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Allergic rhinitis is a common disorder characterized by an exaggerated immune response to environmental allergens such as
pollen. Sublingual immunotherapy (SLIT) has the potential to reduce symptoms and provide long-term clinical benefit, however,
the transcriptomic signatures of treatment response are not fully characterized. Most of the previous studies have focused on iden-
tifying individual differentially expressed genes, which might have ignored the coordinated changes across biological pathways.
We analyzed publicly available bulk RNA-sequencing (RNA-seq) data from GSE206149 (n=255 samples), and single-cell RNA-
sequencing (scRNA-seq) data from GSE200107 (n=15 expression libraries from 7 patients with paired pre- and post-treatment
samples) to explore transcriptomic patterns associated with SLIT. Differential expression analysis of the bulk RNA-seq data set
identified only 13 significantly altered genes (adjusted p < 0.05 and |log2 fold change| > 1), indicative of modest gene-level
effects. Conversely, gene set enrichment analysis revealed significant enrichment of immune-related pathways such as leukocyte
migration, chemotaxis, lymphocyte activation and humoral immune response. Likewise, pseudobulk analysis of the scRNA-
seq dataset at the cell-type level revealed limited gene-level changes across major immune-cell populations, while coordinated
pathway-level patterns were observed across CD4+ T cells, monocytes, and dendritic cells. Overall, our results suggest that
transcriptomic differences associated with SLIT might be more apparent at the pathway level than at the single gene level. These
results support the use of pathway-based approaches to study complex immune responses and provide a framework for future
studies of allergen immunotherapy.

Introduction

Allergic rhinitis (AR) is one of the most common chronic al-
lergic diseases worldwide with hundreds of millions of peo-
ple affected and significant impairment of quality of life with
symptoms like nasal obstruction, rhinorrhea, sneezing and
nasal itching. In susceptible individuals, exposure to other-
wise innocuous environmental allergens leads to production of
allergen-specific IgE, mast cell and basophil activation and re-
cruitment of inflammatory immune cells, resulting in chronic
type 2 immune inflammation. Pharmacologic therapies, such
as antihistamines and intranasal corticosteroids, are effective
at relieving symptoms but do not alter the underlying immune
dysregulation, and symptoms often recur after the treatment is
stopped1,2.

Among the currently available therapies, allergen im-
munotherapy (AIT) is the only disease-modifying treatment
that has the potential to modify the natural history of allergic
disease through the induction of immune tolerance rather than
simply offering symptomatic relief. Sublingual immunother-
apy (SLIT) is now a common AIT because it is safe to use,
easy to administer, and has lasting clinical efficacy after the
treatment is completed3,4. The successful immunotherapy

1 Montgomery Blair High School, USA

is associated with complex immunologic changes, including
induction of regulatory T and B cells, changes in allergen-
specific antibody responses, modulation of dendritic-cell func-
tion and suppression of type 2 inflammatory pathways4–8.
These have been demonstrated in clinical and experimental
studies. However, the molecular mechanisms responsible for
the durable immune remodeling induced by SLIT are not com-
pletely understood. Transcriptomic studies have recently be-
gun to define molecular correlates of allergen immunotherapy.
The GRASS trial showed treatment-associated transcriptional
changes during grass pollen SLIT by bulk RNA sequenc-
ing. Single-cell RNA sequencing with paired V(D)J analy-
sis of Japanese cedar pollinosis showed dynamic changes in
pathogenic T-cell populations and clonal evolution, provid-
ing unprecedented resolution of immune-cell remodeling dur-
ing SLIT9,10. Taken together, these studies have greatly in-
creased the knowledge on cellular and molecular effects of al-
lergen immunotherapy. Most transcriptomic studies, however,
have largely focused on identifying differentially expressed
genes or characterizing individual immune-cell populations.
Immune responses are orchestrated at the system level, with
multiple cell types and signaling pathways interacting. There-
fore, analysis focused only on single genes may underestimate
more global system level changes associated with successful
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immunotherapy. Systems biology is providing increasing ev-
idence that biologically significant responses typically arise
from coordinated regulation of gene networks, rather than
from large changes in expression of individual genes. There-
fore, gene set enrichment and pathway-based approaches have
become powerful tools to identify reproducible biological pro-
cesses underlying complex diseases11,12. Recent advances in
immunology have similarly shown that immune cell pheno-
types exist along dynamic functional continua and are shaped
by extensive interactions between diverse immune cell pop-
ulations rather than discrete cell states13,14. These findings
suggest that analysis at the pathway level may offer a more
complete framework to comprehend the coordinated immune
remodeling induced by allergen immunotherapy.

