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Abstract: While SARS-CoV-2 specific neutralizing antibodies have been developed for therapeutic
purposes, the specific viral triggers that drive the generation of SARS-CoV-2 specific IgG and IgM
antibodies remain only partially characterized. Moreover, it is unknown whether endogenously
derived antibodies drive viral clearance that might result in mitigation of clinical severity during
natural infection. We developed a series of non-linear mathematical models to investigate whether
SARS-CoV-2 viral and antibody kinetics are coupled or governed by separate processes. Patients
with severe disease had a higher production rate of IgG but not IgM antibodies. Maximal levels of
both isotypes were governed by their production rate rather than different saturation levels between
people. Our results suggest that an exponential surge in IgG levels occurs approximately 5–10 days
after symptom onset with no requirement for continual antigenic stimulation. SARS-CoV-2 specific
IgG antibodies appear to have limited to no effect on viral dynamics but may enhance viral clearance
late during primary infection resulting from the binding effect of antibody to virus, rather than
neutralization. In conclusion, SARS-CoV-2 specific IgG antibodies may play only a limited role in
clearing infection from the nasal passages despite providing long-term immunity against infection
following vaccination or prior infection.

Keywords: SARS-CoV-2; IgG antibodies; IgM antibodies; severity; mathematical model

1. Introduction

The interplay between the SARS-CoV-2 life cycle and humoral immune responses
during natural infection has only been partially described. While neutralizing antibodies
are detected 1–2 weeks after symptom onset, it is less certain whether these antibodies
are relevant for clearance of the virus or whether they only protect viral re-exposure. A
better understanding of viral antibody interactions is critical to specify the optimal timing
for neutralizing antibody treatments which may be more effective according to the stage
of infection [1–7]. Indeed, recent trials of neutralizing antibody infusions demonstrate
antiviral and clinical efficacy though only if dosed early in infection prior to clinical de-
compensation [8–10]. A deeper understanding of the link between viral loads, antibody
dynamics, and COVID-19 severity may also assist in the identification of immune sur-
rogates of protection following infection or vaccination. The specific role of individual
antibody isotypes is also not well understood [5,11–13].

The present study aims to define some of these basic features of humoral antibody
responses. Using mathematical modeling and longitudinal datasets of IgG, IgM, and
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viral loads, we explored (i) how SARS-CoV-2 viral loads relate to the generation of anti-
bodies, (ii) how and when different isotypes of antibodies correlate with each other, and
(iii) whether SARS-CoV-2 antibody levels alter viral load dynamics.

2. Materials and Methods
2.1. The Raw Data

Three groups of longitudinal datasets were employed for modeling purposes. The first
dataset provided IgM and IgG levels from 26 hospitalized SARS-CoV-2 patients in China,
and 6 of them developed severe symptoms characterized as the development of dyspnea
and/or hypoxemia and rapid progression to acute respiratory distress syndrome, septic
shock, refractory metabolic acidosis, coagulopathy, or multiple organ failure [14]. The
IgG and IgM antibody levels were measured using the magnetic chemiluminescence im-
munoassay (MCLIA) value divided by the cutoff (absorbance/cut off, S/CO) with peptides
derived from the amino acid sequence of ORF1a/b, spike (S) protein, and nucleocapsid (N)
protein [15].

We digitized the second dataset that captured anti-nucleocapsid IgG antibodies and
SARS-CoV-2 viral loads in 6 hospitalized patients in Washington State, USA [16]. IgG
antibodies were measured using Abbott Architect anti-SARS-CoV-2 nucleocapsid IgG index
value, and the cut-off for seropositivity suggested by the manufacturer was 1.40 [17]. The
viral loads from nasopharyngeal swabs were originally measured as cycle threshold values
with the detection limit 40 using SARS-CoV-2 qRT-PCR test applying Hologic Panther
Fusion and laboratory-developed test (LDT) assays.

Finally, the third dataset was measured from two patients who developed mild symp-
toms of COVID-19. The digitization yielded SARS-CoV-2 viral loads and IgG antibodies
against another target site S1 protein of SARS-CoV-2 [18]. Antibodies were measured using
optical density value with the cut-off to be 1.1. The viral loads were measured as average
cycle threshold values through nasopharyngeal swabs tested by RT-qPCR that applied
the TaqMan SARS-CoV-2 Assay Kit v2, the 2019-nCoV CDC qPCR Probe Assay, or the
Roche Cobas SARS-CoV-2 Test CE-IVD. The cycle threshold detection limit was 40 [18]. If
unavailable, we converted the cycle threshold values into copies/mL using the relation
reported in [19].

2.2. Mathematical Model Recapitulating Antibody Kinetics

We introduce a simple model that recapitulates IgG and IgM kinetics (Model M3,
Table S1) as follows:

dIM
dt = rMIM

kM+IM
− dMIM

dIG
dt = rGIG

kG+IG
− dGIG

(1)

In this model, rM, kM, rG, and kG represent the production rate of IgM, the level of
IgM antibodies at which its production rate becomes 50%, the production rate of IgG,
the level of IgG antibodies at which its production rate becomes 50%, respectively. The
model is derived from the complex dynamics of the development of humoral immunity
involving B cells (Figure S1, [20–23]) and this derivation is provided in Section S1 in the
Supplementary Information.

Two variants of the model (1) were also employed for fitting purposes. This included,
(i) IgG and IgM production rates that are independent of antibody concentration (kG = 0
and kM = 0, Model M1 in Table S1) and (ii) non-saturated proliferation of different B cell
subsets leading to unregulated IgG and IgM production (kG + IG = 1 and kM + IM = 1,
Model M2 in Table S1) [24].

2.3. Mathematical Model Recapitulating the Interplay between Antibodies and SARS-CoV-2
Viral Loads

To recapitulate longitudinal viral loads in addition to antibody data, we extended
models in the previous section. These extended models mainly consisted of two compart-
ments. The first compartment corresponds to the first 3 equations below in model (2).
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It recapitulates SARS-CoV-2 viral loads over time and is inspired from [25]. This model
assumes that SARS-CoV-2 (V) infects susceptible cells (T) at rate β and converts them
to infected cells (I). Infected cells are cleared by innate immune responses in a density-
dependent manner at a rate δIIk. More SARS-CoV-2 viruses are produced by infected cells
at rate p, and rate c represents the natural clearance. The second compartment corresponds
to the last equation and is borrowed from the best model M3 in Table S1. After the first τG
days, the IgG level (IG) begins to grow at rate rG and becomes saturated at high levels of
IgG antibodies (modeled by the term kG). The natural clearance rate of IgG is denoted by
dG. The model is thus given by,

dT
dt = −βVT

dI
dt = βVT − δIIk

dV
dt = pI − cV

dIG
dt = rGIG

kG+IG
− dGIG

(2)

To investigate the role of IgG antibodies on viral loads, we modified model (2) by
assuming that antibodies have binding effects, neutralizing effects, or effects on clearing
infected cells. This is shown in model (3), where the neutralizing efficacy is represented by
the term IG

kE+IG
, which suggests higher levels of IgG antibody give rise to higher neutralizing

efficacy and prevent viral infections. Here, parameter kE represents the value of IgG
antibodies at which the neutralization efficacy becomes 50%. The binding effect, which is
responsible for the faster clearance of the virus, is captured by the term νIGV. Term φIIG
shows the possible effect of antibodies on removing infected cells. The model with the
included effects of antibodies is thus given by,

dT
dt = −β

(
1 − IG

kE+IG

)
VT

dI
dt = β

(
1 − IG

kE+IG

)
VT − δIIk −φIIG

dV
dt = pI − cV − νIGV
dIG
dt = rGIG

kG+IG
− dGIG

(3)

