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Abstract

We propose a new measure of the mortality risk of infectious diseases, the marginal case-fatality rate (MCFR),
which quantifies the effect of one additional case on aggregate subsequent mortality, including direct deaths
and indirect deaths from downstream transmission. To estimate the MCFR, we develop a dynamic geospatial
framework that incorporates transmission within and across places, spatial heterogeneity, lags between infec-
tions and death, and mortality spillovers to other causes of death. This framework can assist policymakers in
disease mitigation decisions by consolidating multiple risk factors, including transmissibility and mortality,
into a single interpretable measure that summarizes the full mortality consequences of an additional case.
Applying this framework to 2020 US data, we estimate that one marginal COVID-19 case caused 0.63 sub-
sequent all-cause deaths nationally. This MCFR estimate includes substantial spillover effects: a marginal
case caused 0.15 COVID-19 deaths in the same county as the marginal infection, 0.33 COVID-19 deaths in
other counties, and 0.15 non-COVID deaths. Ex post, mitigation policies like lockdowns were poorly targeted
during the pandemic, contributing to a modest marginal benefit of $576 per person-week of lockdowns. The
MCFR framework can help policymakers more efficiently target and coordinate interventions spatially and
intertemporally.
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1 Introduction

How many deaths are generated by an additional case of an infectious disease? The answer to this
question is important for setting and communicating the value of policies to mitigate diseases. Epidemiology
offers valuable measures, including the case fatality rate (CFR), which quantifies mortality, and the reproduction
number (Rt)1, which quantifies transmission. However, there is no integrated measure that captures the total
mortality impact of an additional case, nor is there a clear way of combining existing metrics to generate such a
policy-relevant summary statistic.

This paper introduces the marginal case fatality rate (MCFR), a measure of the cumulative effect of one
additional case at a point in time on subsequent mortality, accounting for both downstream transmission and
mortality among infected people. As a single forward-looking, time- and location-specific measure of the total
number of lives lost per additional case, the MCFR facilitates the spatial and temporal targeting of mitigation
policies. To do so, our MCFR framework models both the time path from infection to death and the spread of
disease within and across regions.

To demonstrate the policy relevance of the MCFR, we apply it to the COVID-19 pandemic in 2020. We
estimate that one additional case led to 0.4757 additional COVID-19 deaths nationally—20 times greater than
the CFR—and an additional 0.1498 non-COVID deaths. However, despite this large MCFR, we estimate that
lockdowns aimed at reducing infections had a modest marginal benefit of $576 per person per week of lockdown,
perhaps explaining mixed public views of the merits of lockdowns. Ex post, we also find that lockdowns were
often poorly targeted – the MCFR is generally highest prior to spikes in cases, whereas lockdown policies during
the pandemic often tracked mortality, which lags cases. This suggests that better-timed interventions based on
the MCFR could have saved more lives without increasing the length or severity of lockdowns. While we focus
on COVID-19 as an application, the MCFR framework we develop is generalizable and can be applied to other
infectious diseases.

The framework underlying the MCFR is a novel combination of two well-established econometric com-
ponents: a spatial dynamic panel data model for transmission and a finite distributed lag model for mortality.
These components have not been previously applied together to study infectious diseases, but they are ideally
suited to the context because they can capture important features of an infectious disease, like the spatial spread
of disease and the delay between infections and death. Our spatial dynamic panel data model describes disease
propagation over time and across locations using spatial weights to capture geographic and social connected-
ness between counties, allowing these relationships to influence patterns of disease spread (Yu, de Jong and
Lee, 2008; Shi and Lee, 2017; Jeong and Lee, 2020; Han et al., 2021). To characterize disease transmission,
we model the strength of relationships between counties using data on population flows from SafeGraph mobile
phone locations (Kang et al., 2020). The finite distributed lag model (Almon, 1965; Griliches, 1967) describes
the time path connecting mortality to infection by assigning distinct lag parameters to different points in time.
Additionally, it extends the traditional CFR by allowing mortality risks to vary with county characteristics and
demographics while explicitly linking mortality to past case levels.

1The effective reproduction number, Rt, is a time-varying version of the well-known basic reproduction number, R0.
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Our empirical framework yields a closed-form and additive summary statistic that can be decomposed
in ways that are useful for a variety of policy questions. For example, we consider the effect of an additional
case on mortality geographically and estimate that about one-third of COVID-19 deaths (31%) occur in the same
county as the focal additional case, 36% occur in other counties in the same state, and 33% of deaths spill over
to other states. By capturing these substantial geographic spillovers, our MCFR framework highlights that local
mitigation policies produce externalities at the national level beyond their immediate jurisdictions, underscoring
the value of strategic, coordinated interventions. We also alternatively decompose the MCFR into two channels:
“direct” mortality of the person infected with the focal case of 0.0262 within 5-6 weeks (a figure comparable to
the average CFR during out study period of 0.0210) and 0.4495 “indirect” deaths caused by subsequent COVID-
19 propagation.2 This decomposition highlights how the MCFR can inform policies to target different facets of
the disease (e.g., reducing transmission versus investing in better treatments).

Another advantage of our empirical approach is that it can be easily and flexibly modified to evaluate
externalities in mortality from causes other than the focal disease. This is important because the total mortality
burden may be underestimated if the analysis focuses only on mortality from the focal disease. By contrast,
mortality from other conditions is usually examined in separate epidemiologic models instead of in a single
unified framework.3 Using a broader model of all-cause mortality, we estimate that an additional case of COVID-
19 generates 0.6255 additional deaths across the U.S. of which 24% (or 0.1498 deaths) are due to non-COVID-19
causes. These estimates incorporate both direct and indirect pathways, including strain on healthcare systems
and mental health effects.

The regression form of our empirical framework can also be adapted to study disparities by demographic
and socioeconomic characteristics. We estimate that the mortality risk to older adults from COVID-19 was 20
times larger than that of the young population; the risk among individuals with a high school diploma or less
is 3.6 times larger than that of individuals with some college or more. Among older adults, the MCFRs among
Non-Hispanic Blacks and among Hispanics were 2 and 1.4 times larger, respectively, than the MCFR among non-
Hispanic Whites. (There are also smaller disparities within the young population.) These results corroborate
evidence from prior studies that found disparities in outcomes like excess deaths4 and, at the same time, offer
another perspective to quantify the disparate mortality impact of COVID-19 and evaluate how the effects of
mitigation policies might vary across groups.

The MCFR combines information on the fatality and transmission rates to produce policy-relevant met-
rics that cannot be easily inferred from traditional epidemiological measures like the CFR and Rt. To demon-

2The CFR is the ratio of cumulative mortality to cumulative cases. It can be interpreted as the probability of deaths conditional on
being infected and conceptually corresponds to the part of the MCFR on direct mortality.

3Other epidemiology measures that incorporate the spillover effects on deaths of causes other than the focal infectious disease include
the mortality rate, the excess death rate, and the years of life lost (YLL). YLL is a measure of premature death and is usually calculated
by subtracting the age at death from 65 (Alsan, Chandra and Simon (2021)). This measure incorporates age into the calculation of the
burden of a disease, with younger ages associated with a larger burden. The mortality rate and excess death rate can also be adjusted for
age. Apart from incorporating deaths of other causes, an advantage of these measures over the CFR is that they can overcome variation
in how cause of death is coded across places (Beaney et al., 2020; Morgan et al., 2020). However, these measures are not directly linked
to cases and are averages, not marginal measures, which, while useful in characterizing the severity of a disease, cannot directly inform
decisions on whether to impose a policy to mitigate disease spread.

4For instance, see Weinberger et al. (2020); Alsan, Chandra and Simon (2021); Polyakova et al. (2021); Schwandt et al. (2022);
Finkelstein et al. (2024).
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strate the distinct information it captures, we attempt to reconstruct the MCFR using combinations of the CFR
and Rt, and find that based on the R2 value, 54% of the variation in the MCFR is unexplained (conditional on
state and time fixed effects), indicating that the MCFR adds considerable information over existing measures.

We further investigate the interaction between fatality and transmissibility in their relationship to the
MCFR through comparative statics exercises that vary key disease parameters. These exercises illustrate how
the MCFR behaves in settings with different epidemiological characteristics (for instance, if COVID-19 were to
evolve) and demonstrate its applicability to other infectious diseases. We find that the MCFR implies a mathe-
matical complementarity between fatality and transmissibility. That is, the MCFR increases faster with respect
to the fatality (transmission) rate at larger values of the transmission (fatality) rate. Furthermore, the gap between
the values of the MCFR and a CFR analog widens as transmissibility increases because of increased downstream
transmission. This exercise showcases that the MCFR framework is likely to add value relative to the traditional
epidemiological measures in characterizing infectious diseases with high transmissibility like COVID-19. In
short, these results highlight how embedding mortality and transmission in an integrated framework allows us
to generate insights on how they interact to determine mortality.

Our framework contributes to a large epidemiology literature characterizing infectious diseases.5 We
explicitly relate our MCFR framework to the literature both empirically and theoretically. At a theoretical level,
we detail how an integral element of the MCFR capturing marginal case propagation corresponds to Rt.6 At
an empirical level, we build a compartmental model with similar features as our setup (e.g., cross-county trans-
mission) to evaluate our own Rt using our marginal measure of case propagation.7 We then show that it mirrors
the dynamic patterns of the MCFR components that incorporate mortality from downstream cases of rising and
peaking before an outbreak. Our estimate of Rt is within the range reported in the literature, although it is at the
lower end,8 which can be explained by differences in the study periods (large Rt estimates in the literature tend
to come from the very early pandemic period while we cover much of 2020) and modelling approaches (our Rt

captures marginal case transmission while the traditional Rt is more conventionally evaluated as the total or
average impact of a case).9

The rest of the paper proceeds as follows: Section 2 outlines our framework and empirical approach,
Section 3 describes the data we use to implement our model, Section 4 presents the main results, Section 5
presents selected robustness exercises, and Section 6 concludes.

5We derive the properties of our new measure and ground it in other well-established concepts because our empirical approach is
built upon the finite distributed lag model and spatial dynamic panel data models that are widely used with well-understood features.

6This is the rate of new cases tomorrow generated from cases today.
7This is necessary because Rt is inherently model-specific, and we are not aware of any studies with the same empirical setup as

ours.
8Relevant works are Al-Raeei (2021); Chinazzi et al. (2020); Li et al. (2020); Liu et al. (2020); Park et al. (2020); Salje et al. (2020);

Fernández-Villaverde and Jones (2022).
9We note that around the early pandemic, our Rt is close to the higher end of the range in the literature, which is consistent with

our model incorporating local as well as inter-regional transmission. For instance, see Katul et al. (2020); Sanche et al. (2020); Ke et al.
(2021); Korolev (2021); Chudik, Pesaran and Rebucci (2022); Johnsson, Pesaran and Yang (2023).
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2 Framework

Our objective is to quantify the effect of an additional case on all ensuing mortality, thereby producing
a comprehensive measure that combines and innovates upon existing epidemiological metrics. We break down
this problem into two relationships. First, to estimate the fatality rate conditional on infection, we relate mortality
in location i at time t to lags of cases in that location. Second, because infectious diseases propagate, resulting
in additional cases and ultimately more mortality, we model disease transmission within and across locations.
In our analysis, we measure locations using counties and time periods using weeks. However, the framework
can be extended to other infectious diseases, units of geography (e.g., state, country), and time periods (e.g.,
daily, monthly) to suit the context.

2.1 Model specification

We implement the MCFR framework with two well-established econometric models that map naturally
onto the biology of an epidemic. Mortality conditional on infection is captured by a finite distributed lag model
(Almon, 1965; Griliches, 1967), which assigns separate lag coefficients to successive post-infection weeks. This
structure allows the data to inform the time path between symptom onset and death (which can be benchmarked
against the clinical literature) while allowing fatality risk to vary with county demographics and other covari-
ates. Transmission is modeled with a spatial dynamic panel-data specification. Spatial weights characterize
geographic and social connectedness between counties; the spatial dynamic panel data equations then track how
infections propagate across those links over time (Yu, de Jong and Lee, 2008; Shi and Lee, 2017; Jeong and
Lee, 2020; Han et al., 2021). Our approach of combining finite distributed lag and spatial dynamic panel data
models has not been previously applied to simultaneously model the mortality process and spread of diseases.

Because both components are linear,10 their coefficients have straightforward marginal interpretations.
Linearity also allows us to tractably aggregate the mortality impacts of an additional case, including effects from
subsequently propagated cases, when constructing the MCFR. Together, the spatial dynamic panel data and finite
distributed-lag components capture (i) the dynamic evolution of infections and deaths and (ii) the externalities
created by cross-county spread—two features that compartmental models rarely handle explicitly, if at all.

Our framework differs from compartmental models because it does not explicitly model the resistant
population (i.e., the recovered and/or vaccinated population), but this approach is reasonable early in a pandemic
(Bertozzi et al., 2020), when the resistant population is small and vaccination is not yet widespread (Wu and
McGoogan, 2020). Our analysis focuses on 2020, when both of these conditions hold (Atkeson, Kopecky and
Zha, 2024).

10While nonlinear models also accommodate marginal effects, they typically require additional steps or assumptions to derive and
interpret the marginal effects. Given our focus on explaining the incremental impact of each new case, a linear specification highlights
this idea more transparently. More detailed discussions of this issue can be found in Appendices A.1 and D.1.3.
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2.1.1 Mortality

Our first equation describes the determinants of mortality, mi,t = ln(mortalityi,t), where mortalityi,t
is the number of deaths plus one in county i = 1, · · · , n, in week t = 1, · · · , T .11 We begin by focusing on
mortality from the focal infectious disease but later apply the model to mortality from other causes. Formally,

mi,t =

L∑
l=1

θlhi,t−1 + κzi

L∑
l=1

hi,t−1 + xM
i,tβ

M + ζMi + τMt + eMi,t . (1)

Mortality naturally depends on the levels of cases in the county in the previous weeks, hi,t−l = ln(casei,t−l),
where casei,t−l is the count of new confirmed cases plus one in county i in week t − l.12 We allow for a fully
flexible time relationship between mortality and lagged cases, as reflected by the parameters θl, and for cases to
affect mortality over the time horizon of L weeks. The choice of L should be informed by the mortality process
of the focal infectious disease (i.e., the recovery period),13 which has important implications on the estimation,
as described in detail in Section 2.1.3.

County heterogeneity. To provide flexibility and tractability in accounting for differences across counties,
we allow county-level heterogeneity to affect mortality through three channels. First, we include time-invariant
county characteristics, zi, that may interact with cases to affect mortality. In our empirical application zi is
the prevalence of diabetes in county i.14 Second, we include a range of time-varying county characteristics,
xM
i,t =

(
xMi,t,1, · · · , xMi,t,KM

)
, that affect mortality. In our application, we include in xM

i,t weather conditions
(temperature and humidity) and the share of occupied inpatient beds to capture medical shortages. Third, we in-
clude county fixed effects, ζMi , which account for all time-invariant differences across counties, and additionally,
calendar week fixed effects, τMt . The statistical error is eMi,t .

Of central interest is the direct effect of cases, hi,t−l, on mortality, mi,t which captures mortality condi-
tional on being infected and excludes downstream mortality caused by disease propagation, as discussed below.

11To ensure that mi,t, is well defined even when there are no deaths, we add 1 to the count of mortality. We use the same trans-
formation for confirmed cases. To justify this transformation, we focus on the 369 largest counties, in which there are few zeros, and
conduct a sensitivity analysis for the transformation to evaluate the robustness of our specification (see Appendix D.1.3). Overall, the
estimated coefficients remain stable as the transformation constant changes. Essentially, most of our identification comes from variation
along the intensive margin with few zeros in the aggregated data, reducing variations along the extensive margin. Similarly, state-level
lockdown/reopening policies effectively relate to counties already experiencing a significant number of positive cases rather than those
transitioning from zero to positive cases or vice versa. For the relevant discussions, refer to Chen and Roth (2024).

12We use the log-log specification generating a linear-in-logs relationship between cases and mortality. Equation (1) can be written
in Cobb-Douglas form as:

mortalityi,t =

L∏
l=1

caseθi,li,t−l ·
KM∏
k=1

(
XM

i,t,k

)βM
k · exp(ζMi ) · exp(τM

t ) · exp(eMi,t),

where XM
i,t,k = exp(xM

i,t,k). Comparable specifications can be found in Auster, Leveson and Sarachek (1969) and Ruhm (2015).
13The number of lags, L represents the termination of the biological process of infection. A person infected in week t would at the

end of week t+ L either die or recover, so the recovery period refers to the time in which a person is still at risk of mortality.
14We use pre-pandemic characteristics to avoid simultaneity. County characteristics that might be used include demographics (e.g.,

the age distribution of the population), the prevalence of other pre-existing health conditions (e.g., asthma), and environmental factors
(e.g., air pollution). To avoid multicollinearity, we include a single characteristic in zi, the pre-pandemic prevalence of diabetes based
on model fit (the likelihood) and its statistical significance in explaining COVID-19 mortality (see Section 3).
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The direct mortality effect is given by:
θi,l = θl + κzi.

θi,l gives the impact of a 1 percent change in county i’s cases on log mortality in county i at time t + l. κ

captures county-level heterogeneity in the effect of cases on mortality related to time-invariant, pre-existing
county characteristics zi. Equation (1) can be modified to accommodate other functional forms and to include
other regressors depending on the characteristics of the disease being studied.

