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SUMMARY
The urgent need for an effective SARS-CoV-2 vaccine has forced development to progress in the absence of
well-defined correlates of immunity. While neutralization has been linked to protection against other patho-
gens, whether neutralization alone will be sufficient to drive protection against SARS-CoV-2 in the broader
population remains unclear. Therefore, to fully define protective humoral immunity, we dissected the early
evolution of the humoral response in 193 hospitalized individuals ranging frommoderate to severe. Although
robust IgM and IgA responses evolved in both survivors and non-survivors with severe disease, non-survi-
vors showed attenuated IgG responses, accompanied by compromised Fcɣ receptor binding and Fc effector
activity, pointing to deficient humoral development rather than disease-enhancing humoral immunity. In
contrast, individuals with moderate disease exhibited delayed responses that ultimately matured. These
data highlight distinct humoral trajectories associated with resolution of SARS-CoV-2 infection and the
need for early functional humoral immunity.
INTRODUCTION

The majority of individuals infected with severe acute respiratory

syndrome coronavirus 2 (SARS-CoV-2) develop mild symptoms;

however, a small but significant proportion of the population

develop more severe disease, a fraction of which pass away

(Wu andMcGoogan, 2020). The rapid spread of infection and un-

predictable evolution of disease severity in some infected indi-

viduals has overwhelmed hospitals. While a number of comor-

bidities have been linked to mortality (Richardson et al., 2020;

Williamson et al., 2020), emerging data suggest that inflamma-

tory markers and cellular activation track with severity of disease

(Kuri-Cervantes et al., 2020; Vaninov, 2020), pointing to a gener-

alized activation of the immune response with progressive infec-

tion. Moreover, antibody levels and neutralizing antibody activity

increase with the rapid expansion of plasmablast populations in

the setting of more severe disease (Kuri-Cervantes et al., 2020),
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raising the possibility that the humoral immune response may

contribute to pathology rather than protection (Zohar and Alter,

2020). However, recent data from vaccine studies point to pro-

tective effects of antibodies against SARS-CoV-2 infection and

disease (Chandrashekar et al., 2020). It is still unclear whether

qualitatively distinct antibodies evolve in individuals who survive

severe infection or whether antibody functions track with differ-

ential disease severity. Understanding how antibody functions,

beyond neutralization, evolve during infection and contribute to

recovery rather than pathology may provide key insights for vac-

cine and therapeutic design to avoid detrimental enhancement

and provide highly effective humoral defense.

The acute humoral immune response to SARS-CoV-2 is

marked by the rapid evolution of multi-isotype-specific humoral

immunity (Long et al., 2020), which is likely involved in the high-

ly compartmentalized antiviral response within the respiratory

tract. However, whether specific antibody functional profiles
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explain the variation seen in viral control remains unclear. Thus,

here we comprehensively profiled the humoral immune

response to SARS-CoV-2 over the first 3 weeks following

symptom onset in depth and used complementary modeling

approaches to define whether distinct humoral immune re-

sponses evolve among individuals with different degrees of dis-

ease severity. A total of 193 hospitalized individuals were

included in the study, stratified by disease severity and

outcome into three groups: inpatients with moderate infection

that recovered, inpatients with severe infection that recovered,

and inpatients whose underlying cause of death was coronavi-

rus disease 2019 (COVID-19). Humoral maturation was

observed across all three groups, with more rapid and robust

evolution in individuals that survived severe infection, with an

early and vigorous functional response to S2, just days after

symptom onset. Despite comparable evolution of immunoglob-

ulin (Ig)M and IgA responses among survivors and non-survi-

vors with severe disease, non-survivors failed to fully deploy

a highly functional IgG response able to coordinate Fc receptor

(FcR) binding and elicit innate immune effector function. While

neutralizing antibody activity did not differ across the groups,

no signatures of antibody enhancement were noted among in-

dividuals with severe infection. Conversely, delayed evolution

of functional humoral immunity was also observed in individuals

with moderate disease, albeit the IgG response continued to

evolve overtime. Thus, the data point to the potential impor-

tance of early and continued evolution of IgG-recruiting Fc

effector function in antiviral control and clearance beyond

host defense.

RESULTS

Distinct Weekly Evolution of Antibody Features
The humoral immune response to SARS-CoV-2 evolves rapidly

following infection in individuals with symptomatic infection,

evolving weeks after symptom onset (Long et al., 2020). Signifi-

cant heterogeneity in the magnitude of the humoral immune

response has been observed across individuals who have sur-

vived infection (Robbiani et al., 2020). While neutralizing anti-

bodies have been linked to protection following vaccination in

non-human primates (NHPs) (Yu et al., 2020; Folegatti et al.,

2020), antibodies may contribute to antiviral control and clear-

ance through various additional mechanisms, via their capacity

to interact and leverage the anti-pathogen functions of the innate

immune system (Lu et al., 2018; Nimmerjahn andRavetch, 2008).

Preliminary data point to early differences in the immunodomi-

nance of the humoral immune response among individuals with

different clinical outcomes (Atyeo et al., 2020). However, whether

distinct antibody profiles develop over time in individuals with

different clinical trajectories remains unclear but could point to

immune mechanisms of convalescence. Thus, here we profiled

the humoral immune response across three hospitalized co-

horts: a group of 82 individuals who did not require admission

to the intensive care unit (ICU) and were eventually discharged

with moderate disease, a group of 76 individuals who required

ICU care but survived severe disease, and group of 35 individ-

uals with severe disease that died due to COVID-19 regardless

of type of care (Figure 1A; Table S1). Individuals were sampled
1–8 times during the first month of infection. These data collec-

tively provided a population-level temporal landscape that could

be used to define differences in the trajectories of antibody fea-

tures across disease outcomes (Data S1).

Aweek after onset of symptoms, similar SARS-CoV-2 antigen-

specific IgM and IgA titers were observed in all three groups with

slightly higher IgA1 spike (S)-specific titers in severe disease sur-

vivors. (Figure 1B; Figure S1A). Similarly, no significant differ-

ence was observed in IgG3, the first highly functional IgG sub-

class selected during acute immune responses (Vidarsson

et al., 2014). However, the anti-S IgG1 titers differed significantly

between severe andmoderate disease andwere lower in individ-

uals that died from severe infection. By the second week, signif-

icantly higher titers of nearly all the S-specific antibody isotypes

and subclasses (Figure 1B), and higher titers across all antigens

(Figure S1A), were observed in survivors of severe disease

compared to those with moderate disease and those who

died. Slower S-specific IgG1 development was noted in both

those who died and in individuals with moderate disease. By

the third week, IgA and IgM were nearly equivalent across all

groups (Figure 1B; Figure S1A). However, individuals with severe

and moderate disease generated higher IgG subclass titers

compared to the deceased group by the third week, pointing

to a convergence of IgG immunity across survivors but a delayed

and incomplete evolution among non-survivors. Thus, despite

the early robust evolution of IgA and IgM responses among

non-survivors, these data argue for a potential selective defect

in IgG development associated with COVID-19 mortality.