In total, we modeled 38 competing hypotheses assuming: (i) antibodies have no effects,
only binding effects, only neutralizing effects or both (models with prefix MP, MQ, MR,
and MS in Table S3, respectively); (ii) there is one-off stimulation, continuous stimulation,
or delayed-continuous stimulation of B cells for antibody production (models with suffix
v1–v3, v4–v6, v7–v9 in Table S3, respectively); and, (iii) non-saturated antibody production,
saturation by high levels of IgG, or saturation by high levels of viral loads (models with
suffix v1–v4–v7, v2–v5–v8, v3–v6–v9 in Table S3, respectively). In addition, we also fit two
additional models that assume that antibodies facilitate the death of infected cells (models
MT-v1 and MT-v2 in Table S3).

2.4. Fitting Procedure

On a given dataset, we fit models with competing hypotheses as listed in Tables S1 and S3
at the population level using nonlinear mixed-effects modeling in Monolix 2019R2
(www.lixoft.eu, accessed: 9 February 2021). Under this population-level fitting approach,
the value of an unknown parameter for an individual is assumed to be drawn from a
distribution with a fixed value (capturing inter-individual similarity) and a standard devia-
tion of the random effects (capturing inter-individual variability). Then the fixed and/or
the standard deviation of the random effects for all unknown parameters in our models
were estimated using the Stochastic Approximation Expectation-Maximization (SAEM)
algorithm [26].

The model selection was based on the Akaike Information Criteria (AIC) [27]. We
calculated AIC as −2LL + 2m, where m represents the number of unknown parameters in
the model and LL denotes log-likelihood. Models with lower AIC are favored and if the

www.lixoft.eu
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difference is more than 2, then there is strong support for the model with lower AIC by the
experimental data [27].

For sensitivity analysis, we employed Latin Hypercube Sampling and Partial Rank
Correlation Coefficient (LHS-PRCC). We utilized the Wilcoxon rank-sum test to compare
the differences in estimated parameter values between severe and non-severe patients while
using Pearson correlation to compute the correlation between two variables. Finally, we
employed linear-mixed models to test if levels of a specific antibody at any time point in one
severity group are higher than another. As each group was inclusive of multiple patients,
we nested patients within their respective groups in the linear-mixed model. Specifically,
for each individual antibody, we employed linear mixed-effects model “Ab~time + (1 +
time|Severity/PID)”, where Ab is the antibody level on log2 scale, time is the days since
the onset of symptoms, severity is the severity index (0: non-severe; 1: severe) of the patient
with patient ID (PID) nested. The analysis was performed using the package “lme4” and
“lmerTest” in the software R.

3. Results
3.1. Longitudinal IgG and IgM Dynamics

IgG and IgM antibody levels were recorded up to 35 days after the onset of symptoms
in 26 hospitalized SARS-CoV-2 patients in China; six of these patients developed severe
symptoms [14]. IgM and IgG levels were significantly higher in severe patients compared
to non-severe patients (0.0004 and 9.5 × 10−8, linear mixed-effects model) (Figure S2A,B).
Common characteristics in this dataset included an exponential increase in both antibodies
after some delay followed by a plateau towards steady-state levels (Figure S2C,D). The
IgG and IgM antibody levels were measured using the magnetic chemiluminescence im-
munoassay (MCLIA) values divided by the cutoff (absorbance/cut off, SCO) with peptides
derived from the amino acid sequence of ORF1a/b, spike (S) protein, and nucleocapsid (N)
protein [15].

3.2. Mathematical Model of IgG and IgM Dynamics

To capture the observed antibody expansion dynamics, we developed a mathemat-
ical model based on the process of development of humoral immunity involving B cells
(Figure 1A). The model includes the density-dependent production of IgM and IgG anti-
bodies at rates rM and rG, respectively, after a delay of τM and τG, respectively (model M3
in Table S1). The delay terms capture the lag caused due to initial phases of the develop-
ment of humoral immunity, which could not be explicitly modeled due to the lack of data.
Moreover, the production of antibodies is assumed to become saturated at high levels of
the corresponding antibody (regulated by parameters kM and kG) whereas IgM and IgG
antibodies are naturally cleared at rates dM and dG, respectively. This model is a simplifica-
tion of a complete and fully descriptive model of the development of humoral immunity
as shown in Figure S1 and the process of reduction is shown in Material and Methods.

The model described above was best supported by the data over alternative models
which assumed that the production rate of antibodies either occurs at a constant rate (model
M1, Table S1) or remains unsaturated (model M2, Table S1). The fits under the best model
are shown in Figure 1B using estimated parameter values in Table S2.
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Figure 1. The mathematical model fits SARS-CoV-2 IgG and IgM levels following infection. (A) Schematic representation
of the mathematical model reproducing longitudinal IgM and IgG dynamics, where rM and rG stand for the antibody
production rates, kM and kG regulate the saturation of antibody generation, dM and dG are the natural clearance rates of
IgM and IgG, respectively. The parameters used here correspond to the parameters in Equation (3) from the Materials and
Methods section (or, model M3 in Table S1), (B) Simulations (line), and data (markers) of IgM (red) and IgG (black) under
the best model (model M3 in Table S1). Severe and non-severe patients are labeled in blue and pink, respectively.
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3.3. Differences between SARS-CoV-2 IgG and IgM Production Rates

The model analysis revealed that it takes ~0.6 more days on average from symptoms
onset to the production of IgM (median~9.1 days, range: 3.0–16.3 days) than IgG antibodies
(median~8.5 days, range: 3.4–20.0 days) at rates 3.22 SCO (signal-to-cutoff ratio)/day
(range: 0.25–22.62 SCO/day) and 8.94 SCO/day (range: 0.66–71.69 SCO/day), respectively
(p = 0.04, Wilcoxon rank-sum test) (Table S2). IgM and IgG production rates become
half-saturated at 7.4 × 10−5 SCO and 1.3 SCO, respectively. Modeling further yields that
IgG antibodies have a longer half-life (~2.7 days) compared to IgM antibodies (~1.4 days).
Finally, production rates of IgG production are considerably higher than IgM antibodies.

3.4. SARS-CoV-2 Antibody Kinetics during Non-Severe Versus Severe Infection

The time-delay between symptom onset and the start of production of IgM and IgG
antibodies in response to infection (τM and τG, p = 0.84 and p = 0.79, Wilcoxon rank-sum
test) as well as the baseline concentration of IgM and IgG antibodies (IM0 and IG0, p = 0.44
and p = 0.13, Wilcoxon rank-sum test) were not statistically different between two groups
(Figure 2A). Only the production rate of IgG antibodies (rG) was significantly larger in
severe patients compared to non-severe patients (p = 0.04, Wilcoxon rank-sum test) while
the production rate of IgM antibodies (rM) was not significantly higher in severe patients
(p = 0.08, Wilcoxon rank-sum test). We believe that this could be because IgM responses are
more general than IgG responses as the latter are produced with the help of T cells.

