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Abstract 

Viral infections impose a substantial threat to human health, characterized by a wide range of pathogens, clinical manifestations, and complex 
immune responses. Single-cell multi-omics technologies ha v e re v olutioniz ed the study of antiviral immunity by resolving cellular heterogeneity, 
transcriptional reprogramming, and clonal dynamics. Ho w e v er, no resource has y et comprehensiv ely integrated such datasets in the context of 
viral infections. Here, we present scMOVIR, a single-cell multi-omics database for human viral infections and immune responses. The database 
systematically integrates transcriptomic, proteomic, and immune receptor repertoire profiles at single-cell resolution, compiling 8532 human 
samples across 114 viral species, subtypes, and strains. These datasets span 59 well-defined disease states, including acute and chronic infec- 
tions, virus-associated malignancies, and immune-related disorders, and extend across > 30 tissue types. In addition, these datasets incorporate 
vaccination cohorts, therapeutic interventions, and time-course models of infection. To ensure consistency and interoperability, all datasets un- 
dergo st andardized preprocessing , including batch correction and unified cell-t ype annot ation, with met adat a harmonized using authorit ative 
ontologies. scMOVIR pro vides user-friendly interf aces f or dataset e xploration and interactiv e visualization of cellular dynamics and molecular 
profiles, offering a high-resolution reference for investigating virus–host immune interactions and supporting antiviral research. The database is 
freely accessible at https://pgx.zju.edu.cn/scmovir . 
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Introduction 

Viral infections represent a major threat to human health,
encompassing diverse pathogens and heterogeneous clinical
manifestations ranging from acute self-limiting infections to
persistent or latent infections [ 1–3 ]. Epidemiological studies
estimate that over 12% of newly diagnosed cancers are at-
tributable to oncogenic viral infections, with an even higher
proportion in resource-limited regions [ 4–6 ]. For example, hu-
man immunodeficiency virus (HIV) establishes a persistent in-
fection characterized by chronic immune activation, progres-
sive CD4 

+ T cell depletion, and compromised host defense
[ 7 ]. Hepatitis B virus (HBV) and human papillomavirus are
strongly associated with malignancies such as hepatocellu-
lar carcinoma and cervical cancer [ 8–10 ]. Epstein–Barr virus
(EBV) is linked to multiple lymphoid malignancies and ex-
hibits complex latency and reactivation cycles [ 11 ]. Addition-
ally, the outbreak of the severe acute respiratory syndrome
coronavirus 2 (S AR S-CoV-2) has led to a global pandemic, re-
sulting in millions of deaths worldwide [ 12 , 13 ]. Therefore,
elucidating virus–host immune interactions is critical to ad-
vancing our understanding of viral pathogenesis and its clini-
cal implications. 

Viral infections elicit dynamic and spatially compartmen-
talized immune responses characterized by activation of dis-
tinct cellular subsets, phenotypic remodeling, and antigen-
driven clonal expansion [ 14–16 ]. These responses are accom-
panied by transcriptional reprogramming and signaling net-
work rewiring, collectively reshaping cellular functional states
[ 16 , 17 ]. Conventional bulk omics approaches, which aver-
age signals across heterogeneous cell populations, are insuffi-
cient to resolve these complexities [ 18–20 ]. Single-cell multi-
omics technologies provide the necessary resolution to cap-
ture cellular heterogeneity and dynamic molecular responses
during viral infection [ 21 , 22 ]. For example, paired single-
cell RNA sequencing (scRNA-seq) and T-cell receptor se-
quencing (scTCR-seq) in S AR S-CoV-2 infection have revealed
rapid antigen-specific T-cell expansion and interferon-driven
mucosal immune responses during early infection [ 23 ]. In
HBV-associated hepatocellular carcinoma, multi-omics pro-
filing identified exhausted and cytotoxic CD8 

+ T cell subsets
associated with distinct tumor recurrence patterns [ 24 ]. Sim-
ilarly, studies of HIV and EBV infections applied single-cell
multi-omics to delineate virus-specific clonal hierarchies and
immune dysregulation pathways [ 25 , 26 ]. These advances un-
derscore the critical role of single-cell technologies in elucidat-
ing the cellular and molecular basis of antiviral immunity and
pathogenesis. 

