for sure? The immediate answer from baseline
valuation is $7.50 for sure.

Now flip dollars and days and ask the same question. Consider receiving $1 for
sure. Now which is valued higher: receiving that $1 in 5 days with 50% probability
and in 10 days with 50% probability, or in 7.5 days for sure?

The first question is about outcome risk: how much will be paid. The second is
about timing risk: when the payment will arrive.

This paper studies the pricing and valuation of timing risk. Both timing and
outcomes can be represented by Arrow-Debreu states. But I show that timing risk
updates standard results and pedagogy, relative to outcome risk, for foundational cor-
porate valuation elements and no-arbitrage pricing. Yet, real-world valuation treats
time as more similar to outcomes than these general conceptual differences would
suggest.

First, risk-adjusted discount rates are typically thought to reflect only systematic
risk (Myers and Turnbull, 1977). This statement is true for outcome risk; however
with timing, idiosyncratic risk also moves the risk-adjusted discount rate (Proposition
1). Calibrations find that for a project with an expected time to completion of 5 years
and a timing standard deviation of 3 years, idiosyncratic timing risk changes the risk-
adjusted discount rate by 5% for empirical moderately upward sloping yield curves;
1.4% for nearly flat yield curves; and 72 basis points for downward sloping yield
curves.

In addition, timing risk and outcome risk move the risk-adjusted discount rate in
different ways (Proposition 2). With outcome risk, a higher present value leads to
a lower risk-adjusted discount rate. With timing, I prove that it is possible to have
higher present value and higher risk-adjusted discount rates – unlike for outcomes
– while lower present value always leads to higher risk-adjusted discount rates. As
a result, incorporating timing risk predicts that risk-adjusted discount rates should
typically be higher than predicted by systematic risk, providing one possible rationale
for buffers relative to the rate required by systematic risk (Nanda and Rhodes-Kropf,
2017; Graham, 2022).

Second, capital budgeting techniques’ appropriateness changes with timing risk.
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While the payback period method is commonly used in practice, it has long been
maligned for lacking theoretical justification under outcome risk (Graham, 2022). In
contrast, payback satisfies natural dominance properties for timing risk. Payback
always satisfies first-order stochastic timing dominance (Proposition 3), and empiri-
cally usually satisfies second-order stochastic timing dominance in ranking projects
(Proposition 4). The ability of payback to satisfy desirable properties for timing risk
may help explain its empirical resilience; for example, firms may self-select (Prabhala
and Li, 2007) into using payback when timing risk is a consideration.

Third, whereas simple approaches to valuation such as thinking through a finite
number of variables can work for outcome risk (Graham et al., 2017), any finite
discretization approach which preserves risk types is not able to correctly price all
timing risk (Corollary 2). As a result, this valuation element, particularly when
scenarios are repeated across projects, may be better suited to outcome than to
timing risk.

The conceptual time-outcome differences I derive are as follows. Because these
results apply universally (the only condition needed is no arbitrage), it is all the more
surprising that these timing-outcome differences do not appear to be fully incorpo-
rated in standard valuation tools and across real-world valuation. First, I prove that
pricing frameworks impose more restrictions on the state space for timing than for
outcome risk. In particular, both outcome risk and timing risk admit a continuum
of assets. However, I show that simplifications of the state space which are possible
for pricing idiosyncratic outcome risk do not preserve prices for all assets with timing
risk. Second, I show that all systematic risk can be decomposed into timing and out-
come risk. This simple decomposition lends intuition for why these can be considered
separate dimensions of risk and how they formalize. I also show that timing and
outcome risk move valuation in different directions for aggregate risk. Third, I show
that the price of timing risk is characterized by the risk-free yield curve.

Together, these theoretical results show general timing-outcome differences for
pricing and foundational valuation elements.

I then check whether real-world financial valuation obeys the no-arbitrage timing-
outcome results. Four pieces of market and valuation evidence collectively suggest
that timing is not always priced as the no-arbitrage theory would predict. Together,
they indicate three theory-practice gaps for the valuation of timing risk.

First, real-world valuation compresses timing in a manner similar to outcomes.
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The Securities and Exchange Commission, in its regulation for calculating the fair
value of an employee stock option, suggests using the average historical within-firm
time to exercise. While innocuous for outcome risk, this compression is not innocuous
for timing risk. Collecting data on employee stock option exercise, I compute fair
value using both the SEC-suggested compression and using the full historical within-
firm timing distribution. The difference in fair value across firms is 4.6% on average,
indicating a regulation-driven valuation gap from not having timing valued more
closely to the no-arbitrage theory. Similarly, practitioner guides for valuing innovation
companies, and in particular biotech, use expected time rather than using the full
timing distribution. Re-calculating baseline valuations taking the full timing risk
distribution into account changes valuation upwards as the no-arbitrage theory would
predict, by 16%.

Second, real-world valuation features a default tilt towards valuing certainty higher,
even when the no-arbitrage theory would predict otherwise. I directly elicit valuations
for timing and outcome risk from over 400 finance-literate individuals: those with a
higher education degree specializing in finance or economics, who are at the highest
Lusardi and Mitchell (2014) financial literacy level. Survey work has a precedent in
the finance literature for informing valuation (Graham, 2022). While many devia-
tions are possible for individual valuation (Barber and Odean, 2013), the key tension
here is that respondents adhere to outcome risk valuation theory even while deviating
from timing risk valuation theory. These finance-trained individuals largely adhere to
no-arbitrage theory for outcomes, by respecting dominance and making weakly risk
averse choices. However, they depart from the no-arbitrage benchmark for timing risk.
Across three different empirical yield curves, 37-58% of respondents do not choose the
timing risk project with the objectively highest valuation. A structural model reveals
that one source of departure is a default propensity to tilt towards certainty. This
is in contrast to the theory, because the second characterization theorem described
above says that risk attitudes, time of resolution, intertemporal considerations, and
so on, should not matter once the yield curve is revealed. The structural model re-
veals that the default propensity is 46% towards certainty, 39% towards uncertainty,
and 15% towards indifference. Prices in derivatives markets, comparing otherwise
identical options with and without timing risk to each other, are also consistent with
a higher valuation of timing certainty even after controlling for frictions.

Third, real-world valuation is responsive, but in an insensitive way, to no-arbitrage
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pricing theory. The direct valuation exercises find a strictly positive (p < 0.01) in-
sensitivity parameter: finance-trained individuals update towards the correct answer,
but only partially.

The paper contributes to valuation theory and intuition. These topics are com-
monly taught in textbooks (Berk and DeMarzo, 2011), though finance theory does not
always translate to real world valuation (Barber and Odean, 2013; Graham, 2022).
Here, I formalize timing risk as a distinct dimension of pricing and provide evidence
that both standard intuition and real-world valuation do not always correctly re-
flect timing-outcome differences, leading to a tension between theory and practice.
The gap between theoretical optimality and real-world valuation has been extensively
studied by Graham (2022), who finds that capital budgeting methods used in practice
often do not have theoretical grounding. The study of timing risk provides a partial
theoretical justification. This explanation for payback is distinct from optionality
type explanations (Nanda, 2015): here, the firm is on the receiving end of timing
risk.

The paper utilizes only no-arbitrage, similar to Modigliani and Miller (1958),
Hansen and Jagannathan (1991), and Giglio et al. (2016). The reliance on minimal
assumptions allows the paper’s results to apply to a wide variety of settings. In par-
ticular, the results apply regardless of whether valuation is friction-based (Krishna-
murthy, 2010), factor-based (Barber and Lyon, 1997; Bryzgalova, 2026), constraint-
based (Chen, 2010), preference-based (Xu, 2021), belief-based (Schneider and Pi-
azzesi, 2015), or otherwise – so long as no-arbitrage holds. Unlike the study of bond
pricing (Krishnamurthy, 2002), which often relies on uncertainty about interest rates,
the valuation implications for timing risk that I derive apply even when interest rates
are deterministic and common knowledge.

Timing risk is relevant across financial settings, including in early-stage valuation,
employee-compensation valuation, and option markets. Prior work studies early-
stage firms and innovation valuation (Berk et al., 2004; Bubna and Prabhala, 2011;
Lo, 2021), executive compensation and fair value (Starks, 1987; Chidambaran and
Prabhala, 2003), and early exercise and frictions in options markets (Kapadia and
Willette, 2012; Bryzgalova et al., 2024). Taking the distribution of cash-flow dates as
given, I ask whether and how empirical timing risk affects valuation.

Damodaran (2007), Drexler et al. (2014) and Puri (2025) have studied simplified
approaches towards valuation, and corporate finance routinely teaches scenario anal-
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ysis (Graham et al., 2017). As the third characterization theorem shows, one possible
reason for the compression of timing risk into its expected component is that the
simplified compression of the world into a finite number of states, while permissible
for idiosyncratic outcome risk, removes the ability to correctly price all timing risk
when risk types are preserved.

