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Beyond Covid: Pandemics and the Economics of
Aging and Longevity

Abstract

In this paper, we examine the effects of the Covid-19 pandemic on individual aging and longevity
with special focus on socioeconomic disparities in health outcomes. We also explore the
individual-specific effects of Long Covid. We develop and calibrate a health economic model
based on principles of the biology of human aging that captures the interaction between infections
and chronic health deficits. Our analysis suggests that neglecting this interaction leads to a gross
underestimation of the long-term health impact of the pandemic. Our model also explains large
socioeconomic health differences that can be attributed to infection protection behavior.

JEL-Codes: D150, 1100, 1120, J240, J260.
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1. INTRODUCTION

In this study, we investigate a hitherto unexplored topic, namely how exposure to a pandemic
and individual protection behavior affect long-term health outcomes such as the development
of chronic health deficits and death from non-communicable diseases. We develop an economic
model of biological aging and longevity that takes the interaction between infections and chronic
diseases into account and apply it to the Covid-19 pandemic. Formally, the Covid pandemic is
understood as a shock in the infectious disease environment and a temporary decline in disease
prevention technology. It induces adjustment behavior and convergence towards a state in
which Covid has become endemic. Our analysis shows how neglecting the interaction between
infections and chronic diseases leads to a gross underestimation of the long-term health impact
of the pandemic. It also explains how a pandemic affects individuals unequally, which allows
us to understand the socioeconomic differences in health outcomes associated with the lifelong
impact of infectious diseases.

Empirical evidence suggests that there are considerable socioeconomic inequalities in Covid-
related health outcomes that are not well understood (Lassale, 2020; Niedzwiedz et al. 2020;
Patel et al., 2020; for a survey see Wachtler et al., 2020). A list of possible reasons includes
socioeconomic differences in protective behavior, such as seeking vaccination (e.g. Caspi et al.,
2021; Okubo et al., 2021; Saban et al., 2021; Thakore et al., 2021; Kim, 2023; Pouliasi et al.,
2023), and in the prevalence of pre-existing non-communicable diseases like diabetes, cardiovas-
cular issues, and chronic respiratory conditions (Bambra et al. 2020). Moreover, for a significant
share of the population (estimated at or above 10 percent), a Covid infection leads to the devel-
opment of prolonged or even persistent health deficits in the aftermath of the initial infection,
the so-called Long Covid syndrome. While the causes of Long Covid are not yet fully under-
stood, it is now clear that the disease affects basically all organ systems and can be expressed
as a general increase in chronic health deficits (see Altmann et al., 2023; Davis et al., 2023, for
recent reviews).!

In our health economic model, health deficits are measured by an established methodology in
the medical sciences, the frailty index (following Dalgaard and Strulik, 2014). The frailty index
is the relative number of aging-related illnesses and functional limitations that an individual has,
given a large number of potential health deficits (Searle et al., 2008). In line with the empirical
evidence, the frailty index increases quasi-exponentially with age (e.g. Mitnitski et al., 2002a,b;
Rockwood and Mitnitski, 2006, 2016; Abeliansky and Strulik, 2018; Abeliansky et al., 2020;
Dalgaard et al., 2022). However, chronological age does not cause the deterioration of health.
The health deficit model is built on insights from the biology of human aging (Gavrilov and

We use the term ‘Long Covid’ throughout. Alternative terms in the literature are ‘Post-acute COVID-19
syndrome’ and ‘Chronic COVID-19’. According to WHO (2021): “Post COVID-19 condition occurs in individuals
with a history of probable or confirmed SARS-CoV-2 infection, usually 3 months from the onset of COVID-19
with symptoms that last for at least 2 months and cannot be explained by an alternative diagnosis. Common
symptoms include fatigue, shortness of breath, cognitive dysfunction but also others [...] which generally have
an impact on everyday functioning.” On January 18, 2024, the United States Senate Committee on Health,
Education, Labor and Pensions discussed Long Covid for the first time as pressing health issue; see Al-Aly (2024)
for the testimony.



Gavrilova, 1991; Rutenberg et al., 2018) and conceptualizes aging as the intrinsic, cumulative,
progressive, and deleterious loss of function (Arking, 2006). The observed quasi-exponential
accumulation of health deficits is explained by the self-productivity of health deficits, i.e. the
feature that an increase in existing health deficits leads to the faster development of new deficits
(Dalgaard and Strulik, 2014; Dragone and Vanin, 2022).

In contrast to chronological aging, biological aging is malleable. It can by slowed down by
health investments and accelerated by unhealthy behavior. Importantly, in the present appli-
cation to the Covid pandemic, health deficits are also influenced by infections and individuals
can protect themselves from infections depending on the level of medical technology. In their
behavior, individuals take into account that mortality risk from both infectious diseases and
chronic conditions depends on the amount of accumulated health deficits that evolve over the
life cycle. They also understand, at least to a certain extent, how the development of health
deficit depends on deliberate efforts to prevent and treat infectious diseases and chronic health
conditions. However, we also explore the health consequences when individuals hold decidedly
false beliefs about the severity of infections and the efficacy of protection.

The health deficit framework allows us to examine a number of previously neglected aspects of
the Covid pandemic such as how infectious disease mortality depends on pre-existing health con-
ditions (rather than chronological age) and how infections influence the development of chronic
health deficits and post-pandemic mortality. We investigate how these mechanisms, known in
medicine as immunosenescence and inflammaging, affect disease protection behavior and cura-
tive health care spending and therewith individual longevity.

The term immunosenescence refers to the aging immune system. Since aging, understood as
the progressive decline of organ reserve and function, is encompassing, it includes also the gradual
decline in functionality of the innate and adaptive immune system. According to current medical
knowledge, increasing infectious disease mortality is therefore not due to advancing chronological
age per se but rather to increasing frailty and the weakened immune system (e.g. Santoro et
al., 2021). A recent study by Cao et al. (2022) suggests that the biological age measured in
blood samples, correlates not only strongly with all-cause mortality but also with the risk of
developing severe Covid disease. Several studies showed that the frailty index is an important
determinant of the severity and mortality risk of a Covid infection (e.g. Petermann-Rocha et al.,
2020; Howlett et al., 2021).2

The term inflammaging refers to a permanent low-grade and chronic state of inflammation

that has been associated with many chronic diseases and, at the cellular level, with all of

2Aging of the innate immune system includes ineffective pathogen recognition and macrophage activation and
the decreased function of epithelial barriers of the skin, lung, and gastrointestinal tract. Aging of the adaptive
immune system is, inter alia, characterized by a decline in the number and functionality of T- and B-cells. (e.g.
Miller, 1996; Weiskopf et al., 2009).



3 Exposure to bacteria, viruses, fungi, and parasites often causes

the nine hallmarks of aging.
chronic pro-inflammatory conditions (Franceschi and Campisi, 2014; Franceschi et al., 2017).
A significant part of the declining prevalence of chronic respiratory problems, valvular heart
disease, arteriosclerosis, and joint and back problems since the early 20th century has been
attributed to reduced exposure to infectious diseases (Costa, 2000). With respect to Covid
infections, recent research suggests that SARS-CoV-2 is a reservoir of peptide fragments that
can cause enhanced pro-inflammatory responses with potentially very harmful health effects
for some patients (Zhang et al. 2024). For instance, patients with severe Covid often develop
bacterial pneumonia that exacerbate proinflammatory responses (Bartleson et al., 2021).

The more or less spontaneous deterioration in health of Long Covid patients can also be
adequately captured by the health deficit model. The first large-scale and long-term Long
Covid study by Bowe et al. (2023) documents a massive increase in the incidence of 80 chronic
health deficiencies two years after the initial infection of the Long Covid patient. We use these
data, construct a frailty index, and find that health deficits in Long Covid patients increase by
an average of 25 percent.

We examine two main research questions. First, we explore the short- and long-term health
effects of the Covid pandemic, depending on (i) the individual state of health at the onset
of the pandemic, (ii) individual aversion to protective care (e.g. disutility from wearing face
masks or getting vaccinated), (iii) earnings, (iv) age at the outbreak of the pandemic, and
(v) false beliefs about both the efficacy of disease protection and the prevalence of infectious
diseases. By comparing the calibrated average American with other model individuals with
specific characteristics, we shed light on the heterogeneity of health behavior and health outcomes
in infectious disease environments. Second, we investigate how the long-term health effects of
Long Covid depend on individual characteristics.

For the benchmark case, our model predicts that the Covid pandemic has shortened the re-
maining life expectancy of the average American at age 75 by about five months. The predicted
loss of life expectancy due to Covid is more than three times lower when inflammaging is ig-
nored. This significant underestimation of the health consequences of the Covid pandemic when
inflammaging is neglected appears to be consistent with the general view that the pandemic had
essentially no impact on the life expectancy of pandemic survivors.

Protection aversion naturally increases mortality from infectious diseases before, during and
after the pandemic. For example, for strongly protection averse individuals (who only begin
to protect themselves against infections in their late 60s), the pandemic-related increase in
chronic disease mortality is predicted to be four times greater than for the benchmark American
with modest protection aversion. The loss in life expectancy gets larger for protection-averse

individuals with low income or pre-existing health conditions. These results contribute to a

3See e.g. Furman et al. (2019), Lopez-Otin et al. (2013), and Kennedy et al. (2014). The nine hallmarks
of aging are: (1) genomic instability, (2) shortening telomere length, (3) epigenetic modifications, (4) loss of
proteostasis, (5) deregulated nutrient sensing, (6) mitochondrial dysfunction, (7) cellular senescence, (8) stem cell
exhaustion and (9) altered intracellular communication, which are all linked to sustained systemic inflammation
(Lopez-Otin al., 2013). In our companion paper (Strulik and Grossmann, 2024) we provide a more detailed
discussion of inflammaging in the context of the epidemiological transition.



better understanding of health inequality arising from infectious diseases, as empirically the
level of protection aversion and income are negatively correlated. Interestingly, life expectancy
differences between individuals are generally higher if the onset of the pandemic is experienced
at an earlier age although its immediate impact on mortality risk is then considerably lower.
This perhaps surprising outcome is a direct consequence of the self-productive nature of health
deficits.

The Covid pandemic has shown that some people have persistent misconceptions about the
mortality risk of a new virus (e.g. van Mulukom et al., 2022) and the efficacy of vaccines (e.g.
Baeza-Rivera, 2021; Lazarus et al., 2022). We show that false beliefs do not only lead to an
alleviated increase in infectious disease mortality but also to substantially faster aging and
premature death from chronic diseases. For example, an individual aged 60 at the onset of the
pandemic, who believes that infections are (almost) harmless and protection (almost) useless,
is predicted to have 19 percent more chronic health deficits at age 70 and to die more than 6
years earlier, compared to the benchmark American with correct beliefs, all other things being
equal. The life expectancy difference can be much higher, if the individual has, in addition, low
income or more initial health deficits.

In addition, our analysis suggests a rather bleak outlook for Long Covid patients. The self-
productivity of health deficits implies that the health gap between Long Covid patients and
the calibrated benchmark American widens with advancing age. Related to that, Long Covid
causes a greater loss in life expectancy if it occurs at young age. Our model predicts that the
benchmark American will lose 4 years of life if getting Long Covid at age 75 and 6.6 years if it
happens at age 45.