Other outcomes. Equation (1) is sufficiently general to allow researchers to study the effects of cases on
outcomes other than mortality from the focal infectious disease by replacing the left-hand-side variable, mi,t

with another outcome of interest. For example, we also consider the effect of cases on non-COVID mortality
(e.g., through delayed or foregone medical treatments from non-COVID diseases), as well as mortality (from
COVID or other conditions) among different demographic and socioeconomic groups. As discussed below, the
coefficient estimates can then be used to generate an equivalent MCFR for these outcomes. A researcher with
access to the appropriate data could also consider other outcomes such as (quality-adjusted) life years lost or
disability-adjusted life years lost.

2.1.2 Disease transmission

To model the geo-social transmission of cases, we use a spatial dynamic panel data model (Yu, de Jong
and Lee, 2008; Shi and Lee, 2017; Jeong and Lee, 2020).15 We assume that the number of new cases in county
i at time t, hi,t, depends on the number of cases in the previous period in that county, hi,t−1, and the weighted
average of cases in other counties,

∑n
j=1,j ̸=iwijhj,t−1, where wij captures the weight that county i places on

county j:

hi,t = a1hi,t−1 + a2

n∑
j=1,j ̸=i

wijhj,t−1 + xH
i,tβ

H + ζHi + τHt + eHi,t. (2)

Our primary interest in equation (2) is to estimate coefficients a1 and a2, which give the marginal effects of
previous cases in the same and other counties, respectively, on cases in focal county i. Since the weights on other
counties (wi1, · · · , win) can be regarded as a characteristic of county i, they also describe regional heterogeneity.
As detailed below, in our main specification, wij is constructed using population flows between counties as
measured by location data from mobile phones. Section 5.2 reports estimates from alternative specifications of
wij .

In addition to lags of cases, the transmission equation, like the mortality equation, includes county char-
acteristics xH

i,t =
(
xHi,t,1, · · · , xHi,t,KH

)
with corresponding parameters βH =

(
βH
1 , · · · , βH

kH

)′
. In our applica-

tion, we include in xH
i,t all the variables in xM

i,t and additionally, a measure of the intensity of lockdown policies.
Lastly, we include county and week fixed effects, ζHi and τHt , and errors, eHi,t.

15Qiu, Chen and Shi (2020), Han et al. (2021), and Jeong, Lin and Weinberg (2023) model the geographic transmission of COVID-19
with spatial panel data models.
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2.1.3 Estimation

The main parameters of interest are θ1, · · · , θL, κ, a1, a2, and the coefficient on lockdowns in βH , which
we estimate using maximum likelihood. This method has two advantages. First, it provides a rigorous founda-
tion to select the appropriate model (e.g., lag length L and proper spatial weighting matrices) based on well-
established statistical criteria. Second, this approach allows us to employ control functions in our framework to
address endogeneity in the transmission equation. We use standard errors generated from our quasi-maximum
likelihood estimation method. Appendix A.5 details our methods for obtaining standard errors for the MCFR.

Equation (1). The main objects of interest in equation (1) are the coefficients on lagged cases (i.e.,
{hi,t−1, · · · , hi,t−L, zi

∑L
l=1 hi,t−1}).16 The model is identified from cross-sectional and temporal variations

in lagged cases, conditional on xM
i,t , ζMi , and τMt . Choosing an appropriate L is essential for avoiding omitted

variable bias (L must be sufficiently large) and multicollinearity between lagged cases (L should be parsimo-
nious).

In our empirical application, we select L = 5 based on two considerations. First, existing medical
research indicates that most deaths from COVID-19 occur within 5 to 6 weeks of infection (Barmen et al.,
2020; SeyedAlinaghi et al., 2021; Tsegaye et al., 2022). Second, our choice can be empirically justified by
Hannan and Quinn’s (1979) information criterion, which compares likelihoods for various lags (explored in
Appendix D.1.1)17 and examining how the estimates vary and checking their statistical significance with different
prespecified L (explored in Section 5).

Equation (2). The same strategy for identifying the coefficients on lagged cases (i.e., {hi,t−1,
∑n

j=1,j ̸=iwijhj,t−1})
applies in equation (2). However, identifying the effect of state-level lockdown policies, LROi,t−2, is more com-
plicated because policies are decisions made by state policymakers and are unlikely to be randomly assigned. For
instance, the error term eHi,t in equation (2) may be correlated with LROi,t−2 if states expecting high transmission
levels impose stricter lockdowns.

We use a control function approach in equation (2) to address this endogeneity issue. The main idea
of the control function is to decompose the original error eHi,t into two parts: (i) a part potentially correlated
with LROi,t−2 and (ii) an uncorrelated part (purged errors). To implement this approach, we use two types of
exogenous variation. The first comes from earlier levels of cases, COVID-19 mortality, and economic conditions
not included in equation (2). This is based on the empirically-supported idea that: (i) state lockdown policies
are responsive to realized COVID-19 mortality and case counts (see Section 4.5) and (ii) policymakers may also
consider contemporaneous economic circumstances in deciding whether to impose a lockdown. The second type
of exogenous variation is pre-pandemic demographic and political characteristics of counties that are correlated

16To allow for county-level heterogeneity as captured by κ, we include zi, which has rich county-level variation. We allow the effects
of zi to interact with the sum,

∑L
l=1 hi,t−1. Doing so (rather than estimating a separate value of κ for each lag, {hi,t−1, · · · , hi,t−L})

reduces multicollinearity.
17We rely on Hannan and Quinn’s (1979) information criterion because it selects the correct number of lags with probability one (i.e.,

is consistent). By comparing the likelihoods of models with varying lags, this criterion helps ensure that we neither underestimate L
(excluding relevant weeks of the infection-to-mortality process) nor overestimate it (unnecessarily adding noise and complexity).
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with lockdown policies, providing additional cross-sectional variation.18

To validate the assumptions behind this approach, we empirically verify the absence of serial correlation
in the model’s purged errors in Equation (2), which suggests that purged errors can be viewed as independently
generated shocks across weeks. This implies that the error term at time t is unrelated to the lagged variables (e.g.,
cases, medical shortages) and that the parameters in equation (2) are identified. Further details are provided in
Appendix A.2.

2.2 MCFR formula

2.2.1 Mortality within originating county

We begin by focusing on mortality from the focal infectious disease in the county in which the marginal
case originates. We define the marginal case fatality rate in the origin county, MCFR(i,t)→(i,ΣL∗), as the impact
of a new case in county i in week t on subsequent mortality in the same county in weeks t+ 1 through t+ L∗.
The subscript in MCFR(i,t)→(i,ΣL∗) describes the location and time of the focal case (i.e., origin county i in week
t as denoted by the pair (i, t)) and the location and time of the resulting mortality (i.e., destination county i in
weeks t+ 1 through t+ L∗ as denoted by the pair (i,ΣL∗)). Appendix A.3 details our notation conventions.19

The MCFR(i,t)→(i,ΣL∗) is the sum of two components – mortality of the person with the focal case,
which we refer to as the direct channel and denote as MCFR(i,t)→(i,ΣL∗)Direct , and mortality among people who
are infected with subsequent cases propagated from the focal case, which we refer to as the propagation channel
and denote as MCFR(i,t)→(i,ΣL∗)Prop .

Because the MCFR quantifies the marginal effect of cases on mortality, the only parameters that en-
ter it are the coefficients on cases (e.g., θ1, · · · , θL, κ, a1, and a2). The MCFRDirect

(i,t)→(i,ΣL∗) uses the esti-
mated parameters (e.g., θ1, · · · , θL, and κ) and county-specific characteristics (i.e., zi) from equation (1). The
MCFRProp

(i,t)→(i,ΣL∗), which incorporates case transmission, depends on the same parameters and zi as well as
those (i.e., a1, a2, and wij) from equation (2). Note that the MCFR is expressed in levels, while the relation-

18Note that LROi,t−2 varies by state, while this second-type varies by county, which enriches the cross-sectional variation in the
control function.

19Briefly, since our model specification is based on spatial econometric models, each outcome (e.g., cases and mortality) has its
own geographic location and time. Then, our MCFR measures represent how a case from origin pair (i, t) transitions to mortality for
destination pair (j, t+ l) for j = 1, · · · , n, and l = 1, 2, · · · , L∗. Thus, we want to highlight (i) the origin pair and (ii) the destination
pair. The targeting unit j can be the same county (j = i), or not (j ̸= i).
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ships between cases and mortality in equations (1) and (2) are in logs. Formally,

MCFR(i,t)7→(i,ΣL∗) =

L∗∑
l=1

MCFR(i,t)7→(i,t+l)

=
L∗∑
l=1

d(mortalityi,t+l)

d(casei,t)
=

L∗∑
l=1

dmi,t+l

dhi,t
·

mortalityi,t+l

casei,t

=

L∗∑
l=1


∂mi,t+l

∂hi,t︸ ︷︷ ︸
Direct channel

+

l−1∑
p=1

∂mi,t+l

∂hi,t+p

∂hi,t+p

∂hi,t+p−1
· · · ∂hi,t+1

∂hi,t︸ ︷︷ ︸
Propagation channel

 ·
mortalityi,t+l

casei,t
.

(3)

Here, MCFR(i,t)→(i,ΣL∗) is the increase in mortality in week t+ l from an additional case in week t.
For each lag l, equation (3) decomposes the MCFR(i,t)→(i,ΣL∗) into the direct channel and the prop-

agation channel by decomposing the elasticity dmi,t+l

dhi,t
. The direct channel describes mortality conditional on

being infected, so it is our counterpart to the CFR, although (as detailed in the next section) our approach differs
from the conventional one in that we estimate the direct MCFR using a regression framework. The propagation
channel describes mortality from newly transmitted cases; it is one of the primary innovations of our approach
as it combines case fatality with case transmission. Specifically,

1) Direct channel, MCFRDirect
(i,t)7→(i,t+l):

This channel captures the direct effect of casei,t on mortalityi,t+l and it is evaluated as:

MCFRDirect
(i,t)7→(i,t+l) =

∂mi,t+l

∂hi,t
·

mortalityi,t+l

casei,t
= θi,l ·

mortalityi,t+l

casei,t
for l = 1, · · · , L.

Note that MCFRDirect
(i,t)7→(i,t+l) is zero for l > L because all the people originally infected in week t are

assumed to have either recovered or died by week t+ L.

2) Propagation channel, MCFRProp
(i,t)7→(i,t+l):

This channel captures mortality in county i resulting from newly transmitted cases, which can propagate
(i) within the originating county i and (ii) across county borders before returning to county i. A notable
feature of MCFRProp

(i,t)7→(i,t+l) is the persistence of the propagation channel even beyond L, because cases
at time t continue to propagate indefinitely. These additional new cases subsequently cause mortality.
Formally,

MCFRProp
(i,t)7→(i,t+l) =

 l−1∑
p=1

∂mi,t+l

∂hi,t+p

∂hi,t+p

∂hi,t+p−1
· · · ∂hi,t+1

∂hi,t

 ·
mortalityi,t+l

casei,t

=

 l−1∑
p=1

θi,l−p · [Ap]ii

 ·
mortalityi,t+l

casei,t
for l = 2, · · · , L∗.
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The matrix A = a1I+ a2W in equation (2) governs the transmission of cases where W = [wij ] denotes
the spatial weighting matrix.20 Note that MCFRProp

(i,t)7→(i,t+l) is zero at l = 1 because, by construction, a
case requires at least one week to propagate and another to result in mortality. To illustrate the propagation
channel, consider mortality in week t+3 generated by a case in week t. First, there are two sequences of
within-county transmission: (i) casei,t → casei,t+1 → casei,t+2 → mortalityi,t+3 and (ii) casei,t →
casei,t+1 → mortalityi,t+3. These sequences can be represented by a2θi,1 · mortalityi,t+3

casei,t and a1θi,2 ·
mortalityi,t+3

casei,t , respectively. Second, there is a “bring-home effect” represented by the sequence, casei,t →
casej,t+1 → casei,t+2 → mortalityi,t+3 for some j ̸= i, which can be formulated as a22

∑
j ̸=iwijwji ·

θi,1 ·
mortalityi,t+3

casei,t . Hence, MCFRProp
(i,t) 7→(i,t+3) =

(
a21θi,1 + a1θi,2 + a22

∑
j ̸=iwijwji · θi,1

)
· mortalityi,t+3

casei,t .

To summarize, MCFR(i,t) 7→(i,ΣL∗) ≡ MCFRDirect
(i,t)7→(i,ΣL∗) + MCFRProp

(i,t)7→(i,ΣL∗) with MCFRDirect
(i,t)7→(i,ΣL∗) ≡∑L

l=1 MCFRDirect
(i,t)7→(i,t+l) and MCFRProp

(i,t)7→(i,ΣL∗) ≡
∑L

l=1 MCFRProp
(i,t) 7→(i,t+l). A detailed derivation of the MCFR

is in Appendix A.4.
Note that the elasticity dmi,t+l

dhi,t
does not incorporate incidental components (e.g., covariates, county-level

fixed effects, etc.), which, while useful in improving fit when estimating the coefficients of cases in equations
(1) and (2), imply that there are parts of the cases transmission and mortality that are explained by the incidental
components such as the fixed effects that are not included in the MCFR.

Given that our model employs a log-log specification, the elasticities are time-invariant. Therefore, all
time variation in MCFR(i,t)7→(i,ΣL∗) is due to the ratios mortalityi,t+l

casei,t for l = 1, · · · , L∗. Moreover, a reasonable
choice of L∗ would encompass total downstream mortality including that from cases propagating from casei,t.
If cases propagate (i.e., a1 > 0 and/or a2 > 0), then the expectation is that L∗ > L.21

The decomposition of the MCFR is valuable because it offers two distinct takeaways. First, it underscores
a unique feature of the MCFR, which is that it combines the mortality rate of an infection and the transmission
rate, producing a single, policy-ready measure of the total effect on mortality from one additional case. In
contrast, while the CFR and the basic reproduction number, R0, are valuable, it is not clear how they interact or
how they should be combined for policy purposes.

Second, the distinction between direct and propagation channels enables policymakers to target dif-
ferent facets of a disease. For instance, a disease with a high MCFRDirect

(i,t)7→(i,ΣL∗) but a relatively low
MCFRProp

(i,t)7→(i,ΣL∗) might best be addressed by investments in treating infected individuals. On the other hand,
if the MCFRProp

(i,t)7→(i,ΣL∗) is high or spikes, that might prompt policymakers to consider interventions to limit
disease spread.

20In evaluating MCFRProp
(i,t)7→(i,t+l), we use the diagonal elements of the matrixAp for p = 1, · · · , l−1which capture the transmission

sequences that result in cases in week t+ p in the origin county.
21Estimates for distant weeks are a product of future mortality levels, either realized or predicted. As L∗ increases, we must rely more

heavily on predictions generated by iterating on the prediction model, which introduces noise. We set L∗ = 16 to reduce noise and
provide robustness checks where L∗ = 52 in the appendix. Additionally, given that we estimate a stable transmission process, the full
effect of a case on mortality can be approximated with a finite value of L∗. Note that L∗ should not be confused with L in equation (1),
which represents the endpoint of the biological process of mortality conditional on infection.
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2.2.2 Mortality across counties

Next, we turn to case transmission across borders and evaluate the effect of a focal case beyond the county
in which it originates. The model’s MCFR estimates are naturally represented in a (n × n × T × L∗) tensor,
which describes the impact of a marginal case in each of the n origin counties at calendar time t on mortality in
each of the n destination counties l weeks after the focal case occurred.22 We consider three levels of geographic
aggregation for the destination counties and introduce notation to denote each:

1) Origin county, MCFR(i,t)7→(i,ΣL∗): The county in which the focal case originates.

2) Same state, MCFR(i,t) 7→(Ss(i),ΣL∗): Counties in our sample in the same state as the origin county. That
is, counties j ∈ Ss(i) where Ss(i) is the set of counties in state s(i), where s(i) is the state that includes
county i.23 This is constructed as MCFR(i,t)→(Ss(i),ΣL∗) ≡

∑L∗

l=1

∑
j∈Ss(i)

d(mortalityj,t+l)

d(casei,t) . Note that
MCFR(i,t)→(Ss(i),ΣL∗) includes MCFR(i,t)→(i,ΣL∗).

3) National level, MCFR(i,t) 7→(N ,ΣL∗): All counties in the sample. This is constructed as
MCFR(i,t)→(N ,ΣL∗) ≡

∑L∗

l=1

∑n
j=1

d(mortalityj,t+l)

d(casei,t) , where N denotes the set of all the counties in the
sample. Note that MCFR(i,t)→(N ,ΣL∗) includes MCFR(i,t)→(Ss(i),ΣL∗).

Note that, as before, the subscripts in MCFR(∗)→(∗) describe the origin of a marginal case and the destination of
the resulting mortality. Similiarly, the notation ΣL∗ refers to the summation from weeks t+ 1 through t+ L∗.

Since MCFR(i,t)→(Ss(i),ΣL∗) and MCFR(i,t)→(N ,ΣL∗) are calculated based on the elasticities dmj,t+l

dhi,t
and

the ratios mortalityj,t+l

casei,t for different j = 1, · · · , n and l = 1, · · · , L∗, their derivations are analogous to that of
MCFR(i,t)→(i,ΣL∗) and are detailed in Appendix A.4.24

In short, MCFR(i,t)→(Ss(i),ΣL∗) and MCFR(i,t)→(N ,ΣL∗) reflect spillovers from a focal case in county
i to other parts of the country. They also highlight the different geographical units relevant for disease con-
trol policy. For instance, a state, represented by s, might prioritize mortality occuring within its border, (i.e.,
MCFR(i,t)→(Ss,ΣL∗)) and focus less on the national MCFR(i,t)→(N ,ΣL∗). In contrast, the key indicator for the
federal government would likely be the national MCFR(i,t)→(N ,ΣL∗). Moreover, this framework is sufficiently
general to decompose the MCFR based on other geographical aggregations, such as metropolitan statistical areas
or Census divisions.