The study of timing risk is conceptually distinct from other literatures on time-
related concepts such as duration-based pricing (Giglio et al., 2015), the elasticity
of intertemporal substitution (Hall, 1988) and resolution period effects (Lerner and
Nanda, 2020). One way to see this is that here payment is held fixed and timing varied,
whereas these other literatures hold timing fixed and vary outcomes. They then study
outcome risk pricing implications of different fixed times, parametric values, and
information arrival, respectively. Prior work on timing risk is in biology (Kacelnik and
Bateson, 1996) and decision theory (Chesson and Viscusi, 2003; Onay and Onculer,
2007; DeJarnette et al., 2020); here, I use a more general no-arbitrage approach to
study valuation implications.1

The paper proceeds as follows. Section 2 introduces and derives the theoretical
differences between timing and outcome risk, using only no-arbitrage to obtain gen-
eral pricing results and implications for foundational valuation elements. Section 3
considers the valuation of timing risk in practice. Section 4 has theoretical extensions.
Section 5 concludes.

2 Theory

2.1 No-Arbitrage Time-Outcome Differences

I start with an overview of the theoretically general time-outcome differences I derive,
before proceeding to corporate theory for foundational valuation elements. A fully
formal and precise treatment, with additional details, is deferred to Section 4.

1A comparison of pricing for different risk types (e.g., idiosyncratic, systematic, and the effects
of diversification) is possible only within pricing frameworks. Because my study is fully general, it
nuances prior results that assume specific functional forms or immovable consumption. For example,
the yield curve characterization shows that for pricing, certainty vs. uncertainty can reasonably go
any way depending on underlying economic conditions. Similarly, Perrakis (1975) studies specific
functional forms for timing and concludes that ‘it is obvious’ that risk-averse valuation implies a
lower valuation of projects with timing risk. As I show, this is not obvious at all: for any pricing
kernel, timing risk can reasonably add value.
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For a conceptual time-outcome difference, I start with a simple decomposition of
all priced risk into timing and outcome risk (Theorem 1). Conceptually, systematic
outcome risk is how much payoffs move with the pricing kernel, while systematic
timing risk measures whether payoffs arrive at times that are better or worse. This
decomposition provides an intuition for why timing and outcome risk are distinct and
how they formalize when forced to be orthogonal to one another. An exercise later
in the paper demonstrates how to apply the theorem empirically.

Corollary 1 shows a timing-outcome dichotomy for systematic timing vs. outcome
risk for a classical pricing kernel: in the case of aggregate risk, whenever dispersion
increases value for outcome risk, it must lower value for timing risk, and vice versa.
The corollary also illustrates that in the case of systematic risk, pricing timing requires
knowledge of kernel-specific elements such as intertemporal and risk parameters.2

A natural question is whether anything can be said about the price of timing risk
without taking any stance on pricing factors or parameters. Using only no arbitrage,
I prove a practical sufficient statistics result: for idiosyncratic risk, the price of timing
risk is characterized by the risk-free term structure (Theorem 2). In particular, even
though timing risk is a kind of risk, its price when idiosyncratic is not affected by risk-
related parameters. Nor is it possible to separate the risk-free term structure from
the pricing of timing risk. This result will lead, later in the paper, to an update of
standard valuation approaches for the key corporate finance elements of risk-adjusted
discount rate and capital budgeting. In addition, although the result formally proves
irrelevance of anything other than the yield curve for all idiosyncratic timing risk, the
valuation examples in practice will find that risk attitudes do appear to affect pricing
of timing risk, one aspect of the theory-practice gap.

Finally, finance typically defines assets with uncertain outcomes as mappings from
states to the real line. Assets with timing risk instead hold fixed the payoff (for
example, $10), with risk arising from a random stopping time. As a result, although
a continuum of both types of assets is possible, outcome risk assets admit a degree of
freedom in standard pricing frameworks that timing risk assets do not. As a result, I
prove that simplifications which are innocuous for outcome risk do not work for timing
risk (Theorem 3). In particular, thinking through a finite number of states can still

2All other results in the paper rely only on no-arbitrage. For this corollary only, to obtain a
clean and intuitive result, I impose two more restrictive assumptions: (1) power utility; and (2)
that timing risk assets pay in the future, e.g. that payment does not happen at the same instant as
pricing.
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price all outcome risk, but any finite simplification will fail to price all timing risk, so
long as risk types are preserved in the simplification. This result will have relevance
later in the paper for the corporate valuation element of finite scenario analysis.

Theorem 1 (Priced Risk Decomposition). Consider an asset that has both timing
and outcome risk. At each time t, its priced risk can be decomposed 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 1 (Aggregate Risk). Consider any power utility pricing kernel. Suppose
an asset is the only source of consumption in the economy, its payoffs are strictly
positive, and the payment arriving at the uncertain time is a positive increment.
Then whether a mean-preserving spread raises or lowers value is characterized by risk
aversion. However, if mean-preserving spreads weakly raise (resp. lower) value for
outcome risk, then mean-preserving spreads must weakly lower (resp. raise) value for
timing risk.

Theorem 2 (Timing Risk: Risk-Free Term Structure Characterization). Consider
any asset with timing risk, whose risk is purely idiosyncratic. Its price must be equiv-
alent to the price of a portfolio of zero coupon bonds, with portfolio weights equal to
the timing risk asset’s stopping time probabilities.

Theorem 3 (Finite State Simplifications for Outcome vs. Timing Risk). Suppose
that, in reality, it is possible to price all possible assets with timing risk and with out-
come risk, e.g. it is possible to price an asset that puts arbitrary probabilities on any n

dates (timing risk), and on any n states within a date with arbitrary payoffs (outcome
risk), n ∈ N. Then there exists a single risk-type preserving finite simplification of
the state space that preserves price for all outcome risk assets; but no single risk-type
preserving finite simplification of the state space preserves price for all timing assets.

2.2 No-Arbitrage Theory for Corporate Valuation

We now turn to deriving theoretical effects of timing risk for foundational corporate
valuation elements. I show that timing risk updates standard intuition, in some cases
pointing in the opposite direction from canonical outcome risk.
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2.2.1 Risk-Adjusted Valuation

Corporate finance says that to adjust net present value for risk, adjust the discount
rate (Graham et al., 2017). A typical intuition is that the discount rate reflects
the project’s systematic risk: the risk free rate plus a systematic risk adjustment
(Berk and DeMarzo, 2011; Brealey et al., 2020). Consequently, textbooks teach that
when two projects within the same firm have different systematic risk, or when the
systematic risk changes over time, different adjusted discount rates should be used.

This is surely correct for outcome risk, but when the project has timing risk,
this intuition is incomplete. There are two updates. First, idiosyncratic timing risk
also affects the discount rate. As a result, the widely taught intuition of Myers and
Turnbull (1977) – that the discount rate used should only be changed if the systematic
risk changes – while correct for outcome risk, is not complete for timing risk because
idiosyncratic timing risk changes the risk-free component. Proposition 1 states and
proves this.

The second difference concerns comparative statics. The standard intuition for
outcome risk is that when present value increases, the risk-adjusted rate should de-
crease, because a more valuable project is naturally summarized by a lower risk-
adjusted number (Graham et al., 2017). This intuition is certainly correct for outcome
risk. However, as Proposition 2 shows, with timing risk, it is possible for both present
value and the risk-adjusted discount rate to increase simultaneously. As a result, the
presence of timing risk generally creates a positive wedge in the risk-adjusted discount
rate relative to what outcome risk would predict.

Proposition 1. Consider any asset X and its risk-adjusted discount rate rx, defined
such that

∑∞
t=0

E[Xt]
(1+rx)t

= E [
∑∞

t=0M0→tXt], where M0→t is the pricing kernel.
When asset X has pure outcome risk, e.g. it pays off at some time t′, rx is a

function of the risk-free rate from 0 to t′ plus an adjustment for the asset’s systematic
risk.

However, when asset X has pure timing risk, rx is a function of the zero-coupon
bond portfolio with maturities where the asset pays out with positive probability with
portfolio weights equal to the physical stopping time probabilities, plus an adjustment
for the asset’s systematic risk. In particular, the higher-order moments of the stopping
time, even when risk is purely idiosyncratic, affect the risk-adjusted discount rate.

The proof sketch is as follows. If a single rate is meant to summarize the value of
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the project, then because the value of the project is affected by idiosyncratic timing
risk – thanks to Theorem 2 – the risk-adjusted discount rate is affected too.

Proposition 2. Consider any asset X with non-negative payoffs and its risk-adjusted
discount rate rx.

When asset X has pure outcome risk, then for any mean-preserving spread of the
payoff, when the asset’s value increases (resp. decreases), the risk-adjusted discount
rate weakly decreases (resp. weakly increases).

In contrast, when asset X has pure timing risk, for any mean-preserving spread
of the stopping time, when the asset’s value decreases, the risk-adjusted discount rate
weakly increases; but when the asset’s value increases, the risk-adjusted discount rate
may increase or decrease.

The next example and subsection illustrate the quantitative magnitude of these
timing-outcome differences for risk-adjusted discount rates in a series of calibrations.
The impact of timing risk on risk-adjusted discount rates is between 0.5-14% for a
typical empirical upward sloping yield curve.

I start with a textbook example to illustrate changes to pedagogy before proceed-
ing to empirical yield curves.

