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1 Introduction

Economics and finance research traditionally studies the risks that firms are exposed to and
that may or may not materialize. But what happens after a firm has been hit by an extreme
adverse shock? Will it bounce back? In a world with pervasive uncertainties, building
resilience can be pivotal, both at micro- and macro-levels. While there are different ways
to describe resilieneeﬂ one common aspect is this: the ability to cope with the unexpected
(e.g., Molyneaux et al., 2016; Duchek, [2020; Stulz, |2023; Laeven et al., 2025} Stulz, [2025)).

In this paper, we examine the resilience of listed firms. Our approach takes a forward-
looking and dynamic perspective, without relying on a particular crisis period to classify
firms as resilient or non—resilient.ﬂ We develop a new measure of firm resilience, called
ReVaR, which is based on dynamic conditional Value-at-Risk differentials. Firm resilience
is most useful to know before a crisis hits. Our measure ReV aR is forward-looking and when
estimated ex-ante, using only pre-crisis data, it helps predict post-crisis firm performance
during three distinct crisis periods: the Covid-19 outbreak in 2020, the Global Financial
Crisis in 2008, and the Technology Bubble in 2000.

Furthermore, our resilience measure is dynamic, and not tied to a specific crisis episode.
Every crisis has unique features and the specificities that may aid firms to recover during

one type of crisis (e.g., the ability of employees to work from home during the Covid-19

'Indeed, academic research across multiple disciplines examines resilience. For example, resilience as a
psychological trait, organizational resilience, resilience as a feature of an energy network, ecosystem resilience,
and resilience of communities or society at large. See, e.g., Bhamra, Dani, and Burnard, 2011} Logan et al.,
2022,

“Several existing papers study firm resilience during the Covid-19 outbreak from an ex-post perspective,
using stock price changes or the return on assets after the start of the pandemic as a measure of ex-post
firm resilience (e.g., Cheema-Fox, LaPerla, Wang, and Serafeim, [2021; Ding, Levine, Lin, and Xie, 2021}
Fahlenbrach, Rageth, and Stulz, 2021]).



pandemi(ﬂ) may be different from those that may help firms during another type of crisis,
such as the Global Financial Crisis. We estimate resilience at the firm-quarter level across
a long 33-year sample period. Panel regressions over the full sample period reveal that,
besides the expected link of firm resilience to financial flexibility, multiple proxies of a firm’s
innovation activities are significantly related to firm resilience.

More specifically, ReVaR captures the extent to which a firm’s conditional Value-at-
Risk changes after experiencing an extreme return loss when compared to its Value-at-Risk
conditionally upon a normal performance. If the two are similar, the firm, in terms of its
downside risk, bounces back quickly after an extreme loss. In other words, the firm is resilient.
By contrast, a firm whose conditional downside risk increases substantially following an
extreme negative shock is regarded as lacking resilienceﬁ ReVaR has a predictive nature as
it measures not what losses have occurred in the past, but how a firm’s future downside risk
would behave conditional upon a stress scenario. A key advantage of our measure is that
we can estimate resilience at the firm-week or firm-quarter level for the full sample period
starting in January 1990, using stock return data.

We develop ReVaR in four steps. We first estimate a firm’s unconditional Value-at-Risk
using return losses; the ¢% Value-at-Risk of firm i, denoted by VaRé, implies that there is
a ¢% probability that firm 7 will not experience losses exceeding VaRfl. Then, we construct
conditional Value-at-Risk measures, to capture the fact that the distribution of a firm’s tail

risk may vary across different scenarios. Third, we focus on two types of historical scenarios:

3See, e.g., Barry et al. (2022) and Papanikolaou and Schmidt (2022) who study the role of working
remotely for firm outcomes during the Covid pandemic.

40ur resilience measure is inspired by several systemic risk measures, such as the ACoVaR measure
of Adrian and Brunnermeier (2016). Unlike ACoVaR, which conditions on the extreme loss of another
financial institution, ReVaR conditions on the firm’s own past extreme losses, making it a firm-level rather
than systemic risk measure.



a stress scenario in which the firm’s return losses equal its historical 95% (or 99%) Value-at-
Risk, and a so-called median scenario, where its losses equal the firm’s 50% Value-at-Risk.
Finally, we define ReVaRfl as the difference between these two conditional Value-at-Risk
measures. When measuring resilience, we are interested in how much a stress scenario would
increase the firm’s conditional downside risk compared to that of a median scenario. Hence,
a firm with a low ReVaRé is considered to be resilient. In this case, the conditional Value-
at-Risk is not much affected, suggesting that an extreme scenario has the same implications
for the Value-at-Risk of the firm as a typical median scenario, i.e., the firm recovers quickly.
Loosely speaking, the firm’s downside risk bounces back to its normal state even after a
stress event.

We use quantile regressions to estimate the conditional Value-at-Risk measures that form
the basis of ReVaR. This estimation method has been widely applied to estimate conditional
Value-at-Risk (e.g., Koenker and Bassett, |1978; Chernozhukov and Umantsev, 2001; Adrian
and Brunnermeier, 2016; Chernozhukov and Du, 2018). Quantile regressions allow us to
estimate the relation between a firm’s current losses and its future extreme losses, and can
be used to estimate the firm’s future downside risk conditional upon a given current scenario.
To capture changes in firms’ resilience levels over time, we introduce a dynamic time-varying
version of ReV aR, using several state variables, such as the term spread, TED spread and
the VIX index.

We perform two types of validation exercises for our resilience measure. First, we simulate
stock returns using simple GARCH time-series models. We expect that with weaker GARCH

effects, shocks have a less persistent impact on time-varying volatility, making the firm more



resilient. Indeed, we find that lower values of the GARCH parameters lead to lower values
of ReVaR, i.e., more resilience. Our second validation exercise provides direct evidence
that ReVaR is forward-looking in a meaningful economic sense. Using actual firm-level
data, we test whether ReV aR estimated exclusively from pre-crisis data predicts post-crisis
firm performance — measured by Return on Assets — across three distinct crisis episodes:
the Covid-19 outbreak in 2020, the Global Financial Crisis in 2008, and the Technology
Bubble in 2000. Critically, because ReVaR is estimated from pre-crisis returns only, reverse
causality from post-crisis outcomes to our measure is ruled out by construction. We find that
firms classified as more resilient ex-ante have significantly higher post-crisis ROA, and this
relation holds across all three crises — each of which is unique and of a very different nature.
Furthermore, our findings reveal substantial cross-firm variation in ReVaR and we show
that ReVaR is distinct from other (tail) risk measures, including historical VaR, volatility,
skewness, kurtosis and the CAPM market beta.

After having validated our dynamic and forward-looking measure of firm-level resilience,
we examine what types of firms are more resilient than others. To this end, we conduct panel
regressions over the full 33-year sample period where we regress firm-quarter resilience mea-
sures on lagged firm characteristics. We include industry fixed effects and as such analyze
within-industry differences in firm resilience. We consider three categories of firm character-
istics: measures of financial flexibility (market leverage and cash holdings), variables related
to organizational flexibility (measures of innovation and different types of intangible assets),
and traditional measures of firm risk (return volatility and unconditional Value-at-Risk). We

also include firm-level and aggregate control variables.



First, we find a negative and statistically significant relationship between financial lever-
age and resilience, consistent with existing literature (Ding, Levine, Lin, and Xie, 2021}
Fahlenbrach, Rageth, and Stulz, 2021). Furthermore, we find a negative, significant rela-
tionship for cash holdingsﬂ Second and importantly, we detect a key role for the firm’s
ability to innovate. Firms with a larger number of patents, firms with a higher economic
value per patent, and, to a lesser extent, firms with higher levels of R&D investment, are
significantly more resilient. Further, using Peters and Taylor (2017))’s measures of intangible
assets (see also, e.g., Eisfeldt and Papanikolaou, 2013; and Eisfeldt, Kim, and Papaniko-
laou, 2022)), we find that firm resilience is significantly positively related to its knowledge
capital. We also consider other types of intangible assets, including organizational capital
and brand capital, but do not find a robust link between these variables and firm resilience.
Finally, we find that return volatility and unconditional Value-at-Risk are negatively related
to resilience. Our conclusions are confirmed when we perform a variety of robustness tests,
including using ReVaRgg instead of ReVaRys5, including quarter fixed effects, scaling the
different types of intangible assets by market equity and using a more restrictive sample.

We acknowledge that our panel regression design does not allow for strict causal infer-
ence. However, our findings indicate that firm innovation and corporate resilience are closely
related and the innovation-resilience link holds within industries, across a 33-year sample
period, and across multiple specifications. Importantly, the pattern is specific to innovation:

among the different types of intangible assets we consider, knowledge capital is robustly

5This aligns with recent studies on trade-offs between financial and corporate flexibility. For example,
Acharya et al. (2025) study the trade-off between using cash for financial flexibility versus investing in
operational flexibility such as inventory holdings. See also Sanz (2025), who documents that firms build
corporate resilience against supply chain fragility by reducing cash holdings and instead increasing input
inventories. Further, higher cash holdings may indicate that firms face more financial constraints (e.g.,
Hadlock and Pierce, 2010)).



related to resilience, along with patents and R&D investments, while organizational capital
and brand capital — which similarly relate to firm quality — are not. Moreover, there is a
clear economic link between resilience and innovation. Brunnermeier (2021) highlights that
for a system to be resilient, it needs to be able to adapt after the realization of a crisis, by
investing in adaptability pre-crisis. Our empirical results suggest that innovation may play

a significant role here[f

Related Literature

Our resilience measure ReV aR is reminiscent of existing measures of systemic risk. These in-
clude the ACoVaR measure of Adrian and Brunnermeier (2016), who develop a conditional
Value-at-Risk measure to capture systemic risk across financial institutions, Marginal Ex-
pected Shortfall (Acharya, Engle, and Richardson, 2012; Acharya, Pedersen, Philippon, and
Richardson, 2017) and SRISK (Brownlees and Engle, |2017). Instead of the cross-sectional
dimension explored by these measures, we construct our measure at the individual firm level,
analyzing its time-series dimension. Our resilience measure also relates to the literature on
time-varying quantiles, e.g., using autoregressive processes, such as conditional autoregres-
sive Value-at-Risk (C'AViaR) of Engle and Manganelli (2004)) and extended to a multivariate
setting in White, Kim, and Manganelli (2015). The autoregressive nature of large shocks
is also recognized in the financial contagion model of Ait-Sahalia, Cacho-Diaz, and Laeven
(2015). Other measures of downside risk include, among others, negative skewness (e.g.,

Hasan, Taylor, and Richardson, 2022), the frequency of large negative returns or jumps

6Brunnermeier (2021), and the 2024 AFA Presidential Address, focuses mostly on resilience at the
aggregate level, in the context of macro-finance models. By contrast, we study resilience at the firm level.



(e.g., Hutton, Marcus, and Tehranian, 2009)), or estimates based on the power law tail of re-
turns (e.g., Kelly and Jiang, 2014)'|Z| Rather than analyzing time-varying quantiles, or crash
or distress risk perse, our resilience measure captures how the conditional downside risk
changes after a firm has experienced an extreme negative shock, compared to normal times.
In other words, ReVaR is constructed based on a conditional Value-at-Risk differential, by
conditioning upon two different loss scenarios.

ReVaR is built upon the dynamics of a firm’s conditional downside risk. As such, it does
not capture initial return losses or the recovery of those losses, or the effects on expected
returns. A different and complementary perspective is to examine the link between resilience
and expected returns. For example, Pagano, Wagner, and Zechner (2023) develop an asset
pricing model with stochastic disaster risk (see also, e.g., Gabaix, 2012).ﬁ Their empirical
analysis focuses on the Covid-19 crisis and measures resilience as the extent to which a firm’s
operations rely on social interactions. They show that more resilient firms outperformed
during the initial Covid shock, but their option-implied expected returns dropped. Our
approach complements by providing a forward-looking and dynamic measure of firm resilience
that focuses on downside risk rather than expected returns.

Our paper also contributes to a long-standing literature that studies various forms of
resilience, such as psychological resilience (e.g., Masten, Best, and Garmezy, 1990; Mas-
ten and Reed, 2002; Southwick and Charney, 2018), organizational resilience (e.g., Ortiz-

de-Mandojana and Bansal, 2016; Duchek, 2020), community resilience (e.g., Magis, 2010}

"Relatedly, the literature proposes various measures of financial distress or bankruptcy risk, such as the
Moody’s KMV measure of distance to default or logit-based estimates (see, e.g., Crosbie and Bohn, 2001,
and Campbell, Hilscher, and Szilagyi, [2008, among many others).

8 Another related paper is Heyerdahl-Larsen, Illeditsch, and Sinagl (2025), who develop an asset pricing
model where new sources of risk emerge before a recession.



Berkes and Ross, 2013) and ecosystem resilience (e.g., Holling, 1973; Peterson, Allen, and
Holling, |1998; Walker and Salt, 2012)). In these domains, researchers have extensively stud-
ied how to measure resilience and have identified strategies to enhance resilience in differ-
ent contexts. Within the fields of finance and economics, our paper contributes to studies
of firm resilience during Covid-19 (e.g., Albuquerque, Koskinen, Yang, and Zhang, [2020;
Cheema-Fox, LaPerla, Wang, and Serafeim, [2021; Ding, Levine, Lin, and Xie, 2021; Fahlen-
brach, Rageth, and Stulz, 2021; Barry, Campello, Graham, and Ma, 2022; Papanikolaou and
Schmidt, 2022; Pagano, Wagner, and Zechner, 2023; Fisher, Knesl, and Lee, 2025)).