We next performed a sensitivity analysis using Latin Hypercube Sampling and Partial
Rank Correlation Coefficient (LHS-PRCC) on all the parameters of our best model that had
been reduced to 2-dimension (Figure 2B). We found that the production rates of IgM and
IgG antibodies (rM and rG) had a highly positively correlated (r~1) impact on peak levels of
IgM and IgG antibodies. The baseline concentration of antibodies also positively impacted
antibody peak levels, suggesting that pre-existing immunity could accelerate antibody
response and prevent re-infection. The delay before the onset of antibody production had
almost no impact on peak levels of antibodies (Figure 2B).

3.5. Mathematical Model of SARS-CoV-2 Viral Load and Nucleocapsid IgG Dynamics in 6
Hospitalized Patients

Both nucleocapsid IgG antibodies and SARS-CoV-2 viral loads were recorded in six
hospitalized patients in Washington State [16] (Figure S3). To reproduce the observed
dynamics, we tested 38 competing mathematical models which differ according to mecha-
nisms by which antibodies can be produced in response to the SARS-CoV-2 antigen and the
subsequent effect of IgG antibodies on SARS-CoV-2 viral loads (Figure 3). We explored the
effect of viral loads on antibody production and tested models with competing hypotheses
including, (i) the presence of viral antigen early on during infection “once” triggers B cell
stimulation leading to the programmed production of antibodies (termed one-off stimu-
lation, marked v1–v3 in Table S3), (ii) the viral antigen levels throughout the course of
infection "continuously" triggers B cell stimulation in a density-dependent manner and the
antibodies are produced in response to the expansion or contraction of viral loads (termed
continuous stimulation, marked v4–v6 in Table S3), and (iii) the antibodies are produced
“continuously” in response to the expansion or contraction of viral loads but in a delayed
manner (termed delayed-continuous stimulation, marked v7–v9 in Table S3). We also
explored the effect of antibodies on virus assuming no effect, binding effects, neutralization
effects, and both binding and neutralization effects, which are represented by models
marked as MP, MQ, MR, and MS, respectively in Table S3. Neutralization is assumed
to prevent viral entry onto cells whereas binding clears the virus more rapidly from the
nasal passages. Furthermore, we investigated if antibodies exhibit “antibody-dependent
clearance of infected cells [28]” (models marked as MT in Table S3).
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Figure 2. Model parameter comparison between non-severe and severe SARS-CoV-2 cases. (A) Com-
parison of estimated parameters between severe and non-severe patients using Wilcoxon-rank sum
test under the model that best recapitulated the longitudinal IgM and IgG data of 6 severe and 20 non-
severe-patients. We compared parameters rM, log10(IM0), rG, log10(IG0), log10(τG) and log10(τG)

that represent the production rate of IgM, the log-converted concentration of IgM at t = 0, the pro-
duction rate of IgG, the log-converted concentration of IgG at t = 0, time-delay (since the onset of
symptoms) before IgG is produced and time-delay (since the onset of symptoms) before IgM is
produced, respectively. p < 0.05 represents a statistically significant difference between severe and
non-severe patients. (B) Using partial rank correlation coefficient, the sensitivity of the peak IgM
and IgG levels to the initial antibody concentration, the production rate, and the delay before the
production is induced.
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Figure 3. Mathematical model schematic of SARS-CoV-2 antibody generation and antiviral activity.
The SARS-CoV-2 viral replication and antibody generation are displayed as two compartments. The
SARS-CoV-2 viral antigen may trigger antibody immune response via one of three mechanisms:
one-off stimulation, continuous stimulation, or delayed-continuous stimulation. For each mechanism,
the antibody generation rate may proceed in 3 ways: no saturation, saturation by high levels of IgG,
or saturation by viral load. The generation of antibodies may affect viral replication through viral
binding effects, viral neutralization effects, via both mechanisms, or not at all. Two additional models
containing antibody-assisted infected cell clearance are employed. In total, these multiple options
give rise to 38 models. The components of the best-performing model are highlighted in orange
rectangle boxes.

The best-performing model was comprised of two components. The first component
addresses the viral dynamics as captured in our prior modeling [25]. In this model, SARS-
CoV-2 (V) infects susceptible cells (T) with infectivity β and converts them to infected
cells (I). Infected cells are cleared by an innate response in a density-dependent manner
at rate δIIk. More SARS-CoV-2 viruses are produced by infected cells at rate p, and rate
c indirectly stands for all the other immune responses that are not directly related to IgG
antibody but still help clear the SARS-CoV-2 viruses. Our model captured viral dynamics
well and predicted that viral RNA concentrations peak 2.3 days (min, max: 1.8, 3.4) after
the first detection, in line with the literature [29].

The dynamics of IgG were best captured by the model that also recapitulated the
antibody data in the previous section (i.e., M3 from Table S1) suggesting that there is
one-off stimulation of B cells leading to the programmed production of antibodies in
a self-saturating manner. Despite being one-off stimulation, the delay before the IgG
antibodies appear is strongly correlated with the clearance rate of SARS-CoV-2 infected
cells (r = −0.995, Pearson Correlation, Table S3).

The best performing model further suggested that IgG antibodies exhibit no effects on
the viral loads (model MP-v2 in Table S3, AIC = 196). Though the inclusion of antibody
levels into the model does not improve fit to the data, the experimental data support
that IgG antibodies are more likely to lead to a faster clearance of SARS-CoV-2 viral
loads through binding effects rather than neutralization effects (AIC = 208 with MQ-v2
vs. AIC = 214.1 with MR-v2, Table S3). The timing of the decrease in viral loads also
supports our modeling finding as binding effects but not the neutralization effects of IgG
antibodies would allow viral loads to decrease simultaneously as antibodies emerge. This



Viruses 2021, 13, 516 9 of 15

is because neutralization effects result in the inhibition of new infections which will result
in a delay since an infected cell will still have sufficient time to produce a full round of
viral progeny [30].

The corresponding fits are shown in Figure 4 and the individual parameters estimates
are provided in Table S4. Of note, other models that performed nearly as well all included
one-off stimulation of antibody production and saturating levels of IgG meaning that these
mechanisms were most critical to fit the data.
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We further exhibit that IgG binding effects may only play a minor role in clearing
SARS-CoV-2 nasal viral loads during primary infection as our simulations suggest that
even in the absence of anti-SARS-CoV-2 IgG, the clearance would have been achieved in no
more than 5 days after the observed day of viral clearance in all patients except P5. In fact,
when binding effects are assumed, the effect of IgG only becomes prominent on SARS-CoV-
2 viral loads approximately 7 days after the day of hospitalization in almost all patients
except P5 (Figure 5). This is because IgG antibodies are detectable only after ~7 days from
the day of hospitalization (or, ~15 days after the infection, Table S4). Simulations further
suggest that IgG antibodies with strong binding effects could accelerate the clearance of
SARS-CoV-2 viral loads in those patients who do not naturally clear infection (patient P5
in Figure 5) and thus points towards the potential use of antibodies in the treatment of
SARS-CoV-2, especially if given during the early phase of infection, preferably before the
viral peak is achieved (Figure 5).