The Covid pandemic has triggered countless studies in medicine, but also a large body of
research in economics. First, there is an important economic literature that focuses on how
the spread of the disease is influenced by policy measures like testing or confinement. The-
oretical approaches typically use epidemiological models to capture the infection dynamics of
the pandemic (e.g. Acemoglu et al., 2021; Donsimoni et al., 2020), sometimes enriched with
health behavior and its externalities (Brotherhood et al., 2020). Moreover, there is a growing
literature on macroeconomic effects of the pandemic. For instance, Chetty et al. (2023) show
that spending fell more in counties with higher rates of Covid infection, largely to avoid catching
the disease rather than concerns to lose income. Goolsbee and Syverson (2021) and Chetty et
al. (2023) find modest macroeconomic effects of government-imposed restrictions to contain the
spread of the virus. Guerrieri et al. (2022) argue that standard fiscal stimulus policies may
be quite ineffective in a pandemic. Second, there is a literature on how to optimally prioritize
vaccines (e.g. Akbarpour et al., 2024; Bubar et al., 2021; Gans, 2022). For instance, Akbarpour
et al. (2024) models vaccination behavior and shows that pricing of vaccines can be optimal in
the presence of asymmetric information about the private willingness to pay. However, none of
the previous studies has examined long-term health consequences of the pandemic.

The health-deficit framework of Dalgaard and Strulik (2014) has been applied to various
contexts, but typically abstained to model infectious diseases. An exception is our accompanying

paper (Strulik and Grossmann, 2024), where we examined health behavior of men and women



when infectious diseases are endemic, investigating the role of income, initial health status, and
other individual characteristics. We analyzed how human aging and life expectancy during the
epidemiological transition from 1860 to 2010 can be explained by the feedback effects between
infections and chronic diseases. Using counterfactual historical experiments, we assessed the
impact of medical technology on mortality from infectious diseases, all-cause mortality, life
expectancy, and the value of life. However, we did not explore how the outbreak of a new
disease (i.e. a pandemic) or an individual health shock (like Long Covid) affects health behavior
and long-term health outcomes. In contrast to the present study, we have also abstracted from
misconceptions about the mortality risk of infections.

The remainder of the paper is organized as follows. In section 2, we introduce the model and
discuss the comparative statics of protection and treatment of infectious diseases. In section 3,
we calibrate the model for an average male American before the pandemic and in Section 4 we
calibrated the Covid pandemic. The results are presented in Section 5. We examine the role of
initial health deficits, earnings, preferences (protection aversion), and age for short- and long-
term health outcomes. We then explore the effects of false beliefs on health outcomes. Finally,
we implement the Long Covid syndrome and discuss its impact on future health outcomes.

Section 6 concludes the paper.

2. MODEL

2.1. Individual Welfare. Individuals live in an environment with uncertain survival and max-
imize their expected lifetime utility. Let S(¢) denote the probability of being alive at age ¢
(survival function). As usual, we normalize the utility of being dead to zero. Individuals derive
utility from consumption of a numeraire good, ¢. Since we are particularly interested in dis-
ease protection behavior, we additionally implement the feature that individuals may experience
disutility from disease protection effort, p. Instantaneous utility is given by v(ec, p) = u(c) — wp,
where the utility weight of diseases protection w > 0 is called protection aversion and we focus
on an iso-elastic utility function u(c) = (¢! —1)/(1 — o), with ¢ > 0 (and u(c) = logec for
o = 1). Future payoffs are discounted at the time preference rate p > 0. Thus, expected lifetime

utility at age 7 is given by

T
V(r) = / S(t) - fu(e(t)) — wp(t)] - e T, (1)

where lifespan T, i.e. the maximum length of life, is an endogenous variable, as explained below.
All parameters are individual-specific. We are particularly interested in the role of protection
aversion parameter w, which governs the age at which individuals start protection (p > 0). By
protection aversion we capture, for instance, concerns about the safety of vaccines, which have
been shown to be a major reason for Covid vaccine hesitancy (Lazarus et al., 2022).* Empirical
evidence suggests that vaccine hesitancy and vaccination rates strongly depend on socioeconomic

4The WHO defines vaccine hesitancy as “the delay in acceptance or refusal of vaccination despite availability
of vaccination services” (MacDonald et al., 2015).



status, with protection aversion being higher for individuals with lower educational attainment
and lower income (Pouliasi et al., 2023).°

2.2. Survival, Mortality, and Health Deficits. The mortality rate at age ¢ is defined as
the negative survival rate, S(t)/S(t) = —m(t), implying that the probability of being alive at
age t is given by S(t) = S(0)e™ Jom®dr " Because of our particular focus on the interaction
between death from chronic diseases and from infections we decompose the mortality rate as
m(t) = me(t) + my(t), in which me is the mortality rate from chronic diseases and m; is the
mortality rate from infections. We explicitly implement the basic insight from gerontology that
death is not explained by chronological age but by the state of health (Arking, 2006). The state
of health is measured by the frailty index D, which is is relative number of health deficits that
are present in a person, given a long list of potential health deficits. The health deficit index
has been developed by Mitnitski et al. (2001) and has used in countless studies in the medical
science due to its simplicity, comparability, and excellent predictive power for health related
events, such as death or entry into long-term care. See Searle et al. (2008) for details of index
construction and Howlett et al. (2021) for a recent review of the literature. For the mortality rate
from chronic disease, we write mg = mc(D). Aside from health deficits, the mortality rate from
infections additionally depends on the protective measures against infections, m; = m(D,p).

Summarizing, individual survival is described by the law of motion
S(t) = — [mc(D(t) + mi(D(t), p(t))] - S(t). (2)

For the sake of simplicity, we henceforth omit the age index of the variables unless it is needed
for clarity.

2.2.1. Chronic Disease Mortality. In advanced countries, the vast majority of people die from
chronic (non-communicable) diseases. For example, in the U.S. in 2019, 89.6 percent of deaths
were caused by chronic diseases, 4.3 percent by infections, and 6.1 percent by injuries (Vos et
al., 2020). The effect of health deficits on death is well described by a power law:

me(D) =€DY,  for D < D, (3)

where £ > 0 and ¥ > 0. The parameters of this log-linear relationship have been estimated with
great precision, with the coefficient of determination, R?, being above 0.98 in the raw correlation.
The value of 1 has been estimated around 3.0, implying that a one percent increase in health
deficits increases the mortality rate by about 3 percent (Mitnitski et al., 2002a,b; Dalgaard et al.,
2022, Krenz and Strulik, 2023). Consistent with the literature in gerontology, there is an upper

limit to health deficits beyond which survival is impossible, o (D) = 1, such that D(T) = D
determines the endogenous lifespan (Rockwood and Mitnitski, 2006).

2.2.2. Infectious Diseases: Protection and Mortality. Humans are constantly exposed to patho-

genic shocks. However, these shocks lead to perceptible illness only if sufficiently severe, with

SEarlier evidence on A(HIN1) vaccines (against the influenza virus) confirms this pattern. According to
Galarce et al. (2011, p. 5286), “those with a bachelor’s or higher degree were 69 percent more likely to perceive
the vaccine as safe than those with less than a high school degree.”



the threshold shock level depending on the state of health. As in Strulik and Grossmann (2024),
we assume that the probability of infection shocks of size s is Pareto-distributed and given by
f(s) = vb'/?s~ (1) with s € {1,00} and cumulative distribution function F(s) = 1 — b/s",
where v > 0 and b > 0. Only shocks of strength greater than s result in a potentially lethal
infection. The threshold level § is inversely proportional to the frailty of the body, capturing the
gradual decline in functionality of the innate and adaptive immune system (immunosenescence).

By setting § = 1/D, we obtain the probability of severe infection as bD”. A higher value of
b implies that more individuals at all states of health become severely sick, i.e. it characterizes
a higher prevalence of infectious diseases. The term DY captures immunosenescence, i.e. the
influence of the individual state of health (pre-conditions) on the severity of infections. The
compound term bD" is equal to the mortality rate from infections in absence of preventive
measures or treatment. As outlined in the Introduction, an aged and increasingly dysfunctional
immune system is characterized by a reduced immune response. Moreover, it can cause some cell
subsets to become hyperresponsive to infections. A particularly severe variant of dysregulated
immune function drew broader attention in the course of the Covid pandemic. In a so-called
cytokine storm, an infection causes a rapid and uncontrolled release of inflammatory signaling
molecules that leads to inflammation of major organs such as the lungs, kidneys, and heart
and may eventually cause organ failure and death (see Bartleson et al., 2021 and Merad et
al., 2022, for reviews of the immunology of Covid-19). Several studies showed that the frailty
index is an important determinant of the severity and mortality risk of a Covid infection (e.g.
Petermann-Rocha et al., 2020; Howlett et al., 2021).

The probability of a lethal infection can be reduced by measures of disease prevention and
treatment, which we label as infectious disease protection. The efficacy of protection depends on
the state of medical technology, a, and protection effort, p, such that infectious disease mortality
is given by

m(D,p) =[1—af(p)]-bD", (4)
where a > 0. More effort reduces the probability of severe infection with decreasing returns,
f'(p) > 0 and f”(p) < 0. For given level of medical technology there are steeply decreasing
returns in protection effort. For example, the return of wearing two face masks instead of one
or getting two vaccinations instead of one is very small. This means that protection production
function f(p) is bounded from above, lim,_, f(p) = 1, such that @ is the maximum reduction
of the probability of severe infection that can be achieved with the available medical technology.

These features are implemented with the protection function f(p) =1 — e P. Figure 1 shows
the degree of protection for alternative levels of protection effort and a = 0.85 (maximum
protection 85 percent, solid blue lines) and a = 0.25 (dashed red lines). For example, a = 0.25
may represent a technology level where face masks are available and a = 0.85 a technology
level where vaccines are available. With the specified protection function, when a = 0.25, the
individual has almost reached the maximum possible protection for p = 2 (wearing two masks
instead of one does not increase protection by much). For a = 0.85 the maximum possible
protection is almost reached for p = 4.



FIGURE 1. Infectious Disease Protection
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The figure shows the protection achieved for alternative levels of protection
effort and two levels of medical technology a = 0.85 (blue solid lines) and a =
0.25 (red dashed lines). Protection is obtained as af(p) with f(p) = 1—exp(—p).
Protection is defined as the percentage reduction of the probability of severe
infection.

2.3. Health Deficit Accumulation. On average, humans accumulate health deficits in quasi-
exponential fashion at a rate of about 3 to 4 percent additional health deficits per year of age (e.g.
Mitnitski et al., 2002a,b; Rockwood and Mitnitski, 2016; Abeliansky et al., 2020; Dalgaard et al.,
2022). However, the development of new health deficits is not caused by chronological age but by
the already existing health deficits. This notion of aging as the intrinsic, cumulative, progressive,
and deleterious loss of function (Arking, 2006) has been introduced in health economics by
Dalgaard and Strulik (2014) as a law of motion for health deficits. For our application we
augment the law of motion for health deficits and write it as

D:u.[D—A.(1+nD)5-m+,8-mI(D,p)+e}, (5)

in which g > 0 is the (natural) rate of aging and e is a (possibly negative) residual capturing
health relevant aspects that are not explicitly modeled. The initial level D(0) = Dy > 0 is given.

It is useful to first consider (5) without the A-term and the S-term and without the residual
e. The equation becomes D = uD and describes the self-productive nature of health deficit
accumulation. A micro-foundation of this aging process has been provided in reliability theory
(Gavrilov and Gavrilova, 1991) and in the network theory of aging (Rutenberg et al., 2018). The
solution of the differential equation, D(t) = D(0)e*!, implies the exponential growth of health
deficits with age. When D(t) is inserted in (3) we obtain the exponential growth of the mortality
rate with age, me = eVt with € = ¢ - (Do)¥. The model thus explains in its reduced form
Gompertz law, i.e. an exponential increase in death rates with age (Gompertz, 1825). Since p
is estimated at about 3 percent and 1 at about 3, the model explains why the mortality rate
increases by about 9 to 10 percent per year of life, which is a stylized fact of human aging
(Arking, 2006). The predicted increase of mortality with chronological age, however, is not
causal. Mortality is caused by health deficit accumulation.