Our results suggest that innovation plays a significant role for firm resilience. The relation
between innovation and firm risk and returns has been extensively examined (e.g., Hsu, Tian,
and Xu, 2014; Kogan and Papanikolaou, [2014; Kogan, Papanikolaou, Seru, and Stoffman,
2017). In addition, some studies show that firms with higher innovation capacity are less
likely to go bankrupt (e.g., Eisdorfer and Hsu, 2011; Bai and Tian, |2020)), and have lower
stock price crash risk (e.g., Jia, 2018} Ben-Nasr, Bouslimi, and Zhong, |2021; Hossain, Masum,
and Xu, 2023)). Rather than focusing on the risk of a stock price crash, we show that after
experiencing an extreme loss, innovative firms also tend to bounce back more in terms of
their downside risk. Finally, some papers link other types of intangible assets to crash risk or
ex-post resﬂienceﬂ We find that for forward-looking and time-varying resilience, knowledge
capital dominates other types of intangible assets.

The remainder of this paper is organized as follows. In Section 2] we present our resilience

measure ReV aR and we introduce a time-varying version in Section[3] Section [4]discusses the

9For example, Hasan, Taylor, and Richardson (2022)) show that firms with more brand capital have lower
stock price crash risk. Uddin, Hasan, and Abadi (2022)) find that firms with more intangible assets were
more resilient (ex-post) during the Covid pandemic.



data. We examine cross-firm variation in ReVaR estimates and the relation to traditional

return-based risk measures in Section Section [6] shows our main empirical results and

robustness tests. Section [7] concludes. A separate [Data Appendix| provides more details

about the data and the [[nternet Appendix| reports further results of the robustness tests.

2 Methodology

This section develops a novel measure of firm resilience, called ReVaR. Our aim is to derive
a measure that is forward-looking, without needing to specify crisis event(s) in advance.
Also, our measure should be dynamic, such that we can analyze its properties both across
firms and over time.

Resilience usually refers to the ability to survive and recover from extreme and unex-
pected disruptions. Therefore, a natural starting point is a firm’s downside (or tail) risk.
Conceptually, resilience differs from downside risk, as it captures not the probability or ex-
tent of an extreme negative event, but rather, what happens to the firm afterwards. In other
words, after experiencing an extreme negative shock, will the firm bounce back? We there-
fore define resilience as the degree to which the firm’s downside risk after experiencing an
extreme negative scenario deviates from the firm’s downside risk after a normal performance.
Defining resilience based on dynamics in a firm’s downside risk has several advantages: we
can estimate the measure using stock return data, which are readily available, it is forward-
looking and we can implement it at the firm-week level.

In Section [2.1} we first introduce a basic static version of ReVaR. Section discusses

the estimation method, based on quantile regressions. Finally, Section [2.3| presents a first



validation exercise where we estimate ReV aR using simulated returns.

2.1 A Return-Based Resilience Measure: ReVaR

We derive our resilience measure ReVaR in four steps. Recall that we define resilience as
the extent to which firms bounce back in terms of their downside risk after experiencing an
extreme negative scenario. Therefore, as a first step, we need a measure of downside risk.
To this end, we use the well-known Value-at-Risk. Firm i’s ¢% Value-at-Risk is denoted by
VaR; and is defined as:

Pr(X; <VaRl) = ¢%, (1)

where X/ is the return loss of firm ¢ at time tm In other words, X! is given by the negative
value of returns. The use of return losses when calculating Value-at-Risk measures is common
practice, and typically leads to VaRfl being expressed as a positive value. As such, the chosen
value of ¢ is typically larger than or equal to 50% as we focus on the downside risk of a firm.
From this equation, we can see that VaRf] is the unconditional ¢% quantile of firm 4’s return
losses. Suppose ¢ = 95, then VaRf]:% can be interpreted as the upper bound of firm ¢’s
loss in 95% of the cases. In other words, there is a 5% chance that firm ¢ loses more than
VaR]_s.

Because our goal is to measure how a firm’s downside risk behaves after the firm experi-
ences extreme losses, in step two, we move on to a conditional Value-at-Risk. We condition

the Value-at-Risk on specific scenarios. We denote VaRZlCi as firm 7’s gth-quantile return

0Note that in Expression the unconditional Value-at-Risk does not depend on time ¢. Formally, we
can also use X! instead of X} to indicate that X' is the return loss of firm 4 for a given period.

10



loss conditional upon scenario C*{]

Pr(Xj,, < VaRI® | C') = ¢%. (2)

Note that we can also express VaRfl‘Ci

as an inverse of the conditional cumulative distribution
function (CDF) of return losses X/, at level g.

We define resilience as the degree to which a firm’s Value-at-Risk differs conditional
upon an extreme underperformance compared to its conditional Value-at-Risk after a typical
performance of the firm. Therefore, as a third step, we specify two conditioning scenarios: a
stress scenario, denoted by C, and a normal, or median scenario, C? . Specifically, we define
C! as a scenario in which firm ¢’s losses equal its unconditional VaRfl, where we use ¢ = 95

or g =99:

‘ o
Pr(X/, < VaRI%

X{ =VaR}) = ¢%. (3)

Under this definition, VaRé'C; measures firm ¢’s conditional gth-quantile of return losses
after it experiences an extreme loss. It is a one-period forward-looking measure. Likewise,
we define C?  as a benchmark scenario when firm i’s return (losses) equal its unconditional

median return (loss) VaRL:

Pr(Xj,, < VaRI% | X} = VaRL) = ¢%. (4)

There are two things that need to be highlighted. First, for consistency reasons, we use

1Tn Expression , the conditional Value-at-Risk does not depend on time t. Formally, for each return
loss X7, the scenario C" is measurable at time ¢t = -.

?Note that VaR._s, is the median value (with negative sign) of all returns rather than the median of
losses only.

11



the same ¢ level in the unconditional VaRfZ to define the stress scenario as the g used
in the conditional Value-at-Risk measures VaRfI'C; and VaRé‘Cf" themselves. Second, the
unconditional VaRf] differs per firm, indicating that the return loss that defines a stress
scenario or a median scenario is specific to each firm. This allows us to better compare
resilience across firms. A particular percentage return loss can constitute a stress scenario
for one firm, but not for another firm.

Finally, in step four we construct our resilience measure, called ReVaR as the difference

between two conditional VaRs:
i i|Ct i|CE
ReVaR!, = VaRI% — VaRI%, (5)

where “Re” stands for how “Resilient” the conditional VaR is. In other words, if the
conditional VaR does not differ much after the firm has experienced an extreme stress
scenario, compared to a normal scenario, the firm is resilient. Hence, a resilient firm has a
low ReVaR.

The resilience measure inherits properties of the conditional Value-at-Risk measures such
that it is specific to firm ¢ and it is a function of the chosen quantile q. As mentioned earlier,
we focus on extreme stress scenarios with ¢ = 95 and 99.

To show the intuition behind cross-sectional comparisons of ReVaR, we consider a very
simple numerical example. Suppose that firm A has VaRj:'gg = 10% and VaRj:‘gg = 5%,
whereas firm B has VaszlggB = 11% and VaRf:‘gf‘ = 7%. When both firm A and firm
B experience normal (or median) performance, the 95% probability upper bound of next

period return losses is 5% for stock A and 7% for stock B. Suppose now both firm A and

12



firm B encounter a stress scenario. The conditional VaR’s imply that the 95% probability
upper bound of next period return losses equals 10% for stock A and 11% for stock B. In
both scenarios, stock B has a higher conditional downside risk than stock A. However, the
conditional Value-at-Risk differential is smaller for stock B: ReVaR[ o5 = 11% — 7% = 4%
versus ReVaR, o = 10% — 5% = 5%. Hence, firm B is classified as more resilient than
firm A. In other words, a stress scenario presents a greater (relative) challenge to firm A
than to firm B, whose downside risk one period after the occurrence of an adverse event is
less distant from that under a median performance when compared to firm A. This stylized
example highlights the difference between (downside) risk and resilience. A more risky firm
(B) can be more resilient than a less risky firm (A).

Throughout this paper, we use Value-at-Risk as the basic measure of risk to construct
our measure of resilience. There exists a large literature on alternatives to the Value-at-
Risk, such as perhaps most noticeably Expected Shortfall[| Expected Shortfall and related
risk measures have been used to measure systemic risk in Acharya, Engle, and Richardson
(2012), Acharya, Pedersen, Philippon, and Richardson (2017)), and Brownlees and Engle
(2017). One could also invoke Expected Shortfall to construct (an adapted version) of our
measure of resilience[t]

In view of the appealing statistical properties of quantiles, we restrict attention to Value-

at-Risk as the basic measure of risk, and leave extensions and generalizations to future work.

13Modern classes of risk measures include coherent, convex, entropy convex, monetary, return, cash-
subadditive, quasi-convex, quasi-logconvex, and star-shaped measures of risk. We refer to Ch. 4 of Féllmer
and Schied (2016|), Laeven, Rosazza Gianin, and Zullino (2025), and the references therein for further details.

141n fact, it is conceptually straightforward to replace the Value-at-Risk by any conditional distortion
risk measure of Dhaene, Laeven, and Zhang (2022) in the definition of our measure of resilience. See also
Laeven, Ferrari, Rosazza Gianin, and Zullino (2025) for a variety of related theoretical results, including
well-posedness of the continuous-time limits.

13



2.2 Estimation Method: Quantile Regressions

In the previous subsection, we have constructed a measure of resilience by taking the differ-
ence between two conditional Value-at-Risk measures. To estimate a conditional Value-at-
Risk, we use quantile regressions as our main estimation method. Quantile regressions offer
various advantages (Bassett and Koenker, [1978; Koenker and Bassett, [1978; Chernozhukov,
Fernandez-Val, and Kaji, 2017) and have been widely applied in the estimation of condi-
tional Value-at-Risk (e.g., Chernozhukov and Umantsev, 2001; Adrian and Brunnermeier,
2016; Chernozhukov and Du, 2018)).

As a starting point, we use the following quantile regression:

X;,t+1 = O‘; + @ZJZXZ + Ef],t—i—l? (6)

where X, is firm i’s gth quantile return loss at time ¢; I} equals 1 if Xj > 0 and 0 otherwise;
afl is the intercept, which is firm- and probability-level specific; 62 quantifies the extent to
which next period’s extreme losses can be described by current losses; and efm 41 1s the error
term.

As we discuss in more detail in Section [4] in our empirical analysis we use weekly return
data to estimate the quantile regressions and ultimately, ReVaR. This means that we use
firm 4’s current return losses to regress extreme 95% or 99% quantile return losses of firm
1 one week later. We focus on a one-week horizon rather than a longer period because

our analysis focuses on the U.S. equity market, which is widely regarded as informationally

efficient. In such a market, prices are expected to incorporate information quickly, limiting

14



the relevance of longer time windows.

Note that we include the indicator I} into our regression equation in order to select only
current return losses (and not gains) to predict next week’s extreme losses. As is well-known,
there is a relatively weak extreme-quantile correlation between X ;,t .1 and X/ and including
the indicator leads to more significant coefficient estimatesﬁ Furthermore, using I} X} rather
than X! as regressor also fits our research design. Our idea of using a quantile regression is
to describe future extreme losses, based on the current information set. By introducing I7,
we allow only current losses, not gains, to affect the distribution of future extreme losses,
which is natural when measuring resilience with respect to adverse events.

We can now calculate VaRé'Cg with the estimated coefficients obtained from Equation
®):

VaRI% = &} + BLIIVaR!, (7)

q

where I} equals 1 when VaR! > 0. VaR} is estimated as the quantile value using all firm
1’s historical returns.ﬁ To avoid excess notation, in Expression (7)), we denote the estimated

i

—iC | ici . . il .. ,
VaR, = simply by VaRq‘CS. Likewise, we calculate VaRq‘Cm by plugging in VaR:,:

VaRIC = & + BiIi VaRy,, (8)

where I, is equal to 1 if VaRL, > 0 and equals 0 otherwise.

15See also, e.g., Baur, Dimpfl, and Jung (2012), who estimate quantile regressions for major European
stocks and find a similar pattern. They ascribe this to a high variance of returns in extreme quantiles.

16Recall that for our Value-at-Risk measures we always use return losses, so we multiply all returns by
-1
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As the last step, the resilience measure ReVasz is obtained as:

ReVaR, = VaRI% — VaR) = B(IIVaR, — I},VaR,). (9)

2.3 Validation: Estimating ReVaR using Simulated Returns

To provide a first, basic validation of our new measure of resilience, we estimate ReVaR
using Monte Carlo simulated stock returns. Our goal here is simply to verify that for a
return generating process where one expects little resilience, we indeed find higher ReVaR
estimates than for a return generating process where one expects more resilience. In a second
validation exercise, we use real data and link our ex-ante resilience measure to ex-post crisis
outcomes across firms (see Section [6.1]).

To simulate firm-level stock returns, we employ a standard GARCH framework. We
expect that with stronger GARCH effects, shocks have a more persistent impact on time-
varying volatility, making the firm less resilient. On the other hand, with weaker GARCH
effects we expect to find higher firm-level resilience. Specifically, we start with the following
return generating process:

Ty = [+ €y, Et = O¢Z¢, (10)

where r; denotes the return of a firm at time ¢, p represents the constant mean return, o?
is the conditional variance of returns, and z; are independent and identically distributed

innovations drawn from a standard normal distribution. For simplicity, we assume p = 0.
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We also assume the conditional variance o7 evolves according to a GARCH(1,1) specification:

Ut2 :W+O‘5t2—1 +60-1€2—17 (11)
where w > 0, @ > 0, and S > 0 are parameters subject to the covariance-stationarity
restriction o + 8 < 1. Here, o captures the short-run reaction of volatility to new shocks,
whereas [ reflects the persistence of volatility over time.

We construct a simulated panel of 1,000 stocks, each comprising 1,560 observations,
corresponding to 30 years of weekly returns. For different combinations of the GARCH
parameters « and (3, we compute the average resilience measure across the 1,000 firms.
Figure |1| shows results based on on ¢ = 95 and Figure in the Internet Appendix shows

the results for ¢ = 99.
[Insert Figure [1f about here]

Both sets of simulation results confirm a negative relationship between our resilience measure
and the GARCH parameters. For higher values of a, which reflect stronger sensitivity
of volatility to new shocks, we find higher estimates of ReVaR, meaning lower resilience.
Likewise, higher values of 3, which capture the persistence of volatility, are also associated
with higher estimates of ReVaR.

