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Abstract

This study quantifies the impact of the distributions of the latent and infectious periods on epidemic
dynamics. Using an individual-based modeling framework that incorporates transmission in social
settings such as households, schools, and workplaces, we compare two model parameterizations
of the latent and infectious periods: one based on the analysis of viral-load data (VLP) and a
traditional one based on geometric distributions (GP). We analyze these through the lens of a
“push-pull” mechanism, where competition for susceptible individuals favors earlier transmission
events while longer infectiousness increases the opportunity for a transmission event to take
place. Our findings show a clear decreasing trend in the latent period, infectious period, and
generation time as the reproduction number increases, with more pronounced differences under
GP compared to VLP. Moreover, timing and magnitude of the epidemic peak was highly
dependent on the parameterization, varying more than 50% between the models. Our findings
highlight that the average value and the shapes of the latent and infectious period distributions
are fundamental drivers of epidemic spread. By providing insights into how these distributions
shape epidemic spread, we provide a framework to refine model projections through data-driven
parameterization.



Introduction

Understanding the mechanisms driving the transmission of respiratory pathogens is critical for
knowing how to prepare and respond to epidemic outbreaks'. Two key parameters that provide
insights into how quickly an epidemic spreads and how many people will be affected are the
reproduction number (the average number of secondary infections from a typical infector, a
measure of transmissibility) and the generation time (the time interval between a primary infection
and a secondary infection)?3. The generation time is highly dependent on the transmissibility of
the pathogen*. For example, higher transmissibility increases “competition” between infectious
individuals to infect the susceptible individuals within their same social network, thus shortening
the generation time*°. This effect is stronger in small clusters, such as households, where the
pool of susceptible individuals is limited and unchanged.

The generation time is intrinsically connected with biological mechanisms and social behaviors*5.
Biology dictates when an individual is able to transmit the pathogen®2. In the first phase after
infection, a pathogen starts to replicate within a host before transmission is possible (i.e., latent
period); during a second phase, the pathogen reaches a stage that allows for between-host
transmission (i.e., infectious period); during the last phase, the host clears the virus, thus they are
no longer infectious. During the infectious period, although biology determines the transmissibility
potential of a pathogen, transmission events need to take place as hosts need contact with
(susceptible) hosts for transmission to take place.

Traditionally, modelers have relied on the knowledge of the latent and infectious periods to
parameterize mechanistic models of pathogen transmission (e.g., SLIR — susceptible, latent,
infectious, removed models)®'°. However, the distributions of the latent and infectious periods are
difficult to estimate from field studies as the exact time of infection between pairs is often hard to
identify’". Thus, a common approach is to calibrate them to match the distribution of the
generation time estimated from contact tracing and/or household studies'>'3. An alternative to
field studies, viral load data has increasingly been used to estimate the generation time as it
provides insights into when an individual starts to be infectious (latent period) and for how long
(infectious period)'#-17,

In this study, we aim to quantify the impact of the distributions of the latent and infectious periods
on epidemic dynamics. To this aim, we developed an agent-based model that simulates SARS-
CoV-2 transmission in the US population according to two different parameterizations of the latent
and infectious periods: one as traditionally done assuming geometrically distributed periods and
another one based on viral load data.

Methods
Modeling framework

In this study, we use the VIBES (Viral Dynamics Individual-Based Epidemic Simulator)
framework'” to simulate SARS-CoV-2 transmission through a synthetic population of agents that
interact in four settings: household, school, workplace, and the community. We used a synthetic
population taken from our previous work that is statistically representative of the Indiana, USA,
population'. Each agent in the synthetic population is assigned to a household and the general
community while their workplace and/or school (if applicable) is based on age-dependent
employment and school enrollment rates. The size of each household, school, and workplace
matches those reported in the census data. More detail on the synthetic population can be found
in our previous study'®.

At each time step of the simulation, individuals are classified as: susceptible, latent, infectious
pre-symptomatic, infectious symptomatic, infectious asymptomatic and removed. Susceptible
individuals can acquire an infection from infectious individuals within their same social cluster.
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Figure 1. Conceptual representation of the model, transmission process, competition effect, and model
parameterizations.