Several publicly available databases have been developed.
For example, MVIP offers extensive bulk multi-omics datasets
alongside a subset of scRNA-seq data on virus–host interac-
tions [ 27 ], and VThunter provides single-cell resolution pro-
files of viral receptor expression across human tissues to assess
tissue susceptibility [ 28 ]. Other platforms, such as TISCH2
[ 29 ] and SC2Disease [ 30 ], emphasize the immune landscape
in cancer and other diseases based on single-cell transcrip-
tomic profiles. More recently, scImmomics has integrated T-
cell receptor and B-cell receptor (TCR/BCR) repertoires with
scRNA-seq data to reconstruct immune cell lineage relation-
ships [ 31 ], and additional resources further expand specific as-
pects of viral single-cell immunology [ 32 , 33 ]. While these re-
sources have greatly contributed to the field, the inherent com-
plexity of antiviral immune responses, such as rapid clonal
dynamics, systemic immune activation, and pathogen-specific 
signatures, remains challenging to fully elucidate through bulk 

data. Moreover, existing single-cell resources primarily fo- 
cus on transcriptomic modalities within oncological contexts,
with limited coverage of diverse viral species and infection 

stages. In addition, inconsistencies in data preprocessing and 

annotation standards across studies hinder seamless integra- 
tion and comprehensive cross-study analysis. These limita- 
tions underscore the need for a unified single-cell multi-omics 
platform specifically designed for human viral infections and 

immune responses. 
Therefore, we developed scMOVIR, a multi-omics database 

for human viral infections and immune responses, which 

integrates transcriptomic, proteomic, and immune receptor 
repertoire data at single-cell resolution. scMOVIR incorpo- 
rates 8532 samples covering 114 viral species, subtypes, and 

strains, 59 disease states, and over 30 tissue types, spanning 
acute and chronic infection contexts, virus-associated can- 
cers, vaccination cohorts, and therapeutic intervention studies.
All datasets are subjected to standardized processing, qual- 
ity control (QC), and unified annotation to ensure consis- 
tency and interoperability. We performed multi-layered anal- 
yses, including differential gene and protein expression profil- 
ing, functional enrichment, cell–cell communication inference,
and clonality characterization. These results are systemati- 
cally integrated into the database and accessible through flex- 
ible, interactive visualization tools. Compared with existing 
resources, scMOVIR provides a comprehensive, virus-focused 

single-cell multi-omics platform with standardized datasets 
and comparative analysis, enabling in-depth investigation of 
virus–host interactions and immune response heterogeneity 
across diverse infection contexts ( Supplementary Table S1 ). 

Materials and methods 

Systematic collection and rigorous curation of 
datasets 

To establish a comprehensive and high-quality collection of 
single-cell datasets related to viral infections, we implemented 

a multi-step data acquisition and management strategy: (i) 
Comprehensive literature review: We conducted exhaustive 
searches of public virus repositories, including ViPR [ 34 ],
ICTV [ 35 ], and NCBI Virus [ 36 ], to identify viruses known 

to infect humans. Subsequently, a systematic literature search 

was conducted on PubMed using Entrez E-utility, employing 
keyword combinations such as “single-cell RNA sequencing 
+ virus name,” “single-cell proteomics + virus name,” and 

“single-cell BCR/TCR + virus name.” The search, completed 

in December 2024, yielded 3316 relevant publications. (ii) 
Public database mining: To complement the literature-based 

search, we conducted targeted mining of public omics reposi- 
tories, including the Gene Expression Omnibus (GEO) [ 37 ],
ArrayExpress [ 38 ], FlowRepository [ 39 ], SingPro [ 40 ], and 

SPDB [ 41 ], among others. This effort identified an additional 
58 experiments covering various omics modalities. (iii) Verifi- 
cation and validation: All retrieved publications and datasets 
undergo rigorous validation through manual inspection of 
original articles and supplementary materials. Only publicly 
available single-cell datasets with clearly confirmed viral in- 
fection status were included. Comprehensive metadata were 
manually curated to ensure consistency and completeness. (iv) 
Data deduplication and integration: To eliminate redundancy,

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1153#supplementary-data
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uplicated datasets were manually reviewed and consolidated.
n cases where samples overlap across multiple studies, the
ataset with more complete metadata is retained, and anno-
ations are added to indicate the source of the original data to
nsure data traceability. 

