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ABSTRACT

Viral load data provide critical insights into host-pathogen interactions and guide clinical and public health decisions. Because
frequent testing is often infeasible, viral dynamics models are used to reconstruct infection trajectories, but optimal sampling
strategies remain unclear. We compared two approaches for collecting SARS-CoV-2 viral load data: cross-sectional sampling
(one measurement at symptom onset) and longitudinal sampling (every 3 days after onset) under constraints on the total
number of tests and tests per individual. A viral dynamics model was first fitted to data from the National Basketball Asso-
ciation cohort, and the estimated parameters were treated as ground truth. Synthetic data were then generated under each
sampling design, refitted, and evaluated for accuracy in estimating viral load over 30 days, peak viral load, peak time, and viral
shedding duration. Longitudinal sampling consistently yielded lower root mean squared error and narrower one standard
deviation interval than cross-sectional sampling. Peak timing and viral shedding duration were unbiased under both designs,
but cross-sectional designs underestimated peak viral load and produced wider one standard deviation intervals. Coverage of
viral load estimates was markedly higher for longitudinal designs (> 0.90) compared with cross-sectional ones (~0.10). Accuracy
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and coverage exceeded 0.96 even with just two tests per individual, with little additional benefit from more tests. In conclusion,
longitudinal sampling—despite limited data—substantially improves accuracy and precision of viral load estimation compared

with cross-sectional designs. These findings highlight efficient strategies for study design and resource allocation in infectious

disease research.

1 | Introduction

The coronavirus disease 2019 (COVID-19) pandemic was an
unprecedented global health crisis caused by the highly conta-
gious respiratory virus, severe acute respiratory syndrome
coronavirus 2 (SARS-CoV-2). Though a relatively short period
in human history, the COVID-19 pandemic has fundamentally
reshaped public health policies [1-3], transformed epidemiolo-
gical practices [4-6], and driven rapid advancements in vaccine
and drug development [7-9]. A key cornerstone in facilitating
such significant progress is the collection of vast amounts of
epidemiological and clinical data. Among them, viral load data
has demonstrated its versatile potential in providing valuable
insights into host-pathogen dynamics [10, 11], as well as in-
forming strategies for disease control and management [12, 13].

Viral RNA load is typically obtained from reverse transcription-
quantitative polymerase chain reaction (RT-qPCR) tests based on
its inverse relationship with the cycle threshold (C;) value [14],
which is the number of amplification cycles required for the viral
amplicon signals to become detectable. Depending on the pur-
pose of data collection, different study designs are used, resulting
in viral load data that generally fall into one of two categories:
cross-sectional or longitudinal. Cross-sectional data comprises
viral load measurements collected from individuals at only a
single time point. For example, samples can be taken from in-
dividuals who are seeking a clinical diagnosis, are identified as
close contacts in contact tracing, or are involved in screening
events as part of community surveillance. In other words, cross-
sectional data are typically collected during the process of iden-
tifying infected individuals, which is useful for monitoring and
predicting the epidemiological situation [15, 16]. In contrast,
longitudinal data involve repeated viral load measurements col-
lected from the same individuals at multiple time points. For
example, longitudinal viral load data have been collected as a
prognostic biomarker in clinical practice [17, 18].

Due to the dynamic nature of host-pathogen interactions during
acute infection, viral load reflects the progression of infection over
time. For viruses causing acute infection, the viral load rises ex-
ponentially during the initial phase, hits a peak, and gradually
declines. Mathematical models have been used to capture this viral
load trajectory over time by incorporating key biological processes of
infection within a host, such as viral replication and elimination due
to immune response [12, 13, 18-25]. However, even when viral
dynamics models are applied appropriately, their accuracy depends
on the underlying dataset. Optimal sampling strategies to improve
inference remain inadequately defined. Several previous studies
have shown that the viral dynamics estimation from longitudinal
data enhances accuracy [26, 27]. Generally, increasing the fre-
quency of viral load measurements per individual improves the
precision of viral dynamics estimation. However, in resource-
constrained settings where the total number of collectible samples is
fixed, quantitative comparisons of estimation accuracy between

cross-sectional and longitudinal study designs remain scarce.
Therefore, it is crucial to identify the optimal balance between the
number of individuals sampled and the number of measurements
per individual to accurately estimate viral dynamics within a fixed
resource budget. In this case, what is the minimum number of
sampling points required? Would a cross-sectional study with a
large study population yield results comparable to those of a lon-
gitudinal study with a smaller cohort? In a longitudinal study
design, how many time points per individual are required?