The probability p;_,;(t) that individual j infects individual i that is in contact with j in setting [ €
{houehold, workplace, school, community} at time t is defined as:
_ B
pj-i(0) = - 5=+ gj ;- w(t —7) - At,
J,l

where

e ¢ is the overall transmission rate;

e B, is the layer-specific relative transmission risk'3;

e N;,is the number of individuals in the given cluster of layer [ where individual j belongs to;
thus homogeneous mixing is assumed within each setting;

o u;(t —1;) is the normalized infectiousness of individual i at step ¢ — ;, where 1; represents
the time of infection of individual j;

e g; is a gamma-distributed random variable determining the overall infectiousness of
individual j, with shape 0.235 and scale 4.26 to obtain the distribution of the number of
secondary infections reported in Sun et al'®.

e ; is the infectiousness of symptomatic individuals relative to asymptomatic individuals;
namely, 1; = 1if i is asymptomatic and y; = 1 if i is symptomatic.

e At = 0.25 days is the duration of a single time step in the simulation.

Details are included in the Supplementary Material, and a full description of the VIBES framework
can be found in Ventura et al."’.



Model parameterizations
Viral load driven parameterization

For the viral load driven parameterization (VLP), we use VIBES in its original implementation'”.
We define infectiousness as the per contact probability of transmission where an individual is
considered infectious if their viral load is above a given threshold (i.e., 10°° copies/ml)®’ and non-
infectious otherwise. Here, we considered the infectiousness and viral load to be logarithmically
proportional during the infectious period and estimated the normalized infectiousness using the
following equation:

'LL(t) — { Ai : log(Vi(t))' te [ti,l;ti,Z]l
' 0, otherwise,

where

e t;, is the time when the viral load for individual i crosses the infectiousness threshold and
they become infectious;

e t;, is the time when the viral load for individual i falls below the infectiousness threshold and
they become non-infectious;

e and A4; is a normalizing factor, defined as 4; = 1/2?;2&_1 log V;(¢t) .

Geometric parameterization

For the geometric parameterization (GP), the epidemiological statuses, synthetic population and
symptom-development probabilities are the same as those used in the VLP parameterization.
However, instead of using viral dynamics to determine infectiousness, we use a simpler algorithm
that assumes memory-free (Markovian) transitions.

For each infected individual, we sampled the length of the latent period from a geometric
distribution with success probability n, resulting in an average latent period of At + 1/7n, where a
simulation step length At is added due to the model constraint of preventing the individual to
become infectious on the same time step of infection. Similarly, we sampled the length of the
infectious period from a geometric distribution with success probability y, resulting in an average
duration of At + 1/y . We allowed the overall infectiousness to be determined by the length of the
infectious period by setting g; = 1 for all individuals i.

Once the durations of the latent and infectious periods are determined, the infectiousness profile
for individual i is defined as:

1, Telr,T.)
. T = i i
w (™) { 0, otherwise,

where T is the time since infection, T;; is the time from infection to the start of the infectious period
(i.e., latent period), and T}, is the time from infection to the end of the infectious period. Essentially,

in the traditional formulation of the SLIR model, the longer an individual is infectious and the higher
their infectiousness is?°.

Model calibration

When using VLP, the latent and infectious period, and thus the generation time, emerge naturally
as a feature of the model'”. For GP, we need to set the values of latent and infectious period to
obtain a set generation time. To compare the two parameterizations, we set the average latent
and infectious period for GP at 4 days and 3.75 days, respectively. This leads to a realized
generation time of 5.7 days for R = 2.5, which exactly matches the value of the realized generation
time emerging from VLP for the same reproduction number.