While chronological age increases relentlessly and inevitably, the accumulation of health
deficits is malleable. As in Dalgaard and Strulik (2014), we assume that individuals can slow

down the accumulation of health deficits by health investments h, i.e. health care for prevention



and repair of chronic diseases. The parameter A in (5) measures the general efficacy of medi-
cal technology while parameter v € (0, 1) measures decreasing returns in medical expenditure.
The term (1 + nD)° implements the notion that the efficacy of curative care increases with the
prevalence of health deficits, parameterized by n > 0 and § > 0 (see Strulik and Werner, 2021).
Since many health deficits are related (e.g. Rutenberg et al., 2018), the treatment of one deficit
also slows down the development of other deficits. For example, a treatment that targets hyper-
tension reduces also the risk of stroke, heart diseases, kidney diseases, dementia, and problems
of walking fast or sleeping well.

The S-term in (5) measures the influence of severe infections on the development of new
chronic diseases. It captures inflammaging due to exposure to pathogenes and a resulting chronic
inflammatory state (e.g. Franceschi and Campisi, 2014; Franceschi et al., 2017). Consequently,
the individual history of infections contributes to the development of chronic health deficits
(Finch and Crimmins, 2004; Finch, 2010; Santoro et al., 2021). Sayed et al. (2021) developed an
inflammatory clock of aging from biomarkers of the immune system and found it to be highly
predictive of the frailty index, greater than chronological age. Recent evidence not only suggests
that biological aging is associated with the risk of severe Covid infection but also that Covid may
affect the epigenetic clock and telomere attrition (Cao et al., 2022). In our model, the severity
of infection is naturally captured by the mortality risk from infection, m;. Inflammaging thus
means that the development of new health deficits, D, is proportional to m; with proportionality

factor pf and inflammaging coefficient 5.

2.4. Budget Constraint. Individuals earn a given flow of earned income w, which consists of
net wage income before retirement and pension income thereafter. Individuals face a given return
on their savings and a fraction 6 of their assets k is annuitized. The annuity provider cannot
observe the frailty status of the individual and sets an interest rate depending on the age-specific
mortality rate in the population. This means that for saving in annuities the mortality rate m
is a direct function of age rather than a function of individual health measure D. Summarizing,
financial income from private wealth is given by (r 4+ 6m)k.

Income is spent on consumption ¢, savings k, and health care. Let 7, and mp denote the price
of health care aimed at the treatment and prevention of chronic and infectious diseases and ¢y,
and ¢, the associated out-of-pocket (or coinsurance) rates. The individual budget constraint is
then given by

k= (r+60mk+w—c— ¢pmph — ¢pmpp. (6)

2.5. Optimal Life Cycle Behavior. Individuals maximize expected lifetime utility (1) by
controlling the paths of consumption (¢) and health care inputs (h, p), subject to the law of
motion for survival (2), health deficit accumulation (5), and wealth accumulation (6), given
the functional forms for mortality rates from chronic and infectious diseases (3) and (4), the
initial endowments k(0) and D(0), and the terminal conditions k(T) = k& > 0 and D(T) = D.
The solution of this free-terminal time problem of optimal control involves the transversality
conditions that the current-value Hamiltonian H(7') = 0 and the shadow price of an increase in
survival probability S (co-state variable of condition (2)) Ag(7") = 0.



LEMMA 1. Individual life cycle behavior is described by the solution for infectious disease
protection (7) and the equations of motion for consumption (8), health investments (9), the
shadow price of health deficits Ap (10, and the shadow price of survival Ag (11):

W+ ¢pmpe?

abD” |Xs + qfip

p = max {0, —log(2)}, with z = (7)

¢ r+@—-—1m-—p
o )
h B onD AD
E_il—v r+60m p+1+77D+E (9)
A _ b
ﬁ = p—p+ps(1+nD)° " ARY — uB(1 — af(p))bv D' —
AspA(1+1D)°y -1 v—1
e (DY (1= af (@)D" (10)
As = [p+€DY + (1= af(p))bD*| As — [u(e) - wp]. (11)
Proof. See Appendix A. d

Equation (8) is the familiar Euler equation for optimal life cycle consumption. Equation (9) is
the health-Euler equation for optimal investments in prevention and repair of chronic diseases.®

The solution for optimal disease prevention (7) takes into account a potential corner solution
of no prevention when prevention aversion w is sufficiently high. When the solution is interior,
we have in the numerator of z the utility cost of disease prevention plus the monetary cost of
disease prevention evaluated at the marginal utility of consumption. The term abD"” measures
the reduction in infectious disease mortality caused by the first unit of protection effort. The
denominator of z therefore reflects the saved health care effort (evaluated at the marginal utility
from consumption) and the gain from increased survival (evaluated at the shadow price \g) that
is caused by the first unit of protection effort.

In order to understand the individual response in infectious disease protection to the outbreak

of a pandemic, we next prove the following corollary.

COROLLARY 1. Optimal behavior implies that the co-state variable Ag is positive throughout
life, Ag(t) >0 for allt < T.

Proof. For the proof, notice that both terms in square brackets in (11) are strictly positive.
Therefore, to reach \g = 0 at the end of life, i.e. for ¢ = T, Ag needs to be positive (and
declining) throughout life. O

Noticing that Ag is the shadow price of a marginal increase in survival (S) the result is
intuitively plausible: the value of living longer is positive throughout life, largest in young age,

and zero at the maximum lifespan 7.

6For the special case of no infections (b = 0), age-independent health technology (6 = 0), no annuity savings
(0 = 0), and certain survival (As = 0), the equation collapses to the familiar health-Euler equation of the
deterministic model in Dalgaard and Strulik (2014), h/h = (1 — )" (r — ).
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PROPOSITION 1. For given levels of consumption ¢ and health input h, optimal behavior implies
that individuals increase prevention effort p when protection aversion w or the price of protection
¢pmp declines or when the product a - b between infectious disease technology (a) and infectious

disease prevalence (b) increases.

Proof. Follows from the derivatives of the interior solution in (7) and Lemma 1. O

The first two results are intuitively obvious. Regarding the last result, consider a pandemic
characterized by an increase of infectious disease prevalence b combined with a decline in the
efficacy of protection a (as vaccines may not be readily available). Individuals respond to the
pandemic by calculating the trade-off between increased prevalence (incentivizing more pre-
vention effort) and declining efficacy of protection (incentivizing less prevention effort). When
the disease prevalence increases by more than protection efficacy declines, they increase their
protection effort.

The optimal lifetime trajectory is characterized by the path that fulfills the initial conditions
and terminal conditions, the laws of motion (2), (5), and (6), the solution (7)-(11), and the
transversality conditions H(7T) = 0 and Ag(7) = 0. We next explore the numerical solution
of the calibrated model. We study the effects of the Covid pandemic and the socioeconomic
health gradient in the pandemic by capturing the convergence to an endemic state via changes

in disease protection technology and disease prevalence.

3. CALIBRATION

3.1. Calibration of the Pre-Covid Era. For evaluating the effects of a pandemic, we first
need to calibrate the model for the time before the Covid pandemic. We consider an average
male U.S. American who starts life in the year 2010 at model-age 0 when being 20 years old. The
force of aging ( is set to 0.0337, as estimated by Abeliansky et al (2020) for Caucasian American
men. We set the interest rate to r = 0.06. Taking the estimates by Jorda et al. (2017), this
value corresponds to the long-run real return when wealth consists of 70 percent housing and
30 percent bonds. These values imply an annuity rate r + m of about 7 percent at age 65 and
12 percent at age 85, which is well in line with actual annuity returns (New York Life, 2023).
We set p = 0.06 such that, according to the Euler equation (8), consumption is almost constant
over the life cycle (as observed for childless households; Browning and Ejrnaes, 2009) except for
high mortality risk m where it is considerably decreasing towards the end of life.

We normalize the total price of health care for chronic diseases, ¢p7mh, to unity and then
calibrate ¢ as one minus the government share of health expenditure, which is set to 0.47,
according to the numbers provided in Getzen (2019, Table 8). We set ¢, = ¢}, and calibrate
using the information that, in 2010, 4.0 percent of health expenditure was spent on infectious
diseases (BEA, 2022).

Based on the estimates in Dalgaard et al. (2022), we set ¢ = 2.8. The retirement age is set to
65.5 (CRR, 2018). Johnson et al. (2004) showed that about 10 percent of non-social-security-
based wealth is held in form of annuities and hence we set § = 0.1. We set earnings (w before
retirement) to $ 27,928, according to the earnings of single men in 2010 (BLS, 2012). In real

terms, labor income of single men in 2019 were only insignificantly higher (BLS, 2020) and also
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life expectancy of men remained virtually the same in 2019 (NVSS, 2022). The replacement
rate (pension income divided by labor income) is set to 0.47 (OECD, 2013).

A potentially important factor in individual aversion to infectious disease prevention is vac-
cination. Vaccinations against influenza increase with age, but are generally less common than
vaccinations against Covid. In the 2010-2020 period, coverage was around 35 percent in the
18-49 years group, around 50 percent in the 50-64 years age group, and around 70 percent in
the 65+ age group (CDC, 2023a). We capture this behavior by setting a value of the w such
that the benchmark American does not protect against infections in young adulthood, chooses
around 50 percent protection in middle age and reaches almost full protection after age 65.

We calibrate the parameters A and § with historical data, as explained in detail in the
Appendix. The third phase of the U.S. epidemiological transition reached asymptotically its
end around the year 1960 and the treatment of chronic diseases took off with the Cardiovascular
Revolution in the 1960s. We therefore assume a level of A close to zero in 1940 and obtain the
value of A(2010) that explains the increase of life expectancy at age 20 from 1950 to 2010 (of
about 5 years). The parameter 3 is set such that the epidemiological transition, i.e. the decline
of infectious disease mortality from 1850 to 1960 explains the increase of life expectancy at 20
from 1850 to 1950 (of about ten years). For these calculations, we also feed the historical series
for wage growth and public health spending into the model. The model thus fully explains the
historical path of adult life expectancy.

In addition, we also target the following stylized facts: (a) The accumulation health deficits
over a lifetime for American men (as estimated by Abeliansky et al., 2020). (b) The actual
survival curve for American men (obtained from estimates in Strulik and Vollmer, 2013), im-
plying a life expectancy at 20 of 57.1 years (expected death at 77.1 years), which was the life
expectancy of a 20-year-old American male in 2010 (NVSS, 2014). (c) The health care expen-
diture of American men in 2010 at the age of 30, 50, and 70 (data from MEPS, 2010) and
age 85 (data from De Nardi et al., 2016). (d) The age profile for deaths from lower respiratory
infection for U.S. males, as obtained from the Global Burden of Disease Study (Vos et al., 2020).
This calibration target takes into account that even before Covid lower respiratory infections
(including pneumonia, bronchitis, and influenza) were by far the most common cause of death
from infectious diseases in the U.S. (Armstrong et al., 1999).

Table A.1 in the Appendix shows the calibrated parameter values. The estimated value of
v = 3.2 implies that infectious diseases mortality increases with increasing frailty somewhat
steeper than chronic disease mortality () = 2.8). The estimated value of o = 1.01 implies that
the intertemporal elasticity of substitution is close to unity (the utility function is close to log-
form), a usual assumption in economics that is also supported in quantitative studies (Chetty,
2006; Layard et al., 2008).