Compromised Fc Receptor Binding and Effector
Function Tracks with COVID-19 Mortality
Given the differences in IgG class switching, we next examined

the functional consequences of this defective class-switched

response. Specifically, the ability of SARS-CoV-2-specific anti-

bodies to bind to the low-affinity IgG-Fcɣ receptors (FcɣRs)
and the IgA-Fc-a-receptor (FcaR), critical for deploying antibody

effector function (Nimmerjahn and Ravetch, 2008), was as-

sessed. Binding was assessed to the FcaR and the low-affinity

IgG-FcɣR, the activating FcɣR2A and FcɣR3A receptors, the

sole human inhibitory receptor FcɣR2B, and the GPI-anchored

FcɣR3B receptor (Nimmerjahn and Ravetch, 2008; Otten and

van Egmond, 2004). FcɣR binding profiles mirrored changes in

IgG1 and IgG3 titers, with early development of S-specific

FcɣR2B and S1- and S2-specific FcɣR2B and FcɣR3B binding

antibodies in individuals with severe SARS-CoV-2 infection

that survived (Figure 1C; Figure S1A). These differences were

amplified over time, with FcɣR3A and FcaR binding antibodies

reaching relatively similar levels across groups but overall lower

FcR binding antibodies in individuals with moderate disease and

non-survivors.

Differences in FcR binding results in changes in signaling cas-

cades and distinct antibody-mediated innate immune effector

functions (Nimmerjahn and Ravetch, 2008). Therefore, we next

probed the consequences of the changes in antibody titer and

FcR binding on innate immune effector functions and neutraliza-

tion (Figure 1D). Low but detectable antibody effector functions

were observed in all three groups 1 week following symptoms,

with rapid initial development of functional humoral immunity
Cell 183, 1508–1519, December 10, 2020 1509
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Figure 1. Weekly Evolution of SARS-CoV-2-Specific Humoral Immune Responses Following Symptom Onset across Different Clinical

Courses

There were 193 plasma samples from hospitalized SARS-CoV-2 infected individuals profiled against the SARS-CoV-2 spike (S) antigen. (A) Of the patients, 82

were not admitted to the ICU and were eventually discharged (moderate), 76 required ICU care but did not succumb to infection (severe), and 35 died of COVID-

19 (deceased). Patients were sampled from 1–8 times during their hospital stay. np denotes the number of patients in a group, and nt denotes the total number of

samples collected across all individuals. Distributions of titers (B), Fc receptors (C), and functions (D–G) across moderate (blue), severe (yellow), and deceased

(red) over the course of 0–7, 8–14, and greater than 14 days against S. The solid white line represents the median, and the dotted lines represent the first and third

quartiles. A Kruskal-Wallis test was used to evaluate statistical differences across groups for all intervals and features and was corrected for multiple hypothesis

testing using the Benjamini-Hochberg procedure. If statistically significant, a two-sided Mann-Whitney U test was performed for post hoc comparisons. Sig-

nificance corresponds to the Mann-Whitney U test p values (*p < 5e�2, **p < 5e�3, ***p < 5e�4, ****p < 5e�5, *****p < 5e�6). Antibody-dependent cellular

phagocytosis (ADCP), antibody-dependent neutrophil phagocytosis (ADNP), antibody-dependent complement deposition (ADCD), antibody-dependent natural

killer cell activation (ADNKA). See also Figure S1, Table S1, and Data S1.
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among survivors with severe infection. Notably, by the second

week of infection, S-specific antibody-dependent neutrophil

phagocytosis (ADNP), complement fixation (ADCD), and neutral-

ization were similar among the severe survivors and non-survi-

vors but were higher than the levels observed in individuals

with moderate disease (Figure 1D). Conversely, cellular phago-

cytosis (ADCP), NK cell-activating (ADNKA) S-specific anti-

bodies, measured by MIP-1b secretion, and receptor-binding

domain (RBD)-specific functions were significantly lower in

non-survivors compared to survivors of severe infection but

were similar in non-survivors and survivors with moderate dis-

ease. In particular, RBD-specific monocyte phagocytic anti-

bodies and complement-fixing antibodies remained lower in

non-survivors through week three (Figure S1A). Changes in Fc

glycosylation directly influence FcɣR binding and effector func-

tion (Jefferis et al., 1998). Interestingly, by the second week

following symptom onset, broad FcɣR binding associations

were observed in survivors of severe disease (Figure S1B) that
1510 Cell 183, 1508–1519, December 10, 2020
were lost in individuals who ultimately succumbed to infection,

pointing to potential shifts in Fc glycosylation across groups in

the setting of continually evolving IgG titers. Thus, two potential

temporal shifts in Fc glycosylationmay exist during SARS-CoV-2

infection, the first poised to recruit and clear the virus and a sec-

ond for clearing infected cells. These data collectively point to a

disconnect in the evolution of antibody titer and function, with a

slower andmilder evolution of antibody effector functions among

individuals with moderate infection, a rapid and highly functional

humoral immune evolution in individuals with severe disease,

and a defect in the evolution of particular IgG functions in individ-

uals that ultimately pass away.

Developmental Differences in Humoral Architecture
To further investigate whether specific types of antibody proper-

ties or antigen specificities differed across individuals that sur-

vived or did not survive severe SARS-CoV-2 infection, polar plots

were generated to examine potential patterns in humoral



Figure 2. Weekly Evolution of Humoral Architecture

The polar plots depict themean percentile of each antibody feature at each interval across the severe (top) and the deceased (bottom) groups. Themajor slices 1–

6 cover antigen-specific isotypes/subclasses, 7–11 antigen-specific antibody Fc receptor binding, and 12–16 antigen-specific antibody mediated functions. For

segments 1–11, antigen specificities repeat in the following order: S, RBD, N, S1 trimer, S1, and S2. For segments 12–16, antigen specificities are repeated S,

RBD, andN. The size of thewedge depicts themean percentile ranging from 0–1. On the right, non-parametric combination global p values are shown, composed

of Mann-Whitney U test p values for partial tests within each feature type and using the Fisher method for combination (*p < 0.05).
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features at 1, 2, and 3 weeks post symptom onset (Figure 2). As

early as the first week post symptoms, enhanced humoral immu-

nity was observed in severely ill patients that survived infection

(Figure 2). While responses holistically increased in both groups,

the rise was more uniform and robust among survivors

compared to non-survivors. Although there were similar IgA

and IgM responses across the two groups, there was an overall

trend toward lower IgG3, FcR binding, and Fc functions in the

non-survivor,s which were observable by the second week

post symptoms but were amplified by week three, similar to

what was observed in the univariate analysis (Figure 1). In partic-

ular, survivors evolved overall higher phagocytic responses. To

probe the global differences in the humoral immune response

across the groups, non-parametric combinations of univariate

differences for each feature class further revealed significantly

higher overall development of FcR binding as early as week

one and Fc-functional responses by week three in the severely

ill recovered individuals compared to those who died (Figure 2).

Ultimately, the majority of antibody features were stunted in

those who died with no evidence of disease-enhancing humoral

responses linked to mortality. These data highlight more signifi-

cant qualitative defects in the humoral immune response that

track with COVID-19 mortality.

Longitudinal Variation across Clinical Groups
Given the significant differences across the groups over time,

we next aimed to gain enhanced temporal granularity related

to the nature of the humoral defect in humoral immunity.