Time-to-event metrics

The intrinsic latent period, infectious period, and generation time refer to the theoretical time
interval that would be observed in an infinitely large, susceptible population*2?'22, The realized
periods refer to those that are observed while an epidemic unfolds and are thus affected by factors
such as depletion of susceptible individuals in different social settings and pathogen
transmissibility. VIBES tracks the entire transmission chain of infection, allowing us to estimate
realized time-to-event metrics directly. Specifically, for any infector-infectee pair (B|A, where B is
the infectee and A is the infector), we estimate the realized latent period, T;,.(B|A), the realized
infectious period,T},-(B|A), and the realized generation time, T;,.(B|A), as:

¢ Realized latent period: Ty, (B|A) = ts1 — tap
e Realized infectious period: T;,.(B|A) =t — tas
e Realized generation time: T, (B|A) = Ty, (B|A) + T (B|A) = tgo — tao

Where,

e t;, is the time of infection of individual i;
e t;, is the time when individual i becomes infectious.

We compute mean time-to-event metrics by averaging across all infector—infectee pairs observed
during a simulation. In addition to the three time-to-event metrics, we estimate the: (i) infection
attack rate (i.e., the proportion of the population that has been infected by the end of an epidemic);
(ii) peak day; and (iii) peak incidence of new daily infections. To compare the results of these
metrics between the two parameterizations, we estimate the mean reduction with respect to VLP
as:

XGP - XVLP .

Y = 100

XVLP
where Y is the percent reduction of the estimated metric (i.e., infection attack rate, peak day, and
peak incidence of infection) between the two parameterizations relative to VLP, X;p is the estimate
of the metric using GP, and Xy, is the estimate of the metric using VLP.

Results
Realized latent period

The intrinsic latent period is entirely driven by biological mechanisms. Instead, the realized latent
period, depends on the chance for infectors to infect individuals, which indeed depend on their
social contacts and the co-presence of other infectors and susceptible individuals. Potential
transmission events that take place early are more likely to be successful (as the pool of
susceptible individuals is larger). This mechanism has the effect of shortening the realized latent
period. In fact, for both model parameterizations (i.e., VLP and GP), we found as the competition
effect increases with R, the realized latent period shortens (Fig. 2A). In fact, if we fix R, we observe
that the number of secondary infections is higher for infectors with shorter latent periods (Fig. 2
B,C). However, the decrease in the length of the realized latent period is much more marked for
GP than VLP: from 3.73 (95%CI: 3.68-3.81) days at R = 1.2 to 1.58 (95%CI: 1.53-1.63) days at
R = 6 for GP vs. from 3.22 (95%CI: 3.21-3.23) days at R = 1.2 to 3.12 (95%CI: 3.11-3.13) days
at R = 6 for VLP (Fig. 2A). For low values of R (e.g., R = 1.2), the competition effect is mild, and
infectors infect about the same number of susceptible individuals regardless of their latent period
for both model parameterizations (Fig. 2 B,C).
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Figure 2. A. Average realized latent period of the infector by value of the reproduction number during the
exponential phase of an epidemic. Lines represent mean and shaded area represents 95% Cl. B. Average number
of secondary infections by value of the latent period of the infector estimated by VIBES. Lines represent mean and
shaded area represents 95% CI. C. As B but for the traditional model.

Realized infectious period

The realized infectious period is driven by both biological and social factors. Similar to the latent
period, competition for susceptible individuals has the effect of shortening the realized infectious
period for both model parameterizations (Fig. 3A). From a quantitative perspective, the decrease
in the length of the realized infectious period is larger for GP than VLP: from 3.20 (95%CI: 3.16-
3.24)days atR = 1.210 1.30 (95%ClI: 1.27-1.34) days at R = 6 for GP vs. from 2.91 (95%ClI: 2.88-
2.93) days at R =1.2 to 1.85 (95%Cl: 1.81-1.89) days at R = 6 for VLP (Fig. 3A). Such a
difference is not as marked as the one we observed for the latent period. This is because, for the
realized infectious period, there is an interplay between the shortening effect (potential
transmission events that take place early are more likely to be successful) and the fact that the
longer the infectious period of an infector, the more chances to infect. Therefore, the first
mechanism pulls towards a shorter realized infectious period, while the second mechanism pulls
towards a longer one. When we look at the average number of secondary infections for varying
lengths of the realized infectious period, we can see this push-pull effect (Fig. 3B,C). For VLP, the
result is a mix of these two mechanisms for any R (Fig. 3B); although, secondary infections were
consistently highest for individuals with an infectious period of 3 days. For GP, we see a mix of
the two effects but only for relatively high values of R (e.g., R = 2.5 or higher), while for low values
(e.g., R = 1.2), the mechanism (ii) appears to dominate (Fig. 3C).
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Figure 3. A. Average realized infectious period of the infector by value of the reproduction number during the
exponential phase of an epidemic. Lines represent mean and shaded area represents 95% Cl. B. Average number
of secondary infections by value of the realized infectious period of the infector estimated by VIBES. Lines
represent mean and shaded area represents 95% CI. C. As B but for the traditional model.