ata quality control and preprocessing 

cMOVIR employs a modality-specific standardized prepro-
essing pipeline to ensure data quality and enable cross-study
omparability [ 42 ]. For single-cell transcriptomic data, we
mplemented a two-step QC strategy that combines empir-
cal thresholds with sample-level median absolute deviation
MAD)-based outlier detection for all datasets. QC was per-
ormed using Scanpy [ 43 ]. First, low-quality cells were ex-
licitly checked and removed based on established empiri-
al thresholds: (i) cells with low gene counts (n_genes < 200),
ii) cells with low total counts (total_counts < 500), and (iii)
ells with high mitochondrial content (pct_counts_mt > 10%).
hen, sample-level outlier detection was performed based on

he MAD of four metrics [ 44 ]: log-transformed gene counts,
og-transformed total transcript counts, proportion of tran-
cripts from the top 20 most highly expressed genes, and mi-
ochondrial transcript fraction. MAD thresholds of 5 were ap-
lied to the first three metrics and 3 to the mitochondrial pro-
ortion. 
For droplet-based single-cell sequencing, Scrublet [ 45 ] was

pplied to each sample to detect and remove potential dou-
lets. The algorithm assigns a doublet score to each cell
y simulating synthetic doublets and comparing them to
bserved profiles. Cells exceeding the score threshold were
xcluded using the following parameters: min_counts = 2,
in_cells = 3, and min_gene_variability_pctl = 85. For each
ataset, genes detected in fewer than three cells were filtered
ut. Expression counts were then normalized by total counts
er cell (TCM), scaled to 10,000 counts, and log-transformed
sing log1p. Highly variable genes (HVGs) were identified us-
ng a dispersion-based selection method with the following
arameters: min_disp = 0.5, min_mean = 0.0125, max_mean
 3, span = 0.3, and n_bins = 20. Principal component anal-

sis (PCA) was subsequently performed on the selected HVGs
sing the ARPACK solver to compute 50 principal compo-
ents. Batch effects were corrected using Harmony [ 46 ], with
ample ID specified as the batch key. Nearest-neighbor graphs
ere constructed from the Harmony-corrected PCA embed-
ings. UMAP was applied for dimensionality reduction and
isualization, using Euclidean distance with n_neighbors =
5, min_dist = 0.5, and spread = 1.0. Cell clustering was per-
ormed using the Leiden algorithm with an initial resolution
f 1, which was further adjusted during manual cell-type an-
otation to resolve subpopulation structures more accurately.
For single-cell proteomic data from cellular indexing of

ranscriptomes and epitopes by sequencing (CITE-seq) exper-
ments, cells with low counts, determined based on the dis-
ribution of captured antibody-derived tags, were removed.
ample-level QC was performed using MAD-based filtering
n detected gene counts and total UMI counts with a 5-MAD
utoff. Normalization was conducted via centered log-ratio
ransformation. For flow cytometry-based proteomic datasets,
aw data were imported into FlowJo (v 10.8) for QC, includ-
ng removal of anomalous events based on scatter and signal
ntensity. Dead cells and atypical populations were manually
gated out, and signal intensities were normalized using arcsinh
transformation. 

For scTCR/BCR-seq data, processing was performed us-
ing Scirpy [ 47 ]. Only cells with paired productive receptor
sequences were retained: T cells with both α-chain (TRA)
and β-chain (TRB), and B cells with both heavy (IGH) and
light (IGK or IGL) chains. Clonotypes were defined as unique
paired TRA–TRB or IGH–IGK/IGL sequence combinations,
with clonal events required to be detected in at least two cells.
For each clonotype, clonal frequency per cell, the proportion
of clonotype-positive cells within each cell type, and clonotype
distribution across cell types were calculated. 

Cell-type annotation 

We have implemented a combined automated and manual
curation strategy . Initially , CellTypist was used to automat-
ically annotate each dataset [ 48 ], employing the pretrained
Immune_All_Low.pkl model. Predictions were first made at
the single-cell level, followed by a majority-vote-based con-
sensus to assign robust cell type labels and mitigate local over-
clustering artifacts. For clusters with low prediction confi-
dence scores, we performed manual inspection using a curated
list of marker genes validated in the literature, and manually
corrected annotations for clusters that were inconsistent with
expected marker gene expression. Supplementary Table S2
provides a comprehensive list of cell types, subtypes, and the
marker genes collected from literatures [ 49–52 ]. For datasets
that were derived from cell lines or specific cell types, man-
ual curation was conducted based on literature and associated
metadata. 