22T refers to the total number of calendar weeks. The impact of an additional case in county i at calendar time t on mortality in
county j at calendar time t+ l would have indices (j, i, t, l) in the tensor of derivatives.

23A related notation is Ss which refers to all counties in state s, which could but need not be a function of any county i.
24As an example, MCFR(i,t)→(Ss(i),t+l) is constructed as

∑
j∈Ss(i)

d(mortalityj,t+l)

d(casei,t)
=

∑
j∈Ss(i)

dmj,t+l

dhi,t
· mortalityj,t+l

casei,t
=∑

j∈Ss(i)

(
θj,l +

∑l−1
p=1 θj,l−p · [Ap]ji

)
· mortalityj,t+l

casei,t
. Here, we take the elements of column i in Ap corresponding to counties in

Ss(i) (rows j), which capture the sequence of transmission that results in cases in week t+ p in the state of county i. Note also that the
resulting MCFR(i,t)→(Ss(i),t+l) is an element of the n × T × L∗ tensor which describes the impact of a case in each of the n origin
counties in week t on mortality in week t + l in counties within the same state as the origin county (forcusing on the state of origin
means that the destination dimension of the tensor is eliminated, leading to a 3-dimensional tensor).
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2.2.3 Other causes of mortality and all-cause mortality

We can similarly evaluate the increase in mortality from causes other than the focal infectious disease
from a marginal case. We refer to this as the OCMCFR or “other-cause" marginal case fatality rate. We re-
estimate equation (1) and replace the dependent variable, mi,t, in our application with non-COVID mortality
in county i in week t. We then calculate the OCMCFR using the new parameters θothercause

l for non-COVID
mortality from equation (1), and the same parameters on case transmission from equation (2).

Consistent with our previous notation, we define OCMCFR(i,t)→(i,ΣL∗) as the effect of a case in county i

in week t on non-COVID mortality in the same county in weeks t+1 through t+L∗; OCMCFR(i,t)→(Ss(i),ΣL∗)

and OCMCFR(i,t)→(N ,ΣL∗) are defined analogously. We can then add up the MCFR and the OCMCFR to arrive
at an all-cause marginal case mortality rate, the ACMCFR following the same logic. Formally,

ACMCFR(i,t)7→(N ,ΣL∗) = MCFR(i,t) 7→(N ,ΣL∗) + OCMCFR(i,t) 7→(N ,ΣL∗).

2.2.4 Mortality by subgroups

We can also consider differences in the mortality impact of a case across different demographic and
socioeconomic groups. In our application, we re-estimate equation (1) and replace the dependent variable,
mi,t, with all-cause mortality for specific groups (by age, rate and ethnicity, sex, and education). We then
calculate the effect of a case on all-cause mortality in group g in county i, ACMCFRg,(i,t)→(i,ΣL∗) using the
parameters θg,l for each group from the re-estimated equation (1) and the same parameters on case transmission
from equation (2). Because counties differ in their demographic and socioeconomic composition, we normalize
the ACMCFRg,(i,t)→(i,ΣL∗) by the population size of that group, popg,i to make the estimates comparable across
groups:

ACMCFRpopg,(i,t)7→(i,ΣL∗) = ACMCFRg,(i,t)7→(i,ΣL∗) ×
1

popg,i
× 100, 000.

ACMCFRpopg,(i,t)→(i,ΣL∗) is interpreted as the effect of one additional COVID-19 case in county i in week t

on all-cause mortality in group g in the same county per 100,000 population of the group.

2.3 Conceptual relation to existing epidemiology framework

We propose the MCFR as a way to comprehensively characterize the forward-looking mortality effects of
an infectious disease in a single statistic. While this concept is new, it has clear connections to well-established
epidemiology frameworks and measures. This section lays out the relationship between our MCFR measure and
common epidemiological measures.

Fatality rates. A commonly used epidemiological measure is the case fatality rate, CFR.25 It is frequently
calculated using counts of mortality and cases within the same area, so here we focus on measures within a focal
county. The CFR in county i in week t, CFRi,t, is defined as the ratio of cumulative mortality to cumulative

25See Taubenberger and Morens (2006) and Heymann (2015) for examples of the application of the CFR to other infectious diseases.

13



cases up to week t. Formally,

CFRi,t =

∑t
τ=1 mortalityi,τ∑t

τ=1 casei,τ
.

The MCFR has a few advantages over the CFR. First, the MCFR is arguably a more policy-relevant
measure as it captures the mortality that can be avoided from reducing an additional case. In contrast, the CFR
is an average measure, which is useful for expressing the severity of an infectious disease, but does not directly
relate to the impact of a policy on mortality.

Second, the MCFR framework incorporates both the mortality and transmission aspects of an infectious
disease, and can be readily adapted to study differences across groups (e.g., ACMCFRg,(i,t)→(i,ΣL∗)) and various
externalities from an additional case (e.g., OCMCFR) that are relevant to policy decisions. In contrast, the CFR
is usually evaluated for one geographical area and does not incorporate spillovers to mortality from other causes.
Conceptually, it is closest to the MCFRDirect

(i,t)→(i,ΣL∗) which measures mortality from the focal infectious disease
within the geographical area of interest, conditional on being infected.

Third, the MCFR is better at capturing temporal variation in the mortality rate of an infectious disease
and is forward-looking. The MCFR is evaluated using values of cases and mortality in week t through t+ L∗.
In contrast, the CFR incorporates all past values up to week t, so it is less responsive to current values and tends
to stabilize over time. This forward-looking property of the MCFR makes it less vulnerable to large numbers
of latent infections from the early pandemic. That is, in the case of COVID-19, there were many unmeasured
infections early in the pandemic, causing the CFR to permanently overestimate the death probability conditional
on infection.26 The CFR at time t is more indicative of the entire history of the disease, so when comparing the
two measures it is appropriate to compare the average MCFRDirect

(i,t)→(i,ΣL∗) over a period to the CFR at the end of
the period. Asymptotically, the CFR represents the endemic equilibrium rather than the comtemporary fatality
rate and can be interpreted as the probability of mortality conditional on infection, simliar to the interpretation
of the MCFRDirect

(i,t)→(i,ΣL∗). Hence, MCFRDirect
(i,t)→(i,ΣL∗) ≃ CFRi,t = when MCFRDirect

(i,t)→(i,ΣL∗) is stable over time.
We modify the CFR formula to make it more forward-looking and hence more comparable to the

MCFRDirect
(i,t)→(i,ΣL∗), and refer to the modified measure as the short-run CFR or SCFR. We sum up the cases

and mortality over the next L weeks and calculate the ratio of the two.27 To align with the MCFR, the sum of
mortality leads to the sum of cases by one week. Formally,

SCFRi,t =

∑L
l=1 mortalityi,t+l∑L
l=1 casei,t+l−1

.

In Section 4.8, we jointly examine the CFR, SCFR, and MCFRDirect
(i,t)→(i,ΣL∗), and show that they are empirically

comparable across time and counties.
26Intuitively, the denominator of the CFR (cumulative cases) is understated, while the numerator (cumulative COVID-19 mortality)

is well measured (Atkeson, Kopecky and Zha, 2024).
27Note that because the direct channel ends at L+ 1, we sum over L weeks instead of L∗ weeks when calculating SCFR.
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Disease transmission. A corresponding epidemiological measure for transmissibility that aligns with our
framework is the effective reproduction number Rt, which represents the average number of secondary cases
generated by one infected individual under the population conditions at time t. As a time varying measure,
Rt extends the conventional reproduction number (R0), which evaluates the average number of secondary cases
from an initial infection. These transmissibility measures are typically derived from parameters of mathematical
compartment models such as the Susceptible-Infectious-Recovered (SIR) model. Because there are numerous
ways of forming compartment models, Rt (or R0) is inherently model-specific.

We can also derive an analogous measure of transmissibility in the MCFR framework through the
marginal effect ∂casej,t+1

∂casei,t = [A]ij · casej,t+1

casei,t , which is a key element of the MCFR (in particular, its components
that incorporate case propagation, such as MCFRProp

(i,t)→(i,t+1)). The diagonal elements (∂casei,t+1

∂casei,t ) represent the
number of new cases in county i in week t+1 generated from an additional case in that same county in week t,
while the off-diagonal elements (i.e., ∂casej,t+1

∂casei,t for j ̸= i) capture geospatial transmission of a focal case to other
counties in week t+ 1.

While our transmissibility measure and Rt have the same objective – characterizing the transmission
of an infectious disease – a few key distinctions arise from the difference between our modeling strategy and
that of a compartmental model. First, we model transmission by estimating the relationship between the flow
of (new) cases at time t and time t + 1, and show that hj,t−1 (j = 1, · · · , n) is a sufficient statistic to describe
disease spread. We also do not explicitly model the infection period. In contrast, compartmental models attempt
to imitate the biological process of disease transmission, commonly by explicitly specifying new infections as
a product of contacts between the stock of susceptibles and the currently infected individuals. An advantage of
our approach is that new cases are easier to measure than the stock of infections.

Moreover, our framework is designed for evaluating marginal effects, while Rt is more of an average.
∂casej,t+1

∂casei,t from our model gives the number of new cases in county j generated from previous cases in county
i if all other factors are held constant. The incidental components that we include in our model help address
unobservable factors, like behavioral changes, and improve the model fit. However, by including incidental
components, some portion of the disease transmission process is necessarily explained by these incidental com-
ponents.

Consequently, our measure of transmissibility cannot be directly mapped to the Rt because they are
different objects. In Section 4.8, we evaluate Rt that closely aligns with our setup (e.g., inter-county disease
spread) using our estimated parameters (as outlined in Appendix C.5), and then evaluate how it relates to specific
components of the MCFR.

In summary, this paper provides a tractable framework to quantify the marginal impact of an additional
case on mortality, which economic logic suggests is particularly policy-relevant metric compared to averages.
We propose a range of measures relevant to COVID-19, although the framework is sufficiently flexible and can
be adapted to the specifics of other infectious diseases. The measures we introduce are laid out in Figure 1,
which also relates them to well-established epidemiology measures. In Section 4.7, we quantitatively relate the
MCFR to combinations of the CFR and Rt from previous studies to elucidate how our measure captures and
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unifies the insights from separate, well-established epidemiological measures.

Figure 1: Summary of concepts and notations

Notes: This figure summarizes the concepts and notation used in the paper. The MCFR refers to the impact of one additional case on
COVID-19 deaths, while the ACMCFR and OCMCFR refer to the analogous impact on deaths from all causes and other (i.e., non-
COVID) causes, respectively. The subscript (i, t) before the arrow describes the location and timing of the focal case (i.e., in county
i in calendar week t). The subscript after the arrow describes the location and timing of resulting mortality. Ss(i) refers to the sum of
impacts on mortality in all counties within the same state as county i. N refers to the sum of impacts on all counties nationally. ΣL∗

refers to the sum of impacts in weeks t+ 1 through t+L∗. This annotation can be used to refer to concepts not included in this figure.
For instance, the OCMCFR(i,t)7→(Ss(i)→ΣL∗) is the effect of a case in county i in week t on other cause (i.e., non-COVID) mortality in
the state of county i in weeks t+ 1 through t+ L∗. The CFRi,t refers to the case fatality rate of county i in week t, the SCFRi,t to the
short-term CFR, and Rt to the effective reproduction number.

3 Data

We use weekly panel data from n = 369 of the largest counties in the contiguous U.S., comprising 70%
of the U.S. population. The data span from January 2020 through April 2021. This section lays out our primary
variables, data, and data methods. Appendix B provides more details on how the variables are constructed.

COVID-19 cases. We retrieved data on confirmed COVID-19 cases from the website USAFacts, which com-
piles daily counts of cumulative cases for individual counties from state and local public health agencies (US-
AFacts, 2022). From these, we calculate the counts of new cases and aggregate the data to the weekly level, so
that our observations are at the county-week level.

Mortality. We use individual-level mortality records from the National Center for Health Statistics. This
dataset contains demographic and socioeconomic characteristics of the deceased, county of residence, month
of death, and cause of death. We first collapse the data to the county-month-cause level and, depending on the
specific application, we collapse the data more finely by adding a demographic or socioeconomic dimension.
We consider a death to be caused by COVID-19 if COVID-19 is listed as one of the causes of death. All deaths
that do not include COVID-19 among any of the causes are considered other cause (i.e., non-COVID) deaths.
To obtain weekly-level data, we interpolate the monthly data using publicly available data from USAFacts and
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the Centers for Disease Control and Prevention (CDC, 2022a,b,c). The interpolation methods are detailed in
Appendix B.2 and an accompanying paper Abdulhadi and Weinberg (2025).

Covariates. We incorporate 2019 county-level data on diabetes prevalence, zi, from the County Health Rank-
ings and Roadmaps produced by the University of Wisconsin Population Health Institute (Population Health
Institute, 2023). We normalize zi to have a mean of 0 and a standard deviation of 1 among the counties in the
sample.

We use weekly, county-level weather data on humidity and temperature from the National Centers for
Environmental Information (NCEI, 2023) in xM

i,t and xH
i,t. Previous research has consistently indicated that

cold and dry conditions contribute to the spread and heightened mortality risk of COVID-19.28 To capture
the potential nonlinear influence of county temperatures, we incorporate both temperature and its square. To
mitigate multicollinearity, humidity squared is excluded from xM

i,t and xH
i,t. To account for the role of medical

shortages on the spread of COVID-19 and mortality, we use the fraction of inpatient beds occupied in a county
using data from the U.S. Department of Health & Human Services (HHS, 2023).

We use data on state-level COVID-19 lockdown and reopening policies (LRO) from the Henry J. Kaiser
Family Foundation and the New York Times (KFF, 2022; The New York Times, 2021). LRO ranges from 0 to 5,
with higher values indicating more restrictive policies (see Appendix B.3 for details).29 For the control function,
we consider two categories of (weakly) exogenous variables. The first category variables refer to values at t− 2

or earlier, which are excluded from the main equation (2). Statistically, these variables capture serial correlation
in eHi,t. In addition to historical cases and COVID-19 deaths, we employ the economic activity index, which
is measured using the (seasonally adjusted) change in consumption expenditures from January 2020, drawn
from Opportunity Insights’ consumption spending index (Chetty et al., 2020). For the second category, we
include two pre-pandemic, county-level demographic and political characteristics: the percentage of the county
population with at least some college education and the percentage of Republican votes in the 2016 presidential
election from MIT Election Data and Science Lab (MEDSL, 2017). These variables are expected to influence
the imposition of states’ LRO policies, but they predate the pandemic, making them suitable for addressing
endogeneity in equation (2).

Spatial weights. We generate spatial weights using estimates of weekly population flows from Kang et al.
(2020). These estimates were produced using mobile phone location data obtained from SafeGraph.30 To create
weights, we first sum the population flows, popflowij from county j to county i for all of 2019. Next, we sum
popflowij for each pair of counties to create the total bilateral population flows between counties i and j, i.e.,

28Notable studies supporting this include Mecenas et al. (2020); Shi et al. (2020); Wu et al. (2020); Notari (2021).
29This discrete specification represents the strength of a state’s lockdown policy with a finite policy space that facilitates the interpre-

tation of policies and identifying optimal policies.
30The location data were created using Global Positioning System (GPS) pings from numerous mobile phone applications. The data

are anonymized and do not contain demographic information. Coston et al. (2021) link SafeGraph data to voter roll data which contain
race and age information on voters and voting locations and finds that the SafeGraph data underrepresent older adults and non-white
voters.
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w̆ij = (popflowij + popflowji) if j ̸= i; and 0 if j = i.31 We then row-normalize these values to generate
the spatial weight wij =

w̆ij∑n
k=1 w̆ik

, which makes
∑n

j=1,j ̸=iwijhj,t−1 the weighted average of log cases in other
counties based on the strength of their connections to county i. We use this spatial weight in the baseline
estimation. We consider other spatial weights in Section 5 and Appendix B.4.

Other variables. We use data on the resident population of each county from the US Census Bureau (Census
Bureau, 2019). The dataset contains annual estimates of population counts by age, sex, race, and Hispanic
origin. We use the population estimates for 2019, the year immediately prior to the pandemic, when calculating
the ACMCFRg,(i,t)→(i,ΣL∗) for each demographic and socioeconomic group.

Summary statistics. Table 1 shows summary statistics of the data for April 26, 2020 through December 26,
2020, the period covered in the figures presented in Section 4 on results. Note that some of the mortality values
are not whole numbers because they were interpolated from monthly data on mortality counts using publicly
available weekly data.

4 Results

We begin by presenting estimates of our two main equations – the mortality and disease transmission
equations. We then present a series of other results derived from these estimates, including the direct effect of
a COVID-19 case on mortality versus the indirect effect through propagation in the focal county, COVID-19
and non-COVID-19 mortality, geographic spread, simulations on the impact of state-level lockdown policies,
demographic differences, a comparison to epidemiological models and measures, and an analysis of variations
in model parameters.

4.1 Coefficient estimates

Mortality. Figure 2 and Table 2 present the estimates from our mortality equation (1). Here, our dependent
variable is the log of COVID-19 mortality in a county in a given week, mi,t. Figure 2 plots the coefficients, θl,
which give the elasticities of mortality with respect to cases in the preceding weeks. The coefficients gradually
decline over time, stabilizing around the fourth lag, θ4. A 1% increase in cases is associated with a 0.35% rise
in COVID-19 mortality one week later, declining to 0.07% after five weeks. These estimates refer to mortality
conditional on infection and exclude subsequent mortality arising from newly transmitted cases. From these
estimated θl, we evaluate in Section 4.2 the probability of death and the time paths of mortality conditional on
infection based on the average MCFRDirect

(i,t)7→(i,ΣL∗) and compare them to other related measures from the literature
(e.g., CFR).