In sum, the observed positive relation between ReVaR and the GARCH parameters
serves as a first component of our validation exercise. At the same time, it is important to
emphasize that our resilience measure is conceptually distinct from the GARCH parameters

themselves. The GARCH parameters o and (8 characterize the sensitivity and persistence
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of total return volatility, which is a symmetric measure. By contrast, our resilience measure
ReVaR is based on the dynamics of a firm’s downside risk, which is asymmetric, highlighting
the capacity of firms to absorb extreme losses rather than simply the persistence of overall

volatility dynamics. Moreover, ReVaR is a conditional downside risk differential.

3 A Dynamic Resilience Measure

In Section [2 we have specified the stress scenario C? and the median scenario C?, as scenarios
where the firm’s return losses equal the firm’s unconditional Value-at-Risks VaR; and VaRY.
For the resulting static resilience measure, these unconditional VaRs are estimated using all
historical returns of the firm. However, tail behavior of equity returns changes over time,
as shown in, for instance, Quintos, Fan, and Phillips (2001)), Galbraith and Zernov (2004]),
Engle and Manganelli (2004)), Kelly and Jiang (2014), Can, Einmahl, and Laeven (2024). We
therefore extend the measure to a dynamic setting to allow for variation in firms’ conditional
downside risk over time.

Note that because we condition on extreme return losses, taking a rolling-window ap-
proach brings challenges as the classification of return losses as extreme would be done within
each window. Instead, to make the measure dynamic, we follow Adrian and Brunnermeier
(2016) and model the time variation in VaR; , as a function of exogenous state variables. In
this section, we present the details of the estimation method for the time-varying ReVaR.

To start, we estimate the following quantile regression with different state variables M,
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based on the full sample period:

;t = )\f] + véMt + n;t. (12)

This regression estimates the contemporaneous relation between extreme g-quantile return
losses of firm ¢ and a vector of aggregate state variables M;. Here, ’y; is the vector of
exposure estimates of extreme return losses to each state variable; )‘f; captures the time-

7.

invariant component of VakR, ;;

and néyt is the error term. We do not impose any restrictions
on 7., and thus the sign of 7 can be different for each ﬁrm.m

We can now use the above coefficient estimates to construct the time-varying uncondi-

tional Value-at-Risk measure VaRévt as a linear function of M;:

VaR,, = N} +7,M,. (13)

Whereas for the static measures discussed in Section [2| we calculate the static unconditional
VaRfI as the quantile value of all firm ¢’s historical returns, here the unconditional Value-
at-Risk VaRth is time-varying through M;. Hence, time variation in the stress scenarios
represented by VaRéyt arises due to how firm ¢’s extreme losses are exposed to the state
variables in M;.

We take a similar approach to make VaR%,, as a measure of a normal median scenario,

"Equations (12))-(L5]) have different interpretations compared to related expressions in Adrian and Brun-
nermeier (2016). In their paper, Adrian and Brunnermeier (2016) use lagged state variables M;_; to capture
time variation in the conditional moments of asset returns. Instead, we use exposures to contemporaneous
M; to model a firm’s extreme loss at time ¢. For example, if we use excess market return as My, 'yé measures
how firm 4’s g-quantiles of return losses at time ¢ are exposed to market returns at time ¢.
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time-varying:

Xé(),t = Ao + Vi M, + 77%07ta (14)

and

Va’RéO,t = Ao + i M. (15)

Recall that we construct static conditional Value-at-Risk measures by multiplying the
unconditional Value-at-Risk measures that constitute the stress and median scenarios by the
coefficient estimates from the quantile regression of firm 7’s extreme losses in the next period
on its current return losses, Equation @ Here we repeat that step, but also include the

state variables as control variables in those quantile regressions:ﬂ

X;',t = ag + 5;1;’)(;' + 5§Mt + e;m. (16)

In we use the same timing for all independent variables, i.e., we take both return losses
of firm 7 and state variables M at time ¢ to predict quantile ¢ losses of the firm at time ¢t 4 1.
We estimate the above quantile regressions that include the state variables using the full
sample periodH

Using the estimated regression coefficients, we obtain the dynamic conditional Value-
at-Risk measures. We denote a stress scenario at time ¢ as CZ, which is a scenario when

the return loss of firm 7 equals its unconditional 95% or 99% Value-at-Risk at time ¢. The

I8For ease of exposition, we use the same notation for the coefficients and error term in as for the
coefficients and error term in the static counterpart @

190ne exception is the validation exercise in Section where we estimate all regressions using only data
until the end of December in the year before the crisis.
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conditional Value-at-Risk at time ¢ can now be obtained as follows:

i|ct

VaR,," =& + BiI[VaR!, > 0]VaR., + 5. M, (17)

Note that VaR;[ts’t is a one-period forward looking measure, based on X, ;.
Similarly, the dynamic Value-at-Risk conditional upon a median scenario is constructed
as:

iC, .
q,t

VaR =&, + BLI[VaRL,, > 0VaR,, + 6,M,. (18)

Lastly, we compute the dynamic resilience measure ReVaR;t for each firm as the dif-
ference between the dynamic VaR conditional upon stress scenarios and the dynamic VaR

conditional upon median scenarios:

ek
t

; i i|CE,
ReVaR,, =VaR, !

q)t

T —VaR
(19)

= Fi(I[VaR,, > 0)VaR!, — I[VaRi,, > 0]VaRi,,).
ReVaRth constitutes a forward looking resilience measure of firm ¢, conditional upon infor-
mation at time .
Because in the data, I [VaRth > 0] =1 and VaRgOJe ~ 0, one may simplify the above
expression as:

ReVaR, , = BL(N, + Y, My). (20)

We can see that ReVaRfN depends primarily on four components. First, the sensitivity
of future extreme losses to current return losses, which is measured by 3}1 Since the term

VaR!, = Xfl + 7, M, is positive, a lower sensitivity Bé is related to a lower ReVaR,, and
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thus higher resilience. This means resilient firms are those for which quantiles of return
distributions, following adverse events, revert within one period to those under median sce-

narios. The second component, )\f}, may be viewed as the firm’s idiosyncratic component of

VaR:

o+ Wwhen M, stays constant. The third component, ﬁ;, measures the sensitivity of the

firm’s extreme losses to contemporaneous changes in M;. The last component contains state

variables M;, which are the same for all firms.

4 Data

Our analysis relies on three types of data: firm-level stock return data, used to estimate
firm-level resilience, aggregate financial and macroeconomic variables used as state variables
for the time-varying Value-at-Risk measures, and finally, firm-level characteristics that we

use to examine what types of firms are more resilient than others.

4.1 Firm-Level Stock Return Data

We obtain daily firm-level stock return data from CRSP, and transform the daily returns to
continuously compounded returns on a weekly basis. We focus on weekly returns since it
provides more granular observations than monthly data, so we are better able to capture the
effect of extreme events at short horizons. At the same time, daily returns tend to be noisy.

Our sample comprises U.S. stocks with share codes 10 and 11 from January 1, 1990 to
December 31, 2022. We include stocks with at least 260 weekly return observations. Our
sample begins in 1990 as this is the start of the VIX index, one of the state variables.

To mitigate survivorship bias, we include delisted stocks in our sample. We exclude small
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stocks whose prices have fallen below 1 dollar at any point during our sample period; and ex-
clude observations with a negative Book-to-Market ratio. We also exclude regulated utilities
(Standard Industrial Classification codes 4900-4999), financial firms (6000-6999), and com-
panies classified under public services, international affairs, or non-operating establishments

(9000+), as in Peters and Taylor (2017)).

4.2 Aggregate State Variables

In order to estimate the time-varying ReV a R based on Equations and , we introduce
state variables M;. We focus on six macroeconomic variables: the three month yield change,
the term spread change, the TED spread, the credit spread change, the value-weighted U.S.

stock market return, and the VIX index. Details of the construction of these variables can

be found in a separate [Data Appendixl Table [I] shows the summary statistics.

[Insert Table |1] about here]

4.3 Firm Characteristics

In Section [6] we analyze the relation between our firm-level resilience measures and firm
characteristics to assess which types of firms are more resilient. We examine resilience in the
context of extreme, adverse return losses. Traditional hedging and risk management with
respect to current sources of risk exposure is less relevant as a tool for resilience management,
as also suggested by Stulz, [2023. Rather, we relate firm resilience to three categories of firm
characteristics.

First, we consider measures of a firm’s financial flexibility, including market leverage
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and cash holdings.m We obtain quarterly firm financial data from Compustat. Cash and
cash equivalents are scaled by total assets. We follow, among others, Campbell, Hilscher, and
Szilagyi, 2008/ and DeAngelo, Gongalves, and Stulz, 2018 and focus on market leverage rather
than book leverage. Campbell, Hilscher, and Szilagyi, 2008 show that market leverage is
more informative for financial distress than book leverage, possibly because new information
about the firm is incorporated faster in market equity. We measure market leverage as the
sum of long-term and short-term debt divided by the market value of the firm’s equity.
Second, we include in our analysis variables related to a firm’s organizational flexibility:
measures of firm innovation and intangible assets. We consider three measures of firm in-
novation activities. To capture innovation input, we include R&D expenses scaled by total
assets, based on Compustat data. We employ two measures of innovation output, using
the patent data from Kogan, Papanikolaou, Seru, and Stoffman (2017). The first one is
the number of patents, defined as the total number of patents issued in the past five years
(i.e., twenty quarters). The other measure is the average economic value of firm patents,

computed as the total economic value of patents in the past five years divided by the patent

number during the same period. Details can be found in the [Data Appendix]

Next, we obtain five (partially related) measures of firms’ intangible assets. The first four
are based on Peters and Taylor (2017), where the data is provided directly by Compustat

through WRDS. Knowledge capital is developed through spending on R&D, and organiza-

20Studies on financial flexibility, such as DeAngelo, Gongalves, and Stulz, 2018 and Fahlenbrach, Rageth,
and Stulz (2021), suggest leverage and cash as measures of financial flexibility. Financially constrained firms
may also be less financially flexible. Fahlenbrach, Rageth, and Stulz (2021) compare well-known measures
of financial constraints, such as those of Kaplan and Zingales (1997), Whited and Wu (2006), and Hadlock
and Pierce (2010), to measures of financial flexibility. They find, however, that these financial constraints
measures are not clear proxies for the lack of financial flexibility. We therefore focus on leverage and cash
as measures of financial flexibility.
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tional capital is based on past selling, general and administrative (SG&A) spending (see also,
e.g., Eisfeldt and Papanikolaou, |2013). Both are constructed using the perpetual inventory
method. The sum of these two types of intangible assets constitutes the stock of internal in-
tangible capital (i.e., “Off-Balance Sheet Intangible Assets”). “Intangible Assets” represents
the sum of Off-Balance Sheet Intangible assets and externally purchased intangible capital
of the firm, such as goodwill that is purchased through an acquisition. Finally, we include a
measure of brand capital, following Belo, Lin, and Vitorino (2014) and Hasan, Taylor, and
Richardson (2022]) and constructed similarly using the perpetual inventory method (see
. We scale all five categories of intangible assets by total assets. In robustness
tests, discussed in Section [6.2.3] we also scale by market equity.

The third category of firm characteristics includes traditional risk measures: stock return
volatility, based on the standard deviation of the firm’s stock returns in the past 12 months,
and the time-varying unconditional Value-at-Risk obtained from Equation ((13]).

Finally, we include as firm-level control variables firm size (the natural logarithm of total
assets), the book-to-market ratio and the Return on Assets (ROA). ROA is calculated as
net income divided by total assets. Alternatively, we use EBITDA and EBIT as numerators
in the calculation of ROA.

The measures of intangible assets are available at an annual frequency, all other variables
are available at the quarterly frequency. We therefore run both quarterly and annual panel
regressions. We drop firms in a given quarter or year when total assets, book equity or
market equity is missing. The other firm variables are set to zero when they are missing, as

is common practice in the literature. In a robustness test, we also drop firms when any of
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the other firm-level variables is missing and find similar results (see Section [6.2.3). Table

reports summary statistics of the firm-level variables.

[Insert Table [2] about here]

5 Estimation Results of Firm-Level Resilience ReVaR

This section discusses the estimation results of ReV aR and its components. We start with the
static version to assess cross-firm variation and to compare it to several well-known measures
of firm (downside) risk. Then, we examine the dynamic estimates and the exposures to state

variables.

5.1 Static ReVaR

Section introduces quantile regressions as an estimation method for the static ReVaR.
As a first step, we estimate Equation @ and obtain 5:35, which measures the extent to which
future extreme losses can be described by current losses. In the discussion below, we mainly
focus on ¢ = 95, but the Internet Appendix Figure shows similar results for ¢ = 99.

Figure 2| Panel A displays the relation between ﬂ/\§5 and its t—value.
[Insert Figure [2| about here]

Panel A shows that S is typically both economically important and statistically significant.
Moreover, even though the vast majority of 8- estimates is positive, highlighting that past

—

losses positively predict extreme future losses, we observe a small number of negative i
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estimates. The figure reveals substantial cross-firm variation in 5\55, ranging from —0.4 to
about 1.0.

We obtain ReVaRj; using Equation (9), where VaRi; and VaRi, are calculated as the
quantile values of all of firm ¢’s historical returns. Panel B shows substantial variation in
ReVaR}; across firms, ranging from —4% to 12%. Figure in the Internet Appendix
shows that when we consider more extreme negative scenarios with ¢ = 99, the magnitudes
are more pronounced with éé\g ranging from about —0.6 to 2.5 and ReVaR}, from —10% to
about 40%.

