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Abstract

Asymptomatic infections have hampered the ability to characterize and prevent the transmission of SARS-CoV-2 throughout the
pandemic. Although asymptomatic infections reduce severity at the individual level, they can make population-level outcomes worse
if asymptomatic individuals—unaware they are infected—transmit more than symptomatic individuals. Using an epidemic model, we
show that intermediate levels of asymptomatic infection lead to the highest levels of epidemic fatalities when the decrease in
symptomatic transmission, due either to individual behavior or mitigation efforts, is strong. We generalize this result to include
presymptomatic transmission, showing that intermediate levels of nonsymptomatic transmission lead to the highest levels of
fatalities. Finally, we extend our framework to illustrate how the intersection of asymptomatic spread and immunity profiles
determine epidemic trajectories, including population-level severity, of future variants. In particular, when immunity provides
protection against symptoms, but not against infections or deaths, epidemic trajectories can have faster growth rates and higher
peaks, leading to more total deaths. Conversely, even modest levels of protection against infection can mitigate the population-level
effects of asymptomatic spread.

Significance Statement:

During an epidemic, asymptomatically infected individuals may avoid severe outcomes but can still transmit, potentially leading to
severe outcomes in others, including fatalities. This manuscript analyzes the population-level effects of asymptomatic spread in the
presence of strong transmission reduction among symptomatic individuals due to behavioral change and interventions. Theory and
simulations reveal that when reduction is strong the number of infections increases with asymptomatic proportion, while fatalities
peak atintermediate levels. The same framework also shows how milder variants at the individual level can potentially lead to worse
outcomes for the population—of relevance to ongoing efforts to explore the interplay between behavior, immunity, and viral variants.

Introduction

SARS-CoV-2 has had devastating effects at the population level.
However, many individuals experienced mild cases, making it
harder to estimate the magnitude of spread and fatality rate (1).
The ratio of fatalities to documented cases (the case-fatality rate,
CFR) is typically between 1 and 4%, varying across population be-

the infections are sufficiently mild that they could be classified
as subclinical.

It is now well established that asymptomatic individuals can
transmit SARS-CoV-2 infections (6-10), but asymptomatic cases
are increasingly shaped by prior immunity (whether through in-
fection, vaccination, or both). In contrast, early in the pandemic,

cause of testing patterns, treatment practice, case definitions, and
other factors (2-4). But many infections are never documented;
the ratio of fatalities to total infections (the infection fatality rate,
IFR) has been estimated to be closer to 0.5-1% for prevaccinated
populations whose demographics are similar to those of the
United States (5). This means that more than 99% of individuals
infected with COVID-19 will survive. Moreover, at least half of

a COVID-19 outbreak on the Diamond Princess cruise ship played
a critical role in understanding the role of asymptomatic infec-
tions in the spread of SARS-CoV-2 from and to immunologically
naive individuals; the outbreak occurred among 3711 passengers
and crew, of whom 634 individuals tested positive by 20
February 2020 (11). It has been estimated that 75% (95% CI: 70—
78%) of all infections on the cruise ship were asymptomatic
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Fig. 1. Asymptomatic transmissibility of SARS-CoV-2. A) Posterior estimates of the proportion of asymptomatic infections from the Diamond Princess
cruise ship (12). B) Posterior estimates of the ratio ¢, of the transmission rates between asymptomatic and symptomatic individuals from the Diamond
Princess Cruise Ship (12). Symptomatic individuals were assumed to transmit at rate f(t) for an average of 2.9 days, followed by a presymptomatic stage

with an average of 2.1 days. Asymptomatic individuals were assumed to

transmit at rate 6,4(t) for an average of 5 days. Both estimates are publicly

available with further details in (12). C) Viral load trajectory data from players, staff, and vendors of the National Basketball Association (NBA). Points
represent each Ct measurement. Lines and shaded areas show default LOESS fits from ggplot2 (13). Data are publicly available in (14). D) Inferred
proportion of infections that are subclinical for each age group using surveillance data from six countries (China, Italy, Japan, Singapore, South Korea,

and Canada) (15).

(Fig. 1A) with about half of total infections undetected (12). The
relative transmission rate of asymptomatic individuals aboard
the Diamond Princess was not well constrained by the analysis,
but low relative transmission rate (below 25%) by asymptomatic
individuals was ruled out because it required unrealistically
high transmissibility for symptomatic individuals (Fig. 1B).

Modeling studies have typically assumed that transmissibility
is lower for asymptomatic than for symptomatic individuals; as-
sumptions have ranged from 10 to 100% (16, 17). Similarities in vi-
ral load trajectories of asymptomatic and symptomatic
individuals provide indirect support for the transmissibility of
asymptomatic individuals (Fig. 1C, (14)); however, differences be-
tween inferred total viral load from Ct values and infectious viral
load add uncertainty (18). The likely role of symptoms in trans-
mission further contributes to this uncertainty. Coughing and
sneezing can help deliver virus-containing droplets. However,
the prevalence of presymptomatic and asymptomatic transmis-
sion of SARS-CoV-2 suggests that speech droplets can also be an
important mode of transmission (19).

We note also that asymptomaticity can change across outbreak
settings (20). For example, during the early pandemic, Davies
et al.’s analyses of surveillance data across six countries revealed
that older individuals were less likely to have subclinical infec-
tions (Fig. 1D), providing indirect evidence for heterogeneity in
asymptomaticity (15). Differences in contact rates between age
classes further contribute to the heterogeneity in asymptomatic
transmissibility. For now, we primarily focus on a homogeneous
population and return to the age effect in discussing our model-
based findings.