31We consider two directions of spread of COVID-19 cases in this specification. First, the population flow from county j to county i
(popflowij) can impact log cases (hi,t) in county i, as infected individuals from county j can spread infections upon arriving in county
i. Second, the population flow from county i to county j (popflowji) can contribute to an increase in county i’s cases, as individuals
from county i may be exposed to cases in county j and subsequently “bring infections back” to their home county.

18



Table 1: Summary statistics

Mean Median Std. Dev.
Count of total deaths per county-week

Total deaths 111.16 72.67 134.56
By cause

COVID-19 15.12 6.19 35.12
Other causes 96.04 64.71 109.24

By gender
Female 52.88 35.03 62.17
Male 58.16 37.72 72.48

By age
Young (age younger than 65) 29.80 18.78 38.62
Older (age 65 or older) 81.24 53.96 97.04

By race and ethnicity
White 74.26 53.92 68.72
Black 17.54 7.19 32.28
Hispanic and others 19.21 5.00 55.96

By education
High school or less 67.31 43.44 83.97
Some college or more 43.72 28.38 52.37

Other variables
Cases 935.85 395.00 2320.99
Population 620,609 382,067 795,674
Temperature (◦C) 19.93 21.37 7.86
Absolute humidity (g/m3) 0.0094 0.0087 0.0045
Medical shortage (share of inpatient beds occupied) 0.68 0.70 0.17
Lockdown and reopening policies (LRO) 3.08 4.00 1.18
Percent change in consumption expenditures from January 2020 -8.2687 -6.5993 12.1791
Percentage population with some college or more 63.99 64.10 8.27
Share of Republican votes in 2016 presidential election (%) 46.22 48.58 9.39

Spatial weights, wij

based on population flows, popflowij 0.00271 0.00025 0.02321

Notes: The statistics in this table cover the period from April 26 through December 26, 2020. The unit of observation is a
county-week. Some of the mortality values are not whole numbers because they were interpolated from monthly data of mortality
counts using publicly available weekly data. A higher value of the LRO indicates stricter measures.
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Figure 2: Estimates of the coefficients θl on the log-past cases, hi,t−l, from equation (1) for COVID-19 mortality

Notes: This figure shows estimates of θl from regressions of log mortality on the log of cases, hi,t−l in the preceding 5 weeks from
equation (1). The estimates give the elasticity of mortality with respect to past cases. Other coefficient estimates are reported in Table
2. The vertical bars show 95 percent confidence intervals.

Table 2 reports other coefficient estimates from equation (1). The coefficient κ, on the interaction be-
tween diabetes prevalence, zi, and the cumulative sum of cases,

∑L
l=1 hi,t−l, is both positive and significant.

This estimate suggests that diabetes increases mortality from COVID-19, which is in keepng with work that
highlights diabetes as a significant risk factor (Stokes et al., 2020; Huang, Lim and Pranata, 2020; Kumar et al.,
2020; Corona et al., 2021; Kastora et al., 2022; CDC, 2023). Holding lagged cases (

∑L
l=1 hi,t−l) constant, a

one standard deviation increase in the prevalence of diabetes is associated with 0.01% higher mortality.

Table 2: Coefficient estimates of covariates from equation (1) for COVID-19 mortality

κ: Diabetesi · h̄sum
i,t−1 7→ mi,t 0.0096 (0.0006)

βM
1 : Temperaturei,t 7→ mi,t -0.0263 (0.0025)

βM
2 : Temperature2i,t 7→ mi,t 0.0004 (0.0001)

βM
3 : Humidityi,t 7→ mi,t 0.6386 (2.5863)

βM
4 : Medical shortagei,t−1 7→ mi,t 0.0968 (0.0270)

Number of observations 17,712
Log-likelihood -8,212

Notes: This table reports coefficient estimates from equation (1) for COVID-19 mortality. Diabetes gives the prevalence of diabetes in
a county among adults in 2019. Temperature is measured in degrees Celsius (℃). Humidity refers to absolute humidity, measured in
g/m3. Medical shortage refers to the fraction of inpatient beds in a county that are occupied. Standard errors are reported in
parentheses.

Medical shortages in the form of limited hospital capacity are also associated with increased mortality.
Specifically, a 1 standard deviation increase in the share of occupied inpatient beds in a county is associated
with a 1.65% increase in mortality. Intuitively, we expect increased mortality among people who are infected as
medical resources become constrained.

High temperatures are associated with lower mortality, although this pattern weakens at high temper-
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atures (i.e., mortality decreases as a function of temperature up to 33℃, a level corresponding to the 98th
percentile of the sample). This pattern aligns with higher influenza-related mortality in the winter. While the
literature suggests that humidity is associated with lower mortality,32 our estimated coefficient on humidity is
not statistically different from zero, which may be due to its collinearity with temperature.

Case transmission. Table 3 presents the estimates of equation (2), the disease transmission equation. We
estimate that a 1% increase in cases in the previous week in a focal county results in a 0.748% rise in cases in
the current week in that county. Cases in one county are also affected by those in other counties: A 1% increase
in (the weighted average of) cases in surrounding counties induces a 0.201% increase in the focal county’s cases.
Thus, the magnitude of the cross-county marginal-effect coefficient, a2, is roughly a quarter of the own-county
marginal-effect coefficient, a1. They sum to 0.949%, indicating that COVID-19 transmission conditional on the
covariates is highly persistent, but bounded (i.e., close to, but less than 1).33 It is important to note that while
these estimates imply that COVID-19 is persistent (rather than explosive) on average, cases can increase rapidly
at times due to the incidental components – covariates, county-level fixed effects, etc. (e.g., at the start of an
outbreak) – and, at other times, spread slowly (e.g., at the end of an outbreak).

Table 3: Coefficient estimates from equation (2)

a1: hi,t−1 7→ hi,t 0.7480 (0.0055)
a2: wijhj,t−1 7→ hi,t 0.2007 (0.0082)
βH
1 : Temperaturei,t 7→ hi,t -0.0039 (0.0018)

βH
2 : Temperature2i,t 7→ hi,t 0.0001 (0.0000)

βH
3 : Humidityi,t 7→ hi,t -6.5357 (2.1548)

βH
4 : LROi,t−2 7→ hi,t -0.0360 (0.0046)

βH
5 : Medical shortagei,t−1 7→ hi,t 0.0668 (0.0210)

Number of observations 17,712
Log-likelihood -29,871

Notes: This table reports coefficient estimates from equation (2) on case transmission. Temperature is measured in degrees Celsius
(℃). Humidity refers to the absolute humidity, measured in g/m3. Lockdown (LRO) is expressed on a scale from 0 (no restriction) to 5
(most restrictive). Medical shortage refers to the fraction of inpatient beds in a county that are occupied. Standard errors are reported
in parentheses.

One of the incidental components in our transmission equation is medical shortages, which also affect
cases. A one standard deviation increase in the share of occupied inpatient beds is associated with a 1.14% rise
in cases. A scarcity of available inpatient beds might leave people to travel further for medical care, potentially
spreading COVID-19. Alternatively, individuals might opt to self-treat at home, rather than being isolated in a
crowded hospital. Medical shortages may also be correlated with a lack of access to other medical resources

32Shaman et al. (2010) found that “the onset of increased wintertime influenza-related mortality in the United States is associated
with anomalously low absolute humidity levels during the prior weeks.” Similarly, Wu et al. (2020) verified the same pattern in relation
to the COVID-19 pandemic.

33We verify that the equation system consisting of equations (1) and (2) does not contain a unit root conditional on our covariates. For
instance, our tests in Appendices D.1 and D.3 show that a1+a2 < 1. If a1+a2 ≥ 1, generated mortality from a case becomes unbounded
(one confirmed case eventually leads to the death of the entire population). Although our model does not rule out this scenario, our
estimation based on 2020 data suggests a highly persistent but stable dynamic process, which is consistent with the estimates from
conventional epidemiological models.
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and greater crowding, which might also increase transmission.
In terms of policy, our results indicate that stringent lockdown measures are associated with lower

COVID-19 case transmission. Increasing lockdown stringency by one on a scale of 0 to 5 unit reduces cases in
the focal county by 3.60%.

Regarding weather, we find that higher temperatures and humidity are associated with lower COVID-19
case propagation. The relationship with temperature is quadratic, with stronger effects at low temperatures. This
observation aligns with existing studies of COVID-19 transmission (Mecenas et al., 2020; Shi et al., 2020; Wu
et al., 2020; Notari, 2021). It also mirrors findings in the broader influenza literature that in temperate regions,
influenza activity is highest when temperature and humidity are lower, typically during the winter (Shaman et al.,
2010; Tamerius et al., 2013). Several theories have been posited to explain this pattern, such as improved viral
survival, enhanced viral transmission via airborne droplets, increased viral shedding by hosts, and diminished
antiviral defenses in colder, drier conditions (Shaman and Kohn, 2009; Deyle et al., 2016; Kudo et al., 2019).

4.2 Direct and Indirect COVID-19 Mortality in the Focal County

Having estimated COVID-19 mortality conditional on infection and the spread of COVID-19, we can
now evaluate the MCFR using the coefficient estimates in Section 4.1. For each lag l, Figure 3 reports the
mean values of MCFR(i,t)7→(i,t+l) across origin counties and calendar weeks, that is MCFR(·,·)→(·,·+l) ≡
1
nT

∑n
i=1

∑T
t=1 MCFR(i,t)7→(i,t+l). For tractability, MCFR estimates in the remainder of the paper refer to aver-

ages across some dimensions that are described explicitly and then referred to as simply the MCFR (e.g., without
the upper bar) as a shorthand. For instance, the MCFR(i,t) 7→(i,t+l) in this subsection refers to MCFR(·,·)→(·,·+l)

unless noted otherwise.34

Figure 3 shows that one additional COVID-19 case in week t on average leads to 0.0105 additional deaths
in week t+1 in the same county. The estimate increases to 0.0151 in week t+5 before decreasing to 0.0026 in
week t+ 16. Over 16 weeks, one additional case leads to 0.1489 additional deaths in the focal county. We then
decompose the MCFR(i,t)7→(i,t+l) into the increase in mortality among the initially infected person (the direct
channel, MCFRDirect

(i,t)7→(i,t+l), represented by the dark blue bars) and mortality attributed to cases that propagate
from the focal case (the propagation channel, MCFRProp

(i,t)7→(i,t+l), represented by the green bars).
One week after an additional case occurs (l = 1), all mortality is attributed to the direct channel. This is

a product of the model’s construction: a case requires at least one week to propagate and an additional week to
result in mortality. The magnitude of the direct channel is governed by θl in equation (1), leading to a gradual
decrease over time. The MCFRDirect

(i,t)7→(i,t+l) is zero in weeks t+ 6 onwards because L = 5 in equation (1). The
probability of death conditional on contracting COVID-19, implied by MCFRDirect

(i,t)7→(i,ΣL) in the first 5 weeks, is
0.0262. This is comparable to the CFR at the end of our sample period, which is 0.0210.35 The MCFRDirect

(i,t)7→(i,t+l)

34Appendix D.2 presents results based on median values of the MCFR, which are largely consistent with those based on the means,
although their magnitnudes differ.

35Conceptually, the mean value of MCFRDirect
(i,t)7→(i,ΣL) over the sampling period corresponds to the CFR at the end of the period. The

MCFRDirect
(i,t)7→(i,ΣL) captures the contemporaneous probability of death at time t, so taking its average over a period is appropriate. In

contrast, the CFR incorporates all past values. Thus, the average MCFRDirect
(i,t)7→(i,ΣL) over a period is comparable to the CFR at the end

of the period. This is discussed in Section 2.3 and explored further in Section 4.8.
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Figure 3: Marginal case fatality from an additional COVID-19 case in the origin county by channel

Notes: This figure shows the effect of an additional COVID-19 case in a focal county in week t on COVID-19 deaths in weeks t + 1
through t+L∗ in that focal county. The total height of each bar shows the effect on mortality in the origin county for each lag l relative
to week t, MCFR(i,t)7→(i,t+l). We decompose this value into direct mortality among the initially infected persons, MCFRDirect

(i,t)7→(i,t+l)

in dark blue bars and mortality from newly propagated cases, MCFRProp
(i,t)7→(i,t+l) in green bars. For each lag l, we calculate the mean

across counties and calendar weeks, for instance MCFRDirect
(·,·)→(·,·+l) =

1
nT

∑n
i=1

∑T
t=1 MCFRDirect

(i,t)7→(i,t+l).

also describes the time path between infection and mortality, which is not captured by the CFR. We estimate that
63.79% of these additional deaths occur by week t+ 2, and 80.33% by week t+ 3, consistent with the average
time from onset to death of 17.8 days, as reported by Verity et al. (2020).

Mortality from newly transmitted cases (i.e., MCFRProp
(i,t) 7→(i,t+l)) exhibits an inverted U-shape over time.

It initially increases from 0 in week t = 1 to 0.0078 in week t + 2, peaks at 0.0131 in week t + 6, and then
declines gradually. The initial increase can be attributed to the lag between infection and mortality. The effect
of a new case in week t+ 1 that propagated from the focal case spans weeks t+ 2 through t+ 6, and so forth.
The sum of these lagged effects from the initially propagated cases produces the initial increase.

However, the MCFRProp
(i,t)7→(i,t+l) eventually dissipates over time because we estimate a persistent but not

permanent marginal effect of a current new case on future new cases (equation 2), implying that the cumulative
effect of a case on mortality is bounded. The formula for the MCFRProp

(i,t)7→(i,ΣL∗) can be described as a finite
weighted summation of a geometric series from a dynamic system, eventually resulting in declining values of
MCFRProp

(i,t)7→(i,t+l) as l increases. Put differently, while the model allows for indefinite case transmissions, case
propagation from one week to the next becomes smaller over time as the sum of the marginal effect coefficients
a1 and a2 is less than 1, so the impact on mortality also declines.

Over 16 weeks, direct mortality on average accounts for 18% of the MCFR(i,t)7→(i,ΣL∗), while case
propagation accounts for the remaining 82%. These results highlight the magnitude of COVID-19 externalities
– the effect of an additional case on mortality due to propagation is 4.6730 times that of the initially infected
person.

The MCFR varies considerably temporally and spatially, which is masked by Figure 3 that presents the
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average across these dimensions. As detailed in Section 4.8, the MCFR tends to increase substantially in the
weeks preceding an outbreak and then decreases afterwards due to fluctuations in the ratio of mortality to cases,
mortalityi,t+l

casei,t , in the MCFR formula. The MCFR also varies across counties based on, among other factors, wij

and zi. Our empirical approach provides a disciplined and data-driven way to model these variations.
We further examine regional heterogeneity in the MCFR by analyzing its components averaged across

calendar weeks, that is MCFRDirect
(i,·)→(i,ΣL) ≡ 1

T

∑T
t=1 MCFRDirect

(i,t)→(i,ΣL) and MCFRProp
(i,·)→(i,ΣL) (defined anal-

ogously). The standard deviation of MCFRProp
(i,·)→(i,ΣL) is 0.0904, which is 7.2120 times larger than that of

MCFRDirect
(i,·)→(i,ΣL) (0.0125). Notably, this ratio (7.2120) exceeds the ratio of their averages (4.6730), suggesting

more pronounced variability in the propagation component. We find that counties with higher proportions of
older, less educated, and uninsured populations exhibit larger county-level values of MCFRProp

(i,·)→(i,ΣL). Mean-
while, variation in MCFRDirect

(i,·)→(i,ΣL) (standard deviation 0.0125, compared to 0.0093 for the county-level CFR)
is higher for counties with older and less educated populations, as well as those with elevated rates of premature
death (refer to Appendix C.1 for details).

4.3 Non-COVID Mortality

An advantage of our framework is that it allows us to estimate the effect of an additional COVID-19 case
on non-COVID-19 mortality in the short run (16 weeks). COVID-19 cases have an ambiguous effect on non-
COVID mortality in the short run due to competing mechanisms, making the net effect an empirical question.
On one hand, a person close to death from a terminal condition (e.g., a late-stage cancer) may die of COVID-19
instead of their underlying condition. That is, thought of in terms of competing risks, COVID-19 cases can
reduce mortality from non-COVID causes. On the other hand, social isolation during the pandemic may have
also contributed to the increase in mortality related to mental illness, including substance use. Moreover, an
increase in cases may lead people to delay or avoid treatment for non-COVID conditions, eventually leading
to mortality that would otherwise have been avoided or delayed. Note that our approach is not well-suited to
estimating the effect of COVID-19 cases on long-term mortality, such as that arising from complications due
to missed diagnostic screenings that increase mortality many months or years in the future. The fact that even
non-COVID mortality was higher in 2020 than in previous years suggests that COVID-19 cases increased non-
COVID mortality.36

Table 4 reports the estimates from equation (1) for non-COVID mortality. Here, L = 1, based on
Hannan and Quinn’s (1979) information criterion (refer to Figure D.25 in Appendix D.1.1) and a comparison of
the estimates with different values of L (Figure 16 in Section 5).37 A 1% increase in cases is associated with a
0.03% increase in non-COVID mortality. The estimated elasticity, θothercause

1 , for non-COVID mortality is much
smaller than that for COVID. However, since almost 90% of deaths in the counties in our sample during our

36Among counties in our sample, the raw count of non-COVID mortality is 6.8% higher in 2020 than all-cause mortality in 2019,
which is equivalent to 122,168 excess deaths. The raw count of all-cause mortality in 2020 is 20.1% higher than in 2019, equivalent to
361,501 excess deaths. Mortality is higher in 2020 than in 2019 for almost all causes, except for chronic lower respiratory disease and
suicide, which experience declines. Thus, it seems plausible that COVID-19 might have increased non-COVID mortality.

