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Ciriaco A. Piccirillo,3,9,10,11,12,13 and Angela M. Crawley2,3,4,5,13,14,*

SUMMARY

Prevention of negative COVID-19 infection outcomes is associatedwith the quality of antibody responses,
whose variance by age and sex is poorly understood. Network approaches identified sex and age effects
in antibody responses and neutralization potential of de novo infection and vaccination throughout the
COVID-19 pandemic. Neutralization values followed severe acute respiratory syndrome coronavirus 2
(SARS-CoV-2)-specific receptor binding immunoglobulin G (RIgG), spike immunoglobulin G (SIgG) and
spike and receptor immunoglobulin G (S, and RIgA) levels based on COVID-19 status. Serum immunoglob-
ulin A (IgA) antibody titers correlated with neutralization only in females 40–60 years old (y.o.). Network
analysis found males could improve IgA responses after vaccination dose 2. Complex correlation analyses
found vaccination induced less antibody isotype switching and neutralization in older persons, especially
in females. Sex-dependent antibody and neutralization decayed the fastest in older males. Shown sex and
age characterization can direct studies integrating cell-mediated responses to define yet elusive corre-
lates of protection and inform age and sex precision-focused vaccine design.

INTRODUCTION

Sex and age differences in antiviral responses, vaccination, and long-term recovery are increasingly recognized in COVID-191–4 as key deter-

minants to disease susceptibility and severity. During viral infections, females have greater inflammatory, antiviral, and humoral immune re-

sponses compared to males. Early in the COVID-19 pandemic, it was observed that infection prevalence is sex independent or possibly

slightly higher in females. In contrast, males are more likely to experience severe disease, combined with increased hospitalization rates

and higher mortality.5,6 Increased disease severity was particularly significant in men over 60 years of age.2 In a large, hospitalized patient

cohort study of 308,010 patients, the mortality rate was higher in males regardless of age, race, or comorbidities.7 This is also observed

with other coronaviruses including the Middle East respiratory syndrome epidemic, where mortality rate is also higher in males.8 Differences

in sex-related mortality risk have been observed in animal models of acute respiratory viral infections,9 further suggesting significant sex ef-

fects influencing the outcomes. The molecular basis for these divergent immunological outcomes in males and females is thought to be

related at least in part to differences in sex steroid synthesis, which can have a crucial role on the function and regulation of the immune

response.10,11 Indeed, sex steroids have been reported to exert a suppressive role in immune functions suppressing immune cell activity

by promoting anti-inflammatory mediators. However, the nature and dynamics of antibody production throughout infection and vaccination

in men and women are not well understood.12
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Adaptive immunity to severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) infection depends on the concerted action of both

humoral and cell-mediated immune components. Immunoglobulin (Ig)G, IgM, and IgA against spike and receptor-binding domain (RBD) are

detected in plasma 7–8 days following the onset of symptoms in infectionwith IgA persisting for over 400 days after symptomonset.13 Detect-

able IgM and IgG Abs occur concurrently with increased plasma B cells. While IgG levels reportedly decline modestly �8 weeks after symp-

tom onset, recovered patients maintain high spike-specific IgG and IgA titers. Neutralizing antibodies (nAbs) as well as binding antibodies

(bAbs) can control SARS-CoV-2 infection; convalescent plasma containing nAb and bAb administered as a therapeutic can improve clinical

symptoms.14 In SARS-CoV-2 convalescent subjects, IgG1, IgA1, and IgM antibodies against spike and RBD all have capacity for virus neutral-

ization.13 Based on regression analysis, IgM and IgG1 show the strongest contribution to neutralization; however, direct analysis shows that

IgA was also able to neutralize.13

Severe COVID-19 patients display an acute respiratory distress syndrome, which can be mediated directly by the virus and/or a hyper-

active immune response. SARS-CoV-2 antigen-specific CD4+ and CD8+ T cells have been identified in recovered and active disease patients

and contribute to protection from re-infection.15–18 The immune profiles of COVID-19 patients with moderate disease indicate a protective

T cell response, while patients with severe disease exhibit exaggerated systemic inflammation, signs of T cell exhaustion and lymphopenia,

and decreased polyfunctionality or cytotoxicity, all features of dysregulated adaptive immunity. Different immunotypes predict the course of

infection, whereby coordinated action between CD4+, CD8+ T cells, and antibodies contributes to optimal viral control, efficient immune pro-

tection, and better disease prognosis.

Viral-induced inflammation increases with age and is associated with a hyper-inflammatory responses leading to significant lung damage

as well as increased morbidity and mortality rates in older adults. Elevated levels of inflammatory cytokines (e.g., interleukin [IL]-6), increased

inflamm-aging, and T cell senescence, as well as higher titers of anti-S/-N IgG and IgM, correlate with worse clinical readouts with older age,

suggesting adverse effects of the immune response on disease severity.16,19,20

Immune responses are known to differ inmales and females leading to sex-specific responses to vaccination and infections.21 Femalemice

have a more robust humoral and cellular immunity than their male counterparts following a primary challenge with influenza virus whereas

vaccination yields equivalent protection in both sexes.22 Transfer of immune sera from vaccinated females to naive mice provided better pro-

tection compared to transfer of sera from vaccinated males. This superior sex-associated protection is thought to be a consequence of an

increase in antibody titers, IgG antibodies of greater neutralization capacity, and effective Ig isotype switching in females contributing to

more effective antibody function and neutralization capacity. A meta-analysis of 117 peer-reviewed articles showing serum levels of IgA,

