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Abstract
Despite the significant impact of SARS-CoV-2 vaccines in curtailing the spread and severity of COVID-19, comprehensive
omics-level understanding of longitudinal host responses remains elusive. We recruited 553 Hong Kong participants
receiving two doses of CoronaVac (inactivated virus) or BNT162b2 (mRNA-based). Longitudinal blood samples (baseline,
one-month, six-months post-vaccination) were collected. We assessed the longitudinal changes in omics landscape and their
impact on host immunity by applying transcriptomic, metabolomic, lipidomic and cytokine datasets. Our data delineate
pronounced differences in the multi-omics profiles between the two vaccine platforms examined. The mRNA-based
BNT162b2 vaccine induced more profound changes in omics profiles compared to the inactivated CoronaVac, with notable
alterations in adaptive immunity and metabolomic functions. Importantly, BNT162b2 displayed a durable immunological
imprint persisting at six months, characterized by persistent immune gene modifications and metabolic reprogramming.
Findings also reveal greater omics crosstalk in response to BNT162b2, which is related to the enhancing of its
immunogenicity and durability. Furthermore, predictive modeling demonstrated that baseline multi-omics profiles forecast
vaccine-specific performance (AUC: 0.65–0.84). Collectively, this work provides pivotal insights into the mechanistic
distinctions between vaccine modalities. Our results advocate integrating multi-omics data to tailor vaccination strategies to
individual immune profiles, enhancing public health outcomes.

Introduction
The deployment of vaccines marked a pivotal turning point in the battle to control the COVID-19 pandemic (1). To date,
billions of vaccine doses have been administered worldwide, significantly mitigating the spread and severity of SARS-CoV-2
(2). Various types of COVID-19 vaccines have been developed and utilized across different countries, with inactivated virus
vaccines and mRNA vaccines being the most prominently used during the early stages of the outbreak (3–5). Inactivated
virus vaccines have a long history, dating back to their discovery by Louis Pasteur, and have been used for over a century (6–
8). These vaccines are based on viruses that have been killed or inactivated, preventing them from replicating and causing
disease while still being able to stimulate an effective immune response.

On the other hand, mRNA vaccines including Moderna mRNA-1273 and BioNTech/Pfizer BNT162b2 were first widely
deployed during the COVID-19 pandemic (9). These vaccines work by delivering messenger RNA (mRNA) to instruct cells to
produce a protein that triggers an immune response. Specifically, mRNA vaccines for COVID-19 encode the spike protein of
the SARS-CoV-2 virus, educating the immune system to recognize and fight the virus if encountered (10). Studies comparing
the immunogenicity of these two vaccine types have shown that mRNA vaccine induces higher levels of antibodies than the
inactivated virus vaccine, although the T cell responses remain comparable between them (11). However, it has also been
observed that the side effects following immunization with mRNA vaccines tend to be more pronounced than those seen
with inactivated virus vaccines (12). This suggests that the two types of vaccines may elicit different host responses after
their administration into the body.

Systems vaccinology is an emerging field that leverages comprehensive, high-throughput technologies to analyze the host’s
response to vaccination (13). This approach involves testing blood samples from vaccinated individuals to gather data from
multiomic assays, such as transcriptomics, metabolomics, and lipidomics (14). These data can elucidate the pathways and
mechanisms activated by vaccination and can provide insights into the host's immune response. Furthermore, analyzing the
condition of individuals prior vaccination and associating these data with their subsequent immune responses can offer
valuable information on vaccine efficacy and safety (15).

While most current studies focus on evaluating the immunogenicity and efficacy of vaccines, our understanding of the body’s
nuanced responses to these vaccines, especially mRNA vaccines, is still limited. To differentiate the host responses elicited
by inactivated virus and mRNA vaccines, we conducted a cohort study in which participants who received either type of
vaccine was recruited in Hong Kong. Blood samples were collected longitudinally before, one month, and six months after
vaccination. Multiomic assays including transcriptomic, metabolic, lipidomic and cytokine profiling were then performed to
analyze the data comprehensively. By comparing the host responses, this study aims to provide a deeper understanding of
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the mechanisms underpinning the host responses to these two vaccine types and to inform future vaccine development and
deployment strategies.

Results
Study design 

A comprehensive summary of the study design and the flow of data analysis is shown in Figure 1. In this prospective study,
553 adults over 18 years old were recruited in Hong Kong SAR, China at vaccination centers at the Chinese University of Hong
Kong Medical Centre, Prince of Wales Hospital and Kowloon Bay Vaccination Center between March 10 and August 31, 2021
as previously described (274 for BNT162b2 and 279 for CoronaVac group) (11,12). Heparin blood samples were collected
from each participant at before (baseline), 1 month and 6 months after the second dose of vaccination. Additionally,
demographic information of the participants was collected which includes age, gender, history of underlying disease, lifestyle
factors (smoking, drinking, and regular exercise), vaccination history, and post-vaccination side effects through self-
administered questionnaires (Table 1). Most of the samples from our cohort were mainly collected prior to the large Omicron
BA.2 outbreak in 2022, a time when the overall infection rate in Hong Kong was very low (16). These samples were further
confirmed as sero-negative to the ORF8, an indication of lacking breakthrough infection. 

To gain insights into the molecular mechanisms underlying the responses to the vaccines, comprehensive analyses were
conducted on samples, including metabolomic-, lipidomic-, transcriptomic-, and cytokine profiling. The antibody level that is
against the ancestral strain (wild type Wuhan) of SARS-CoV-2 was measured using both surrogate virus neutralization test
(sVNT) and ELISA using the receptor binding domain (RBD). All participants did not receive any COVID-19 vaccine prior to the
recruitment and were naive to SARS-COV-2 infection as confirmed by our serology ELISA test against the ORF8 antigen.

The demographic characteristics of the two vaccine groups are compared in Table 1. Participants who received the
CoronaVac vaccine were significantly older (median age: 54.0) than those vaccinated with BNT162b2 (median age: 46.0;
p<0.001). Additionally, when compared against those who received the CoronaVac, a significantly larger proportion of
BNT162b2 recipients reported a history of vaccinations against hepatitis A/B (53.7% vs 29.4%, p<0.001), mumps (20.6% vs
6.1%, p<0.001), pneumococcal conjugate (7.7% vs 3.2%, p=0.024), and hemorrhagic fever (1.8% vs 0%, p=0.055). These
results were included as confounders in the statistical analysis for the comparison of the antibody level and host responses
between the two vaccine groups.

Antibody responses induced by the two COVID-19 vaccines

Both vaccines elicited specific neutralizing antibody responses to the spike protein of wild-type SARS-CoV-2 one month after
two doses of vaccination. However, CoronaVac recipients exhibited significantly lower antibody levels compared to those
immunized with BNT162b2 (sVNT: 55.02% vs 96.08%, p<0.001; ELISA: 2.46 vs 1.01 area under curve (AUC), p<0.001) (Table
1, Fig. S1a). At six months of post-vaccination, those who had received BNT162b2 maintained a significantly higher level of
neutralizing antibodies, whereas the antibody level in most of the participants with CoronaVac diminished to baseline.
Antibody waning was commonly observed after receiving the COVID-19 vaccine. Instead of comparing the antibody level at
the 6-month time-point, we also determined the durability of the antibody level by defining the relative drop of the antibody
level from 1 month to 6 months after vaccination. BNT162b2 exhibits significantly longer durability than CoronaVac (Fig.
S1b). Importantly, the durability of the antibody is independent of sVNT levels at M1 in the CoronaVac group (R=0.02,
p=0.818, Fig. S1c). Consistent with the previous studies (17, 18), recipients of the BNT162b2 vaccines reported a higher
incidence of adverse events, including fever, headache, body ache, fatigue, loss of appetite, and injection site pain, compared
to the CoronaVac vaccines (Supplementary Table 1). Interestingly, females showed higher sVNT levels regardless of the
vaccine type they had received (Supplementary Table 2). Moreover, a notable elevation in sVNT levels was observed in the
CoronaVac cohort among participants with a history of influenza vaccination (Supplementary Table 2). 