Whereas the Uniform Manifold Approximation and Projection
(UMAP), which represents high-dimensional data reduced to

two-dimensional space, showed limited SARS-CoV-2 humoral

immune variation by age and sex (Figures 3A and 3B; Fig-

ure S2), but variation was observed with respect to time

following symptom onset (Figure 3C). Temporal changes in in-

dividual humoral features across the groups highlighted distinct

humoral trajectories across the patient groups and across anti-

gens and isotypes (Figure 3D). When analyzed by days

following symptom onset, rather than weekly intervals (Figures

1 and 2), delays in the rise of IgG, IgA, FcɣR2A, and antibody

functions in non-survivors emerged (Figure 3D). All three iso-

types appeared to decline more rapidly among the deceased

compared to the survivors. Furthermore, no difference was

noted in neutralizing antibody evolution between these groups

(Figure 3D). Thus, temporal analysis revealed both delayed and

incomplete evolution of the humoral immune response among

non-survivors of SARS-CoV-2 infection.

Dissecting Specific Temporal Differences in Early
Humoral Dynamics
To determine the antibody features that differed most across

survivors and non-survivors, Akaike information criterion (AIC)

was used to identify the individual humoral characteristics that

showed the greatest variation between the severe and deceased

groups, based on quantitative kinetics occurring over the first

17 days following symptom onset (Figure 4A). Among the top 5

features, S2-, S-, and S1 trimer-specific FcɣR binding were high-

ly divergent across the groups, followed by additional RBD- and

S1-specific FcɣR binding and S-specific ADCD (Figure 4A).
Cell 183, 1508–1519, December 10, 2020 1511
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Figure 3. Temporal Evolution of SARS-CoV-2-Specific Antibody Features

(A–C) Uniform Manifold Approximation and Projection (UMAP) was used to visualize the multivariate data in two dimensions. Each point represents a given

individual at a single time point and colors indicate age (A), sex (B), and group (C).

(D) Normalized antibody levels are shown over time, plotted by days after symptom onset, for the severe and deceased group. Each dot is an individual mea-

surement, the lines show smoothed non-parametric regression models (loess), and the color indicates the antigen specificity. See also Figure S2 and Data S1.
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Antibody titers showed less pronounced differences between

the groups, highlighting stronger differences in quality, rather

than quantity, of antibody evolution during the first 17 days

following symptom onset.

To gain a deeper sense of how the features differed over time,

curves were fitted for each feature and evaluated based on four

parameters: (1) ‘‘a’’ = initial levels, (2) ‘‘b’’ = initial seroconversion

speed, (3) ‘‘c’’ = seroconversion time, and (4) ‘‘d’’ = endpoint levels

(Figure 4B). Analyzing the features that were the most divergent

across the groups (Figure 4A), S2-specific FcɣR3B and S-specific

FcɣR2B binding levels differed not only at the time of symptom

onset (parameter a), but also seroconverted more rapidly (c)

over the first few days following symptom onset in the individuals

who survived severeSARS-CoV-2 infection (Figure 4C; FigureS3).

Conversely, S2-specific FcɣR2BandFcɣR2Abindingwere initially

higher in survivors compared to non-survivors but reached similar

levels in both groups. Further FcR binding antibodies and S-spe-

cific ADCD all showed similar differences in time to seroconver-
1512 Cell 183, 1508–1519, December 10, 2020
sion across the two groups, highlighting the delayed kinetics of

this evolution in individuals that did not survive infection. Thus,

these data highlight the different temporal changes across the

antibody features, pointing to distinct functional consequences

in antiviral immunity following infection.

In order to understand generalizable differences in the tempo-

ral evolution of the humoral immune response, a composite vi-

sual was constructed that summarized kinetic differences in

each parameter (a, b, c, d) across each feature and the two

group. Early elevated broad IgG1 levels, S1- and S2-specific

IgG3, S-specific FcɣR2B, S- and S2-specific FcɣR3A, and S2-

specific FcɣR3B were noted, with a notable immunodominance

of S2-specific immunity among survivors at the time of symptom

onset (parameter a) (Figure 4D). A consistent but more abrupt

initial conversion speed (parameter b) was observed in the indi-

viduals that ultimately passed away across multiple subclasses,

isotypes, FcR binding profiles, and functions, potentially related

to their lower early levels. Non-survivors also converted later
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Figure 4. Dissecting Temporal Differences across Groups

(A) The bar plot depicts the DAIC of the model without differences between the groups, where the higher height represents the features that explain trajectory

differences best between the groups. The bars are colored according to antigen specificity, and the vertical line (DAIC = 10) indicates the commonly used

threshold for rejecting models.

(B) Four-parameter logistic growth curves were employed to dissect the specific temporal difference across the groups for each feature. The curves were built by

y(t) = d + (a� d)/(1 + (t/c)b), with y(t) describing the temporal evolution of the antibody levels based on the days after symptom. Differences were then split by a =

(legend continued on next page)
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(parameter c) than survivors across nearly all FcR binding anti-

bodies, with a delay in RBD- and S2-specific FcɣR2B and

FcɣR3B binding antibodies. Final overall magnitudes (parameter

d) pointed toward higher levels among survivors. Importantly, no

single feature was enhanced early or later in individuals who ul-

timately passed away, further underscoring that no antibody

feature pointed to evidence of disease enhancement in this

population.

As mentioned above, in comparison to other targets on S, S2-

specific responses were already expanded days after symptom

onset in severe survivors (Figures 4C and 4D; Figure S3). Given

the emerging appreciation for the more conserved nature of S2

across coronaviruses (Braun et al., 2020), the early rise in S2-

specific FcR binding antibodies may reflect an early evolution

of cross-reactive immunity that may be key to disease control.

Conversely, no differences were observed in common-coronavi-

rus RBD-specific humoral immune responses at early time

points across the groups, suggesting that the ability to evolve

S2-specific cross-reactive immunity, rather than the level of

pre-existing immunity to less cross-reactive RBDs, associated

with neutralization (Amanat et al., 2020) may play a more critical

role in disease recovery (Figure S4). These data point to both

higher initial and overall levels of IgG and FcR binding antibodies

among survivors, especially against the S2 domain. In contrast,

non-survivors showed lower initial responses that attempted to

converge but largely failed to do so.

Finally, to determine the individual antibody features that

differed most across the two groups, data were integrated,

and an enrichment score was calculated for each antibody Fc

readout (Figure 4E), each antigen-specificity (Figure 4F), or

groups of Fc features (Figure 4G) to define the humoral changes

that were most elevated within one group or another. While

limited differences were noted in IgG2, IgA, and IgM responses

across the two groups, IgG1, IgG3, FcR binding, and functional

responses differed most across survivors and non-survivors.

These differences were observed similarly across all tested

SARS-CoV-2 antigens (Figure 4F). Moreover, when all feature

‘‘types’’ were collapsed, no enrichment was observed for titers,

but FcR binding and Fc effector functions were able to resolve

individuals across clinical trajectories (Figure 4G). These data

highlight that cross-antigen differences in antibody effector func-
defining differences in initial levels, b = the seroconversion speed, c = the seroconv

on the shape of the curve is shown for varying parameter values indicated by the

(C) The top 10 different features that differed most between the groups are show

lines indicate the fitted curves corresponding to the optimal model and the color

model, are indicated in the left corner. The dots and lines are color-coded accor

(D) The heatmap shows the Akaike weight averaged parameter differences betwe

across the features, the color intensity depicts how different the parameter is acro

Along the x axis, individual specificities (S, RBD, N, S1 trimer, S1, and S2) are org

(subclasses, isotypes, FcR binding, and functions).