IgG, or IgM in adult human beings23 suggests that older age and male sex are associated with higher vaccine-specific IgA levels and that

lower IgM and IgG levels were not influenced by age and sex. A population-based study24 supports these findings. Increased levels of serum

IgA and decreased IgM with age and higher IgA titers in males than females were noted. Interestingly, IgG level decreases with age (up

to 60).24

The use of computed network analyses can enable the extraction of important host response patterns from complex data and has been

applied in the COVID-19 era.4 In an effort to better understand the observed sex and age differences in SARS-CoV-2 infection risk, disease

outcome, and response to COVID-19 vaccination, we applied a novel network analysis strategy25–27 to track the evolution of antibody gen-

eration and functionality following natural infection and/or vaccination in a large longitudinal cohort referred to as Stop the Spread Ottawa

(SSO),28 pinpointing changes in the response to infection and/or vaccination in immune-competent or immune-compromised individuals.

RESULTS

Age and sex weakly affect overall response to vaccination and natural infection

In this analysis, serially collected serum samples from 970 participants (3,666 samples in total) were separated into groups by the vaccination

period, age, and sex of the participant as well as by SARS-CoV-2 infection-acquired immunity status (Table 1). The primary goal of the study

was to explore the relationship between serologymeasurements and viral neutralization in males and females separately in three age groups.

Thus, we aimed to first ensure sufficient statistical power for each group and obtain correlative relationships (Figure S1). The specific

Table 1. Overview of study groups and time points assembled for this data analysis

Unvaccinated (male/female) Dose 1 (male/female) Dose 2 (male/female)

Unique study participants (n=970) 198/394 122/244 140/290

Samples 393/643 205/422 440/1,012

Positive 177/163 84/90 119/168

Negative 216/480 121/332 321/844

<40 y.o. 99 (30.3 G 4.5)/249 (30.6 G 4.9) 44 (30.4 G 5.2)/118 (31.2 G 4.8) 111 (31.5 G 4.6)/368 (31.4 G 4.5)

Age (40–60) y.o. 173 (48.0 G 6.3)/275 (49.1 G 6.2) 53 (49.6 G 5.7)/134 (50.6 G 5.60) 172 (46.8 G 5.4)/411 (50.3 G 6.0)

R60 y.o. 121 (66.6 G 4.8)/119 (66.0 G 4.3) 55 (68.0 G 5.0)/67 (65.7 G 4.7) 104 (65.7 G 5.2)/135 (65.8 G 4.7)

Dose #: 0 unvaccinated; dose 1 and 2: minimum day 14 post-vaccination and before next dose.

Positive: seropositive for IgG-N (nucleoprotein); negative: seronegative for IgG-N; y.o.: years old.
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SARS-CoV-2 strain that infected the study participants with known infection is not specified. All samples were collected betweenOctober 21,

2020, andAugust 20, 2021, before the emergence ofOmicronCOVID-19 variant. Nine different antibody responsesweremeasured from each

serum sample corresponding to IgG, IgA, and IgM titers specific for SARS-CoV-2 RBD (R), spike (S), and nucleoprotein (N) as well as neutral-

ization measurements.

An initial data overview was performed for the complete set using unsupervised visualization and clustering methods to determine domi-

nant patterns in the data. Principal-component analysis (PCA) (Figure S2A) indicates a dominant effect of vaccination on serology profiles in all

age groups with the most apparent separation between the unvaccinated and vaccination 1 groups. Change over time with vaccination is

once again significantly different between COVID-19+ and COVID-19� groups, showing major value difference in SIgG between these

two groups as well as lower level of neutralization in COVID-19� cohorts in all age groups and both sexes even after vaccination (Figure 1A).

However, from observing individual serology factors, differences between age and sex groups is not apparent. However, effect of age and

sex on the serology measure starts to be visible in the ANOVA analysis (Figure 1B) as well as guided PCA (gPCA) analysis, a semi-supervised

method that shows group loadings in the PCA (Figure 1C) (Reese, Archer et al. 2013). Furthermore, t-distributed stochastic network

embedding (t-SNE) analysis (Figure S2B), providing projection of sample points while preserving relationship between sample points, indi-

cates some grouping of sample points based on sex as is shown with p values of the significance of the separation by sex in different

subgroups (Figure S2C). The association of the effect of sex on antibody responses was particularly significant betweenmale and female par-

ticipants <40 years old (y.o.). who were either SARS-CoV-2 antibody negative or positive across all three first doses of vaccination. Meanwhile,

the 40–60 y.o. group showed significance only in the SARS-CoV-2-positive subjects after vaccination 1 and 3, and there were limited/transient

sex effects in the >60 y.o. group, reserved for SARS-CoV-2-seropositive individuals after the second vaccination dose. Thus, t-SNE suggests

that age is a primary determinant of antibody response with complex dependence between the response and sex.