Differential expression of multi-omics profiles between the CoronaVac and BNT162b2 vaccines
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The significant differences in the antibody levels and side effects between the two vaccine groups led us to hypothesize that
host might respond differently to the two vaccines as reflected from the multiomic data. As participants were all recruited
from Hong Kong during the same period of time while everyone could choose either one of the vaccines by their will, we thus
analyzed the metabolomic, lipidomic, transcriptomic using linear mixed-effect modeling with Limma/Voom to model the
counts of each host transcript/the log2 abundance of metabolites/lipids, after batch effect removal (Figure S2, See
“Methods” section). This approach enabled us to attempt to delineate the omics-level changes associated with SARS-CoV-2
vaccination.

Comparing the results at baseline and one/six months following administration of the second dose, BNT162b2 vaccinees
exhibited more pronounced changes in their omics profiles than those who had received CoronaVac (Figure 2). At one-month
post-vaccination, we identified changes in transcripts (563 in BNT162b2 vs. 45 in CoronaVac), metabolites (50 vs. 25), lipids
(48 vs. 14), and cytokine (22 vs. 22) between the two vaccine groups (Figure 2b-e, Fig. S3). Notably, 19 differentially
expressed genes (DEGs), such as GIMAP1-GIMAP5, ZBED6, TMX2-CTNND1, LIMS3, were identified post-vaccination across
both vaccine groups (Figure 2b, Fig. S4a, Supplementary table 3-4). Gene expressions related to cellular progression and
immunological functions exhibited more extensive changes following BNT162b2 immunization compared to CoronaVac (Fig.
S5). Interestingly, we observed a downregulation in several genes linked to neural functions post-BNT162b2 vaccination,
including FOSL1, AREG, LHX3, and EP300. No significant differences in the expression of these genes before the first dose
were observed between the two vaccine groups (Fig. S6). Furthermore, levels of D-Sphingosine and Sphingomyelins (SMs),
crucial components in the ceramide synthesis pathway and markers of cell signaling and apoptosis (19), were significantly
reduced after vaccination of BNT162b2 (Fig. S4b). This reduction was more pronounced in individuals vaccinated with
BNT162b2, especially for SM(d39:1) (rep), SM(d40:1), SM(d41:1) (rep), SM(d42:1) (rep), and SM(d44:1). Additionally, the
abundance of certain metabolites with known neurological roles, such as D-Erythro-sphingosine 1-phosphate, choline, D-
Sphingosine, and Oleoylethanolamide, decreased following two-dose BNT162b2 (Fig. S4b). 

Further, we performed Gene set enrichment analysis (GSEA) and over-representation analysis on transcriptomic and
metabolomic data, respectively. While both vaccines triggered various biological function pathways, they did so in different
directions, including cellular processes, immune system processes, and metabolic processes (Figure 3a). Intriguingly, all
significant mapped pathways in CoronaVac recipients (N = 93) were activated, contrasting with more suppressed pathways,
particularly in cellular processes, found at BNT162B2 (Figure 3a-b; Fig. S4). Pathways in neural function were suppressed
including neuron projection morphogenesis, cell morphogenesis involved in neuron differentiation, synaptic signaling,
dendrite development, dendritic tree, regulation of neuron projection development, and regulation of nervous system (Figure
3b, Supplementary Table 5). We next conducted blood transcription module (BTM) analysis on the differentially expressed
genes between baseline and one-month post-vaccination. This analysis revealed a distinct polarization in the enrichment of
immunological pathways. Specifically, the BNT162b2 vaccine was associated with an upregulation of pathways tied to
adaptive immunity, including T cell activation and B cell enrichment, along with signatures suggestive of natural killer (NK)
cell involvement (Figure 3c, Supplementary Table 6). For instance, pathways such as T cell activation and signaling, and
enrichment in B cells, were markedly upregulated in the BNT162b2 group compared with the CoronaVac group (Figure 3c,
Supplementary Table 6). Conversely, the CoronaVac vaccine was linked with a modest elevation in pathways associated with
innate immunity, including monocyte and dendritic cell signatures (Figure 3c, Supplementary Table 6). Furthermore, analysis
indicated a higher induction of antiviral responses, including toll-like receptor (TLR) and inflammatory signaling pathways in
the BNT162b2 group, implicating a robust upregulation of type I interferon responses (Figure 3c, Supplementary Table 6).
Additionally, the observed pathway changes were widespread among the participants, rather than being rare occurrences.
More than 75% of those vaccinated against SARS-CoV-2 demonstrated upregulation in a minimum of 10 pathways
associated with cellular processes and immunological functions. In contrast, neural function pathways showed a significant
decline in frequency, suggesting a predominance of negative effect sizes within most BNT162b2 recipients (Figure 3d). The
sensitivity analysis that directly compared the longitudinal omics alteration between the two vaccine groups identified 769
differentially expressed (DE) markers at M0-M1 (706 Transcripts, 38 metabolites, 25 lipids, 12 cytokines), Additionally, those
markers playing immune functions, such as THBD, TNFAIP3, EGR3 and NR4A3, and playing neurological function (e.g.,
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ATXN1L, ZMIZ1, NOTCH2) were overlapped with previous markers (Fig. S7). Metabolically, compared with CoronaVac,
BNT162b2 vaccinees showed more elevated levels of a wide range of metabolites and lipids (Fig. S4b), many of which
belonged to ABC transporters, purine metabolism, and sphingolipid signaling, and necroptosis pathways (Figure 3e). Overall,
our data highlighted a divergent impact of SARS-CoV-2 vaccines on the immune system, with BNT162b2 enriching adaptive
immune signatures and suppressing neural functions, while CoronaVac enriching innate immune signatures.

Convergence on neural function alterations and immune function changes

Further analysis of the various omics data identified key neural function-related networks and the potential mechanisms (Fig.
S8a). Notably, gliclazide, known for its neurological effects (20), exhibited a positive correlation with 7 out of 11 neural
function-associated genes (Fig. S8a). D-Sphingosine, which is implicated in neuronal survival and inflammation, also
demonstrated significant interconnectivity within the network (Fig. S8a). STRING (Search Tool for Retrieval of Interacting
Proteins/Genes) analysis of the gene network further substantiated these findings (Fig. S8b); These 11 genes were
downregulated, predominantly in pathways related to nervous system development. And the alterations were independent of
immunogenicity (Supplementary Table 7). This suggests a downregulation of neural functions following BNT162b2
vaccination. Additionally, the enrichment of receptor tyrosine kinase signaling pathways highlights a potential impact on
neural development and function. For immune function assessment, a more intricate network was identified between the
BNT162b2 and CoronaVac vaccines. STRING analysis of the BNT162b2 specifically revealed extensive interconnectivities
among genes such as NR4A3 and MAFF, suggesting a potential modulation of immune functions following vaccination (Fig.
S9). These insights provide a comprehensive view of the neural function and immune function alterations associated with
different SARS-CoV-2 vaccines at the omics level (Supplementary Table 7-9).