(E–G) Normalized enrichment scores (a metric of how different the feature is acro

individual antigens (F), and feature ‘‘type’’ (G). The darker the color the more diff

(H) Receiver operating characteristic (ROC) curve shows the model performanc

replicate, and the orange is the mean ROC curve showing overall performance.

fication accuracy was compared to permutated data and significance was asses

rate; FPR, false positive rate.

(I) Features most often selected during the classification process in yellow are sh

deceased individuals.

See also Figures S3 and S4.
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tion, rather than titer, are most divergent between survivors and

non-survivors of SARS-CoV-2 infection.

To illustrate whether survivors with severe disease and those

who died could be distinguished within the first week following

symptom onset, a random forest selection model was con-

structed. The model recursively chose a minimal set of features

that best distinguished the two groups in a cross-validation

framework, resulting in the generation of amodel able to robustly

classify individuals. The model was able to classify survivors or

non-survivors with 72% accuracy (Figures 4H and 4I). Many of

the top features selected by the model were higher in survivors,

including S-specific functions, FcRs, and IgG3. One feature, N-

specific FcaR, was higher in non-survivors, in line with previous

observations related to early immunodominance shifts between

S and N across individuals that ultimately survive or pass away

(Atyeo et al., 2020). Thus, early cross-antigen specific antibodies

able to drive rapid control and clearance of the virus represent

early biomarkers that resolve disease trajectory and provide in-

sights into humoral functions, and dysfunctions, that may be

key to early antiviral containment.

Antibody Profiles Evolve More Slowly with Moderate
Disease but Mimic Survivor Profiles
The evolution of early FcR binding and activity in severely in-

fected individuals appeared to emerge as a key correlate of

convalescence. However, whether similar antibody profiles

developed in individuals with moderate infection remained un-

clear. Antibody profiles were therefore compared across individ-

uals with moderate and severe infection who survived. Despite

the delayed rise in SARS-CoV-2 antibody levels early in infection

(Figure 1B; Figure S1), individuals with moderate infection

evolved equivalent IgA and IgM levels by the third week following

symptoms (Figures 1B and 5A; Figure S1). IgG, FcR binding, and

antibody effector functions evolved slowly and remained lower in

individuals with moderate disease compared to those with se-

vere disease but continued to develop (Figure 5A). Similarly, tra-

jectory analysis demonstrated delayed subclass and isotype ti-

ters, FcR binding, and functional responses in individuals with

moderate infection (Figure 5B). As early as 2 weeks following

symptoms, individuals with a moderate disease trajectory could

be resolved from individuals with severe disease based largely
ersion time, and d = the asymptotic end levels. The influence of the parameters

color.

n. Dots indicate individual patients, diamonds indicate the binned median, the

indicates the group. The specific parameters, which differed for the displayed

ding to the group.

en the groups. Each row represents a parameter (a, b, c, d) and is normalized

ss the groups, and the color indicates in which group the parameter is higher.

anized in the same repeating order across each Fc variable that was acquired

ss the two groups) are shown for individual features collapsed by antigen (E),

erentially that feature is expressed across the two groups.

e in a cross-validation framework. In light blue are the ROC curves for each

Mean area under curve (AUC) is reported using the mean ROC curve. Classi-

sed using exact p values of the tail probabilities (*p < 0.05). TPR, true positive

own and ranked based on the magnitude of the enrichment across severe and
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Figure 5. Humoral Differences between Moderate and Severe Disease

(A) The polar plots depict the mean percentile of each antibody feature at each interval across the moderate (top) and the severely (bottom) infected individuals.

The major slices 1–6 cover antigen-specific isotypes and subclasses, 7–11 antigen-specific antibody Fc receptor binding, and 12–16 antigen-specific antibody-

mediated functions. For segments 1–11, antigen specificities repeat in the following order: S, RBD, N, S1 trimer, S1, and S2. For segments 12–16 antigen

specificities are repeated S, RBD, and N. The size of the wedge depicts the mean percentile ranging from 0–1. On the right, non-parametric combination global p

values are shown, composed of Mann-Whitney U test p values for partial tests within each feature type and using the Fisher method for combination (*p < 0.05).

(B) Normalized antibody levels are shown over time, by days after symptomonset for themoderate and severe groups. Each dot is an individual measurement, the

lines show smoothed non-parametric regression models (loess), and the color indicates the antigen specificity.

(legend continued on next page)
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on functional antibody features that were all elevated in individ-

uals with severe disease (Figures 5C and 5D). These data point

to similar biophysical, albeit delayed, SARS-CoV-2 antibody pro-

files among moderately infected individuals that may not require

further functional evolution due to early and effective control of

the virus.

DISCUSSION

In the absence of correlates of immunity, vaccine development

efforts have been focused on maximizing antibody titers and

neutralization, which have been linked to protection against

other pathogens (Chen et al., 2018; Murin et al., 2019; Plotkin,

2010). However, once SARS-CoV-2 infection evolves beyond

the upper-respiratory tract, dissemination within the lower-respi-

ratory tract, and even across organs, may require more complex

immune responses to fully contain and eradicate the infection.

Along these lines, emerging vaccine correlates of immunity point

to a critical role for both neutralization and Fc effector functions

in protection from infection (Yu et al., 2020). Specifically, S- and

RBD-specific complement and phagocytosis have been linked

to viral control in the bronchoalveolar fluid (Yu et al., 2020). These

data suggest that a potential synergy is required between the

antibody antigen-binding domain (Fab) and constant domain

(Fc) functions in immunity against SARS-CoV-2, where neutrali-

zation provides a first line of defense, and Fc effector functions

may provide a second line of defense deeper within the respira-

tory tract. However, whether the same mechanisms are utilized

during natural viral clearance or whether spontaneous resolution

of infection may be associated with different antibody mecha-

nisms remains to be determined.

Unlike other viral infections, IgM and IgA arise nearly simulta-

neously in SARS-CoV-2 infection, likely due to the highly com-

partmentalized nature of this infection. While individuals with

moderate infection exhibited lower levels of these isotypes, the

similar levels of IgA and IgM among individuals who survived

or did not survive severe infection suggest similar early pathogen

burden within the groups. However, while the individuals who

survived severe infection successfully class switched to IgG an-

tibodies, with high-affinity FcR binding capacities, individuals

who did not survive showed less robust switching and exhibited

a delayed evolution of high-affinity FcR binding antibodies and

Fc effector function. This suggests an acute systemic develop-

mental defect in the humoral immune response associated

with COVID-19 mortality. Moreover, individuals with moderate

disease also exhibited delayed humoral immune evolution,

pointing to either non-humoral mechanisms of humoral immune

control in moderate disease or an exposure to less virus,

requiring less aggressive immunity for containment and clear-

ance. Furthermore, given the striking perturbations in cellular im-

munity reported during infection (Kuri-Cervantes et al., 2020),

future studies including autologous antibodies and cellular effec-
(C) The ROC curve shows the model performance in a cross-validation framework

the mean ROC curve showing overall performance. Mean AUC is reported using

data, and significance was assessed using exact p values of the tail probabilities

(D) Features most often selected during the classification process. In yellow are fe

enriched in the moderates.
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tors from infected patients could provide enhanced insights into

mechanisms of protection or pathology.