Next, we aimed to determine differences in the dynamics of anti-spike and anti-
nucleocapsid IgG and their impact on viral dynamics. For this purpose, we digitized
anti-spike IgG and SARS-CoV-2 viral loads from two mild cases of SARS-CoV-2 in Switzer-
land [18]. The best performing model from Table S3 also recapitulated the additional data
from 2 patients (Figure 6A) using estimated parameters in Table S5. Our analysis reveals
that anti-spike and anti-nucleocapsid IgG have similar effects on SARS-CoV-2 viral loads
(i.e., no effects) (Figures 5 and 6B). Modeling further suggests that anti-spike and anti-
nucleocapsid IgG dynamics are similar, except for their baseline value (p = 0.02, Wilcoxon
rank-sum test) which could be due to differences in different assays that were used to mea-
sure them. The time difference between viral load take-off and the time of production of IgG
was not statistically different between anti-spike (median = 6 days) and anti-nucleocapsid
IgG (median = 13 days) (p = 0.29, Wilcoxon rank-sum test). Similarly, we found that rate of
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antibody production was higher for anti-nucleocapsid (median = 57.5/day) than anti-spike
IgG (median = 10.9/day) but not statistically different (p = 0.14, Wilcoxon rank-sum test).
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Figure 6. (A) Mathematical model fits viral load and antibody levels following SARS-CoV-2 infection.
Simulations (lines) to observed SARS-CoV-2 (black markers) and anti-spike IgG (red markers) under
the best model (MP-v2 in Table S3). (B) Impact of binding effects of spike IgG antibodies on viral
dynamics. The solid black line represents the best fits to the observed data (using parameter values
in Table S5 estimated under model MP-v2 in Table S3), the dashed blue line representing the case
when we assume weak binding effects (ν = 0.02), and the dashed-dotted purple line represents an
enhanced strong binding efficacy of IgG antibodies (ν = 0.05). The lines all notably overlap.
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4. Discussion

Potential mitigating factors of COVID-19 severity include low inoculum dose and
effective and early immune responses. However, the components of the immune response
responsible for the elimination of SARS-CoV-2 replication are only partially understood.
Early data suggests the high importance of an effective innate response during the first
several days of infection [25,31–33]. Beyond this stage, effective acquired immune responses
are likely critical [34–40]. Humoral immunity is thought to drive the high observed efficacy
of two mRNA vaccines [41]. Therapeutic infusion of neutralizing antibodies early during
infection is associated with more rapid elimination of viral shedding as well as decreased
hospitalization [8,10,42,43].

Some studies have shown the association between anti-SARS-CoV-2 IgG and re-
duced viral loads, and a possible correlation between IgG concentration to neutralization
titers [16,44]. Our modeling suggests that circulating antibodies play a limited role in
eliminating nasal viral replication during the first exposure to the virus. This emerges from
our modeling because IgG levels surge only well after viral loads have already started to
decrease. The inclusion of a density-dependent killing term to capture peak viral load in
our model already points to the likely importance of innate responses such as type I inter-
feron responses [25]. There is ample evidence that the lack of type I interferon responses is
associated with severe COVID-19 [31,32,45,46]. Studies have further shown both IFN-I pre-
treatments of SARS-CoV-2 infection lead to 2-log10 to 4-log10 viral loads reduction [47–49],
thus supporting the likely importance of innate response in early viral clearance.

SARS-CoV-2 specific antibodies exhibit both binding and neutralization activities
in vitro [50,51]; however, their exact role during primary infection in vivo still remains
unanswered [52]. Our analysis suggests that IgG anti-spike and anti-nucleocapsid antibod-
ies may exhibit no effects on SARS-CoV-2 viral loads and that mild, late binding effects
are more likely than neutralization effects to enhance viral clearance rate during primary
infection; however, this effect is likely to be limited because the peak viral load occurs
before the production of IgG starts and IgG antibodies only reach a high enough level at
a relatively late stage of infection when viral loads are already at very low levels. Even
in the absence of IgG antibodies, the kinetics of SARS-CoV-2 are not predicted to change
dramatically. The modeling analysis also suggests that the generation of SARS-CoV-2
specific antibodies is akin to the generation of antibodies using traditional vaccines, such
as in the case of vaccination for hepatitis B virus [53]. In both scenarios, B cell stimulation
most likely occurs “once” in response to the viral antigen right after infection/vaccination
leading to the programmed production of antibodies for months or years rather than con-
tinuous stimulation of naïve B cells in response to waning and waxing of viral antigen. Our
study further suggests IgG antibody peak value is nearly significantly higher among severe
patients whereas the difference for IgM peak value is smaller. Patients with different symp-
tom severities react to SARS-CoV-2 infection with different antibody kinetics especially for
IgG [30–32], which is mainly attributed to the generation rate of these antibodies, probably
due to higher mean viral load in severe cases [54] and not to the timing of the production
(relative to the onset of symptoms) or the coefficient that allows for the saturation of the
production of these antibodies at high levels. No significant differences in the antibody
kinetics of anti-spike and anti-nucleocapsid IgG were found but that could also be because
of low sample sizes in our study.

While our results are only relevant for the first several weeks after infection, experi-
mental evidence suggests that antibody titers are relatively stable for at least a period of
5 months after symptoms onset [2,3,55], with only ~3 fold decrease in antibodies levels
in ~80–100 days [2,3]. This suggests that antibody production does not halt completely
once SARS-CoV-2 viral loads go below the detection limit, which is typical following many
viral infections.

Although IgG effects on SARS-CoV-2 infection might not be significant during primary
infection, they are likely to be critical for preventing re-infection or following vaccination.
For example, almost all individuals who were re-infected exhibited similar neutralization
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antibody (NAb) titers and only developed mild to moderate symptoms during the second
infection [56]. SARS-CoV-2 rechallenge experiments with rhesus macaques also suggest
that the neutralizing antibodies generated during the first time of infection may confer
protective immunity against reinfection [57,58]. However, the protective immunity during
re-infection could be linked to more than just the presence of IgG antibodies at the time of
re-infection. For example, an analysis of a COVID-19 outbreak on a fishing vessel found that
only those with potent neutralization but not just the presence of IgG antibody, are immune
from reinfection [59]. Therefore, even if IgG antibodies may not play such a big part in
clearing viruses during the primary infection, they might form effective protection against
re-infection, and IgG levels can be an important indicator of the longevity of immunity.

There are important limitations in our study that limit the scope of our findings to
hypothesis generation. First, our model could not confirm that nasal SARS-CoV-2 viral
loads are not significantly affected by other humoral immune responses [60], which are
not included in our study. For example, IgA are detected as early as only 1 day after
symptom onset [50], which is long before IgG is detected but the influence of IgA on
SARS-CoV-2 viral loads could not be confirmed due to the absence of longitudinal data and
lack of measurement at the actual site of viral replication. Second, we did not model the
alternative hypothesis that drives viral containment, as we had no data to validate or refute
this type of model. The potentially most relevant T cells, those which are retained in tissue
at the site of infection, have yet to be assessed for SARS-CoV-2. Third, we did not model,
again for the lack of data, viral or antibody levels in the most relevant site of infection, the
lung. It is unclear whether different kinetics underlie the clearance of virus from the lower
airways [61]. Our results pertain more to viral loads that are relevant for transmission
rather than pathogenesis. Fourth, our model was validated using a small number of
patients, which could be addressed in future work by gathering more datasets. Finally,
although parameter-identifiability issues in the best model were avoided by fixing several
parameters in the fitting procedure and their non-existence is confirmed by univariate
sensitivity analysis along with low values of the relative standard error of the estimated
parameters, the same could not be performed for several other models given the lack of
data. This again could be addressed in future work by gathering rich datasets.