In light of the above, the aims of this study are to: (1) compare
the accuracy of cross-sectional and longitudinal viral load data
in recapitulating the viral load dynamics, and (2) develop an
optimal data collection protocol for different study designs.
Addressing these research gaps is crucial to improving the
design of future studies, balancing the immediate needs of
public health systems with long-term scientific understanding,
thus enhancing our overall response to future emerging path-
ogens beyond SARS-CoV-2.

2 | Methods

2.1 | Overview of the Approach

We conducted a series of simulations to assess the accuracy of
SARS-CoV-2 viral dynamics estimation under cross-sectional
and longitudinal study designs. First, to capture realistic viral
dynamics, we fitted a mathematical model to SARS-CoV-2 viral
load data collected from National Basketball Association (NBA)
players, staff, and vendors [26-28]. Second, we generated syn-
thetic viral load data using the estimated parameter distribu-
tions and following different study designs. We simulated two
study designs: longitudinal (measurements every 3 days from
symptom onset) and cross-sectional (a single measurement at
symptom onset). Lastly, we estimated the viral trajectory from
the synthetic datasets and assessed the impact of study designs
on the accuracy of viral dynamics estimates.

2.2 | Viral Load Dataset

We utilized longitudinal SARS-CoV-2 viral load data collected
from NBA players, staff, and vendors through anterior nares
and oropharyngeal swabs between July 2020 and January 2022.
This dataset is publicly available anonymized data and has been
analyzed in previous studies [24, 27-30]. Most individuals were
required to undergo daily testing before vaccination. After
vaccination, the frequency of testing decreased, but subjects
were still closely monitored. It is recognized as a valuable
resource for inferring viral load dynamics, especially in the
early phase of infection, due to the regular and widespread
screening tests conducted. C; values were measured twice for
each measurement event using RT-qPCR tests (Roche cobas
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target 1 assay) performed on combined swabs from the anterior
nares and oropharynx. In our analyzes, we used the average of
the two measurements. To convert C; values to viral load, we
used the equation [29]: C; = —3.6097 X log, (V) + 49.5932,
where V is the viral RNA load (copies/mL). The detection limit
of this dataset was C; = 40 (equivalent to 102%% copies/mL), and
the day of symptom onset was recorded for all symptomatic
cases. In total, 2,678 individuals were tested, each undergoing 1
to 76 tests, with an average of 10 tests per person. Testing
started up to 14 days before the first positive result, averaging
3 days prior to detection. To minimize the impact of variant
differences, we focused on individuals infected with the Delta
variant. Of the 327 Delta variant cases, 118 individuals with
fewer than three positive (above detection limit) results were
excluded, resulting in 209 individuals included in the analysis.

2.3 | SARS-CoV-2 Viral Dynamics Model

We investigated the dynamics of SARSCoV-2 viral load
throughout infection using a target-cell limited model that does
not reflect the effects of the immune system, as in our previous
studies [12, 13, 20, 21, 25]. The system of ordinary differential
equations is as follows:

dT(t)

0 = —grov o, )
dg”-ﬁTan«o-&a) @
dV(t)

o =pI(t) — cV(b). 3)

The variables T (t), I(t), and V (t) refer to the number of sus-
ceptible (uninfected) target cells, the number of virus-producing
infected cells, and the number of viral particles (copies/mL) at
time ¢ since infection, respectively. The parameters 8, §, p, and
¢ determine the rates of virus infection, death of infected cells,
viral production, and viral clearance, respectively. Since ¢ is

typically much larger than § in vivo, we applied a quasi-steady
v(:)

state assumption, where we can take, approximately, =0,
yielding the following simplified model:
df (¢
O~ v, @
av (t
O v -sv . (s)

dt

Here, the variable f(t) = TE(?)

the proportion of target cells remaining at time ¢, where 7'(0) is
the initial number of uninfected target cells (thus f(0) = 1).
The parameter y represents the maximum viral replication rate
and is given by y = pc—ﬁT(O). The initial condition for viral load
was set as V (0) = 1072 (copies/ml) [12, 13].