Given the staged evolution of antibody isotypes and the time

required for affinity maturation, distinct antibody effector func-

tions likely contribute to restriction of infection at different times

during infection. Dissecting the trajectory of the humoral immune

profiles with respect to time following symptoms and comparing

the evolution of humoral features across groups could point to

distinct time-specific mechanisms of immunity against SARS-

CoV-2. For example, S2-specific FcR binding differed among

the groups very early in infection, with S2-specific FcɣR2B sepa-

rating the groups from the first day of symptom onset. Given our

emerging appreciation for S2 conservation across coronavi-

ruses, it is plausible that the rapid evolution of S2-specific re-

sponses, drawn from pre-existing cross-reactive immunity to

other coronaviruses may help facilitate initial viral control (Ma-

teus et al., 2020). Conversely, S1 trimer-, S-, and RBD-specific

humoral immune profiles split between the groups during the

second week of infection, highlighting a delayed response to

these specificities. Collated, kinetic differences highlighted the

unique early and late enrichment of IgG and FcR binding in indi-

viduals who survived compared to those who did not, pointing to

a critical need for a very early class switch and maintenance of

IgG and FcR binding antibodies for recovery. However, why

the deceased class switched to IgA but not to IgG early in dis-

ease remains unclear. Emerging data point to the aberrant in-

duction of germinal centers among individuals with severe infec-

tion (Kaneko et al., 2020). Due to the compartmentalized

mucosal nature of the infection and the ability of T cell-indepen-

dent IgA class switching to occur at mucosal sites, it is plausible

that equivalent early IgA switching may occur across all severely

ill individuals (Bergqvist et al., 2010), but a lack of sufficient

germinal center support may result in poor IgG switching in those

who ultimately pass away. T help is critical for class switching,

and T helper selection biases have been noted with age (Haynes

and Maue, 2009), diabetes (Walker and von Herrath, 2016), and

higher body-mass index (Green and Beck, 2017), comorbidities

associated with more severe SARS-CoV-2 disease. Additionally,

lymphopenia, cytokine dysregulation, and other tissue architec-

tural pathological manifestations may all alter germinal center

activity, contributing to this early incomplete class switching.

Therefore, future studies considering the dysregulated cellular

states observed in the COVID-19 patients, as well as the collab-

oration of antibodies with cellular immunity, may reveal addi-

tional mechanisms critically important for protection.

Antibody responses clearly accrue with more severe disease,

raising discussions about a potential pathological role for humor-

al immunity in disease severity (Zohar and Alter, 2020). However,

here we did not observe any evidence of higher antibody levels

or functions in individuals who ultimately passed away, providing

limited evidence of antibody enhancement. It is critical to note

that beyond their immunological activities, antibodies also
. In light blue are the ROC curves for each replicate and the orange represents

the mean ROC curve. Classification accuracy was compared to permutated

(*p < 0.05). TPR, true positive rate; FPR, false positive rate.

atures enriched in the individuals with severe infection, and in blue are features
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represent critical biomarkers of the intensity of antigen-expo-

sure. For instance, antibody levels typically increase with anti-

gen-burden in tuberculosis (Kawahara et al., 2019), human im-

munodeficiency virus (Tomaras and Haynes, 2009), and

malaria infection (Dobbs and Dent, 2016) but do not contribute

to enhanced disease in these settings. Thus, distinguishing the

quantitative changes that simply track with pathogen burden

from the qualitative changes in antibodies that drive immunity

or pathology may be key to unlocking the mechanistic changes

that lead to effective immunity.

Neutralization did not differ across the groups in early infection

but instead developed with severity of disease. Whereas

emerging vaccine studies point to neutralization as a key corre-

late of immunity (van Doremalen et al., 2020), after establishment

of infection, neutralization may play less of a role in controlling

the pathogen. Instead, Fc effector functions are likely critical

for the recognition of infected cells and clearance of new virus.

In the context of vaccination, then, neutralization and Fc effector

function are likely to be key collaborative correlates required to

provide first and second line defense in antiviral control, as has

been recently observed in vaccinated NHP (Yu et al., 2020).

However, given that only a small proportion of NHPs develop se-

vere disease, like their human counterparts, assessing the

impact of these vaccines on attenuating severe disease remains

difficult outside of very large primate studies. Nonetheless,

harmonizing human pathogenesis studies with NHP vaccine

studies offers a unique opportunity to uncover the key correlates

of immunity to guide vaccine development.

While no influence was observed in antibody profiles across

therapeutic interventions or comorbid conditions, these data

argue for independent influences of lung disease-associated

pathophysiological changes in collaboration with SARS-CoV-

2-specific antibody profiles in shaping disease outcome. How-

ever, collectively, the work here argues for the evolution of a

robust, protective functional humoral immunity among individ-

uals who develop severe infection that is perturbed soon after

infection among non-survivors. Defining early biomarkers that

identify individuals on a deleterious clinical trajectory may pro-

vide early opportunities to triage individuals to better and more

intense care. Alternatively, these data also highlight the impor-

tance of accessing the full range of humoral immune functions

to fully provide protection from SARS-CoV-2 infection and

disease.

Limitation of Study
There are several limitations in this study. First, given that pa-

tients are admitted and discharged at different stages during

their disease trajectories, identical temporal sampling was not

possible across all samples. However, given the large number

of samples, temporal trajectories were constructed across clin-

ical groups. Moreover, complementary modeling approaches

were used to ensure that the trajectories were representative

of the patient class and that conserved signatures of protection

were identified across the groups. Additionally, antibody-medi-

ated functional assays were performed with cells from healthy

donors rather than autologous cells from the infected patients.

However, recent findings suggest that COVID-19 patients, espe-

cially those with severe disease, exhibit unique cellular defi-
ciencies and perturbated cellular states (Kuri-Cervantes et al.,

2020). Therefore, future studies investigating the composite ef-

fects of humoral functional immunity linked to altered cell states

observed in COVID-19 patients may reveal additional mecha-

nisms critically important for mechanistically understanding pro-

tection. Lastly, peripheral antibodies were analyzed in this study.

However, localized production of antibodies may result in the

production of localized antibodies with distinct functional prop-

erties that may drive unique protective or pathological functions.

Thus, future studies focused on compartment-specific antibody

functional profiles may also provide enhanced resolution on pro-

tective or pathological functions of antibodies at the site of viral

infection and replication.

Collectively, the data presented here argue for a role for func-

tional humoral immunity in the resolution of severe SARS-CoV-2

infection. Although additional cohorts may provide future mech-

anistic insights into the specific signals that result in the genera-

tion of these protective humoral immune responses, these data

point to specific antibody functions that may be of high value

in vaccine or therapeutic design.
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(galter@partners.org).

Materials Availability
This study did not generate new unique reagents.

Data and Code Availability
The dataset generated for the study (Data S1) and the code (Data S2) used for analysis have beenmade available in the supplemental

material. Additional supplemental items are also available at Mendeley Data: http://dx.doi.org/10.17632/97m5dtkg4t.1.