Based on this rationale, we hypothesized that successful
SLIT is primarily characterized by coordinated remodeling of
immune pathways across multiple immune-cell populations,
rather than large transcriptional changes in individual genes.
We tested this hypothesis through an integrated analysis of
publicly available bulk RNA sequencing and single cell RNA
sequencing datasets, combining differential expression analy-
sis, gene set enrichment analysis and patient-level pseudobulk
analysis. The inclusion of transcriptomic information across
biological scales provides a systems-level view of immune re-
modeling in the setting of allergen immunotherapy, and sug-
gests pathway-focused analysis as a complementary approach
for investigating treatment-related immune responses.

Methods

Data Sources

All datasets used in this study were downloaded from
Gene expression omnibus (GEO) database. To character-
ize transcriptome-wide changes associated with treatment, we
used bulk RNA sequencing (RNA-seq) data from GSE206149
as part of the GRASS transcriptomics study of grass pollen
sublingual immunotherapy (SLIT). To investigate cell-type-
specific immune responses and transcriptional remodeling, we
used scRNA-seq data from GSE200107, which was generated
from SLIT-treated patients with Japanese cedar pollinosis9,10.
Table 1 summarizes the characteristics of the dataset.

Bulk RNA-seq Analysis

Bulk RNA-seq data were processed with DESeq2 package
(version 1.52.0) in R (version 4.5.2). The raw counts were nor-
malized by the median-of-ratios method in DESeq2. The Wald
test was employed to compare differential expression between
SLIT treated and placebo samples. Multiple testing was cor-
rected using Benjamini-Hochberg procedure and genes with
adjusted P value < 0.05 were considered statistically signif-

icant. The results of differential expression were ranked by
log2 fold change for subsequent pathway enrichment analy-
sis15.

Gene Set Enrichment Analysis

Gene set enrichment analysis (GSEA) was performed with the
clusterProfiler package (version 4.20.0). Genes were ranked
according to log2 fold change from differential expression
analysis. For the reference pathway collection, gene sets
were derived from Gene Ontology Biological Process (GO-
BP). The significance of enrichment was evaluated by the
Benjamini–Hochberg false discovery rate (FDR) correction,
and pathways with FDR-adjusted P values < 0.05 were con-
sidered significantly enriched11,16. Table 2 summarizes the
representative enriched pathways.

Single-cell RNA-seq Analysis

We used Seurat (version 5.1.0) for single-cell RNA-seq data
analysis. Cells with fewer than 200 detected genes or more
than 10% mitochondrial transcript content were filtered out
during quality control. Gene expression data were normal-
ized using the LogNormalize method and scaled prior to prin-
cipal component analysis (PCA). Cell clusters were identified
with a shared nearest neighbor (SNN) graph-based clustering
algorithm and visualized by Uniform Manifold Approxima-
tion and Projection (UMAP). Major immune-cell populations
were annotated using canonical marker genes: CD3D, CD3E,
and TRAC for T cells; MS4A1 and CD79A for B cells; LST1,
LYZ, and FCN1 for monocytes; FCER1A and HLA-DRA for
dendritic cells; NKG7 and GNLY for natural killer cells; and
MZB1 and JCHAIN for plasma cells17.

Pseudobulk Differential Expression Analysis

We used a patient-level pseudobulk approach to assess cell-
type-specific transcriptional responses. Patient, treatment time
point, and annotated cell type were used to aggregate the raw
reads count. We used DESeq2 with the design formula ∼ pa-
tient id + timepoint for differential expression analysis, where
patients and not individual cells are treated as biological repli-
cates. Statistical significance was assessed by the Wald test
with Benjamini–Hochberg correction and genes with adjusted
P < 0.05 were considered statistically significant15.