Realized generation time

The realized generation time is a convolution of the realized latent and realized infectious periods.
Therefore, it follows the same general decreasing trend as transmissibility increases (Fig. 4A).
Note that the curves for the two model parameterizations intersect at R = 2.5 because the
generation times were fixed to be identical at this value as part of the calibration process. Similar
to the previous metrics, the decline of the realized generation time is more marked for GP than
VLP: from 6.93 (95%CI: 6.86-7.05) days at R = 1.2 to 2.88 (95%CI: 2.80-2.96) days at R = 6 for
GP vs. from 6.12 (95%CI: 6.10-6.16) days at R = 1.2 to 4.97 (95%CI: 4.92-5.02) days at R = 6
for VLP.

Regarding the distribution of the generation time (rather than its average value), for the VLP, we
observe an initial phase where infectors are not able to transmit as a minimum length of the latent
period appears of about 2 days to be intrinsic to the data used to calibrate the model (Fig. 4B).
On the other hand, for GP, the distribution of the generation time follows a gamma distribution
(Fig. 4C), allowing for shorter latent periods where shorter realized latent periods are more likely
to be observed (Fig. 2C).
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estimated using the traditional model.

Impact on epidemic spread

Mathematical epidemiology theory shows that the infection attack rate depends on the
reproduction number, while it does not depend on the generation time?°. Our results confirm that
for both model parameterizations, once R is fixed, the infection attack rate is the same (Fig. 5A).
In terms of peak timing, however, we estimate remarkable differences between the two model
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Figure 5. A. Relative difference in the infection attack rate estimated by the traditional model with respect to VIBES.
Line represents the mean and shaded area represents the standard error. B. As A but the relative difference in the
peak timing of infections. C. As A but for the relative difference in the peak incidence of infections.



parameterizations (Fig. 5B). This difference spans from the epidemic spreading 13% (SE: 16%)
slower for GP at R = 1.2 to 42% (SE: 2%) faster for GP at R = 6 as compared to VLP (Fig. 5B).
Even larger differences are estimated for the peak daily incidence, which span from the epidemic
spreading 19% (SE: 7%) lower for GP at R = 1.2 to 55% (SE: 2%) higher for GP at R = 6 as
compared to VLP (Fig. 5C).

Discussion

In this study, we quantified the impact of the infectiousness profile distribution, which in turn
determines the shape of the latent and infectious period distributions, on epidemic dynamics. Our
findings highlight that the shape of these distributions is a fundamental driver of epidemic spread.
The realized metrics estimated in this work (i.e., latent period, infectious period, and generation
time) are driven by a distinct “push and pull” effect between the biological potential of the pathogen
and the social structure of the population. While biology dictates the window during which an
individual is capable of transmission, social factors, specifically the availability of susceptible
contacts, determine when transmission actually occurs. As transmissibility increases, competition
for susceptible individuals forces transmission events to occur earlier in the infector's window,
especially in small clusters, such as households. Consequently, an individual may remain
biologically infectious for an extended period, but the diminishing pool of susceptible contacts
effectively “pulls” the realized generation time toward the time of infection. At the same time, a
longer duration of infectiousness would provide the infector more chances to infect susceptible
individuals, thus “pushing” the realized generation time towards longer durations.