Differentially expressed genes and proteins 

Differentially expressed genes (DEGs) and proteins were iden-
tified using W elch’ s t -test on normalized, log-transformed ex-
pression data. DEGs were selected using false discovery rate
< 0.05, absolute log 2 fold change > 1, and gene expression in
> 20% of cells within the cluster. Cluster signature genes were
defined as those significantly upregulated relative to all other
clusters and expressed in the majority of cells within the clus-
ter. 

Functional enrichment analysis 

Functional enrichment analysis was conducted using over-
representation analysis. DEGs with adjusted P -values < .05
were assessed for enrichment of Gene Ontology (GO) biolog-
ical processes [ 53 , 54 ], Reactome [ 55 ], and KEGG pathways
using Fisher’s exact test with Benjamini–Hochberg correction
[ 56 , 57 ]. Only pathways meeting the corrected P -value thresh-
old ( < .05) were considered significant. The entire workflow
was implemented via GSEApy [ 58 ]. 

Cell–cell communication 

Cell–cell communication networks were inferred using Cell-
phoneDB [ 59 ], which predicts ligand–receptor interactions
between cell types based on scRNA-seq expression data. For
each condition group, 1000 empirical permutations were per-
formed by randomly shuffling cell cluster labels to estimate
the null distribution of average ligand–receptor expression
within interacting clusters. Ligand–receptor pairs with ad-
justed P -values < .05 were considered significant. To iden-
tify differential interactions, the log 2 fold change (log 2 FC)

https://academic.oup.com/nar/article-lookup/doi/10.1093/nar/gkaf1153#supplementary-data
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Figure 1. Ov ervie w of the scMOVIR w orkflo w. ( A ) Sy stematic collection of single-cell multi-omics datasets related to viral infections from literature and 
multiple public repositories. All datasets undergo stringent QC and preprocessing, supplemented by manual curation and comprehensive met adat a 
harmonization to ensure consistency and accuracy. ( B ) Downstream analyses and visualization are performed for each omics modality. Transcriptomic 
analyses encompass cell UMAP projection, cell-type composition, differential gene expression, functional enrichment, and cell–cell communication. 
P roteomic analy ses in v olv e the identification of differentially e xpressed proteins. Immune repertoire analy ses include quantification of clonal abundance, 
repertoire diversity, and VJ gene usage patterns. 
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of ligand–receptor communication scores between the dis-
ease/virus group and the control group was calculated for each
interacting cell pair, enabling the systematic detection of inter-
cellular interactions that are specifically altered under experi-
mental or infection conditions. 

Clonal di ver sity scoring 

Clonal diversity was assessed by computing the Shannon en-
tropy of clonotype frequencies within each sample. To account
for variability in sequencing depth, the observed entropy was
normalized by dividing by its theoretical maximum, yielding
a normalized diversity index ranging from 0, where a single
clonotype dominates, to 1, representing maximal clonotype
diversity. This approach enables quantitative comparison of
clonal heterogeneity across samples. 

Database implementation 

scMOVIR is built on a modular architecture, with the back-
end developed using Django (v3.2.16) and MySQL (v5.7.34)
for data management. The frontend utilizes Vue.js (v3.5.1)
combined with Element Plus components to deliver an inter-
active and user-friendly interface. Visualization functionalities
are implemented using ECharts (v5.5.1) [ 60 ] and Highcharts
(v11.4.8), enabling dynamic rendering of gene expression pro- 
files, high-dimensional single-cell data distributions, and im- 
mune receptor repertoires, thereby supporting comprehensive 
multi-omics data exploration. 