Despite quantitative uncertainties in asymptomatic transmis-
sibility, individuals infected asymptomatically with SARS-CoV-2

can still transmit to others. This means that the presence of
asymptomatic infections may have countervailing effects at the
population level. On one hand, an asymptomatic infection means
that the individual infected avoids hospitalization and death. On
the other hand, asymptomatic infections are less likely to be de-
tected (21, 22), meaning that asymptomatic individuals are less
likely to take precautions and relatively more likely to infect
others; asymptomatic SARS-CoV-2 infections present additional
challenges to managing overall disease burden due to the possibil-
ity of long COVID (23).

In this manuscript, we explore the effects of asymptomaticinfec-
tion and transmission on disease severity at the population level. In
doing so, we assume that symptomatic individuals reduce their
transmission, reflecting changes in behavior (e.g., self-isolation
after symptom onset) and/or nonpharmaceutical intervention
measures. Under this assumption, we show that a high proportion
of asymptomatic infections could paradoxically make population-
level outcomes worse than if SARS-CoV-2 was more dangerous at
the individual level. We further extend our framework to under-
stand the interaction between immunity against symptomatic in-
fections on the dynamics of emerging variants and explore
mechanisms by which milder variants at the individual level can
nonetheless lead to similar or worse population-level outcomes.

Results and discussion

We propose an epidemic model in which infected individuals can
be asymptomatic or symptomatic, with probabilitiespand 1 — p, re-
spectively (Fig. 2A). Asymptomatic individuals always recover,
whereas a fraction f of symptomatic individuals die.
Asymptomatic and symptomatic individuals can also have
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Fig. 2. Schematic diagram and simulations of a model with asymptomatic transmission and symptom-responsive transmission reduction. A) S
represents susceptible individuals; E represents exposed individuals; I; represents asymptomatic individuals; I; represents symptomatic individuals; R
represents recovered individuals; and D represents deceased individuals. See Methods for model details. B) Total infections as a function of the proportion
of asymptomatic infections p across a wide range scenarios for 6. C) Total deaths as a function of the proportion of asymptomatic infections p across a
wide range scenarios for 6. We simulate the model for 365 days, assuming g, = 0.8/day, 8, = 0.758,, v=0.5/day, y, =y, = 0.2/day, and f = 0.01, and an initial
exposed proportion of 10~*. See Materials and Methods for model details and Supplementary Table S1 for parameter descriptions and values.

different infection characteristics, including their transmission
rates (8, and B;) and removal rates (y, and y,). Our key assumption
is that symptomatic individuals take greater precautions than do
asymptomatic individuals (e.g., reducing contacts or increasing
mask-wearing) and therefore reduce their transmission rate by a
fraction ¢; the parameter 6 may also capture intervention measures
that target symptomatic individuals, such as symptom-based iso-
lation. We note that intervention measures that target asymptom-
atic infections would reduce the effective value of s—for example,
frequent testing and isolation may effectively increase the removal
rate y, of asymptomatic individuals. For our main simulations, we
assume that asymptomatic individuals have a lower reproduction
number—this is implemented via lower transmission rates for
asymptomatic individuals (8, =0.758;) and equal removal rates
(ya =7s). We then evaluate the effects on population-level mortality
of changing the asymptomatic proportion p while holding the fatal-
ity rate for symptomatic cases, f, constant (the population-level IFR
(1 - p)f thus decreases as p increases).

Fig. 2B and C shows simulated epidemic outcomes using pa-
rameters similar to those of the originating strain of SARS-CoV-2
(Table S1), without any mitigation other than that individuals
who are symptomatic reduce their transmission rate by 4. For

this model, the basic reproduction number is given by:

Ro= (1 - p)(l - 5)725 + pRay (1)

where Rs = f;/7, and Rq = f,/y, represent the reproduction num-
bers of asymptomatic and symptomatic individuals (i.e., the aver-
age number of secondary infections caused by asymptomatic and
symptomatic individuals); therefore, in the absence of the behav-
ioral effect (6 = 0), the final size decreases with the asymptomatic
proportion p because more symptomatic infections leads to a
higher basic reproduction number.

This relationship changes as dincreases. In particular, when § >
1-TR4/Rs (in this case, d > 0.25), the basic reproduction number
(and thus epidemic size) increases with p because the effective
symptomatic reproductive number (including behavioral re-
sponse) is less than that the asymptomatic reproductive number.
Whend>1-1/Rs(and R, > 1), we can find a critical asymptomat-

ic proportion, p:
1-(1-0)Rs
=_— \= T 2
b= R Z AR, @)

such that an outbreak will occur exactly when p > p. (see thresh-
old effects for large values of J in Fig. 2B).
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When behavioral protection is high, the effect of asymptomatic
proportion on fatalities shows countervailing effects of
individual-level protection and population-level risk (Fig. 2C).
For high values of ¢, the peak fatality occurs at intermediate levels
of asymptomatic spread: although fewer individuals die per infec-
tion for higher values of p, the increase in total infections still
leads to an increase in total fatalities. In contrast, when ¢ is small
enough that (1 — 6)Rs > R, (in this case, § < 0.25), both the number
of infections and the IFR ((1 — p)f) decrease with increasing p. We
note that these results are robust to uncertainties in asymptomat-
ic transmission rate. In Supplementary Figure S1, we perform the
same analysis while varying the ratio between R, and Rs between
0.25 and 1. In this case, qualitative predictions are robust when
Ra = 0.5Rs—when R, =0.25R; and 6 is large then Ry < 1 and the
epidemic does not take off. In Supplementary Figure S2, we per-
form the same sensitivity analysis as Supplementary Figure S1
while fixing Ro =4 when p = 0.5 and 6 = 0 to prevent the epidemic
from dying out. In this case, we find that intermediate values of
asymptomaticity lead to the highest epidemic fatalities at high &
values across all ranges of R,/Rs we consider.