Persistent changes in immunological functions and neural signatures 

We then assessed whether the omics changes at 1-month post-vaccination could further persist in 6-month post-vaccination.
We found that at 6 months post-vaccination, significant changes in metabolites, lipids persisted more in the BNT162b2 group
(metabolites: 31/50, lipids: 23/48) than in the CoronaVac group (metabolites: 8/25, lipids: 2/17). However, only 52 out of 563
differentially expressed transcriptomic features between M0 and M1 remained persistently altered in BNT162b2, compared
with 21 out of 45 in the CoronaVac group (Figure 2b-d). In terms of neural function, 8 out of 11 genes showed sustained
downregulation, and within immunological function, 6 out of 13 genes remained downregulated (Figure 4a). Interestingly,
several persistently downregulated transcriptomic markers, including PGLYRP1 (associated with cellular process), as well as
LHX3 and EGR2 (involved in neural processes), were positively correlated with the relative decline in sVNT values between 1
and 6 months post-vaccination (Figure 4a). Pathway enrichment analyses revealed consistent changes in cellular processes,
immunological functions, and neural functions, as well as in the biosynthesis of unsaturated fatty acids (Fig. S10,
Supplementary Table 5-6). Notably, after 6 months of vaccination, BNT162b2-induced T cell activation and associated
immune pathways showed a shift towards suppression (Fig. S10). Conversely, in the CoronaVac cohort, only one
immunological pathway, Monocyte surface signature, exhibited such suppression (Fig. S10). Additionally, sphingolipid-related
pathways continued to be enriched post-BNT162b2, with some neural-related metabolites returning to pre-vaccination levels
(Fig. S10).

Different pattern of relationships between the crosstalk of multi-omics and immunogenicity in the two vaccine groups

Our investigation into the differences of vaccine-induced host responses revealed a differential omics crosstalk effect on
immunogenicity and durability between BNT162b2 and CoronaVac (Figure 5, Fig. S11). For durability, both vaccine groups
displayed more intense networks associated with longer durability (BNT162b2: 500 vs. 6 associations; CoronaVac: 105 vs. 14
associations, Figure 5, p value < 0.05). Certain correlations, particularly those involving LPCs-genes crosstalk, persistently
appear in the network associated with longer durability compared to the network for shorter durability (Fig. S11). Regarding
immunogenicity, in BNT162b2, a slightly denser network was observed in the higher immunogenicity group (top quantile of
antibody level at M1) than non-higher immunogenicity group others (559 vs. 530 associations). Among those with robust
immune responses, there was a notable complexity within the gene-metabolite/lipidomic network, especially for Lyso-
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phosphatidylcholine (LPCs) and SMs (Figure S11). Conversely, the CoronaVac group did not demonstrate such marked
differences in network intricacy (90 vs. 93 associations) (Fig. S11). Altogether, our findings provide insights into the specific
multi-omics interactions at play, particularly highlighting the role of lipids in both immunogenicity and durability of the
BNT162b2 vaccine.

Omics profile elucidates variation in immune responses to SARS-CoV-2 vaccines

In the BNT162b2 group, especially among those with robust immune responses, there was a notable complexity within the
gene-metabolite/lipidomic network. Conversely, the CoronaVac group did not demonstrate such marked differences in
network intricacy (Fig. S12a). To further identify the omics landscape in the variation of immune outcomes, we employed
differential analysis using limma/voom for RNAseq and GLM for metabolites/lipids. These profiles suggested the diverse
immunogenic responses elicited by the BNT162b2 and CoronaVac vaccines (Fig. S12b-d, Fig. S13, Supplementary Table 10-
11). Specifically, BNT162b2 is associated with unique gene sets linked to immunogenicity (33 genes) and durability (47
genes), alongside a distinct metabolomic profile characterized by 14 metabolites related to immunogenicity and 22 to
durability. Conversely, the CoronaVac group displayed a more limited metabolomic variance and a differing gene expression
pattern, with 59 genes tied to immunogenicity and 29 to durability. Notably, LPC (18:2) emerged as the sole feature
correlating with both heightened immunogenicity and durability in the BNT162b2 cohort (Fig. S12e).

Next, we investigated the immune-related genes and their interaction that are likely to contribute to higher immunogenicity
and longer durability. We built gene-gene interaction networks using STRING database. Interestingly, most of the transcripts
enriched in higher immunogenicity group clustered together and were involved in immune system, especially for innate
immune response (Supplementary Table 12). For example, in BNT162b2 group, three clusters were fitted by the genes which
were associated higher immunogenicity. In the first cluster (11 genes), genes such as LTF (lactotransferrin), DEFA1B, and
DEFA4 (defensin alpha 1B and 4) were centered that are interconnected and have been identified to play significant roles in
the immune response. Specifically, these genes are involved in the innate immune response within mucosal tissues and
contribute to antimicrobial and antibacterial humoral responses. This clustering further suggested a coordinated action of
these genes in bolstering the immunogenicity against BNT162b2. Moreover, the genes associated with longer durability may
regulate the durability by cellular responses. Seven genes (e.g., SYT1, SCN5A, SLC5A11, MAP6, and KCNQ3) from the first
cluster involved in calcium binding and ion transport activities. These insights into gene-gene interactions enhance our
understanding of the molecular basis for the sustained immunogenic effects of the BNT162b2 vaccine, with further
comparative details available in the supplementary materials for the CoronaVac group.

Lipids and metabolites also exerted modulation in the stronger immune responses. For BNT162b2, the lipidomic features,
such as LPC (20:2) and PC (34:1), exhibit significant associations with higher immunogenicity, while a range of metabolites,
including sphingomyelin and glycerophospholipids, demonstrate strong links to durability (Fig. S12e). This could suggest that
lipid metabolism plays a crucial role in the immune response and longevity of vaccine efficacy for BNT162b2. In contrast, the
CoronaVac vaccine shows a narrower spectrum of metabolites associated with immunogenicity, such as LPC (14:0), with
fewer lipidomic features implicated. Durability is associated with a distinct set of metabolites, predominantly involved in
energy and amino acid metabolism. The differences in the profiles of immunogenicity and durability between the vaccines
might further imply why BNT162b2 elicits a more robust alteration in metabolic pathways, which correlates with its reported
higher efficacy and longer-lasting immune response as compared to CoronaVac. 

Multi-omics prediction modeling

We next sought to determine the relative contribution of pre-vaccination omics data in predicting post-vaccination immune
responses (immunogenicity and durability) using machine learning. The models achieved the following areas under the
curve: 0.73 (higher immunogenicity in BNT162b2), 0.72 (lower immunogenicity in BNT162b2), 0.72 (higher immunogenicity in
CoronaVac), 0.80 (lower immunogenicity in CoronaVac), 0.84 (longer durability in BNT162b2), 0.65 (longer durability in
CoronaVac) (Figure 6, Supplementary Table 13). Transcriptome was the most frequently selected omics type among the six
independent models, indicating its significant role in predicting vaccine immune responses. Estradiol valerate were found
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both in higher immunogenicity (top quantile) and lower immunogenicity (lowest quantile) prediction models in CoronaVac.
Statistically, higher levels of estradiol valerate at baseline are associated with higher immunogenicity. However, a few
common features among the six models may suggest potential different mechanisms in both the intensity and durability of
immune pathways across different vaccine types. Collectively, we employed a machine learning approach that integrates
multi-omics and clinical features from pre-vaccination candidates to derive predictors of immune responses to SARS-CoV-2
vaccination.