is introduced, which is defined as

2.4 | Model Fitting and Statistical Inference

We employed a nonlinear mixed-effects modeling (NLMEM)
approach, which accounts for both a fixed effect (the population

effect; shared across individuals) and random effects (capturing
individual variability). This amounts to a partial pooling of the
data from each individual, enabling parameter estimation even
with sparse data. The parameter set for an individual i, 6;, can
be expressed as a product of 6 (a fixed effect) and e” (a random
effect), where 1, ~ N(0, Q) and Q is the variance-covariance
matrix of random effects. We used lognormal distributions as
prior distributions for the parameters to guarantee positive va-
lued estimates. In the NBA dataset, recorded times were spec-
ified relative to detection, rather than relative to infection. We
therefore estimated the time from infection to detection, T,
along with the other model parameters. A right-truncated
normal distribution was used in the likelihood function to
account for left-censoring of the viral load data (i.e., when the
viral load is under the detection limit) [31]. Specifically, cen-
sored data values were iteratively sampled along with individual
random effects, allowing the likelihood to appropriately reflect
the uncertainty introduced by censored data. Fixed-effect and
random-effect parameters were estimated using the stochastic
approximation expectation-maximization (SAEM) algorithm
and empirical Bayes method, respectively, as implemented in
MONOLIX 2023R1 [32] (https://www.lixoft.com) and the R
package lixoftConnectors (to run MONOLIX on the statistical
software R [https://www.r-project.org/]). To avoid convergence
to a local maximum in the likelihood surface, we varied the
initial parameter values multiple times and confirmed the
robustness of the parameter estimates.

2.5 | Generation of Synthetic Viral Load Data
Under Different Study Designs

After we obtained ground truth parameter estimates, 8,0, Yrues
and &y, and ground truth viral dynamics, V.. (t), we generated
synthetic viral load data that preserved the characteristics of the
original NBA cohort while reflecting different study designs.
The viral load of a virtual individual k at day ¢ since infection
was generated by running the model with a parameter set
(By> V> k) randomly sampled from the estimated parameter
distributions. We then added measurement error, g(t), to
obtain the measured viral load of individual k at day t since
infection, denoted as Vi (t). The value of g (t) was randomly
sampled from a normal distribution N (0, 02), where o was
estimated by fitting a normal distribution to the residuals in the
original fitting process. The data were generated for n in-
dividuals (i.e., k € {1, 2, 3, ..., n}). Similarly to the original study
of the NBA cohort, we set the detection limit to be 10*°7¢
copies/mL (C, = 40).

The synthetic dataset was then reduced appropriately to reflect
the two different study designs (cross-sectional and longitudi-
nal). For the cross-sectional study design, we assumed that viral
load data are collected only at symptom onset. For the longi-
tudinal study design, we assumed that viral load data are col-
lected at multiple time points with defined intervals from
symptom onset (with the first test at onset). To determine the
timing of symptom onset, we simulated the incubation period
(w)—defined as the time from infection to symptom onset—
assuming it follows a gamma distribution independent of the
viral load trajectory: Gamma (4.09, 1.08) (mean: 4.43 days) [33].
Since the relationship between viral dynamics and symptom
onset has not been clearly defined, we assumed an incubation
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period distribution in general cases rather than an estimated
distribution specific to the NBA cohort [34-36]. We considered
three study design parameters: total number of tests (m), the
number of tests per person (1), and the interval between tests (s;
only for longitudinal study design). For the cross-sectional
study design, u = 1 by definition. When we analyzed different
longitudinal study designs, we considered m € {200, 500, 1000},
s = 3, and u € {2,3,4,5,8}. To compare cross-sectional and lon-
gitudinal study designs fairly, we considered fixed values of the
total number of tests performed, m = n X u (where n is the
total number of individuals tested); in other words, when we
considered a cross-sectional design, we used a larger value of n
than when we considered the analogous longitudinal study
design. We performed 100 simulations for each combination of
study design parameters.

2.6 | Assessing the Accuracy of Viral Dynamics
Estimation Under Different Study Designs

The accuracy of estimation was assessed by comparing the
inferred viral dynamics using the population parameter esti-
mates, B, Yirer a0d Girye, Obtained from the synthetic viral load
data against the ground truth viral dynamics, V. (t) (i.e., the
viral dynamics according to the parameters estimated from the
NBA cohort dataset). Accuracy was assessed by comparing four
primary outcome metrics in each case: (1) root mean squared
error (RMSE) of the estimated daily viral load over 30 days since
infection (here we used the estimated viral load, thus we can
compare the viral loads even when they are below the detection
limit), (2) difference in peak viral load, (3) difference in the
timing of peak viral load, and (4) difference in viral shedding
duration (period when the viral load remains detectable)
(Figure 1). The difference is evaluated by the mean and one
standard deviation interval. In addition to considering viral
dynamics based on the mean parameter estimates, we com-
puted the coverage score at specific time points; namely, the

proportion of simulation runs (out of 100 repetitions) for which
the 95% prediction interval (PI) of the viral load estimated from
the synthetic dataset includes the ground truth estimates,
Virue (1), from the mean population parameters at that particular
time point. To summarize performance across different infec-
tion stages, we averaged these time-point specific coverage
scores within three distinct time phases: before the peak
(0-2 days after infection), around the peak (2-8 days after
infection), and after the peak (8-15 days after infection). The
detailed calculation formula for a single study design with 100
replications is as follows.