We can ask whether the high values of 6 required for the non-
linear effects of asymptomaticity on deaths are realistic. For this
particular model, it does not make biological sense for § to be
greater than the amount of postsymptomatic transmission, be-
cause presymptomatic transmission is implicitly included in the
I, compartment. While several studies have estimated the propor-
tion of presymptomatic transmission to be around 30-60% for the
SARS-CoV-2 wildtype strain, many of these were likely affected by
intervention and behavioral effects, as they were conducted after
SARS-CoV-2 awareness became widespread (24). Instead, (25)
recently estimated that the proportion of presymptomatic
transmission could have been as low as 20% (95%CIL: 6-32%)
during the first few weeks of the pandemic when the pandemic-
awareness and intervention measures were minimal. There are
two implications of this updated estimate—first, a low proportion
of presymptomatic transmission makes high ¢ values at least
somewhat more likely during the initial pandemic phase; and se-
cond, substantial levels of behavioral effects (§ > 0) may have been
present early in the pandemic (to reduce the proportion of symp-
tomatic transmission from 80% to as low as 40%).

To further address the uncertainty in the values of 6, we extend
our model to include both presymptomatic and asymptomatic
transmission. To do so, we reparameterize the model based on
the relative importance of nonsymptomatic transmission, rather
than on the proportion of asymptomatic cases. We then use ds
to capture the decrease in transmission only after symptom on-
set—this means that J; is now independent of the amount of pre-
symptomatic transmission. We then fix the reproduction number
of symptomatic individuals and calculate fatalities at the popula-
tion level as a function of the proportion of total nonsymptomatic
transmission and the proportion of nonsymptomatic transmis-
sion that is caused by presymptomatic transmission (see
Materials and Methods for model details and Supplementary
Table S2 for parameter descriptions and values).

Using the generalized nonsymptomatic transmission model,
we find a wide variety of scenarios for which peak fatalities occur
at intermediate levels of nonsymptomatic transmission in the
presence of moderate to strong behavioral effects, Js>0.6
(Supplementary Fig. S3; Table S2). For example, when 40% of non-
symptomatic transmission is caused by presymptomatic trans-
mission, a 60% reduction in transmission after symptom onset
is sufficient to drive the nonlinear effect of nonsymptomatic
transmission on epidemic fatality (peaking at around 10%

nonsymptomatic transmission). One exception is the extreme
case in which all nonsymptomatic transmission is caused by pre-
symptomatic transmission (i.e., there is no asymptomatic trans-
mission); in this case, total infections and fatalities are
maximized when all transmission is caused by presymptomatic
transmission. While 60% reduction in transmission after symp-
tom onset (ds = 0.6) is still high, it is plausible given behavioral
and policy responses. For example, (26) estimated that up to
~64% reduction in transmission would be possible under self-
isolation and self-quarantine as well as manual contact tracing
(and as low as ~47% reduction using digital contact tracing with-
out manual tracing). Given that the majority of isolation and tra-
cing measures likely target symptomatic transmission, the
amount of reduction in symptomatic transmission would be simi-
lar to these values, providing indirect support for the feasibility of
high o values. Hereafter, we focus on asymptomatic infections for
simplicity, but our conclusions have implications for the more
general case of nonsymptomatic transmission. We return to the
discussion of values of § later in the Discussion section.

We now apply our framework to understand the impact of im-
munity on total fatalities at the population scale by dividing the
population into two groups: immunologically naive and pro-
tected. For simplicity, we do not distinguish whether the immun-
ity is derived from natural infections or vaccines. The dynamics of
immunologically naive individuals are equivalent to our original
model (Fig. 2). The dynamics of protected individuals include
three additional parameters, which characterize the amount of
protection against infection ¢, symptoms (given infection) e,
and deaths (given symptoms) ¢4 (Fig. 3). For simplicity, we assume
that the population is split in half (50% naive and 50% protected)
and mixes homogeneously. We also do not consider the separate
effect of immunity on transmission (beyond the effect on infec-
tion). In other words, we assume that asymptomatic infections
in protected and unprotected people have the same reproduction
numbers (and likewise for the symptomatic infections). In prac-
tice, both asymptomatic and symptomatic infections in protected
people are less likely to transmit than their unprotected counter-
parts (27): asymptomatic infections in protected people may indi-
cate limited viral replication or even immune boosting, in which
case an exposed individual may successfully fight off the patho-
gen early in infection before it can be transmitted; and symptom-
atic infections in protected people may reflect a strong immune
response (rather than high viral load), in which case symptoma-
ticity can be a poor proxy for transmission. We assume a relatively
strong behavioral effect = 0.8 for illustration (Table S3).

