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BACKGROUND

l From early 2021, the SARS-CoV-2 pandemic as been affected by:
m the emergence of variants of concerns (VoCs) [1] ,

m and a strong vaccination campaign [2]

l Variants of infection and patient characteristics may shape the viral dynamics
m Studies on specific cohorts (symptomatic, comorbidities…) [3] [4] → potential selection bias

l Analyzing the PCR tests performed in community labs
m Challenges: high heterogeneity, few longitudinal data, data not collected for research purpose

Aims of the study

1 Through simulation, evaluate the accuracy and precision of the viral dynamics key

parameters estimations with sparse and heterogeneous data

2 Model the viral load (VL) dynamics of a large dataset of PCR-test results in the

community to study the impact of age, vaccines and the VoCs

PIECEWISE LINEAR MIXED EFFECTS MODEL

LOD = 40 Ct, Vinf = 50 Ct

Observation model

yi,j = g(ti,j,ψi) + σ × εi,j

log(ψi) = log(µ) + ηi

We estimate 4 parameters:

l Ti incubation period (days)

l Tp proliferation period (days)

l Vp peak viral load (Ct)

l Tc clearance period (days)

l g(ti,j,ψi) structural model
l ψi individual parameters

l µ fixed effects

l ηi individual-specific random effects ∼ LN (0, Ω)
l σ additive error term εi,j ∼ N (0, 1)

Likelihood

v Modelling the full population

P (Yi) = P (Yi | Infected) × Pinf + P (Yi | Not infected) × (1 − Pinf)

P (Yi | infected ) =
n+∏
j=1

fN (yi,j | g(ti,j,ψi), σ) ×
n−∏
k=1

FN (LOD | g(ti,j,ψi), σ)

P (Yi | Not infected ) = P n−
TN × (1 − PTN)n+

l Pinf proportion of infected

individuals in the population

l n− and n+ number of negative and

positive PCR tests

l PTN probability of true negative,

fixed at 99.8%

v Modelling confirmed infected individuals (≥ 1 positive PCR)

P (Yi) = P (Yi | infected )

SIMULATION STUDY

Simulation plan

l 50 simulated populationswith 50% of infected individuals

Scenario 1: daily sampling
m 120 individuals

m Daily sampling

m From infection to clearance

Scenario 2: sparse sampling
m 4,000 individuals

m Few longitudinal data

m Testing mainly just after symptom onset

Bayesian inference with Stan [5]

l Full population

l Confirmed infected individuals

Frequentist inference with

Monolix [6]

l Confirmed infected individuals

Scenario 1: Daily sampling (N=120) Scenario 2: Sparse sampling mainly
after symptom onset (N=4,000)
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Figure 1. Accuracy assessed by the relative error of

estimation

Scenario 1: Daily sampling (N=120) Scenario 2: Sparse sampling mainly
after symptom onset (N=4,000)
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Figure 2. Precision assessed by the coverage rate

l Scenario 1: all population parameterswere estimated with high accuracy and

precision using both Bayesian and frequentist approaches

l Scenario 2: restricting the analysis to confirmed infected individuals reduced

estimation accuracy for Ti and Tp, while Vp and Tc remainedwell estimated,

frequentist inference was less precise than Bayesian

l Stan runtimeswere 40 times longer than those ofMonolix

DATA COLLECTION

l 322,218 symptomatic infections (383,874 obs) with date of symptom onset,

vaccination status, and variant of infection

l ”Few” infections with longitudinal follow-up: m 1 test (N=269,410; 84%)

m 2 tests (N=45,319; 14%) m 3 tests (N=6,390; 2%) m 4+ tests (N=1,099; <1%)
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ESTIMATING THE VIRAL DYNAMICS KEY PARAMETERS

Estimated parameters

We only modelled the confirmed infected individuals with Monolix

< 65 years ≥ 65 years
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Figure 3. Estimates of the viral dynamics parameters with 95% CI for each subgroup

l The elderly have longer clearance

(2-5 days)

l Vaccinated have faster clearance (2-4

days), higher differences in the elderly

l No difference in peak VL according to

vaccination status

l Lower peak VL in Omicron infections

(2-3 Ct)

l Faster clearance in Omicron infections

(0-2 days)

Predictions

< 65 years ≥ 65 years
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Figure 4. Mean predicted kinetics for each subgroup with 95% CI

CONCLUSION

l Peak VL and clearance period can be correctly estimatedwith community data

l VL dynamics is highly modulated by the age, vaccines, and variant of infection

l Difficulties to generalize the results (observational study, symptomatic infections,

possible confonding effects)

l This methodology, based on community data, can be applied to other viruses

(influenza, RSV, etc.) Poster IV-019 from Laura Mulas
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