The predicted life cycle trajectories for the benchmark American are shown by blue (solid)
lines in Figure 2 and circles show the targeted data. The upper left panel shows the evolution
of health deficits, the upper right panel shows the infectious disease mortality in percent, the
lower left panel shows the survival probability and the lower right panel shows the evolution of
total health expenditure, H = m,h + mpp. In line with the evidence compiled in De Nardi et al.
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FIGURE 2. Calibrated Model Pre-Covid: Health Outcomes
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Blue (solid) lines: model prediction for benchmark individual (w = 0.03; circles: targeted data. See text for
details. Green (dash-dotted) lines: individual with no protection aversion (w = 0). Red (dashed) lines: individual
with strong protection aversion (w = 2.0).

(2016), health care expenditure (net of expenditure for long-term care) reaches a plateau around
age 8b.

The predicted protection from infectious diseases is shown by the blue (solid) line in Figure
3. There is no protection until age 27, after which protection increases with age (that is with
vulnerability to severe infections) and almost full protection is reached after age 65. The health
outcomes for an individual with no protection aversion is shown by green (dash-dotted) line in
Figure 2 and 3. Although the individual shows significantly more protective efforts at a young
age, the health outcomes differ only slightly from the benchmark case. This is so because at
young ages the probability of severe infection is very low irrespective of protection effort. This
feature changes for the elderly. Red lines in Figure 2 and 3 show health outcomes and protection
for an individual with strong protection aversion (w = 2). The individual starts protecting only
at age 70 when there is already a significant probability of severe infection. As a result, infectious
disease mortality is much higher, implying faster aging and earlier death.

4. CALIBRATION OF THE COVID-19 PANDEMIC

In contrast to endemic diseases, pandemics are characterized by a high and unstable number
of infected individuals and are therefore best conceptualized as shocks in the life cycle model.
Eventually, when infections converge to a low trendless value, the disease becomes endemic or
disappears. With respect to Covid, there seems to be widespread agreement among scientists
that the disease will not disappear (Phillips, 2021). Instead, it converges to an endemic state in
which it continues to contribute to deaths from infections.
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FiGUre 3. Calibrated Model Pre-Covid: Endogenous Protection Effort by Age
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Blue (solid) line: model prediction for benchmark (w = 0.03). Green (dash-dotted) line: individual with no
protection aversion (w = 0). Red (dashed) line: individual with strong protection aversion (w = 2.0). Protection
is obtained as af(p) with f(p) =1 — exp(—p).

We begin the calibration of the Covid pandemic by considering its end. We assume that
at the endemic state protection against Covid is as good as it is against influenza. Formally,
denoting by a(x) the state of the protection technology x years since the onset of the pandemic,
we assume a(oo) = 0.85, which equals the previously calibrated value. Moreover, we assume
that the long-run Covid death rate equals the death rate from influenza, i.e. 0.0002 percent
(American Lung Association, 2015). The targeted mortality rate from infections in our model,
my, thus increases minimally from 0.078 percent, as implied by the benchmark calibration in
Section 3, to 0.0782 percent at the new steady state. This basically means that disease severity
b converges from above to reach almost its pre-pandemic value (of 2.2).

FIGURE 4. Infectious Disease Mortality

infect. disease mortality (ml,%)

The figure shows the age-specific male mortality rates for lower respiratory diseases 2019 (blue)
and for Covid-19 and lower respiratory diseases combined in 2020 (red). Circles show the targeted
data (from Vos et al., 2020, and CDC, 2023b) and solid lines the prediction of the calibrated
model. Stars show the combined mortality rate in 2022 and the dashed line shows the model
prediction under the benchmark speed of the pandemic (halftime of 2.5 years).

At the beginning of the pandemic, however, the disease environment was much more infectious
and the protection technology was substantially weaker. We calibrate the values of a(0) and
b(0) such that the model prediction fits the age-specific Covid mortality rates for men in 2020.
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The CDC (2023b) reports age-specific mortality rates for the U.S. population as well as gender-
specific mortality rates. To obtain our calibration targets, we multiply the age-specific mortality
rates with the average ratio of the Covid mortality rate of males (which was 1.25). In Figure 4,
the blue line shows the calibrated pre-Covid mortality rate and the blue circles show the pre-
Covid mortality rate from lower respiratory infections (from Vos et al., 2020). The red circles
show the aggregate infectious disease mortality rate in 2020 (Covid + lower respiratory). The
solid red line shows the model prediction for 2020. Notice that the introduction of the new
disease shifts the mortality rate upwards but leaves the gradient with respect to age unchanged.
Infectious disease mortality increases at a rate of vu = 12 percent per year of age, meaning
that it is increasing slightly faster than all-cause mortality, consistent with the observations of
Goldstein and Lee (2020).

For simplicity, we assume a smooth path of the transition to the endemic state. This means
that we abstract from the cyclical pattern of the disease caused by the season and the arrival
of new mutants of the virus (these features could be added without providing further insights).

We calibrate the path of protection and treatment technology using the logistic function

a(z) = a(0) + [a(c0) — a(0)] [1 — exp(~z/¢)?] (12)

where x is the number of years since the onset of the pandemic. We assume that the disease
environment evolves inversely proportional to medical technology b(xz) = b1(1 — a(z)) + be.
The parameter ¢ determines the half-life of the pandemic (i.e. the time at which half of the
transition to the endemic state is reached). The parameters b; and by are then determined
by the targeted initial and final state of the transition, by = (b(0) — b(c0)/(a(c0) — a(0)) and
by = b(0)—b1(1—a(0)). We calibrate ¢ such that the model prediction for the year 2022 provides
the best fit of the actual infectious disease mortality rates in 2022. This leads to the estimate
¢ = 3.0, which implies a half-life of the pandemic of 2.5 years. The calibrated course of the
pandemic is shown by blue solid lines in Figure 5. Red dashed lines show an alternative scenario
with a half-life of the pandemic of 4 years, which we use for sensitivity analysis.

The model’s prediction of age-specific mortality rates for 2022 is shown by the dashed line in
Figure 4 and the underlying data for 2022 are shown by stars. The Covid mortality rate is again
taken from CDC (2023b) and computed as described above. A halftime of 2.5 years seems to
capture the actual age distribution of infectious disease mortality in 2022 quite well.

5. RESULTS

5.1. Basic Model. Figure 6 shows the health outcomes of the benchmark person without the
pandemic (blue lines) and in the event that the pandemic occurs unexpectedly at the age of
75 (red lines). At this age, the individual has already developed many health deficits (pre-
conditions) such that the probability of severe infection and the infectious mortality increases
markedly. Although the individual increases protective efforts in response to the disease, ac-
tual protection decreases due to initially low protective technology. Also health expenditure
rises above benchmark level due to the higher incentive to stay in good health during the pan-
demic. Figure 6 also shows a small increase of chronic diseases due to the feedback effect from

inflammaging.
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FI1GURE 5. Course of the Pandemic
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The figure shows the calibrated transitional dynamics of infectious disease protection technology

a and the disease environment b during the Covid-19 pandemic. Solid blue lines: benchmark run
(halftime of 2.5 years). Red dashed lines: alternative scenario: 4 years halftime of the pandemic.

FIGURE 6. Predictions without Covid-19 and with Covid-Shock at Age 75
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Blue solid lines: model predictions without Covid-19 pandemic). Red dashed lines: predictions when Covid-
19 pandemic starts at age 75; halftime 2.5 years. H = mpp + mph.

The main results from comparative dynamic analysis are reported in Table 1 in form of simple
summary statistics. For each case we show results when the considered individual that has been
hit by the unanticipated pandemic is compared with (i) the own self without the pandemic
and (ii) the benchmark American experiencing in the pandemic at the same age. ALE shows
the difference in remaining life expectancy from the moment when the pandemic shock occurs.
Amfr1 is the percentage point deviation of the infectious disease mortality rate one year after

onset of the pandemic and AmSC'HO is the percentage point deviation of the chronic disease
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mortality rate ten years after onset of the pandemic, i.e. at the new endemic state of the disease
environment. (AD/D)*!0 is the relative change of chronic health deficits ten years after the
onset of the pandemic; Ai@/ h is the relative change in remaining lifetime health expenditure
h(r) = fTT S(t)H (t)dt (with H = mph + mpp), when the pandemic hits at age 7.

Case 1 of Table 1 shows health statistics for the benchmark individual considered in Figure
6. According to the first line, the pandemic is predicted to increase the mortality rate from
infections one year after its outbreak at age 75 by 0.52 percentage points, i.e. my increases
more than fourfold compared to the pre-Covid year (see Figure 6). The increased exposure to
infections leads to faster aging. Ten years later, the individual has developed 2 percent more
health deficits and chronic disease mortality rate is 0.55 percentage points higher than without
the pandemic. The pandemic reduces life expectancy by about 5 months (0.38 years) for the
benchmark individual. Given the sharp increase in infectious disease mortality, the change in
life expectancy may seem small in absolute terms. It reflects the easily underestimated fact that
even in a pandemic the vast majority of older people die from chronic diseases (see Goldstein and
Lee, 2020, for an extensive discussion of this feature). Expected health investments h decline
somewhat after the pandemic. Since we have already seen in Figure 6 that health investments
H by age increase in response to the pandemic, the result implies that decreasing survival
probability (S) dominates increasing expenditure (H) in their contribution to the aggregate
outcome. Naturally, the summary statistics are all zero when the benchmark individual is
compared with itself (second line of case 1).

With cases 2 and 3 we explore the role of initial health deficits that develop over time until
the pandemic hits (pre-existing conditions). Again, the first lines of each case show the isolated
effect of the pandemic. Individuals endowed with 25 percent more initial health deficits are less
healthy when the pandemic arrives and thus suffer an increase of infectious disease mortality
that is about twice as high as for the benchmark individual. Compared to their own non-
pandemic selves, the life expectancy loss is only slightly higher than in the benchmark case
(ALE = —0.47 vs. —0.38 years) due to the anyway shorter life expectancy. Cross-individual
comparisons of lifetime outcomes, shown in the second line, however, reveal that chronic health
deficits ten years after the pandemic shock are 35 percent higher and the loss of life expectancy
is 4 years greater. These outcomes are a manifestation of the self-productivity of health deficits
and the interaction between health deficits and the severity of infectious diseases. In case 3, we
consider individuals who are endowed with 25 percent fewer initial health deficits, thus being
substantially healthier when the pandemic arrives at age 75. The pandemic causes infectious
disease mortality to increase by less than for the benchmark individual such that the increase
in chronic disease mortality ten years later is considerably lower. Good health conditions have
protected the individual not only from the direct effect of the Covid pandemic on infectious
disease mortality but also from its indirect effects through inflammaging. Life expectancy is
almost 5 years higher than for the benchmark American.