We consider each protection effect—e;, €5, and e;—separately
and consider joint effects later on. The impact of protection
against infection ¢ is analogous to changing R, in the original
model: as immunity provides stronger protection against infec-
tion (higher ¢), the number of deaths decreases and a higher
asymptomatic fraction p is required for the infection to spread
(Fig. 3B). We note that protection against infection scales the fatal-
ity curve nonlinearly, reflecting the nonlinear relationship be-
tween Ry and the final size of the outbreak. The impact of
protection against symptoms e is equivalent to changing the
asymptomatic fraction p for the protected population because
protected individuals are less likely to develop symptoms: the
peaks of the fatality curves move to lower values of p as we in-
crease the degree of protection e (Fig. 3C). Therefore, for low val-
ues of p, protection against symptoms can increase the total
number of fatalities at the population level by increasing the pro-
portion (and number) of asymptomatic individuals, who can read-
ily transmit infections to other individuals. This also means that
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Fig. 3. Schematic diagram and simulations of a model with symptom-responsive transmission reduction and immunity. A) The subscript p represents
protected individuals. Immunity may provide protection against infection, symptoms, or deaths. The dynamics of immunologically naive individuals are
described in Fig. 2. B-D) Total deaths as a function of the proportion of asymptomatic infections p across a wide range scenarios for protection against
infection ¢; (B), symptoms ¢ (C), and deaths ¢; (D). We simulate the model for 365 days, assuming g, = 0.8/day, B, = 0.758,, v=0.5/day, y; =y, = 0.2/day,
f=0.01, and ¢ =0.8. The initial infected proportion is 10~*. See Materials and Methods for model details and Supplementary Table S3 for parameter

descriptions and values.

the critical asymptomatic proportion decreases, allowing more
dangerous infections (with lower p) to invade, which would not
have been able to spread in an otherwise immunologically naive
population. We note that the equivalence between protection
against symptoms e and fraction asymptomatic p relies on our as-
sumption that immunity does not provide protection against
transmission. Protection against deaths ¢; directly modulates
the fatality rate for symptomatic cases and therefore linearly
scales the fatality curves (Fig. 3D).

Finally, we use our framework to understand the impact of be-
havioral effects on invading variants (Fig. 4). We first simulate the
dynamics of a wildtype variant for 1 year using our base model
with parameters as in Fig. 2. We then simulate a new variant in-
vading a partially immune population using our extended model
(Fig. 3A), where the immunity is solely derived from natural infec-
tions caused by the wildtype variant in the first year. We consider
two types of variants (which are simulated separately): one with
the same severity p as before (variant 1, orange) and a milder
one with higher p (variant 2, purple).

First, we consider a scenario in which immunity only provides
protection against symptoms, €; = 0.4 (Fig. 4A-C). In this case, pro-
tection against symptoms allows new variants to spread faster by
increasing the amount of asymptomatic infections, resulting in
larger outbreaks (Fig. 4B). Although the milder (purple) variant ex-
hibits a faster epidemic growth rate and reaches a higher peak
(Fig. 4B), it reaches similar peak fatality as the more severe (or-
ange) variant (Fig. 4C). The asymptomaticity—fatality curve pro-
vides additional insight (Fig. 4A): even though a milder, invading
variant (purple square) gives higher peak fatality than the original,
wildtype variant (black circle), it leads to lower fatalities overall
because deaths are concentrated over a shorter period of time in
the epidemic; the relatively severe second-wave variant causes
more deaths than the wildtype first wave, despite causing many
fewer cases. In general, when J is large, invading variants with
similar asymptomaticity p will spread more effectively and result
in worse population-level outcomes if immunity (either from vac-
cination or natural infection) provides protection against symp-
toms but not against infection or transmission.
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milder (purple, dashed line with earlier peak) and similar (orange, dashed line with later peak) invading variants. C,F) Dynamics of daily deaths for
the wildtype variant (black, solid line) and two possible invading variants (colored, dashed line).

Next, we consider a more realistic scenario in which immunity
provides protection against both symptoms, ¢; = 0.4, and infection,
¢ =0.4 (Fig. 4D-F). In this case, cross-protection against infection
has a large effect on the more severe (orange) variant, causing its
peak infection prevalence (Fig. 4E) and fatality (Fig. 4F) to be lower
than that of the original, wildtype variant. Across a wide range of
asymptomatic proportion p, we find that this immunity profile is suf-
ficient to prevent worse outcomes at the population level; we note
that the second wave of deaths is still high (and having higher peaks
in some cases) even if the overall deaths are lower.

The outcomes in our simulations of invading variants resemble
the dynamics of the SARS-CoV-2 Omicron variant. Despite moder-
ate levels of vaccine effectiveness against symptomatic and re-
duced levels of severe cases caused by the Omicron variant,
especially after booster shots (28), both vaccine- and infection-
derived immunity provided limited protection against infections
(29). This immune evasion helped the Omicron variant to cause
more infections in South Africa than previous variants (30).

Moreover, even though the Omicron variant is probably milder
than the Delta variant (31, 32), the number of hospitalizations
and deaths caused by the Omicron variant was higher than those
caused by the Delta variant in many locations (33-35).

There are several limitations to our analysis. First, while we are
able to generalize the model to include both presymptomatic and
asymptomatic transmission, behavioral and intervention effects
must be relatively large in order for the fatality to peak at inter-
mediate levels of asymptomaticity (typically requiring a reduction
in transmission rate of 60% or more for most of our chosen param-
eter sets). Second, the model framework is able to incorporate the
impacts of immunity of infection, symptoms, and severity, but
we neglected additional specific effects of immunity on transmis-
sion, which can also have important effects on disease dynamics
(36, 37). In particular, if immunity provides stronger protection
against transmission among immune individuals, population-level
outcomes will be better than what our model predicts. Estimating
protection against different endpoints (e.g., infection, symptom,
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death, and transmission) can help narrow this uncertainty. Finally,
we assumed that asymptomatic and symptomatic individuals are
infected for the same amount of time. Analysis of viral load trajec-
tories suggests that asymptomatic individuals may clear infections
faster (14); however, asymptomatic individuals may still transmit
for a longer period of time if symptomatic individuals self-isolate
quickly after symptom onset. The individual-level differences in
the asymptomatic and symptomatic transmission time scale can
have important implications for the inferences and predictions of
pathogen dynamics (38, 39); nonetheless, we expect that predic-
tions on the final size of the epidemic and total fatalities will be ro-
bust to small differences in the transmission time scale between
asymptomatic and symptomatic individuals.