Panel C plots the relationship between ReVaRj; and its component VaRjs. As there
is no one-to-one relationship between ReVaRi, and VaRj;, the figure highlights that our
resilience measure ReVaR is different from a historical VaR and provides information about
a different aspect of firms’ tail risk. All panels show substantial dispersion across firms,
which is essential for our follow-up analysis where we relate differences in resilience to firm
characteristics.

Next, we compare ReVaR to other (tail) risk measures. Figure |3| Panels A, B and C
present scatter plots between ReVaR and higher moments of historical returns R*. We also

obtain ! .. from the CAPM and show its relation with ReVaR in Panel D.
[Insert Figure [3{ about here]

In short, we do not find a significant positive or negative relation between ReVaR and .,
or higher moments. Figure in the Internet Appendix shows similar results for ¢ = 99.
In sum, we show that there is substantial variation of ReVaR across firms, which en-

ables us to conduct further cross-sectional analyses. Furthermore, ReVaR is different from
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other (tail) risk measures, including the historical Value-at-Risk (VaR), the CAPM market
beta (8.,,), and higher moments of historical returns. These findings suggest that ReVaR

provides new information about another aspect of firms’ tails: resilience.

5.2 Dynamic ReVaR

We now turn to the dynamic ReVaR estimates as our main measure of resilience. As
described in Section [3] time variation in the components of ReVaR is captured via a function
of the exposures of a firm’s quantile return losses to state variables. We consider six state
variables, including the yield spread, term spread, TED spread, credit spread, stock market
returns and the VIX index.

We include the state variables in two types of quantile regressions. First, to model time
variation in the firm’s unconditional Value-at-Risk, we estimate for each stock the quantile
regression where we use the stock’s ¢%-quantile weekly return losses as dependent variable
and the contemporaneous weekly state variables as independent variables, see Equations
and . Table |3 reports the average absolute t—statistics of the estimated regression
coefficients 4°. We report the average absolute t—statistics because the exposures to state
variables of each stock might have different signs and here we are interested in evaluating
the statistical significance rather than the sign of the estimated risk exposure.

Then, the second set of quantile regressions is used to estimate time-varying conditional
Value-at-Risk measures; see equation ([16]). Here, we regress firm i’s quantile return losses
in week ¢ + 1 on firm 4’s current time ¢ return losses and include state variables as control

variables. The regression coefficient estimates for the state variables are denoted by 5
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Table [3] also reports the corresponding average absolute t—values.
[Insert Table [3| about here]

We find that for the quantile return losses X5, and X§q, (i.e., extreme losses) the aver-
age absolute t—values are the largest for the market return, the VIX index and the TED
spread. Quantile returns X7, (i.e., median returns) yield the largest (by far) average ab-
solute t—value for the market return. When we include lagged state variables as control
variables in the quantile regressions on the stock’s own return losses (Equation ((16)), we

find that the average absolute t—values for 3\; are the largest for the VIX index.
[Insert Table {4 about here]

Table 4] presents summary statistics of dynamic firm-level resilience estimates. In total, our
sample includes 4,046 stocks and 3,279,885 observations on a weekly basis.@ We start
with the coefficient estimates B\; of the quantile regressions in expression that capture
the predictive power of a firm’s past week losses for current quantile-¢ losses. On average
across all stocks, 335 equals 0.105 and 555 equals 0.188 The dynamic resilience measure
ReVaRj;, ranges from —3.96% (p1%) to 6.86% (p99%), and the average value across firms
and weeks is 0.708%. The economic interpretation is that after a stress scenario, the one-
week forward-looking 95% Value-at-Risk of a stock is 0.708% point larger on average than

under a median scenario. Similarly, a stress scenario will increase the 99% Value-at-Risk of

21The effective number of observations differs slightly across quantiles because estimation at the 0.99
quantile relies on very few effective tail observations within each firm. For some firms, the extreme upper
tail provides insufficient support for stable estimation, leading to non-convergence and hence a slightly
reduced sample size.

22Note that a Bi close to zero may simply indicate that past losses do not affect the probability of future
extreme losses much, suggesting higher resilience.
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a stock by 2.495% point on average. At the same time, the large dispersion of the estimates
highlights that there is substantial variation in resilience estimates across firms and over

time, which we will exploit in the next section.

6 Resilience and Firm Characteristics

In this section, we first validate our resilience measure by showing a significant relation
between ex-ante dynamic ReVaR and the post-crisis Return on Assets (ROA), which can
be viewed as an ex-post resilience measure of the firm. In Section [6.2] we conduct panel
regressions that relate resilience to lagged firm-level characteristics to better understand

what types of firms are more resilient than others.

6.1 Validation: Ex-Ante v.s. Ex-Post Resilience

Several recent finance studies use post-crisis stock price changes as an ex-post measure of
firm resilience (e.g., Cheema-Fox, LaPerla, Wang, and Serafeim, 2021; Ding, Levine, Lin,
and Xie, 2021; Fahlenbrach, Rageth, and Stulz, 2021)). By this definition, firms with lower
cumulative stock return losses after a crisis are regarded as resilient firms. Alternatively,
Return on Assets (ROA) is also used as an ex-post resilience measure as it measures the
financial performance of a firm (see, e.g., Fahlenbrach, Rageth, and Stulz, 2021). As our re-
silience measure is already return-based, we focus on ROA as a post-crisis outcome measure.
Specifically, in this section, we link ReV aR as an ex-ante resilience measure to ex-post ROA.
We consider three different crises: the Covid-19 outbreak in 2020Q1, the Global Financial

Crisis in 2008Q3 and the Technology Bubble in 2000Q1.
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To avoid a look-ahead bias, for this part of the analysis we estimate ReV aR using pre-
crisis data only. That is, we use data from January 1 1990 to December 31 2019, from January
1 1990 to December 31 2007, and from January 1 1990 to December 31 1999, respectively,
to estimate ex-ante firm resilience for the above three crisis events. Following the estimation
methods in Sections [3|and [5.2], we obtain weekly ReVaR estimates for each firm for each pre-
crisis subsample period. Next, similar to Adrian and Brunnermeier (2016), we average the
weekly ReVaR estimates within each quarter. This reduces noise and allows us to link the
quarterly firm-level resilience estimates to the quarterly firm characteristics, including the
quarterly Return on Assets. Specifically, we use the quarterly ReVaR estimates for 2019Q4,
2008Q2, and 1999Q4, respectively, as pre-crisis ReVaR estimates for the three events. To
measure post-crisis performance, we use the Return on Assets in quarters 2020Q2, 2008Q4
and 2000Q2, respectively. We compute ROA in three different ways using NI, EBITDA and

EBIT as numerators. We then run the following cross-sectional regressions:

ROAévent+1 =a+ bRevaRé,eventfl + CXéventfl + EiventJrl' (21>

We include industry fixed effects and cluster standard errors by industry. We also control for
pre-crisis firm-level characteristics, including lagged ROA, in all regressions. Table [5] shows

the results.
[Insert Table |5| about here]

Panel A reports the results for ReVaR{g ¢yen—1, While Panel B shows results for ReVaRi; ,pens—1-

We focus mostly on ¢ = 99 here, given the rare nature of these three crisis events. Panel
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A shows that in all regressions, we can observe negative signs of /l;, indicating that firms
with lower ReVaR before the crisis (i.e., firms that are classified as more resilient ex-ante)
tend to have a higher ROA after the crisis. As mentioned earlier, we conduct the tests with
three alternative measures of ROA. For all crises, we find that the relation between ROA
and ReVaR is statistically significant for one, two or three of the specifications: during the
Covid-19 outbreak (Columns 1-3) based on EBITDA and EBIT, during the Global Finan-
cial Crisis (Columns 4-6) based on NI, and during the Technology Bubble (Columns 7-9)
based on all three ROA measures. Recall that in all regressions we control for multiple pre-
crisis firm characteristics as well as industry fixed effects. Panel B shows that when we use
ReVaRfFO.%, again, all estimated coefficients are negative, but the statistical significance
is only found for the 2008 Global Financial Crisis. This suggests that given the extreme
rare nature of these three crisis periods, the ex-ante resilience measure with ¢ = 99 delivers
tighter linkages with post-crisis outcomes.@

In sum, these results provide further empirical evidence to validate our resilience measure.
Each of these three crises is unique and arguably of a very distinct nature. Yet, our return-
based ex-ante resilience estimates ReV aR have significant predictive power for which firms
turn out to be ex-post resilient during each of these crises. Across all three crises examined,
we estimate a firm’s ReV aR solely from pre-crisis data. This suggests that ReV aR captures
a firm’s prospective capacity to sustain its business operations during unforeseen crises. In

essence, it serves as an indicator of the firm’s preparedness to navigate through unexpected

2 As we discuss in more detail in Section in our baseline analysis we set missing observations to
zero, mainly because R&D is available for a smaller set of firms. As a robustness test, we drop all firms
with any missing variable in the cross-sectional regressions and find very similar results; see Table in the
Online Appendix.
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disruptions, thereby providing valuable insights into its resilience potential.

6.2 Panel Regression Results

In the validation exercise above, we focus on three specific crises. However, our goal has
been to develop a resilience measure that is dynamic and forward-looking, such that we do
not have to specify specific crisis events. Indeed, we estimate ReVaR at the firm-quarter
level and can now perform panel regressions over the full sample period to investigate which
firm characteristics are related to firm resilience.

As discussed in Section [4, we consider three categories of firm characteristics that relate
to financial flexibility, organizational flexibility and traditional firm risk measures. Most firm
characteristics are available at the quarterly frequency. As such, we start with quarterly panel
regressions. The measures of different types of intangible assets, however, are only available
at the annual frequency. We therefore perform the panel regressions with intangible assets at
the annual frequency. To this end, we first convert our weekly firm-level resilience estimates
to quarterly and annual resilience measures, by averaging all weekly estimates for a firm
within the quarter or year. Note that, different from the validation exercise in the previous
subsection, here we use the full sample period with all available data to estimate time-varying
firm-level resilience measures.

We estimate the following panel regressions:

ReVaR!, = a+ cZ{_, +bM,_, + €, (22)

where Z; , includes lagged firm-level variables: various measures of financial and organiza-
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tional flexibility, firm risk and firm-level control variables (size, book-to-market and ROA);
M;_, includes lagged macro variables (changes in the three-month yield, term spread, TED
spread, credit spread, stock market returns and the VIX);@; € is the error term; h denotes
the forecast horizon; and time is measured in quarters or years. For our quarterly panel
regressions, we consider h = 1,4, and 8 quarters. For the annual panel regressions we only
consider h = 1 year. We adopt Newey-West standard errors with h lags. We include indus-
try fixed effects and as such explore variation in resilience across firms within an industry.
Before running the panel regressions, we winsorize each variable at the 1% and 99% levels,
taken over all firm-quarter (or firm-year) observations. We first focus on results with ¢ = 95;
in the robustness tests in Section [6.2.3], we also discuss the results for ¢ = 99.

Recall that a higher ReVaR;t implies that a firm is less resilient, as, loosely speaking,
an extreme loss triggers a larger conditional downside risk compared to the median scenario.
Therefore, in the above panel regression equation, a negative sign of coefficient estimate ¢

indicates a positive relation between firm characteristics Z; , and firm resilience.

6.2.1 Quarterly Panel Regressions

We start with quarterly panel regressions, where we can include all firm characteristics except
for the variables related to intangible assets that are available at the annual frequency only.

The results are displayed in Table [6]
[Insert Table [6] about here]

We start with the variables related to financial flexibility. As expected, the coefficient esti-

24Section shows similar results when including quarter fixed effects instead of aggregate control
variables.
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mates of leverage are highly significant and positive, implying that firms with lower market
leverage tend to be more resilient. We find that a 1% decrease in lagged leverage level is
associated with a 57 to 68 percentage point decrease in ReVaR, and hence a 57 to 68 per-
centage point increase in the resilience level. The coefficient estimate is significant in across
all h. This finding is consistent with existing literature indicating that firms with higher
leverage tend to have worse performance during Covid-19 (Ding, Levine, Lin, and Xie, 2021}
Fahlenbrach, Rageth, and Stulz, 2021)).

By contrast, the coefficient estimates of cash holdings are positive and significant, sug-
gesting a negative relation between cash and resilience.ﬁ A potential explanation is that
the types of extreme negative shocks that underlay our resilience measure go beyond the
type of negative cash flow shocks for which cash buffers would be sufficient. In addition,
holding excess cash entails high opportunity cost. This potentially impedes a firm’s ability to
enhance its resilience through, for instance, investments in organizational flexibility"| which
play a key role as we discuss next.

Second and importantly, we find significant linkages between measures of firms’ innovation
activities and their resilience. The results indicate that firms with more R&D spending, and
especially a higher number of patents and a higher economic value per patent tend to be
more resilient, i.e., have lower ReV aR; coefficient estimates are significantly negative. This
suggests that an innovative firm tends to be more adaptable to changes in the business

environment and can quickly adjust itself in response to unexpected shocks. Moreover,

25Similarly, Fahlenbrach, Rageth, and Stulz, 2021f also find that firms with more cash holdings generally
have lower ROA after Covid, though the sign reverses for firms that were more exposed to the Covid crisis.

26See also Acharya et al. (2025) and Sanz (2025) who study trade-offs between financial and operational
flexibility.
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innovation can create competitive advantages for firms, enabling them to preserve during
market disruptions.

Our third category includes two traditional measures of firm risk, which both have sig-
nificant positive coefficient estimates. This implies that firms with more volatile past stock
returns and firms with a higher VaR tend to be less resilient.