Case 4 examines the role of strong protection aversion by setting w = 2 (cf. the red lines
in Figure 2). This individual experiences a considerably higher increase of infectious disease

mortality by 0.9 percentage points due to the pandemic one year after its onset and consequently
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Table 1: Health and Longevity with Covid-19 Pandemic: Comparative Dynamics

case parameter change remark comparison ALE Amitt Amg Y (AD/D)*t1°  Ah/h
pandemic onset at age 75
1) benchmark own without pan. -0.38 0.52 0.55 2.00 -1.31
bench with pan. 0.00 0.00 0.00 0.00 0.00
2) Dy =1.25Dqg 25% less healthy own without pan. -0.47 1.18 1.76 2.85 -2.71
bench with pan.  -3.93 0.90 13.20 34.70 -33.16
3) Dy = Dyp/1.25 25% healthier own without pan. -0.28 0.24 0.09 0.67  -0.67
bench with pan. 4.84 -0.39 -5.40 -23.81 14.23
4) w=20 more protection averse own without pan. -0.36 0.89 2.15 3.25  -2.16
bench with pan.  -4.08 1.47 14.99 38.31 -72.22
5  w=1/2w, 50% poorer own without pan. -0.40 0.64 0.69 2.05 -1.54
bench with pan.  -1.11 0.16 2.33 7.67 -63.52
6) w=1/2wp, w = 2.0 poorer and 4) own without pan. -0.37 1.19 3.75 4.09  -2.70
bench with pan. -5.02 2.04 25.24 56.29 -90.84
7) w = 2wy 100% richer own without pan. -0.35 0.36 0.20 0.93 -1.10
bench with pan. 1.80 -0.20 -2.22 -8.44  199.50
8)  w=2wpy, w=2.0 richer and 4) own without pan. -0.33 0.65 1.12 2.54  -1.67
bench with pan. -2.53 0.93 6.39 19.09 9.78
9) B=0 no inflammaging own without pan. -0.12 0.42 0.00 0.00 0.03
bench with pan. 1.67 -0.09 -2.26 -8.63  45.96
10) (=49 pandemic half-life 4 years own without pan. -0.67 0.55 0.95 3.39  -2.15
bench with pan. 0.00 0.00 0.00 0.00 0.00
pandemic onset at age 60
11) benchmark own without pan. -0.20 0.11 0.03 0.44  -0.39
bench with pan. 0.00 0.00 0.00 0.00 0.00
12) Do =1.25Dq 25% less healthy own without pan. -0.28 0.19 0.09 0.64 -0.77
bench with pan.  -5.44 0.13 2.45 27.98 -27.56
13) w=20 more protection averse own without pan. -0.21 0.15 0.05 0.57  -0.66
bench with pan. -4.61 0.30 0.89 11.69 -49.49
14) Do =1.25Dgp, w=2.0 25% less healthy and 13) own without pan. -0.25 0.29 0.37 1.55 -1.20
bench with pan.  -9.81 0.90 6.30 57.35 -63.93
15)  w=1/2wp, w =2.0 poorer and 13) own without pan. -0.23 0.17 0.07 0.63  -0.74
bench with pan. -5.91 0.38 1.56 19.20 -82.12

The table shows the predicted deviations of health behavior and health outcomes from (i) the outcomes for the
same individual without pandemic shock and (ii) the benchmark individual with pandemic shock. All entries

are measured from shock-age onwards; wy is wage income of the benchmark individual; Do is the initial health

deficit state (at age 20) of the benchmark individual; ALFE is the change in life expectancy at shock age; Amfﬁ'l

is the percentage point deviation of the infectious disease mortality rate one year after onset of the pandemic;
AmSC'HO is the percentage point deviation of the chronic disease mortality rate ten years after onset of the
pandemic; (AD/D)*!? is the relative change of chronic health deficits ten years after the onset of the pandemic;
Aﬁ/ h is the relative change in expected lifetime health expenditure. Relative deviations are shown in percent.

a large increase of chronic disease mortality rate ten years later (more than 2 percentage points).
The loss in life expectancy, however, is similar to the benchmark American. This perhaps
surprising outcome is explained by the fact that the protection-averse individual has anyway
a considerably shorter life expectancy. Compared to the benchmark individual who has low
protection aversion (second line of case 4), however, the protection-averse individual is predicted
to lose about 4 more years of life. At age 85, the individual has accumulated 38 percent more
health deficits and faces a 15 percentage point higher mortality rate. In other words, the vast
majority of protection averse individuals is already dead before age 85.

Cases 5 and 6 show that poor individuals, when compared to their non-pandemic selves, are
similarly affected by the pandemic as the benchmark individual in terms of life expectancy and

health deficits ten years after the pandemic shock. In cross-comparison with the benchmark
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(second lines), however, their life expectancy is about one year shorter. The differential effect
is explained by lower health investments of poorer individuals (last column in Table 1). An
important conclusion is that, with and without pandemics, the socioeconomic health gradient
is particularly high if earnings are negatively correlated with the extent of protection aversion.

Cases 7 and 8 again suggest that income does not play a major role in the direct health impact
of the pandemic, but is generally important for mortality risk and morbidity through its impact
on health care spending. A person with twice as much income as the reference person can
expect to live almost two years longer (second line of case 7). Compared to a person with half
the median earnings (case 5), life expectancy is almost 6 years longer. Protection aversion has
less severe consequences for rich people because they can partly compensate for this through
higher health care spending. A strongly protection averse individual with twice the median
earnings is expected to live “only” 2.5 years shorter than the benchmark individual.

With case 9 in Table 1, we eliminate inflammaging (8 = 0) in order to understand the impor-
tance of the feedback channel from infectious diseases to chronic health deficits. In this coun-
terfactual experiment, there is by design no effect of the pandemic on Ams(;rlo and (AD/D)s+10
(first line). As a result, the pandemic has a much smaller effect on life expectancy (loss of about
six weeks). This means that inflammaging more than triples the impact of the pandemic on
health outcomes. The second line of case 9 measures the lifetime effects of inflammaging. If
there were no inflammaging, the benchmark individual would have 8 percent less health deficits
at age 85 and die 1.6 years later. These results highlight the detrimental health effects of chronic
inflammation that develops from infections.

Case 10 shows that all health outcomes are more severely affected when the pandemic half-
life is 4 years (instead of 2.5). Since the elevated disease mortality is experienced for longer,
the inflammaging effect is stronger and chronic disease mortality ten years later is higher. The
pandemic shortens life expectancy for the benchmark American by 8 months (0.67 instead of
0.38 years).

The second part of Table 1 considers individuals experiencing the pandemic at age 60. While
the qualitative results are the same as before, the short- and long-term effects of the pandemic
are more muted due to the generally better health (compared to health at age 75); e.g. compare
the first line of case 11 with case 1 (ALE = —0.2 years instead —0.38).

A comparison of case 12 with case 3 highlights that the impact of the pandemic depends on
pre-pandemic health status rather than chronological age. The initially less healthy individual in
case 12 has accumulated about the same level of health deficits by age 60 as the initially healthier
individual in case 3 by age 75. Consequently, both suffer the same loss of life expectancy due to
the pandemic (ALE = —0.28 years), which is explained by about the same increase of chronic
health deficits ten years later. Interestingly, looking at the second line, we see that the loss in
life expectancy is larger when the pandemic hits at age 60 (ALE = —5.44 years in case 12)
than when its hits at age 75 (ALE = —3.93 years in case 3). Also protection aversion has
a larger effect if the individual experiences the pandemic earlier in life (compare case 13 with

case 4) despite the considerably smaller effect of protection aversion on infection mortality in
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younger people. These results reflect the interaction between infections and the self-productive
development of chronic health deficits.

Cases 13 and 14 show that strongly protection averse individuals display considerably higher
infectious disease mortality one year after onset of the pandemic and considerably higher chronic
disease mortality ten years after the onset of the pandemic. Compared to their non-pandemic
selves, the pandemic does not seem to play a major role in life expectancy, an outcome which
is again explained by the anyway unhealthier and shorter life of protection averse individuals.
We also see that protection aversion is particularly health-damaging for individuals with pre-
conditions. Bad luck and bad behavior are almost additive in their impact on life expectancy.
As discussed in case 12 the individual loses 5.4 years due to poorer initial health. According to
cases 13 and 14 the individual loses 4.6 years due to poorer protection and 9.8 years when both
risk factors are combined.

Finally, case 15 sheds further light on the socioeconomic health gradient. Whereas the loss in
life expectancy is similar to that of benchmark individual when compared to their non-pandemic
selves, poor persons with protection aversion lose almost 6 years of life expectancy. Moreover, a
comparison with case 6 shows that almost an additional year of life is lost if the pandemic occurs
at age 60 instead of age 75. Again, the self-productive accumulation of chronic health deficits
explains why relatively young individuals suffer more from the pandemic in terms of long-term

health, especially when they are poor and protection averse.

5.2. False Beliefs. The outbreak of the Covid pandemic has confronted humanity with a new
disease and it may seem implausible to assume that everyone was fully informed about the
severity of the pandemic and the medical protection measures. In addition, a significant fraction
of the population held beliefs that were very different from those of official health organizations.
Empirical evidence suggests that such divergent beliefs are related to socioeconomic status. For
instance, van Mulukom et al. (2022) provide a systematic literature review suggesting that
“individuals with lower income tend to hold stronger beliefs in COVID-19 conspiracy theories”
(p.- 5). This has greatly affected protection behavior. Similarly, vaccine hesitancy strongly
correlates with beliefs about vaccine efficacy (e.g. Baeza-Rivera, 2021; Lazarus et al., 2022).
Formally, individuals believe that the disease environment is bp and the medical technology is

ap. Replacing, a and b in the first-order and co-state equations (Lemma 1) leads to the solution:

p=max {0, —log(z)},  withz= W (bp”pcﬁ; — (13)
asbD” [N + g
h 1 577D }\D .
R r+0m p+1+77D+E with (14)
Ap pA(L + nD)°ye? Pp—1 -1
Y = p— D 1- D"
T iy e [w +(1—agf(p)bsv }
+ undA(1 + nD)‘S*lh'y — up(1 —apf(p))bgrD” ™! (15)
As = As [p Y EDY +(1—ap f(p))bBDV} ~ [u(c) — wp). (16)
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The rest of the model remains as specified above. Importantly, the actual law of motion for
survival probability (2) and health deficits (5) are still based on the actual values of a and b.

In the experiments reported in Table 2 we focus on permanently false beliefs (e.g. capturing
the convinced Covid denier).” Table 2 has a similar structure to Table 1, whereby we focus on a
pandemic shock at the age of 60. In all cases, the individual believes that infections are almost
harmless (bg = 0.05) and protection almost useless (ap = 0.05).8

Case 1 of Table 2 considers the benchmark individual with false beliefs. We see that such
individuals experience a substantially higher infectious disease mortality at the onset of the
pandemic (Am; = 0.95 compared to Am; = 0.11 in case 11 of Table 1). However, compared
to their non-pandemic selves, they do not seem to suffer much from the pandemic in terms
of long-term health outcomes. This observation, which also holds for the other cases (first
lines in Table 2) is again explained by the fact that the pandemic is only a short episode in
the lifetime of individuals and individuals with false beliefs are not protecting themselves from
infections over the whole life cycle. The second lines in Table 2 reveal that false beliefs have
a quite dramatic impact on 60-year olds when we compare the life outcomes with those of the
benchmark person with correct beliefs. For case 1, we find that false beliefs lead to a 6.3 years
shorter life expectancy and 19 percent more health deficits by age 70.

Case 2 shows that more than an additional year is lost if individuals with false beliefs have
only half of benchmark income (ALE=-7.55). The socioeconomic health gradient is therefore
particularly large if low earnings are correlated with false beliefs.

According to cases 3 and 4, protection aversion increases health disparities, albeit its differ-
ential effect is small compared to Table 1. The reason for this is that false beliefs alone already
reduce protection efforts to a large extent.

Cases 5 and 6 demonstrate that the health impacts of false beliefs are particularly strong
for unhealthy individuals. The interaction of anyway bad initial health and inflammaging is
amplified by insufficient protection. Consequently, in case 5, the frailty index at age 70 is
83 percent above benchmark and life is more than twelve years shorter. If, in addition, the
unhealthier individual has also half of benchmark income, the life expectancy difference to the

benchmark individual rises to 13.2 years (case 6).

5.3. Long Covid. So far, our analysis assumed that the Covid pandemic influenced individual
health solely through an increase in the disease environment and a temporary reduction in

protection efficacy. In other words, for most people the Covid pandemic operated mainly as ‘just

TEffects would be less pronounced if initially ill-informed rational individuals updated beliefs. They would be
more pronounced if individuals assumed that also parameter 5 (measuring the inflammaging effect of infectious
diseases) is lower than the actual value, in addition to false beliefs about of a and b.