Even though we assumed a homogeneous population here, our
analysis also has important implications for age-dependent het-
erogeneity in asymptomaticity (as shown in Fig. 1D). For example,
vaccinations and intervention measures primarily targeting older
individuals can prevent severe infections and improve individual-
level outcomes. However, asymptomatic individuals, especially
younger individuals with high contact rates, can still transmit to
other, older individuals, potentially making population-level out-
comes worse than they would be if intervention measures were
distributed differently. We note that other factors, such as the ef-
ficacy of a vaccine and types of immunity provided by the vaccine,
also play critical roles in making these decisions—in many cases,
protecting the most vulnerable will be the optimal decision to
minimize deaths (40).

The main conclusion of our analysis relies on having high levels
of transmission reduction among symptomatic individuals (d). For
the simple model, the value of J is limited by the amount of pre-
symptomatic transmission, which makes high ¢ values unrealistic
for COVID-19. Therefore, we extended our model to include both
presymptomatic and asymptomatic transmission to show that
our results hold for a more general case: for high levels of trans-
mission reduction after symptom onset (J;), epidemic fatalities
peak at intermediate values of nonsymptomatic transmission.
Based on early estimates for the contact tracing effectiveness
(26) high levels are Js are plausible, but uncertainty remains.
Furthermore, values of § (and likewise, d5) likely change over the
course of an epidemic. During the exponential growth phase, ¢ is
likely low because there is limited awareness for the outbreak
and intervention measures in place. As the number of cases, hos-
pitalizations, and fatalities increase, s will also increase, reflecting
changes in awareness-driven behavior and intensity of nonphar-
maceutical interventions (41). Further analysis is needed to con-
strain the uncertainty in d and to apply the model framework in
distinct disease, policy, and socioeconomic contexts.

Via theory and simulation analysis of a series of simplified
models, we have shown that asymptomatic infections (or, more
generally, nonsymptomatic transmission) can under some condi-
tions lead to a better outcome for many individuals while facilitat-
ing onward transmission that leads to a worse outcome for the
population as a whole. Extending our framework further shows
that immunity profile (i.e.,, reduction of infection, symptoms,
and/or severity due to immunity) plays a critical role in determin-
ing the dynamics of future variants; these results extend previous
work on postpandemic trajectories that focus primarily on cross-
immunity (42, 43). For example, while protection against symp-
toms protects health at the individual level, it can lead to more
infections, and potentially more deaths, at the population level.
A similar concern was raised in prioritizing vaccine choices
that could reduce severe outcomes vs. others that could reduce
transmission (9). Our conclusions echo earlier findings by (44),

who showed that vaccine-derived immunity against diseases
can promote the evolution of more virulent strains in unvaccin-
ated individuals. By allowing explicit parasite evolution, they
also showed that total malaria mortality peaks at intermediate
levels of vaccination; our analysis reveals that the differences in
symptomatic and asymptomatic transmission behavior can give
rise to a similar effect even in the absence of evolution.

Our work uses theoretical models to illustrate the potential for
asymptomatic infection and transmission to make population-
level outcomes worse. Applying these ideas to specific outbreak
scenarios will require narrowing down uncertainties in key
parameters, such as the degree of symptom-responsive transmis-
sion reduction and immunity profiles. For example, we simulated
unmitigated outbreaks with fixed parameters but epidemic dy-
namics, especially those of SARS-CoV-2, are more complex, re-
flecting changes in intervention efforts and the emergence of
new variants. Calibrating the model to outbreak data is therefore
critical to understanding the role of asymptomatic transmission
across different epidemic phases. We also showed that asymp-
tomatic infections can have important implications for evolution-
ary dynamics, but their contributions in driving evolutionary
dynamics of SARS-CoV-2 is yet unclear. Our study provides a
starting point for exploring these questions in more detail.

As is increasingly evident, SARS-CoV-2 has proven hard to con-
trol in large part because transmission is often decoupled from
symptoms. Our model reinforces the need for dual approaches
—prioritizing the reduction of asymptomatic spread (e.g., via
risk awareness campaigns (45-47), asymptomatic testing pro-
grams (48-50), mask-wearing indoors and in crowded environ-
ments (51-53), and through improvements in ventilation (54,
55)) while also improving the treatment of symptomatic cases,
particularly amongst older individuals at highest risk for severe
outcomes. Given the link between age and asymptomatic infec-
tions (15), interventions may consider different approaches in
strongly age-structured populations (e.g., schools or long-term
care facilities). Mass vaccination is also expected to be important
especially if future vaccines induce more transmission blocking.
As more variants continue to emerge, monitoring the impacts of
preexisting immunity (whether through vaccination and/or infec-
tions (56)) on preventing infections, and not just disease, will be
critical to controlling the course of this and future pandemics.