EXPERIMENTAL MODEL AND SUBJECT DETAILS

Sample Cohort
Plasma samples from 193 subjects infected with SARS-CoV-2, from Massachusetts General Hospital (MGH), were included in this

study. Individuals were tested for SARS-CoV-2 by real-time reverse-transcriptase–polymerase-chain-reaction (RT-PCR) using naso-

pharyngeal swabs. Subjects that tested positive were enrolled in the study upon hospital admission, and samples at admission were

included in this study (Figure 1A; Table S1). Patients were admitted to the hospital due tomoderate to severe symptoms of COVID-19

and were followed over multiple time points (ranging from 1-8 time points per individual). Disease outcome was classified as either

discharged or deceased. Severity of disease was classified by admission to the intensive care unit (ICU). All enrolled participants

gave written, informed consent. Demographic information including age, and whether patients were immunosuppressed are

summarized across the groups (Table S1). Plasma samples from 32 hospitalized individuals which tested negative by RT-PCR
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were used as negative controls throughout the study. All experimental data was captured in two technical replicates and the average

value was reported for all assays. This study was approved by the MGH Human Subjects Institutional Review Board.

Primary Immune Cells
Fresh peripheral bloodwas collected by theMGHBlood bank fromhealthy human volunteers. All volunteers gave signed consent and

were over 18 years of age, and all samples were de-identified before use. The study was approved by the MGH Institutional Review

Board. Human NK cells were isolated from fresh peripheral blood and maintained at 37�C, 5% CO2 in RPMI with 10% fetal bovine

serum, L-glutamine, penicillin/streptomycin.

Cell Lines
HL-60 cells (ATCC), a promyelocytic leukemia cell line, were grown in IMDM supplemented with 20% fetal bovine serum and peni-

cillin/streptomycin at 37�C, 5% CO2. For neutrophil differentiation, the media was supplemented with 1.25% DMSO for THP-1 cells

(ATCC), a monocytic leukemia cell line, was maintained in RPMI supplemented with 10% fetal bovine serum, L-glutamine, penicillin/

streptomycin, HEPES, and beta-mercaptoethanol. THP-1 cells were grown at 37�C, 5% CO2.

METHOD DETAILS

Luminex
Antigen-specific antibody subclass/isotype and Fc-receptor (FcR) binding levels were measured using a 384-well based customized

multiplexed Luminex assay, as previously described (Brown et al., 2012). This high-throughput assay allows for the assessment of rela-

tive antibody concentration against SARS-CoV-2 RBD, HKU1 RBD, NL63 RBD (all kindly provided by Aaron Schmidt, Ragon Institute),

SARS-CoV-2 nucleocapsid (N) protein (Aalto Bio Reagents), and SARS-CoV-2 spike protein (S) (kindly provided by Eric Fischer, Dana

Farber) as well as S1 (Sino Biological, 40591-V08B1), S1 trimer (provided by Bing Chen), S2 (Sino Biological, 40590-V08B), and amix of

HA A/Michigan/45/2015 (H1N1), HA A/Singapore/INFIMH-16-0019/2016 (H3N2), B/Phuket/3073/2013 (Immunetech). In brief, antigens

were covalently bound to fluorescent carboxyl- modified microspheres (Luminex) by NHS-ester linkages using EDC and Sulfo-NHS

(Thermo Scientific). Antigen-coupled beads were then washed and blocked before adding plasma samples at an appropriate sample

dilution (1:500 for IgG1, 1:1000 for all Fc- receptors, and 1:100 for all other isotype/subclass readouts). After an overnight incubation at

4�Cwhile shaking at 700rpm, immune complexedmicrosphereswerewashed using an automated platewasher (Tecan) with 0.1%BSA

0.02%Tween-20. Antigen-specific antibody titers were detected using a PE-coupled detection antibody for each subclass and isotype

(IgG1, IgG2, IgG3, IgA1 and IgM, Southern Biotech), and Fc-receptors were fluorescently labeled with PE before addition to immune

complexes (FcR-2A, �2B, �3A, �3B, Duke Protein Production facility). Plasma samples were acquired via flow cytometry, using an

iQue (Intellicyt) and S-Lab robot (PAA). Analysiswas done using ForeCyt software by gating on fluorescent bead regions and PEmedian

fluorescent intensity (MFI) was reported as readout for antigen-specific antibody titers.

Effector Functional Assays
Bead-based assayswere used to quantify antibody-dependent cellular phagocytosis (ADCP), antibody-dependent neutrophil phago-

cytosis (ADNP) and antibody-dependent complement deposition (ADCD) in the MGH SARS-CoV-2 cohort, as previously described

(Ackerman et al., 2011; Worley et al., 2018; Lu et al., 2016; Fischinger et al., 2019; Karsten et al., 2019). Yellow (ADNP and ADCP)

aswell as red (ADCD) fluorescent neutravidin beads (ThermoFisher)were coupled tobiotinylatedSARS-CoV-2RBD,NandSantigens

and incubatedwith diluted plasma (ADCPandADNP1:100, ADCD1:10) to allow immune complex formation for 2 h at 37�C. To assess
the ability of sample antibodies to induce monocyte phagocytosis, THP-1 s (ATCC) were added to the immune complexes at

1.25E5cells/mL and incubated for 16 h at 37�C. For ADNP, HL-60 cells were differentiated into CD11-expressing neutrophils withme-

dia including 1.25%DMSO for 5 days as described previously (Worley et al., 2018), cells weremaintained below 1E6 cells/mL. On day

5, 5E5 cells/mLwere added per well to immune complexed yellow beads and incubated for 16 h at 37�C. Afterward, neutrophils were

stained with an anti-CD11 BV605 detection antibody (Biolegend) and fixed with 4% paraformaldehyde (Alfa Aesar). In order to mea-

sure antibody-dependent deposition of C3, lyophilized guinea pig complement (Cedarlane) was reconstituted according tomanufac-

turer’s instructions and diluted in gelatin veronal buffer with calcium and magnesium (GBV++) (Boston BioProducts). Subsequently,

C3 was detected with an anti-C3 fluorescein-conjugated goat IgG fraction detection antibody (Mpbio).

Antibody-dependent NK cell activity was measured via an ELISA-based assay, as described previously (Chung et al., 2015).

Briefly, plates were coated with 3mg/mL of antigen (SARS-CoV-2 RBD, N and S) and blocked overnight at 4�C. NK cells were

isolated the day prior via RosetteSep (Stem Cell Technologies) from healthy buffy coats (MGH blood donor center) and rested over-

night in 1 ng/mL IL-15 at 1.5E5 cells/mL (Stemcell). The next day, diluted plasma samples were added to the antigen-coated plates

(1:50 dilution) and incubated for 2 h at 37þC. NK cells were mixed with a staining cocktail containing CD107a PE-Cy5 (BD), Golgi

stop (BD) and Brefeldin A (BFA, Sigma Aldrich) and 2.5E5 cells/mL were added per well and incubated for 5 h at 37þC. Following,

cells were fixed (Perm A, Life Tech) and stained for surface markers with anti-CD16 APC-Cy7 (BD), anti-CD56 PE-Cy7 (BD) and

anti-CD3 PacBlue (BD). Subsequently, cells were permeabilized using Perm B (Life Tech) and intracellularly stained with an anti-

MIP-1b PE (BD) antibody.
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All assays were acquired via flow cytometry with iQue (Intellicyt) and an S-Lab robot (PAA). For ADCP, events were gated on sin-

glets and bead-positive cells, whereas neutrophils were defined as CD11 positive events followed by gating on bead-positive neu-

trophils. A phagocytosis score was calculated for ADCP and ADNP as (percentage of bead-positive cells) x (MFI of bead-positive

cells) divided by 10000. ADCD was reported as median of C3 deposition. NK cells were defined as CD3-, CD16+ and CD56+.