Further, hierarchical cluster analysis (HCL, Figure S3) indicates comparable separation between samples collected pre-and post-vaccina-

tion in all groups, independent of sex and infection status. Interestingly, vaccination-driven separation of samples is independent, in this type

of analysis, of the time since vaccination. In all four groups of samples (including male and female groups distinguished by SARS-CoV-2 infec-

tion-acquired immunity status), HCL shows that neutralization values cluster most closely with receptor binding immunoglobulin G (RIgG),

spike binding immunoglobulinG (SIgG), and spike binding immunoglobulin A (SIgA) levels. In COVID-19+ samples, neutralization is also clus-

tered with receptor binding immunoglobulin A (RIgA). Uniquely in HCL of COVID-19- males, neutralizing immunoglobulin G (NIgG) clusters

with neutralizing immunoglobulin M (NIgM), spike and receptor binding immunoglobulin M (SIgM and RIgM) while it is most strongly group-

ed with NIgA, RIgA, and SIgA in the other groups (Figure 1B). Additionally, Ig factors primarily cluster by size with exceptions of NIgGwhich in

all four groups shows closer proximity to non-IgG features. Once again, these clustering results suggest a level of sex-dependent behavior in

the relationships between measured antibody responses (Figure S3).

Co-behavior between antibody measures and neutralization is sex, age, and immunity dependent

Detailed analysis of feature co-clustering (i.e., similarities in behavior between neutralization and antibodies) was performed using the fuzzy

C-means (FCM) clustering method. This approach provides information about the level of co-clustering for each feature to each group, al-

lowing for possible multiple relationships. Data in Figure 2 show a weight for each antibody response feature for belonging to the cluster

relative to their respective neutralization value. Cluster analysis is performed separately for subject groups divided by age, sex, and

COVID-19 infection-acquired immunity status. Unlike HCL analyses of all age groups combined (Figure 1), this approach is applied to three

age groups separately and shows differences between males and females, particularly in older and COVID-19-positive groups. Interestingly,

in females >40 y.o., RIgA and SigA co-cluster with neutralization, and males co-cluster with RigM and SigM responses. In the <40y.o. groups,

SigG and RigG levels correlate with neutralization in both males and females.

Differences in antibody responses between males and females are dependent on age and infection-acquired immunity

We used three different feature selection methods (see STAR Methods) to determine the most significant feature differences (Figure 3). Fea-

tures that are selected by all three methods are indicated. The data for all time points were combined in the analysis, but a separate analysis

was performed for COVID-19-negative and COVID-19-positive samples across the age groups and is reported here (Figures S2 and S3 show

feature selection in each vaccination group). Differences in IgG and IgA factors are identified in participants <40y.o. COVID-19-negative

group. Differences in IgM levels are noted in individuals 40–60 y.o. and >60 y.o. The features selected as statistically different using these

methods are largely in agreement with features showing major clustering differences in Figure 2.

Figure 1. Small differences between sex and age groups in response to vaccination and infection are observed

Samples are divided by COVID-19 status (COVID-19� = no COVID-19 infection history, confirmed by negative NIgG serology; COVID-19+ = history of COVID-19

infection, confirmed by positive NIgG serology).

(A and B) Graphical representation of the mean values for neutralization and SIgG at three time points after vaccination 1 and vaccination 2 (days 14, 21, and 42

post-vaccination) in cohorts grouped by sex and age (in three age groups <40, 40–60, and over 60 years of age). (B) Three-way ANOVA evaluation of the mean

differences between measurements grouped by acquired immunity (COVID-19� or COVID-19+), sex (male/female), or age (under 40, 40–60, or over 60 years of

age). Indicated as white boxes are statistically significant mean differences for direct and combined effect.

(C) gPCA for log transformed and Z score scaled dataset of 9 different antibody responses and neutralization (10 features) with included PC1 for guided PCA

(gPCA) for age groups for each subset divided by vaccination dose and sex; age groups are under 40, 40–60, and over 60 years of age. Shown are loadings

for each group.
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It is important to observe that SIgM andNIgA come up as significant in 4 age and immunity subgroups and both antibodies show different

clustering patterns in males and females (Figure 2). In addition to overall differences in these antibody features established by the three

methods of feature selection analysis (Figure 3), there are significant changes in antibody responses over this period. In males, there is a

rise in the RIgA, NIgA, and SIgA serum levels generally following dose 2 vaccination. In contrast, higher IgM serum levels are noted in females

over 60 y.o. in both vaccination 1 and vaccination 2 periods.

Correlation analysis provides quantitative links between sex and antibody responses

Further investigation of the relationship between serological profile and sex was performed using point-biserial correlation specifically devel-

oped for analysis of correlations between binary and continuous variables. Figure 5 shows antibody responses correlate with subjects’ sex.

Once again, SIgM and RIgM are positively correlated with sex in individuals over 60 y.o. following both dose 1 and dose 2 vaccination. As

is typical of antibody response evolution through Ig isotype switching with repeated vaccination (or even repeated infection), IgM levels

show a negative correlation with sex in the younger age groups with values higher in males than in females.

In the point-biserial correlation analysis, antibody neutralization, an important indicator of protection against serious COVID-19 disease

outcomes,29,30 is only statistically significantly correlated with sex in the >60 group (Figure 4). However, time course analysis (Figure 5) as

well as feature selection (Figure 3) indicate some differences in neutralization trends between males and females. To determine whether

there are specificities in the contributions of antibodies to neutralization in age and sex groups, a distance correlation analysis was per-

formed between antibody neutralization measurements and other antibody response features as a measure of co-behavior. In addition,

relative square distance correlation was tested as a measure of contribution of each antibody response factor to the neutralization value.