Example 1 (Textbook Numbers). To illustrate using textbook numbers, consider the
yield curve from Brealey et al. (2020) Table 3.5: spot rates of r1 = 3%, r2 = 4%,
r3 = 5%, and r4 = 6%, etc. Consider a project that pays a single expected $1 payoff
at time 5. To incorporate systematic outcome risk, assume that Cov(M0→t, Xt|τ =

t) = −0.15 for all t in the support of the stopping time, to obtain, as derived below, a
risk-adjusted discount rate of about 12% as used in Brealey et al. (2020) Chapter 9.

The risk-adjusted discount rate rx for this project without timing risk satisfies

1

(1 + rx)5
=

1

1.075
− 0.15.

Solving yields rx = 12.18%.
Now add idiosyncratic timing risk. Suppose that the cash flow of 1 comes at time 3

with 50% probability and at time 7 with 50% probability, independent of any systematic
economic variables. The new risk-adjusted discount rate r

(timing)
x must solve:

1

2

1

(1 + r
(timing)
x )3

+
1

2

1

(1 + r
(timing)
x )7

=
1

2

(
1

1.053
− 0.15

)
+

1

2

(
1

1.097
− 0.15

)
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Solving yields r
(timing)
x = 13.16% – nearly a full percentage point of difference in

the risk-adjusted discount rate.
There are two mechanisms pushing the risk-adjusted discount rate up with idiosyn-

cratic timing risk. The first is the yield curve adjustment. Because the yield curve
in this example is steeply upward sloping, the present value with idiosyncratic timing
risk is lower than without, which pushes the risk-adjusted discount rate up.

The second mechanism pushing it up comes from Proposition 2: even for a van-
ishingly small amount of idiosyncratic timing risk – say the payment comes at time
t+ d with probability 1/2 and at time t− d with probability 1/2, and take d to zero –
r
(timing)
x needs to satisfy 1

2
1

(1+r
(timing)
x )t+d

+ 1
2

1

(1+r
(timing)
x )t−d

= 1
(1+rx)t

. The left hand side
is effectively a flat yield curve, so from Theorem 2 and its later implications (Corol-
lary 4) in Section 4, if we were to set r(timing)

x = rx, the left side would be larger than
the right side. As a result, r(timing)

x increases to make the left hand side smaller.
The next subsection further develops this intuition by illustrating comparative stat-

ics for different types of empirical yield curves.

Comparative Statics Intuition Consider three empirical yield curves. The first
is a moderately upward sloping yield curve; I use the empirical Treasury January
30, 2026 yield curve as illustration. The second is a near-flat yield curve, with the
December 20, 2018 Treasury yield curve used as illustration. The third is a moderately
downward sloping yield curve, the empirical April 30, 2024 yield curve.

I compute the present value and the risk adjusted discount rate of a project
paying $1 at time 5− d with 50% probability and 5+ d with 50% probability, setting
both systematic outcome and timing risk to zero to cleanly demonstrate comparative
statics. Therefore, all risk is purely idiosyncratic; the standard intuition of adjusting
only for systematic risk, would indicate that the risk-adjusted discount rate should
be the risk-free rate at the relevant horizon.

As illustrated in Figures 1b and 1c, this is not the case. Figure 1b takes 50% time
5 + d, 50% time 5 − d, varying the timing standard deviation d from 1 to 5 years,
and computes the percentage difference in the present value relative to receiving the
cash flow in year 5 for sure (PVtiming−PVdet

PVdet
× 100). The effect on present value ranges

from -2 to 8 basis points for a timing standard deviation of one year, to a −35 bps
difference for the 2026 yield curve, a 45 bps difference for the 2018 yield curve, and a
2.8% difference for the 2024 yield curve, for a timing standard deviation of 5 years.
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Figure 1: Comparative Statics Intuition
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Note: Figure (A) plots sample yield curves. The orange is the empirical January 30, 2026 yield curve. The purple is
the empirical December 20, 2018 yield curve. The green is the empirical April 30, 2024 yield curve. The empirical
Treasury spot rates depicted for each curve come from Gurkaynak et al. (2006). Figures (B) and (C) compare the
difference, as a percentage, for the relevant outcome variable for a project with a cash flow of $1 arrives at time 5− d
with 50% probability and at time 5+ d with 50% probability; the project is assumed to have no systematic risk. The
x-variable in both graphs is this d (i.e. the timing dispersion variable). One can calculate that d is also the standard
deviation in the time domain of the project paying at 5− d and 5+ d with equal probability. The y-variable in Figure
(B) is PVtiming,d−PVdet

PVdet
∗100, where PVtiming,d is the value of a project paying $1 at time 5−d with 50% probability

and at time 5 + d with 50% probability, and PVdet is the value of a project paying $1 at time 5. The y-variable in
Figure (C) is rtiming,d−rdet

rdet
∗ 100, where rtiming,d is the risk-adjusted discount rate for the project paying $1 at time

5− d with 50% probability and at time 5 + d with 50% probability; and rdet is the risk-adjusted discount rate for a
project paying $1 at time 5.
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Notice that the absolute value of the percent difference increases with dispersion,
that is, as d increases in this example. As predicted by Theorem 2 and Corollary
4, idiosyncratic timing risk raises value for flat and, in this case, for the downward
sloping yield curve; it reduces value for this upward sloping yield curve.

Figure 1c performs the same procedure, but now for the risk-adjusted discount
rate; the y-axis is r

(timing)
x −rx

rx
×100. Unlike for present value, more dispersion increases

the risk-adjusted discount rate for all yield curves at nearly all horizons, from 12-52
basis points for a timing standard deviation of 1 year, to 61 bps - 9.4% for a timing
standard deviation of 4 years; the impact on the risk-adjusted discount rate is negative
only for the downward sloping yield curve (a −64 bps impact), and only at a timing
standard deviation of 5 years. The impact of increased timing dispersion on the risk-
adjusted discount rate for the downward sloping yield curve is not monotonic. It
increases from 12 to 72 basis points from a timing standard deviation of 1 year to
3 years, but then decreases to −64 basis points at a timing standard deviation of 5
years.

The reason that timing risk typically raises the risk-adjusted discount rate, even
when it can push present value in any direction, is similar to that in Example 1: the
risk-adjusted discount rate is affected by two forces. The first is the present value
which, as in outcome risk, would tend to push the risk-adjusted discount rate down
when present value goes up, and up when present value goes down. The second
force, from Proposition 2, is an uncertainty effect that is not present for outcome
risk. Which force wins out depends on the relative strength of the two effects. For
the April 2024 yield curve, the convexity effect tends to win out, as shown in Figure
1c; however, for a deeply steeply downward sloping yield curve, such as Volcker era
yield curves, the present value effect wins out, as found in Appendix B.

Overall, unlike for outcome risk, idiosyncratic timing risk affects risk-adjusted
discount rates; and timing risk in general, whether idiosyncratic or systematic, tends
to push risk-adjusted discount rates upward, even in cases where it raises present
value. This mechanism suggests one timing-risk interpretation of hurdle-rate buffers
relative to systematic-risk-based estimates of the cost of capital (Graham, 2022).

2.2.2 Capital Budgeting

The payback period method evaluates a project by the expected time it takes to
recover the initial investment, and rejects projects whose payback period exceeds a
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fixed cutoff time (Berk and DeMarzo, 2011). Despite its widespread use in practice
(Graham, 2022), payback is usually criticized in corporate finance because it ignores
cash flows after the cutoff date and can incorrectly rank projects with larger positive
net present value below those with lower net present value (Berk and DeMarzo, 2011;
Graham et al., 2017).

I show that timing risk provides a partial theoretical foundation for this other-
wise puzzling practice. The central point is that payback is especially well suited to
comparing projects that differ in when, rather than how much, they pay. Proposition
3 shows that payback always respects first-order timing dominance: if one project
probabilistically pays sooner than another, holding investment and cash flows fixed,
then payback and NPV give the same ranking whenever forward rates are nonnega-
tive. Thus, in the most direct timing-risk comparison, payback is not merely a rough
heuristic; it is exactly aligned with value maximization.

Proposition 4 shows that payback also has an empirically relevant robustness
property for second-order timing dominance. When the present value function is
convex, payback cannot strictly favor the project with lower true value. Historical
Treasury term structures satisfy this convexity or approximate-linearity condition
most of the time, especially at medium and long horizons. Payback can therefore be
understood as a simple rule that is particularly reliable when the central uncertainty
concerns the timing of cash flows.

This interpretation suggests that payback should be more attractive in settings
where timing risk is important. Early-stage and smaller firms may face greater un-
certainty about when cash flows will arrive because customers, suppliers, or coun-
terparties often control the timing of payment. Non-manufacturing firms may also
face more timing uncertainty than manufacturing firms with standardized production
processes. Consistent with this prediction, the surveys in Graham (2022) find greater
use of payback among small firms and non-manufacturing firms. The theory suggests
that future empirical work on capital budgeting may wish to distinguish between
different forms of project risk and examine whether payback is used especially when
timing risk is salient.

Payback Always Respects First Order Timing Dominance For precision, I
start by defining projects with timing risk and dominance in this domain.