Discussion
Previous studies have explored omics perturbations in individuals receiving COVID-19 vaccines (21–23) but few have
integrated transcriptomic, metabolomic, lipidomic, and cytokine profiling to examine host responses over time. Moreover,
study on head-to-head comparison of host responses between different vaccines is limited. Our research delineates clear
distinctions in the longitudinal omics profiles between two COVID-19 vaccines: the mRNA-based BNT162b2 and the
inactivated virus vaccine CoronaVac. Specifically, BNT162b2 predominantly enhances adaptive immunity, while CoronaVac
primarily activates innate immune pathways. Additionally, our analysis indicates a notable suppression of metabolomic
functions after administering two doses of BNT162b2. Additionally, our results demonstrate significant omics crosstalk in
response to BNT162b2, underscoring its potential for greater immunogenicity and durability. Crucially, baseline omics profiles
can predict immune responses post-vaccination, providing a robust foundation for tailoring future personalized vaccine
strategies.

During the prolonged period post-vaccination, host responses to the BNT162b2 vaccinee converged on adaptive immunity,
while CoronaVac mainly activated innate immune pathways, some of which persisted up to 6 months post-vaccination.
Concurrently, more cellular pathways were downregulated in the BNT162b2 group than in the CoronaVac group. Previous
studies have shown that BNT162b2 also activates innate immunity during the first week after vaccination. The switching of
immune functions can be attributed to the differences in the nature of the two vaccines. Compared to the inactivated virus
vaccine, mRNA of the spike protein was still detected in the axillary lymph nodes within 30 days post-vaccination. The mRNA
vaccine encodes a SARS-CoV-2 spike protein with conformationally stabilized pre-fusion mutations (24–26). The high
stability of these modified spikes may lead to antigen persistence, resulting in prolonged stimulation of B and T cells, and
higher antibody levels, as well as increased affinity and avidity, which are commonly observed in mRNA vaccines but not
inactivated virus vaccines (27–29). The COVID-19 vaccine was also reported to mitigate disease severity by attenuating the
inflammatory responses (30). Watanabe et al. also suggested the changes in genes associated with B cells, T-cell specific
related genes, and both T‐ and B cell‐related genes. Additionally, single-cell transcriptomics by Zhou et. al demonstrated that
BNT162b2 vaccination activates antiviral and inflammatory responses in monocytes and dendritic cells (31). These
transcriptional alterations, encompassing immune system regulation, metabolism, hemostasis, and platelet activation,
further corroborate our findings, suggesting a more nuanced understanding of vaccine-induced immune dynamics (32).

Our analysis also revealed an enrichment of pathways annotated with neurological functions following BNT162b2
vaccination. For example, we identified significant changes in gene expressions, including the downregulation of FOSL1,
AREG, LHX3, and EP300, which are associated with various neurological functions and clinical conditions. Additionally,
changes in metabolites like D-Erythro-sphingosine 1-phosphate, choline, D-Sphingosine, and Oleoylethanolamide are involved
in neural signaling and neuroprotection. Furthermore, our Co-Abundance Networks of Features further indicated intricate
interactions between these molecular changes. These findings suggest a complex interaction of vaccine-induced effects on
neural pathways not captured in the acute phase, which Watanabe Y. et al.’s research focused on, analyzing data only one day
post-vaccination (32). Our longer timeline and different analytical methods, including distinct enrichment approaches and
databases, may contribute to the disparities in findings. Interestingly, both patients with COVID-19 infection and individuals
who have received COVID-19 vaccines may experience a range of neurologic consequences, such as headaches, fatigue, and
dizziness (33–35). Recent evidence from plasma proteomics also suggests that SARS-CoV-2 infection may increase the risk
of developing Alzheimer’s disease in the future (36). In our cohort, changes in neurological-related were observed in 25–50%
of participants, with some alterations persisting up to six months post-vaccination. However, current evidence does not
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directly support a clinical risk of neurological diseases associated with receiving mRNA vaccine. We hypothesize that while
the vaccine may trigger these molecular-level alterations, only a small proportion of vaccinees might further develop clinical
symptoms, indicating that these molecular changes do not universally translate to clinical manifestations. Of note, the
measurements were conducted in peripheral blood, which may not fully reflect changes within neural tissues and the central
nervous system. Further research should explore the mechanisms via experimental studies validating these differences and
assess the long-term clinical and subclinical neurological impacts of mRNA vaccines, to ensure safety and efficacy across
diverse populations. Such insights are crucial for optimizing vaccine strategies and understanding the full scope of vaccine-
induced physiological changes.

The complex interactions involving PCs, LPCs, and SMs observed in BNT162b2 recipients suggest that these lipids
significantly enhance the vaccine's immunogenicity and durability. These molecules are crucial for activating humoral and
cellular immune responses, which may impact the robustness of vaccine responses (37–39). Despite less complexity in
CoronaVac responses, the consistent presence of SMs-cytokines crosstalk in networks associated with longer durability
highlights their essential role in maintaining immune memory. The involvement of sphingolipids may be associated with
trained immunity after vaccination (40). Understanding these interactions can help explain the variation of immune
responses, thereby guiding the optimization of vaccine formulations for enhanced immunogenicity and durability.

Integrating multi-omics datasets provides a comprehensive view that not only helps predict vaccine efficacy but also
enhances our understanding of why certain individuals exhibit stronger responses to vaccines than others, as suggested by
our co-occurrence network and random forest model. Growing interest in the concept, baseline may predict outcome inspires
researchers to investigate the role of baseline omics variation in diverse global populations, offering avenues for optimization
of current vaccination strategies (41). Feargal et al. found that pre-vaccination immune state is predictive of antigen-specific
responses to the BNT162b2 vaccine (22). Our earlier study also suggested that specific gut microbiota markers could predict
immune responses, including immunogenicity and durability, following COVID-19 vaccines (17, 42). Moreover, studies have
shown that integrating genomic and proteomic data can enhance predictions of vaccine-induced antibody responses. For
instance, Moorlag et al. showed the predictive power of multi-omics analysis in understanding vaccine responses by
demonstrating how epigenetic profiles can forecast trained immunity after BCG vaccination (43). Similarly, Bakker et al.
utilized integrative multi-omics data to predict cytokine responses following vaccination. They found that a combination of
genomic, transcriptomic, and other biological data could be used to predict immune responses, highlighting the value of a
multi-omics approach to understand and predict vaccine efficacy (44). Furthermore, maintenance hemodialysis (HD) patients
exhibit prolonged myeloid cell activity and a delayed return to baseline after vaccination compared to healthy controls (45). In
terms of cellular immune responses, HD patients also demonstrate delayed T-cell activation but maintain strong cellular
immune responses over time, secreting higher levels of IFN-γ and IL-2 after vaccinations, emphasizing the need for
continuous monitoring and tailored vaccination strategies to optimize outcomes in populations with different vulnerabilities.

A major strength of our study is the longitudinal design and a large sample size with paired data from the same subjects
before and after COVID-19 vaccines which allows inference of directionality. Also, we used a GSEA with BTM analysis and
Hallmark analysis, rather than traditional enrichment methods. This approach enabled us to construct a more systematic
map of gene expression changes, thereby strengthening the comparability and robustness of our results. However, several
limitations should be noted. First, the interpretation of neural signatures is constrained by reliance on blood-derived omics
data; many identified genes and metabolites have pleiotropic roles and are active in both immune and neural pathways,
making precise attribution difficult. Secondly, the absence of early post-vaccination timepoints (e.g., day 1–14) limits our
ability to capture acute innate and early adaptive responses. Moreover, the COVID-19 vaccines not only induce humoral
response but also trigger cellular immunity especially the activation of CD4 and CD8 T cells (11). In this study, we mainly
focused on analyzing the association between the results from multi-omic data and the antibody level. Thus, investigation
into the interplay between the host responses and the T cell functions against SARS-CoV-2 is still not known and requires
further examination. Moreover, the transcriptomic data was mainly obtained from the bulk analysis of PBMCs in which
neutrophils were excluded due to the cell isolation procedure. Although transcriptional changes in specific populations such
as T, B cells can be determined by single-cell sequencing, such approach will not be financially feasible at this stage due to
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the relatively large sample size from our cohort. Finally, while we observed associations between omics profiles and immune
responses, the establishment of causality is precluded by limitations including unmeasured confounders and potential
selection bias (e.g., participant self-selection into groups). Future endeavors aim to validate and expand upon these findings
within new, independent experimental studies to enhance our understanding of the interplay between omics and immune
responses.