1. Mean RMSE of the estimated daily viral load over 30 days
since infection:

Mean RMSE = 105 4% (55 520G () — Vi),
2. Mean and one standard deviation interval for peak viral
load, timing of peak viral load, and viral shedding

duration:

[x — sd,x + sd], where X = ﬁ S0 Xy, sd = \/ﬁ S0 (x; — X)>
and x is peak viral load, timing of peak viral load, or viral

shedding duration.
3. Coverage score (C(¢)):

C(t) = 755 ity TLVic (1) < Vi () < UVi (1)), for t€{before the
peak, around the peak, after the peak}, where LV (t) and UV} (¢)
mean lower bound and upper bound of 95% PI for Vj (¢).

3 | Results

3.1 | Estimated Viral Load Trajectories From the
NBA Cohort Data and Synthetic Data

Figure 2 shows the viral load trajectory for the NBA cohort
using the estimated population parameters. The estimated
population parameter values are listed in Table 1. The peak

— Viral RNA load
Detection limit

108—| ,
(1) peak viral load
I
100— |
- I
£ I
3 |
a 10*— I
8 |
5 1
g 1
< 107 I (3) duration of viral shedding
> I
r I
© |
= I
> 10°— |
I
I
|
102 — I (2) timing of peak viral load
0 5 10
(infection)

FIGURE1 |

15 20 25 30

Days since infection

Characteristics of the viral load trajectory used for accuracy assessment. The accuracy of the viral dynamics estimation was

evaluated by comparing population estimates derived from the synthetic viral load data (under different study designs) to those obtained from the
NBA cohort, which served as the ground truth. Four characteristics of the viral load trajectory were compared: (1) viral load over 30 days, (2) peak
viral load, (3) timing of peak viral load, and (4) viral shedding duration. The dashed pink line represents the detection limit (1029 copies/mL).
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FIGURE 2 |

Population viral load trajectory estimated from the NBA cohort data. The solid green line represents the best fitted viral RNA load

(copies/mL) trajectory after the day of infection estimated from the NBA cohort. Three characteristics are shown: (1) peak viral load, (2) timing of

peak viral load, and (3) viral shedding duration. The shaded gray area indicates the 95% prediction interval (PI) computed by using 100 parameter

sets randomly sampled from the estimated distribution of the population parameters. The dashed pink line represents the detection limit (1026

copies/mL).

viral load, the timing of the peak, and the duration of viral
shedding were 10810 copies/mL, 2.75 days after infection, and
11.34 days, respectively, with the best fit parameters, which
were used as the ground truth for the subsequent analyzes.
Fitted viral load trajectories for a random set of individuals are
shown in Supporting Information Figure S1. The model fit
yielded an AIC of 5619. Convergence of all model parameters
was confirmed by examining the SAEM convergence profiles
(Supporting Information Figure S2). Parameter identifiability
(RSE, shrinkage, and parameter correlations) and robustness
(bootstrap analyzes) were assessed in Supporting Information
Table S1 and Supporting Information Table S2, respectively,
demonstrating stable and reliable estimation.

Next, we generated synthetic data by utilizing the distributions
of parameters estimated from the NBA dataset (see Methods for
details). Individual-level viral dynamics trajectories were sim-
ulated by randomly sampling parameters, and synthetic data
were then generated according to the study design. Based on the
simulated data, population-level parameters were re-estimated.
This process of data generation and parameter estimation was
repeated 100 times for each study design scenario. Specifically,
we performed simulations by fixing the total number of data
points at 200, 500, and 1000, while varying the number of test
measurements per individual to 1 (cross-sectional design), 2, 3,
4, 5 or 8 (longitudinal design). Focusing on the designs with
one, two, and three test measurements per individual, we
analyzed the distributions of 100 estimated population-level
viral dynamics trajectories (Figure 3). A key aspect of this setup
is that the total number of data points was held constant: for
instance, with 200 total data points, the cross-sectional design
would require 200 participants, whereas the longitudinal design
with two test measurements per person would require only 100
participants.