37Since specifying a “recovery period” for all non-COVID causes is daunting, we rely on statistical evidence (model selection criteria
and robustness check) to select L for non-COVID mortality.
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study period are attributed to non-COVID causes, the effect of an additional case on the level of non-COVID
mortality is substantial (0.0594 deaths on average). This finding is consistent with Zhang (2021), which finds
a drop in hospital visits among veterans during the very early part of the pandemic and worse presentations of
those who arrived at emergency departments. The author attributes the excess in non-COVID mortality during
the same period to hospital avoidance. Similarly, Ziedan, Simon and Wing (2022) found that cancelled medical
appointments during the pandemic led to an increase in mortality.

Table 4: Coefficient estimates from equation (1) for non-COVID mortality

θ1: hi,t−1 7→ mi,t 0.0339 (0.0009)
κ: Diabetesi · h̄sum

i,t−1 7→ mi,t 0.0041 (0.0006)
βM
1 : Temperaturei,t 7→ mi,t -0.0038 (0.0004)

βM
2 : Temperature2i,t 7→ mi,t 0.0001 (0.0000)

βM
3 : Humidityi,t 7→ mi,t -1.0011 (0.4532)

βM
4 : Medical shortagei,t−1 7→ mi,t 0.0398 (0.0047)

Log-likelihood 16,846
Number of observations 17,712

Notes: This table reports estimates from equation (1) of other cause (i.e., non-COVID) mortality on lags of cases. We choose L = 1.
Diabetes gives the prevalence of diabetes in a county among adults in 2019. Temperature is measured in degrees Celsius (℃).
Humidity refers to absolute humidity, measured in g/m3. Medical shortages refer to the fraction of inpatient beds in a county that are
occupied. Standard errors are reported in parentheses.

The estimates of the other coefficients generally have the same sign as those for COVID mortality, but the
magnitudes are smaller.38 For instance, a one standard deviation increase in the share of occupied inpatient beds
in a county is associated with a 0.68% rise in non-COVID mortality, which is smaller than the 1.65% increase
observed for COVID-19 mortality.

We use these estimates to evaluate the OCMCFR(i,t)→(i,t+l) for non-COVID-19 deaths in the fo-
cal county. As before, we then take the mean across counties and weeks (i.e., OCMCFR(·,·)→(·,·+l) ≡
1
nT

∑n
i=1

∑T
t=1 OCMCFR(i,t)→(i,t+l)), plotting it together with MCFR(·,·)→(·,·+l) for COVID-19 deaths from

Figure 3. OCMCFR(i,t)→(i,t+l) in this subsection refers to OCMCFR(·,·)→(·,·+l) unless otherwise noted.
Figure 4 shows that, on average, one additional COVID-19 case in week t generates 0.0139 additional

non-COVID-19 deaths in week t+1; this number decreases monotonically to 0.0005 by week t+16. Over the
16-week period, an extra case leads to 0.0594 more non-COVID-19 deaths in the focal county.

In week t + 1, more than half (57%) of the increase in mortality is attributed to non-COVID deaths.
However, non-COVID mortality decreases monotonically and more rapidly over time. Over 16 weeks, 28% of
the increase in mortality from an additional case is attributed to non-COVID causes with the remaining 72%
from COVID-19. These results highlight the substantial spillovers that a COVID-19 case has on mortality from
other causes. This estimate is likely a lower bound of the effect of COVID-19 cases on non-COVID mortality as
it focuses only on the short-run effects. Other effects may take longer to manifest. For instance, missed cancer
screenings may well lead to increased cancer mortality past our observation window.

We also examine regional heterogeneity in the OCMCFR by taking its average across calendar weeks, that
38An exception to this pattern is the coefficient on the level of humidity.
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Figure 4: Marginal case fatality rate from an additional COVID-19 case by cause in the origin county

Notes: This figure shows the effect of an additional COVID-19 case in a county in week t on mortality in weeks t + 1 through
t + L∗ in that county. The total height of each bar shows the effect on mortality of all causes in the origin county for each lag l
relative to week t, ACMCFR(i,t)7→(i,t+l). We decompose this value into direct COVID-19 deaths of the initially infected person,
MCFRDirect

(i,t) 7→(i,t+l) in dark blue bars; COVID-19 deaths from newly propagated cases, MCFRProp
(i,t)7→(i,t+l) in green bars; and non-COVID

deaths, OCMCFR(i,t)7→(i,t+l) in light pink bars. For each lag l, we calculate the mean across counties and calendar weeks, for instance
OCMCFR(·,·)→(·,·+l) ≡ 1

nT

∑n
i=1

∑T
t=1 MCFRDirect

(i,t)7→(i,t+l).

is OCMCFR(i,·)→(i,ΣL∗) ≡ 1
T

∑T
t=1 OCMCFR(i,t)→(i,t+l). The standard deviation of OCMCFR(i,·)→(i,ΣL∗) is

0.0565, or 56.26% of the standard deviation of MCFR(i,·)→(i,ΣL∗), indicating relatively large heterogenety. We
find that OCMCFR(i,·)→(i,ΣL∗) related to the size of the older population, air pollution, and the frequency of
premature deaths (see Appendix C.1 for details).

4.4 Mortality by location

Many policy discussions of COVID-19 focused on the autonomy of states, which makes sense if COVID-
19 cases and mortality are highly local. Our estimates indicate substantial cross-county transmission of cases
(specifically a2), which in turn implies considerable externalities generated by a case in a focal county on mor-
tality in other counties. In this section, we investigate the MCFR(i,t)→(N ,ΣL∗) and OCMCFR(i,t)→(N ,ΣL∗) at the
national level, which we then decompose based on where the mortality occurs, as described in Section 2.2. As
before, we calculate the means across counties in which the focal case originates and calendar weeks for each
lag l (e.g., MCFR(·,·)→(Ss(·),·+l) ≡

1
nT

∑n
i=1

∑T
t=1 MCFR(i,t)→(Ss(i),t+l)). The MCFR in this subsection refers

to such averages, unless noted otherwise. Panels (a) and (b) of Figure 5 display the results for COVID-19 and
non-COVID mortality, respectively.

The dark red bars represent mortality impacts in weeks t + l in the county in which the focal case
originated in week t. For each lag l, the dark red bars in Panel (a) are equal to the sum of the dark blue and
green bars for COVID-19 in Figure 4, while the dark red bars in Panel (b) are equivalent to the light pink bars
for non-COVID mortality. One week after the additional case occurs (l = 1), all mortality occurs in the county
in which the case originates. This is by construction because a case needs at least one week to propagate to other
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Figure 5: Marginal case fatality rate from an additional COVID-19 case by location and cause of death

(a) COVID-19 mortality (b) Other cause (i.e., non-COVID) mortality

Notes: This figure shows the effect of an additional COVID-19 case in a county in week t on COVID-19 deaths (Panel (a)) and other
cause (i.e., non-COVID) deaths (panel (b)) in weeks t + 1 through t + L∗ in different locations. The total height of each bar shows
the effect on total deaths at the national level for each lag l relative to week t, i.e., MCFR(i,t)7→(N ,t+l) and OCMCFR(i,t)7→(N ,t+l). We
decompose these into deaths in the county in which the focal case originates, MCFR(i,t)7→(i,t+l) (dark red bars); counties in the same
state as the focal county, MCFR(i,t)7→(Ss(i)\{i},t+l) = MCFR(i,t)7→(Ss(i),t+l)−MCFR(i,t)7→(i,t+l) (orange bars); and counties in other
states, MCFR(i,t)7→(N\Ss(i),t+l) = MCFR(i,t)7→(N ,t+l) − MCFR(i,t)7→(Ss(i),t+l) (bright yellow bars). For each lag l, we calculate the
mean across counties and calendar weeks, for instance MCFR(·,·)→(Ss(·),·+l) =

1
nT

∑n
i=1

∑T
t=1 MCFR(i,t)7→(i,t+l).

counties and another week to cause mortality. On average, one additional case leads to 0.0244 additional deaths
from all-causes in the originating county after one week. The ACMCFR(i,t)→(i,t+l) then decreases steadily to
0.0031 by week t+ 16.

The orange bars in panel (a) represent COVID-19 mortality in counties in the same state as the fo-
cal county less mortality in the focal county, that is MCFR(i,t)→(Ss(i)\{i},t+l) = MCFR(i,t)→(Ss(i),t+l) −
MCFR(i,t)→(i,t+l). The light yellow bars represent mortality in counties in other states, that is
MCFR(i,t)→(N\Ss(i),t+l) = MCFR(i,t)→(N ,t+l) − MCFR(i,t)→(Ss(i),t+l). The MCFR outside the focal county
takes longer to peak and dissipates rather slowly, especially for mortality outside the focal state. On average,
one additional case in a focal county leads to 0.0016 and 0.0011 additional COVID-19 deaths in week t+ 2 in
other counties within the same state, and counties in different states, respectively. As l increases, these numbers
steadily increase and then peak at 0.0161 in week t+10 for counties within the same state (i.e., it peaks 9 weeks
after mortality is first realized) and at 0.0153 in week t+13 for counties in different states (i.e., 12 weeks after).
(In contrast, MCFR(i,t)→(i,t+l) peaks just 5 weeks after.) The corresponding numbers in week t+16 are 0.0107
and 0.0149 for counties in the same state and counties in different states, respectively. These patterns can be
explained by the large values of a1 and a2, which sum to 0.9487, indicating a highly persistent transmission
process that leads to mortality long after the focal case occurs but not a unit root (see Appendix D.1). In Section
D.3 of the appendix, we include additional results with longer lags, L∗ and show more clearly that the MCFR
outside of the focal county dissipates over time, although quite slowly.

The MCFR(i,t)→(Ss(i)\{i},t+l) and MCFR(i,t)→(N\Ss(i),t+l) are inverse U-shaped over time because it
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takes time for a case in county i to generate cases in other counties. The lag process in mortality accentuates
the inverse U-shape of the MCFR(i,t)→(Ss(i)\{i},t+l) and MCFR(i,t)→(N\Ss(i),t+l). As the MCFR formula can
be considered as a set of geometric series - each new case that propagates across county borders creates its own
series which then leads to an initial increase in the MCFR(i,t)→(Ss(i)\{i},t+l) and MCFR(i,t)→(N\Ss(i),t+l). These
values eventually decrease because the spatial-dynamic process in equation (2) is stable, as we note in footnote
33.

The effect of a case on non-COVID mortality exhibits a similar pattern as that of COVID-19, although
the magnitude is much smaller. Mortality within the same state (orange bars in panel (b)) increases from 0.0018
in week t + 2 to 0.0040 in week t + 6 and then decreases to 0.0022 in week t + 16. Mortality in other states
(light yellow bars) increases from 0.0009 in week t+ 2 to 0.0035 in week t+ 11 and then decreases to 0.0033
in week t+ 16.

Over 16 weeks, one additional case in a county generates 0.6255 additional deaths from all causes na-
tionwide. The increase in all-cause mortality is roughly evenly divided between the originating county (0.2083
additional deaths or 33% of the ACMCFR(i,t)→(N ,ΣL∗)), other counties within the same state (0.2154 or 35%),
and counties in different states (0.2018 or 32%). These results highlight the importance of incorporating cross-
border effects when assessing the marginal mortality from a case and evaluating optimal disease control policy.

4.5 Effects of a lockdown

Just as cases impact mortality beyond the county in which the case originates, disease mitigation policies
have effects across places. While many states emphasized autonomy in setting their social distancing policies,
our estimates imply that a lockdown imposed by one state affects mortality in other states through geographic
transmission of cases. We evaluate the benefit of imposing a one-week full lockdown in state s in week t

(increasing LROi,t from 0 to 5 for i ∈ Ss) on mortality in all counties in our sample using the estimated
coefficient β̂H

4 from equation (2).39 We express the marginal benefit in dollars per person subjected to the
lockdown. For each state s, we evaluate the following:

MBs,t = −
∑
i∈Ss

n∑
j=1

L∗∑
l=1

d(mortalityj,t+2+l + mortalityothercause
j,t+2+l )

d(LROi,t)
× 5× VSL

pops
.

We convert the estimated change in mortality from a full lockdown,
∑

i∈Ss

∑n
j=1

∑L∗

l=1

d(mortalityall-cause
j,t+2+l)

d(LROi,t)
× 5, to

dollars using the value of statistical life (VSL). Although estimates vary, a plausible range of VSL estimates for
an average American is between $10 and $12 million (Sunstein, 2024). For simplicity, we consider VSL=$10
million.40 We also normalize the value by population size pops =

∑
i∈Ss

popi.
The estimated per capita benefits of a one-week full lockdown vary substantially across states. Figure 6

39Recall that LRO affects cases with a 2-week lag and cases affect mortality with a 1-week lag, so the mortality impact of a lockdown
in week t does not materialize until t + 3. Consistent with MCFR calculation, we estimate the impact across L∗ = 16 weeks, that is
from week t+ 3 through week t+ 19.

40This value is also in line with the VSL used in cost-benefit analyses by the US Environmental Protection Agency, which was $7.4
million in 2006 dollars, or about $9.5 million in CPI-adjusted 2020 dollars (Lavetti, 2023).
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reports the mean value for each state across calendar weeks, MBs =
1
T

∑T
t=1 MBs,t. The estimates range from

$219.23 per person in Vermont to $836.43 per person in the District of Columbia, with a mean value of $576.02
per person locked down. On average, 82.37% of the marginal benefit ($474.45) is due to reduced COVID-19
deaths, while 17.63% ($101.57) comes from reduced non-COVID mortality.

Figure 6: Marginal benefit of a lockdown by state, in dollars per capita

Notes: This map shows the benefits of imposing a state-level, one-week full lockdown for each state s in a week t (increasing LROi,t

from 0 to 5 for i ∈ Ss) on mortality in all counties in our sample in weeks t+3 through t+19. The benefit is expressed in dollars based
on the assumed value of statistical life (VSL) of $10M and normalized to the population size of the state imposing the lockdown. It can
be interpreted as the impact per person subjected to the lockdown. For each state, we calculate the average across all calendar weeks t,
that is MBs = 1

T

∑T
t=1 MBs,t.

With the per capita benefits of a state-level lockdown varying across states by a factor of 4, we explore
the factors related to that variation. Here we focus on the role of the geospatial connectedness of states, plotting
the log of the benefits against the log of the total population flows within and across states, w⃗s.41 Figure 7 shows
a strong positive relationship (corr=.72) with a 1% increase in the geospatial connectedness of a state being
associated with a 1.32% increase in the benefit of a lockdown. From a policy perspective, some of the states
with high values of lockdowns like California did impose strong lockdowns, while others like Florida were less
restrictive. This result is consistent with the findings of Balcan et al. (2009), who show that connectivity and
population heterogeneity shape the spatial spread in simulations with a generic influenza-like pathogen.

The value of controlling cases also varies across time. Panel (a) in Figure 8 plots the marginal benefit
of a lockdown averaged across states (i.e., national level), 1

ns

∑ns
s=1 MBs,t, over the year 2020. The values

range from $348.14 per person (second week of July) to $907.02 per person (first week of November). We next
consider how this temporal variation relates to mortality. Figure 8 additionally plots the average LRO policies
implemented across states, 1

ns

∑ns
s=1 LROs,t, and the total COVID-19 mortality in all the counties in our sample,∑n

i=1 mortalityi,t. The benefits of a lockdown tend to precede mortality by a couple of weeks, so that imposing a
lockdown before the start of an outbreak (when cases start to increase instead of when mortality is already high)

41We calculate w⃗s =
∑

i∈Ss

∑n
j=1(popflowij + popflowji + popflowii)/pops. Note that w⃗s is normalized by the population size

of the state and incorporates population flows within counties, popflowii, in addition to the bilateral flows across counties, popflowij +
popflowji.
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Figure 7: Correlation between the benefit of a lockdown and geospatial connectedness

Notes: The vertical axis gives the log of the marginal benefit of imposing a state-level, one-week, full lockdown for state s (increasing
LROi,t from 0 to 5 for i ∈ Ss), averaged across calendar weeks, MBs = 1

T

∑T
t=1 MBs,t. The horizontal axis gives the log of total

population flows within and across states, w⃗s =
∑

i∈Ss

∑n
j=1(popflowij + popflowji + popflowii)/pops. Each point in the figure

denotes a state. The grey line shows the best linear fit (ln(MBs) = −1.68 + 1.32 ln(w⃗s)).

yields the highest marginal benefit.42 Intuitively, when transmission is high, the compounding effect increases
the number of additional cases that each focal case generates, implying a higher benefit of a lockdown. This point
highlights a temporal policy misalignment. Rather than taking preemptive action and imposing lockdowns at
the start of an outbreak when marginal benefits are the highest, states appear to have (belatedly) reacted to higher
COVID-19 mortality. Quantitatively, the correlation between states’ LRO policies and COVID-19 mortality is
0.8365. By contrast, the correlation between LRO policies and the marginal benefit is considerably lower at
0.2267.