Materials and methods

Epidemic models with asymptomatic infection
and transmission in the absence of immunity

We consider a compartmental model with asymptomatic and
symptomatic infections in a homogeneously mixing population.
The basic model dynamics are as follows:

S =—B,Sl, — (1= 0)BSI; (3)
E =85l + (1 - 6)8,SIs — vE ()
Io = pvE - 3,1, (5)

Iy = (1= p)vE -y ls 6)
R=y,1o+ (1= flysls 7)
D=fyls ®)

where the transmission rate g and removal rate y can be potential-
ly differ between asymptomatic and symptomatic individuals.
Similar models have been previously used to study the dynamics
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of SARS-CoV-2 (57, 17, 39). Here, § denotes the reduction in
transmissibility due to responsive measures taken by symptomat-
ic individuals. Throughout the paper, we use parameters that
are broadly consistent with the dynamics of the originating
strain of SARS-CoV-2: g, =0.8/day, B,=0.758,, 1/v=2 days,
1/y,=1/y, =5days, and f =0.01 (58). Under this parameterization,
we have symptomatic and asymptomatic reproduction numbers
of Rg=4and R, =3.

We then extend this model to include both presymptomatic
and asymptomatic transmission. This is done by adding a pre-
symptomatic compartment before entering symptomatic or
asymptomatic compartments (17).

S=-p,SI, - B,Sla — (1 - )B:SI; )

E =85l + B,SI, + (1 = 05)B;SIs — vE (10)
I,=VE-dl, (11)

Io = pol, — 7,1 (12)
Is=(1-p)olp -yl (13)

R=7ala + (1 = flysls (14)

D =fyls (15)

For this generalized model, the presymptomatic Ry, symptom-
atic Rs, and asymptomatic R, reproduction numbers are given
by Rp =f,/0, Rs = B/7s, and Rq = f,/7, in the absence of the be-
havioral effect; these reproduction numbers represent the aver-
age number of secondary cases caused by an infected individual
in each compartment. Then, the reproduction number of indi-
viduals who will eventually develop symptoms is equal to:
Rp +Rs; similarly, the reproduction number of individuals
who remain asymptomatic is equal to: R, + R,. Since the pro-
portion p of all infections is asymptomatic, the basic reproduc-
tion number is given by the weighted average of these two
reproduction numbers:

Ro=pRp+Ra)+(1-pP)(Rp+Rs)=Rp +pRa+ (1 —p)Rs.  (16)

Then, the proportion of nonsymptomatic transmission ¢ is giv-
en by:

_Rp+PRa

¢ R

(17)

For simulations of the combined model, we start by fixing the re-
production number of individuals who will eventually develop
symptoms: Rsymp = Rp + Rs =4. Consistent with previous as-
sumptions, we also assume that asymptomatic reproduction
number is lower than that of the symptomatic reproduction
number: R, =pRs, Where p=0.75. Then, for a given value of
the proportion of nonsymptomatic transmission ¢ and propor-
tion of nonsymptomatic transmission caused by the presymp-
tomatic transmission, n=Ry/(Rp +PRa), We can solve for the
transmission rate for each compartment p and the proportion
asymptomatic p. More specifically:

_ Reymp
RP - 1 +y (18)
Rs = Reymp = Rp (19)
Ra=pRs (20)

1 R,
—(1-1\%e 21
P <'1 ) Ra @y

where y=(1/¢ — 1)/n+ (1/5 — 1)/p. In order to keep the mean in-
fectious period fixed, we assume 1/c=2days and
1/y, =1/y, =3 days. All other parameters are same as before.

Epidemic models with asymptomatic infection
and transmission in the presence of immunity
We model the spread of infection in a partially immune popula-
tion by assuming a leaky protection. The leaky assumption has
been widely used throughout the SARS-CoV-2 pandemic (36).
Another option is to rely on the all-or-nothing assumption (59—
61); for simplicity, we do not explore this option. Then, the model
equations are given by:

$=-A1)S (22)
E=A(t)S—vE (23)

Io=pvE —y,lu (24)

Is = (1 = pvE — yl; (25)
R=7.la + (1= frls (26)

D =frls (27)

Sp=—(1 - &)A(t)S, (28)

E, = (1—6)A()Sy — vEp (29)
Ipa=(1-(1-e)1=P)WEy —valpa (30)
Ips=(1—e)(1 —PWVEp — ¥l ps (31)
Ry =7ylpa + (1= (1= ea)f)relps (32)
Dy =(1-ea)frslps (33)

where 0 < ¢, e, ¢5 < 1 represents the degree of protection against
infection, symptoms and death, respectively. The force of infec-
tion A(t) is given by:

AE) = Balla +1pa) + (1= 0)Bs(Is +1Ips). (34)

Here, subscripts p denote individuals who are immune and there-
fore are protected, and as before the subscripts a and s denote
asymptomatic and symptomatic infections.

Acknowledgments

JSW acknowledges support from the Chaire Blaise Pascal Program
of the fle-de-France region. The funders had no role in study de-
sign, data collection and analysis, decision to publish, or prepar-
ation of the manuscript. This manuscript was posted on a
preprint:  https:/www.medrxiv.org/content/10.1101/2022.08.01.
22278288v1.full.pdf.

Supplementary material

Supplementary material is available at PNAS Nexus online.

Authors’ contribution

S.W.P., ].D., and J.S.W. designed the project with input from BTG.
SW.P. and J.S.W. performed model analysis. SSW.P., ].D., and
J.S.W. analyzed model results. S.-W.P. performed data analysis
with input from all authors. SW.P., ].D., B.T.G., and J.S.W. wrote
the paper.


https://www.medrxiv.org/content/10.1101/2022.08.01.22278288v1.full.pdf
https://www.medrxiv.org/content/10.1101/2022.08.01.22278288v1.full.pdf
http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgad106#supplementary-data

Parketal. | 9

Data availability

All data and code are stored in a publicly available GitHub reposi-
tory (https:/github.com/parksw3/asymptomaticvariant).