In the cross-sectional design, the estimated dynamics deviated
from the ground truth during both the early and late phases of
infection (Figure 3A). Although increasing the total number of
data points reduced the variability among estimated trajectories,
it did not substantially improve the accuracy relative to the
ground truth. Indeed, in scenarios with 200, 500, and 1000 total
data points, the RMSE showed minimal differences at 2.22, 2.33,
and 2.35, respectively (Figure 3A). In contrast, under the

longitudinal design, testing each individual twice allowed for
reasonably accurate estimation during the early phase of
infection, though estimates during the later phase remained
unstable (Figure 3B). With three tests per person, however, the
estimated trajectories closely aligned with the ground truth
throughout both phases (Figure 3C). Notably, in longitudinal
designs, increasing the total number of data points not only
reduced trajectory variability but also improved overall accu-
racy, as reflected in the RMSE values (Figure 3B,C). For the 200
data points, the RMSEs were 1.93 and 1.38 with two and three
measurements per person. But as the number of data points
increased to 500 and 1000, the RMSEs decreased to 1.50 and
0.68, and to 0.67, and 0.43, respectively. This suggests that the
improvement in estimation accuracy resulting from additional
total data points is more pronounced in longitudinal designs
compared to cross-sectional designs.

In addition, for the scenarios in which each individual was
tested four, five, or eight times, the overall results were largely
similar to those observed with three tests per individual
(Supporting Information Figure S3). Interestingly, the mean
RMSE increased instead when each individual was tested 8
times. This may be attributable to right censoring due to the
detection limit of viral load in the late phases of infection,
resulting in a loss of informative observations. In other words,
when the total number of data points is fixed, allocating too
many test measurements per individual may result in a reduced
number of participants, with the loss in population coverage
outweighing the benefits of increased data density per person.

3.2 | Comparison of Study Designs

To conduct a more detailed assessment of the viral dynamics
estimated under each study design, we evaluated three features
to quantitatively describe the viral dynamics: peak viral load,
timing of the peak, and viral shedding duration. For each
metric, the ground truth values were 10810 copies/mL, 2.75 days
after infection, and 11.34 days. Figure 4 illustrates the mean and
one standard deviation interval of the three metrics of the
accuracy of the estimation under different study designs (i.e.,
mean [mean — SD, mean + SD]). Under a cross-sectional study
design, the mean =+ standard deviation (i.e., mean + SD) of peak

Journal of Medical Virology, 2026

50f12



Estimated model parameters for SARS-CoV-2 delta variant from the NBA cohort data.

TABLE 1

Time from infection to

Death rate of infected

Rate constant for virus

Maximum rate constant for viral

detection

cells

infection

replication

Parameter®

Symbol
Unit

days
2.19 (0.087)

day

1.31 (0.051)

(copies/mL)" day™

day
10.73 (0.52)

0.0053 x 10°° (0.0013)

Fixed effect (population

parameter)®

0.33 (0.028) 0.1 (0.028)

2.37 (0.19)

0.42 (0.036)

Standard deviation of random

effect®

1.37 (0.035)

Standard deviation of the residual

error®

#Numbers in parentheses are the standard error.

bLognormal distributions were assumed.

“Normal distributions were assumed with mean 0.

viral load was 7.36 + 0.26, 7.26 + 0.17, and 7.27 + 0.13, showing
a tendency to be underestimated regardless of the number of
test points and the one standard deviation interval does not
include the ground truth value (Figure 4A). Under a longitu-
dinal study design, the estimated peak viral load is close to the
ground truth, and the one standard deviation interval includes
the ground truth. The differences with ground truth were under
0.2 for all data points for each estimated peak viral load mean
according to the number of tests per person. For the estimation
of the timing of the peak, the one standard deviation intervals
cover the ground truth regardless of the study designs
(Figure 4B). Interestingly, the cross-sectional study yielded wide
one standard deviation intervals of nearly 4, with a standard
deviation close to 2, resulting in less stability of estimation.
Whereas the longitudinal study showed more precision, with a
difference between the ground truth and the mean estimated
timing of peak viral load less than 1 and a standard deviation
below 2, even if the number of points per individual was as
small as two. An increase in the number of tests per individual
(with the same total number of tests) in the longitudinal study
had minimal impact on the estimation. Even when the total
data points was 200, the mean estimates differed by 0.66 or less
from the ground truth as the number of tests per person
increased as 2, 3, 4, 5, and 8: 2.09, 2.15, 2.36, 2.89, and 2.11.
Furthermore, as the total data points increased, these differ-
ences became smaller. Similar to the estimation of the timing to
the peak viral load, the one standard deviation interval for the
estimated viral shedding duration included the ground truth
across all study designs (Figure 4C). However, in both the cross-
sectional design and the longitudinal design with only two
measurements per individual, the one standard deviation
intervals were particularly wide at values close to 5 (i.e.,
approximately 2.5 standard deviation) for 200 and 500 total data
points, indicating lower estimation stability. This suggests that
at least three test measurements per individual are necessary to
reliably estimate the viral shedding duration. With three tests,
the mean+SD of the estimated viral shedding duration
approached the ground truth as the total data points increased,
becoming 12.13 + 1.66, 11.85 + 0.78, and 11.64 + 0.40, while the
standard deviation decreased. Thus, within the same study
design, the one standard deviation interval became narrower
(i.e., more precise estimates) as the number of data points
increased in all the accuracy metrics.