Panels (e) through (g) in Figure 8 illustrate the marginal benefits of lockdowns and the LRO policies for
five representative states plus the District of Columbia, which has the highest marginal benefit. The District of
Columbia’s approach to its LRO decisions tends to mirror the overall pattern of trailing COVID-19 mortality.
California also shows a delayed response to the marginal benefit of lockdowns, reacting primarily to COVID-19
mortality. Conversely, Pennsylvania implemented stricter lockdowns prematurely, generating high economic
costs associated with early, stringent lockdown measures. New York’s LRO policy appears to align with its
marginal benefits. Florida’s lockdown stringency actually declines as the marginal benefit increases. Lastly,
Texas did not exhibit any response to either COVID-19 mortality or the marginal benefits of lockdowns. Detailed
state-level analyses are provided in Appendix C.2. These discrepancies underscore the challenges of timing
policy interventions to optimize their effectiveness and minimize adverse impacts, highlighting the value of
quantifying the marginal impact of lockdowns through our framework.

42Similar patterns are observed when we compare the marginal benefits of lockdowns with cases.
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Figure 8: Marginal benefits of a lockdown, COVID-19 mortality and implemented LRO

(a) National level

Corr(mortality, LRO) = 0.8365, Corr(MB, LRO) = 0.2267

(b) California

Corr(mortality, LRO) = 0.2727
Corr(MB, LRO) = −0.7447

(c) Texas (d) Florida

Corr(mortality, LRO) = 0.2004
Corr(MB, LRO) = −0.6220

(e) New York

Corr(mortality, LRO) = 0.5928
Corr(MB, LRO) = 0.4987

(f) Pennsylvania

Corr(mortality, LRO) = 0.1097
Corr(MB, LRO) = 0.5652

(g) District of Columbia

Corr(mortality, LRO) = 0.6938
Corr(MB, LRO) = 0.0761

Notes: This figure shows the marginal benefits of imposing a state-level full lockdown (blue), actual lockdown and reopening (LRO)
policies (pink), and COVID-19 deaths (red). Panel (a) shows the series at the national level where we calculate the means across states of
the marginal benefits, 1

ns

∑ns
s=1 MBs,t and the LRO policies, 1

ns

∑ns
s=1 LROs,t, as well as total COVID-19 mortality,

∑n
i=1 mortalityi,t.

Panels (b) through (g) show the corresponding series for selected states plus the District of Columbia. We also provide correlations
between (i) LRO policies and mortality and (ii) LRO policies and marginal benefits of a lockdown for states with variation in LRO
policies (i.e., for Texas, the correlation is undefined because its LRO policy does not change).
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4.6 Disparities by subgroups

We apply the MCFR framework to evaluate the mortality impact from an additional case for different
demographic and socioeconomic groups. While the literature has documented disparate impacts of the pandemic
on vulnerable groups (e.g., Alsan, Chandra and Simon (2021); Finkelstein et al. (2024)), much of this work uses
measures that describe the average mortality (e.g., rates) or do not explicitly link the increase in mortality to
cases (e.g., excess deaths). We add to this literature by proposing a new framework to measure differences
across groups with the advantages of the MCFR.

We focus on all-cause mortality of individual demographic and socioeconomic groups in the origin
county, normalized by the respective size of each group, ACMCFRpopg,(i,t)→(i,ΣL∗). For uniformity, we use
a common number of lags, L, for all groups. We set L = 4, which is between the numbers of lags used
for COVID-19 and non-COVID mortality in previous sections, because θ4 is small for most subgroups. The
coefficient estimates are reported in Appendix C.3.1. Figure 9 reports the mean values across all counties and
weeks for each group; that is, for each group g, we calculate 1

nT

∑n
i=1

∑T
t=1 ACMCFRg,(i,t)→(i,ΣL∗). In this

subsection, ACMCFRpop refers to this mean value unless noted otherwise. We consider differences by age,
race/ethnicity, education, and gender.

Figure 9: Differences in mortality risk by demographic and socioeconomic groups

Notes: This figure shows the effect of one additional COVID-19 case in a county in week t on deaths from all causes in the next 16
weeks in the same county for each demographic and socioeconomic group g per 100,000 individuals in each group. For each group, we
calculate the mean across counties and calendar weeks, that is 1

nT

∑n
i=1

∑T
t=1 ACMCFRpopg,(i,t)7→(i,ΣL∗). Young is defined as under

age 65; older is defined as age 65 or older.

There are large differences across age groups. An extra case in a county leads to an increase of 0.4061
deaths from all-causes per 100,000 older adults (i.e., individuals age 65 or older) and only 0.0198 all-cause
deaths per 100,000 people under 65. This result corresponds to large differences across age groups measured
using the CFR in the Wuhan area (Verity et al., 2020). The pandemic also had widely disparate impacts across
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racial and ethnic groups conditional on age.43 Blacks and Hispanics have considerably higher ACMCFRpop than
Whites among both young and older individuals. Specifically, one more case in a county increases mortality
by 0.7623 among older Blacks, by 0.5130 among older Hispanics/Others, and 0.3641 among older Whites per
100,000 population in each group.44 The ranking of mortality risks among the three groups is the same when
we consider mortality within the young population, although the estimates are an order of magnitude smaller.

We also find differences in the mortality risk by education level and, to a much smaller extent, by sex.
One more case in a county increases all-cause mortality per 100,000 population by 0.1665 for individuals with
a high school education or less (“low educ”) and by 0.0461 for those with some college or more (“high educ”).
The ACMCFRpop of the former is 3.6 times larger than the latter. These differences likely reflect differences in
exposure, age distributions, baseline health, and access to healthcare between the two groups. The sex differences
are much smaller. One more case in a county increases mortality per 100,000 population by 0.0821 among
females and 0.0939 among males.

The relative magnitude of the ACMCFRpop between groups is closer to that of COVID-19 mortality
rate than to the all-cause mortality rate (shown in Appendix Figures C.11 and C.12) despite the ACMCFRpop
being a measure of all-cause deaths. For instance, the ACMCFRpop of older Blacks is 2.1 times larger than that
of older Whites, while the corresponding relative mortality rates between the two groups are 1.5 for COVID-19
deaths and 1.0 for all-cause deaths. This observation implies that the increase in mortality from an additional
case comes largely from COVID-19 deaths rather than those from other causes. It also further highlights that
the MCFR is a marginal measure rather than a simple frequency which does not describe how a case is related
to mortality levels.

Furthermore, the ACMCFRpop incorporates the impact of an additional case on non-COVID deaths
which is difficult to evaluate using only mortality rates. The effects of the pandemic on non-COVID mortaility
can be assessed by calculating excess mortality, but this also requires additional assumptions and modeling. Fig-
ure C.12 in Appendix C.3.3 decomposes the ACMCFRpop into COVID-19 and non-COVID components, and
shows that the spillovers vary across groups. For instance, the fraction of non-COVID deaths out of the ACM-
CFRpop varies from 28% among Older Hispanic/Others group to 47% among Young Blacks. These findings
emphasize that compared to existing measures of infectious diseases, the ACMCFRpop is both more compre-
hensive and interpretable for policymaking as it evaluates the all-cause mortality that can be avoided from an
additional case.

4.7 Joint relationship between the MCFR and measures of mortality and transmissibility

So far, we have shown how the MCFR framework can be used to characterize COVID-19 and offer policy-
relevant insights that are difficult to derive from traditional epidemiology measures. Two of the primary features

43There are large differences in the age distribution across racial and ethnic groups – in our sample counties, the mean ages of Non-
Hispanic Whites, Non-Hispanic Blacks, and Hispanics/Others are 42, 32, and 28, respectively. To account for these age differences, we
estimate the ACMCFRpop for each race/ethnicity group separately for young (age≤65) and older individuals (age>65).

44In calculating the ACMCFRpop for older Blacks, we limit to counties with at least 200 older Blacks. The ACMCFRpop for counties
with small older Black populations are unstable and may overestimate the effect of a case on mortality since the death of just one
individual has a sizeable impact on the estimates.
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examined in the epidemiology literature are the fatality rate and transmissibility, which are often measured using
the CFR andRt. This section explores how our MCFR relates to these conventional measures in two ways. First,
we use regressions to further explore the extent to which the MCFR can be reconstructed from the CFR and Rt

versus providing information that is distinct from them. We then conduct comparative statics exercises in which
we vary the values of the main parameters representing fatality and transmissibility in our model to demonstrate
the general applicability of the MCFR framework to other infectious diseases. Together, these analyses clarify
how fatality and disease transmission separately and jointly relate to the MCFR.

4.7.1 The MCFR and the linear combinations of the CFR and Rt

Here we examine how the MCFR(i,t)7→(i,ΣL∗) in an origin county relates to the conventional CFR and Rt

measures using regressions.45 That is, we seek to understand the extent to which the MCFR can be reasonably
reproduced from the CFR and Rt. We use the weekly state-level Rt from the website rt.live (Systrom, Vladek
and Krieger, 2020). For comparability, we also calculate the CFR and the means of the MCFR(i,t)7→(i,ΣL∗)

at the state level using the counties in our sample.46 The MCFR(i,t)7→(i,ΣL∗) in this subsection refers to such
averages, unless noted otherwise. Because these variables are right-skewed, we use their natural logarithm in
the regressions.

Table 5: The relationship between MCFR(i,t)7→(i,ΣL∗) and the CFR and Rt

(1) (2) (3) (4)
ln(CFR) 0.642 1.124 0.387 0.571

(0.063) (0.074) (0.075) (0.082)
ln(Rt) 2.962 2.657 3.337 2.998

(0.323) (0.242) (0.320) (0.327)
Constant -0.031 1.724 -0.968 0.505

(0.225) (0.263) (0.262) (0.242)
State FE No Yes No Yes
Week FE No No Yes Yes
Number of observations 1,715 1,715 1,715 1,715
R2 (total) 0.440 0.683 0.662 0.805
R2 (conditional on FE) 0.440 0.599 0.406 0.458

Notes: This table reports estimates from regressions of ln(MCFR(i,t)7→(i,ΣL∗)) on ln(CFR) and ln(Rt). The columns differ in the
types of fixed effects included. We calculate both the total R2 and the partial R2 conditional on the fixed effects to highlight the role of
CFR and Rt separate from the fixed effects. The latter is calculated by first demeaning the variables at the week and/or state level,
depending on the fixed effects included, and then regressing the demeaned variables and calculating the resulting R2. Standard errors
are reported in parentheses.

Table 5 shows estimates with different sets of fixed effects. Consistent with intuition, the CFR and Rt

45Given that the basic (or effective) reproduction number is derived from a mathematical model, its value differs depending on the
selected model and its inherent parameters. Given this model-specificity, the aim of this analysis is to understand the overarching
relationships between the cross-sectional and temporal variations of our MCFR and the conventional measures.

46Because rt.live reports data for entire states while our main analysis focuses on 369 of the largest counties, there is some non-
comparability between our data and that from rt.live. At the same time, the counties in our sample account for a disproportionate share
of the population, reducing the discrepancy somewhat. For instance, we only include 19 out of the 67 counties in Pennsylvania when
calculating the state average, but these counties collectively represent 74% of the state population.
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are both positively related to the MCFR(i,t)7→(i,ΣL∗) in all specifications. In Column (4), which includes week
and state fixed effects, we estimate that a 1% increase in the CFR and Rt are associated with a 0.6% and a 3.0%
higher MCFR(i,t)7→(i,ΣL∗), respectively. The coefficients on both terms are statistically different from zero in all
specifications, indicating that the MCFR incorporates information in each measure.

Furthermore, the estimates indicate that the MCFR is convex in Rt and generally concave in the CFR
(except for the specification with only state fixed effects in column (2) of Table 5, the estimated coefficients on
the CFR are less than 1). The log-log specification builds some complementarity in the relationship with the
MCFR between the CFR and Rt. For instance, the slope of the MCFR with respect to the Rt becomes more
convex at larger values of the CFR. Figure 10 graphically represents this relationship using the estimates in
column (4).

Figure 10: Graphical representation of the relationship between the MCFR(i,t) 7→(i,ΣL∗) and the CFR and Rt

Notes: This figures graphically represents the empirical relationship between the MCFR(i,t)7→(i,ΣL∗) and the CFR and Rt as described
in column (4) of Table 5.

We further explore the robustness to the inclusion of state and week fixed effects and find that including
state fixed effects increases the coefficient on the CFR, while the coefficient on Rt is relatively stable across
models. Specifically, while (by construction) both state and time fixed effects improve the overall fit of the
model, the coefficient on the CFR and the partial R2 conditional on the fixed effects are considerably higher in
models with state fixed effects and considerably lower in models with week fixed effects. These suggest that the
within-state temporal variation in the MCFR is strongly related to the CFR.

Across all specifications, the R2 values suggest that a substantial share of the variation in the
MCFR(i,t)7→(i,ΣL∗) remains unexplained by the CFR and Rt. To investigate further, we extract the state- and
week-fixed effects from specification (4) in Table 5 and compare them to key demographic and health charac-
teristics (see Appendix C.5). First, we find that the MCFR includes time components closely tied to current
confirmed cases, implying that it captures contemporaneous health shocks that both generate additional infec-
tions and lead to future mortality. Second, the region-specific component of the MCFR correlates strongly with
higher proportions of older and less-educated populations, greater levels of premature deaths, and higher shares
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of uninsured and diabetic residents. These findings suggest that the MCFR incorporates significant local risk
factors for COVID-19 that are not captured by the CFR and Rt. This combination of evidence suggests that
while the CFR and Rt separately capture important dimensions of an infectious disease, they cannot be com-
bined easily to assist policymakers in formulating optimal policies that are based on marginal tradeoffs in the
costs and benefits of mitigating the spread of diseases.

4.7.2 Comparative statics exercises

The previous analysis shows that our MCFR captures additional factors beyond linear combinations
of the CFR and Rt. It is also possible to vary the core parameters in our model to demonstrate scenarios
in which the MCFR framework provides substantial value relative to linear combinations of transmission and
mortality parameters. In this section, we conduct comparative statics exercises which additionally illustrate the
framework’s generalizability and applicability to other infectious diseases or COVID-19 as it evolves to have
different properties.

We perform three comparative statics exercises. In each one, we vary the values of the parameters gov-
erning mortality, θM = (θ1, · · · , θL)′, and/ortransmission, θH = (a1, a2)

′, which are analogues in our model
of the CFR and Rt in Section 4.7.1, the two central features of infectious diseases captured in epidemiological
frameworks. The first exercise considers diseases with different combinations of transmission and mortality
parameters. The second exercise seeks to understand the role of the timing of mortality relative to infection
by varying the components of θM while keeping the sum constant. The third exercise approximates various
modes of transmission by varying the magnitudes of the components of θH while keeping the sum fixed. We
use the superscript “ ·̂ ” to refer to values from our estimation (e.g., θ̂1 = 0.3552 from Figure 2) and “ ·̃ ” to
the counterfactual values under a comparative statics exercise. Appendix C.4 details our methods and presents
additional results.

Comparative statics exercise 1: Varying the magnitudes of θM and θH . Our first comparative statics ex-
ercise varies both the mortality and transmissibility parameters, θM and θH . For example, measles is highly
contagious but has a low fatality rate, while Ebola has the opposite characteristics. We consider the influence of
the mortality and transmission channels individually, as well as interactions between them, on mortality. This
exercise relates to the analysis in Section 4.7.1 in that both vary measures of mortality and transmissibility.
Whereas Section 4.7.1 focused on the empirical relationship between the MCFR and measures of mortality and
transmissibility, here we perform comparative statics on those variables using our model.

Specifically, we vary the sum of θ̃
M

and θ̃
H

while holding the ratio of each of their components the
same as those in our baseline estimates. Formally, we define θ̃sum = θ̃1+ θ̃2+ θ̃3+ θ̃4+ θ̃5 and ãsum = ã1+ ã2,
we vary θ̃sum and ãsum by scaling θ̂

M
and θ̂

H
up or down by constants.47 For each scenario of counterfac-

tual parameters, we consider a pair (θ̃sum, ãsum). Figure 11 illustrates the relationship between (θ̃sum, ãsum)

and the counterfactual MCFR averaged across all counties and weeks, for instance, M̃CFR(·,·)7→(N ,ΣL∗) =

47Mathematically, we set θ̃l = θ̂l∑L
l′=1

θ̂l′
· θ̃sum for l = 1, · · · , L, and ãk = âk

â1+â2
· ãsum for k = 1, 2.
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1
nT

∑n
i=1

∑T
t=1 M̃CFR(·,·) 7→(N ,ΣL∗) in panel (a). The MCFR in this comparative static exercise refers to such

averages, unless noted otherwise. Because the simulated estimates are somewhat irregular, we use polynomial
smoothing.

Figure 11: Counterfactual MCFR under various parameter values (θ̃sum, ãsum)

(a) National level MCFR (in blue) and MCFRDirect in the focal county

(b) Focal county (c) Counties in the same state (d) Counties in different states

Notes: For all panels, the z-axis gives the counterfactual MCFR from each combination of (θ̃sum, ãsum). Panel (a) plots the national
MCFR(i,t)7→(N ,ΣL∗) in blue and the MCFRDirect

(i,t)7→(i,ΣL∗) among the initially infected individuals in the focal county in grey. Panels
(b), (c), and (d) plot the MCFR in the origin county (MCFR(i,t)7→(i,ΣL∗)), the MCFR in the state in which the focal county is located
(MCFR(i,t)7→(Ss(i)\{i},ΣL∗)), and the MCFR in other states (MCFR(i,t)7→(N\Ss(i),ΣL∗)), respectively. All panels show the MCFR

averaged across counties and weeks, for instance, M̃CFR(·,·)7→(N ,ΣL∗) = 1
nT

∑n
i=1

∑T
t=1 M̃CFR(·,·)7→(N ,ΣL∗) in panel (a). The red

circle in each plot denotes the MCFR based on our estimated parameters.

The red circles in the figure give the MCFR based on our estimated parameters. A disease with a higher
fatality rate but a lower transmissibility (e.g., an “Ebola-type” profile) would have its MCFR in the area to the
southeast of the COVID-19 estimate, while a disease with the opposite characteristics (e.g., a “measles-type”
with a lower fatality rate and a higher transmissibility) would have its MCFR in the northwest area.