Definition 1 (Projects with Timing Risk).
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At time 0, an initial cost I is incurred. After some idiosyncratic random stopping
time τ – the timing uncertainty – the project deterministically pays c0(τ) at time τ ,
then c1(τ) at time τ + 1, etc., with all ci ≥ 0. A project with timing risk is therefore
characterized by a tuple (I, τ, {ci(τ)}).

Definition 2 (Timing First-Order Dominates).
Say that project X1 = (I(1), τ (1), {c(1)i (τ)}) timing dominates project X2 = (I(2), τ (2), {c(2)i (τ)})
if project X1 probabilistically pays weakly sooner: P (τ1 ≤ t) ≥ P (τ2 ≤ t) for all times
t. Say in addition that X1 timing dominates project X2 holding all else equal if X1

timing dominates project X2 and I(1) = I(2), c(1)i (τ1) = c
(2)
i (τ2) for all i.

Proposition 3 (Payback and NPV Rankings Agree on Timing Dominance Projects).
Let X1 and X2 be projects with timing risk where X1 timing dominates X2, holding
all else equal. Whenever forward rates are weakly positive, the payback ranking of
projects is consistent with the NPV ranking of projects.

The result is useful because it identifies a class of comparisons in which payback
has exactly the same directional content as NPV. If one project shifts the distribution
of cash-flow arrival earlier without changing the investment cost or the cash-flow se-
quence, then both criteria prefer the earlier project. Payback therefore does not make
a ranking mistake in first-order timing-dominance comparisons; it simply implements
the same higher valuation for earlier cash-flow realization in a cruder form.

Payback Usually Respects Second Order Timing Dominance Proposition 4
identifies a simple condition under which payback is directionally reliable. When the
present value function is convex, a project whose cash-flow start date is more dispersed
is weakly preferred in NPV terms. In that case, payback may fail to distinguish
between projects, but it cannot strictly favor the project with lower true value. Thus,
under convex discounting, payback respects the NPV ranking implied by second-order
timing dominance.

The empirical relevance of this condition depends on how often observed discount
functions are convex. Figure 2 plots the average present value curve implied by
Treasury risk-free spot rates from 1961-2026. The average curve is convex, implying
that Proposition 4 applies directly under the average historical term structure.

The condition also holds frequently period-by-period. Appendix C classifies the
present value curve implied by the Treasury term structure at each date. The discount
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Figure 2: Average Present Value Curve Derived From Treasury Spot Rates, 1961-
2026
Note: This figure shows the average present value curve. The risk-free term structure here is taken from Gurkaynak
et al. (2006), who provide widely-used spot rates from Treasury data from 1961-2026. A given day is kept in the
dataset only if all spot rates (from 1 year to 30 years) are not missing. Given each day in the dataset, the yield
curve is translated to a present value curve. The figure then takes, for each year, the average of the present value
calculations over all days in the dataset.

function is convex or approximately linear in 72% of observations at a 5-year horizon,
91% at a 10-year horizon, and 98% at a 30-year horizon. Since approximate linearity
makes the projects nearly value-equivalent under NPV, these cases are not ones in
which payback produces a strict value reversal. By contrast, the cases in which the
curvature condition clearly fails are concentrated at short horizons: concavity appears
in 28% of 5-year observations, 6% of 10-year observations, and essentially never at 30
years.

These results suggest that the theoretical condition in Proposition 4 is not knife-
edge. For historically observed risk-free term structures, payback is usually operating
in the region where it either agrees with the NPV ranking or, in approximately linear
cases, selects among projects with very similar present values. The scope for payback
to be strictly wrong in this particular ranking problem is therefore empirically limited,
especially for medium- and long-horizon projects.

Proposition 4. Consider two projects X1 and X2 with the same annual cash flow
A > 0 once cash flows start being generated, the same expected time T for cash flows
to be generated, but the timing at which the cash flows start being generated is more
dispersed (e.g. a mean-preserving spread) for project X1 than for project X2. Suppose
the manager’s present value function is convex. Then:

16



• Payback either selects X1 over X2, selects both, or selects neither.

• Whenever payback selects X1 over X2, the true net present value of X1 is higher
than the true net present value of X2.

2.2.3 Scenario Analysis and Simplified Valuation

A natural heuristic, often used in real-world valuation and recommended by corporate
finance (Damodaran, 2007; Graham et al., 2017), is to consider a finite number of
states. For example, when doing scenario analysis, a firm might consider only a
handful of scenarios, and within them, change only a few state variables in a discrete
way. Damodaran (2012) p. 896, for example, writes ‘it is to ease estimation...that we
focus on only two or three critical factors and build relatively few scenarios for each
factor.’

This simple valuation approach can work well for outcome risk. However, it does
not work as well for timing risk. I prove that any single finite scenario analysis
framework fails to price all timing risk, but a single finite scenario analysis framework
can price all outcome risk. This result has implications for any corporate setting
where scenarios are re-used across different projects or assets. For example, the
Government of the United Kingdom (United Kingdom, 2026), in outlining how to use
scenario analysis to evaluate various pension schemes, provides guidelines stating that
modeling should “use the same scenarios for consistency.” Similarly, in conducting
supervisory stress tests of banks, the Federal Reserve Board has all companies subject
to its rules use the adverse and severely adverse scenarios that the board develops
(Federal Register, 2019).3 In these and other settings, scenarios are re-used across
various projects or firms.

Corollary 2 shows that this practice can work for outcome risk, but does not
preserve price for all timing risk projects. It is a direct application of Theorem 3.
Intuitively, although both outcome risk and timing risk form a continuum, pricing
frameworks have an additional degree of freedom present for outcome risk which is
not present for timing risk.

3“To conduct the supervisory stress tests, the Board develops three scenarios – a baseline, adverse,
and severely adverse scenario – and projects a firm’s balance sheet, risk-weighted assets, net income,
and resulting post-stress capital levels and regulatory capital ratios under each scenario. Similarly, a
firm subject to company-run stress tests under the Board’s rules uses the same adverse and severely
adverse scenarios that apply in the supervisory stress test to conduct a company-run stress test.”
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A key part of the formal statement (Theorem 3 (Restated)) is that, when simpli-
fying, outcome risk assets are mapped to simplified outcome risk assets and timing
risk assets are mapped to simplified timing risk assets. This comes from how scenario
analysis is intuitively conceptualized: Damodaran (2012), for example, describes sce-
nario analysis being used to value a risky asset; the implicit assumption being that
the risk type does not change.

As Fact #1 in Section 3.1 finds, in practice simplifications use expected time, even
less sophisticated than preserving the structure of timing risk.

Corollary 2. Finite scenario analysis which preserves risk types (e.g., outcome risk
assets map to simplified outcome risk assets; timing risk assets map to simplified
timing risk assets) can correctly price all idiosyncratic outcome risk; it fails to correctly
price all idiosyncratic timing risk.

3 Practice

Having shown how timing risk differs from outcome risk for foundational valuation
elements, we now turn to examining how timing risk is valued in practice.

Four financial settings collectively suggest that real-world valuation treats time as
more similar to outcomes than the no-arbitrage theory would imply.

The four settings comprise two settings with statements of direct valuation; one
with elicited valuations; and one with market prices. First, the Securities and Ex-
change Commission issues guidelines for the fair value of an employee stock option. I
study these guidelines and their valuation implications for how they treat timing risk.
Second, in valuing innovation firms with clinical trials, such as biotechnology firms,
practitioner valuation guides detail how benchmark assessments treat uncertainty
over outcomes and over time. Third, direct valuation exercises through a survey of
finance-educated professionals reveal valuation procedures for timing risk. Fourth,
option markets provide a setting in which to compare derivatives with and without
timing risk.

Each setting offers a distinct advantage. The real-world and market settings (Sec-
tions 3.2.1, 3.2.2, and 3.2.4) capture behavior in naturally occurring environments,
while the survey (Section 3.2.3) enables clean, precise, and targeted tests of valuation
behavior. Together, they cumulatively indicate the following three theory-practice
gaps in valuing timing risk.
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3.1 Theory-Practice Gaps in Valuing Timing Risk

I provide a summary of the three theory-practice gaps suggested by the data, before
describing each setting in more detail.

Fact #1: Real-world valuation often compresses timing in a manner similar
to outcomes. For outcome risk, a canonical fact is that only expectation matters
when risk is purely idiosyncratic (Graham et al., 2017). For timing risk, in contrast, as
Theorem 2 shows, the full distribution affects valuation even when risk is idiosyncratic.
As a result, compression of the distribution to its expectation, while innocuous for
outcome risk, is not correct for timing risk.

However, baseline valuation of biotechnology firms uses expected time to comple-
tion for clinical trials (Table 1). Collecting data on empirical clinical trial completions
from all trials registered with clinicaltrials.gov, shown in Figure 4, I use calibrations
to illustrate that using the full timing distribution for clinical trial completion, rather
than expected time, increases baseline valuation by 16%. The increase and the effect
on costs and revenues are predicted by the theory, in particular Corollary 4 in Section
4.