References

1

10

11

12

13

14

15

16

17

18

19

20

21

Nogrady B. 2020. What the data say about asymptomatic COVID
infections. Nature. 587:534-536.

Rajgor DD, Lee MH, Archuleta S, Bagdasarian N, Quek SC. 2020.
The many estimates of the COVID-19 case fatality rate. Lancet
Infect Dis. 20:776-777.

Verity R, et al. 2020. Estimates of the severity of coronavirus dis-
ease 2019: a model-based analysis. Lancet Infect Dis. 20:669-677.
Yang S, et al. 2020. Early estimation of the case fatality rate of
COVID-19 in mainland China: a data-driven analysis. Ann
Transl Med. 8:128.

Levin AT, et al. 2020. Assessing the age specificity of infection fa-
tality rates for COVID-19: systematic review, meta-analysis, and
public policy implications. Eur J Epidemiol. 35:1123-1138.

Gao W, Lv], Pang Y, Li LM. 2021. Role of asymptomatic and pre-
symptomatic infections in COVID-19 pandemic. BMJ. 375:n2342.
Johansson MA, et al. 2021. SARS-CoV-2 transmission from people
without COVID-19 symptoms. JAMA Netw Open. 4:
€2035057-e2035057.

Subramanian R, He Q, Pascual M. 2021. Quantifying asymptom-
aticinfection and transmission of COVID-19 in New York City us-
ing observed cases, serology, and testing capacity. Proc Natl Acad
Sci USA. 118:2019716118.

Koelle K, Martin MA, Antia R, Lopman B, Dean NE. 2022. The
changing epidemiology of SARS-CoV-2. Science. 375:1116-1121.
LizewskiRA, etal. 2022. SARS-CoV-2 outbreak dynamics in an iso-
lated US military recruit training center with rigorous prevention
measures. Epidemiology. 33:797-807.

Mizumoto K, Kagaya K, Zarebski A, Chowell G. 2020. Estimating
the asymptomatic proportion of coronavirus disease 2019
(COVID-19) cases on board the Diamond Princess cruise ship,
Yokohama, Japan, 2020. Eurosurveillance. 25:2000180.

Emery JC, et al. 2020. The contribution of asymptomatic
SARS-CoV-2 infections to transmission on the Diamond
Princess cruise ship. eLife. 9:e58699.

Wickham H. 2016. ggplot2: elegant graphics for data analysis.
New York: Springer-Verlag.

Kissler SM, et al. 2021. Viral dynamics of acute SARS-CoV-2 infec-
tion. medRxiv.

Davies NG, et al. 2020. Age-dependent effects in the transmission
and control of COVID-19 epidemics. Nat Med. 26:1205-1211.
Ferretti L, et al. 2020. Quantifying SARS-CoV-2 transmission sug-
gests epidemic control with digital contact tracing. Science. 368:
eabb6936.

Lavezzo E, et al. 2020. Suppression of a SARS-CoV-2 outbreak in
the Italian municipality of Vo'. Nature. 584:425-429.
Romero-Gémez MP, et al. 2021. Ct value is not enough to discrim-
inate patients harbouring infective virus. J Infect. 82:e35-e37.
Stadnytskyi V, Anfinrud P, Bax A. 2021. Breathing, speaking,
coughing or sneezing: what drives transmission of
SARS-CoV-2? ] Intern Med. 290:1010-1027.

Alene M, et al. 2021. Magnitude of asymptomatic COVID-19 cases
throughout the course of infection: a systematic review and
meta-analysis. PLoS ONE. 16:e0249090.

Fraser C, Riley S, Anderson RM, Ferguson NM. 2004. Factors that
make an infectious disease outbreak controllable. Proc Natl Acad
Sci USA. 101:6146-6151.

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

Moghadas SM, et al. 2020. The implications of silent transmission
for the control of COVID-19 outbreaks. Proc Natl Acad Sci USA. 117:
17513-17515.

Xie Y, Xu E, Bowe B, Al-Aly Z. 2022. Long-term cardiovascular
outcomes of COVID-19. Nat Med. 28:583-590.

He X, et al. 2020. Temporal dynamics in viral shedding and trans-
missibility of COVID-19. Nat Med. 26:672-675.

Sender R, et al. 2021. The unmitigated profile of COVID-19 infec-
tiousness. medRxiv.

Kucharski AJ, et al. 2020. Effectiveness of isolation, testing, con-
tact tracing, and physical distancing on reducing transmission
of sars-cov-2 in different settings: a mathematical modelling
study. Lancet Infect Dis. 20:1151-1160.

Lipsitch M, Dean NE. 2020. Understanding COVID-19 vaccine ef-
ficacy. Science. 370:763-765.

Andrews N, et al. 2022. Covid-19 vaccine effectiveness against the
Omicron (B.1.1.529) variant. N Engl] Med. 386:1532-1546.
Pearson CAB, et al. 2021. Bounding the levels of transmissibility &
immune evasion of the Omicron variant in South Africa.
medRxiv.

Sun K, et al. 2022. Persistence of SARS-CoV-2 immunity,
Omicron’s footprints, and projections of epidemic resurgences
in South African population cohorts. medRxiv.

Menni C, et al. 2022. Symptom prevalence, duration, and risk of
hospital admission in individuals infected with SARS-CoV-2 dur-
ing periods of omicron and delta variant dominance: a prospect-
ive observational study from the ZOE COVID study. Lancet. 399:
1618-1624.

Ulloa AC, Buchan SA, Daneman N, Brown KA. 2022. Estimates of
SARS-CoV-2 omicron variant severity in Ontario, Canada. JAMA.
327:1286-1288.

lacobucci G. 2022. Covid-19: unravelling the conundrum of
Omicron and deaths. BMJ. 376:0254.