This analysis showed that, after vaccination 2, neutralization potential decays the fastest among older persons who are male than any other

group. This co-behavior also suggests that females retain antibody-neutralization correlations longer than their male counterparts in all

age groups.

Correlation between antibodies and neutralization varies over time differently in males and females

Square of the correlation between two features represents a measure of the contribution of one feature to the variance of the other.

Analysis of distance correlation between neutralization and each antibody in male and female groups over time following vaccination

dose 1 and dose 2 shows major differences in the pattern of antibody contribution to neutralization (Figure 6). As an example, the contri-

bution of RIgG and NIgA to neutralization in males and females under 40 y.o. is positively correlated over time and highly comparable by

Figure 2. Cluster analysis of antibody responses relative to neutralization shows differences in co-behavior in males and females by age

Fuzzy C-means clustering of antibody response features across data in subgroups divided by age, sex (male in black, female in orange), and COVID-19 infection

status (negative or positive SARS-CoV-2 history, confirmed by NIgG level). Shown are membership values, i.e., cluster association of features in different subject

cohorts with clusters that have the strongest neutralizationmembership. Fuzzy C-means here clusters feature separately for each of the groups of data divided by

age, sex, and COVID-19 infection status. Shown are weights (0.0–1.0), i.e., cluster belongings for each antibody response feature relative to neutralization values

(weights approaching 1.0 indicate strong clustering with neutralization).
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sex. However, neutralization and SIgM and RIgM are negatively correlated over time in these same groups. In contrast, following dose 2

vaccination in those over 60 y.o., neutralization is similarly related to RIgG in males and females but inversely correlated with SIgG in the

two groups. Thus, although the overall pattern in neutralization measurements is not correlated with sex, the observed levels of neutral-

ization show different and complex relationships with antibody responses. Furthermore, the analysis shown in Figure 6 suggests changes in

the correlation of individual antibody responses over time, differing between males and females and by age group. In the under 40-y.o.

male group following vaccination 1, neutralization is initially strongly correlated to RIgG and NIgA concentrations and then more strongly

to SIgG, NIgG, IgA, and IgM antibodies. In females of this age group assessed at earlier time points, the relationship with neutralization is

the strongest with SIgG, NIgG, and SIgA and all three IgM specificities. Following administration of vaccination 2 in this group, the relative

contribution of RIgG and SIgG to neutralization initially, at early time points post-vaccination, drops.

Changes in the contribution of antibody response features to neutralization over time in different groups can be further understood by

exploring correlations in different time periods. For the ease of presentation and increased number of samples in this case, time was binned

into 21-day periods. Distance correlation was calculated using samples for each period, and the square of individual values is divided with the

sum of values for each time bin to provide a relative contribution. Thus, Figure 7 shows relative square distance correlation contributions to

neutralization of each of the nine antibody response factors at 4 time points for each period. This representation is useful in that it highlights

sex and age differences that were otherwise less apparent in an unsupervised PCA (Figure 7).

This relative contribution of different antibody isotypes to neutralization over time depends on age and sex with differences observed in Ig

isotype responses to all specific targeted proteins measured and is an important finding of this work. With this novel approach to data anal-

ysis, we show that the relationship between antibody responses with neutralization depends on the subject’s age and sex, even in cases where

Figure 3. Selection of antibodies showing the largest difference between male and female cohorts in different age and acquired immunity subgroups

Three different feature selection methods were used to identify sex differences in antibody responses in each of the six sample subgroups separated based on

the COVID-19 status and participants’ age (<40, 40–60, and >60 y.o.).

(A–C) Results from the (A) Relieff machine learning feature selectionmethod, (B) feature selectionmethod using neighborhood component analysis for regression

(fsrnca), and (C) univariate feature ranking for regression using F-tests (fsrftest) method showmajor antibody measures that distinguish males from females within

specified subgroups. Solid arrows indicate features selected by all threemethods. Relieff plots show only antibody features with positive weight (i.e., features that

contribute to significant sex separation), and the sign (i.e., +/�) in this representation is related to the male to female mean group ratios with positive sign

indicating larger mean value in a male group.
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the actual value of neutralization is not significantly different between these subgroups. For example, following vaccination 2 in the oldest

group, compared to all studied Ig, the relative contribution of IgG is smaller than that in younger groups particularly in females, while in under

40-y.o. males, the relative contribution of IgM is more significant than in females.

DISCUSSION

Weapplied novel network analyses to a complex set of antibody response data collected longitudinally from a large cohort of individuals over

an important period of the COVID-19 pandemic, bridging naive immunity, infection-acquired immunity, and immunity afforded across serial

vaccination. The size and breadth of the cohort age range offered robust analytical outcomes by sex and age across multiple antibody pa-

rameters and repeated measures. Sex differences emerged with t-SNE analysis demonstrating that complex, non-linear analyses of these

data would be required to understand factors driving antibody responses to COVID-19.Whether pre-immune status influences vaccine/infec-

tion/hybrid-mediated immunity remains to be determined, but sex effects identified by HCL analysis suggest that the SARS-CoV-2 serology

patterns of unvaccinated COVID-19-negativemales were categorically different than those of any other group pre- and post-vaccination (Fig-