Finally, the firm-level control variables indicate that small firms tend to be more resilient.
Yet, the portrait of resilient firms is more likely to be mid-sized firms since very small firms
are not included in our sample. While larger firms might be perceived as more pivotal, a
concept often referred to as “too big to fail”, we find that in terms of downside risk, small
firms bounce back more. We further find that firms with higher book-to-market (BM) ratios
are associated with lower ReVaR, suggesting that value firms tend to be more resilient.
Several studies have shown that on average, large firms and growth firms have more negative
skewness or higher crash risk than smaller firms and value firms (e.g., Harvey and Siddique,
2000; Hutton, Marcus, and Tehranian (2009), and Hasan, Taylor, and Richardson, 2022]).
Also, Campbell, Hilscher, and Szilagyi (2008)) find that the probability of firm bankruptcy is
negatively related to the book-to-market ratio. Note that resilience is conceptually different
from skewness and crash risk, as resilience captures to what extent the firm’s downside risk
after an extreme negative shock differs from its downside risk conditional upon a normal

performance, rather than the level of downside risk itself.

6.2.2 Annual Panel Regressions including Intangible Assets

Next, we examine the relationship between firm resilience and various measures of firms’

intangible assets that capture knowledge capital, organizational capital, off-balance sheet in-
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tangible assets (i.e., the sum of knowledge capital and organizational capital), total intangible
assets (i.e., Off-BS intangible assets plus intangible assets that were externally purchased and
are on the balance sheet), and brand capital. See Section [4] for a detailed discussion of these
measures. Since these measures are available only at an annual frequency, we perform the

panel regressions using annual data. Table [7| reports the results.
[Insert Table [7] about here]

First, in column 1 we repeat the analysis from Table [6] at the annual frequency to confirm
that previously identified characteristics including innovation measures continue to remain
significant at the annual frequency. Now we also find a coefficient estimate of R&D expenses
that is significant at the 1% level, along with significant coefficient estimates for the number
and economic value of patents.

Next, we document a strong linkage between knowledge capital and firm resilience. Col-
umn 2 shows a significant and negative coefficient estimate, implying that more knowledge
capital is associated with higher firm resilience. Column 4 shows that off-balance sheet in-
tangible assets also have a significant negative coefficient, but this is driven by knowledge
capital, as the other component, organizational capital, is not significant (see column 3).
Further, intangible assets including externally purchased intangible assets and brand capi-
tal are not significant. These findings confirm a key role for a firm’s innovation activities.
Knowledge capital as a component of a firm’s intangible assets is significantly related to firm
resilience.

In sum, our panel regressions point towards two important types of firm characteristics

that relate to firm resilience: financial flexibility (leverage and cash) and innovation. More-
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over, while resilience is intrinsically different from risk, we do find that firms with more
volatile past returns and more downside risk tend to be less resilient. Overall, with the
caveat that our tests show a significant association between innovation and firm resilience,
but do not allow us to make causal inferences, the findings suggest that innovation plays an
important role for corporate resilience, offering firms strategic flexibility and stability after

being hit by extreme negative shocks.

6.2.3 Robustness Tests

For the panel regressions, we perform the following four robustness tests: 1) using ReV aRgg
instead of ReVaRygs, 2) including quarter fixed effects, 3) scaling intangible assets by market

equity, and 4) using a more selective sample selection procedure. All results are reported in

the [Internet Appendix]

First, we run the panel regressions with ReVaRgy instead of ReVaRg; as dependent
variable. Table shows results for quarterly panel regressions. Overall, the results are
similar to the baseline where we use ReV aRys, except that the statistical significance for the
variables related to innovation is weaker; only the number of patents is significantly related
to resilience. Leverage is again significantly positively related to ReVaRgs and so are the
traditional firm risk measures. Overall, while we still find some significant relation between
variables related to innovation (patents or R&D) as well as leverage and risk, the statistical
significance for some of the variables is lower when we consider more extreme stress scenarios
at ¢ =99.

Second, while in our baseline panel regressions we include aggregate state variables to

control for aggregate time series variation, as a robustness test we include quarter fixed
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effects instead. Table shows that the results remain very similar.

Third, while in our baseline panel regressions we scale the different types of intangible
assets by total assets, we also consider scaling by market equity. Table shows that this
leads to very similar results. Overall, the coefficient estimates of different types of intangible
assets are significant, and the results for knowledge capital are most robust. Regardless of
the scaling approach, knowledge capital is significantly negatively related to ReVaR.

As a final robustness test, we perform the panel regressions for a more restrictive sample.
In our baseline analysis, we drop firm-quarter (or firm-year) observations with missing total
assets, book equity or market equitym Other missing firm-level variables are set to zero.
In this robustness check however, we also drop all firm-quarter or firm-year observations
where any of the other variables is missing. This reduces the sample size, especially because
data on R&D and patents is available for fewer firms. However, in some cases, a missing
value may simply mean that the firm has zero to almost no innovation activities, rather
than true missing data. Dropping them all may be too stringent. Indeed, several papers,
such as Peters and Taylor (2017)) and Fahlenbrach, Rageth, and Stulz (2021) replace missing
R&D observations by zero and Eisfeldt and Papanikolaou (2013)) replace missing SG&A data
by zero when constructing organizational capital. Therefore, we take both approaches: we
replace missing values by zero in the baseline analysis and we drop all in this robustness test.
For the patent variables, we consider the full sample period to identify missing observations,
as firms may not continuously be granted new patents. Specifically, we include firms that

have at least one patent in at least one quarter during the sample period and we drop firms

27In addition, we also drop firms with stock prices below $1 at any point during the sample period, negative
BM ratios, and firms from regulated utilities, financials and public services industries — see Section .
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that do not have any patent during the full sample period. For the other variables, we drop
the firms during the quarter or year when these variables are missing.

The results can be found in Online Appendix Tables (quarterly regressions) and
(annual regressions). Overall, the results are very similar. We again find that leverage
and traditional risk measures are significantly positively related to ReVaR and that various
measures of innovation are significantly negatively related to ReV aR, meaning that more
innovative firms tend to be more resilient. Only the coefficient estimates for the average
economic value per patent lose signiﬁcance.@ In the annual panel regressions we find that
besides knowledge capital and off-balance sheet intangible assets, the coefficient estimate for

intangible assets including those externally purchased is also significant and negative.

7 Conclusion

Traditionally, risk management focuses on how firms are exposed to different known sources
of risk. Yet, given the uncertain environment firms are operating in, studying firm resilience
has become highly relevant as well. After being hit by an unexpected extreme negative
shock, do firms bounce back? And what are the characteristics of firms that are resilient?
This paper takes a novel approach. We examine firm resilience taking a dynamic and
forward-looking perspective, without focusing on a particular crisis. Every crisis is unique.
For example, some of the features that made firms more resilient during the Covid-19 pan-
demic, such as working from home, could be different during the next crisis. Therefore, we

develop a new measure of firm resilience that is dynamic and forward-looking. This measure,

28In the quarterly panel regressions with h = 4, we find a slight positive and marginally significant
coefficient, but for other h and in the annual regression the coefficient is insignificant.
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called ReVaR, can be estimated at the firm-quarter level for our full 33-year sample period.
As such, we can analyze its properties both across firms and over time and we do not need
to specify crisis event(s) in advance in order to classify firms as resilient or non-resilient.

In short, ReVaR captures the extent to which a firm’s conditional downside risk after an
extreme loss differs from its conditional downside risk after a normal performance of that firm.
If the two are similar, the firm is resilient. We can estimate ReV aR in a straightforward way;,
based on different quantile regressions using firm-level stock returns. Besides a validation
exercise using simulated returns, we also show that our ex-ante resilience measure lines up
well with post-crisis firm outcomes during three very different types of crisis periods: the
Covid-19 outbreak in 2020, the Global Financial Crisis in 2008 and the Technology Bubble
in 2000.

As a final part of our empirical analysis, we investigate which firm characteristics are
related to firm resilience during the full sample period, starting on January 1, 1990. To this
end, we estimate ReVaR at the firm-quarter level and run panel regressions. Besides the
expected negative relation between resilience and leverage, we find that innovation plays a
key role. Firms with higher R&D investments, a greater number of patents and a higher
economic value per patent are significantly more resilient. Also, firms with more knowledge
capital are significantly more resilient.

Our paper focuses on resilience at the firm-level. A potentially valuable avenue for future
research is understanding resilience at more aggregate levels. For example, for investors, a
relevant question is to understand how resilience at the stock-level aggregates to portfolio-

level resilience and how to incorporate this into investment decisions.
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Data Appendix

Aggregate State Variables

We use the following six state variables to model dynamics in conditional Value-at-Risk.
The three month yield change is calculated as the weekly change of the average three-month
treasury bill secondary market rate (DTB3). The term spread change is the weekly change
of the average ten-year treasury constant maturity minus three-month treasury constant
maturity (T10Y3M). The TED spread is the spread between the three-month LIBOR and
three-month treasury bill before January 2022, and the spread between the secured overnight
financing rate (SOFR) and the three-month treasury bill after January 2022. The credit
spread change is the weekly change of the spread between Moody’s seasoned Baa corporate
bond yield and the ten-year treasury rate (DTB10). The VIX index is the CBOE volatility
index (VIXCLS). The stock market return is obtained from Kenneth French’s website, and

the other macro variables are from the Federal Reserve Bank of St. Louis.

Firm-level Measures of Innovation and Brand Capital

We measure innovation input as R&D expenses scaled by total assets, based on Compustat
data. We employ two measures of innovation output, using the patent data from Kogan,
Papanikolaou, Seru, and Stoffman (2017). To measure innovation output, we use patent data
from Kogan, Papanikolaou, Seru, and Stoffman (2017). They collect and use patent data
dated back to 1926 and provide PERMNO as firm identifier to match with other firm-level

datasets. Kogan, Papanikolaou, Seru, and Stoffman (2017) construct the measure of the
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economic value of a patent by using three-day market reactions around patent announce-
ment days while adjusting for noise, and define economic value as a measure of investors’
valuation. In other words, economic value is defined as the change in stock price, based
on the assumption that stock prices reflect the value investors assign to the technological
innovation or intellectual property represented by the patent.

We construct brand capital as:

BCit = (1 — 5)BCit—1 + Advit,

where BC}; is the brand capital of firm 7 at time ¢t. Adv; is the advertising expenses of
firm ¢ at time ¢. BCj is initialized as Adv, /(g + J), using the first observation of Adv; in
Compustat. The average growth rate g is estimated as the average real growth of advertising

expense by each firm. The depreciation rate of ¢ is set to be 0.5.
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Figure 1: Validation exercise: ReVaR), estimates based on GARCH(1,1)-
simulated returns

The figure plots the average simulated resilience measure ReVaRj; across a grid of
GARCH(1,1) parameters, with « representing the sensitivity of volatility to new shocks
and f capturing the persistence of volatility. All variables are winsorized at the 1% and 99%
levels. The z-axis corresponds to [ values, the y-axis to a values, and the z-axis reports
the average resilience measure derived from 1,000 simulated stock return series. Each series
consists of 1,560 observations.
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Figure 2: Static Resilience Estimates

These figures plot static ReV aRj and related estimates for the sample of stock returns from
January 1, 1990 to December 31, 2022. All variables are winsorized at the 1% and 99%
levels. Panel A plots 3 (z-axis) and t-value (y-axis). Panel B plots resilience measure
ReVaRj, (x-axis) and i, (y-axis). Panel C plots ReVaRj; (z-axis) and VaRj. (y-axis).
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Figure 3: ReVaR and Other Risk Measures

These figures plot static ReVaRj; on the r-axis and on the y-axis standard deviations of
weekly returns R’ (Panel A), their skewness (Panel B), kurtosis (Panel C) and the ! ,, from
the CAPM (Panel D). All variables are winsorized at the 1% and 99% levels.
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Table 1: Summary Statistics of State Variables

This table presents summary statistics for the state variables My, based on weekly data from January 1, 1990 to December 31, 2022.
Market returns are obtained from Kenneth French’s website, while the remaining macroeconomic variables are obtained from the Federal
Reserve Bank of St. Louis. The change in the three-month yield is calculated as the weekly difference in the average three-month Treasury
bill secondary market rate (DTB3). The term spread change represents the weekly difference between the average ten-year Treasury
constant maturity rate and the three-month Treasury constant maturity rate (T10Y3M). The TED spread measures the difference
between the three-month LIBOR and the three-month Treasury bill before 21 January 2022, and the difference between the Secured
Overnight Financing Rate (SOFR) and the three-month Treasury bill after 21 January 2022. The credit spread change reflects the
weekly difference between Moody’s seasoned Baa corporate bond yield and the ten-year Treasury rate (DTB10). Lastly, the VIX refers
to the CBOE Volatility Index (VIXCLS).

Obs. Mean Median pb p95 SD Skewness Kurtosis
Three month yield change (%) 1,717  0.802 0.084 -18478 22.222 14.640 1.151 11.547
Term spread change (%) 1,717  0.135 -0.368 -24.438 27.179 22.018 0.383 14.039
Ted spread (%) 1,717 44.529 37.000 12.000 107.750 32.462 1.840 7.540
Credit spread change (%) 1,717 0.008 -0.110 -3.723 3.913 2.303 0.372 4.155
Market return (%) 1,717 0219 0320 -3.696  3.592  2.189 -0.224 3.969

VIX 1,717 19.661 17.838 11.498 32.886  7.877 2.067 10.495
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Table 2: Summary Statistics of Firm-Level Variables

This table presents summary statistics for firm characteristics, with data obtained from Compustat. Panel A reports all variables that
are available at a quarterly frequency, and Panel B reports variables that are only available at a yearly frequency. Leverage is defined
as the ratio of total debt (dlttq + dlcq) to market value of equity (cshoq * prceq). Cash holdings are measured as cash and equivalents
(cheq) divided by total assets (atq). R&D intensity is measured as research and development expenditures (xrdq) divided by total
assets (atq). Patent data is obtained from Kogan et al. (2017). Number of patents refers to the total number of patents issued in the
past five years (i.e., twenty quarters). Economic value per patent is calculated as the total economic value of patents over the past five
years, divided by the number of patents issued in the same period. Stock return volatility is measured as the standard deviation of past
12-month stock returns (trtlm) and is expressed in percent. Size is measured as the natural logarithm of total assets (log(atq)). The
book-to-market ratio is calculated as the ratio of common equity (ceqq) to market value, determined by shares outstanding times price
(cshoq * preeq). Return on assets (ROA) is calculated as net income (niq) divided by total assets (atq). Alternatively, EBITDA and
EBIT are also used as net income in the calculation of ROA. In Panel B, knowledge capital, organizational capital, off-balance sheet
intangible assets (i.e., the sum of the previous two) and intangible assets, including those reported on the balance sheet are all obtained
from Peters and Taylor (2017). Brand capital is estimated based on Belo, Lin, and Vitorino (2014). The variables in Panel B are all
scaled by total assets. Summary statistics are calculated over all quarter- (or year-) firm observations. All variables are winsorized at
the 1% and 99% levels.