Faust]S, et al. 2022. Excess mortality in massachusetts during the
delta and Omicron waves of COVID-19. JAMA. 328:74-76.

Sigal A, Milo R, Jassat W. 2022. Estimating disease severity of
Omicron and Delta SARS-CoV-2 infections. Nat Rev Immunol. 22:
267-269.

Saad-Roy CM, et al. 2020. Immune life history, vaccination, and
the dynamics of SARS-CoV-2 over the next 5 years. Science. 370:
811-818.

Gallagher ME, et al. 2021. Indirect benefits are a crucial consider-
ation when evaluating SARS-CoV-2 vaccine candidates. Nat Med.
27:4-5.

Park SW, Cornforth DM, Dushoff ], WeitzJS. 2020. The time scale
of asymptomatic transmission affects estimates of epidemic po-
tential in the COVID-19 outbreak. Epidemics. 31:100392.

Harris JD, Park SW, Dushoff ], WeitzJS. 2023. How time-scale dif-
ferences in asymptomatic and symptomatic transmission shape
SARS-CoV-2 outbreak dynamics. Epidemics. 41:100664.

Moore S, Hill EM, Dyson L, Tildesley MJ, Keeling MJ. 2021.
Modelling optimal vaccination strategy for SARS-CoV-2 in the
UK. PLoS Comput Biol. 17:1008849.

Weitz]JS, Park SW, Eksin C, Dushoff]. 2020. Awareness-driven be-
havior changes can shift the shape of epidemics away from
peaks and toward plateaus, shoulders, and oscillations. Proc
Natl Acad Sci USA. 117:32764-32771.

Kissler SM, Tedijanto C, Goldstein E, Grad YH, Lipsitch M. 2020.
Projecting the transmission dynamics of SARS-CoV-2 through
the postpandemic period. Science. 368:860-868.

Lavine]JS, Bjornstad ON, Antia R. 2021. Immunological character-
istics govern the transition of COVID-19 to endemicity. Science.
371:741-745.


https://github.com/parksw3/asymptomaticvariant

10

| PNAS Nexus, 2023, Vol. 2, No. 4

44

45

46

47

48

49

50

51

52

Gandon S, Mackinnon MJ, Nee S, Read AF. 2001. Imperfect vac-
cines and the evolution of pathogen virulence. Nature. 414:
751-756.

Bavel JJV, et al. 2020. Using social and behavioural science to sup-
port COVID-19 pandemic response. Nat Human Behav. 4:460-471.
Chande A, et al. 2020. Real-time, interactive website for
US-county-level COVID-19 event risk assessment. Nat Human
Behav. 4:1313-1319.

Sinclair AH, Hakimi S, Stanley ML, Adcock RA, Samanez-Larkin
GR. 2021. Pairing facts with imagined consequences improves
pandemic-related risk perception. Proc Natl Acad Sci USA. 118:
€2100970118.

Mina MJ, Andersen KG. 2021. COVID-19 testing: one size does not
fit all. Science. 371:126-127.

Gibson G, et al. 2022. Surveillance-to-diagnostic testing program
for asymptomatic SARS-CoV-2 infections on a large, urban cam-
pus in fall 2020. Epidemiology. 33:209-216.

Ranoa DRE, et al. 2022. Mitigation of SARS-CoV-2 transmission at
a large public university. Nat Commun. 13:3207.

Jones NR, et al. 2020. Two metres or one: what is the evidence for
physical distancing in COVID-19? BMJ. 370:m322.

Prather KA, Wang CC, Schooley RT. 2020. Reducing transmission
of SARS-CoV-2. Science. 368:1422-1424.

53

54

55

56

57

58

59

60

61

Howard J, et al. 2021. An evidence review of face masks against
COVID-19. Proc Natl Acad Sci USA. 118:2014564118.

Allen JG, Ibrahim AM. 2021. Indoor air changes and potential im-
plications for SARS-CoV-2 transmission. JAMA. 325:2112-2113.
Wang CC, et al. 2021. Airborne transmission of respiratory vi-
ruses. Science. 373:eabd9149.

Lopman BA, et al. 2021. A framework for monitoring population
immunity to SARS-CoV-2. Ann Epidemiol. 63:75-78.

Fox §J, et al. 2020. The impact of asymptomatic COVID-19 infec-
tions on future pandemic waves. MedRxiv. p. 2020-06.

Park SW, et al. 2020. Reconciling early-outbreak estimates of the
basic reproductive number and its uncertainty: framework and
applications to the novel coronavirus (SARS-CoV-2) outbreak. J
R Soc Interface. 17:20200144.

Smith P, Rodrigues L, Fine P. 1984. Assessment of the protective
efficacy of vaccines against common diseases using case-control
and cohort studies. Int ] Epidemiol. 13:87-93.

BucknerJH, Chowell G, Springborn MR. 2021. Dynamic prioritiza-
tion of COVID-19 vaccines when social distancing is limited for
essential workers. Proc Natl Acad Sci USA. 118:€2025786118.
Bubar KM, et al. 2021. Model-informed COVID-19 vaccine priori-
tization strategies by age and serostatus. Science. 371:916-921.



	Intermediate levels of asymptomatic transmission can lead to the highest epidemic fatalities
	Introduction
	Results and discussion
	Materials and methods
	Epidemic models with asymptomatic infection and transmission in the absence of immunity
	Epidemic models with asymptomatic infection and transmission in the presence of immunity

	Acknowledgments
	Supplementary material
	Authors’ contribution
	Data availability
	References