Factual content and data retrieval 

Overview of scMOVIR 

The overall framework of scMOVIR is illustrated in Fig. 1 .
Through systematic collection from GEO [ 37 ], PubMed,
and other related repositories, scMOVIR is a rigorously cu- 
rated, systematically organized database that integrates high- 
quality single-cell multi-omics datasets focused on human vi- 
ral infections and immune responses. The database comprises 
8532 samples from 352 independent experiments, encom- 
passing single-cell transcriptomics, single-cell proteomics (in- 
cluding scCITE-seq and fluorescence-based flow cytometry),
and single-cell immune repertoire data, which includes paired 

TCR and BCR sequencing data (Fig. 1 A). These datasets com- 
prehensively capture the cellular and molecular landscape of 
virus–host interactions, encompassing 114 viral species, sub- 
types, and strains, including major pathogens such as HIV,
HBV, and S AR S-CoV-2. This collection covers 59 disease 
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tates, spanning acute and chronic infections, virus-associated
alignancies (such as cervical cancer and hepatocellular car-

inoma), and virus-associated immune dysregulation (such as
ymphocytopenia and systemic lupus erythematosus), across
 30 tissue types, including lung, liver, blood, lymph nodes,

nd brain. In addition, these datasets incorporate vaccination
ohorts, clinical treatment interventions, longitudinal infec-
ion dynamics, and in vitro viral perturbation experiments. 

All datasets undergo stringent QC, standardized prepro-
essing, and harmonized downstream processing, ensuring an-
lytical robustness and cross-cohort comparability. The sc-
OVIR platform provides a unified framework for system-

tic interrogation of virus–host interactions, delineation of
mmune response dynamics, and mechanistic insights into vi-
al pathogenesis across diverse clinical and experimental con-
exts. 

ntuitive and structured user interface 

he scMOVIR platform offers a user-friendly and struc-
ured interface to facilitate efficient exploration of single-cell
atasets related to viral infections and associated diseases.
sers can access the data through different modules, includ-

ng Browser, Search, Analysis, and Download (Fig. 2 ). Within
he “Browse” module, users can access an interactive por-
al for data navigation (Fig. 2 A). The left panel categorizes
iruses and diseases, incorporating a hierarchical classifica-
ion system. Viruses are organized according to the Baltimore
lassification, while diseases follow ICD-11 standards, includ-
ng acute infection, chronic disease, cancer, immune dysfunc-
ion, vaccination, sequelae, and others. Selecting a subcate-
ory displays card summaries on the right of relevant entries,
ach summarizing the scientific name, identifier, encompassed
mics types, and experiment counts. Users can click the “De-
ail” button to navigate to the detail page, which presents
he relationship between the selected virus and associated dis-
ases, tissue involvements, and all relevant datasets. 

scMOVIR offers a search module with autocompletion, en-
bling queries across various omics datasets based on “virus
ame, ” “disease name, ” and “tissue name” (Fig. 2 B). All
earch terms are standardized and linked to authoritative
atabases to ensure consistency. In the context of single-cell
ranscriptomics, datasets derived from in vitro viral infections
an also be retrieved using viral strain names and experimental
odels (e.g. cell lines, organoids). For proteomics data, queries

an be performed based on specific protein markers. Search
esults are presented in both list and table formats, summa-
izing key information for each single-cell experiment. Users
an access detailed views of individual experiments, support-
ng in-depth analysis and data download. 

omprehensive experimental metadata and data 

ccessibility 

omprehensive and standardized metadata are critical for en-
uring transparency , reproducibility , and cross-study integra-
ion in large-scale single-cell research. Therefore, scMOVIR
ystematically curates all experiments, providing detailed in-
ormation, including experimental metadata, sample list of
haracteristics, similar experiments, and downloadable files
Fig. 2 C). The upper section of each experiment page presents
etadata including project identifiers, study titles, and ref-

rence links to original publications (Fig. 3 A). Project de-
criptions and experimental design details, such as study ob-
jectives, grouping strategies, library preparation (e.g. 10 ×
Chromium 3 

′ , 10 × Chromium 5 

′ , SMART-seq2), sequenc-
ing platforms (e.g. Illumina NovaSeq 6000), number of sam-
ples, and processed single-cells, are fully documented. Stan-
dardized biological context information is provided, such as
viral species/subtypes, infection status, disease classification,
and tissue origin. Furthermore, the complete data processing
pipeline is also recorded, specifying QC procedures, normal-
ization methods, batch correction strategies, clustering algo-
rithms, and all software versions and parameter settings. Each
single-cell experiment is provided with a detailed sample char-
acteristics list containing sample identifier, title, source tissue,
patient information, and experimental variables (e.g. infection
status), along with technical batch annotations to support ro-
bust stratification and reproducibility (Fig. 3 B). For proteomic
datasets, antibody panel specifications, including target anti-
gens, labeling strategies (fluorescent or isotopic), and detec-
tion modalities, are fully documented (Fig. 4 A). Immune re-
ceptor datasets are annotated with paired TCR/BCR chain
sequences, clonotype assignments, CDR3 characteristics, and
VJ gene usage profiles, enabling precise delineation of antigen-
specific immune repertoires (Fig. 4 B). 