Data were reported as the percentage of cells positive for CD107a and MIP-1b.

Neutralization
Neutralization was determined using a SARS-CoV-2 pseudovirus expressing a luciferase reporter gene, as described previously

(Yang et al., 2004). To generate the pseudovirus, the packaging construct psPAX2 (Cat# 11348, AIDS Reagent), luciferase reporter

plasmid pLenti-CMV Puro-Luc (Cat# 17447, Addgene) and Spike protein expressing pcDNA3.1-SARS CoV-2.SDCT were trans-

fected in HEK293T cells by the calcium phosphate method at a ratio of 1:1:0.5. Supernatants were collected and filtered with a

0.45-mm filter 48 h post-transfection. For the neutralization assay, HEK293Ts were transfected with pcDNA3.1(-)-hACE2 (Cat#

1786, Addgene). The hACE2-expressing HEK293T cells were plated in 96-well plates 12 h after transfection at a density of 20,000

cells/well and rested overnight. Serum was heat inactivated by incubation at 56�C for 30 min. Heat inactivated serum was twofold

serially diluted, mixed with 50uL of pseudovirus, and incubated at 37�C incubator for 1 h. After incubation, the serum/pseudovirus

mixed was added to the HEK293T/hACE2 cells. Six h after infection, cell medium was replenished. Cells were lysed in Steady-Glo

Luciferase Assay (Promega) 48 h after infection. A luciferase assaywas performedwith luciferase assay reagent (Promega) according

to the manufacturer’s protocol. NT50 was defined as the concentration of serum required to achieve half maximal neutralization.

QUANTIFICATION AND STATISTICAL ANALYSIS

All analyses were performed using python version 3.6.8, and R version 3.6.1. Raw data and custom code are available in Supplemen-

tary Information.

Polar Plots
Polar plots summarize the mean percentile of clinical groups across day ranges from symptom onset. First, percentile rank scores

were determined for each feature across all time ranges. Samples which were sampled multiple times within an interval were repre-

sented by the mean value, and mean percentiles were determined using samples corresponding to intervals and clinical groups.

Non-Parametric Combination
Global statistical differences of feature types between groups were assessed using non-parametric combination (Pesarin and Sal-

maso, 2010; Winkler et al., 2016). Briefly, for each feature class (i.e., IgG) partial tests consisting of p values determined by Mann-

Whitney U tests were performed for each sub feature (i.e., IgG1 RBD, IgG1 N, etc.), then p values were combined using the Fisher

method. Next, the data was permutated a thousand times, preserving the permutated structure for partial tests, and was used to

construct a null distribution of global statistics. Finally, the true global statistic was directly compared the null distribution and the

global p value was determined.

Batch Effect Evaluation
To evaluate batch effects by confounders including age, sex, body-mass-index (BMI), well plate and past pulmonary disease,

UMAP (McInnes et al., 2018) based methods were used to reduce the high-dimensional serological data into a two-dimen-

sional space for qualitative evaluation, and then quantified by the degree of local neighborhood diversity using local inverse

Simpson’s Index (LISI) (Korsunsky et al., 2019) (Figure S2A). First, titers and FcR features were log10 transformed. Then, using

the first 40 principle components (PCs) that explain more than 95% of the variance, variation was extracted by principal

component analysis (PCA) (Wold et al., 1987) using the ‘prcomp’ function in R package ‘stats’. Next, the principal components

were mapped into a two-dimensional space through the UMAP technique implemented using the R package ‘umap’ with fine-

tuned parameters (neighbor = 30, min. dist = 0.1). Finally, the LISI score was calculated using the R package ‘immunogenom-

ics/LISI’. The score ranged from one to the number of categories and was used to evaluate the degree of mixing in the UMAP

embedded space. The larger the LISI score, the higher the degree of heterogeneity among the samples and, therefore, the

smaller the confounding effect. Unknown samples (for BMI and previous pulmonary diseases) were excluded and the contin-

uous variables BMI and age were grouped in 4 and 7 categories, respectively (BMI: < 25, [25,30), [30, 35), R 35, age: [30,40),

[40,50), [50,60), [60,70), [70,80), [80,90), [90,100). The observations for the continuous variables were the same when using a

local average score instead of categorizing the samples.

Temporal Analysis
First, the Luminexmeasurements and ADCDwere log10 transformed. All measurements were normalized such that theminimal value

across groups was 0, and the maximal value was 1. For visualization, a non-parametric regression model was employed to obtain a

smoothed line using the R function ‘loess’ (span = 0.7). It is critical to note, that the late rise of some curves is attributable to a limited

number of late time points, and not due to a true elevation in antibody levels. To understand and determine differences in the antibody
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dynamics between the groups, we described the dynamics of each antibody feature y at the group-level using a four-parameter lo-

gistic growth curve:

yðtÞ = d +
ða� dÞ�
1+

�
t
c

�b�

with t denoting the days after symptom onset, and a, b, c, and d denoting biological parameters for the initial antibody levels at the

day of symptom onset (a), the initial seroconversion speed (b), the time of 50% seroconversion (c) and the asymptotic end levels (d).

To detect differences between the individuals who survived severe SARS-CoV-2 infection and those who did not, we built models

that describe the dynamics of both groups simultaneously, allowing for combinations of parameters to differ between the groups,

while the others are shared between the groups. With 4 parameters, there are 16 possible combinations/models for each feature

that could potentially explain the antibody feature dynamics. For each feature, each of the 16 models was fitted to the data using

maximum likelihood estimation, treating eachmeasurement as an independent data point and assuming that differences inmeasure-

ments arose due to measurement noise. We employed a Laplacian likelihood function, which has been shown to be robust against

outliers in the data (Maier et al., 2017).

In addition to the parameters a, b, c, and d, also the noise parameter was estimated from the data. Therefore, the simplest model

assuming that there is no difference between the two groups has 5 parameters, while the most complex model has 9 parameters and

allows all curve parameters to differ. The corresponding likelihood functions weremaximized using amulti-start gradient-based opti-

mization (Raue et al., 2013) with parameter boundaries a˛½0:01;1�; b ˛½0:01; 100�; c˛½0:01;1000�; d˛½0:01; 1:2�; s˛½0:01; 1000�
and 50 starts which were increased to 500 if the maximal value was not found more than 3 times within a log-likelihood threshold

of 0.1. Due to improved numerical performance, the parameters were estimated in log10-space (Hass et al., 2019).

To detect whether there were differences between the groups, and, furthermore, decide which particular differences were most

distinct across the groups, we calculated the Akaike Information Criterion (AIC) (Akaike, 1973):

AICi = 2nqi � 2logL
�bqi

�
; i = 1;.;16

for each of the 16 models. Here, nqi denoted the number of parameters of model i and log-likelihood function logL evaluated at the

maximum likelihood estimate. The AIC rewards a good fit and penalizes a higher number of parameters to avoid overfitting and, thus,

low values of AIC are preferable. The model with the lowest AIC value was then chosen to be the best model and, commonly, models

with a difference in AIC values:

DAICi = AICi � min
j ˛f1;:::;16g

AICj

that were higher than 10 were rejected (Burnham and Anderson, 2002). To analyze the overall differences in parameters across the

groups (Figure 4D), the maximum likelihood estimates for all 16 models were combined by weighting the contribution of individual

models by the Akaike weight:

wi =
e�0:5AICiP16
j = 1e

�0:5AICj

Weights for models that were not plausible were ranked low, and, therefore, did not contribute to the parameter estimate.