Similarly, US-wide regulation forces a compression of timing similar to outcomes.
In particular, the SEC requires firms to calculate the fair value of employee stock
options using expected time to exercise, typically taken to be average historical time
to exercise within the firm. Collecting data on all stock option grants and exercises
through SEC Form 4s (Figure 3), I calculate the within-firm valuation gap between
using historical average time and the full distribution of historical time, and find it
to be 4.6% on average across firms, with the distribution of dispersions across firms
shown in Figure 3c. These empirical exercises illustrate that compression of timing
occurs in important real-world settings and is not quantitatively innocuous.

Fact #2: Real-world valuation has a slight default tilt towards certainty
for timing risk. When comparing timing certainty to timing risk, Theorem 2 shows
that no-arbitrage theory predicts a tight relationship between the risk-free term struc-
ture and the value of timing risk. In particular, whether certainty or uncertainty has
higher value should be entirely dependent on the yield curve. However, in the direct
valuation exercises of Section 3.2.3, finance experts (e.g., those with a higher edu-
cation degree, specializing in finance, at the highest financial literacy level per the
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Lusardi and Mitchell (2014) measures) display a default tilt towards certainty. Using
a structural multinomial logit model, I calculate default propensities and sensitivity
to yield curve conditions. The default propensity comes out to 46% towards certainty,
compared to 39% towards uncertainty and 15% towards indifference.

Option markets provide further suggestive evidence. When early exercise is sub-
optimal, as it theoretically is for call options without dividends, American options
should be valued weakly lower than European options. In reality, however, I document
that American call options without dividends in their lifetime are valued more than
otherwise identical European options, with the American price premium increasing
with the amount of early exercise. Applying Theorem 1 empirically, I find that early
exercise in this context constitutes idiosyncratic risk, and the premium is therefore not
due to systematic considerations. This pricing premium is also not fully explained
by standard friction-based explanations such as liquidity, adversarial thinking, re-
investment risk, and other considerations but is consistent with a practical valuation
of certainty.

Fact #3: Real-world valuation is responsive but insufficiently sensitive
to no-arbitrage conditions. The direct valuation exercise of over 400 finance
experts elicits valuations for different yield curve shapes. Table 2 shows the percentage
answering correctly for each yield curve shape. For each yield curve, the correct
answer is the mode, indicating some sensitivity to no-arbitrage conditions. However,
for no yield curve is the percentage answering correctly statistically close (p < 0.05) to
100%; instead, the percentage correctly valuing timing risk according to no-arbitrage
theory is 42% for the flat yield curve, 47% for the upward sloping yield curve, and
56% for the downward sloping yield curve. A structural model estimating default
propensities and sensitivity finds corroborating evidence of limited sensitivity, with a
strictly positive insensitivity parameter relative to the default propensity.

3.2 Valuation Settings

I now describe each valuation setting in more detail.
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Figure 3: Timing in Employee Stock Option Exercise
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(d) Valuation Gap vs Timing Dispersion

Note: These figures plot data from the empirical time to exercise of the top 100 firms with employee stock option
grants, as found in SEC Form 4 filings from 2005 to 2025. Figure (A) plots, across all firms, the average time to
exercise. Figure (B) plots, across all firms, the standard deviation of the time to exercise. Figure (C) plots the
difference between using the entire timing distribution and using just the expected time: 100 ∗ BS(E(τ))−E(BS(τ))

E(BS(τ))
,

where BS denotes Black-Scholes. Figure (D) plots this percentage difference against the standard deviation of time
to exercise; each dot represents one firm. For each firm, the Black-Scholes parameters are taken to be the stock price
at issuance, the strike price at issuance, the dividend yield computed over the past year, and the empirical stock
volatility computed over the past year.
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3.2.1 Regulation

The United States Securities and Exchange Commission (SEC) requires companies
to measure and disclose the fair value of stock options granted to employees. To do
so, the SEC follows the accounting rules that come from the Financial Accounting
Standards Board (FASB). These rules use average time rather than the full timing
distribution. In particular, they require reporting of the Black-Scholes or similar value
using the expected time to exercise. The expected time to exercise is typically taken
to be the average time to exercise historically. While a full real options approach
may be too complex to report, a simple alternative to this regulatory guidance, that
the theory (Theorem 2 and Proposition 1) indicates would be more accurate, would
be to use the average Black-Scholes value over the entire historical empirical timing
distribution, rather than Black-Scholes at the average time. In this section, I calculate
whether that approach would quantitatively result in a different valuation. Note that
this procedure simply takes the full empirical timing distribution into account; no
position needs to be taken on whether exercise is optimal.

The SEC guidelines for calculating the fair value of an option state:

The fair value of a stock option (or its equivalent) granted by a public
entity shall be estimated using an option-pricing model (for example, the
Black-Scholes or a binomial model) that takes into account as of the grant
date the exercise price and expected life of the option, the current price
of the underlying stock and its expected volatility, expected dividends on
the stock (except as provided in paragraphs 32 and 33), and the risk-free
interest rate for the expected term of the option.

(FASB (2004), emphasis added)

Because stock options for employee compensation tend to be American-like in
nature – they “typically allow exercise at any time after vesting and before expiration”
(FASB, 2004) – the above regulatory guidance, which the SEC follows, replaces the
empirical time distribution with the expected time of exercise.

I collect the grant and exercise times of stock options granted by all firms as filed
in all SEC Form 4s from 2005 to 2025. Details of the data and analysis procedure are
in Appendix E. To examine empirical exercise behavior, I then look at the 100 firms
which granted the most stock options in the sample.
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I calculate, for each firm, (1) the average time to exercise, (2) the dispersion of the
time to exercise, and (3) the difference between the expected Black-Scholes value over
the empirical exercise distribution relative to the Black-Scholes value at the average
historical time to expiry. Thus, all analysis is done at the firm level.

Figure 3a plots the mean time to exercise at the firm level, and Figure 3b the
standard deviation of time to exercise at the firm level. Both within and across firm,
dispersion in time to exercise is high. Figure 3b shows that, on average, within-firm
dispersion is 2 years. Figure 3a shows that, across firms, mean time to exercise is not
concentrated.

As a result, the firm-level gap between the theoretically more complete expected
Black-Scholes value over the empirical timing distribution, and the regulation man-
dated Black-Scholes value at the expected time, is high. The gap is 4.56% on average,
statistically significant at the p < 0.01 level. Figure 3c visually plots the distribution
across firms.

Figure 3d finds that the larger the empirical timing dispersion at the firm level,
the larger the gap. Intuitively, the larger the timing dispersion – even if idiosyncratic
– the worse an approximation the average time is.

A regression of the percentage gap between the theoretically more complete and
the regulatory mandated measure, on dispersion, with standard errors clustered at
the firm level, yields a statistically significant (p < 0.01) slope: for every increase
in standard deviation of one year, the valuation gap increases by 1.92%. Of course,
the dependence on dispersion is not true for outcomes, where one can freely replace
idiosyncratic risk with its expectation.

3.2.2 Innovation Firms

A typical intuition for valuation is to use net present value, adjusting for systematic
risk through the CAPM (Graham et al., 2017; Brealey et al., 2020). Following this,
an industry standard in biotech is to obtain a risk-adjusted discount rate through
the CAPM, then apply expected values to obtain a baseline valuation (Chandra and
Mazumdar, 2024). DiMasi et al. (2016) describes the average biotech startup and
Chandra and Mazumdar (2024) use these numbers to illustrate a typical industry
benchmark valuation for this average biotech startup; the numbers are reproduced
in Table 1, and the baseline valuation obtained is $45.8M. Observe that the baseline
valuation applies expected cash flows and expected time of each phase.
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(a) Phase I (b) Phase II (c) Phase III
Figure 4: Empirical Distribution of Clinical Trial Completion Times

Note: This figure plots, in years, the density of empirical completion times of each phase for all trials registered with
clinicaltrials.gov. Data is taken from the AACT registry publicly provided by clinicaltrials.gov. To match the date
range in DiMasi et al. (2016), data includes all trials from 1990 to 2013. The mean completion time of each phase is
depicted as a vertical brown line. The figure illustrates that innovation valuation involves a distribution of cash-flow
dates, not only uncertainty over payoff amounts.

Real Revenue ($M) Time to Next Stage (Yrs) Discount Rate Probability of Occurrence

Phase I -20.8 2 10.5% 100.0%
Phase II -53.8 3 10.5% 59.5%
Phase III -240 3 10.5% 21.1%
NDA Submission -2.4 2 10.5% 13.1%
Approval 2838 - 10.5% 11.8%

Table 1: Biotech Valuation Illustration
Note: This table is taken directly from Chandra and Mazumdar (2024), which in turn uses the average actual time
and cost of biotech trials from DiMasi et al. (2016); the first four rows come directly from that paper’s Table 3, and
the final row comes from Equation (1) of the paper, computing the value at approval of the biotech startup given
their assumptions on revenue and sales.
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What the baseline valuation does not include is uncertainty in how long it will
take to complete each phase. Instead, it uses mean times. Damodaran (2012), in
illustrating how to use decision trees to value a biotechnology firm, similarly uses
mean times. From a prior where outcome risk is similar to timing risk, and risk is
treated as idiosyncratic, this approach may seem reasonable. However, as Theorem
2 and Proposition 1 show, for timing risk unlike for outcome risk, the full timing
distribution affects valuation when risk is idiosyncratic, while only expected outcomes
matter when risk is idiosyncratic.