Pathway-Level Analysis Across Cell Types

We characterized coordinated immune responses across cell
populations by summarizing pathway-level activity using cu-
rated immune-related gene sets describing T-cell activation,
cytotoxic lymphocyte function, B-cell responses, monocyte
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Table 1 Summary of transcriptomic datasets analyzed in this study.

Dataset Data type Samples Subjects Comparison Role in study

GSE206149 Bulk RNA-seq 255 samples Not reported SLIT vs Placebo Primary bulk tran-
scriptomic analysis

GSE200107 scRNA-seq + paired V(D)J 15 expression li-
braries

7 patients Paired pre- vs post-
SLIT

Cell-type-specific
transcriptomic analy-
sis

Note. SLIT = sublingual immunotherapy; RNA-seq = RNA sequencing; scRNA-seq = single-cell RNA sequencing.

Table 2 Representative enriched Gene Ontology Biological Process pathways identified by GSEA in GSE206149.

GO Biological Process NES FDR q-value

Humoral immune response 2.348 6.46 × 10−8

B cell mediated immunity 2.213 1.19 × 10−6

Lymphocyte mediated immunity 2.160 6.46 × 10−8

Defense response to virus 2.098 6.46 × 10−8

Leukocyte mediated immunity 1.965 6.49 × 10−8

Response to type II interferon 2.266 4.05 × 10−6

Note. GSEA = gene set enrichment analysis; GO = Gene Ontology; NES = normalized enrichment score; FDR = false discovery rate.

inflammatory signaling, antigen presentation, interferon sig-
naling, and tissue remodeling. For each immune-cell popu-
lation, pathway scores were calculated as the mean log2 fold
change of genes in each pathway. These scores were used
to compare functional patterns across immune-cell popula-
tions12–14. The curated pathway gene sets were listed in Ta-
ble 3.

Code Availability

All code used for data processing, analysis, and figure gener-
ation is publicly available on GitHub at https://github
.com/orca118/pollen-transcriptomics.

Results

Overview of Study Design and Analytical Approach

We performed a multi-scale analysis by integration of bulk and
single-cell RNA sequencing data to explore the transcriptomic
patterns related to sublingual immunotherapy (SLIT) (Fig. 1).
Bulk RNA-seq data (GSE206149) were used to analyze global
transcriptional differences between SLIT and placebo sam-
ples. The GSE200107 single-cell RNA-seq data were used
to examine the cell type-specific transcriptomic patterns pre-
and post-treatment. We utilized these complementary datasets
in conjunction to assess pathway-level transcriptional patterns
associated with SLIT in several immune-cell populations.

Figure. 1 Study Design and Analytical Workflow. Overview of the
data and analytical framework employed in this study. We used bulk
RNA-seq data from GSE206149 (255 samples) to compare transcrip-
tomic patterns between SLIT and placebo groups. Single-cell RNA-
seq and paired V(D)J sequencing data from GSE200107 (15 expres-
sion libraries from 7 patients with paired pre- and post-treatment
samples) were used to study cell-type-specific transcriptomic pat-
terns. We combined differential expression analysis (DE), gene set
enrichment analysis (GSEA) and patient-level pseudobulk analysis
to identify pathway-level transcriptomic signatures associated with
SLIT across multiple immune cell populations.

SLIT triggers minor gene-level but significant pathway-
level changes

Differential expression analysis of the GSE206149 bulk RNA-
seq dataset showed that there were relatively few genes sig-
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Table 3 Curated immune-related gene sets used for pathway-level analysis across immune-cell populations.