Furthermore, scMOVIR establishes systematic links be-
tween related experiments associated with the same viral in-
fections, enabling comprehensive navigation and interroga-
tion of infection-specific data within a unified metadata frame-
work. For each experiment, the database provides download-
able files, including standardized annotations for cell types,
proteomic profiles, and immune receptor repertoires, support-
ing cell classification, immune profiling, and multi-omics in-
tegration. Analytical results, including differential expression,
cell-type abundance, and functional enrichment, are also made
available to facilitate further data mining and validation. 

Interactive visualization of cellular and molecular 
features 

scMOVIR provides a variety of interactive visualizations to fa-
cilitate in-depth exploration of cellular heterogeneity, molec-
ular signatures, intercellular communication, and immune
repertoire diversity in the context of viral infection (Figs 1 B
and 2 D). For single-cell transcriptomics, annotated cell popu-
lations are visualized using UMAP projections based on clus-
tered gene expression profiles, which intuitively represent the
complex spatial relationships between clusters and cell types.
For datasets exceeding 5000 cells, a downsampled subset is
displayed to ensure efficient web rendering while preserving
the overall data structure and cell type proportions. Pie charts
summarize the relative abundance of different cell popula-
tions within each reference dataset, offering an overview of
cellular composition. Boxplots combined with statistical ta-
bles enable quantitative comparisons of cell population dis-
tributions across experimental groups, facilitating the identi-
fication of infection- or phenotype-specific cellular remodel-
ing. The heatmaps display the most significantly differentially
expressed genes across cell types, providing an intuitive visu-
alization of expression patterns and cell type-specific features.
Differential gene expression analysis identifies genes signifi-
cantly up- or downregulated in defined cell types and exper-
imental conditions, with functional interpretation supported
by enrichment analysis using GO, KEGG, and Reactome. En-
richment results are presented as bubble plots integrating gene
counts and statistical significance. Intercellular communica-
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Figure 2. Main modules and functions of scMOVIR. ( A ) T he Bro wse page pro vides an interactiv e portal to explore viruses and diseases, organiz ed b y the 
Baltimore classification and the ICD-11 system, respectively. Users can select categories to access summary cards with key information and navigate to 
detailed pages that present virus–disease relationships and associated datasets. ( B ) The Search page supports keyword queries across multiple omics 
datasets, including virus names, diseases, tissues, viral strains, experimental models, and specific proteins for proteomics data. Search results are 
displa y ed in both list and table formats, summarizing key information of single-cell experiments. ( C ) The experiment details page provides 
comprehensive met adat a, including experiment al design, sample and batch inf ormation, related e xperiments and datasets, analytical outcomes, 
interactive visualizations, downloadable files, and others. ( D ) The analysis and visualization module comprises a suite of interactive, high-resolution 
visualizations tailored to each omics la y er. All plots are dynamically linked to metadata and results, enabling multi-scale interrogation of viral 
infection-associated cell states, molecular profiles, and intercellular communication. ( E ) The database incorporates two analytical tools: the Gene 
Signature Analysis module, which evaluates enrichment of user-defined gene sets in viral infection-related conditions, and the Integrated Viral Infection 
Atlas module, which enables integrative analysis of single-cell transcriptomic landscapes across various viral infections. 
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Figure 3. R epresentativ e scMOVIR detail page illustrating general inf ormation f or a single-cell e xperiment al dat aset. ( A ) The upper section of each 
project page displa y s met adat a, including project identifier, project title, virus t ype, disease classification, tissue origin, study description, experiment al 
design details, data processing, and reference to the original publication. ( B ) The sample list displays sample identifiers, sample titles, source tissues, 
patient information, experimental variables, and batch information, supporting reliable stratified analysis and ensuring experimental reproducibility. 
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Figure 4. R epresentativ e scMOVIR page describing the protein panel and immune receptor inf ormation. ( A ) P roteomics datasets pro vide detailed 
antibody panel specifications, encompassing target antigens, labeling strategies (fluorescent or isotopic), and detection modalities. ( B ) Immune receptor 
datasets are annotated with paired TCR/BCR chain sequences, clonotype assignments, VJ gene usage, and CDR3 sequences, enabling precise 
characterization of antigen-specific immune repertoires. 
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ion is inferred through ligand–receptor interaction networks,
isualized as circular plots of intracellular and intercellular
ignaling pathways, allowing users to interrogate major sig-
al sources and targets, communication probabilities, and top-
anked ligand–receptor pairs that reflect infection-induced im-
une regulatory circuits. Differential signaling results are fur-