In addition, a comparative analysis was performed on the es-
timated parameters for each study design (Supporting Infor-
mation Figure S4). Overall, the results showed a pattern similar
to those observed in the analysis of features of viral dynamics:
as the total number of data points increased, the credible
intervals shortened, and the difference between the mean of
estimates and ground truth decreased, improving estimation
stability. The longitudinal designs, which included at least three
test measurements per individual, demonstrated both high
precision and stability. Notably, in the cross-sectional design,
the parameter y (representing the virus production rate from
infected cells) tended to be significantly underestimated. Given
the close association between y and peak viral load, this finding
is consistent with the underestimation of peak viral load
observed in the cross-sectional design.

In the study of cross-sectional data sampling, we only estimated
population-level parameters, focusing exclusively on the fixed
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FIGURE 3 | Population viral trajectory estimated under different study designs. (A) The solid lines are the population viral load trajectories

estimated from the synthetic data under cross-sectional study designs with different numbers of data points (200, 500, and 1,000). The dashed green
line represents the best fitted viral RNA load (copies/mL) after the day of infection estimated from the NBA cohort (i.e., the ground truth). The root
mean squared error (RMSE) of the viral dynamics over 30 days is indicated in text. Simulations were repeated 100 times. (B) The same as A, but
under the longitudinal study designs (two tests for each individual). (C) The same as B, but three tests for each individual.

effect of the model (see Methods for details). This is because, in
cross-sectional settings with only a single observation per sub-
ject, random-effects components are generally not identifiable,
as they are confounded with the residual error. In practice,
estimation of random effects typically requires repeated mea-
surements per subject [37, 38].

Nevertheless, we examined whether random effect estimation
can improve the estimation accuracy in cross-sectional data
sampling to examine how the inclusion or exclusion of random
effects might influence the estimation results (Supporting
Information Figure S5). The results showed a slight improve-
ment in the accuracy of the estimated peak viral load, although
it still tended to be underestimated. We presumed this is
because it is difficult to determine whether a single data point
was observed before or after the peak per individual. For ex-
ample, if an observation is interpreted as before the peak, the
increasing slope becomes gentle, which can result in an un-
derestimate of the parameter y(gamma). In addition, the
accuracy of the estimated timing of peak viral load improved
significantly, while the accuracy of estimated viral shedding
duration was rather lowered. Overall, in cross-sectional data
sampling, it was difficult to obtain the accuracy of estimation as
much as the longitudinal data sampling even considering the
random effect.

We employed a target-cell limited model, but more complex
models incorporating the adaptive immune response might be
necessary to biologically reasonably explain the dynamics.
Therefore, we simulated using the model considering the

immune response presented by the previous study [18]. As a
result of simulation, we confirmed the superiority of the lon-
gitudinal study, which is consistent with those from the target-
cell limited model. Also, the increasing number of estimated
parameters makes it difficult to obtain reasonable estimates,
and considering that more complex models may require infor-
mation beyond viral titers [34]. This supports the validity of our
study's approach using a simple model. Furthermore, several
studies have shown that immune response models didn't
improve the estimation results of a target-cell limited model,
and suggested that immune responses are implicitly incorpo-
rated into the model parameters such as the infection rate and
the mortality rate of infected cells [35, 36].

As secondary outcomes, the mean coverage score was computed
for different time phases: before peak (0-2 days after infection),
peak (2-8 days after infection), and after peak (8-15 days after
infection). Each phase's score represents the mean proportion,
across the time points within that phase, of simulation runs (out
of 100) where the estimated 95% PI included the ground truth
viral load. The full score (i.e., 1) suggests that the viral load
estimated from the synthetic data covers the ground truth over
the period. Therefore, the closer the coverage score is to 1, the
more similar the viral dynamics estimate over time in the cor-
responding study design is to the ground truth. Supporting
Information Figure S6 presents the boxplot showing the dis-
tribution of these 100 phase-averaged coverage scores obtained
from the 100 repetitions for each study design. Under cross-
sectional study designs, the median phase-averaged coverage
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FIGURE 4 | Accuracy on viral dynamics estimation under different study designs. (A) The value of the peak viral load under different numbers

of tests per person (1-5 and 8) and the number of data points (200, 500, 1000). (B) The same as A, but the difference in the timing of peak viral load.
(C) The same as B, but the difference in the viral shedding duration. Each point represents the mean estimate, the solid lines are the one standard
deviation of the mean, and the gray vertical dashed lines are ground truth values. Red indicates when the one standard deviation of the mean does

not include the ground truth, while blue indicates when it does.