Obs. Mean Median p5 p95  Stdev. Skewness Kurtosis

Panel A: Quarterly Panel

Leverage 217,648  0.377 0.165  0.000 1.556  0.611 3.188 15.013
Cash 217,648 0.156 0.083  0.004 0.567 0.181 1.631 5.164
R&D 217,648  0.009 0.000  0.000 0.046  0.018 2.605 10.493
Number of patents 217,648 1.519 0.000  0.000 5.820 2.023 1.230 3.496
Economic value per patent 217,648 1.054 0.000 0.000 3.961 1.394 1.180 3.378
Stock return volatility 217,648 11.522 10.083  4.585 23.637 6.050 1.449 5.489
Size 217,648  6.558 6.483  3.466 9.986  1.945 0.203 2.557
Book-to-market 217,648  0.567 0.457  0.106 1.420  0.427 1.720 6.657
ROA (NI) 217,648 0.010 0.013 -0.041 0.048 0.030 -2.018 10.948
ROA (EBITDA) 217,648  0.032 0.032 -0.019 0.082 0.033 -0.711 6.857
ROA (EBIT) 217,648  0.021 0.022  -0.028 0.067  0.030 -0.761 6.402
Panel B: Yearly Panel
Knowledge capital 54,535 0.135 0.016  0.000 0.606 0.241 2.847 12.537
Organizational capital 54,535 0.272 0.206 0.000 0.763  0.246 1.627 6.139
Intangible assets 54,535 0.563 0.525 0.046 1.248 0.384 0.984 4.467

Brand capital 54,535 0.024 0.000  0.000 0.133 0.057 3.720 18.370
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Table 3: Average absolute t—statistics of State Variable Exposures

This table presents the average absolute t—statistic values, across all stocks, of individual stock return exposures to the state variables.
These exposures are estimated using quantile regressions. Columns 1, 2 and 4 report the results for contemporaneous quantile regressions,
used to model time-varying unconditional Value-at-Risk measures. Specifically, the first column reports 3¢, from Equation (X gO,t =
/\%0 + 7§0Mt + 77%070. The second and fourth columns present the average absolute t—statistics of estimates from Equation [12{(Xo" =
Ag+ g M +17;7t) with ¢ equals to 95 and 99 respectively. Next, columns 3 and 5 report coefficient estimates of quantile regressions where
the state variables are included as independent variables, along with the return losses of the firm, used to estimate the time-varying
conditional Value-at-Risk measures. Specifically, these results are based on Equation (X ;J 41 = afl + Bélg'XZ + 53Mt + efm +1) Where
g = 95 and ¢ = 99 respectively. All variables are winsorized at the 1% and 99% levels.

average absolute t—statistics

~ q=95 q=99
750 . ~. . ~.
Vo5 965 Yoo 959

Three month yield change 1.107 1.464 2.058 1.693 1.950
Term spread change 1.290 1.697 1.529 2.734 2.317
Ted spread 0.947 2.000 1.667 2.146 1.755
Credit spread change 0.972 1.024 1.099 1.202 1.220
Market return 10.673 4.713 1.148 2.673 1.318

VIX 0.884 2877 3.010 2.699 2.898
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Table 4: Summary Statistics of Dynamic Resilience Estimates and its Components

This table presents summary statistics of dynamic firm-level resilience estimates, calculated on a weekly frequency from January 1,
1990 to December 31, 2022. The variable X; represents weekly return losses. VaRg;, and VaRgy, are unconditional Value-at-Risk
(VaR) estimates based on Equation (VaR., = /):Zq + 5.M;y), while VaRy,, is based on Equation (VaRy,, = //\\%0 + Ao My).

i|C? i|C? .. o ) i|VaR! T . -~ ijCi,
VaRg‘E)’tS il_ and VaR9|97§i1 represent conditional tail risk based on Equation (17) (Va,qui M =ay A+ BVaRy , + 0 My). VaR9|57t "} and

VaR;gf :ﬁéo’t are benchmarks, calculated using Equation (VaRZ'ZaR%O’t =al+ B;I [VaRi,, > O]VaRéo,t +gf1Mt'). Finally, ReVaRj; ,
and ReVaRjy, are the final resilience measures, defined by Equation (ReVaR., = VaR;"YaRq’t — VaRZlyi/aRso’t). All variables are
winsorized at the 1% and 99% levels.
Obs. Mean Median pb P95 SD  Skewness Kurtosis
X (%) 3,279,885 -0.334  0.000 -10.647 9.221 6.009 -0.383 4.981
VaRs,, (%) 3,279,885 -0.062 -0.083  -3.419 3.573 2.104 0.291 4.978
q=95
Bis 3,279,885  0.105 0.095 -0.237  0.493 0.218 0.258 3.195
Bés t-value 3,279,885  0.949 0.749 -1.704  4.313 1.780 0.549 3.292
VaRis, (%) 3279885 7.926 7.282 2739 15406 3942 1017 4355
Y
VaR;L;”’t (%) 3,279,885  8.696 8.091 4.261  15.278 3.439 1.090 4.460
iC5

VaRgs " (%) 3,279,885 9.406 8.724 4.399 17.013 3.945 1.163 4.740
ReVaRéE)’t (%) 3,279,885  0.708 0.554  -1.978 3.885 1.757 0.601 4.838

q=99

Bl 3,095,057 0.188 0.116 -0.444  1.070 0.466 0.917 4.122
Bog t-value 3,095,057  1.006 0.484 -1.639  5.473 2.235 1.522 6.122
VaR‘ég’t (%) 3,095,057 13.54 12,502  5.561  25.299 6.168 1.088 4.524
VaRglgcj"’t (%) 3,095,057 14.416 13.385  6.980 25.586 5.825 1.134 4.630

O
VaR;|9j’t (%) 3,095,067 16.946 14.758  6.267  35.456 9.487 1.649 6.593

ReVaRég,t (%) 3,095,057  2.495 1.203 -6.327 15496 6.975 1.562 7.227
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Table 5: Linking Ex-Ante Firm Resilience to Post-Crisis Firm Outcomes

This table presents the results of cross-sectional regressions (ROAL, ;1 = a+ bReVaRfLwent_l +cZt i1+ €b) for three major crisis
events: the Covid-19 pandemic (Columns 1-3), the Global Financial Crisis (Columns 4-6), and the Technology Bubble (Columns 7-9).
The resilience estimates are based on expanding samples starting in January 1, 1990 and ending on December 31, 2019, December 31,
2007, and December 31, 1999, respectively. The independent variables (lagged ReVaRfN:1 and other lagged firm-level characteristics
denoted by Z) are measured on 2019Q4, 2008Q2, and 1999Q4 for the three crisis events. The dependent variable, ROA, is measured
at 2020Q2, 2008Q4, and 2000Q2, respectively. Lagged ROA is also included as an independent variable. All variables are winsorized
at the 1% and 99% levels. All regressions include industry fixed effects. Panel A uses lagged ReVaR;:O.99;:1 as primary independent
variable, and Panel B uses lagged ReVaRéZO.%,T:l as the main independent variable. Standard errors are clustered at the industry level
and are reported in parentheses. Significance levels are indicated as: *p < .10; **p < .05; ***p < .01.

Panel A: Using ReVaRZ)9 +_1 as an ex-ante resilience measure

Covid Global Financial Crisis Technology Bubble
(1) (2) 3) (4) 5) ©) ) (8) ()
ROA (NI) ROA (EBITDA) ROA (EBIT) ROA (NI) ROA (EBITDA) ROA (EBIT) ROA (NI) ROA (EBITDA) ROA (EBIT)
ReVaRégi_l -0.030 -0.023%* -0.027%* -0.089%** -0.004 -0.005 -0.014%** -0.013* -0.017%*
(0.017) (0.007) (0.008) (0.021) (0.009) (0.006) (0.004) (0.006) (0.005)
Size; 1 0.001 0.001 0.000 0.005* -0.000 0.000 0.003* 0.003*** 0.002*
(0.001) (0.000) (0.001) (0.002) (0.001) (0.000) (0.002) (0.001) (0.001)
BM;,t—1 -0.006 -0.007 -0.007* -0.102%** -0.016%** -0.013** -0.003 -0.005 -0.005
(0.004) (0.004) (0.003) (0.012) (0.004) (0.004) (0.004) (0.004) (0.004)
Leverage; ;1 -0.005%* -0.003** -0.003** 0.007* 0.002 0.002 -0.004 -0.001 -0.001
(0.002) (0.001) (0.001) (0.003) (0.002) (0.002) (0.003) (0.001) (0.001)
Cash; 1 -0.019%* -0.017%** -0.015%** 0.058%** -0.013%* -0.006 -0.017 -0.013 -0.017
(0.006) (0.004) (0.002) (0.008) (0.004) (0.003) (0.018) (0.010) (0.011)
ROA; +—1 0.381%%* 0.640%** 0.619%** 0.644%** 0.584*** 0.705%** 0.373*** 0.572%** 0.559%%*
(0.040) (0.069) (0.070) (0.025) (0.058) (0.061) (0.059) (0.043) (0.054)
R&Dj -1 -0.332%** -0.198%* -0.201%* -0.821%** -0.479%** -0.369*** -0.225 -0.185 -0.175
(0.081) (0.074) (0.074) (0.149) (0.067) (0.066) (0.139) (0.109) (0.112)
Number of patents; ;1 0.001* 0.000 0.000 -0.004* 0.001* 0.000 0.001 -0.001 0.001
(0.000) (0.000) (0.001) (0.002) (0.001) (0.000) (0.001) (0.001) (0.001)
EV per patent; ;1 0.000 0.001 0.001 0.003 0.003 0.003* 0.000 0.000 -0.001
(0.001) (0.001) (0.001) (0.003) (0.002) (0.002) (0.001) (0.001) (0.001)
Observations 1,334 1,334 1,334 1,619 1,619 1,619 1,993 1,993 1,993
Adjusted R2 0.346 0.488 0.502 0.221 0.331 0.385 0.373 0.493 0.562
Industry FE yes yes yes yes yes yes yes yes yes
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(continued)

Panel B: Using ReVaRé5 +—1 as an ex-ante resilience measure
)

Covid Global Financial Crisis Technology Bubble
(1) (2) (3) (4) (5) (6) (7) (8) 9)
ROA (NI) ROA (EBITDA) ROA (EBIT) ROA (NI) ROA (EBITDA) ROA (EBIT) ROA (NI) ROA (EBITDA) ROA (EBIT)
ReVaRéE)’til -0.108 -0.048 -0.067 -0.401%** -0.101%* -0.084** -0.044 -0.044 -0.033
(0.104) (0.108) (0.100) (0.113) (0.046) (0.031) (0.040) (0.053) (0.066)
Size; 11 0.001 0.001 0.000 0.006* 0.000 0.000 0.003* 0.003%** 0.002*
(0.001) (0.000) (0.000) (0.003) (0.001) (0.001) (0.002) (0.001) (0.001)
BM; t—1 -0.006 -0.007* -0.007* -0.103%** -0.016%** -0.013** -0.003 -0.004 -0.005
(0.004) (0.004) (0.003) (0.011) (0.004) (0.004) (0.004) (0.004) (0.004)
Leverage; ;1 -0.005%* -0.003%* -0.003** 0.008** 0.002 0.002 -0.004 -0.001 -0.001
(0.002) (0.001) (0.001) (0.003) (0.002) (0.002) (0.003) (0.001) (0.001)
Cash; ;1 -0.018** -0.016%** -0.014%** 0.064*** -0.010** -0.004 -0.017 -0.013 -0.017
(0.005) (0.004) (0.002) (0.008) (0.003) (0.003) (0.018) (0.010) (0.011)
ROA; -1 0.384%** 0.642%** 0.621*** 0.648*** 0.588*** 0.708*** 0.373*** 0.573*** 0.560%**
(0.041) (0.070) (0.070) (0.034) (0.056) (0.057) (0.060) (0.042) (0.053)
R&Dj 11 -0.334%%* -0.199%* -0.203%* -0.857%** -0.488*** -0.373%** -0.226 -0.185 -0.177
(0.085) (0.077) (0.077) (0.161) (0.069) (0.062) (0.141) (0.110) (0.113)
Number of patents; ;1 0.001* 0.000 0.000 -0.004* 0.001 0.000 0.001 -0.001 0.001
(0.000) (0.000) (0.000) (0.002) (0.001) (0.000) (0.001) (0.001) (0.001)
EV per patent; ;1 0.001 0.001 0.001 0.003 0.003 0.003* 0.000 0.000 -0.001
(0.001) (0.001) (0.001) (0.003) (0.002) (0.002) (0.001) (0.001) (0.001)
Observations 1,334 1,334 1,334 1,621 1,621 1,621 1,993 1,993 1,993
Adjusted R? 0.354 0.493 0.508 0.222 0.328 0.384 0.373 0.493 0.561
Industry FE yes yes yes yes yes yes yes yes yes




Table 6: Resilience and Firm Characteristics: Quarterly Panel Regressions

This table presents the results of quarterly panel regressions linking quarterly firm-level resilience
estimates ReVaRgs, to h— quarter lagged firm characteristics Z;_, and state variables M;_p:

ReVaRfI =a+ bM;_p + cZ _p + ¢, where h = 1, 4 and 8 quarters, respectively. The results
are based on the full sample perlod from January 1, 1990 to December 31, 2022. The data sources
and construction of the state variables and firm characterlstlcs are discussed in Tables[M and 2l All
variables are winsorized at the 1% and 99% levels. All regressions include industry fixed effects.
Newey-West standard errors are reported in brackets. Significance levels are indicated as follows:
*p < .10; **p < .05; F**p < .01.