In summary, we conclude that antibody responses to SARS-CoV-2 do not appear to
be the primary mechanism underlying viral clearance from the nasal passages. Future
studies should gather concurrent viral load, antibody, and T cell response data to better
understand the importance of acquired immune responses in eliminating SARS-CoV-2.
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Author Contributions: J.T.S. and A.G. conceptualized the study. S.Y. assembled data. S.Y. and A.G.
wrote all code, performed all calculations and derivations, ran the models, and analyzed output
data. K.R.J. and A.L.G. conducted one of the experimental studies and provided intellectual inputs.
All authors contributed to the writing of the manuscript. All authors have read and agreed to the
published version of the manuscript.

Funding: This study was supported by Fred Hutchinson Cancer Research Center faculty discretionary
funds and by the National Institute of Allergy and Infectious Diseases (grant 5R01AI121129–05).

Institutional Review Board Statement: Not applicable.

https://www.mdpi.com/1999-4915/13/3/516/s1
https://www.mdpi.com/1999-4915/13/3/516/s1


Viruses 2021, 13, 516 13 of 15

Informed Consent Statement: Not applicable.

Data Availability Statement: Data is contained within the article or Supplementary Material.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Self, W.H.; Tenforde, M.W.; Stubblefield, W.B.; Feldstein, L.R.; Steingrub, J.S.; Shapiro, N.I.; Ginde, A.A.; Prekker, M.E.; Brown,

S.M.; Peltan, I.D.; et al. Decline in SARS-CoV-2 Antibodies after Mild Infection among Frontline Health Care Personnel in a Multi-
state Hospital Network-12 States, April–August 2020. MMWR Morb. Mortal Wkly. Rep. 2020, 69, 1762–1766. [CrossRef] [PubMed]

2. Wajnberg, A.; Amanat, F.; Firpo, A.; Altman, D.R.; Bailey, M.J.; Mansour, M.; McMahon, M.; Meade, P.; Mendu, D.R.; Muellers, K.;
et al. Robust neutralizing antibodies to SARS-CoV-2 infection persist for months. Science 2020, 370, 1227–1230. [CrossRef]

3. Perreault, J.; Tremblay, T.; Fournier, M.-J.; Drouin, M.; Beaudoin-Bussières, G.; Prévost, J.; Lewin, A.; Bégin, P.; Finzi, A.; Bazin,
R. Waning of SARS-CoV-2 RBD antibodies in longitudinal convalescent plasma samples within 4 months after symptom onset.
Blood 2020, 136, 2588–2591. [CrossRef] [PubMed]

4. Gudbjartsson, D.F.; Norddahl, G.L.; Melsted, P.; Gunnarsdottir, K.; Holm, H.; Eythorsson, E.; Arnthorsson, A.O.; Helgason,
D.; Bjarnadottir, K.; Ingvarsson, R.F.; et al. Humoral Immune Response to SARS-CoV-2 in Iceland. N. Engl. J. Med. 2020, 383,
1724–1734. [CrossRef] [PubMed]

5. Escribano, P.; Álvarez-Uría, A.; Alonso, R.; Catalán, P.; Alcalá, L.; Muñoz, P.; Guinea, J. Detection of SARS-CoV-2 antibodies is
insufficient for the diagnosis of active or cured COVID-19. Sci. Rep. 2020, 10, 19893. [CrossRef] [PubMed]

6. Patel, M.M.; Thornburg, N.J.; Stubblefield, W.B.; Talbot, H.K.; Coughlin, M.M.; Feldstein, L.R.; Self, W.H. Change in Anti-
bodies to SARS-CoV-2 Over 60 Days Among Health Care Personnel in Nashville, Tennessee. JAMA 2020, 324, 1781–1782.
[CrossRef] [PubMed]

7. Chen, Y.; Tong, X.; Li, Y.; Gu, B.; Yan, J.; Liu, Y.; Shen, H.; Huang, R.; Wu, C. A comprehensive, longitudinal analysis of humoral
responses specific to four recombinant antigens of SARS-CoV-2 in severe and non-severe COVID-19 patients. PLoS Pathog. 2020,
16, e1008796. [CrossRef]

8. Weinreich, D.M.; Sivapalasingam, S.; Perry, C.; Pan, C.; Hosain, R.; Mahmood, A.; Davis, J.D.; Turner, K.C.; Hooper, A.T.;
Hamilton, J.D.; et al. REGN-COV2, a Neutralizing Antibody Cocktail, in Outpatients with Covid-19. N. Engl. J. Med. 2020, 384,
238–251. [CrossRef] [PubMed]

9. Jiang, S.; Zhang, X.; Yang, Y.; Hotez, P.J.; Du, L. Neutralizing antibodies for the treatment of COVID-19. Nat. Biomed. Eng. 2020, 4,
1134–1139. [CrossRef]

10. Chen, P.; Nirula, A.; Heller, B.; Gottlieb, R.L.; Boscia, J.; Morris, J.; Huhn, G.; Cardona, J.; Mocherla, B.; Stosor, V.; et al. SARS-CoV-2
Neutralizing Antibody LY-CoV555 in Outpatients with Covid-19. N. Engl. J. Med. 2020, 384, 229–237. [CrossRef]

11. Huang, A.T.; Garcia-Carreras, B.; Hitchings, M.D.T.; Yang, B.; Katzelnick, L.C.; Rattigan, S.M.; Borgert, B.A.; Moreno, C.A.;
Solomon, B.D.; Trimmer-Smith, L.; et al. A systematic review of antibody mediated immunity to coronaviruses: Kinetics,
correlates of protection, and association with severity. Nat. Commun. 2020, 11, 4704. [CrossRef]

12. Koutsakos, M.; Kedzierska, K. A race to determine what drives COVID-19 severity. Nature 2020, 583, 366–368. [CrossRef]
13. Liu, L.; Wang, P.; Nair, M.S.; Yu, J.; Rapp, M.; Wang, Q.; Luo, Y.; Chan, J.F.-W.; Sahi, V.; Figueroa, A.; et al. Potent neutralizing

antibodies against multiple epitopes on SARS-CoV-2 spike. Nature 2020, 584, 450–456. [CrossRef]
14. Long, Q.X.; Liu, B.-Z.; Deng, H.-J.; Wu, G.-C.; Deng, K.; Chen, Y.; Liao, P.; Qiu, J.; Lin, Y.; Cai, X.-F.; et al. Antibody responses to

SARS-CoV-2 in patients with COVID-19. Nat. Med. 2020, 26, 845–848. [CrossRef] [PubMed]
15. Cai, X.-F.; Chen, J.; Hu, J.-L.; Long, Q.-X.; Deng, H.-J.; Liu, P.; Fan, K.; Liao, P.; Liu, B.Z.; Wu, G.-C.; et al. A Peptide-based Magnetic

Chemiluminescence Enzyme Immunoassay for Serological Diagnosis of Corona Virus Disease 2019 (COVID-19). J. Infect. Dis.
2020, 222, 189–193. [CrossRef] [PubMed]