Pathway Representative genes

T-cell activation CD3D, CD3E, TRAC, IL7R, CCR7, LEF1, TCF7
Cytotoxic/NK-cell function NKG7, GNLY, CTSW, GZMB, GZMK, PRF1, KLRD1, FCGR3A
B-cell / plasma-cell response MS4A1, CD79A, CD79B, MZB1, JCHAIN, XBP1, SDC1
Monocyte inflammatory signaling LYZ, S100A8, S100A9, FCN1, LST1, CTSS, IL1B, TNF, CXCL8, CCL2, CCL3, CCL4
Antigen presentation FCER1A, HLA-DRA, HLA-DRB1, HLA-DPA1, HLA-DPB1, CST3
Interferon response ISG15, IFIT1, IFIT3, IRF7, STAT1
Tissue remodeling MMP14, GSN, ADGRE2
Note. Representative genes are listed for each curated pathway. Pathway scores in Figure 4B were calculated as the mean log2 fold change of genes within each

pathway.

nificantly changed between SLIT treated and placebo sam-
ples. Gene-level transcriptional changes were generally small
as indicated by 13 significant genes at the modified p-value
threshold of 0.05 and absolute log2 fold change threshold of 1
(Fig. 2A).

Conversely, gene set enrichment analysis (GSEA) revealed
significant enrichment of several immune-related pathways
(Fig. 2B). Humoral immune response (NES = 2.35, FDR =
6.46 × 10−8), lymphocyte mediated immunity (NES = 2.16,
FDR = 6.46 × 10−8), Leucocyte mediated immunity (NES =
1.97, FDR = 6.49 × 10−8), B-cell mediated immunity (NES
= 2.21, FDR = 1.19 × 10−6), response to type II interferon
(NES = 2.27, FDR = 4.05 × 10−6). Table 2 summarizes the
representative enriched pathways. These findings imply that
immune signatures at the pathway level were more prominent
than those at the individual gene level in this dataset.

Single-Cell RNA-seq Reveals Main Immune Cell Types

Single cell RNA sequencing analysis of GSE200107 identified
several major immune-cell populations including T cells, CD4
T cells, CD8 T cells, B cells, monocytes, dendritic cells, NK
cells and plasma cells (Fig. 3A). Cell types were annotated
based on canonical marker genes for each immune popula-
tion. The relative abundance of each immune-cell population
is shown in Fig. 3B.

T cells were the most represented cell population in the
dataset, followed by B cells, monocytes, NK cells, dendritic
cells and plasma cells. In the exploratory analysis, no major
global changes in immune cell composition were seen, and
therefore subsequent analysis focused more on transcriptional
and pathway level differences rather than large scale compo-
sitional changes.

Subtle cell-type-specific transcriptional changes support
immune modulation

To assess cell type-specific transcriptional changes we em-
ployed a paired patient-level pseudobulk approach, where

Figure. 2 SLIT Produces Limited Gene-Level Changes but
Robust Pathway-Level Shifts. (A) Volcano plot of differential
gene expression between SLIT treated and placebo samples from
GSE206149. Genes with adjusted p value < 0.05 and |log2 fold
change| > 1 are highlighted. Thirteen genes (7 up-regulated and
6 down-regulated genes) were significantly differentially expressed,
indicating that transcriptional differences at the gene level were rel-
atively modest. (B) Gene set enrichment analysis (GSEA) of ranked
differential expression results with Gene Ontology Biological Pro-
cess (GO-BP) gene sets. The top 10 enriched pathways are shown by
normalized enrichment score (NES). The color of the dots indicates
the false discovery rate (FDR) adjusted p value and size of the dots
indicates the −log 10 (FDR adjusted p value). Summary statistics for
representative pathways are shown in Table 2.

cells were grouped by patient, time point and annotated cell
type prior to differential expression analysis. As with bulk
RNA-seq, the number of genes that were statistically signif-
icant in major immune-cell populations was relatively small,
indicating that effects at the gene level associated with treat-
ment were overall modest.

We identified several representative immune-related genes
that exhibit consistent directionality of transcriptional pat-
terns across all cell types despite the small number of sta-
tistically significant genes (Fig. 4A). Expression changes of
activation and differentiation program-related genes such as
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Figure. 3 Immune Cell Population Identification. (A) UMAP pro-
jection showing clustering of major immune cell populations, includ-
ing CD4+ T cells, CD8+ T cells, B cells, monocytes, dendritic cells,
NK cells, and plasma cells, based on transcriptomic profiles. (B) Bar
plot of the relative proportions of each immune cell type across all
samples. T cells are the largest population.