Dependent variable: ReVaRjs ,

(1) (2) (3)
h=1 h=4 h=8
Leverage; ;—p, 0.064***  0.057***  0.068***
(0.012)  (0.017)  (0.021)
Cash; ;—p, 0.345**%*  (0.342*%**  (0.350%**
(0.035)  (0.053)  (0.067)
R&D; 1—p -0.696* -0.648 -0.368
(0.398)  (0.567)  (0.717)
Number of patents; ;—p, -0.046**F*  _0.048%**  _0.047***

(0.003)  (0.005)  (0.007)
Economic value per patent; ;_, -0.024*** -0.023***  -0.021**
(0.005)  (0.008)  (0.010)

VaR; q1—n 5OITFRR 4 130%FF Q. GTIRF*
(0.314)  (0.452)  (0.546)
Stock return volatility; ;_p, 0.016***  0.018***  (0.020%**
(0.001)  (0.002)  (0.002)
Size; 1—p 0.172%%*  0.165%**  (.152%**
(0.004)  (0.006)  (0.007)
BM, 1 J0.124%FF  (0.140%FF 0. 130%%*
(0.016)  (0.023)  (0.029)
ROA; :—n -0.169 -0.168 -0.091
(0.181)  (0.240)  (0.291)
3-month yield change; 0.217%%* 0.007 -0.093
(0.057)  (0.055)  (0.062)
Term spread change;_p -0.053*** 0.003 -0.073%**
(0.014)  (0.012)  (0.013)
Ted spread;_p 0.090**%*  0.107***  0.073***
0.019)  (0.027)  (0.028)
Credit spread change;_y, 0.680%* 1.446%** -0.401
(0.400)  (0.369)  (0.326)
Market return;_y, 0.556 3.182%** 1.495
(0.803)  (0.902)  (0.969)
VIX;_p -0.000 -0.005%*F*  -0.009***
(0.001)  (0.001)  (0.002)
Observations 216,094 211,268 202,793
Adjusted R? 0.0413 0.0364 0.0325
Industry FE yes yes yes
Newey-West SE lag 1 4 8
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Table 7: Resilience and Intangible Assets: Annual Panel Regressions

This table presents the results of annual panel regressions (ReVaRfI’t = a+bM_p+cZ;_,+¢.) using
data from January 1, 1990 to December 31, 2022. The dependent variables are firm-level resilience
estimates ReVaR§;,. The independent variables include 1-year lagged firm characteristics, as
described in Table[2] All regressions include aggregate state variables as controls and industry fixed
effects. Newey-West standard errors are reported in brackets. Significance levels are indicated as
follows: *p < .10; **p < .05; ***p < .01. All variables are winsorized at the 1% and 99% levels.

Dependent variable: ReVaRéS’t

(1) (2) (3) (4) (5) (6)
R&D; +—p, -0.444%**
(0.029)
Number of patents; +—p -0.017**
(0.007)
Economic value per patent; ;_p, -0.035%***
(0.010)
Knowledge capital; s, -0.276%**
(0.056)
Organizational capital; ;—p, 0.034
(0.045)
Off-BS intangible assets; ;—p, -0.094***
(0.033)
Intangible assets; ¢—p, -0.038
(0.029)
Brand capital; ;—p, -0.023
(0.161)
Leverage; ;—p 0.064*%**  0.076*%**  0.085***  0.077***  0.080*%**  (.083***
(0.022) (0.022) (0.022) (0.022) (0.022) (0.022)
Cash; ;_p, 0.370***  (0.338***  0.213%¥*%*F  0.243%FF  (0.213%FF  (.209%**
(0.065) (0.068) (0.064) (0.065) (0.064) (0.064)
VaR; q+—n 0.054%**  0.051*%**  (0.048***  (0.048%**  (0.048*%**  (.048***
(0.006) (0.006) (0.006) (0.006) (0.006) (0.006)
Stock return volatility; ¢ 0.014%**  0.015%**  0.015***  0.015***  0.014***  0.015***
(0.002) (0.002) (0.002) (0.002) (0.002) (0.002)
Size; +—n 0.189%**  0.134***  0.135%**  (0.130%**  (0.133*%**  (.134***
(0.008) (0.006) (0.006) (0.006) (0.006) (0.006)
BM; ¢, -0.132%F*  _0.150%**  -0.124***F  _0.132%F*  _0.128%**  _(.124***
(0.029) (0.030) (0.030) (0.030) (0.030) (0.030)
ROA; -0.035 -0.230** -0.036 -0.109 -0.071 -0.035
(0.108) (0.110) (0.107) (0.108) (0.108) (0.107)
Observations 51,921 51,921 51,921 51,921 51,921 51,921
Adjusted R? 0.043 0.036 0.036 0.036 0.036 0.035
Macroeconomic control variables yes yes yes yes yes yes
Industry FE yes yes yes yes yes yes
Newey-West SE lag 1 1 1 1 1 1
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Online Appendix

Coping with the Unexpected:
A Forward-Looking Measure of Firm Resilience

This document reports the following additional results and robustness tests: a
plot with the resilience estimates based on GARCH(1,1)-simulated returns, using
ReV aRgyg instead of ReV aRys, figures with static ReV aRgg estimates and its com-
ponents and plotted against standard risk measures, cross-sectional regressions
where all missing observations are dropped (instead of replaced by zero), and
panel regression results using ReV aRgg instead of ReVaRy; as dependent vari-
able, using quarter fixed effects, panel regressions using three alternative scaling
approaches of the different categories of intangible assets and panel regressions

where all missing observations are excluded.



Figure A.1: Validation exercise: ReVaR), estimates based on GARCH(1,1)-
simulated returns

The figure plots the average simulated resilience measure ReVaRj, across a grid of
GARCH(1,1) parameters, with « representing the sensitivity of volatility to new shocks
and [ capturing the persistence of volatility. The z-axis corresponds to § values, the y-
axis to a values, and the z-axis reports the average resilience measure derived from 1,000
simulated stock return series. Each series consists of 1,560 observations.




Figure A.2: Static Resilience Estimates with ¢ = 99

These figures plot static ReVaR}, and related estimates using a sample of U.S. stocks from
1990 to 2022. Panel A plots (i, (z-axis) and t-value (y-axis). Panel B plots resilience
measure ReVaR), (r-axis) and (i, (y-axis). Panel C plots ReVaR}, (r-axis) and VaR},
(y-axis). All variables are winsorized at the 1% and 99% levels.
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Figure A.3: ReVaR with ¢ =99 and Other Risk Measures

These figures plot static ReVaRj, on the r-axis and on the y-axis standard deviations of
weekly returns R’ (Panel A), their skewness (Panel B), kurtosis (Panel C) and the ! ,, from
the CAPM (Panel D). All variables are winsorized at the 1% and 99% levels.
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Table A.1: Linking Ex-Ante Firm Resilience to Post-Crisis Firm Outcomes: All Missing Observations Excluded

This table presents the results of cross-sectional regressions (ROAL, ;.1 = a+ bReVabeevent_l +cZt i1 + €b) for three major crisis
events: the Covid-19 pandemic (Columns 1-3), the Global Financial Crisis (Columns 4-6), and the Technology Bubble (Columns 7-9).
Instead of replacing missing observations by zero as in the baseline analysis, we now drop all firms where any of the firm variables
is missing. The resilience estimates are based on expanding samples starting in January 1, 1990 and ending on December 31, 2019,
December 31, 2007, and December 31, 1999, respectively. The independent variables (lagged ReVaRfLT:l and other lagged firm-level
characteristics denoted by Z) are measured on 2019Q4, 2008Q2, and 1999Q4 for the three crisis events. The dependent variable, ROA,
is measured at 2020Q2, 2008Q4, and 2000Q2, respectively. Lagged ROA is also included as an independent variable. All variables are
winsorized at the 1% and 99% levels. All regressions include industry fixed effects. Panel A uses lagged ReVaRézO'QQ,T:1 as primary
independent variable, and Panel B uses lagged ReVaRé:O_QL.,;’T:1 as the main independent variable. Standard errors are clustered at the
industry level and are reported in parentheses. Significance levels are indicated as: *p < .10; **p < .05; ***p < .01.

Panel A: Using ReVaR;‘)9 +—1 as an ex-ante resilience measure
)

Covid Global Financial Crisis Technology Bubble
(1) (2) (3) (4) (5) (6) (7) (8) 9)
ROA (NI) ROA (EBITDA) ROA (EBIT) ROA (NI) ROA (EBITDA) ROA (EBIT) ROA (NI) ROA (EBITDA) ROA (EBIT)
ReVaRéQ’ti1 -0.017 -0.014%* -0.019%** -0.085%* 0.000 -0.002 -0.021%* -0.013%* -0.019%*
(0.011) (0.006) (0.005) (0.026) (0.009) (0.006) (0.008) (0.006) (0.006)
Size; 11 0.001 0.000 0.000 0.005** -0.000 0.000 0.003** 0.003** 0.002
(0.001) (0.001) (0.001) (0.002) (0.001) (0.001) (0.001) (0.001) (0.001)
BM; -1 -0.004 -0.004 -0.006 -0.120%** -0.012 -0.014 -0.002 -0.003 -0.006
(0.004) (0.004) (0.003) (0.009) (0.008) (0.008) (0.008) (0.003) (0.004)
Leverage; ;1 -0.007** -0.004** -0.004** 0.017* 0.002 0.002 -0.003 -0.003** -0.001
(0.002) (0.001) (0.001) (0.007) (0.003) (0.003) (0.002) (0.001) (0.002)
Cash; ;1 -0.021%%* -0.014 -0.013%* 0.065%** -0.016%** -0.010** -0.023 -0.017 -0.023*
(0.002) (0.008) (0.005) (0.012) (0.003) (0.003) (0.016) (0.009) (0.010)
ROA; ;1 0.389%** 0.709*** 0.703*** 0.625%** 0.797*** 0.842%** 0.344*** 0.538*** 0.544%**
(0.066) (0.060) (0.058) (0.076) (0.033) (0.030) (0.076) (0.078) (0.083)
R&Dj 11 -0.284** -0.137%* -0.146%* -0.791%** -0.140%* -0.126%* -0.200 -0.157 -0.126
(0.089) (0.050) (0.046) (0.130) (0.061) (0.055) (0.157) (0.141) (0.129)
Number of patents; ;1 0.000%* 0.000 0.000 -0.004** 0.001 -0.000 0.000 -0.001 0.000
(0.000) (0.000) (0.000) (0.002) (0.001) (0.001) (0.001) (0.001) (0.001)
EV per patent; ;1 0.001 0.001 0.001 0.001 0.002 0.002 0.002%** 0.002* 0.001
(0.001) (0.001) (0.001) (0.004) (0.001) (0.001) (0.001) (0.001) (0.001)
Observations 840 840 840 804 804 804 1,203 1,205 1,205
Adjusted R? 0.348 0.562 0.565 0.219 0.567 0.592 0.413 0.506 0.593

Industry FE yes yes yes yes yes yes yes yes yes




(continued)

Panel B: Using ReVaRé5 +—1 as an ex-ante resilience measure
)

Covid Global Financial Crisis Technology Bubble
(1) (2) (3) (4) (5) (6) (7) (8) 9)
ROA (NI) ROA (EBITDA) ROA (EBIT) ROA (NI) ROA (EBITDA) ROA (EBIT) ROA (NI) ROA (EBITDA) ROA (EBIT)
ReVaRéE)’til -0.028 0.049 0.026 -0.265%** -0.076 -0.070** -0.098** -0.082 -0.063
(0.112) (0.070) (0.058) (0.054) (0.039) (0.027) (0.034) (0.077) (0.099)
Size; 11 0.001 0.001 0.000 0.005** -0.000 0.000 0.003** 0.004** 0.003
(0.001) (0.001) (0.001) (0.002) (0.001) (0.001) (0.001) (0.001) (0.002)
BM; t—1 -0.004 -0.005 -0.006* -0.122%** -0.013 -0.015 -0.001 -0.002 -0.005
(0.004) (0.004) (0.003) (0.009) (0.009) (0.008) (0.007) (0.002) (0.004)
Leverage; ;1 -0.007** -0.004** -0.004*** 0.017* 0.002 0.002 -0.003 -0.004** -0.002
(0.002) (0.001) (0.001) (0.007) (0.003) (0.003) (0.002) (0.002) (0.002)
Cash; ;1 -0.021%** -0.014%* -0.013%* 0.067*** -0.013%* -0.009** -0.024 -0.017 -0.023*
(0.002) (0.007) (0.005) (0.011) (0.004) (0.003) (0.020) (0.010) (0.012)
ROA; -1 0.397%** 0.701%** 0.691*** 0.559%** 0.799*** 0.838*** 0.358*** 0.511%** 0.513%**
(0.065) (0.057) (0.055) (0.063) (0.036) (0.033) (0.096) (0.087) (0.092)
R&Dj 11 -0.277%* -0.106* -0.115%* -0.837%** -0.181% -0.153%* -0.186 -0.174 -0.148
(0.092) (0.050) (0.046) (0.122) (0.072) (0.061) (0.197) (0.149) (0.144)
Number of patents; ;1 0.000%* -0.000 0.000 -0.005** 0.001 -0.000 0.000 -0.001 0.000
(0.000) (0.000) (0.000) (0.002) (0.001) (0.001) (0.001) (0.001) (0.001)
EV per patent; ;1 0.001 0.001 0.001 0.002 0.003 0.002 0.002%* 0.003%* 0.001
(0.001) (0.001) (0.001) (0.004) (0.001) (0.001) (0.001) (0.001) (0.001)
Observations 840 840 840 804 804 804 1,203 1,205 1,205
Adjusted R? 0.351 0.566 0.570 0.211 0.572 0.602 0.405 0.471 0.572
Industry FE yes yes yes yes yes yes yes yes yes




Table A.2: Resilience ¢ = 99 and Firm Characteristics: Quarterly Panel Regres-
sions

This table presents the results of quarterly panel regressions linking quarterly firm-level resilience
estimates ReVaRgy, to h—quarter lagged firm characteristics Z;_, and state variables M;_:
ReVaRégi = a4+ bM;_; + cZZ_h + €, where h = 1, 4 and 8 quarters, respectively. The re-
sults are based on the full sample period from January 1, 1990 to December 31, 2022. The data
sources and construction of the state variables and firm characteristics are discussed in Tables [I]
and [2| of the paper. All variables are winsorized at the 1% and 99% levels. All regressions include
industry fixed effects. Newey-West standard errors are reported in brackets. Significance levels are
indicated as follows: *p < .10; **p < .05; ***p < .01.