ure S3). Correlations revealed important sex-associated co-behaviors of antibody responses with neutralization, some of which suggest the

important finding that young females may have stronger linkages in mucosal immunity and protection as their serum IgA responses are asso-

ciated well with neutralization levels. Feature selection methods continued to confirm clustering analysis findings by age, with particularly

prominent sex effects in IgA and NIgG responses in individuals <60 y.o. The capacity for significant Ig isotype switching with repeated vacci-

nation was found to be weaker in older females whereas IgA responses in males could improve after vaccination 2. This phenomenon was

extended to yet-additional new observations of this study that highlighted an appreciation for the rate of antibody decay, which is quite rapid

in males >60 y.o. and where females exhibited a superior retention of Ig isotype switching correlating with neutralization over time. These two

latter results emerge as important findings of this study, alongside the expected observation that antibody response profiles are inherently

complex patterns in relation to neutralization that differ by sex and age, as shown by distance correlations, and these changed over time.

Figure 4. Direct correlation between antibody level and subjects’ sex

Point-biserial correlation between sex and serological factors. Shown are correlations with p < 0.05 and absolute correlation value >0.20 within subgroups. A

correlation value between sexes and log10 transformed concentration levels is indicated.
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These analytical approaches afforded several different angles by which to evaluate the complex relationships between antibody responses

and neutralization showing that considerations for sex and age were highly important.

Demographic factors including age and sex are known to be associated with responses to both viral infection and immunization.1,22,31 Our

data show differences in antibody responses across vaccination periods, in convalescent individuals with SARS-CoV-2 acquired immunity

compared to individuals that did not show naturally acquired SARS-CoV2 immunity. Understanding the extent and type of this association

and its change over time in relation to the resilience to an infection is crucial in attempts toward achieving more protective immunization

and effective antiviral approaches. Extensive work on COVID-19 immune responses led to an appreciation that antigen specificity and Ig iso-

type can contribute to ACE2 neutralization.13,32,33 While typical primary immune responses dominated by IgM evolve into recall immune re-

sponses composed of IgG, IgA, and IgE antibodies, there is variation in which factors contribute to protection against SARS-CoV-2, predict-

able in part based on antibody neutralization levels. Serum IgA is a dominant antibody soon after the onset of symptoms which peaks during

the third week of the disease and provides the greatest contribution to neutralization. Assessment of bronchial alveolar fluid suggests this

contributes predominantly to antibody-mediated virus neutralization activity in the lung compared to IgG.34 Additionally, Ruggiero et al.

showed that a coordinated response implicating both SIgM and SIgG is associated with protective immunity following vaccination.33 While

sex differences have been reported in disease outcomes, whether complex features of antibody responses to infection and vaccination play a

role in determining immune protection to SARS-CoV-2 remains to be determined.

To identify potential differences in the coordination of the response over time inmales and females of different ages, we have developed a

novel methodology for analysis of correlation over time and applied it to a large longitudinal dataset spanning the COVID-19 pandemic

period, prior to and through vaccination dose series, with robust representation of subjects across different age groups and in both sexes.

Our regression analysis of the age dependence of themeasured serology profile is consistent with earlier studies showing age of�40 and�60

as significant points in the relationship between serology and response to the virus. Analyses of major features separating measurements in

males and females in different age groups (<40 y.o, 40–60 y.o., and >60 y.o.) show changes at different points in the vaccination series, thus

indicating differences in progression of antibody responses over time. In males, RIgA and SIgA show significantly faster increases following

vaccination while the opposite is observed in SIgM and RIgM, particularly in the <40 y.o. and >60 y.o. groups. Although many selected an-

tibodies have low weight in feature selection analysis, some are significantly correlated with subject’s sex. This is demonstrated in point-bi-

serial correlation for different age and vaccination dose groups. RIgM is significantly correlatedwith sex in both young adult and senior groups

but with opposite ratios, where RIgM is higher in males <40 y.o. yet lower in females >60 y.o. Similarly, SIgM and NIgG are significantly

Figure 5. Antibody neutralization levels for over 60-year-old males decay faster than those for other sex and age groups

Values present neutralizationmeasurements inmales and females in 3 different age groups following the second dose of COVID-19 vaccination. Exponential fit is

optimized separately for each represented group. Neutralization following vaccination 2 for males and females. Shown are exponential best fit lines (as

a*exp(b*time)+c*exp(d*time)). Time is shown in days from vaccine 2. Y axis shows the original value. Lines represent dark green, male, and red, female. Also

included are actual sample measures showing major individual differences.
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correlated with sex in 40–60 y.o. and over 60 y.o. but are higher in males in the 40–60 y.o. and in females in the over >60 y.o. group. However,

neutralization levels are not correlated with sex in any of the age or vaccination groups suggesting different contributors to neutralization. To

determine the relationship between neutralization and antibody production in these groups, we first performed a cluster analysis which re-

vealed sex differences in the grouping of antibodies and neutralization in different groups. Furthermore, distance correlation and squared

distance correlation analyses across 21-day period bins were employed to determine the contribution of different antibody isotypes to

neutralization. The level of correlation contribution differed for different antibody responses over time and by sex and age. Squared distance

correlation, representing the relative contribution of a variable to the level of another variable, was also calculated for each antibody mea-

surement pairwise to normalization. Representation of this analysis shows change of contributing factors levels over time. Importantly, con-

tributions in males and females in different age groups are sufficiently distinct allowing PCA separation of male and female samples based on

this information. Unlike in the direct analysis of antibody serum where the data based on sex were not clearly separated by PCA, analysis of

contributions of these factors to neutralization is clearly very different between sexes.