Augmenting the valuation table using the empirical range obtained from clinical-
trials.gov (which approximately matches DiMasi et al. (2016) on the mean time for
each phase) gives the empirical distribution over phase times reported in Figure 4.4

Notice that the empirical distributions at all phases are quite dispersed.
To illustrate the impact of timing risk only, I hold all else fixed (including the

CAPM-based discount rate) and re-compute with the full empirical timing distri-
bution. This changes the valuation from $45.8M to $53.0M, a difference of 16%.
The change decomposes as a +$8.24 adjustment from revenues being more timing
dispersed and a −$1.03 adjustment from costs being more timing dispersed.

Since there is more dispersion for revenue than for costs, as revenue accrues only
after clinical trial cost expenditures are met, the theory (Corollaries 4 and 5 in Sec-
tion 4) predicts, and we see demonstrated here, that timing risk amplifies revenues
by more than it amplifies costs, increasing the overall value of the firm. An incor-
rect incorporation of timing risk may therefore contribute to the gap between what
founders believe their biotech firms are worth and what investors are willing to pay
(Lo, 2019).

3.2.3 Direct Valuation

The benefit of real-world and market settings (Sections 3.2.1, 3.2.2, and 3.2.4) is that
they reflect behavior in the wild. The benefit of a direct survey is that it allows for
precise and targeted tests of valuation behavior.

I design and implement an original survey of finance-literate individuals who hold
higher education degrees with specialization in finance.5 The key tension that emerges

4Note that this is the empirical distribution across all clinical trials; specific kinds of drugs
may concentrate in different parts of the distribution. This exercise is meant to check whether
idiosyncratic timing risk affects valuation.

5Details of survey administration, and the questionnaire, can be found in Appendix F.

25



is that these finance experts adhere to theory for outcome risk: they respect dom-
inance and are weakly risk averse. But, they depart from the no-arbitrage theory
for timing risk. Instead of valuing timing according to the no-arbitrage theory, they
have a default tilt towards certainty – similar to outcomes – and then update towards
the theoretically correct answer, but not in a fully sensitive way. The purpose of the
survey is to examine theory-practice gaps for timing risk. I do not take a position on
why these finance-literate individuals struggle more with timing than with outcomes,
and various cognitive microfoundations may be possible (for example, overconfidence,
asymmetries (Barber and Odean, 2013); etc.). As Sections 3.2.1 and 3.2.2 find, the
theory-practice gap documented in the direct valuation exercises extends to regulation
and to benchmark valuation, and are consistent with market prices (Section 3.2.4).6

The survey was run in 2026 through Prolific, targeting respondents with a higher
education degree who specialized in finance. To ensure data quality, I follow Stantcheva
(2024) in including comprehension questions that respondents must answer correctly
to proceed. These include questions on spot rate comprehension, the time value of
money, and risk comprehension. In addition, I screen so that only respondents who
score in the highest financial literacy category per the Lusardi and Mitchell (2014)
measures are considered. The final sample totals 401 finance-literate individuals.

The timing risk questions used are taken from the theory section of the paper, and
in particular Section 2.2.1. I provide participants with each of the three empirical
yield curves depicted in Figure 1a, and ask them, for each yield curve, which project
is objectively valued higher: receiving $100 in 5 years for sure; or in 2 years with
50% probability and in 8 years with 50% probability. Because Theorem 2 relies only
on no-arbitrage, it follows that resolution period effects, risk attitudes, and other
considerations, do not affect the objectively higher value choice once the yield curve
is shown. As the theory (Section 2.2.1, Figure 1b, and Corollary 4) show, no-arbitrage
predicts that for the upward sloping yield curve, certainty is objectively valued higher,
and for the flat and downward-sloping yield curves, uncertainty is objectively valued
higher.7

6Prior laboratory (Kacelnik and Bateson, 1996) and experimental (Chesson and Viscusi, 2003;
Onay and Onculer, 2007; DeJarnette et al., 2020) work on timing uses a theoretical baseline where
uncertainty is always better and studies deviations for animals and humans. In contrast, for val-
uation, Theorem 2 shows that either certainty or uncertainty can be theoretically valued higher,
depending on the shape of the risk-free term structure. The purpose of the present survey is to test
whether finance-educated individuals adhere to this valuation result.

7The direct valuation exercise therefore speaks to no-arbitrage pricing by manipulating the yield
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Table 2: Timing Risk Valuation Assessments: Practice vs. Theory

Yield curve Certainty Equal Uncertainty

Flat 37% 21% 42%
Upward 47% 16% 37%
Downward 38% 6% 56%

(a) Full Sample

Yield curve Certainty Equal Uncertainty

Flat 31% 25% 44%
Upward 46% 20% 34%
Downward 32% 5% 63%

(b) Only Those Adhering to Outcome Risk Theory

Note: This table depicts, for each yield curve from Figure 1a, the percentage answering that certainty or uncertainty
is valued higher, or if they are valued equally. The green boxes denote the no-arbitrage correct answer per Theorem
2, while red boxes denote incorrect answers. Respondents are financial experts from Prolific, with the properties
described in Section 3.2.3.

In the full sample, respondents answer outcome risk questions correctly per stan-
dard theory, but do not adhere to theory for timing. Eighty percent and seventy-eight
percent of respondents answer the outcome risk questions as weakly risk averse, and
as respecting dominance, respectively. Table 2a, in contrast, shows the proportion
that get the timing risk questions right: 42% for the flat yield curve; 47% for upward
sloping; and 56% for downward sloping.

Restricting only to the majority of respondents who answer all outcome risk ques-
tions correctly does not meaningfully move the timing risk numbers. Table 2b reports
that the proportion answering timing risk valuation questions correctly in this out-
come risk theory adhering subsample is 44% for the flat yield curve; 46% for upward
sloping; and 63% for downward sloping.

What these tables hide is that the dollar payoff to getting the answer correct is
highest for the downward sloping yield curve, second highest for the flat yield curve,
and lowest for the upward sloping yield curve, as can be seen in Figure 1b. The fact
that a lower dollar payoff induces more participants to correctly answer for certainty
(as in the upward sloping yield curve) than uncertainty (as in the flat yield curve)

curve; it complements earlier survey work on timing risk (Chesson and Viscusi, 2003; Onay and
Onculer, 2007) which do not have no-arbitrage pricing manipulations.

27



suggests that there may be a default propensity to tilt towards certainty when valuing
timing risk.

To examine this hypothesis in a precise way, I fit a canonical rational inatten-
tion model, which for discrete choice is shown by Matejka and McKay (2015) to be
equivalent to a multinomial logit specification:

P (c) =
P0(c)e

v(c)
λ∑

c′∈C P0(c′)e
v(c′)
λ

.

Here, P (c) denotes the probability of choosing choice c, and P0 the default propen-
sity towards each choice; v(c) denotes the no-arbitrage dollar value of choice c; and
the parameter λ denotes inverse sensitivity, with λ → 0 indicating that the agent
is completely sensitive to economic conditions, in this case, the no-arbitrage pricing
theory. Note that this model is simply being used to estimate a prior propensity and
a sensitivity parameter; any number of neural microfoundations may be admitted,
and the paper does not take a stand on which, if any, leads to the theory-practice
gap for timing risk.

A maximum likelihood estimate reveals default propensities of P0 = 46% for
certainty, 39% for uncertainty, and 15% for indifference (defined in the model as a 50-
50 chance of either certainty or uncertainty). In particular, the structural model finds
a default tilt towards certainty, similar to what reduced form examination suggested.
In addition, the inverse sensitivity parameter is λ = 1.2, statistically different from
zero at the p < 0.01 level. Confirming indications from the reduced form examination,
this parameter indicates some but not full sensitivity to no-arbitrage conditions for
pricing timing risk.

3.2.4 Derivatives

We now turn to market data. Options provide a unique opportunity to compare
otherwise identical traded products with and without timing risk. A benefit of this
setting is that pricing can be observed. A limitation is that there are many factors
that can affect pricing, and therefore, while I control for each to the extent possible,
I interpret the evidence here as suggestive and consistent with a default tilt towards
certainty, similar to that found in the direct valuation exercise. The tilt towards
certainty may arise for practical reasons; the only point this subsection seeks to make
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is prices appear to be consistent with a valuation of certain timing in option markets,
whether for practical or other reasons.