Figure 11 illustrates why the MCFR is indispensable when examining fatality and transmission rates
jointly. We find a strong complementarity between θ̃sum and ãsum in their relationships to the MCFR. The rela-
tionship between one of the parameters and the MCFR becomes more convex as the other parameter increases.48

Intuitively, when both parameters are large, cases propagate more strongly and each newly transmitted case gen-
48Figure C.14 in Appendix C.4 more clearly shows this relationship. For instance, MCFR(i,t)→(N ,ΣL∗) as a function of θ̃sum is flatter

and more linear when ãsum is small and becomes steeper and more exponential when ãsum approaches 1.
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erate greater mortality, yielding substantial downstream mortality. Moreover, when both θ̃sum and ãsum are close
to one, the MCFR increases rapidly, indicating “increasing return to scale”. Doubling the parameters more than
doubles the MCFR.

The MCFR is unsurprisingly more convex in ãsum than it is in θ̃sum because the former functions like
a multiplier in the transmission process. A larger ãsum not only increases initial transmission from week t to
t+1, but also case transmission indefinitely. The relationship between MCFR(i,t)→(N ,ΣL∗) and ãsum is relatively
steep at low values of θ̃sum and becomes more convex as θ̃sum increases. In contrast, the relationship between the
MCFR and θ̃sum is less convex as the latter only affects the terminal mortality process. The insights from this
exercise, in particular on the interaction between θ̃sum and ãsum are difficult to derive separately from the CFR
and Rt.

This exercise also highlights the contexts in which the MCFR tends to add the most value relative to tra-
ditional epidemiological measures. Panel (a) additionally plots the MCFRDirect

(i,t) 7→(i,ΣL∗) among initially infected
individuals in the focal county. MCFRDirect

(i,t)7→(i,ΣL∗) increases in θ̃sum but is flat with respect to the ãsum because
it is not a function of the latter. A side figure reproduces MCFRDirect

(i,t) 7→(i,ΣL∗) in a different scale and illustrates
this relationship more clearly.

The gap between the MCFR(i,t)→(N ,ΣL∗) at the national level and the MCFRDirect
(i,t)7→(i,ΣL∗), which we take

as a proxy for the CFR, widens at larger values of ãsum and, to a lesser extent, θ̃sum. This divergence stems from
increased downstream transmission at larger values of ãsum. These findings indicate that the MCFR framework
is likely to be particularly critical in characterizing infectious diseases with high transmissibility like COVID-
19. At our parameter estimates, MCFR(i,t)→(N ,ΣL∗) is roughly 20 times the size of the CFR. While a highly
infectious disease would also be evaluated using the Rt in addition to the CFR, it is unclear how to combine
the two to quantify increased mortality from downstream cases. This exercise underscores the information the
MCFR captures beyond traditional epidemiological measures.

Furthermore, larger values of ãsum lead to greater externalities in terms of mortality occurring outside
the focal county, as shown in the bottom panels of Figure 11. As ãsum increases, MCFR(i,t)→(Ss(i)\{i},ΣL∗)

and MCFR(i,t)→(N\Ss(i),ΣL∗) increase at a faster rate than MCFR(i,t) 7→(i,ΣL∗). Consequently, the shares of the
national MCFR arising in other counties in the original state, MCFR(i,t)→(Ss(i)\{i},ΣL∗), and in other states,
MCFR(i,t)→(N\Ss(i),ΣL∗) increase, while the share in the origin county, MCFR(i,t)7→(i,ΣL∗), decreases. Intu-
itively, as transmissibility increases so does geographic spread. In contrast, as θ̃sum increases, the total MCFR
also increases but the geographic shares stay roughly constant. Again, this result arises because θ̃sum governs
the strength of the end-stage mortality process conditional on spread. Figure C.15 in Appendix C.4 decomposes
the national MCFR into its geographic components and shows how they vary as a function of θ̃sum and ãsum.

Comparative statics exercise 2: Varying the components of θM . Our second exercise examines the effect
of different distributions of the components of θ̃

M
on the time path of mortality. This exercise is intended to

capture the fact that some conditions lead to death relatively quickly while others operate more slowly. For
instance, cholera can lead to severe dehydration and death within hours if untreated (WHO, 2024). By contrast,
tuberculosis can have a prolonged course, with symptoms developing slowly and the potential for latent infection
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lasting years (CDC, 2025; WHO, 2025). As above, our attempt is less to model specific conditions than to show
how our model operates when the underlying parameters are altered in ways that broadly reflect other diseases.

In this exercise, we condition on θ̃sum = θ̂sum from our estimates. We explore two scenarios:
• Scenario 1 – Rapid mortality: θ̃1 = 9

10 θ̂sum and θ̃2 = θ̃3 = θ̃4 = θ̃5 =
1
40 θ̂sum.

• Scenario 2 – Slow mortality: θ̃1 = θ̃2 = θ̃3 = θ̃4 =
1
40 θ̂sum and θ̃5 =

9
10 θ̂sum.

Figures in Appendix C.4 illustrate these mortality paths.
We calculate the counterfactual aggregate mortality at the national level under each scenario above and

compare its dynamics to that of the realized mortality in 2020, as shown in Figure 12. Scenario 1 shows a faster
response to increased cases than actual mortality, which is not surprising because placing more weight on θ1

relative to θ2 through θ5 leads to faster mortality than the baseline. On the other hand, Scenario 2 shows a
delayed response to increased (and decreased) cases.49

Figure 12: Dynamics of mortality across different scenarios

Notes: The three red lines show the dynamics of aggregate mortality at the national level, one gives realized mortality while the other
two give mortality under the two counterfactual scenarios. The blue line plots realized cases.

Section 4.5 shows that the lockdown stringency tends to lag cases and seems to track mortality more
than the MCFR or anticipated cases. Thus, if policy is assumed to be particularly responsive to mortality, under
Scenario 2, in which mortality is realized with a relatively long lag, it seems possible that policy might operate
with an even greater lag.

Comparative statics exercise 3: Varying the components of θH . Infectious diseases also differ in trans-
mission dynamics. While COVID-19 and many other infectious diseases (e.g., chickenpox and measles) are
transmitted largely through respiration, other conditions are transmitted through physical contact with an in-
fected person or object (e.g., Methicillin-resistant Staphylococcus aureus (MRSA)), contact with body fluids

49Figure C.17 in Appendix C.4 compares the path of mortality across weeks generated from an additional case in week t (i.e.,
MCFR(i,t)→(i,t+l)) based on our estimates and for the two scenarios.
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(e.g., Ebola), or intimate contact. Our model does not directly address the biological mechanism through which
the disease is spread. Rather, we model disease transmission through our two propagation parameters, which
govern local (a1) and regional (a2) propagation. Different modes of transmission can be captured (in a reduced
form manner) via these parameters. Thus, for a given overall level of transmissibility, a disease that is transmit-
ted through closer contact, such as bodily fluids or intimate contact, likely has a higher a1 relative to a2 than a
condition that is transmitted through respiration. This is because the level of contact necessary for transmission
is more likely to occur among people who have pre-existing relationships and are more likely to be geographi-
cally proximate. (We acknowledge that this is a pattern rather than a universal rule as distant contacts may travel
to interact with an infected person and bring the infection back to their home.) Our third comparative statics
exercise examines the roles of local versus regional propagation for mortality and externalities conditional on
the overall level of transmissibility (i.e., the sum of a1 and a2).

Figure 13 illustrates the counterfactual MCFR under different values of a1 and a2. We take the MCFR
averaged across counties and calendar weeks (e.g., M̃CFR(·,·)→(·,ΣL∗) = 1

nT

∑n
i=1

∑T
t=1 M̃CFR(i,t)→(i,ΣL∗))

in the focal county represented by the red area in the figure). As expected, the effects of the marginal case
on mortality outside the county in which the focal case originated increase as a2 grows relative to a1. A high
relative a1 leads to higher mortality mostly stemming from local propagation, while high mortality can also be
generated when a2 is relatively high (in this case, the main source of mortality is external to the origin county).
Total mortality is slightly hump-shaped in the relative values of a1 and a2 and it is noteworthy that our estimated
value of a1 relative to a2 for COVID-19 falls near the global minimum of mortality. Thus, for the same overall
level of transmissibility, but with slightly more or less across-region transmission, mortality might well have
been slightly higher.

4.8 Empirical relation to epidemiology measures

Our empirical framework is built on the finite distributed-lag and spatial dynamic panel data models
that are widely used with well-understood features, which allows us to confidently derive the properties of the
MCFR and relate them to well-established epidemiology frameworks. Sections 4.2 - 4.4 show that the MCFR
components can be separated into direct-mortality, propagation, and non-COVID-19 elements whereas the pre-
vious section examines how the MCFR relates jointly to fatality and disease transmission measures. Here, we
relate each MCFR component to conventional measures —CFR and its modification, the SCFR,—as well as
Rt calculated within our own epidemiological framework. This side-by-side comparison demonstrates that the
MCFR is empirically consistent with existing measures and that it provides additional insights.

Fatality rates. Figure 14 shows the CFR, SCFR, and MCFRDirect
(i,t)7→(i,ΣL) at the national level. In each

calendar week t, we evaluate the average MCFRDirect
(i,t)7→(i,ΣL) across counties (i.e., MCFRDirect

(·,t)→(·,ΣL∗) =
1
n

∑n
i=1 MCFRDirect

(i,t)→(i,ΣL∗)). The MCFR in this subsection refers to national averages, unless noted otherwise.
There are a few things to note in this comparison. First, the magnitudes of the three measures are comparable,
suggesting that our estimate of the MCFRDirect

(i,t)7→(i,ΣL) is reasonable and captures mortality conditional on be-
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Figure 13: Mortality and local versus regional transmission

Notes: This figure examines the relative importance of regional relative to local transmission and plots the counterfactual MCFR (y-
axis) across different values of a2

a1
(x-axis). The values of θ̃sum and ãsum are set to be the same as the estimated parameters. The national

MCFR(i,t)7→(N\Ss(i),ΣL∗) are decomposed into mortality in the focal county, MCFR(i,t)7→(i,ΣL∗) (in red), mortality in other counties in
the same state, MCFR(i,t)7→(Ss(i)\{i},ΣL∗) (in orange), and mortality in other states, MCFR(i,t)7→(N\Ss(i),ΣL∗) (in yellow). For each a1

a2
,

we evaluate the average MCFR across counties and calendar weeks (e.g., M̃CFR(·,·)→(·,ΣL∗) =
1

nT

∑n
i=1

∑T
t=1 M̃CFR(i,t)→(i,ΣL∗)).

The reported numbers (and the corresponding percentages) show implied mortality in each case when a2
a1

= 0.01 and a2
a1

= 0.99. This
figure is generated with L∗ = 16. Appendix Figure C.18 shows a similar result with L∗ = 51.

ing infected as intended. Across our study period, the means of SCFR and MCFRDirect
(i,t) 7→(i,ΣL) were 0.0179 and

0.0262, respectively, while the CFR at the end of the period was 0.0210.50

Figure 14: Comparison of CFR, SCFR, and MCFRDirect
(i,t)7→(i,ΣL∗)

Notes: This figure shows the case fatality rate (CFR), short-run case fatality rate (SCFR), and MCFRDirect
(i,t)7→(i,ΣL∗) at the national

level using the counties in our sample. We calculate the mean MCFRDirect
(i,t) 7→(i,ΣL∗) in each week t across all counties, that is,

MCFRDirect
(·,t)→(·,ΣL) =

1
n

∑n
i=1 MCFRDirect

(i,t)7→(i,ΣL).

50See Section 2.3 and footnote 35 on the appropriate statistics when comparing the CFR to the MCFRDirect
(i,t) 7→(i,ΣL).
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Second, while the CFR, SCFR, and MCFRDirect
(i,t)7→(i,ΣL) all trend downward over time, only the SCFR and

MCFRDirect
(i,t)7→(i,ΣL) exhibit substantial short-term fluctuations, so they reflect more information about mortality

in specific periods than the smoothly declining CFR. This difference reflects the fact that the MCFRDirect
(i,t)7→(i,ΣL)

exhibits substantial short-term fluctuations, so that it reflects more information about mortality in specific periods
than the smoothly declining CFR. This difference reflects the fact that the MCFRDirect

(i,t)7→(i,ΣL) and SCFR capture
the current mortality rate, while the CFR estimates overall mortality since the origin of the disease. The CFR
declines both because a disease outbreak tends to initially claim the lives of vulnerable people (e.g., individuals
with chronic conditions) and because treatments are not well established leading to an initial high fatality rate
(Verity et al., 2020; Ioannidis, 2021), although viruses may mutate to become more or less deadly. As medical
providers developed better strategies to diagnose and treat the disease, the fatality rate decreased. Another
statistical artifact contributing to a declining CFR is the shortage of COVID-19 tests at the beginning of the
pandemic, which led to an undercount of cases and an overestimate of the case fatality rate. As access to COVID-
19 tests increased, the measured case fatality rate decreased. Since the CFR is a ratio of cumulative mortality
and cases from the start of the pandemic, these factors suggest that the CFR should steadily decline and possibly
converge to a steady state value (in the absence of different disease variants that may have higher mortality rates).
In contrast, the SCFR and MCFRDirect

(i,t)7→(i,ΣL) vary more temporally as they capture the relationship between
cases and mortality over shorter time horizons (i.e., within L weeks) and are not affected by values of cases and
mortality from early periods. We calculate that the standard deviations of SCFR, MCFRDirect

(i,t)7→(i,ΣL) and CFR are
0.0129, 0.0305, and 0.0088, respectively. Thus, both the SCFR and MCFRDirect

(i,t)7→(i,ΣL) exhibit richer temporal
and regional variation than the CFR.

Disease transmission. As introduced in Section 2.3, our framework generates a marginal measure of disease
transmission, ∂casej,t+1

∂casei,t = [A]ij · casej,t+1

casei,t that is integral to the MCFR, particularly its components that incor-
porate case propagation, such as the MCFRProp

(i,t)7→(i,t+1). We find that an additional case generates, on average,
0.8736 new cases in the same county in the following week (i.e., the average of ∂casei,t+1

∂casei,t ), and 1.2095 new cases
nationwide (i.e., the average of

∑n
j=1

∂casej,t+1

∂casei,t ), implying that 28% of case transmission represents cross-county
spillovers. This highlights the importance of regional transmission, ultimately resulting in 0.3268 COVID-19
deaths outside the focal county (Figure 5 (a)).

We compare our measure of marginal disease transmission to Rt. Since Rt is inherently model-specific,
we evaluate our own Rt in a Susceptible-Infectious-Deceased (SID) model that is close to our empirical setup.
Our SID model incorporates two crucial features in our framework: (i) time-varying transmissibility and (ii)
externalities from dynamic spatial transmissions. Following Pesaran and Yang (2022), the SID model allows
for multiple groups (counties), with regional transmission modeled similarly to our spatial dynamic panel data
approach. We then evaluate R̂t by plugging in â1 and â2, as the upper bound on the number of secondary cases
generated by an initial infection (see Appendix C.5 for details).51

51R̂t is derived from the epidemiological model’s system and reflects the system’s potential infections from an extra case in a county
at time t (see Heffernan, Smith and Wahl (2005)). The state-level time-varying reproduction number, RS,t for state S, in Table 5 cor-
responds to the diagonal element of G(t) when a geographic unit is a state (instead of a county). Given that our model incorporates
time-varying features through our log-log specification, the corresponding next-generation matrix, G(t), varies over time as well. Con-
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Panel (a) of Figure 15 plots the MCFRDirect
(i,t)7→(i,ΣL∗), MCFRProp

(i,t)7→(i,ΣL∗), ACMCFR(i,t)7→(N ,ΣL∗), and
R̂t at the national level. We take the means across counties in which the focal case originates (e.g.,
ACMCFR(·,t) 7→(N ,ΣL∗) = 1

n

∑n
i=1 ACMCFR(i,t)7→(N ,ΣL∗) ). Our estimate for R̂t (mean=1.7564) aligns with

reproduction numbers from the literature, which range between 1 and 5 (Al-Raeei, 2021; Chinazzi et al., 2020;
Li et al., 2020; Liu et al., 2020; Park et al., 2020; Salje et al., 2020; Fernández-Villaverde and Jones, 2022).

Figure 15: Comparison of the MCFR, transmission rate, and counts of cases and deaths

(a) The MCFR and the transmission rate (b) Counts of cases and mortality

Notes: Panel (a) plots four series at the national level: the number of secondary cases generated by an initial infection in each week (de-
noted by R̂t) estimated from our own Susceptible-Infectious-Deceased (SID) model, the MCFRDirect

(i,t)7→(i,ΣL∗), the MCFRProp
(i,t)7→(i,ΣL∗),

and the ACMCFR(i,t)7→(N ,ΣL∗). The MCFRs refer to average across all counties in our sample (e.g., MCFRDirect
(·,t)7→(·,ΣL∗) =

1
n

∑n
i=1 MCFRDirect

(i,t)7→(i,ΣL∗)). Panel (b) plots the total counts of cases and COVID-19 deaths across all counties in our sample (i.e.,∑n
i=1 casei,t and

∑n
i=1 mortalityi,t).