Previous studies focused on predicting disease progression or antibody expression in individuals (46). Our model extends
this to evaluate individuals at a population level, assessing the intensity and durability of their immune responses over time
and identifying associated baseline characteristics. The six models achieved an average AUC of 0.74, indicating acceptable
performance (47). However, due to the complexity and acquisition challenges of multi-omics data, the current model is
limited by the cohort scale and would benefit from further validation with larger datasets. Nevertheless, multi-omic data
integration may help tailor vaccination schedules or booster compositions for elderly and immunocompromised individuals,
whose immune landscapes differ from those of younger or healthy populations. In addition, by revealing signatures
associated with robust cross-variant protection, these data can guide the design and optimization of next-generation
vaccines that maintain efficacy against emerging SARS-CoV-2 variants and other evolving pathogens. Such precision-guided
approaches will be instrumental in advancing equitable and adaptive vaccination programs in the post-pandemic era.

In summary, our research brings forth the concept how two distinct COVID-19 vaccines, mRNA and inactivated virus, induce
divergent changes within the omics landscape, emphasizing that baseline omics variations significantly influence immune
responses. Moving forward, the multiomics integration in vaccination strategies promises to maximize efficacy and minimize
adverse reactions, thereby aligning modern vaccine science with the principles of personalized medicine.

Methods
Study design and participants. 

Our previous study recruited 726 adults over 18 years old who received either two doses of BNT162b2 or CoronaVac in Hong
Kong SAR, China, at vaccination centers at the Chinese University of Hong Kong Medical Centre, Prince of Wales Hospital and
Kowloon Bay Vaccination Center between March 10 and August 31, 2021 as previously described (12). The participants
received two doses of either BNT162b2 (21-day dose interval) or CoronaVac vaccine (28-day dose interval), according to the
manufacturer’s recommendation. Those with a confirmed history of COVID-19 at the day of sampling were excluded. Among
all, samples from 553 (274 for BNT162b2 and 279 for CoronaVac group) who provided blood at before, 1- and 6-month after
the second dose of vaccination were included for this study. This study was approved by the Joint Chinese University of
Hong Kong- New Territories East Cluster Clinical Research Ethics Committee (reference number 2020.229) and conducted in
compliance with the Declaration of Helsinki. All participants provided written informed consent. 

Sample and epidemiological data collection. Epidemiological, demographic, and clinical presentation data were collected
from each participant through a self-administered questionnaire during their first visit after vaccination. 10 ml of heparin
blood samples were drawn at before, 1- and 6-month after vaccination. The blood was first centrifuged at 3000 × g for 10
minutes at room temperature to obtain plasma. Peripheral blood mononuclear cells (PBMCs) were isolated utilizing
FicollPaque Plus medium (Cytiva, Amersham, UK), following the manufacturer’s instructions. Subsequently, one million of
PBMC were immediately mixed with 1ml of TRIzol®. Both plasma samples and the TRIzol® were stored at -80°C until further
analysis. Sample size for each assay and timepoint was detailed in Supplementary Table 14.

Surrogate virus neutralization test (sVNT). SARS-CoV-2 surrogate virus neutralization test kits were obtained from GenScript,
Inc., NJ, USA, and the tests were carried out according to the manufacturer’s instructions. The test sera (10 μl) and positive
and negative controls were diluted 1:10 or 1:200 and mixed with an equal volume of horseradish peroxidase (HRP)
conjugated to wild wild-type strain of SARS-CoV-2 spike receptor binding domain (RBD) (6 ng) and incubated for 30 min at
37°C. A 100 μl volume of each mixture was added to each well on the microtiter plate coated with ACE-2 receptor. The plate
was sealed and incubated at room temperature for 15 min at 37°C. Plates were then washed with wash solution and tapped
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dry, and 100 μl of 3,3’,5,5’-tetramethylbenzidine (TMB) solution was added to each well and incubated in the dark at room
temperature for 15 min. The reaction was stopped by addition of 50 μl of Stop Solution to each well and the absorbance read
at 450 nm in an ELISA microplate reader. The assay validity was based on values representing optical density at 450 nm
(OD450) for positive and negative results falling within the range of recommended values. On the basis of the assumption
that the positive and negative controls gave the recommended OD450 values, percent inhibition of each serum was
calculated as follows: 

𝑃𝑒𝑟𝑐𝑒𝑛𝑡 𝑖𝑛h𝑖𝑏𝑖𝑡𝑖𝑜𝑛 = 1 − 𝑠𝑎𝑚𝑝𝑙𝑒 𝑂𝐷 𝑣𝑎𝑙𝑢𝑒 × 100 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒 − 𝑐𝑜𝑛𝑡𝑟𝑜𝑙 𝑂𝐷 𝑣𝑎𝑙𝑢𝑒 

Percent inhibition values of 20% or more are regarded as positive results. 

ELISA for spike RBD specific antibodies. A 96-well enzyme-linked immunosorbent assay (ELISA) plate (Nunc MaxiSorp,
Thermo Fisher Scientific) was first coated overnight with 100 ng per well of purified recombinant protein in PBS buffer. The
plates were then blocked with 100 μl of Chonblock blocking/sample dilution ELISA buffer (Chondrex Inc, Redmon, US) and
incubated at room temperature for 1 hour. Each human plasma sample was serial diluted from 1:100 to 1:1000000 in
Chonblock blocking/sample dilution ELISA buffer. Each diluted sample was then added into the ELISA plates for a two-hour
incubation at 37°C. After extensive washing with PBS containing 0.1% Tween 20, each well in the plate was further incubated
with the anti-human IgG secondary antibody (1:5000, Thermo Fisher Scientific) for 1 hour at 37°C. The ELISA plates were then
washed five times with PBS containing 0.1% Tween 20. Subsequently, 100 μl of HRP substrate (Ncm TMB One; New Cell and
Molecular Biotech Co. Ltd, Suzhou, China) was added into each well. After 15 min of incubation, the reaction was stopped by
adding 50 μl of 2 M H2SO4 solution and analyzed on an absorbance microplate reader at 450 nm wavelength. The antibody
level of each sample was determined as the area under curve (AUC) using the software of Prism 8.0. 

Outcomes analysis. The immune outcomes, including both immunogenicity and durable immunogenicity, were categorized
based on the sVNT levels. Those in the top quartile for sVNT titers post-vaccination were categorized under 'higher
immunogenicity' due to their elevated neutralizing antibody levels, indicating a more potent immune response (17). For
evaluating 'durability' of the immune response, an index was computed utilizing the sVNT levels at two time points: at one
month (M1) and six months (M6) post-vaccination. The durability index was defined as the relative decline in sVNT levels
over time, calculated by the formula: (sVNT at M1 - sVNT at M6) / sVNT at M1. This ratio reflects the percentage decrease in
neutralizing antibody levels, serving as a surrogate for the longevity of the vaccine's efficacy (42). To classify individuals into
'longer durability' versus 'non- longer durability' groups, the top quantile of the durability index across the cohort served as the
cut-off points. 