The traded options I consider are the OEX and XEO, options on the S&P 100
which the offering exchange, the Chicago Board Options Exchange (CBOE) explicitly
states are identical except for exercise style in their filings with the SEC (Securities
and Exchange Commission, 2007).8 I consider only call options without dividends
in their lifetime. Because early exercise is not theoretically optimal for such options
(Merton, 1973), standard intuition would predict that American options should be
valued the same as (or, if idiosyncratic early exercise occurs, weakly lower than)
otherwise identical European ones. In practice, however, I find that American options
are typically more expensive than European options for both quotes and trades. The
average midpoint difference is 28 cents (p < 0.01), driven largely by asks: the average
ask difference is $0.33 (p < 0.01) and bid difference $0.22 (p < 0.01). The average
traded difference is $0.06. As percentages of the average quoted and average traded
European price, the midpoint and traded American price premium correspond to 35
basis points and 1.9% respectively. American options consistently trade at higher
prices than otherwise identical Europeans throughout the lifetime of the sample: the
midpoint difference is above zero 99.6% of the time. To the extent that one interprets
the ask as the market equilibrium price to be short, and the bid as the equilibrium
price to be long, the results suggest an American price premium driven at least
partially by the short side.

I control explicitly for liquidity by considering only minutes and quotes where the
liquidity of the American and European options are within 5% of each other, with
robustness checks for no threshold and different thresholds, finding similar results, in
Appendix G.2; I also test whether the price difference moves with the amount of early
exercise, and test for a number of friction-based explanations. To impute a proxy for

8There 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
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 has been shown in the literature to affect pricing. In contrast,
OEX and XEO have the same settlement time, and other contract features (CBOE, 2024b,c).
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early exercise from the data, I use a combination of volume and open interest detailed
in Appendix G.3. Intuitively, when volume is zero and open interest goes down prior
to expiry, early exercise must have occurred.

To check whether early exercise constitutes idiosyncratic or systematic timing risk,
I empirically implement a corollary of Theorem 1 that aggregates across time periods
(Corollary 6), with details of implementation in Appendix G.4. Table 3, presented in
dollar units, finds early exercise in this setting to constitute purely idiosyncratic risk,
as neither systematic timing nor outcome risk achieves statistical significance. As
a result, a higher American price in this setting is not compensation for systematic
early exercise risk considerations.

Table 3: Early Exercise Constitutes Idiosyncratic Risk, Both in Outcomes and
Timing: Applying Theorem 1 and Corollary 6

Systematic Outcome Risk Systematic Timing Risk

CAPM SDF 0.69 -1.14
(0.75) (0.99)

Fama-French SDF -0.52 -1.03
(1.58) (1.37)

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

Note: This table computes total systematic outcome risk and systematic timing risk per Theorem 1 and Corollary 6,
using the explicit step-by-step procedure detailed in Appendix G.4. 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.

To test whether the amount of early exercise moves with the American price
premium – the equilibrium payment and compensation for timing risk, in this inter-
pretation – I regress the midpoint difference on the amount of early exercise relative
to total volume (total ee / (total ee + volume)) both with and without moneyness
and volume controls, and find a statistically significant coefficient of $0.005 - $0.007
(p < 0.05): every 5% increase in the realized total number of contracts exercised early
relative to contract volume increases the American price premium by 2.5 to 3.5 cents
(recall the total American price premium is on average 28 cents).

Appendix G.5 tests for several standard friction-based explanations (Muravyev,
2016) that can affect option pricing: re-investment risk, hedging considerations, inven-
tory risk, adversarial thinking, and others, and finds that none can fully explain the
American price premium for call options without dividends in their lifetime. While
it is impossible to rule out all alternative stories, the results are consistent with those
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from the direct valuation exercise.

4 Theoretical Details and Extensions

This section provides a precise and formal microfoundation for the results in Section
2.1, as well as extensions for timing-outcome differences.

I start by formalizing the set up to study timing vs. outcome risk, using the general
pricing framework (Duffie, 2001) with a set of states, Ω, and amount of information
at each time {Ft}, and a probability measure P . Assets or projects cannot reveal
any more information than exists at time t (e.g., each project is a set of payoffs
X = (X1, X2, ...), where Xt is measurable with respect to Ft), and Xt→t′ denotes
the time t′ marginal distribution of X from the perspective of time t. Say that a
stochastic discount factor or pricing kernel {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′ ].

I then formalize different types of risk within the SDF framework. Pure outcome
risk fixes the date and varies the payoff amount. Pure timing risk fixes the incremental
payoff and varies the date. General timing-and-outcome risk allows both the date and
the amount to vary, potentially with arbitrary correlation.

Definition 3 (Assets with Pure Outcome Risk).
An asset with pure uncertain outcomes X is one which has non-zero payoffs at only
one time t ∈ T .

Definition 4 (Stopping Time).
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 (e.g, the stopping time does not reveal any
more information than exists at time t).

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

t2) > 0.
The expected time of τ is given by EP [τ ].

Definition 5 (Assets with Pure Timing Risk).
An asset with pure uncertain timing X is one whose payoff process is entirely char-
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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 2. 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 6 (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 7 (Assets with Both Timing and Outcome Risk).
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 timing risk: Y (ω) = a ∈ R (constant shock);

• Pure outcome risk: τ(ω) = t∗ (fixed time) and c = 0.

Remark 1 (Arbitrary Correlation Between Outcome and Timing Risk). For assets
with uncertain timing and outcomes, any correlation structure between outcome risk
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Y and time risk τ is permitted by Definition 7; for example, it may be the case that
the distribution of Y |τ = t1 differs from that of Y |τ = t2.

Definition 8 (Valuation).
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 3 is the standard one period definition of an asset (Berk and DeMarzo,
2011). Definition 6 is the standard conceptualization of systematic risk and idiosyn-
cratic risk across multiple periods (Berk and DeMarzo, 2011). Definitions 5 and 8
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 7 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.

The results rely only on a no-arbitrage assumption, from which the Fundamental
Law of Asset Pricing (re-derived for the timing risk case in Appendix A.1 for com-
pleteness) implies existence of an SDF. The theorems therefore 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 permissible SDF set.
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4.1 Further Timing-Outcome Differences

From the three characterization theorems, a number of conceptual timing-outcome
differences follow. Corollaries 3 and 4 leverage Theorem 2 to show that the higher
order moments of idiosyncratic timing risk affect price, and that there is a gain-loss
asymmetry present for timing that is not generally present for outcomes. Theorem 4
shows that these conceptual timing-outcome differences survive diversification.

4.1.1 Idiosyncratic Risk and Higher Order Moments

In contrast to outcome risk, Corollary 3 shows that the higher order moments of
timing risk affect price. This follows from Theorem 2.

Corollary 3 (Higher-Order Moments for Timing Risk). 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.

4.1.2 Gain-Loss Asymmetry

In contrast to outcome risk, Corollary 4 shows, as the valuation calibrations of Section
2.2 had indicated, that timing risk can raise or lower price. This is an application of
Theorem 2: whether risk raises value depends on the shape of the yield curve. Also
in contrast to outcomes, Corollary 5 shows asymmetry: whenever timing risk raises
value for positive shocks, it must lower value for negative shocks, and vice versa.

Corollary 4 (Certainty and Uncertainty). Let y(T ) denote the yield to maturity at
T . The following are equivalent:

1. For every asset with purely idiosyncratic uncertain timing and payoffs (c, c+a),
uncertain timing is valued higher (resp. lower) than its certain-time equivalent
whenever a > 0 (resp. a < 0).

2.
(
y(T ) + T y′(T )

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

In particular, uncertainty can be valued higher than, lower than, or equal to certainty,
depending on the yield curve.

Corollary 5 (Asymmetry). Any SDF that has a higher valuation for uncertain timing
than certain-time equivalents for positive shocks must have a higher valuation for
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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.

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 concave: y′ ≤ 0, y′′ ≤ 0.

• The yield curve does not rise too steeply relative to its curvature: 2y′(t) ≤
−ty′′(t).

4.1.3 Diversification

One might expect idiosyncratic timing risk to disappear in diversified portfolios, just
as idiosyncratic outcome risk does. Theorem 4 shows why this intuition is incomplete.
Diversification can remove randomness in aggregate cash flows, but it does not remove
the fact that the cash flows occur at different dates. Temporal dispersion can therefore
remain valuation-relevant even after aggregate uncertainty is eliminated.

Theorem 4 (Diversification with Uncertain Timing). Let A1, . . . , An be assets with
purely idiosyncratic timing risk, where asset i pays ci at every date plus ai at random
stopping time τi, with each τi sharing a common marginal distribution supported on
S = {t1, . . . , tK}. Suppose there exist portfolio weights p = (p1, . . . , pn) such that the
portfolio cash flow is deterministic: it pays c at every date plus s at each date in S,
almost surely.

Then:

(a) The portfolio is priced as a portfolio of zero-coupon bonds: its value equals

c
∑
u∈T

m(u) + s
K∑
j=1

m(tj),

where m(u) := E[M0→u].
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(b) The higher-order moments of the temporal dispersion of the shock dates {t1, . . . , tK}
affect valuation.

(c) The portfolio value can be higher, lower, or equal to that of a certain-time equiv-
alent paying Ks at E[τ1].

(d) If the valuation wedge relative to the certain-time equivalent is positive (resp.
negative) when s > 0, it is negative (resp. positive) when s < 0.

Remark 3 (Contrast with Outcomes). Combining perfectly negatively correlated as-
sets with uncertain outcomes that pay at the same date creates a risk-free asset valued
identically to the deterministic asset paying E[A1]. By contrast, Theorem 4 shows
that even when aggregate timing is made deterministic, value generally differs from
paying the same total amount at the average time. The wedge is a curvature effect of
the SDF, not a risk premium, and the sign asymmetry of part (d) persists even in the
absence of uncertainty.