score is around 0.10 across all the three time phases, regardless
of the total number of data points. Under longitudinal study
designs, the median coverage score consistently exceeds 0.90.
Within the same time phase and the same study designs, the
coverage score slightly increases as the total number of data
points increases. Only a limited difference was observed under
different numbers of tests per person.

4 | Discussion

Viral load data have provided valuable insights in both clinical
and public health contexts. Since such data are typically collected
in a discrete manner, various analytical approaches have been
employed to extract meaningful information, one of which
involves the use of mathematical modeling. The main advantage
of mathematical modeling is that it can reconstruct viral load
trajectories even from a limited number of data points. However,
the accuracy of such estimates depends on the data collection

strategy and sampling frequency. While richer datasets increase
precision, excessive sampling may create unnecessary burdens.
Thus, it is important to consider approaches that minimize data
collection effort while still maintaining reliable estimation.
However, quantitative discussions on optimal data collection
strategies for accurately capturing viral dynamics have been
limited. Two representative data sampling designs are cross-
sectional and longitudinal designs. While individual-level viral
dynamics analysis requires longitudinal data, average-level
dynamics (population viral dynamics) can, in principle, be esti-
mated from both. Notably, cross-sectional designs offer the
advantage of rapid and easy data collection, making them par-
ticularly useful in urgent public health situations such as the
early phase of a pandemic. Nevertheless, few studies have
quantitatively compared the accuracy of viral dynamics estima-
tion between these two designs.

A key contribution of this study is the quantitative comparison
and analysis of the accuracy and efficiency of estimating the
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average viral dynamics of SARS-CoV-2 Delta variant between
cross-sectional and longitudinal designs using mathematical
modeling, under the condition of a fixed total number of
measurements (i.e., a fixed resource budget). While previous
studies often focused on the merits of individual designs, our
work directly addresses the practical challenge of optimizing
resource allocation in settings with limited resources. Our
results showed that, even when estimating population viral
dynamics, the longitudinal design provided more accurate
results than the cross-sectional design. In particular, the cross-
sectional approach exhibited a systematic bias, consistently
underestimating the peak viral load even when the total num-
ber of data points was increased. This is expected because only
fixed effects were estimated without considering random
effects.

Moreover, simulation results varying the number of measure-
ments per individual within the longitudinal design revealed
that even with only two measurements per person, high esti-
mation accuracy could be achieved. With three measurements,
key indicators of viral dynamics could be estimated reliably.
This highlights a substantial gain in efficiency. For example,
with a total budget of 200 tests, a longitudinal design requiring
three tests per person only needs about 67 participants to
achieve stable results. This is in strong contrast to the 200
participants needed for a cross-sectional study. These findings
offer practical insights for optimizing study design. We dem-
onstrate that an efficient longitudinal strategy maximizes
accuracy in real-world research settings, where data collection
resources are often limited.

This is not the first study focusing on the accuracy of viral
dynamics estimation. For example, Zitzmann et al. found that
model parameters cannot be estimated well if viral load data at
the initial phase of infection before the peak are completely
missing [30]. Chua et al. demonstrated that more tests per
person, longer test intervals, and larger patient samples are key
to estimate the viral trajectory accurately, and suggested an
optimal cohort study design (interval between tests and number
of tests per person) to minimize the length of follow up [25].
Note that both studies have focused only on longitudinal data.
In this study, we extended this approach to further compare
cross-sectional data and longitudinal data.

There are a few strengths in this study. First, the synthetic data
were generated based on longitudinal viral load data from the
NBA cohort, which included early-phase measurements—even
before symptom onset or diagnosis. As demonstrated in this
study, longitudinal data are critical for accurate estimation of
viral dynamics model parameters, and the NBA dataset
uniquely captures the early phase of infection. Prior work by
Zitzmann et al. has also shown that early-phase viral load data
are essential for reliable parameter estimation. Therefore, the
NBA cohort provides an ideal dataset for quantifying viral load
dynamics. Second, by using the simulation approach, we could
evaluate the accuracy of the viral load estimation under various
situations. For example, the accuracy was assessed on a larger
number of individuals than originally observed in the NBA
data. Third, an effort was made to balance the effectiveness of
the estimates against the available resources by comparing two
study designs with fixed total data points. Longitudinal studies
require a significant participant burden due to repeated testing
and high cost of testing and follow-up management. However,

they can effectively track individual changes, even with a small
sample size. Conversely, cross-sectional studies involve lower
individual burden and costs, but require a much larger sample
size to achieve a comparable level of information to longitudinal
studies. Therefore, when designing a study, it is important to
consider the trade-off between high resource and burden for
individuals and the need for a large sample size.