16. Bryan, A.; Fink, S.L.; Gattuso, M.A.; Pepper, G.; Chaudhary, A.; Wener, M.H.; Morishima, C.; Jerome, K.R.; Mathias, P.C.;
Greninger, A.L. Anti-SARS-CoV-2 IgG antibodies are associated with reduced viral load. medRxiv 2020. [CrossRef]

17. Bryan, A.; Pepper, G.; Wener, M.H.; Fink, S.L.; Morishima, C.; Chaudhary, A.; Jerome, K.R.; Mathias, P.C.; Greninger, A.L.
Performance Characteristics of the Abbott Architect SARS-CoV-2 IgG Assay and Seroprevalence in Boise, Idaho. J. Clin. Microbiol.
2020, 58. [CrossRef] [PubMed]

18. Cervia, C.; Nilsson, J.; Zurbuchen, Y.; Valaperti, A.; Schreiner, J.; Wolfensberger, A.; Raeber, M.E.; Adamo, S.; Weigang, S.;
Emmenegger, M.; et al. Systemic and mucosal antibody responses specific to SARS-CoV-2 during mild versus severe COVID-19.
J. Allergy Clin. Immunol. 2021, 147, 545–557.e9. [CrossRef] [PubMed]

19. Zou, L.; Ruan, F.; Huang, M.; Liang, L.; Huang, H.; Hong, Z.; Yu, J.; Kang, M.; Song, Y.; Xia, J.; et al. SARS-CoV-2 Viral Load in
Upper Respiratory Specimens of Infected Patients. N. Engl. J. Med. 2020, 382, 1177–1179. [CrossRef]

20. Nutt, S.L.; Hodgkin, P.D.; Tarlinton, D.M.; Corcoran, L.M. The generation of antibody-secreting plasma cells. Nat. Rev. Immunol.
2015, 15, 160–171. [CrossRef]

21. Appelgren, D.; Eriksson, P.; Ernerudh, J.; Segelmark, M. Marginal-Zone B-Cells Are Main Producers of IgM in Humans, and Are
Reduced in Patients with Autoimmune Vasculitis. Front. Immunol. 2018, 9, 2242. [CrossRef]

22. Zou, Y.-R.; Grimaldi, C.; Diamond, B. B Cells. In Kelley and Firestein’s Textbook of Rheumatology; Firestein, G.S., Gabriel, S.E., O’Dell,
J.R., Budd, R.C., McInnes, I.B., Eds.; Elsevier: Philadelphia, PA, USA, 2017; pp. 207–230.e3.

http://doi.org/10.15585/mmwr.mm6947a2
http://www.ncbi.nlm.nih.gov/pubmed/33237893
http://doi.org/10.1126/science.abd7728
http://doi.org/10.1182/blood.2020008367
http://www.ncbi.nlm.nih.gov/pubmed/33001206
http://doi.org/10.1056/NEJMoa2026116
http://www.ncbi.nlm.nih.gov/pubmed/32871063
http://doi.org/10.1038/s41598-020-76914-5
http://www.ncbi.nlm.nih.gov/pubmed/33199713
http://doi.org/10.1001/jama.2020.18796
http://www.ncbi.nlm.nih.gov/pubmed/32940635
http://doi.org/10.1371/journal.ppat.1008796
http://doi.org/10.1056/NEJMoa2035002
http://www.ncbi.nlm.nih.gov/pubmed/33332778
http://doi.org/10.1038/s41551-020-00660-2
http://doi.org/10.1056/NEJMoa2029849
http://doi.org/10.1038/s41467-020-18450-4
http://doi.org/10.1038/d41586-020-01915-3
http://doi.org/10.1038/s41586-020-2571-7
http://doi.org/10.1038/s41591-020-0897-1
http://www.ncbi.nlm.nih.gov/pubmed/32350462
http://doi.org/10.1093/infdis/jiaa243
http://www.ncbi.nlm.nih.gov/pubmed/32382737
http://doi.org/10.1101/2020.05.22.20110551
http://doi.org/10.1128/JCM.00941-20
http://www.ncbi.nlm.nih.gov/pubmed/32381641
http://doi.org/10.1016/j.jaci.2020.10.040
http://www.ncbi.nlm.nih.gov/pubmed/33221383
http://doi.org/10.1056/NEJMc2001737
http://doi.org/10.1038/nri3795
http://doi.org/10.3389/fimmu.2018.02242


Viruses 2021, 13, 516 14 of 15

23. Hoffman, W.; Lakkis, F.G.; Chalasani, G. B Cells, Antibodies, and More. Clin. J. Am. Soc. Nephrol. 2016, 11, 137–154.
[CrossRef] [PubMed]

24. Brink, R. Regulation of B cell self-tolerance by BAFF. Semin. Immunol. 2006, 18, 276–283. [CrossRef] [PubMed]
25. Goyal, A.; Cardozo-Ojeda, E.F.; Schiffer, J.T. Potency and timing of antiviral therapy as determinants of duration of SARS-CoV-2

shedding and intensity of inflammatory response. Sci. Adv. 2020, 6, eabc7112. [CrossRef] [PubMed]
26. Lavielle, M. Mixed Effects Models for the Population Approach: Models, Tasks, Methods and Tools; Chapman and Hall: London, UK;

CRC: Boca Raton, FL, USA, 2014.
27. Akaike, H. Information Theory and an Extension of the Maximum Likelihood Principle. In Proceedings of the 2nd International

Symposium on Information Theory, Tsahkadsor, Armenia, 2–8 September 1971; Akademiai Kiado: Budapest, Hungary, 1973.
28. Mutua, J.M.; Perelson, A.S.; Kumar, A.; Vaidya, N.K. Modeling the Effects of Morphine-Altered Virus Specific Antibody Responses

on HIV/SIV Dynamics. Sci. Rep. 2019, 9, 5423. [CrossRef] [PubMed]
29. Kissler, S.M.; Fauver, J.R.; Mack, C.; Olesen, S.W.; Tai, C.; Shiue, K.Y.; Kalinich, C.C.; Jednak, S.; Ott, I.M.; Chantal, B.F.; et al.

SARS-CoV-2 viral dynamics in acute infections. medRxiv 2020. [CrossRef]
30. Goyal, A.; Murray, J.M. Effect of interferon-α therapy on hepatitis D virus. Hepatology 2015, 61, 2117–2118. [CrossRef]
31. Ribero, M.S.; Jouvenet, N.; Dreux, M.; Nisole, S. Interplay between SARS-CoV-2 and the type I interferon response. PLoS Pathog.