8We omit the cases of belief in absolutely harmless infections (bp = 0) and absolutely useless protection
(ap = 0) for computational reasons. We also abstain analyzing the effects of false beliefs of a and b separately,
as beliefs in inferior protection technology and harmless infections are correlated. We checked though, that the
magnitude of the effects on e.g. life expectancy in Table 2 are mainly driven by the false belief bg = 0 < b.
Noteworthy, a false belief ap = 0 < a in isolation gives an incentive to invest in health (i.e. health input h is
decreasing in ap while protection effort p is decreasing). This is because the perceived effect of higher frailty on
infectious disease mortality risk is higher, the lower the perceived efficacy of the protection technology, according
to eq. (4).
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Table 2: False Beliefs: Comparative Dynamics

case parameter change remark comparison ALE Am?‘*’l Am?’m (AD/D)st10  Ap/h
pandemic onset at age 60
1) own without pan.  -0.20 0.95 0.06 0.54 -0.85
bench with pan. -6.29 0.85 1.54 18.89 -82.45
2) w=1/2wy poor individual own without pan. -0.22 1.06 0.08 0.60 -1.09
bench with pan. -7.55 0.96 2.28 26.34 -94.16
3) w=2.0 protection averse own without pan. -0.20 0.95 0.06 0.54 -0.85
bench with pan. -6.57 0.85 1.51 18.52 -83.85
4) w=2.0, w=1/2w, prot. averse and poor own without pan. -0.22 1.06 0.08 0.60 -1.09
bench with pan. -7.83 0.97 2.26 25.95 -94.62
5) Do = 1.25Dq less healthy own without pan.  -0.30 2.49 0.68 1.88 -1.78
bench with pan. -12.30 2.40 10.95 82.71 -90.23
6) Dy =1.25Dg, w = 1/2wy, less healthy and poor own without pan. -0.31 2.88 1.34 3.00 -2.34
bench with pan. -13.19 2.80 14.43 98.36 -96.85

The table shows results for individuals believing that infections are almost harmless (bg = 0.05) and protection is
almost useless (ap = 0.05). Predicted deviations of health behavior and health outcomes are shown in comparison
to (i) the outcomes for the same individual without pandemic shock and (ii) the benchmark individual with correct
believes under the pandemic shock. All entries are measured from shock-age onwards; wy is the wage income of

the benchmark individual; Do is the initial health deficit state (at age 20) of the benchmark individual; ALE

is the change in life expectancy at shock age; Amfﬁ'l is the percentage point deviation of the infectious disease

mortality rate one year after onset of the pandemic; Am?’m is the percentage point deviation of the chronic disease
mortality rate ten years after onset of the pandemic; (AD/D)**19 is the relative change of chronic health deficits
ten years after the onset of the pandemic; Aﬁ/ h is the relative change in expected lifetime health expenditure.
Relative deviations are shown in percent.

as another influenza’. A sizable minority of the population, however, responded to infections
with a previously unseen severe accumulation of chronic health deficits. This response is best
known as Long Covid syndrome rather than under its medical term post-acute sequelae of
Covid-19 (PASC).

Long Covid is characterized by a large number of symptoms such as extreme fatigue, mem-
ory problems, headaches, sleep problems, depression, digestive symptoms, and a long list of
pulmonary, cardiovascular, and musculoskeletal illnesses. A recent cohort study considering
80 potential health deficits found that Long Covid affected basically all human organ systems
(Bowe et al., 2023). While hospitalized patients faced a substantially higher risk of Long Covid,
it was shown that the disease affected also about 7 percent of the non-hospitalized population.
The study by Bowe et al. is the first large-scale cohort study to follow individuals for two
years post-infection. It demonstrated a high persistence of the Long Covid attributed health
deficits. Although a two-year observation period is too short to draw firm conclusions, we take
the available evidence of persistence as motivation to model Long Covid as a permanent, lifelong
deterioration in chronic health caused by Covid infection.’

The health deficit model is ideally suited to implement Long Covid in health economic theory.

Specifically, we assume that for Long Covid patients, a Covid infection triggered a spontaneous

9A limitation of the study is that it focuses on a population of elderly men (U.S. veterans of average age 61,
standard deviation 16 years). We are not aware of other long-run cohort studies that report the universe of health
deficits from Covid infections for other population groups.
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and permanent increase of the health deficits index in the year after the infection. This black-
box treatment of Long Covid seems appropriate as long as the actual causes of the disease are
not fully understood. We used the data provided in Bowe et al. (2023, Figure 1 and Supplement
Table 12), constructed a frailty index of 80 health deficits, and computed the relative increase
frailty index of the infected group vs. the non-infected control group. We found that for [0.5, 1,
1.5, 2 ] years after infection the frailty is by factor [1.62, 1.29, 1.23, 1.25 | higher in the infected
group. After an initial decline, the frailty index is thus permanently around 25 percent above
the non-pandemic level.

F1GURE 7. Long-Covid-Shock at Age 60
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Blue solid lines: benchmark model predictions (no Covid pandemic). Red dashed lines: Long
Covid; pandemic starts at age 60; halftime 2.5 years.

The red (dashed) lines in Figure 7 show the life cycle trajectories when getting Long Covid
(i.e. health deficits increase by 25 percent) at age 60 at the onset of the pandemic with a half-life
of 2.5 years. Blue lines show the unshocked benchmark case. The most remarkable result is
the prediction that the deviation of health deficits from benchmark widens after the end of the
pandemic. This sad result is an expression of the self-productivity of health deficits implied by
the deficit-accumulation process (5) discussed in sections 1 and 2. Applied to Long Covid, health
deficits that have emerged as symptoms of Long Covid (e.g. fatigue, headaches, stomach and
muscle pain or shortness of breath) lead to the earlier onset of other age-related health deficits
(cardiovascular or cognitive diseases) via direct biological pathways or through the inability to
exercise or cognitive activity.

The results of our comparative dynamics analysis are shown in Table 3, which is again con-
structed as Table 1 and 2 with the difference that the second line of each case now compares
with a benchmark individual who is also suffering from Long Covid (LC). When getting Long
Covid at age 75, the benchmark individual can expect a 4 years shorter life (case 1 of Table
3, first line). The life expectancy loss caused by the pandemic is 10 times higher than without
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Table 3: Health and Longevity with Long Covid: Comparative Dynamics

case parameter remark comparison ALE Amitt Ami'® (AD/D)**10 Ah/h
Long Covid at Age 75
1) benchmark own without LC -4.00 1.19 11.51 32.31 -22.41
bench with LC ~ -0.00 0.00 -0.00 -0.00  -0.00
2) w =20 protection aversion own without LC -2.82 2.65 10.52 14.41 -28.24
bench with LC  -3.00 2.55 12.30 17.77 -69.73
Long Covid at Age 60
3) benchmark own without LC  -5.53 0.27 2.35 27.32 -14.79
bench with LC.  -0.00 0.00 -0.00 -0.00  -0.00
4) w =20 protection aversion own without LC -4.57 0.64 3.57 29.93 -18.69
bench with LC ~ -3.53 0.63 2.09 13.79 -47.07
Long Covid at Age 45
5) benchmark own without LC -6.58 0.05 0.58 25.28 -9.10
bench with LC.  -0.00 0.00 -0.00 -0.00  -0.00
6) w=2.0 protection aversion own without LC  -6.26 0.12 0.70 28.78 -13.42
bench with LC  -4.62 0.12 0.14 3.98 -33.99
7) Wiage>45 = Wr  LC-induced retirement own without LC  -6.92 0.05 0.58 25.39 -52.09
bench with LC ~ -0.34 0.00 0.00 0.09 -47.29

The table shows the predicted deviations of health behavior and health outcomes from (i) the outcomes for the
same individual without pandemic shock and (ii) the benchmark individual with pandemic shock. All entries are

measured from shock-age onwards. The index bench identifies the calibrated benchmark value of initial health

deficits; ALFE is the change in life expectancy at shock age; Am?+1 is the percentage point deviation of the

infectious disease mortality rate one year after onset of the pandemic; Am‘g'w is the percentage point deviation
of the chronic disease mortality rate ten years after onset of the pandemic; (AD/D)"*? is the relative change of
chronic health deficits ten years after the onset of the pandemic; Ah / h is the relative change in expected lifetime
health expenditure. Relative deviations are shown in percent.

getting Long Covid and the increase in infectious disease mortality at the onset of the pandemic
is more than twice as high (cf. case 1 of Table 1). Ten years later, the initially 25 percent
increase of health deficits has widened to 32 percent, leading to an increase in mortality from
chronic diseases that is 11 percentage points higher.

Protection-averse individuals lose “only” 2.8 years of life due to Long Covid compared to
their non-pandemic selves (case 2, first line). Again, the result is explained by the fact that
life expectancy at 75 is anyway short with protection aversion. Cross-comparison with the
benchmark individual shows that protection-averse individuals lose 3 years (case 2, second line).
Recalling from case 4 of Table 1 that the protection-averse individual without Long Covid can
expect to live 4 years less in a pandemic, the combined loss of life expectancy from protection
aversion and Long Covid is therefore 7 years.

The most remarkable result in Table 3 is that, in contrast to the ‘normal’ Covid infection
from Table 1, the impact of the pandemic is greater when it occurs at younger age. The reason
is again the cumulative and progressive nature of health deficit accumulation. If Long Covid
occurs at a young age, the self-productive nature of health deficit accumulation has more time
to unfold. The life expectancy loss for the only mildly protection averse benchmark individual
caused by the pandemic is 5.5 years when getting Long Covid at age 60 (case 3, first line),
compared to 4 years when the pandemic starts at age 75, and 6.6 years when it occurs at age 45
(case b, first line). Protection aversion of Long Covid patients leads to a 6 months higher loss

in life expectancy when the pandemic starts at age 60 rather than age 75 (3.5 vs. 3.0 years; see
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case 4, second line) and the loss is 1.6 years higher when the individual gets Long Covid already
at age 45 (case 6, second line).

Finally, in case 7, we assume that getting Long Covid causes early retirement (w declines
to wg at age 45 when the pandemic shock occurs, i.e. 47 percent of earnings during work life).
The income loss reduces health expenditures. Consequently, the pandemic causes for individuals
getting Long Covid at age 45 a loss in life expectancy of 6.9 years rather than 6.6 years without
early retirement (first line of case 7). The income loss also causes an about 50 percent decline
of health investments for Long Covid patients, which leads to a further longevity loss of about

4 months (second line).

6. CONCLUSION

In this paper, we have examined short-run and long-term consequences of the Covid pan-
demic for biological aging and infectious and all-cause mortality. Additionally, we highlighted
socioeconomic disparities in health outcomes associated with health behaviors and initial health
conditions. Our calibrated model is empirically founded in modern medical research and reflects
(i) the self-productive nature of health deficit accumulation and (ii) the interaction between
infections and chronic health deficits.

We have produced two sets of results. First, we compared individuals of different types with
their own non-pandemic selves. These counterfactual computational experiments identified the
individual health impact of the pandemic. Second, we computed the lifelong health effects
relative to the benchmark individual, conditional on income, initial health deficits, protection
aversion, and beliefs.

We have shown that the interaction of infections and chronic diseases implies that the pre-
dicted long-term health consequences of the pandemic for the average American are about three
times larger than the direct health effects (that ignore the inflammaging channel). While the
within-individual effects of the pandemic are relatively similar for all considered individuals we
found large differences in lifetime health outcome across individuals. We have shown that so-
cioeconomic differences in morbidity and life expectancy are strongly influenced by attitudes
and misconceptions that lead to differential disease protection behavior. Protection aversion
and false beliefs about the health risks of infection or the usefulness of protective measures are
particularly harmful to low-income individuals because they have fewer resources to counteract
the consequences of their behavior through increased investments in chronic disease preven-
tion and repair. Because lower-income individuals have been shown to be, on average, more
protection-averse and prone to false beliefs, our results suggest that the pandemic has caused
and will continue to cause major socioeconomic disparities in chronic health conditions.