Our study provides practical implications for data collection
strategies in resource-limited settings. Our findings indicate
that, whenever feasible, longitudinal designs are preferable to
cross-sectional ones for the estimation of viral dynamics.
Nevertheless, in certain circumstances—such as when rapid
response is required or when study design choices are
constrained—cross-sectional sampling may be the only feasible
option. In addition, cross-sectional designs are generally easier
to implement for data collection than longitudinal designs. In
such cases, our results can serve as a reference to anticipate
the degree of bias that may arise when relying solely on cross-
sectional data.

At the same time, our analyzes suggest that excessively dense
sampling within longitudinal designs may represent inefficient
use of resources. In particular, as demonstrated in our results,
approximately three measurements per individual are sufficient
to capture viral dynamics with high accuracy. This finding
implies that, under constrained resources, clinical trials could
enroll more participants while still maintaining robust infer-
ence. Moreover, reducing the number of measurements per
participant can also shorten the overall data collection schedule.
This consideration is especially relevant in outbreak settings,
where timely characterization of viral dynamics is critical, and
where accelerated acquisition of key information provides
substantial practical advantages.

However, there are a few limitations in this study. First, our
study focused exclusively on viral load data from individuals
infected with the Delta variant. Then, the generalizability of the
proposed optimal testing strategies to other variants, such as
Omicron, may be limited. Nevertheless, a key contribution of
the study is the presentation of a methodology for comparing
the efficiency and accuracy of different sampling strategies. This
methodological framework has the potential to be adapted and
applied to investigate viral dynamics and optimize testing pro-
tocols for emerging variants or other infectious diseases. Fur-
ther limitation involves the NBA cohort's limited demographic
diversity, predominantly young males. Of the 209 Delta cases
that were analyzed, 187 were under 50 years of age. Therefore, it
is important to be careful when applying research findings to
the whole population. Second, the findings of this study are
specific to the methodological choices we adopted, including
the parameter estimation approach. For parameter estimation,
we adopted a nonlinear mixed-effects modeling (NLMEM)
framework. Although this approach is widely used and robust,
it is not the only possible method. These considerations indicate
that our results may reflect not only the intrinsic differences
between cross-sectional and longitudinal designs but also the
influence of the methodological framework applied here. Third,
although various indicators have been used to evaluate esti-
mation accuracy, it is necessary to carefully determine which
indicators are more important depending on the actual purpose
of model fitting. For example, from an epidemiological/clinical
point of view, the length of viral shedding might be most
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important, as it has been used as one of the major endpoints in
clinical studies and isolation guidelines [39]. Fourth, the
assumption in the data collection process could be revisited. For
example, we assumed the viral tests are triggered by symptom
onset. However, there is a delay between symptom onset and
diagnosis (thus viral tests) [40, 41]. COVID-19 epidemiological
studies found that symptomatic individuals get tested (and
diagnosed) on average 2.9 (range: 1-5) days after symptom onset
[41]. Further, those people could be identified by screening tests
(i.e., could be triggered by contact tracing) before symptom
onset. Fifth, the viral load dynamics and the incubation period
were treated independently when generating synthetic viral
load data. This setting may limit the re-estimation process to
accurately capture the ground truth. Although there may be an
association between viral dynamics and the incubation period,
the relationship is unclear. Individual variation is also sub-
stantial, and evidence is insufficient to define this relationship
within the model. Ke et al. and Bae et al. suggested the rela-
tionship was not significant [42, 43]. Hay et al., like our study,
considered the incubation period to be a separate distribution
[27]. Lastly, we have not considered fully asymptomatic pa-
tients. However, we emphasize that our simulation framework
is flexible enough to revisit those different assumptions.

In conclusion, our study underscores the critical importance of
data collection design for accurately estimating viral load tra-
jectories and key viral dynamics metrics. Our results demon-
strate that, regardless of the total number of data points
collected, longitudinal designs are consistently preferable for
reliable inference of viral dynamics. Conversely, in situations
where cross-sectional designs are unavoidable, our findings
suggest that information on potential biases should be taken
into account to aid the interpretation of the estimation results.
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