Cytokine quantification. Inflammation cytokines including IL-1β, IL-17A, IL-18, IL-23, TNF-α, IFN-γ, IFN-α, IL-12, IL-8, IL-10, IL-
33, CX3CL1, CCL11, MIP-1α, MIP-1β, CCL20, CCL2, RANTES, CXCL10, CXCL9, CCL17, CXCL5, and CXCL11 etc. from the
plasma samples were quantitatively determined by flow cytometry-based immunoassay (LEGENDplexTM kits, Biolegend)
according to manufacturer’s protocol. The amount of cytokine (pg/mL) in samples was quantitated using flow cytometry
(AttuneNxT) and analyzed by FlowJo v10. 

Metabolomics and Lipidomics analysis from plasma samples. For metabolomic analysis, deactivated plasma samples were
extracted using a methanol extraction solution. The supernatants contained metabolites of diverse chemical natures. Four
platforms were utilized for non-targeted metabolomics. The supernatant was divided into four fractions: two for analysis
using two separate reverse-phase/ultra-performance liquid chromatography (RP/UPLC)-MS/MS methods with positive ion-
mode electrospray ionization (ESI), one for analysis using RP/UPLC-MS/MS with negative-ion mode ESI, and one for analysis
using hydrophilic interaction liquid chromatography (HILIC)/UPLC- MS/MS with negative-ion mode ESI. The QE mass
spectrometer analysis alternated between MS and data-dependent MS2 scans using dynamic exclusion. The scan range was
70-1,000 m/z. After raw data pre-processing, peak finding/alignment, and peak annotation using in-house software,
metabolites were identified by searching an in-house library containing more than 3,300 standards, with library data entries
generated from running purified compound standards through the experimental platforms. 
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For lipidomic analysis, plasma samples were homogenized in a mixture of methanol, chloroform, and water to extract lipids.
The resulting lipid extracts were dried under nitrogen gas and re-dissolved in a mixture of isopropanol, acetonitrile, and water.
The lipid extracts were then analyzed using high-performance liquid chromatography coupled with tandem mass
spectrometry (HPLC-MS/MS). Chromatographic separation was achieved using a C18 column, with a gradient elution of
solvent A (60% acetonitrile in water with 10 mM ammonium formate and 0.1% formic acid) and solvent B (90% isopropanol
with 10 mM ammonium formate and 0.1% formic acid). Mass spectrometry was conducted in both positive and negative ion
modes to ensure broad coverage of lipid species. Data acquisition was performed using a TripleTOF 5600+ mass
spectrometer (Sciex) with a data-dependent acquisition mode to maximize lipid identification and quantification. Lipid
species were identified and quantified using LipidViewTM software, referencing established lipid databases. Quality control
(QC) samples and internal standards were included to monitor instrument performance and ensure data accuracy. 

Peripheral blood transcriptomics. One million of PBMC cells was solubilized in 1 ml of Trizol. RNA was then isolated from
each sample using the miRNeasy Mini kit (Qiagen) and 10 ng of total RNA was used as input for cDNA synthesis using the
Clontech SMART- Seq v4 Ultra Low Input RNA kit (Takara Bio) according to the manufacturer’s instructions. Amplified cDNA
was fragmented and appended with dual-indexed bar codes using the NexteraXT DNA Library Preparation kit (Illumina).
Libraries were validated by capillary electrophoresis on an Agilent 4200 TapeStation, pooled at equimolar concentrations, and
sequenced on an Illumina NovaSeq at 150SR, yielding at least 20 million reads per sample. Sequencing results were
demultiplexed and converted to FASTQ format using Illumina bcl2fastq software (Illumina). The sequencing reads were
adapter and quality trimmed and then aligned to the human genome
(https://www.ncbi.nlm.nih.gov/datasets/genome/GCF_000001405.26/; version hg38) using the splice-aware STAR
aligner50. 

Statistical and computational analysis. All statical and computational analysis was performed in R version 4.3.0 (2023-04-
21) and Python version 3.11.5. Continuous variables (ie, sVNT) were reported as median and IQR, and categorical data were
presented as proportions. To establish whether there was an imbalance in participants’ demographic characteristics between
the two types of vaccines used for the initial doses, we used the Wilcoxon rank sum test for continuous variables and Fisher’s
exact test for the categorical variables. For the longitudinal outcome comparisons, we used the Friedman test for paired data
followed by post-hoc analysis with pairwise Wilcoxon rank sum test for paired data for multiple comparisons. 

Data preprocessing

Normalization and filtering of untargeted metabolomics data. Quality control samples, comprised of an equal aliquot of all
test samples, were prepared and inserted in an interval of ten test samples throughout the assay. This procedure was
performed to monitor the stability of instrument and to normalize the variations during the runs. Raw LC-MS/MS files were
processed using Compound Discoverer 3.1 (Thermo Fisher Scientific) and metaZ. Features missing in more than 50% of QC
samples or in more than 80% of experimental samples were excluded. KNN algorithm (K-nearest Neighbor algorithm) was
used to fill in the missing value. Data underwent probabilistic quotient normalization (PQN), QC-based LOESS signal
correction (QC-RLSC) for batch effects, and removal of metabolites with >30% CV in QCs. A principal component analysis
plot was provided to evaluate the sample quality (Fig. S14). To enhance the confidence of potential metabolites, we used the
Metabolomics Standards Initiative level of confidence for grading metabolite annotation (levels 1-4). For metabolomic
annotation, we further used metaboliteIDmapping AnnotationHub package in R language for unique and unified ID
(https://github.com/yigbt/metaboliteIDmapping). After aligning metabolites and lipids across three timepoints, 355
metabolites and 177 lipids were selected for downstream analyses or modeling. The abundance of lipidomic and
metabolomics profiles was normalized using the median before the batch effect correction.

Filtering of RNAseq data. For the RNAseq gene expression counts in peripheral blood, we filtered out the low-count to
increase the power of statistical tests and reduce false positives. The criteria for exclusion were set at a count per million
(CPM) greater than 0.1 and a prevalence higher than 30%, as low-count genes are more susceptible to high variability and
spurious differential expression. Finally, 20186 genes were left for subsequent differential analyses. Trimmed Mean of M-
values (TMM) was applied for normalization.
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Batch correction. To mitigate potential inter-batch variations, we employed the ComBat method was used for batch-effect
removal in both metabolomics and lipidomics data (48, 49). To avoid overadjustment for biological variation in transcriptomic
data, the sequencing batch was included as a covariate in the linear mixed model, where applicable.

Longitudinally differential analysis 

Cytokines: To evaluate the differences in cytokine levels between groups, we employed the Wilcoxon rank-sum test. The
significance of cytokine variations was determined using a Benjamini-Hochberg false discovery rate (FDR) adjusted p-value
threshold of 0.05. 

Metabolites and lipids: For longitudinal comparisons, to identify the significance of the influence of sex, age, and durable
time post-vaccination on features, we utilized a linear mixed effect model. This model was defined as log2 (Abundance) ~
Time + Sex + Age + 1|ID. The significance of changes in metabolites and lipids affected by the vaccines were determined
using a FDR adjusted p-value of 0.1 (50-52). 