2020, 16, e1008737. [CrossRef]
32. Hadjadj, J.; Yatim, N.; Barnabei, L.; Corneau, A.; Boussier, J.; Smith, N.; Péré, H.; Charbit, B.; Bondet, V.; Chenevier-Gobeaux,

C.; et al. Impaired type I interferon activity and inflammatory responses in severe COVID-19 patients. Science 2020, 369,
718–724. [CrossRef]

33. Lucas, C.; Team, Y.I.; Wong, P.; Klein, J.; Castro, T.B.R.; Silva, J.; Sundaram, M.; Ellingson, M.K.; Mao, T.; Oh, J.E.; et al. Longitudinal
analyses reveal immunological misfiring in severe COVID-19. Nature 2020, 584, 463–469. [CrossRef]

34. Mateus, J.; Grifoni, A.; Tarke, A.; Sidney, J.; Ramirez, S.I.; Dan, J.M.; Burger, Z.C.; Rawlings, S.A.; Smith, D.M.; Phillips, E.; et al.
Selective and cross-reactive SARS-CoV-2 T cell epitopes in unexposed humans. Science 2020, 370, 89–94. [CrossRef] [PubMed]

35. Grifoni, A.; Weiskopf, D.; Ramirez, S.I.; Mateus, J.; Dan, J.M.; Moderbacher, C.R.; Rawlings, S.A.; Sutherland, A.; Premkumar, L.;
Jadi, R.S.; et al. Targets of T Cell Responses to SARS-CoV-2 Coronavirus in Humans with COVID-19 Disease and Unexposed
Individuals. Cell 2020, 181, 1489–1501.e15. [CrossRef]

36. Bert, N.L.; Tan, A.T.; Kunasegaran, K.; Tham, C.Y.L.; Hafezi, M.; Chia, A.; Chng, M.H.Y.; Lin, M.; Tan, N.; Linster, M.; et al.
SARS-CoV-2-specific T cell immunity in cases of COVID-19 and SARS, and uninfected controls. Nature 2020, 584, 457–462.
[CrossRef] [PubMed]

37. Sekine, T.; Perez-Potti, A.; Rivera-Ballesteros, O.; Strålin, K.; Gorin, J.-B.; Olsson, A.; Llewellyn-Lacey, S.; Kamal, H.; Bogdanovic,
G.; Muschiol, S.; et al. Robust T Cell Immunity in Convalescent Individuals with Asymptomatic or Mild COVID-19. Cell 2020,
183, 158–168.e14. [CrossRef] [PubMed]

38. Jarjour, N.N.; Masopust, D.; Jameson, S.C. T cell memory: Understanding COVID-19. Immunity 2020, 54, 14–18.
[CrossRef] [PubMed]

39. Zhang, F.; Gan, R.; Zhen, Z.; Hu, X.; Li, X.; Zhou, F.; Liu, Y.; Chen, C.; Xie, S.; Zhang, B.; et al. Adaptive immune responses to
SARS-CoV-2 infection in severe versus mild individuals. Signal Transduct. Target Ther. 2020, 5, 156. [CrossRef]

40. Tan, A.T.; Linster, M.; Tan, C.W.; Bert, N.L.; Chia, W.N.; Kunasegaran, K.; Zhuang, Y.; Tham, C.Y.; Chia, A.; Smith, G.J.; et al. Early
induction of functional SARS-CoV-2 specific T cells associates with rapid viral clearance and mild disease in COVID-19 patients.
Cell Rep. 2021, 34, 108728. [CrossRef] [PubMed]

41. Lederer, K.; Castaño, D.; Atria, D.G.; Oguin, T.H.; Wang, S.; Manzoni, T.B.; Muramatsu, H.; Hogan, M.J.; Amanat, F.; Cherubin, P.;
et al. SARS-CoV-2 mRNA vaccines foster potent antigen-specific germinal center responses associated with neutralizing antibody
generation. Immunity 2020, 53, 1281–1295.e5. [CrossRef] [PubMed]

42. Libster, R.; Marc, G.P.; Wappner, D.; Coviello, S.; Bianchi, A.; Braem, V.; Esteban, I.; Caballero, M.T.; Wood, C.; Berrueta, M.; et al.
Early High-Titer Plasma Therapy to Prevent Severe Covid-19 in Older Adults. N. Engl. J. Med. 2021, 384, 610–618. [CrossRef]

43. Cohen, M.S. Monoclonal Antibodies to Disrupt Progression of Early Covid-19 Infection. N. Engl. J. Med. 2021, 384,
289–291. [CrossRef]

44. Wang, Y.; Zhang, L.; Sang, L.; Ye, F.; Ruan, S.; Zhong, B.; Song, T.; Alshukairi, A.N.; Chen, R.; Zhang, Z.; et al. Kinetics of viral
load and antibody response in relation to COVID-19 severity. J. Clin. Investig. 2020, 130, 5235–5244. [CrossRef]

45. Eric, M.; Akiko, I. Interferon deficiency can lead to severe COVID. Nature 2020, 587, 374–376.
46. Lei, X.; Dong, X.; Ma, R.; Wang, W.; Xiao, X.; Tian, Z.; Wang, C.; Wang, Y.; Li, L.; Ren, L.; et al. Activation and evasion of type I

interferon responses by SARS-CoV-2. Nat. Commun. 2020, 11, 3810. [CrossRef] [PubMed]
47. Lokugamage, K.G.; Hage, A.; De Vries, M.; Valero-Jimenez, A.M.; Schindewolf, C.; Dittmann, M.; Rajsbaum, R.; Menachery, V.D.

Type I interferon susceptibility distinguishes SARS-CoV-2 from SARS-CoV. J. Virol. 2020, 94. [CrossRef] [PubMed]
48. Monk, P.D.; Marsden, R.J.; Tear, V.J.; Brookes, J.; Batten, T.N.; Mankowski, M.; Gabbay, F.J.; Davies, D.E.; Holgate, S.T.; Ho, L.-P.;

et al. Safety and efficacy of inhaled nebulised interferon beta-1a (SNG001) for treatment of SARS-CoV-2 infection: A randomised,
double-blind, placebo-controlled, phase 2 trial. Lancet Respir. Med. 2020, 9, 196–206. [CrossRef]

49. Zhou, Q.; Chen, V.; Shannon, C.P.; Wei, X.-S.; Xiang, X.; Wang, X.; Wang, Z.-H.; Tebbutt, S.J.; Kollmann, T.R.; Fish, E.N.
Interferon-α2b Treatment for COVID-19. Front. Immunol. 2020, 11, 1061. [CrossRef] [PubMed]

http://doi.org/10.2215/CJN.09430915
http://www.ncbi.nlm.nih.gov/pubmed/26700440
http://doi.org/10.1016/j.smim.2006.04.003
http://www.ncbi.nlm.nih.gov/pubmed/16916609
http://doi.org/10.1126/sciadv.abc7112
http://www.ncbi.nlm.nih.gov/pubmed/33097472
http://doi.org/10.1038/s41598-019-41751-8
http://www.ncbi.nlm.nih.gov/pubmed/30931971
http://doi.org/10.1101/2020.10.21.20217042
http://doi.org/10.1002/hep.27595
http://doi.org/10.1371/journal.ppat.1008737
http://doi.org/10.1126/science.abc6027
http://doi.org/10.1038/s41586-020-2588-y
http://doi.org/10.1126/science.abd3871
http://www.ncbi.nlm.nih.gov/pubmed/32753554
http://doi.org/10.1016/j.cell.2020.05.015
http://doi.org/10.1038/s41586-020-2550-z
http://www.ncbi.nlm.nih.gov/pubmed/32668444
http://doi.org/10.1016/j.cell.2020.08.017
http://www.ncbi.nlm.nih.gov/pubmed/32979941
http://doi.org/10.1016/j.immuni.2020.12.009
http://www.ncbi.nlm.nih.gov/pubmed/33406391
http://doi.org/10.1038/s41392-020-00263-y
http://doi.org/10.1016/j.celrep.2021.108728
http://www.ncbi.nlm.nih.gov/pubmed/33516277
http://doi.org/10.1016/j.immuni.2020.11.009
http://www.ncbi.nlm.nih.gov/pubmed/33296685
http://doi.org/10.1056/NEJMoa2033700
http://doi.org/10.1056/NEJMe2034495
http://doi.org/10.1172/JCI138759
http://doi.org/10.1038/s41467-020-17665-9
http://www.ncbi.nlm.nih.gov/pubmed/32733001
http://doi.org/10.1128/JVI.01410-20
http://www.ncbi.nlm.nih.gov/pubmed/32938761
http://doi.org/10.1016/S2213-2600(20)30511-7
http://doi.org/10.3389/fimmu.2020.01061
http://www.ncbi.nlm.nih.gov/pubmed/32574262