Furthermore, and somewhat surprisingly at first glance, we found that the health inequalities
explained by the model between people with different levels of protection aversion, initial health
deficits or income are more pronounced in middle-aged people at the time of the pandemic shock
than in older people. Likewise, we have shown that the loss of health and life expectancy due
to Long Covid, which is significant in all age groups, is even greater if the disease has occurred

at a relatively young age. The reason for these results is the self-productivity of health deficits,

25



which means that a health shock entails a greater accumulation of further health deficits when
it is experienced earlier in life.

Finally, our analysis suggests that the pandemic-induced recession of 2020-2021 was likely not
the greatest economic cost of the Covid pandemic. The greatest cost may be experienced in the
long-run through the permanent loss of productivity induced by the premature withdrawal of
the Long Covid patients from the labor market and the future challenges to health insurance
systems due to the faster development of chronic health deficits in the general population.

However, it should be noted that the future outlook could be less bleak for several reasons.
The sample population of the currently available long-term studies of Long Covid was exposed
to infection until the end of the year 2020, i.e. before vaccination became widely available.
Other recent studies found that vaccination significantly reduces the risk of developing Long
Covid (Byambasuren et al., 2023) as well as the average frailty increase in Long Covid patients
(Al-Aly et al., 2022). Furthermore, the future may bring effective treatment for Long Covid
patients, or some manifestations of Long Covid symptoms may prove to be less persistent than
thought today.
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APPENDIX A: PROOF OF LEMMA 1

To prove Lemma 1, i.e. the solution of the life cycle problem, we first use (1)—(6) to write the

current-value Hamiltonian as:
H=S[u(c) —wp] + A [w+ (r +0m)k — ¢ — ppmph — dpmpp)
+ A |D = AL+ D) + B(1 = af (p))bD” — €| = AsS [¢D¥ + (1= af(p))DD*], (A1)

where Ag, A\p, and \; are co-state variables associated with differential equations (2), (5), and
(6), respectively.

Using u(c) = 011__0;1 and f(p) = 1 — e P, the first-order conditions for controls ¢, h, p and

co-state equations for state variables k, D, S are:
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Inserting (A.2) and (A.3) in (A.4) we obtain the solution for infectious disease protection (7).
From log-differentiating (A.2), substituting S/S = —m and using (A.5), we obtain the Euler
equation (8). Log-differentiating (A.3) by noting that —Ap > 0 and substituting (A.5) confirms
the equation of motion for health investments to prevent and treat chronic diseases (9). Sorting
terms in (A.6) implies

Ap pnd ARY b1 AsS[€YDYTl 4+ (1 —af(p)bvD¥ 1]
N PR A gDy HO el )b DT D :

(A.8)

Substituting Ap from (A.3) and A\; from (A.2) confirms the equation of motion for the shadow
price of health deficits (10). Finally, sorting terms in (A.7) we obtain the law of motion for the
shadow price of survival (11). This concludes the proof of Lemma 1.

APPENDIX B: CALIBRATING THE EPIDEMIOLOGICAL TRANSITION

Figures 2 and 3 replicate our calibration of the epidemiological transition (Strulik and Gross-

mann, 2024) for the model structure of the present paper. The results are very similar.
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Table A.1: Parameter Values

Parameter = Meaning Value
W natural rate of aging 0.034
A medical technology (scale) 0.0008
5 medical technology (curvature) 0.25
) medical technology (curvature) 1.6
n medical technology (curvature) 5.1
B8 inflammaging coefficient 7.5
v immunosenescence coefficient 3.2
b infectious disease prevalence 2.2
a infectious disease technology 0.85
€ aging residual -0.0004
w disutility from protection 0.03
o inverse of the IES 1.01
p time preference rate 0.06
r interest rate 0.06
w wage income 27,928
Oh,Pp coinsurance ratio 0.53
Th unit price health care (chronic) 1.88
Tp unit price health care (infection) 115
Y survival function (chronic) 2.8
3 survival function (chronic) 3.8
0 share annuitized wealth 1.0
D(0) initial health deficits 0.036
D(T) final health deficits 0.55
k(0) = k(T) initial and final wealth 0.0

29



REFERENCES

Abeliansky, A. and Strulik, H. (2018). How we fall apart: Similarities of human aging in 10
European countries. Demography 55(1), 341-359.

Abeliansky, A. L., Erel, D., and Strulik, H. (2020). Aging in the USA: similarities and disparities
across time and space. Scientific Reports 10(1), 143009.

Acemoglu, D., Chernozhukov, V., Werning, 1., and Whinston, M. D. (2021). Optimal targeted
lockdowns in a multigroup SIR model. American Economic Review: Insights 3(4), 487-502.

Akbarpour, M., Budish, E., Dworczak, P., Kominers, S. C. (2024). An economic framework for

vaccine prioritization, Quarterly Journal of Economics 139(1), 359-417.

Al-Aly, Z., Bowe, B., and Xie, Y.(2022). Long COVID after breakthrough SARS-CoV-2 infec-
tion. Nature Medicine 28, 1461-1467 (2022).

Al-Aly, Z. (2024). Addressing Long COVID: Advancing Research and Improving Patient Care,
Testimony before the United States Senate Committee on Health, Education, Labor and
Pensions. www.help.senate.gov/imo/media/doc/bafdede7-b423-6bef-7cb4-1b272df66eb8/ Al-
Aly%20Testimony.pdf.

Altmann, D. M., Whettlock, E. M., Liu, S., Arachchillage, D. J., and Boyton, R. J. (2023). The
immunology of long COVID. Nature Reviews Immunology 23(10), 618-634.

American Lung Association (2015). Trends in Pneumonia and Influenza Morbidity and Mor-
tality. Epidemiology and Statistics Unit Research and Health Education Division November
2015

Arking, R. (2006). The Biology of Aging: Observations and Principles. Oxford, UK: Oxford
University Press.

Armstrong, G. L., Conn, L. A.; and Pinner, R. W. (1999). Trends in infectious disease mortality
in the United States during the 20th century. Jama 281(1), 61-66.

Baeza-Rivera, M. J., Salazar-Fernandez, C., Araneda-Leal, L., and Manriquez-Robles, D. (2021).
To get vaccinated or not? Social psychological factors associated with vaccination intent for
COVID-19. Journal of Pacific Rim Psychology 15.

Bambra, C., Riordan, R., Ford, J., et al. (2020). The COVID-19 pandemic and health inequal-
ities. Journal of Epidemiology and Community Health 74, 964-968.

Bartleson, J. M., Radenkovic, D., Covarrubias, A. J., Furman, D., Winer, D. A., and Verdin, E.
(2021). SARS-CoV-2, COVID-19 and the aging immune system. Nature Aging 1(9), 769-782.

BEA (2022). Health Care Satellite Account, Bureau of Economic Analysis. https://www.bea.
gov/system/files/2022-01/2019-Blended-Account-Release-Table.x1lsx

BLS (2012). Consumer Expenditure Survey. U.S. Bureau of Labor Statistics, September 2012
(https://www.bls.gov/cex/tables/cross-tab/mean.htm#cu-singlesbyinc).

30



BLS (2020). Consumer Expenditure Survey. U.S. Bureau of Labor Statistics, (https://wuw.
bls.gov/cex/tables/cross-tab/mean/cu-singles-by-age-single-males-2019.pdf).

Bowe, B., Xie, Y., and Al-Aly, Z. (2023). Postacute sequelae of COVID-19 at 2 years. Nature
Medicine 29, 2347-2357.

Brotherhood, L., Kircher, P., Santos, C., and Tertilt, M. (2020). An economic model of the
Covid-19 epidemic: The importance of testing and age-specific policies, CEPR Discussion
Paper No. 14695.

Browning, M., and Ejrnaes, M. (2009). Consumption and children. Review of Economics and
Statistics 91(1), 93-111.

Bubar, K. M., Reinholt, K., Kissler, S. M., Lipsitch, M., Cobey, S., Grad, Y. H., Larremore, Y.
H. (2021). Model-informed COVID-19 vaccine prioritization strategies by age and serostatus,
Science 371, 916-921.

Byambasuren, O., Stehlik, P., Clark, J., Alcorn, K., and Glasziou, P. (2023). Effect of covid-19

vaccination on long covid: systematic review. BMJ Medicine 2(1), e000385.

Cao, X., Li, W., Wang, T., Ran, D., Davalos, V., Planas-Serra, L., ... and Yu, H. (2022).
Accelerated biological aging in COVID-19 patients. Nature Communications 13(1), 2135.
Caspi, G., Dayan, A., Eshal, Y., Liverant-Taub, S., Twig, G., Shalit, U., Lewis, Y., Shina, A.,

and Caspi, O. (2021). Socioeconomic disparities and COVID-19 vaccination acceptance: a

nationwide ecologic study, Clinical Microbiology and Infection 27(10), 1502-1506.

CDC (2023a). Flu Vaccination Coverage, United States, 2021-22 Influenza Season. https:

//www.cdc.gov/flu/fluvaxview/coverage-2022estimates.htm

CDC (2023b). COVID-19 Mortality Update — United States, 2022. MMWR Morbidity and
Mortality Weakly Report 72, 493-496. http://dx.doi.org/10.15585/mmwr .mm7218a4.

Chetty, R. (2006). A new method of estimating risk aversion. American Economic Review 96,
1821-1834.

Chetty, R., Friedman, J. N.; Stepner, M., and Opportunity Insights Team (2023). The Economic
Impacts of Covid-19: Evidence from a New Public Database Built Using Private Sector Data.

Quarterly Journal of Economics qjad048, forthcoming.

Costa, D. L. (2000). Understanding the twentieth-century decline in chronic conditions among
older men. Demography 37(1), 53-72.

Dalgaard, C. J., and Strulik, H. (2014). Optimal aging and death: understanding the Preston

curve. Journal of the European Economic Association 12(3), 672-701.

Dalgaard, C. J., Hansen, C. W., and Strulik, H. (2022). Physiological aging around the World.
PloS One 17(6), e0268276.

Davis, H. E., McCorkell, L., Vogel, J. M., and Topol, E. J. (2023). Long COVID: major findings,

mechanisms and recommendations. Nature Reviews Microbiology 21(3), 133-146.

31



De Nardi, M., French, E., Jones, J. B., and McCauley, J. (2016). Medical spending of the US
elderly. Fiscal Studies 37(3-4), T17-747.

Donsimoni, J. R., Glawion, R., Plachter, B., and Waelde, K. (2020). Projecting the spread of
COVID-19 for Germany. German Economic Review 21(2), 181-216.

Dragone, D. and Vanin, P. (2022). Substitution effects in intertemporal problems. American

Economic Journal: Microeconomics 14(3), 791-809.

Finch, C. E., and Crimmins, E. M. (2004). Inflammatory exposure and historical changes in
human life-spans. Science 305(5691), 1736-1739.

Finch, C. E. (2010). Evolution of the human lifespan and diseases of aging: roles of infection,
inflammation, and nutrition. Proceedings of the National Academy of Sciences 107(suppl 1),
1718-1724.

Franceschi, C., and Campisi, J. (2014). Chronic inflammation (inflammaging) and its poten-
tial contribution to age-associated diseases. Journals of Gerontology Series A: Biomedical
Sciences and Medical Sciences 69(Suppl 1), S4-S9.