IL7R, CCR7, TCF7 were observed in T-cell subsets. In
monocytes, differences were noted in S100A8, S100A9 and
IL1B populations, and in dendritic cells, differences were
observed in genes related to antigen presentation, including
HLA-DRA and HLA-DRB1. These observations are consistent
with bulk RNA-seq analysis, suggesting that pathway-level
patterns were more apparent than large individual gene-level
differences.

Figure. 4 Cell-Type-Specific Transcriptomic Patterns Associated
with SLIT. (A) Heatmap of row-scaled log2 fold change values of
representative immune-related genes identified from paired patient-
level pseudobulk differential expression analysis across major im-
mune cell populations. Displayed genes were selected to demon-
strate representative transcriptomic patterns across cell types and are
not meant to be statistically significant markers for each immune-cell
population. (B) Curated immune-related gene sets heatmap show-
ing pathway-level transcriptomics across major immune-cell popu-
lations. Pathway scores are mean log2 fold change of each curated
pathway genes, which are descriptive summaries of coordinated tran-
scriptomic patterns. The curated pathway gene sets are listed in Ta-
ble 3.

Pathway-Level Analysis Identifies Coordinated Immune
Signatures Across Cell Types

We evaluated pathway-level summaries across major immune-
cell populations using curated immune-related gene sets (Ta-
ble 3) to better define coordinated functional patterns. We ob-
served distinct, but coordinated pathway-level patterns across
different cell types (Fig. 4B). T-cell activation signatures were
most prevalent in T-cell populations, monocyte-associated
inflammatory pathways were most prevalent in monocytes,
and antigen-presentation pathways were enriched in dendritic
cells. We also found signatures of interferon-response in sev-
eral populations of immune cells.

Pathway-level summaries provided a more coherent de-
scription of transcriptomic variation across immune-cell pop-
ulations than individual gene-level analysis. Although many
genes were differentially expressed at modest levels, pathway-
level patterns were consistent across biologically related cell
populations. Results suggest that pathway-level analysis
may offer further insight into SLIT related transcriptomic re-
sponses.

Pathway-level patterns generally provided a more informa-
tive description of SLIT-associated transcriptomic responses
than changes in single genes in bulk and single-cell transcrip-
tomic studies. Although the difference in the expression of in-
dividual genes was modest, we observed coordinated immune
related pathway signatures from both approaches, supporting
the use of pathway-based analysis for interpretation of com-
plex immune transcriptomic datasets.

Discussion

This study characterized transcriptomic responses associated
with sublingual immunotherapy (SLIT) integrated bulk and
single-cell transcriptomic analysis. In both datasets, only a
small number of genes showed large signals of differential ex-
pression, but pathway-level analysis revealed consistent en-
richment of multiple immune related processes. The results
show that the transcriptomic responses related to SLIT are
more easily detectable at the pathway level than at the gene
level. This is consistent with systems biology approaches in
which biological responses are driven by coordinated regula-
tion of interacting gene networks rather than by major changes
in isolated genes11–13,18.

One of the main findings of this study was the difference be-
tween gene and pathway-level analysis. In the bulk RNA-seq
analysis, only 13 genes satisfied the criteria for significance;
however, gene set enrichment analysis (GSEA) indicated sig-
nificant enrichment for several immune-related pathways in-
cluding humoral immune response, lymphocyte mediated im-
munity, leukocyte mediated immunity and interferon associ-
ated signaling. These results imply that it is easier to detect co-
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ordinated biological processes at the pathway level than at the
individual gene level. Similar observations have also been re-
ported for other complex biological systems, where pathway-
based approaches provided more robust and biologically in-
terpretable insights than analysis based on individual genes
only11,12,18,19.