4.2 Characterization Theorems Detailed

4.2.1 Systematic Risk

Theorem 1 decomposed systematic risk into timing and outcome components. Corol-
lary 6 aggregates these into overall systematic timing and outcome risk measures.
Example 3 provides a numerical example of systematic timing vs. outcome risk.

Corollary 6 (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 1
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.
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Example 3 (Numerical Example: Systematic Risk Decomposition). Consider a prob-
ability space with state space Ω = {GG,GB,BG,BB}, times T = {1, 2}, and proba-
bility measure P given in the table below. Define an asset with uncertain timing and
outcomes (Definition 7) with baseline c = 2, stopping time τ , and shock Y as follows:

State ω P (ω) τ(ω) Y (ω) c Asset Payoff at Time 1 Asset Payoff at Time 2 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

where Mt(ω) := M0→t(ω) denotes the stochastic discount factor from time 0 to
time t in state ω.

The asset’s payoff process is:

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

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

shock conditional on the asset paying at time 1, times the probability of paying at 1.
Conditional on τ = 1:

P (GG | τ = 1) =
0.30

0.60
= 0.5, P (GB | τ = 1) =

0.30

0.60
= 0.5.

The conditional means are:

E[M1 | τ = 1] = 0.90 · 0.5 + 0.94 · 0.5 = 0.92,

E[Y | τ = 1] = 13.0 · 0.5 + 5.0 · 0.5 = 9.0.

The conditional covariance is:

Cov(M1, Y | τ = 1) = E[M1Y | τ = 1]− E[M1 | τ = 1] · E[Y | τ = 1]

= (0.90 · 13.0 · 0.5 + 0.94 · 5.0 · 0.5)− 0.92 · 9.0

= (5.85 + 2.35)− 8.28 = −0.08.

Therefore, systematic outcome risk at time 1 is P (τ = 1) · Cov(M1, Y | τ = 1) =

0.6 · (−0.08) = −0.048.
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We now compute systematic timing risk at time 1. Since there are two times at
which the asset pays off with positive probability, create two mega-states: one where
the asset pays at time 1 and one where it pays out at time 2. Then:

E[M1 | τ = 1] = 0.92,

E[M1 | τ = 2] =
0.96 · 0.25 + 0.97 · 0.15

0.40
= 0.96375,

E[Y | τ = 1] = 9.0,

E[Y | τ = 2] =
2.0 · 0.25 + 0.0 · 0.15

0.40
= 1.25.

Computing the covariance and setting E[Y | τ = 2] to 0 using the indicator 1{τ=1}:

E[E[M1 | τ ]] = 0.92 · 0.6 + 0.96375 · 0.4 = 0.9375,

E
[
1{τ=1} · E[Y | τ ]

]
= 9.0 · 0.6 + 0.0 · 0.4 = 5.4,

E
[
E[M1 | τ ] · 1{τ=1} · E[Y | τ ]

]
= 0.92 · 9.0 · 0.6 + 0.96375 · 0.0 · 0.4 = 4.968.

Therefore, systematic timing risk at time 1:

Cov
(
E[M1 | τ ],1{τ=1} · E[Y | τ ]

)
= 4.968− 0.9375 · 5.4 = −0.0945.

The total systematic risk at time 1 is the sum of the two components:

Cov(M1, X1) = −0.048 + (−0.0945) = −0.1425.

As Corollary 1 shows, a timing-outcome dichotomy exists even for systematic risk:
dispersion that raises the value of one must lower the value of the other, and which
of the two direction occurs is characterized by pricing kernel dependent parameters.
9 Relative to these dependencies, a strength of Theorem 2 is that it provides a
sufficient statistics approach to pricing timing, independent of any properties of the

9The result also shows that pricing requires additional nuance relative to utility level comparisons.
Chesson and Viscusi (2003) show that timing dispersion always increases utility for CRRA, and later
work (Onay and Onculer (2007), DeJarnette et al. (2020)) extends this result to other utility forms.
In contrast, Corollary 1 shows that, for pricing, timing dispersion can decrease or increase value,
and which occurs depends on the risk aversion parameter no matter the size of the shock. For the
financially empirically relevant case (risk aversion greater than one (Xu, 2017)), timing dispersion
for aggregate assets decreases value, in contrast to findings from the utility literature. The reason
is that pricing works through marginal utility.
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pricing kernel.

4.2.2 Risk-Free Term Structure Equivalence

As noted in Section 2.1, when risk is purely idiosyncratic, it is possible to characterize
the price of timing risk for all timing risk assets. In particular, it is characterized by
the risk-free term structure.

The intuition behind Theorem 2 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 weight on each time is exactly the stopping time probability.

4.2.3 Risk-Preserving Simplifications of the State Space

Both outcome and timing risk admit a continuum of assets, but the two place that
continuum in different locations, and this is what a finite state space can and cannot
accommodate. The distinction is one of where the pricing-relevant degree of freedom
resides.

The asymmetry can be stated compactly. Pricing idiosyncratic outcome risk is
low-dimensional: one degree of freedom per date, the mean, suffices, and any finite
discretization that preserves the discount function preserves prices. For timing risk,
the entire stopping-time distribution is payoff-relevant, and no single finite discretiza-
tion, where timing risk assets map to timing risk assets, can preserve price for all
assets. Theorem 3 (Restated) makes the statement of Theorem 3 precise with the
formal language of this section.

Theorem 3 (Restated). Let E = (Ω,F , P ) be the true probability space, and let
Price denote price under this space. Suppose there are a finite set of dates, and the
stochastic discount factor M is such that it admits a unique expected value at each
date: E[M0→t] ̸= E[M0→t′ ] when t ̸= t′. Suppose that in this space, for any two dates
t1 and t2, all assets of the form x% chance of paying $1 at time t1 and 1−x% chance
of paying $1 at time t2, which have purely idiosyncratic risk, are representable. Call
this set of assets binary idiosyncratic timing risk. Similarly, suppose in this space,
all assets which pay on a deterministic date t, but may load arbitrarily on different
states within that date, which have purely idiosyncratic risk, are representable. Call
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this set of assets idiosyncratic outcome risk assets. Then:

• Ω cannot be finite.

• There exists a finite discretization of the space, e.g. a finite ΩF which is a coars-
ening of Ω with corresponding coarsenings EF = (ΩF ,FF , P F ), the same set of
dates, and a function such that all outcome risk assets with idiosyncratic risk
maintain their price: there exists a mapping g from representable idiosyncratic
outcome risk assets under E to representable idiosyncratic outcome risk assets
under EF such that for any outcome risk asset with idiosyncratic risk AO in the
original probability space, Price(AO) = PriceF (g(AO)).

• For any finite discretization of the space which maintains the same set of dates,
it is not possible to correctly price all binary idiosyncratic timing risk assets.
In particular, for any mapping g from representable binary idiosyncratic timing
risk assets under E to representable binary idiosyncratic timing risk assets under
EF , there exist two binary idiosyncratic timing risk assets A1 and A2 such that
Price(A1) ̸= Price(A2) but PriceF (g(A1)) = PriceF (g(A2)).

5 Conclusion

This paper contrasted the no-arbitrage pricing of timing risk with that of outcome
risk, generally, for valuation elements, and in practice. Theoretically, the price of
idiosyncratic timing risk is characterized by the yield curve; systematic risk can be
decomposed into systematic timing and systematic outcome risk, with aggregate risk
signed for small shocks; and finite-state approaches work better for pricing outcome
than pricing timing risk. These characterization results lead to other theoretical time-
outcome differences, such as asymmetry for positive versus negative shocks, and the
result that timing risk can amplify both investment cost and revenue potential.

Timing risk changes the standard intuition for risk-adjusted discount rates, both
for idiosyncratic risk and comparative statics. Calibrations using empirical yield
curves suggest the effect is non-trivial, and may help account for buffers in empirical
hurdle rates relative to systematic risk based estimates. Capital budgeting techniques,
in particular payback period, which are suboptimal under outcome risk satisfy more
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reasonable properties for timing risk. Finite scenario analysis can work for outcome
risk but does not work as well for timing.

Despite these many theoretical timing-outcome differences, real world valuation
across a number of settings treats the two as more similar than the theory would
suggest. Direct valuation exercises find departures from theory for pricing timing
relative to no-arbitrage theory, even when there are no departures from theory for
pricing outcomes. There is a slight default tilt towards certainty with some but not
complete sensitivity to updating pricing based on economic conditions. Real-world
valuation in the realms of regulations for employee compensation, and for valuing
innovation firms, compress timing in a manner similar to outcomes. Market prices
are consistent with these results.

Future work on timing may wish to exploit the fact that timing risk and outcome
risk are often lumped together, and separating them may lead to interesting insights.
For example, it could be fruitful to study the pricing impact of timing risk vs. out-
come risk in various real-world markets, such as mergers and acquisitions, or initial
public offering timing, to better understand the extent to which valuation reflects
compensation for timing or outcome risk, whether objective or perceived.
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