
Fig. S1. Factors associated with seropositivity of neutralizing antibodies at D57 

and D180, respectively. (A) Multivariable logistic regression analysis was used to 

investigate factors associated with the generation of NAbs at D57 after adjusting sex, 

BMI and diastolic bold pressure. (B) Multivariable logistic regression analysis was 

used to investigate factors associated with the persistence of NAbs at D180 after 

adjusting leukocytes, monocytes, RBC, lymphocytes, hemoglobin, LDL, HDL, TG, 

ALT, and AST.  

Fig. S2. Quality controls of the proteomics data. (A) Study design of our TMT-

labeling-based quantitative proteomics analysis of PBMCs and sera samples. 

Together, PBMCs and serum generated 528 peptide samples, including 33 pooled 

controls, distributed into 33 batches and analyzed using TMTpro 16-plex labeling 

based proteomics. (B) The proteomics data's coefficients of variation were calculated 

using the abundance of the quantified proteins in the 33 pooled controls of the 33 

batches. Also, they were computed after removing the outliers. (C) Quality control of 

the technical replicates based on the Pearson correlation coefficients. (D-E) PCA 

analyses were performed on all the proteomics data derived from the PBMC (D) and 

serum samples (E), for three immune response groups on D57 (Group 0, Group 1, 

and Group 2) and two immune response groups on D180 (Group 3 and Group 4). 

Group 1: the late seropositive group; Group 2: the early seropositive group. 

Fig. S3. Machine learning-based prediction of Group 1 (being negative at D28 

and then converting) and Group 0 (being negative at D28 and never converting) 

before vaccination. (A) Our machine learning-based predictor was based on PBMC, 

serum, and both types of proteins. We used the samples from a discovery cohort 

(Cohort 1, N = 137) to optimize the model's parameters. The model was then tested 

using a test cohort (Cohort 2, N = 26): the first based on PBMC biomarkers and the 

second on serum biomarkers. We next developed a third model that was an 

ensemble of the two previous ones. This third model led to an AUC of 0.853, which 

was higher than using PBMC or serum proteins individually. (B) The SHAP values of 

the five PBMC proteins were prioritized using the machine learning model. (C) The 

SHAP values of the five serum proteins were prioritized using the machine learning 

model. Identification of NAb status-associated proteins in PBMC (D) and serum (E) 

using volcano plot analysis on D0, D28, and D57 (two-sided unpaired Welch's t-test). 

The log10 (B-H adjusted p-value) is plotted as a function of the log2(fold change) 

between Group 1 and Group 0 samples (B-H adjusted p-value < 0.05, |log2(fold 

change)| > 0.25). 

Fig. S4. Immune response and pathway analyses using the PBMC data. (A) 

Heatmap of 985 proteins selected using the ANOVA test. Each protein is compared 

among the three immune response groups (Group 0, 1, and 2) on D0, D28, and D57 

(p-value < 0.05). Group 0: the seronegative group; Group 1: the late seropositive 

group; Group 2: the early seropositive group. (B-D) Pathways' enrichment based on 

the proteins selected using the ANOVA test to compare the three immune response 

groups on D0 (B), D28 (C), and D57 (D) using Metascape (log10 p-value). (E) 



Barplots visualizing the estimated proportions of 20 immune cell types in each PBMC 

sample. Each column represents a sample; the colors indicate the inferred immune 

cell components. (F) Average proportions of 20 immune cell types, in Group 0, Group 

1, and Group 2, at three time points. The asterisks indicate the statistical significance 

based on the Kruskal-Wallis test. P-value: *, < 0.05; **, < 0.01; ***, < 0.001. (G) 

Barplots visualizing the estimated proportions of 20 immune cell types, in Group 0, 

Group 1, and Group 2, at three time points. Different colors indicate the predicted 

composition of immune cell types.  

Fig. S5. Immune response and pathway analysis using the serum data. (A) 

Heatmap of 129 proteins selected using the ANOVA test. Each protein is compared 

between the three immune response groups (Group 0, 1, and 2) on D0, D28, and 

D57 (P-value < 0.05). Group 0: the seronegative group; Group 1: the late 

seropositive group; Group 2: the early seropositive group. (B) Pathways' enrichment 

based on the proteins selected in (A) using Metascape. (C-D) Comparison among 

three immune response groups (Group 0, 1, and 2) of the canonical pathways of 

proteins in (A) by IPA (Kramer et al., 2014). 

Fig. S6. Immune response and pathway analysis using the PBMC and the 

serum data. (A-B) Pathways' enrichment analysis of selected PBMC proteins. 

Specifically, 6331 PBMC proteins and 961 serum proteins were grouped into 12 

discrete clusters using mFuzz, respectively. This analysis included all the proteins 

from the PBMC dataset that steadily increased (A) or decreased (B) over time. And 

the serum dataset that steadily increased (C) or decreased (D) over time. The 20 

most significantly enriched pathways involving these DEPs were analyzed using 

Metascape.  

Fig. S7. Immune response and network analysis of the seropositive groups: 

comparison between PBMC and serum data. The most significantly dysregulated 

proteins identified using mFuzz from the following groups are here compared: (A) 

upregulated in both PBMC and serum, (B) downregulated in both PBMC and serum, 

(C) upregulated in PBMC and downregulated in serum, and (D) downregulated in 

PBMC and upregulated in serum. The Venn diagrams show the overlaps between 

the PBMC (blue) and the serum proteins (red). Pathways and heatmaps were 

generated from the overlapping proteins from each pair. (E) The most significantly 

enriched networks generated using the DEPs from (A-D). The proteins involved in 

the complement system, including platelet degranulation, neutrophil degranulation, 

and protein-lipid complex remodeling.  
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