While this competition effect is a fundamental mechanism present in both parameterizations, we
found that its magnitude varies significantly depending on the shape of the latent and infectious
period distributions. From a quantitative perspective, the traditional geometric parameterization
(GP) shows a much more pronounced reduction in realized latent period, infectious period, and
generation time as the reproduction number increases compared to the viral-load-driven
parameterization (VLP). The sharp decline of the generation time for the GP parameterization
appears to be larger than the evidence reported in empirical epidemiological studies. On the other
hand, the VLP parameterization, which captures a biological lower bound for the latent period,
yields results that are more consistent with these studies?®. This suggests that when using
traditional geometric distributions to define disease states, the latent and infectious periods may
need to be recalibrated for different values of R to ensure the realized generation time remains
consistent with the observed data. This is underscored by the fact that at the specific reproduction
number (R = 2.5) where we set the realized generation time to match between the two model
parameterizations, the choice of parameterization had only a moderate effect on epidemic
dynamics, confirming that the proposed recalibration effectively bridges the gap between these
two approaches.

Our results confirm a key result of mathematical epidemiology: the final infection attack rate is
invariant to the latent and infectious periods once R is fixed. However, we estimated remarkable
differences in peak timing and peak daily incidence between the two parameterizations.
Depending on the value of the reproduction number, the choice of the distributions can lead to
projections of an epidemic spreading remarkably faster or slower, with peak incidences that vary
by more than 50% between models. These differences have profound implications for public
health preparedness and response, as the epidemic timing dictates the timeline of deployment of
interventions, while the peak incidence is a major determinant of the stress for the healthcare
system.

This study is subject to several limitations. First, the viral load data used for the VLP
parameterization serves as a proxy for infectiousness rather than a direct measurement.
Consequently, the estimated distributions derived from this approach should not be interpreted as



“ground truth”. However, the distributions of key time-to-event metrics, including the generation
time, serial interval, and incubation period, resulting from the VLP parameterization were validated
in our previous work'’, suggesting that this approach provides good approximations of the real
distributions. Second, our analysis focuses on the ancestral lineage of SARS-CoV-2 and uses the
population structure of Indiana, USA, as a primary case study. While our specific quantitative
estimates may not be directly generalizable to other respiratory pathogens or geographical
settings, the fundamental effects identified here, such as the competition for susceptible
individuals, the “push-pull” dynamics between biology and social clusters, and the dependence of
the epidemic spread on the distribution of the generation time, represent general epidemiological
phenomena. Third, the model was neither calibrated nor validated against empirical incidence
data. The transmission dynamics during the early phase of the COVID-19 pandemic, the period
during which the viral load data used here was collected, were significantly shaped by the
deployment of non-pharmaceutical interventions. Comparing model outcomes to observed
incidence under these conditions would be challenging. However, a retrospective explanation of
the dynamics of a specific outbreak is beyond the scope of this work.

It is important to emphasize that the aim of this work is not to identify the best method for
parameterizing the distributions of the latent and infectious periods, but rather to quantify how
different parameterization choices fundamentally impact epidemic dynamics. To this end, we
compared a viral-load-driven parameterization (VLP) with a commonly adopted approach of using
geometric distributions (GP). While these two methods served as our primary focus, other
approaches could be utilized, ranging from the implementation of different mathematical
distributions (e.g., gamma distributions) to the use of empirical estimates obtained directly from
the primary analysis of epidemiological field data (e.g., from contact tracing or household studies).
However, it must be stressed that just as viral-load-informed methods are subject to limitations,
epidemiological field studies also possess inherent limitations such as recall bias, difficulty in
identifying the exact date of infection between pairs, limited sample size, and the fact that such
studies often consider only specific settings (e.g., households)?.

In conclusion, this work shows that the mathematical distributions of latent and infectious periods
are major drivers of epidemic dynamics. By providing insights into how these distributions shape
epidemic spread, we provide a framework to refine model projections through data-driven
parameterization or parameter recalibration.
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