her highlighted with a scatter plot, which depicts the most sig-
ificant interactions between cell types and illustrates both the
agnitude and specificity of cell–cell communication changes

cross disease groups. 
For single-cell proteomics, differential protein analysis is

isualized using boxplots and numerical summaries for spe-
ific markers, capturing infection-associated changes in pro-
ein abundance. For immune receptor analysis, the normalized
hannon entropy index quantifies clonal diversity, repertoire
venness, and oligoclonal expansion. Histograms of CDR3
ength distributions reveal clonal expansion patterns and se-
ection pressures, reflecting structural biases in antigen recog-
ition. Heatmaps depict V(D)J gene rearrangements and usage
references, highlighting remodeling of antigen-specific im-
une receptors at the gene segment level. Collectively, these

nteractive visualizations enable comprehensive characteriza-
ion of cellular states, molecular remodeling, intercellular sig-
aling, and adaptive immune receptor dynamics during viral

nfection. 

ntegrated analytical functions in scMOVIR 

n the analysis page, scMOVIR offers two analytical mod-
les: Viral Infection Gene Signature Analysis and the Inte-
rated Viral Infection Atlas , designed to facilitate systematic
nvestigation of host–virus interactions at single-cell resolu-
ion (Fig. 2 E). The first tool assesses whether user-defined
enes are associated with viral infection-related diseases or
henotypes and systematically evaluates their enrichment pat-
erns. For example (Fig. 5 A), upon submission of a gene list
omprising inflammatory cytokines and chemokines (e.g. IL6,
L1B, TNF, CX CL10, CX CL9, and CCL2), the system cal-
ulates enrichment significance across viral infection-related
atasets using Fisher’s exact test. The outputs include a gene–
irus association map illustrating differential expression of the
ubmitted genes across viral infection contexts, an enrichment
verview across disease states highlighting infection-specific
atterns, and differential expression statistics presented as
oxplots with accompanying tables. Collectively, these results
nable identification of infection-associated gene signatures
nd provide a robust reference for cross-dataset comparisons
nd functional validation. 

The second module integrates large-scale, patient-derived
iral infection scRNA-seq datasets to characterize immune
ell state remodeling and transcriptional reprogramming dur-
ng infection and disease progression. As an example, for
IV infection (Fig. 5 B), scMOVIR aggregates all HIV-related

cRNA-seq datasets, harmonizes disease state annotations
cross studies, and employs the probabilistic scVI model to
onstruct an integrated reference anchored on healthy con-
rols. This analysis generates a comprehensive patient sam-
le list (131 samples from 12 independent studies) and pro-
ides harmonized cell type annotations spanning immune and
on-immune populations. Based on these annotations, cell
omposition profiling quantifies the relative abundance of
ach cell type, revealing dynamic shifts in immune cell pro-
ortions during infection, with dominant populations includ-
ing Tcm/Naïve helper T cells, Tem/Temra cytotoxic T cells,
Tem/Effector helper T cells, and classical monocytes. At the
molecular level, differential gene expression analysis delin-
eates transcriptional programs significantly up- or downreg-
ulated in specific cell types during infection, uncovering HIV-
induced immune perturbations and transcriptional remodel-
ing. Functional pathway enrichment analysis further contex-
tualizes these changes within biological processes and signal-
ing pathways derived from GO, KEGG, and Reactome, pro-
viding mechanistic insights into infection-driven immune re-
sponses and inter-patient molecular heterogeneity. Together,
this module enables high-resolution single-cell characteriza-
tion of virus–host interactions and provides an extensible,
clinically interpretable platform to support mechanistic and
translational research in viral immunology. 