In sum, our study exploits novel, multivariate, machine learning, and network analysis tools integrating complex immunological parame-

ters over time and across a diverse population to delve into the temporal dynamics of antibody responses through the COVID-19 pandemic.

Specifically, unsupervised and supervisedmachine learning strategies, coupled with square distance correlation, have enabled us to describe

changes in the role of individual antibody responses in neutralization of ACE2. Contribution program changes over time, and vaccination

dose clearly differs between sex and age groups with major differences in infected vs. uninfected cohorts. In addition to the anticipated
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Figure 6. Correlation between neutralization and antibody isotypes is different in males and females in distinct age groups

Distance correlation between neutralization and all other features (pairwise) is calculated, and thresholds were set using sample size appropriate correlation

thresholds and p values below 0.003 for measurements grouped by sex and age and time from vaccination. Vaccination groups include samples collected

prior to half-time between dose 1 and 2 (vaccination 1) and dose 2 and 3 (vaccination 2) showing correlation for all time points following one dose and prior

to the next and correlation after the half-time post-vaccination. Shown are correlation edges that pass the hard threshold separately for males (black line)

and females (dark red line).
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effects of age on the retention antibody responses, our analyses suggest that female antibody responses to SARS-CoV-2 vaccination may be

of superior quality in their co-behavior with protection (i.e., neutralization). Our work demonstrates that understanding antibody response

profiles and their role in predicting neutralization goes beyond merely measuring absolute titers. Thus, rather than aiming for antibody titer

achievements and changing only individual factors therein, our analyses support the pursuit of optimized vaccination strategies that aim to

alter the complete network of antibody responses. Furthermore, differences in antibody-mediated responses highlighted in this work suggest

the possibility of underlying cell-mediated differences between groups. Immune response differences associated with aging are often asso-

ciated with immunosenescence and inflamm-aging, which impact the T cell repertoire, innate cell populations, and more.35 In addition, bio-

logical mechanisms underlying sexual dimorphism in immunity have been focused on sex hormone signaling, and variations in Toll-like re-

ceptor expression and downstream cytokine production have been36 observed. It remains unclear how these directly impact SARS-CoV-2

antibody-mediated responses. This sophisticated analysis of antibody responses hereby provides guidance for the parallel study of cell-medi-

ated immunity evaluating sex and age considerations. There is an urgent need for such highly integrated indices of antibody and cell-medi-

ated immunity as the search for reliable correlates of protection against COVID-19 and other emerging pathogens continues, to best inform

the design of highly effective vaccine approaches and aid in clinical care.

Limitations of the study

Although the presented study includes nearly 3,700 longitudinal samples from nearly 1,000 individuals, and permitted analysis by sex, age,

infection status (i.e., NIgG+), statistical power decreased in subgroups based on vaccination dose and brand or comorbidities; hence these

factors were not considered here.

Conclusion

Using a variety of novel tools for knowledge discovery in datasets, we show that age and sex are important variables which impact the nature

and temporal dynamics of infection-induced, vaccination-induced, and hybrid immunity. Overall, this work describes a novel analytical pipe-

line with the potential to pinpoint changes in the response to infection and/or vaccination in the general or immune-compromised individuals.

Figure 7. All measured antibody responses contribute to neutralization values at a level that is dependent on sex and age and changes over time

Relative square distance correlation (Y axis) between each antibody response was measured, and neutralization was calculated for 21-day periods post-

vaccination 1 and post-vaccination 2 in each subgroup of patients. COVID-19+ and COVID-19- subjects are combined in this analysis. (A) Data are shown in

bar graphs with relative contributions by immunoglobulin isotype responses (color-coded) over time (days 21, 42, 63, and 84 post-vaccination 2), and sex

effects are depicted in plot groupings. (B) Unsupervised PCAs show separation of males and females square correlation profiles at 4 or 5, 21-day periods in

vaccination 1 and 2 (as indicated) for different age groups. Ellipsoids indicate visual groupings of male and female data points.
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KEY RESOURCES TABLE

RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources and reagents should be directed to andwill be fulfilled by the lead contact, Dr. Angela Crawley

(acrawley@ohri.ca).

Materials availability

This study did not generate new unique reagents.

REAGENT or RESOURCE SOURCE IDENTIFIER

Biological samples

CR3022 anti-spike human IgG Absolute Antibody Ab01680–10.0; RRID: AB_2848080;

*Not associated with Absolute Antibody,

just with the CR3022 clone

CR3022 anti-spike human IgM Absolute Antibody Ab01680–15.0; RRID: AB_2848080;

*Not associated with Absolute Antibody,

just with the CR3022 clone

CR3022 anti-spike human IgA Absolute Antibody Ab01680–16.0; RRID: AB_2848080;

*Not associated with Absolute Antibody,

just with the CR3022 clone

HC2003 anti-Nucleocapsid human IgG Genscript A02039

CR3018 (03–018) anti-Nucleocapsid

human IgM

Absolute Antibody Ab01690–15.0; RRID: AB_2833185;