RNAseq: Peripheral blood RNAseq gene-expression counts were analyzed using the limma/voom pipeline (53, 54). This
approach facilitated the linear mixed effect which models the counts of each gene. Genei counts ~ Time + Age + Sex + Batch
+ 1|ID. This model statement enables quantifying effects that are due to vaccination (pre-vaccination, 1-month post
vaccination, 6-month post vaccination) within each cohort. A notable advantage of employing limma in this context was the
ability to incorporate 1|subject as a random effect, which is critical for controlling baseline individual differences. For data
visualization of heat maps, transcripts per million (TPM) was used and either TPM values or row Z-scores were shown. 

Sensitivity analysis: To directly compare differential features (M0-M1) between the two vaccine groups, interaction terms
between vaccine groups and timepoints were included in the limma models. log2 (Abundance)/ Genei counts ~ Time *
Vaccines + Sex + Age + 1|ID (53).

Differential analysis between immune outcomes. To identify differentially expressed genes (DEGs) at baseline between
various levels of immune outcomes (immunogenicity & durable immunogenicity), we applied limma/voom analysis,
accounting for age, sex, and sequencing batch (specifically for RNAseq). For metabolites and lipids, the significance was
determined using a generalized linear model (GLM) adjusted for age and gender. 

Within sample GSEA analysis. We employed the single sample gene set enrichment analysis (ssGSEA) method (53, 54),
using the GSVA package in R (55), to profile within-sample differences in pathways from the GO list. The GO pathway list is a
well-validated set of general curated biological pathways that offer insights into specific biological, cellular, and molecular
processes. Variance stabilized transformed (vst) counts derived from DESeq2 were used as input for the GSVA function,
employing default parameters (kcdf = “Gaussian”). The scaled Normalized Enrichment Scores (NES) were visualized as
heatmaps. Notably, unlike classical GSEA, this analysis is agnostic to sample phenotype. To identify differential pathways
between dichotomous immune outcomes, a linear mixed- effect model was used where we modeled the normalized
enrichment score (NES) of each pathway as NES ~ sex + batch + group + 1|ID. The significance of pathways influenced by
the treatment was determined using a Benjamini–Hochberg FDR adjusted p-value of <0.05. 

Machine learning model. 

Random forest modeling was conducted using Python version 3.11.5, scikit-learn 1.2.2, and boruta_py 0.3. Six independent
prediction tasks were defined based on vaccine types and immune outcomes: higher immunogenicity prediction (top quantile
of antibody level at M1 vs non-top quantile), lower immunogenicity prediction (lowest quantile of antibody level at M1 vs non-
lowest quantile) and longer durability prediction (top quantile of antibody maintenance rate at M6 vs non-top quantile). For
each task, the dataset was stratified and split into training (80%) and hold-out test (20%) sets. Within the training set, 10-fold
cross-validation was performed, and feature selection was conducted by the Boruta algorithm on the combined multi-omics
data. The random forest model was trained on the selected features with default hyperparameters (n_estimators = 100,
random_state = 42) and evaluated on the hold-out test set using AUC as the performance metric.
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Correlation analysis of differential features. We conducted Spearman correlation analysis to determine the associations
between differential metabolites, lipids, genes, and cytokines at baseline and at 1 month. For this analysis, we established
criteria wherein correlations yielding an FDR < 0.05 and a correlation coefficient > 0.3 were deemed significant. These
significant correlations were then visualized using Gephi, a network visualization software, allowing for a comprehensive
representation of the intricate relationships among these biomolecules (https://gephi.org/)(56). Furthermore, we stratified
our study cohort into two subgroups: higher immunogenicity and non-higher immunogenicity, based on their immunogenicity
and durability. Spearman correlation analysis was again performed within each subgroup to elucidate the unique interaction
networks prevalent in these distinct groups. The same criteria of FDR < 0.05 and correlation coefficient >0.3 were applied for
this subgroup analysis. In our network visualization using Gephi, we utilized a specific layout algorithm, Fruchterman
Reingold, to spatially arrange the nodes (representing metabolites, lipids, genes, and cytokines) and edges (representing their
correlations) in a manner that reflects the strength and complexity of their associations. The nodes were color-coded and
sized according to the number of connections, respectively. The network was compared between higher immunogenicity
and non-higher immunogenicity using network.compare function of the EGAnet Package.

Pathway Enrichment 

Gene set enrichment analysis (GSEA). Enriched gene sets were identified using the preranked gene-set enrichment analysis
(GSEA) algorithm implemented in the fgsea R package. The GSEA was employed to assess pathway enrichment between pre-
and post- vaccination. Pre-ranked analysis, based on Limma/voom output comparing pre-vaccination and 1-month post
vaccination, was conducted. Gene sets for GSEA were derived from the Molecular Signatures Database (MSigDB, version 7.0)
using the GO list and blood transcription modules (BTMs) which is a curated database comprising of an integrated large-
scale network of publicly available human blood transcriptomes (https://github.com/shuzhao-li/BTM) (14, 57). Only gene
sets with an FDR of 0.05 were considered significant. A significant positive NES value indicates that members of the gene set
tend to appear at the top of the ranked transcriptome data, whereas a negative NES indicates the opposite. 

Differentially expressed genes were also mapped to the Search Tool for Retrieval of Interacting Proteins/Genes (STRING)
database (which integrates known and predicted protein/gene interactions) to predict functional gene interaction networks
(https://string- db.org/). Then, functional local clusters in the interaction network were determined using a Markov Cluster
algorithm (MCL) with an inflation parameter = 3. 

KEGG pathway analysis for differential metabolites. KEGG metabolic pathways and involved metabolites were downloaded
from KEGG API (https://www.kegg.jp/kegg/rest/keggapi.html). Significant enriched KEGG pathways were determined by R
clusterProfiler (v 4.8.3) package with BH multiple comparison test as FDR threshold of < 0.1 (58). Enrichment criteria
included at least two metabolites for significantly altered metabolites, with an FDR < 0.1. 
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Table 1. Baseline characteristics of study population

  BNT162b2

(N=274)

CoronaVac

(N=279)

P-value

Age (years)     <0.001

Mean (SD) 45.77 (13.45) 52.34 (9.68)  

Median (IQR) 46.00 (35.00, 56.00) 54.00 (46.50, 59.00)  

Gender     0.0771

  Female 162 (59.6%) 187 (67.0%)  

  Male 110 (40.4%) 92 (33.0%)  

Lifestyle habits      

Smoker 9 (3.3%) 17 (6.1%) 0.159

Alcohol consumption 121 (44.5%) 111 (39.8) 0.494

Regular exercise 144 (52.9%) 139 (49.8%) 0.496

Comorbidities      

Cardiovascular diseases 21 (7.7%) 16 (5.7%) 0.397

Diabetes 12 (4.4%) 19 (6.8%) 0.268

Chronic respiratory diseases 3 (1.1%) 5 (1.8%) 0.725

Vaccine history      

Influenza 170 (62.5%) 167 (59.9%) 0.541

Never received 102 (37.5%) 112 (40.1%) 0.254

Received once but not within previous 2 years 18 (6.6%) 15 (5.4%)  

Received once within these two years 58 (21.3%) 74 (26.5%)  

Received every year 94 (34.6%) 78 (28.0%)  