Standardization, access, and download of data 

The integration of single-cell multi-omics datasets from het-
erogeneous sources is often challenged by inconsistencies
in experimental metadata, annotation standards, and the
nomenclature of diseases or viral taxa, which can compro-
mise data comparability and downstream analyses. To ad-
dress these issues, scMOVIR implements a rigorous standard-
ization pipeline grounded in authoritative biomedical ontolo-
gies. All viruses, diseases, tissues, and proteins were standard-
ized using the authoritative databases such as NCBI Tax-
onomy [ 36 ], WHO ICD-11 [ 61 ], Uberon [ 62 ], and UniProt
[ 63 ]. Based on this standardization, scMOVIR offers a user-
friendly interface for efficient data exploration and retrieval.
Users can explore the database either by performing targeted
queries using keyword-based searches and structured filters
or by navigating through the Browse interface, which orga-
nizes viruses and diseases in a hierarchical manner. Flexible
download options include access to individual files as well
as batch archival downloads using built-in platform tools.
All database functionalities are freely accessible without login
at https:// pgx.zju.edu.cn/ scmovir , facilitating seamless access
for the research community. 

Conclusion and perspectives 

This study presents scMOVIR, a comprehensive single-cell
multi-omics database dedicated to human viral infection and
immune response. Although numerous single-cell datasets
have been generated, there remains a lack of integrated multi-
omics data and broad coverage across different virus types,
infection states, and tissue sources. scMOVIR systematically
integrates large-scale, high-quality single-cell datasets span-
ning transcriptomics, proteomics, and immune receptor reper-
toires, encompassing a wide spectrum of viral pathogens, dis-
ease states, and tissue sources. All data undergo rigorous stan-
dardization, annotation, and QC to ensure interoperability
and consistency. The platform provides a comprehensive suite
of interactive visualization and analytical tools, coupled with
a user-friendly interface, to facilitate detailed exploration of
multi-omics features and cellular and molecular heterogene-
ity in the context of viral infection. 

scMOVIR will be continuously updated to incorporate
emerging single-cell datasets and novel multi-omics modal-
ities. Future expansions will encompass additional viral
species, diverse clinical sample cohorts, and advanced data
types such as single-cell A T AC-seq and spatial multi-omics.

https://pgx.zju.edu.cn/scmovir
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Figure 5. Analysis tools available in scMOVIR. ( A ) Viral Infection Gene Signature Analysis assesses associations between user-defined gene sets and 
viral infection-related diseases or phenotypes. Given an input gene list (e.g. inflammatory cytokines IL6, IL1B, TNF, CXCL10, CXCL9, CCL2), enrichment 
analysis across viral datasets is performed using Fisher’s exact test. The output comprises a gene–virus association map, an enrichment overview 

stratified by disease state, and differential expression statistics, thereby enabling the identification of infection-associated signatures and facilitating 
cross-dataset comparisons. ( B ) Integrated Viral Infection Atlas aggregates large-scale, patient-derived single-cell RNA sequencing datasets to delineate 
immune cell remodeling and transcriptional dynamics during viral infection. Using HIV as an example, disease annotations from all related experiments 
are harmonized, and the scVI model is applied to construct a reference framework anchored to healthy controls. The output provides cell type 
annotations, cell composition profiles, differential gene expression, and pathway enrichment analyses, offering mechanistic insights into specific 
virus–host interactions. 
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urthermore, systematic integration of perturbation datasets
ollected before and after viral infection will establish a
aluable resource for elucidating causal mechanisms of virus–
ost interactions and for training predictive computational
odels. With the rapid advancement of artificial intelligence,

cMOVIR is also envisioned to interface with large language
odel-based frameworks, enabling the development of intelli-

ent agents capable of automated data interpretation, hypoth-
sis generation, and interactive knowledge retrieval. Collec-
ively, scMOVIR provides a standardized, scalable, and openly
ccessible platform, offering critical support for systematic
haracterization of virus–host immune interactions at single-
ell resolution. 
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