*Not associated with Absolute Antibody,

just with the CR3018 clone

CR3018 (03–018) anti-Nucleocapsid

human IgA

Absolute Antibody Ab01690–16.0; RRID: AB_2833185;

*Not associated with Absolute Antibody,

just with the CR3018 clone

human IgG Sigma I4506; RRID: AB_1163606

human IgM Sigma I8260; RRID: AB_1163621

human IgA Sigma I4036

Anti-human IgG-HRP fusion Dr Yves Durocher (NRC, Montréal) PRO1146

Goat anti human IgM -HRP Jackson Immuno Research 109-035-011

Goat anti human IgA - HRP Jackson Immuno Research 109-035-129; RRID: AB_2337580

SARS-CoV-2 Spike NRC metrology SmT1

SARS-CoV-2 RBD Dr Yves Durocher (NRC, Montréal) PRO6961

SARS-CoV-2 Nucleocapsid (NP) NRC metrology NCAP

Angiotensin-converting enzyme 2 NRC metrology ACE2

Streptavidin-Peroxidase Polymer Sigma S2438

384-well high-binding polystyrene Nunc plate Thermo Fisher Scientific 460372

SuperSignal ELISA Pico Chemiluminescent Thermo Fisher Scientific 37069

Deposited data

Serology measurements This paper Shared upon request by the lead contact

Software and algorithms

MATLAB 2023b Matworks Inc. https://www.mathworks.com/

MATLAB functions This paper https://github.com/complimet/

Analysis_SARS-CoV-2-infection-and-vaccination
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Data and code availability

� Data reported in this paper will be shared by the lead contact upon reasonable request.
� Original code is provided at: https://github.com/complimet/Analysis_SARS-CoV-2-infection-and-vaccination. Any additional informa-

tion required to reanalyze the data reported in this paper is available from the lead contact upon request.
� The relevant data are available in themanuscript and the appendix. Data that are not presented in the Article or appendix are available

upon reasonable request from the corresponding author.

METHOD DETAILS

Serology assay

Antibodies against SARS-CoV-2weremeasuredusingahigh-throughputdirect chemiluminescentELISAperformedonMicroLabSTAR robotic

liquid handlers (Hamilton) fittedwith a 405TS/LS LHC2platewasher (Biotek/Agilent) (full methods describedpreviously).37 Briefly, SARS-CoV-2

antigens (full trimeric Spike (Wuhan), receptor binding domain (RBD) (Wuhan) and theNucleocapsid protein) were generously provided byDr.

Yves Durocher (National Research Council of Canada (NRC), Montréal) or purchased from theMetrology division of NRC and coated on assay

plates. Human serum samples or controls were either diluted 1:100 for measurement of all antibody-isotype combinations, or 1:10,000 to

resolve saturating signals for Spike and RBDdue to vaccination. Controls included an isotype-antigen specific calibration curve pooled human

sera from SARS-CoV-2 naive, convalescent, vaccinated individuals as well as a general Ig control. Isotype-specific secondary antibodies de-

tected bound Igs. Antibody titers were determined as lab-specific ug/mL concentrations in relation to the isotype-antigen specific calibration

curve or, for IgG, converted to international units (binding antibody units (BAU)/mL) via modelized WHO Standard (NIBSC 20/136).

Antibody neutralization assay

A surrogate protein-based neutralization assay was used to determine the neutralization efficiency in sera. The detailed methods, validation

and calibration of the assay is available here.37 Briefly, SARS-CoV-2 full-trimeric Spike (Wuhan)-coated plates were blocked, and then human

serum samples and controls were assayed. Controls included a calibration curve (NRCoV2-20-Fc, NRC) as well as pooled human sera from

naive, convalescent, and vaccinated individuals. Subsequent incubation with biotinylated ACE2 (NRC) followed by streptavidin-HRP linkage

and chemiluminescent substrate addition permitted the determination of a luminescent signal. Raw luminescence values were blank (serum-

free, no ACE2) adjusted using ACE2-only wells (representing unimpeded ACE2-Spike interaction). Percentage inhibition was established by

measuring the reduction in ACE2-Spike interaction (0% inhibition = maximal ACE2-Spike interaction).

Sample collection and processing

All biological specimens from SSO are stored in the Coronavirus Variants Rapid Response Network (CoVaRR-Net) Biobank, following the

highest standards of biobanking practices in sample collection, processing, storage, access, and distribution (upon application). Sample

collection followed approved ethics protocols (REB # H-09-20-6135).

QUANTIFICATION AND STATISTICAL ANALYSIS

Knowledge discovery in data

Data preprocessing

Data points generated from serology and neutralization assays that were below the level of detection were imputed using 1/5 of the lowest

measurement for the given feature. Values above the upper level of quantification were imputed with the highest measured value for the

assay. In some analyses, data for each feature across samples is normalized or log transformed, and this transformation is indicated. No other

data manipulation was performed. Antibody and neutralization responses were evaluated in specimens collected at baseline and days 14, 21

and 42 post-vaccination (wherever possible).