There are a couple of reasons why our R̂t is at the lower end of the range in the literature, a finding that we
believe is sensible. First, our R̂t covers the period between April and December 2020, while the larger estimates
of Rt tend to come from the earlier period of the pandemic when transmission may have been substantially
higher. While such high estimates may hold early in the pandemic, they are not credible long-term. Thus,
even with a moderate Rt of 2 throughout 2020, exponential growth would predict that

∑49
t=1 2

t−1 ≃ 5.63 ×
1014 individuals would be infected by the end of our study period. Moreover, a consistently large Rt is also
implausible because there are extended periods when the number of cases declines, which implies that Rt must
be below 1, at least in those periods. A reasonable model requires time-varying transmissibility that is not
consistently ‘explosive’. In a compartmental model, Rt must also eventually decrease because of the shrinking
susceptible population. At the same time, our R̂t does a reasonable job of matching existing estimates of the
time path of Rt. For instance, Fernández-Villaverde and Jones (2022) find that Rt increases in May and that our
estimates of R̂t approach 2 around early May 2020, significantly higher than the average for our entire period.52

sequently, R̂t is dynamic, offering insights into the temporal implications of the MCFR. In Appendix C.5, we also discuss other statistics
from G(t) such as diagonal elements of G(t).

52At the same time, the R̂t values around April and May 2020 are at the higher end of existing estimates (Katul et al., 2020; Sanche
et al., 2020; Ke et al., 2021; Korolev, 2021; Chudik, Pesaran and Rebucci, 2022; Johnsson, Pesaran and Yang, 2023), as we account
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The second reason why our estimate of R̂t should be at the low end of estimates is that our R̂t is a
marginal measure of disease transmission, while the traditional Rt represents the total or average impact of
a case. (Our analysis of the total impact can be found in Appendix C.5.) There are some tradeoffs between
our approach and the compartmental model. The standard compartmental model does not include incidental
components, which we include to improve our model’s ability to fit observed data on disease spread (e.g., by
addressing unobservable factors, like behavioral changes across places and times). However, the inclusion of
these incidental components means that some portion of disease transmission is explained by them. Therefore, a
small number of cases (1.432 cases per county per week or 0.62% of all cases) are explained by these incidental
components, resulting in lower R̂t. Ultimately, the value of R̂t is an empirical one. Our approach imposes
no constraints on the transmission parameters. Rather, these are estimated from the data based on the model
specification, as justified in Appendix A.1.

Panel (a) of Figure 15 also shows that R̂t displays dynamic patterns mirroring those of the MCFRProp

and ACMCFR, although they slightly precede R̂t because they reflect disease transmission over a longer period
(i.e., the next 16 weeks) while R̂t represents the contemporaneous spread of infections. We next compare these
temporal patterns with those of realized cases and mortality in Panel (b) of Figure 15. Measures incorporating
case transmission rise and peak before an outbreak. For instance, during the summer 2020 outbreak, cases
peaked in the week of July 12, with COVID-19 deaths peaking a couple of weeks later. This outbreak was
preceded by a spike in the MCFRProp

(i,t)7→(i,ΣL∗) in the week of May 24, about seven weeks before the peak in
cases. The outbreak in the winter of 2020 displays a similar pattern; the MCFRProp

(i,t)7→(i,ΣL∗) peaks well before
the increase in cases. These patterns are not unreasonable given that the MCFRProp

(i,t) 7→(i,ΣL∗) is forward-looking.
The ACMCFR(i,t)7→(N ,ΣL∗) and R̂t follow the same pattern although compared to the MCFRProp

(i,t)7→(i,ΣL∗), they
peak a bit earlier and later, respectively. These patterns further emphasize that the gains from reducing infections
are highest before a rise in cases (or deaths), as seen in Figure 8. In contrast, the MCFRDirect

(i,t) 7→(i,ΣL∗) (which
excludes disease transmission) remains relatively stable, especially after June 2020, as shown in Panel (a). This
measure also does not vary temporally as much as the MCFRProp

(i,t)7→(i,ΣL∗) or ACMCFR(i,t) 7→(N ,ΣL∗).

5 Robustness

This section probes the robustness of our results with respect to the total number of lags, L, of cases in the
mortality equation (1) and the choice of spatial weights. Appendix D contains additional robustness exercises,
including those related to the interpolation of mortality data.

5.1 Number of lags in cases, L

In choosing the number of lags (L) of cases in the mortality equation (1), we consider three criteria.
First, we rely on epidemiological evidence regarding the duration of the COVID-19 recovery period as previ-
ously discussed. Second, we utilize Hannan and Quinn’s (1979) information criterion, calculated based on the

for high potential inter-regional transmission early in the pandemic. This underscores the unique contribution of our MCFR framework
beyond traditional epidemiological measures, such as Rt, which often overlook transmission across locales.
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log-likelihood and adjusted for the degrees of freedom in each specification. For COVID-19 mortality, we eval-
uate specifications from L = 1 to L = 12. The criterion decreases substantially from L = 1 (29,112.65) to
L = 5 (25,956.98), indicating improved model fit with additional lags. However, beyond L = 5, the criterion
stabilizes and slightly increases: values at L = 6, L = 7, and L = 8 are 25, 963.29, 25, 973.29, and 25, 977.23,
respectively. Thus, based on this criterion, L = 5 emerges as optimal, balancing explanatory power without
excessive complexity. For non-COVID-19 mortality, we consider L = 1 through L = 3. The optimum is at
L = 1 (−24, 251.11), as adding further lags slightly worsens the fit (−24, 249.69 for L = 2 and −24, 234.36

for L = 3). Appendix Figure D.25 illustrates these patterns.
Next, we examine the stability of estimated coefficients with varying lag lengths, confirming our earlier

conclusion based on the Hannan-Quinn information criterion. Panels (a) and (b) of Figure 16 show that the
estimates of θl for COVID-19 mortality generally decline as the lag (l) increases, consistent with a diminishing
impact of past cases on current mortality. For instance, the estimate of θ4 is smaller than θ3 for our main
specification (i.e., L = 5). An exception to this pattern is the coefficient on the largest lag in a specification (i.e.,
θL) which is sometimes larger than the coefficient on the second-largest lag (i.e., θL−1).53

Importantly, the estimates of the lagged coefficients are largely stable across different lag specifications,
except for the largest lag coefficient in each specification. For example, the estimates of θ1 through θ4 in the
L = 5 specification are statistically indistinguishable from their counterparts in specifications with L ≥ 6.
Similarly, the estimates of θ1 through θ3 at L = 5 are similar to those obtained when L = 4. Furthermore, in
specifications with L ≥ 7, estimated coefficients from θ6 to θ12 are not statistically different from zero. These
coefficient patterns corroborate our selection of L = 5 for COVID-19 mortality.

For non-COVID-19 mortality, the estimates of θ1 are not statistically different across specifications with
different numbers of lags, as shown in Panel (c). Moreover, estimates of θ2 and θ3 are not statistically different
from zero. These results support setting L = 1 in the main specification for non-COVID mortality.

Overall, these patterns in the estimated coefficients closely align with our findings based on the Han-
nan–Quinn criterion, reinforcing our lag-length choices for both the COVID-19 and non-COVID mortality equa-
tions.

5.2 Spatial weights

The spatial weights in the main specification, wij , are constructed from estimates of population flows
based on mobile phone location data, popflowij , from Kang et al. (2020). This subsection considers two alter-
native spatial weights. The first alternative weight is based on the 2011-2015 5-Year commuting flows from the
American Community Survey (ACS), which captures movements related to respondents’ residences and primary
workplace locations. The alternative spatial weight, wC

ij , is constructed the same way as the main specification,
including row normalization, but we replace popflowij with estimates of bilateral commuting flows, comflowij ,

53For instance, in the specification with L = 3, θ3 is larger than θ2, indicating that the specification with L = 3 suffers from some
omitted variable bias. This arises because mortality is positively correlated with lagged cases and the various lags of cases themselves
are positively correlated. Intuitively, if there is any omitted variable bias due to excluding longer lags, it tends to be more pronounced
for the final lag since there is no subsequent lag that could further influence the estimation.
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Figure 16: Estimates of coefficient θl from equation (1) with different number of lags, L

(a) COVID-19, L = 1 through L = 6 (b) COVID-19, L = 7 through L = 12

(c) Non-COVID-19, L = 1 through L = 3

Notes: This figure compares the estimated coefficient θl on the lag of log-cases, hi,t−1 from various specifications of the mortality
equation (1) that differ in the numbers of lags, L. Panel (a) shows the estimates for COVID-19 mortality for specifications with L = 1
through L = 6, panel (b) for L = 7 through L = 12, and panel (c) for non-COVID mortality. All specifications have the same covariates
as the main specification. The vertical bars denote the 95 percent confidence intervals.

46



between county j and county i.
The population flows and commuting flows represent different aspects of county networks. Perhaps

unsurprisingly, the share of non-zero elements (i.e., network density) when the weighting matrix is defined by
population flows is significantly higher (0.9998) than when it is defined using commuting flows (0.2708).54

Therefore, spatial weights based on the population flows are expected to be a more comprehensive measure of
geosocial relations.

The third set of spatial weights is a hybrid of the first and second specifications, where we include two
separate spillover effects and estimate separate parameters on each. In this model, we use the commuting flows
to generate the weights for county pairs with non-zero commuting flows. For county pairs with zero commuting
flows (i.e., wC

ij = 0), we use a separate weighting matrix based on the population flows (i.e., a modification of
our main specification, wij). Formally, we definewM

ij as the row-normalized values of bilateral population flows,
w̆ij from the first specification among county pairs that have zero commuting flows.55 In this case, equation (2)
is modified as follows:

hi,t = a1hi,t−1 + aC2
∑
wC

ij ̸=0

wC
ijhj,t−1 + aM2

∑
wC

ij=0

wM
ij hj,t−1 + xH

i,tβ
H + ζHi + τHt + eHi,t.

Figure 17 shows estimates of the coefficients on case transmission in a focal county, â1, and across
counties, â2, for different spatial weights. Coefficient â1 is similar across the specifications. This is reassuring
as the spatial weights govern case transmission across counties, while a1 governs within-county transmission.

There is greater variation in the coefficients on cross-county transmission, â2. The specification based on
population flows has a larger estimate (0.2007) than that based on commuting flows (0.1463), and the difference is
statistically significant. Moreover, âC2 in specification 3 is similar to â2 in specification 2, which is not surprising
since they use the same spatial weights. âM2 is smaller than any â2, consistent with the former capturing case
transmission between counties that are further apart with zero commuting flows. Appendix D.1.2 contains the
full estimation results.

Figure 18 the ACMCFR(i,t)→(i,ΣL∗) in the focal county and the national-level ACMCFR(i,t)→(N ,ΣL∗)

in each specification of spatial weights. As before, we calculate the mean across counties and weeks (e.g.,
ACMCFR(·,·)→(·,ΣL∗) =

1
nT

∑n
i=1

∑T
t=1 ACMCFR(i,t)→(i,ΣL∗)). The MCFRs in this subsection refer to such

averages, unless noted otherwise. Consistent with the previous figure, specifications using alternative spatial
weights differ from the baseline mainly with respect to the components of the ACMCFR that involve case trans-
mission, particularly across counties.

Panel (a) shows the MCFR(i,t)7→(i,ΣL∗) in the origin county for COVID-19 mortality decomposed
into the different channels and the OCMCFR(i,t) 7→(i,ΣL∗) for other cause (i.e., non-COVID) mortality. The
MCFR(i,t)7→(i,ΣL∗) varies across specifications largely following the size of the estimates of a1.56 The most

54The network density is the number of non-zero relationship between any two units of geography and is defined by #{wij>0}
n(n−1)

.
55For the hybrid specification, we construct mutually exclusive weights to clearly separate case transmission among counties between

which we observe people commute and transmission between counties that are further apart.
56The MCFR(i,t)7→(i,ΣL∗) also includes mortality from cases that propagate across county borders before returning to the origin
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Figure 17: Coefficient estimates using various specifications of spatial weights

Notes: This figure shows the estimates of the coefficients on the log-cases of the previous week, hj,t−1 from equation (2). The different
colors refer to specifications using different spatial weights. Specifications 1 and 2 use spatial weights based on the row-normalized
values of the bilateral population flows (based on cell phone data) and commuting flows, respectively. Specification 3 is a hybrid of
specifications 1 and 2, where we use commuting flows to generate the weights for county pairs with non-zero commuting flows and
a separate weighting matrix based on population flows for county pairs with zero commuting flows. The vertical bars indicate the 95
percent confidence intervals. Full estimation results are in Appendix D.1.2.

Figure 18: The ACMCFR under various specifications of spatial weights

(a) Mortality in origin county by causes and channels (b) All-cause mortality by location

Notes: Panel (a) shows the ACMCFR(i,t)7→(i,ΣL∗) in the origin county, separated into COVID-19 mortality (i.e., MCFR(i,t)7→(i,ΣL∗))
further broken down into the direct and propagation channels, and non-COVID mortality (i.e., OCMCFR(i,t)7→(i,ΣL∗)). Panel (b) shows
the ACMCFR(i,t)7→(N ,ΣL∗) at the national level decomposed into different locations. Each vertical bar refers to a specification using
different spatial weights. Specifications 1 and 2 use spatial weights based on the row-normalized values of the bilateral population
flows (based on cell phone data) and commuting flows, respectively. Specification 3 is a hybrid of specifications 1 and 2, where we use
commuting flows to generate the weights for county pairs with non-zero commuting flows and a separate weighting matrix based on
population flows for county pairs with zero commuting flows. For each specification, we evaluate the mean across counties and calendar
weeks. For instance ACMCFR(·,·)7→(·,ΣL∗) =

1
nT

∑n
i=1

∑T
t=1 ACMCFR(i,t)7→(i,ΣL∗).

48



obvious pattern is that the MCFRProp
(i,t)7→(i,ΣL∗) is larger for the specifications using commuting flows (i.e., spec-

ifications 2 and 3). This is mainly because the estimates of a1 are slightly larger when spillovers are mea-
sured using commuting flows instead of population flows (i.e., specification 1). As one would expect, the
OCMCFR(i,t) 7→(i,ΣL∗) mirrors the propagation channel, with specification 3 having the largest value, followed
by specifications 2 and 1. By construction, the MCFRDirect

(i,t) 7→(i,ΣL∗) is identical across all specifications because
it uses the same estimates θ̂l from equation (1). In total, one additional case is estimated to generate between
0.2083 and 0.2371 additional deaths in the origin county within the next 16 weeks.

The differences across specifications are more pronounced in the decomposition of the
ACMCFR(i,t)→(N ,ΣL∗) by location, which involves more case transmission than the MCFR(i,t) 7→(i,ΣL∗).
Given that â2 differs more across specifications than â1 does, the variation in the ACMCFR(i,t)→(N ,ΣL∗) stems
overwhelmingly from mortality outside the focal county, as shown in Panel (b). The magnitude of mortality
outside the origin county is positively related to the size of â2 and the amount of weight on the off-diagonal
terms in the weighting matrix. Marginal mortality outside the focal county in specifications 1 and 3 are
similar although their compositions are different. Under specification 1, additional mortality is roughly equal
in counties within the same state excluding the focal county (i.e., MCFR(i,t)→(Ss(i)\{i},t+l)) and counties in
different states (i.e., MCFR(i,t)→(N\Ss(i),t+l)), while specification 3 has a larger share of mortality occurring in
the former (43%) than the latter (19%). This pattern can be attributed to specification 3 having a low estimate
of aM2 for counties further away from the focal county. Specification 2 has less mortality occurring outside
the focal county, with a larger share in counties in the same state (40%) than in different states (12%). This
is consistent with specification 2 having a small estimate of a2 relative to specification 1 and zero weight on
counties outside the commuting area of the focal county, unlike specification 3.

6 Conclusion

Quantifying the impact on aggregate mortality of an additional case of an infectious disease is impor-
tant for evaluating the costs and benefits of mitigation policies. This paper introduces the marginal case fa-
tality fate (MCFR), a novel measure of the cumulative effect of one additional case on subsequent mortality
that incorporates downstream transmission and deaths conditional on infection. This measure innovates over
traditional epidemiological metrics such as the case fatality rate (CFR) and the reproduction number, Rt that
separately characterize the fatality rates and transmission of an infectious disease. We operationalize this con-
cept by combining two well-established econometric approaches – finite distributed lag and spatial dynamic
panel data models – to model the mortality process and geospatial disease spread. This joint approach captures
important features of infectious diseases.

We apply our framework to the early stage of the COVID-19 pandemic and demonstrate how it can char-
acterize aspects of the disease that have so far been unquantified. For instance, we estimate that one additional
case generates 0.6255 deaths nationally, 24% of which can be attributed to non-COVID-19 causes, and 70% of
which occur outside the county in which the marginal case originates. These results highlight the externalities

county. This subchannel is a function of a2 but it is quite small.
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from an additional infection in terms of spillovers to other causes of deaths and places, which have not been
previously studied in a single unified framework. However, despite the large MCFR estimate, we find that the
marginal benefits of lockdown policies are modest and vary across states. We also document differences across
demographic and socioeconomic groups in the mortality impact of an additional case, which imply that the value
of reducing infections might also vary across groups.

Our MCFR framework offers new and deep insights into disease dynamics and can potentially equip
policymakers with new tools to guide their decisions. There are numerous epidemiological metrics that char-
acterize the severity of a disease, but many are not directly linked to contemporaneous levels of cases and/or
are averages instead of marginals, which cannot directly inform decisions on whether to implement a disease
mitigation intervention. For instance, we find that the benefits from reducing infections are the highest in the
weeks before an outbreak, when the potential for disease propagation is elevated, while social distancing poli-
cies tended to be imposed after cases start increasing. Lastly, our MCFR framework is sufficiently flexible to be
applied to other contexts and is particularly valuable for studying diseases with relatively high transmissibility,
which increases the scope for geographical spillovers and the mortality impact from downstream cases.
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