Single-cell RNA sequencing gave a more detailed view of
the cellular distribution of the pathway-level immune signa-
tures identified in the bulk RNA-seq analysis. We used a
paired patient-level pseudobulk framework to assess transcrip-
tomic changes across major immune-cell populations includ-
ing T cells, monocytes, dendritic cells, natural killer (NK)
cells, B cells, and plasma cells. Individual cell types had few
statistically significant genes, but coordinated responses were
seen at the pathway level across multiple immune-cell popu-
lations. These results are consistent with current concepts of
immune regulation that emphasize the dynamic interactions of
different immune cell populations and not isolated responses
in one cell type. Recent single-cell studies of allergen im-
munotherapy have also shown that successful SLIT is associ-
ated with coordinated remodeling of immune-cell states and
functional T-cell populations, rather than large transcriptional
changes within individual cell types13,14,18,20.

Integration of bulk and single cell transcriptomics pro-
vided complementary insights into the coordinated immune
remodeling observed in this study. Bulk RNA-seq analysis
showed a general enrichment of immune-related pathways,
whereas single-cell RNA-seq assigned pathway signatures
to specific immune-cell populations. These complementary
approaches together suggest that coordinated pathway-level
changes across multiple immune-cell populations are more
readily detected for SLIT-associated immune remodeling than
large transcriptional changes in individual genes. This inte-
grative analytical framework provides a systems view of im-
mune regulation and complements recent developments in sin-
gle cell transcriptomics and systems immunology10,14,21.

The pathway-level signatures are consistent with biologi-
cal processes previously implicated in allergen immunother-
apy and immune regulation, though immune function or clin-
ical outcomes are not directly assessed here. While the cur-
rent study did not directly assess immune function or clinical
outcomes, the pathway-level immune signatures in this study
are consistent with biological processes previously associated
with allergen immunotherapy including induction of immune
tolerance, regulation of inflammatory pathways and modula-
tion of adaptive immune responses5–7. Further studies com-
bining transcriptomic, immunological and clinical measure-
ments will be required to understand how these coordinated
pathway-level changes relate to treatment efficacy and devel-
opment of long-term immune tolerance19,22.

Limitations

These findings should be considered in light of several limi-
tations. We initially analyzed several publicly available tran-
scriptomic datasets, but the statistical power to find differences
at the gene level may still be limited, especially in individual
immune-cell populations studied with the patient-level pseu-
dobulk approach. Second, the datasets analyzed had different
biological contexts and experimental designs. Bulk transcrip-
tomic profiles of GRASS study were available in GSE206149.
GSE200107 Single-cell transcriptomic and paired V(D)J pro-
filing of immune responses in a Japanese cedar pollinosis co-
hort. These differences should be taken into account when
comparing pathway-level patterns across datasets. Third, be-
cause the analysis presented here were computational and
transcriptomic, they identify associations, not causal mecha-
nisms. Finally, the present study lacked clinical outcome mea-
sures, immunological phenotyping or functional validation ex-
periments. Future studies integrating transcriptomic, immuno-
logical, clinical and complementary multi-omics data will be
important to determine the biological significance and clinical
relevance of the pathway-level immune signatures identified
here21,22.

Future Directions

Larger, well-characterized longitudinal cohorts with repeated
sampling over the course of allergen immunotherapy could
be used in future studies to expand on these findings. Link-
ing transcriptomic data to clinical response data, such as
symptom scores, treatment response classification, and im-
munological measurements, can help to establish the link
between pathway-level immune signatures and treatment re-
sponse. Moreover, integration of transcriptomic, proteomic,
epigenomic and functional immune-cell data may contribute
to a comprehensive systems-level understanding of the molec-
ular mechanisms of allergen immunotherapy and enable the
identification of robust biomarkers of treatment response21–23.

Conclusion

In conclusion, an integrated analysis of bulk and single-cell
transcriptomic datasets revealed pathway-level immune sig-
natures associated with sublingual immunotherapy that were
beyond individual gene-level differences. Both analytic ap-
proaches demonstrated relatively modest differential expres-
sion at the gene level but multiple immune-cell populations
demonstrated coordinated patterns at the pathway level. These
results highlight the relevance of pathway-based approaches
for the study of complex immune responses and provide a
framework for future investigations of transcriptomic patterns
associated with allergen immunotherapy.
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