Dependent variable: ReVaRég’t

) @) )
h=1 h=4 h=8
Leverage; ;—p, 0.114** 0.109 0.148*
(0.046)  (0.067)  (0.083)
Cash; 0.072 0.112 0.236
(0.152)  (0.226)  (0.286)
R&D; 1, 0.260 1.724 3.452
(1.724)  (2.464)  (3.132)
Number of patents; +—p -0.028* -0.040%* -0.041
(0.015)  (0.023)  (0.030)
Economic value per patent; ;_p -0.030 -0.024 -0.025
(0.022)  (0.034)  (0.044)
VaR:gin 26.433%%  23.9647%F 20,483+
(0.769)  (1.110)  (1.344)
Stock return volatility; ¢—p, 0.009* 0.014** 0.020***
(0.005)  (0.007)  (0.008)
Size; +—n 0.356%** 0.341%** 0.305%**
0.015)  (0.022)  (0.029)
BM,; ¢, -0.470%F*  _0.517FFF _(0.544%F*
(0.063)  (0.092)  (0.115)
ROA; +—p, 0.295 0.516 0.953
(0.793)  (1.059)  (1.292)
3-month yield change;_p 0.220 -0.245 -0.439
(0.248)  (0.246)  (0.268)
Term spread change; -0.131%* 0.006 -0.195%**
(0.057)  (0.051)  (0.056)
Ted spread;_p 0.080 0.162 0.055
(0.080)  (0.115)  (0.121)
Credit spread change; p, -0.931 -0.112 -5.200%**
(1.684)  (1.554)  (1.371)
Market return;_p, 15.548%**  25.933***  20.640%**
(3.210)  (3.500)  (3.687)
VIX, » [0.032FKF% _0.044FFF  _().054%F*
(0.004)  (0.005)  (0.006)
Observations 216,094 211,268 202,793
Adjusted R? 0.0376 0.0328 0.0274
Industry FE yes yes yes
Newey-West SE lag 1 4 8




Table A.3: Resilience and Firm Characteristics: Panel Regressions with Quarter
Fixed Effects

This table presents the results of quarterly panel regressions linking quarterly firm-level resilience
estimates ReVaRéw to h—quarter lagged firm characteristics Z; , and state variables M;_j:
ReVaRé&t =a-+ bM;_p + cZZ_h + €&, where h = 1, 4 and 8 quarters, respectively. Instead of
including state variables as controls, we include quarter fixed effects, in addition to industry fixed
effects. The results are based on the full sample period from January 1, 1990 to December 31, 2022.
Newey-West standard errors are reported in brackets. Significance levels are indicated as follows:
*p < .10; ¥*p < .05; ¥*¥p < .01.

Dependent variable: ReVaRéat

0 ) 3)
h=1 h=4 h=8
Leverage; ¢, 0.087***  (.083***  (.095%**
(0.012)  (0.017)  (0.021)
Cash;;_p, 0.253***  (0.262***  (.289***
(0.036)  (0.053)  (0.067)
R&D; ¢, -0.417 -0.388 -0.262
(0.402)  (0.573)  (0.726)
Number of patents; ;—p, -0.039***  _0.039*** -0.039%**

(0.003)  (0.005)  (0.007)
Economic value per patent;;—p, -0.032%** -0.031*** -0.028***
(0.005)  (0.008)  (0.010)

VaR; g i—n 4.802FF*  3.620%**  2.285%**
(0.322) (0.465) (0.562)
Stock return volatility; ¢, 0.017*%**  (0.018%**  (.019***
(0.001) (0.002) (0.002)
Size; —p, 0.154***  0.146%**  (0.133***
(0.004) (0.006) (0.008)
BM; 1, -0.127F%%  _0.125%F% (0. 113***
(0.016) (0.023) (0.029)
ROA; ;4 -0.049 -0.105 -0.126
(0.181) (0.240) (0.292)
Observations 216,094 211,268 202,793
Adjusted R? 0.0487 0.0466 0.0442
Industry FE yes yes yes
Quarter FE yes yes yes
Newey-West SE lag 1 4 8




Table A.4: Resilience and Intangible Assets with Alternative Scaling

This table presents the results of annual panel regressions (ReVabet =a+ bM;_p + CZL n+ €
using data from January 1, 1990 to December 31, 2022. The dependent variables are resilience
measurements ReVaRéat. The independent variables are lagged by one year. While in the main
analysis in the paper, we scale the different categories of intangible assets by total assets, in this
table we use market equity to scale the different types of intangible assets. Macroeconomic control
variables include six state variables used in the estimation of ReVaRf],t. All regressions include
industry fixed effects. Newey-West standard errors are reported in brackets. Significance levels are

indicated as follows: *p < .10; **p < .05; ***p < .01.

ReVaRéE),t
(1) (2) (3) (4) (5) (6)
R&D; ¢, -0.444%**
(0.029)
Number of patents; ;_, -0.017**
(0.007)
Economic value per patent; ;_p, -0.035%**
(0.010)
Knowledge capital; ;—p, -0.248***
(0.063)
Organizational capital; -0.006
(0.030)
Off-BS intangible assets; ;—, -0.042*
(0.025)
Intangible assets; ;_p, 0.025
(0.021)
Brand capital; ;—p 0.101
(0.146)
Observations 51,921 51,921 51,921 51,921 51,921 51,921
Adjusted R? 0.0430 0.0355 0.0361 0.0354 0.0356 0.0354
Firm-level control variables yes yes yes yes yes yes
Macroeconomic control variables yes yes yes yes yes yes
Industry FE yes yes yes yes yes yes
Newey-West SE lag 1 1 1 1 1 1




Table A.5: Quarterly Panel Regressions Excluding All Missing Observations

This table presents the results of quarterly panel regressions linking quarterly firm-level resilience estimates
ReVaRég)’t to h—quarter lagged firm characteristics Zti_h and state variables M;_j: ReVaRfm =a+bM;_p+
thi_ n Tt €i, where h = 1, 4 and 8 quarters, respectively. We exclude all firm-quarter observations where at
least one of the firm variables is missing, instead of setting the variable to zero as in the baseline analysis.
Patent data are regarded as missing when the firm has no patents during any quarter in the full sample
period. Other variables are considered as missing when they are not reported during that particular quarter.
The regression results are based on the full sample period from January 1, 1990 to December 31, 2022. The
data sources and construction of the state variables and firm characteristics are discussed in Tables [I and
All variables are winsorized at the 1% and 99% levels. All regressions include industry fixed effects.
Newey-West standard errors are reported in brackets. Significance levels are indicated as follows: *p < .10;
**p < .05; ¥*¥*¥p < .01.

Dependent variable: ReVaRj; ,

(1) (2) (3)
h=1 h=4 h=8
Leverage; 1—p, 0.257F%*  (0.224*%**  (.223***
(0.029) (0.041) (0.051)
Cash; ;—p, 0.317%%*  0.311*%**  (.335%**
(0.047)  (0.070)  (0.088)
R&D; ¢ -4.3T6**F* 4. TR3F**  _4 329%**
(0.475) (0.675) (0.847)
Number of patents; ¢—p -0.045%*F*%  _0.040%**  -0.041***
(0.005) (0.007) (0.010)
Economic value per patent; ;—p, 0.014 0.022* 0.019
(0.009)  (0.013)  (0.017)
VaR; qt—n 4.633%**  3.502%** 1.983**
(0.472) (0.669) (0.800)
Stock return volatility; ;—p, 0.012%*%*  0.014*%**  0.015%**
(0.002) (0.002) (0.002)
Size; t—p 0.083*** 0.068*** 0.057***
(0.007)  (0.011)  (0.014)
BM, ¢—p -0.237FFF  _0.248%**  _(.250***
(0.028) (0.040) (0.049)
ROA; +—n -0.252 -0.440 -0.622
(0.236)  (0.314)  (0.386)
3-month yield change,_j, 0.159* -0.071 -0.138
(0.091) (0.087) (0.096)
Term spread change;_p -0.058** 0.018 -0.076***
(0.023) (0.020) (0.023)
Ted spread;_p 0.054* 0.071* 0.053
(0.028)  (0.038)  (0.039)
Credit spread change;_j 0.374 1.422%* -0.748
(0.667) (0.639) (0.572)
Market return;_j, -0.053 2.871** 0.175
(1.299)  (1.439)  (1.557)
VIX;_p -0.001 -0.005***  _0.008***
(0.001)  (0.002)  (0.002)
Observations 76,900 75,224 71,730
Adjusted R? 0.0495 0.0482 0.0485
Industry FE yes yes yes
Newey-West SE lag 1 4 8
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Table A.6: Annual Panel Regressions Excluding All Missing Observations

This table presents the results of annual panel regressions (ReVaRﬁbt = a+bM;_p+cZ!_, +€i) using
data from January 1, 1990 to December 31, 2022. The dependent variables are firm-level resilience
estimates ReVaRys,. The independent variables include 1-year lagged firm characteristics, as
described in Table 2l We exclude all firm-year observations where at least one of the firm variables
is missing, instead of setting the variable to zero as in the baseline analysis. Patent data are
regarded as missing when the firm has no patents during any year in the full sample period. Other
variables are considered as missing when they are not reported during that particular year. The
first four categories of intangible assets are considered missing when the value as reported on WRDS
(based on Peters and Taylor, [2017)) is zero and brand capital is considered missing when its value
equals zero for that firm-year. All regressions include aggregate state variables as controls and
industry fixed effects. Newey-West standard errors are reported in brackets. Significance levels are
indicated as *p < .10; **p < .05; ***p < .01. All variables are winsorized at the 1% and 99% levels.

Dependent variable: ReVaRj; ,

(1) (2) (3) (4) (5) (6)
R&Dj+—n -0.190%**
(0.016)
Number of patents; ;—p, -0.029%**
(0.008)
Economic value per patent; ;—p, -0.007
(0.015)
Knowledge capital; ;—p, -0.314***
(0.060)
Organizational capital; ;—p -0.026
(0.046)
Off-BS intangible assets; ;—p, -0.109***
(0.034)
Intangible assets; ;—, -0.048*
(0.029)
Brand capital; ;—p, -0.189
(0.152)
Leverage; ;—p, 0.187***  0.171**¥*  0.079***  0.071%%*  0.077%F*  0.126%**
(0.042) (0.038) (0.022) (0.022) (0.022) (0.027)
Cash; ¢—p, 0.341***  0.390***  0.286***F  0.251%FF  0.213%FF  (.259%F*
(0.082) (0.083) (0.067) (0.066) (0.064) (0.080)
VaR; q1—n 0.040%F%  0.045%F*%  0.046%*F*  0.045%F*F  0.048%*FF  (0.052%**
(0.008) (0.008) (0.006) (0.006) (0.006) (0.008)
Stock return volatility; +—p, 0.010%**  0.012*%**  0.014***  0.014***  0.014***  0.010***
(0.003) (0.003) (0.002) (0.002) (0.002) (0.003)
Size; t—n 0.084***  0.130***  0.127*¥%F  0.132%%F  (0.099%**
(0.012) (0.008) (0.006) (0.006) (0.006) (0.007)
BM,; ¢+, -0.170%*¥%  -0.125%*F  J0.128%**  _0.124%**  _0.125%**  -0.200%**
(0.044) (0.042) (0.030) (0.030) (0.030) (0.038)
ROA; +—p, 0.130 -0.087 -0.201%* -0.105 -0.072 -0.133
(0.126) (0.128) (0.113) (0.109) (0.109) (0.142)
Observations 24,239 30,428 49,745 50,382 51,327 31,026
Adjusted R? 0.0401 0.0295 0.0350 0.0345 0.0348 0.0332
Macroeconomic control variables yes yes yes yes yes yes
Industry FE yes yes yes yes yes yes
Newey-West SE lag 1 1 1 1 1 1

11



	Introduction
	Methodology
	A Return-Based Resilience Measure: ReVaR
	Estimation Method: Quantile Regressions
	Validation: Estimating ReVaR using Simulated Returns

	A Dynamic Resilience Measure
	Data
	Firm-Level Stock Return Data
	Aggregate State Variables
	Firm Characteristics

	Estimation Results of Firm-Level Resilience ReVaR
	Static ReVaR
	Dynamic ReVaR

	Resilience and Firm Characteristics
	Validation: Ex-Ante v.s. Ex-Post Resilience
	Panel Regression Results
	Quarterly Panel Regressions
	Annual Panel Regressions including Intangible Assets
	Robustness Tests


	Conclusion
	References