Enrichment Analysis
Enrichment of features determined to be different between groupswas determined using the same framework employed byGene Set

Enrichment Analysis (GSEA) (Subramanian et al., 2005). The R package ‘fgsea’ was used to determine normalized enrichment scores

(Sergushichev, 2016). DAIC were used as weights and null distributions were constructed with size matched random selection of

features over 10000 times.

Classification of Clinical Groups
Random forest (Pedregosa et al., 2011) classification models were trained to distinguish clinical groups using minimal sets of fea-

tures, to avoid overfitting and identify features that were most predictive. Data were not corrected or transformed prior to analysis

but features for which 70% of values fell below one standard deviation above the mean of SARS-CoV-2 negative samples were

pruned. Samples which had multiple time points within a time interval were represented as a single mean value.

Models were trained and tested in a fourfold cross-validation framework using random stratified sampling to ensure the groups are

represented each set. Within each fold, random forest hyperparameters (number of estimators, max depth, and max features) which

best optimize balanced accuracy were selected based on the training set with a random search in a threefold cross validation frame-

work. Balanced subsampling during bootstrapping was used for the construction of each random forest model. Once hyperpara-

meters were determined the minimal set of features which optimizes out of bag accuracy on the training set is selected using

recursive feature elimination with fourfold cross validation. Finally, a random forest classifier was fit using both the selected hyper-
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parameters and minimal features and used to predict the test set. Multiple iterations of fold-specific feature selections were per-

formed to determine the features which best distinguish clinical groups and the stability of the results.

Performance was determined using receiver operating characteristic curves (ROC) and summarized with the area under curves

(AUC). ROC curves were constructed for each repetition using probability estimates, and the mean ROC curve was determined

by using the mean probability for each sample across replicates. Performance and robustness of the model was also contrasted

to negative control models built from permuted data. Within each fold of the model the training set labels were shuffled, and classi-

fication accuracies were generated using the same process. These control models were generated 50 times for each repetition.

Predicted and true outcomes were compared to determine accuracy. Robustness was defined as the exact p values of the tail

probabilities of the true distributions within the control distributions. Reported are the median p values across ten independent

cross-validation repetitions (Ojala and Garriga, 2010).
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Supplemental Figures

*

FcγR2A S FcγR2A RBD FcγR2A N FcγR2A S1 trimer FcγR2A S1 FcγR2A S2

FcγR2B S FcγR2B RBD FcγR2B N FcγR2B S1 trimer FcγR2B S1 FcγR2B S2

FcγR3A S FcγR3A RBD FcγR3A N FcγR3A S1 trimer FcγR3A S1 FcγR3A S2

FcγR3B S FcγR3B RBD FcγR3B N FcγR3B S1 trimer FcγR3B S1 FcγR3BS2

Fc⍺R S Fc⍺R RBD Fc⍺R N Fc⍺R S1 trimer Fc⍺R S1 Fc⍺R S2

(legend on next page)
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Figure S1. Antibody Evolution by Week following Symptoms and RBD-Specific IgG1 Fc Receptor Coordination, Related to Figure 1

(A) 193 plasma samples from hospitalized SARS-CoV-2 infected individuals were profiled against SARS-CoV-2 spike antigen (S), receptor binding domain (RBD),

nucleocapsid protein (N), subunit 1 of the spike protein as a trimer (S1 trimer), subunit 1 of spike protein (S1) as amonomer, and subunit 2 of the spike protein (S2).

Distributions of titers across moderate (blue), severe (yellow), and deceased (red) individuals are shown in the violin plot over the first, second, and third week

following symptom onset. The solid white line represents the median and the dotted lines the first and third quartiles. A Kruskal-Wallis test was used to evaluate

statistical differences across groups for all intervals and features and was corrected for multiple hypothesis testing with the Benjamini-Hochberg procedure. If

statistically significant then a two-sidedMann-Whitney U test was performed for post hoc comparisons. Significance shown corresponds to theMann-Whitney U

test p values (*p < 0.5e-1, **p < 0.5e-2, ***p < 0.5e-3, ****p < 0.5e-4, *****p < 0.5e-5). Antibody dependent cellular phagocytosis (ADCP), antibody dependent

neutrophil phagocytosis (ADNP), antibody dependent complement deposition (ADCD), antibody dependent natural killer cell activation (ADNKA).

(B) Spearman correlations were assessed within each clinical group at two- and three-weeks post symptom onset between IgG1 titers and FcɣR binding profiles

to assess shifts and changes in antibody glycosylation. Red corresponds to higher correlation, white to no correlation, and blue to anti-correlation.
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Figure S2. Batch Effect Evaluation, Related to Figure 3

(A) The algorithm provides an overview of the evaluation pipeline. The first 40 principal components (PCs) explained more than 95% of the variance and were

extracted from z-scoredmeasurements. UMAPwas applied tomap the extracted PCs into two dimensions, in which the local diversity was quantified by the local

inverse Simpson index (LISI).

(B) UMAP visualizations highlight limited antibody profile differences across four of the treatments that were used in the SARS-CoV-2 patients.

(C) UMAP visualizations show the influence of comorbid conditions – immunosuppression, pulmonary disease, and body-mass-index (BMI) - on antibody

profiles.

(D) UMAP visualization was used to probe for potential plate-batch effects, where each color represents a different plate run across Systems Serology.

(E) The histograms show the distributions of LISI scores for past pulmonary disease, body-mass-index (BMI), age, sex, andwell plate. LISImeasures the degree of

mixing in an embedding ranging from 1 to the number of categories (e.g., 2 for sex), where larger LISI scores indicate less separation and more mixing. Unknown

samples were excluded and the continuous variables BMI and age were grouped in 4 and 7 categories, respectively (BMI: < 25, [25,30), [30, 35), R 35, age:

[30,40), [40,50), [50,60), [60,70), [70,80), [80,90), [90,100)). Overall, the histograms show no substantial skewing of the antibody profiles.
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Figure S3. Temporal Evolutionary Curves of Antibody Features, Related to Figure 4

For each antibody feature, the optimal model fit is shown for each group across each feature. Dots indicate individual patients, diamonds indicate the binned

median, the lines indicate the fitted curves corresponding to the optimal model and the color indicates the group. The parameters which are different for the

displayed model are indicated in the left corner and color-coded according to the group for which the parameter is higher.

ll
Article



Figure S4. Pre-existing Coronavirus Immunity, Related to Figure 4

60 plasma samples from hospitalized SARS-CoV-2 infected individuals were profiled against the receptor binding domain of HKU1, NL63, and a mixture of

influenza antigens. Distributions of titers across moderate (blue), severe (yellow), and deceased (red) individuals are shown in the violin plot collected within the

first five days following symptoms. The solid white line represents the median and the dotted lines the first and third quartiles. A Kruskal-Wallis test was used to

evaluate statistical differences across groups for all intervals and features and was corrected for multiple hypothesis testing with the Benjamini-Hochberg

procedure. No significant differences were detected.
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