Hepatitis A/B 146 (53.7%) 82 (29.4%) <0.001

Mumps 56 (20.6%) 17 (6.1%) <0.001

Pneumococcal conjugate vaccine 21 (7.7%) 9 (3.2%) 0.0238

Rabies 15 (5.5%) 8 (2.9%) 0.139

Typhoid 14 (5.1%) 7 (2.5%) 0.122

Hemorrhagic fever 5 (1.8%) 0 (0%) 0.0288

COVID-19 history in household 2 (0.7%) 1 (0.4%) 0.62

Convalescent from SARS-CoV infection 2 (0.7%) 2 (0.7%) 1

SARS-CoV-2 antibody response£      

AUC of spike RBD IgG level (median (IQR)) 2.46 (2.25, 2.68) 1.01 (0.72, 1.37) <0.001

sVNT (inhibition %) at one-month post 2nd dose* (Median (IQR)) 96.08 (93.63, 96.92) 55.02 (39.73, 69.34) <0.001
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sVNT (inhibition %) at six-month post 2nd dose (Median (IQR)) 73.11 (55.00, 84.75) 16.18 (7.44, 25.87) <0.001

Data are n (%), unless otherwise stated. £The antibody level and host responses between the two vaccine groups were
compared based on multivariable regression analysis, adjusting by age, gender, and vaccine history (hepatitis A/B, mumps,
pneumococcal conjugate, and hemorrhagic fever). *One participant excluded due to insufficient peripheral blood
mononuclear cells for analysis.
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Figure 1

Study overview. Overview of the clinical protocol with three-timepoint analysis, that is, before, 1 month, and 6 months
following BNT162b2 or CoronaVac vaccine. At each timepoint, heparin blood samples were obtained. Experimental
procedures, analysis, and integration were carried out as described in Methods.
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Figure 2

A wider range of features are regulated after BNT162b2 than CoronaVac. a, Scatter Plot Depicting Distribution of
Differential Features. This plot illustrates the count of differential features within BNT162b2 or CoronaVac group, at baseline
vs. 1-month post-vaccination (M1) and baseline vs. 6-month post-vaccination (M6). Each omics is positioned according to
the direction of regulation, omics, and vaccine groups. The size of the circle represents the number of differential features in
each respective comparison. The colors represent transcriptomics, metabolomics, and lipidomics, respectively. b-e,
Comparative Analysis of Vaccine-Induced Changes in genes, metabolites, lipids, and cytokines. The Venn diagrams depict
the number of shared and unique genes (b), metabolites (c), lipids (d), and cytokines (e) identified between pre-vaccination
and post-vaccination timepoints for BNT162b2 and CoronaVac vaccines. The intersections indicate the count of features
overlapping between different comparison sets. Metabolites, lipids, and cytokines were considered significant if the FDR was
less than 0.1. For gene expression, significant differential features were defined by an FDR < 0.05 and an absolute log2 fold
change (|log2(FC)|) > 1.5. A comprehensive dataset, including the complete number of features and the detailed statistical
results, is available in the supplementary Source Data file (Supplementary Table 3-4).
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Figure 3

BNT162b2 is associated with heightened adaptive immunity and decreased neural functions and CoronaVac with
heightened innate immunity. a. Bar plot for different Gene Ontology (GO) Biological Process. Each row in the chart
corresponds to a different Gene Ontology (GO) Biological Process. The x-axis represents the count of occurrences or
measurements associated with each GO term. For each GO term, there are two bars extending in opposite directions from a
central axis at 0. The left panel represents a negative normalization enrichment score (suppression), and the right panel
indicates a positive normalization enrichment score (activation). Normalized enrichment scores calculated for the GO
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Pathway list for one-month post-vaccination vs. Baseline. The colors of the bars distinguish between two different vaccine
groups: BNT162b2 (blue) and CoronaVac (red). b-c. Over-representation Analysis by GO list and Blood transcription module
(BTM) analysis. These panels illustrate the comparative normalized enrichment scores (NES) derived from genes associated
with Neural Function (b), and Immunological Functions (c) for pre-vaccination versus 1-month post-vaccination samples from
BNT162b2 and CoronaVac recipients. For Cellular Processes, shared pathways between the two vaccines and the top 25
distinct pathways, as ranked by NES, are presented. The input data comprised variance-stabilized counts from DESeq2, which
were processed using the GSVA function to calculate scaled NES. Dot size is proportional to the significance level (−log10 p-
value), with the color indicating the NES. The significance of enrichment was determined using the fgsea package and
adjusted for multiple testing. Complete source data are available as supplementary material. d. Distribution of Pathways with
Positive Enrichment Post-Vaccination. The cumulative distribution function (CDF) plots illustrate the frequency of pathways
exhibiting positive normalized enrichment scores (NES) when comparing pre-vaccination (M0) to 1-month post-vaccination
(M1) samples for the BNT162b2 vaccine (left) and the CoronaVac vaccine (right). Pathways are categorized by their
associated functions: Cellular Process (blue), Immunological Function (yellow), and Neural Function (red). The x-axis
indicates the number of pathways showing positive effect sizes, while the y-axis displays the cumulative frequency of these
pathways within the dataset. The dashed horizontal line at 0.5 marks the median of the distribution. e. Over-representation
Analysis of Significantly Altered Metabolites by Vaccination (FDR <0.1). The bar plot displays enriched longitudinal
differences in metabolite levels between baseline and 1-month post-vaccination. Bar plots are categorized by vaccine type,
with BNT162b2 (left) and CoronaVac (right). The color intensity is proportional to the significance level. 
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Figure 4

Longitudinal Profiling of Vaccine-induced Omics Features and Pathways Alterations. a. Heat map showing significance of
differences in transcripts vs. fold change from baseline at 6m post-BNT162b2 and 6m post-CoronaVac. Adjacent to the
heatmaps, the log2 fold changes (6-month post-vaccination/pre-vaccination and 1-month post-vaccination/pre-vaccination)
are depicted in yellow, alongside the proportion of the cohort exhibiting an increase in gene expression, indicated in red. Only
genes that were significantly differentially expressed and overlapped DEGs in the pre-vaccination and 1-month post-
vaccination comparison after adjusting for a 5% FDR correction are included. The genes are categorized by their functions:
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Cellular Process, Immunological Function, and Neural Function. The color code reflects the magnitude of expression, with the
intensity of each color correlating to the expression level in each subject. The y-axis in the heatmap is highlighted when
genes whose expression levels at M6 are significantly correlated with the relative decrease in sVNTs between 1 and 6
months post-vaccination. Red indicates a positive correlation, while blue indicates a negative correlation. *p value < 0.05. b.
Scatter plots showing significantly differential metabolites/ lipids (FDR<0.05) between baseline and M1 and M6. Only the
significantly differential features between pre-vaccination and 1-month post vaccination were depicted to present the
expression levels at 6-month post-vaccination. The overlapping markers between the two vaccine groups were highlighted in
red. P value was given by log2(Abundance)= Time + Sex + Age + 1|ID. C16155: UDP−beta−L−threo−pentopyranos−4−ulose,
C18218: 16−Hydroxyhexadecanoic acid, CHEBI177622: Oleoyl-L-α-lysophosphatidic acid.
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Figure 5

Co-Abundance Networks of Omics Features between Longer and Shorter Durability. Network plots illustrate the co-
abundance networks that emerged from integrating all differentially expressed omics markers between baseline and 1-month
post-vaccination. The features abundance at M1 were used for the correlation calculation. Nodes in these networks are color-
coded by omics categories: lipidomics (green), metabolomics (yellow), transcriptomics (orange), and cytokines (purple).
Significance is assigned to fair absolute correlations greater than 0.3 (FDR < 0.05).

Figure 6
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Multi-omics-constrained mathematical modeling for immune responses. The prediction model was carried out as described
in Methods. a. Workflow of the prediction model. b. Model performance in classifying subjects with higher immunogenicity or
non-higher, lower immunogenicity or non-lower and differentiating between those with longer or non-longer durability across
the two vaccine groups.
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