Franceschi, C., Salvioli, S., Garagnani, P., de Eguileor, M., Monti, D., and Capri, M. (2017).
Immunobiography and the Heterogeneity of Immune Responses in the Elderly: A Focus on

Inflammaging and Trained Immunity. Frontiers in Immunology 8, 982.

Furman, D., Campisi, J., Verdin, E., Carrera-Bastos, P., Targ, S., Franceschi, C., ... and Slavich,
G. M. (2019). Chronic inflammation in the etiology of disease across the life span. Nature
Medicine 25(12), 1822-1832.

Galarce, E. M., Minsky, S., Viswanath, K. (2011). Socioeconomic status, demographics, beliefs
and A(HIN1) vaccine uptake in the United States, Vaccine 29(32),5284-5289.

Gans, J. S. (2022). Optimal allocation of vaccines in a pandemic. Ozford Review of Economic
Policy 38(4), 912-923.

Gavrilov, L.A. and Gavrilova, N.S. (1991). The Biology of Human Life Span: A Quantitative
Approach, Harwood Academic Publishers, London.

Getzen, T. E. (2019). The Growth of Health Spending in the USA: 1776 to 2026. Oxford
Research Encyclopedia of Economics and Finance, Oxford University Press, https://doi.
org/10.1093/acrefore/9780190625979.013.488.

Goldstein, J. R., and Lee, R. D. (2020). Demographic perspectives on the mortality of COVID-19
and other epidemics. Proceedings of the National Academy of Sciences 117(36), 22035-22041.

Goolsbee, A., and Syverson, C. (2021). Fear, lockdown, and diversion: Comparing drivers of
pandemic economic decline 2020. Journal of Public Economics, 193, 104311.

Gompertz, B. (1825). On the nature of the function expressive of the law of human mortality,
and on a new mode of determining the value of life contingencies, Philosophical Transactions
of the Royal Society of London 115, 513-583.

32



Guerrieri, V., Lorenzoni, G., Straub, L., Werning, 1. (2022). Macroeconomic Implications of
COVID-19: Can Negative Supply Shocks Cause Demand Shortages?. American Economic
Review 112, 1437-1474.

Howlett, S. E., Rutenberg, A. D., and Rockwood, K. (2021). The degree of frailty as a transla-
tional measure of health in aging. Nature Aging 1(8), 651-665.

Johnson, R. W., Burman, L. E., and Kobes, D. I. (2004). Annuitized wealth at older ages:
Evidence from the Health and Retirement Study. Washington, DC: Urban Institute.

Jorda, O., Knoll, K., Kuvshinov, D., Schularick, M., and Taylor, A.M. (2019). The Rate of
Return on Everything, 1870-2015. Quarterly Journal of Economics 134(3), 1225-1298.

Kim, D. (2023). Associations of race/ethnicity and socioeconomic factors with vaccination
among US adults during the COVID-19 pandemic, January to March 2021, Preventive Medicine
Reports 31, 102021.

Kennedy, B. K., Berger, S. L., Brunet, A., Campisi, J., Cuervo, A. M., Epel, E. S., ... and
Sierra, F. (2014). Geroscience: linking aging to chronic disease. Cell 159(4), 709-713.

Krenz, A., and Strulik, H. (2023). Physiological aging in India: The role of the epidemiological
transition. PloS One, 18(7), e0287259.

Lassale, C., Gaye, B., Hamer, M., et al. (2020). Ethnic disparities in hospitalisation for COVID-
19 in England: The role of socioeconomic factors, mental health, and inflammatory and pro-
inflammatory factors in a community-based cohort study. Brain, Behavior, and Immunity
88, 44-49

Layard, R., Mayraz, G., and Nickell, S. (2008). The marginal utility of income. Journal of
Public Economics 92, 1846-1857.

Lazarus, J.V.; Wyka, K.; White, T.M.; Picchio, C.A.; Rabin, K.; Ratzan, S.C.; Parsons Leigh,
J.; Hu, J.; El-Mohandes, A. (2022). Revisiting COVID-19 Vaccine Hesitancy around the
World Using Data from 23 Countries in 2021. Nature Communications 13, 3801.

Lopez-Otin, C., Blasco, M. A., Partridge, L., Serrano, M., and Kroemer, G. (2013). The
hallmarks of aging. Cell 153(6), 1194-1217.

MEPS (2010), U.S. Department of Health & Human Services. Center for Financing, Access
and Cost Trends, Agency for Healthcare Research and Quality: Medical Expenditure Panel
Survey, 2010 (https://meps.ahrq.gov/mepsweb/data_stats/quick_tables_results.js
p?component=1&subcomponent=0&year=-1&tableSeries=1&searchText=&searchMethod=
1&Action=Search)

Merad, M., Blish, C. A., Sallusto, F., and Iwasaki, A. (2022). The immunology and im-
munopathology of COVID-19. Science 375(6585), 1122-1127.

Miller, R. A. (1996). The aging immune system: primer and prospectus. Science 273(5271),
70-74.

33



Mitnitski, A. B., Mogilner, A. J., and Rockwood, K. (2001). Accumulation of deficits as a proxy
measure of aging. Scientific World 1, 323-336.

Mitnitski, A.B., Mogilner, A.J., MacKnight, C., and Rockwood, K. (2002a). The accumulation
of deficits with age and possible invariants of aging. Scientific World 2, 1816-1822.

Mitnitski, A. B., Mogilner, A. J., MacKnight, C., and Rockwood, K. (2002b). The mortality
rate as a function of accumulated deficits in a frailty index. Mechanisms of Ageing and
Development 123(11), 1457-1460.

Mitnitski, A., and Rockwood, K. (2016). The rate of aging: the rate of deficit accumulation
does not change over the adult life span. Biogerontology 17, 199-204.

New York Life (2023). New York Life Guaranteed Lifetime Income Annuity II. https://www.

nylannuities.com/resources/rates.

Niedzwiedz, C. L., O’Donnell, C. A., Jani, B. D., Demou, E., Ho, F. K., Celis-Morales, C.,
Nicholl, B. I., Mair, F. S., Welsh, P., Sattar, N., Pell, J. P., Katikireddi, S. V. (2020). Ethnic
and socioeconomic differences in SARS-CoV-2 infection: prospective cohort study using UK
Biobank. BMC Medicine 18(1):160.

NVSS (2014). United States Life Tables, 2010. U.S. Department of Health and Human Services,
Centers for Disease Control and Prevention, National Center for Health Statistics, National
Vital Statistics System, National Vital Statistics Report 63(7), Nov. 6, 2014.

NVSS (2022). United States Life Tables, 2019. U.S. Department of Health and Human Services,
Centers for Disease Control and Prevention, National Center for Health Statistics, National
Vital Statistics System, National Vital Statistics Report 70(7), March 6, 2022.

Okubo, R., Yoshioka, T., Ohfuji, S., Matsuo, T., Tabuchi, T. (2021). COVID-19 Vaccine
Hesitancy and Its Associated Factors in Japan. Vaccines, 9(6), 662.

Patel, A. P., Paranjpe M. D., Kathiresan, N. P., Rivas, M. A., Khera, A. V. (2020). Race,
socioeconomic deprivation, and hospitalization for COVID-19 in English participants of a
national biobank. International Journal for Equity in Health 19(1):114.

Phillips, N. (2021). The coronavirus is here to stay — here’s what that means. Nature 590(7846),
382-384.

Petermann-Rocha, F., Hanlon, P., Gray, S. R., Welsh, P., Gill, J. M. R., ... and Celis-Morales,
C. (2020). Comparison of two different frailty measurements and risk of hospitalisation or
death from COVID-19: findings from UK Biobank. BMC' Medicine 18, 355.

Pouliasi, I. 1., Hadjikou, A., Kouvari, K., Heraclides, A. (2023). Socioeconomic Inequalities
in COVID-19 Vaccine Hesitancy and Uptake in Greece and Cyprus during the Pandemic.
Vaccines 11, 1301.

Rockwood, K., and Mitnitski, A. (2006). Limits to deficit accumulation in elderly people.
Mechanisms of Ageing and Development 127(5), 494-496.

34



Rutenberg, A. D., Mitnitski, A. B., Farrell, S. G., and Rockwood, K. (2018). Unifying aging
and frailty through complex dynamical networks. Ezperimental Gerontology 107, 126-129.

Saban, M., Myers, V., Ben-Shetrit, S., and Wilf-Miron, R. (2021). Socioeconomic gradient in
COVID-19 vaccination: evidence from Israel. International Journal of Equity in Health 20,
242.

Santoro, A., Bientinesi, E., and Monti, D. (2021). Immunosenescence and inflammaging in the

aging process: age-related diseases or longevity? Ageing Research Reviews 71, 101422.

Sayed, N., Huang, Y., Nguyen, K., Krejciova-Rajaniemi, Z., Grawe, A. P., Gao, T., ... and
Furman, D. (2021). An inflammatory aging clock (iAge) based on deep learning tracks multi-

morbidity, immunosenescence, frailty and cardiovascular aging. Nature Aging 1(7), 598-615.

Searle, S.D., Mitnitski, A.B., Gahbauer, E.A., Gill, T.M., and Rockwood, K. (2008). A standard
procedure for creating a frailty index. BMC Geriatrics 8(1), 24.

Strulik, H., and Grossmann, V. (2024). The economics of aging with infectious and chronic

diseases. Economics & Human Biology 101319.

Strulik, H., and Vollmer, S. (2013). Long-run trends of human aging and longevity. Journal of
Population Economics 26(4), 1303-1323.

Strulik, H., and Werner, K. (2021). Time-inconsistent health behavior and its impact on aging
and longevity. Journal of Health Economics 76, 102440.

Thakore, N., Khazanchi, Orav, E. J., and Ganguli, I. (2021). Association of Social Vulnerability,
COVID-19 vaccine site density, and vaccination rates in the United States, Healthcare 9(4),
100583.

van Mulukom, V., Pummerer, L. J., Alper, S., Bai, H., Cavojova, V., Farias, J., Kay, C.S.,
Lazarevic, L.B., Lobato, E. J. C., Marinthe, G., Pavela Banai, L., Srol, J., Zezelj., I. (2022).
Antecedents and consequences of COVID-19 conspiracy beliefs: A systematic review. Social
Science Medicine 301, 114912.

Vos, T., Lim, S. S., Abbafati, C., Abbas, K. M., Abbasi, M., Abbasifard, M., et al. (2020).
Global burden of 369 diseases and injuries in 204 countries and territories, 1990-2019: a
systematic analysis for the Global Burden of Disease Study 2019. The Lancet 396(10258),
1204-1222.

Wachtler, B., Michalski, N., Nowossadeck, E., Diercke, M., Wahrendorf, M., Santos-Hoevener,
C., Lampert, T., Hoebel, J. (2020). Socioeconomic inequalities and COVID-19 — A review of
the current international literature. Journal of Health Monitoring 5(Suppl 7), 3-17.

Weiskopf, D., Weinberger, B., and Grubeck-Loebenstein, B. (2009). The aging of the immune
system. Transplant International 22(11), 1041-1050.

WHO (2021). A clinical case definition of post COVID-19 condition by a Delphi consensus, 6
October 2021. World Health Organization. https://iris.who.int/bitstream/handle/10

35



665/345824/WHO-2019-nCoV-Post-COVID-19-condition-Clinical-case-definition-2
021.1-eng.pdf?sequence=1

Zhang, Y., Bharathi, V., ..., and Wong, G. C. L. (2024). Viral afterlife: SARS-CoV-2 as a
reservoir of immunomimetic peptides that reassemble into proinflammatory supramolecular
complexes. Proceedings of the National Academy of Sciences (PNAS) 121(6), €2300644120.

36



	11104abstract.pdf
	Abstract