Viruses 2021, 13, 516 15 of 15

50. Sterlin, D.; Mathian, A.; Miyara, M.; Mohr, A.; Anna, F.; Claër, L.; Quentric, P.; Fadlallah, J.; Devilliers, H.; Ghillani, P.; et al. IgA
dominates the early neutralizing antibody response to SARS-CoV-2. Sci. Transl. Med. 2020, 13, eabd2223. [CrossRef] [PubMed]

51. Wang, Z.; Lorenzi, J.C.C.; Muecksch, F.; Finkin, S.; Viant, C.; Gaebler, C.; Cipolla, M.; Hoffmann, H.-H.; Oliveira, T.Y.; Oren, D.A.;
et al. Enhanced SARS-CoV-2 neutralization by dimeric IgA. Sci. Transl. Med. 2020, 13, eabf1555. [CrossRef] [PubMed]

52. Kirkcaldy, R.D.; King, B.A.; Brooks, J.T. COVID-19 and Postinfection Immunity: Limited Evidence, Many Remaining Questions.
JAMA 2020, 323, 2245–2246. [CrossRef] [PubMed]

53. Bruce, M.G.; Bruden, D.; Hurlburt, D.; Zanis, C.; Thompson, G.; Rea, L.; Toomey, M.; Townshend-Bulson, L.; Rudolph, K.; Bulkow,
L.; et al. Antibody Levels and Protection After Hepatitis B Vaccine: Results of a 30-Year Follow-up Study and Response to a
Booster Dose. J. Infect. Dis. 2016, 214, 16–22. [CrossRef]

54. Liu, Y.; Yan, L.-M.; Wan, L.; Xiang, T.-X.; Le, A.; Liu, J.-M.; Peiris, M.; Poon, L.L.M.; Zhang, W. Viral dynamics in mild and severe
cases of COVID-19. Lancet Infect. Dis. 2020, 20, 656–657. [CrossRef]

55. Marien, J.; Ceulemans, A.; Michiels, J.; Heyndrickx, L.; Kerkhof, K.; Foque, N.; Widdowson, M.-A.; Mortgat, L.; Duysburgh, E.;
Desombere, I.; et al. Evaluating SARS-CoV-2 spike and nucleocapsid proteins as targets for antibody detection in severe and mild
COVID-19 cases using a Luminex bead-based assay. J. Virol. Methods 2020, 288, 114025. [CrossRef] [PubMed]

56. Lu, J.; Peng, J.; Xiong, Q.; Liu, Z.; Lin, H.; Tan, X.; Kang, M.; Yuan, R.; Zeng, L.; Zhou, P.; et al. Clinical, immunological and
virological characterization of COVID-19 patients that test re-positive for SARS-CoV-2 by RT-PCR. EBioMedicine 2020, 59, 102960.
[CrossRef] [PubMed]

57. McMahan, K.; Yu, J.; Mercado, N.B.; Loos, C.; Tostanoski, L.H.; Chandrashekar, A.; Liu, J.; Peter, L.; Atyeo, C.; Zhu, A.; et al.
Correlates of protection against SARS-CoV-2 in rhesus macaques. Nature 2020, 590, 630–634. [CrossRef] [PubMed]

58. Deng, W.; Bao, L.; Liu, J.; Xiao, C.; Liu, J.; Xue, J.; Lv, Q.; Qi, F.; Gao, H.; Yu, P.; et al. Primary exposure to SARS-CoV-2 protects
against reinfection in rhesus macaques. Science 2020, 369, 818–823. [CrossRef] [PubMed]

59. Addetia, A.; Crawford, K.H.D.; Dingens, A.; Zhu, H.; Roychoudhury, P.; Huang, M.-L.; Jerome, K.R.; Bloom, J.D.; Greninger, A.L.
Neutralizing antibodies correlate with protection from SARS-CoV-2 in humans during a fishery vessel outbreak with high attack
rate. J. Clin. Microbiol. 2020, 58, e02107-20. [CrossRef] [PubMed]

60. Dogan, M.; Kozhaya, L.; Placek, L.; Gunter, C.L.; Yigit, M.; Hardy, R.; Plassmeyer, M.; Coatney, P.; Lillard, K.; Bukhari, Z.; et al.
Novel SARS-CoV-2 specific antibody and neutralization assays reveal wide range of humoral immune response to virus. Commun.
Biol. 2021, 4, 129. [CrossRef]

61. Goyal, A.; Duke, E.R.; Cardozo-Ojeda, E.F.; Schiffer, J.T. Mathematical modeling explains differential SARS CoV-2 kinetics in lung
and nasal passages in remdesivir treated rhesus macaques. bioRxiv 2020. [CrossRef]

http://doi.org/10.1126/scitranslmed.abd2223
http://www.ncbi.nlm.nih.gov/pubmed/33288662
http://doi.org/10.1126/scitranslmed.abf1555
http://www.ncbi.nlm.nih.gov/pubmed/33288661
http://doi.org/10.1001/jama.2020.7869
http://www.ncbi.nlm.nih.gov/pubmed/32391855
http://doi.org/10.1093/infdis/jiv748
http://doi.org/10.1016/S1473-3099(20)30232-2
http://doi.org/10.1016/j.jviromet.2020.114025
http://www.ncbi.nlm.nih.gov/pubmed/33227340
http://doi.org/10.1016/j.ebiom.2020.102960
http://www.ncbi.nlm.nih.gov/pubmed/32853988
http://doi.org/10.1038/s41586-020-03041-6
http://www.ncbi.nlm.nih.gov/pubmed/33276369
http://doi.org/10.1126/science.abc5343
http://www.ncbi.nlm.nih.gov/pubmed/32616673
http://doi.org/10.1128/JCM.02107-20
http://www.ncbi.nlm.nih.gov/pubmed/32826322
http://doi.org/10.1038/s42003-021-01649-6
http://doi.org/10.1101/2020.06.21.163550

	Introduction 
	Materials and Methods 
	The Raw Data 
	Mathematical Model Recapitulating Antibody Kinetics 
	Mathematical Model Recapitulating the Interplay between Antibodies and SARS-CoV-2 Viral Loads 
	Fitting Procedure 

	Results 
	Longitudinal IgG and IgM Dynamics 
	Mathematical Model of IgG and IgM Dynamics 
	Differences between SARS-CoV-2 IgG and IgM Production Rates 
	SARS-CoV-2 Antibody Kinetics during Non-Severe Versus Severe Infection 
	Mathematical Model of SARS-CoV-2 Viral Load and Nucleocapsid IgG Dynamics in 6 Hospitalized Patients 

	Discussion 
	References