Data overview

General overview of the serologymeasurements was performedusing Principal Component Analysis (PCA), guided PCA (gPCA), t-distributed

stochastic network embedding (t-SNE) and hierarchical cluster (HCL) analysis. Cluster analysis was done using Fuzzy C-means clustering (func-

tion fcm in MATLAB). Briefly this approach determines the level of belonging of each feature to each cluster in this way allowing for possible

multiple groupings. Fuzzy c-means (FCM) and related methods fuzzy j-means38 allows each feature to belong to more than one group by

providing a degree of membership, ‘‘belonging’’, to each cluster by maximizing proximity between similar features and distance between

dissimilar features. FCM is based on the minimization of the objective function: Jm =
PN

i = 1

PC
j = 1u

m
ij

��xi � cj
��2 where m˛ ð1;NÞ is the ‘‘fuz-

zyfication’’ factor, umij is themembership degree for feature xi to the cluster jwith cj defining the cluster center. FCM clustering assigns objects

to groups with features belonging to the same clusters showing more similarity to each other than to features in other clusters. Higher mem-

bership value indicates stronger belonging to the cluster with membership value of 1 ultimately indicating that feature is only associated with

the single cluster. An optimal number of clusters in FCM analysis was determined using within-cluster sum of squares and silhouettemethods

applied to k-means clustering as a directly related crisp method. Clustering with this approach was performed to determine grouping of fea-

tures in different subject cohorts. Function used to determine number of clusters in FCM is provided on GitHub.
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Guided PCA (gPCA) was performed following method previously presented for identification and batch analysis.39 MATLAB function for

gPCA application presented here is provided on GitHub. Briefly, this approach is focusing on the investigation of the importance of each

group corresponding to the corresponding principal component (PC). In order to determine group loading contribution ‘‘batch’’ in our

case group indicator matrix G, defined as n x b matrix where n is number of samples and b number of groups as assembled such as:

gik =

�
1 if sampe i is in group k

0 otherwise
. Then single value decomposition of the guided matrix calculated as G0X gives group loadings in PCA

and can be used to determine separation of groups in a guided sense.

Correlation analysis

Correlations were calculated using Pearson, distance and point bi-serial correlation. Pearson correlation is a standard method used for linear

correlation assessment and was used for the determination of correlation between distance correlation level values for different subgroups of

the cohort.

Distance correlation was performed using previously published applications27 and MATLAB function provided on GitHub. Briefly, distance

correlation40 was calculated using distance covariance, rather than direct covariance used in Pearson method. In this way, distance correlation

provides information about both linear and non-linear correlations. Formally, distance correlation between features X and Y is calculated as:

dCorðX ; Y Þ =
dCovðX ;Y Þffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

dVarðXÞdVarðY Þp
distance covariance is determined as:

dCovðX ;Y Þ2 =
1

n2

Xn

j = 1

Xn

k = 1

Aj;kBj;k

where A and B are calculated as simple linear functions of the pairwise distances between elements in samples X and Y. A and B are doubly

centered distance matrices for variables X and Y, respectively, calculated from the pairwise distance between elements in each sample set

calculated as.

Aj;k = aj;k � aj: � ak: + a̿::

where aj;k =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðxj � xkÞðxj � xkÞ0

q
and aj: and ak: are respectively the j-row and k-column mean values and a̿:: is the overall mean of matrix A.

The distance between xj and xk is calculated using Euclidian distance. Matrix B is populated using equivalent measures for variable Y.

Square distance correlation, i.e., the coefficient of determination, is used to represent the fraction of the variation in a variable that can be

explained by the other variable. Relative square distance correlation is calculated as a square distance correlation divided by the sum of

square distance correlation values for all features.

Correlation between binary values (e.g., sex) and continuous values (e.g., serological measurements) was determined using point-biserial

correlation method as:

rpb =
M1�M0

sn

ffiffiffiffiffiffiffiffiffiffi
n1no

n2

r

where correlation is calculated between binary and continuous variable by dividing continuous variable into two groups, 0 and 1, based on

values of the binary feature and whereM0 andM1 are mean values, n0 and n1 are numbers of samples of two subgroups and sn is the standard

deviation for the complete continuous variable set.

Polynomial function regression analysis was performed using second order polynomial and exponential functions and bisquare robust-

ness analysis. Briefly, the bisquare robustness method for polynomial fit determination minimizes a weight sum of squares with points

near the line getting full weight and points further from the line getting a reduced weight. Points that are farther from the line are expected

by random chance and hence are given a weight of zero. In this way, the bisquare method aims to find a function of best fit using a least

squares approach while at the same time minimizing the effect of outliers.

Feature selection

Selection of the most significantly different features between different groups of samples was performed using three different methods to

determine method-independent major features: 1) statistical feature selection using F-test (function fsrftest running under MATLAB); 2) ma-

chine learning methods Relieff (function relief in MATLAB); and 3) neighborhood component analysis for regression (fsrnca function in

MATLAB). Features were considered significantly different if selected by all threemethods. Data was Z score normalized for each feature prior

to analysis. In F-test features with p < 0.05, -log(p) > 3 is selected as significant. In Relieff, all features with positive weight are determined as

possibly contributing to group selection. Similarly, in fsrnca, all features with positive weights are kept as possibly significant. Fsrnca aims to

find, i.e., learn, a distance metric to maximize leave-one-out classification performance. Thus, the feature selection analysis used here com-

bines two different ML methods including filter (Relieff) and wrapper (fsrnca) with a statistical method (F-test) to determine consistently sig-

nificant features. MATLAB Notebook for Relieff feature selection is provided on GitHub.
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