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and CD69* Tn, respectively. To assess whether CD69
expression in naive T cells was atypical, we examined a
previously published paediatric PBMC scRNA-seq data-
set (GEO accession: GSE206295) [27] and found that
approximately half of the naive CD4" T cells expressed
CD69 (Additional file 1: Fig. S3). The Tcm cluster showed
high expression of PASK and CCR7 along with reduced
SOX4 expression. A second Tcm cluster expressing high
levels of SESN3 was designated as SESN3* Tcm (Fig. 2c¢).
Of the effector clusters, the Thl cluster expressed high
levels of TBX21, IFNG, CXCR3, GZMH, and GNLY,
and low levels of CCR4; the Th2 cluster expressed high
GATA3 and CCR4; and the Th17 cluster was marked by
the expression RORC, TNFRSF18, FOS, FOSL1, FOSL2,
IL23R, NT5E, CD79A, and SI00A11. Both Tregs clusters
expressed canonical markers CTLA4, FOXP3, IL2RA, and
IKZF2. The effector Tregs subset additionally expressed
CD52, ICOS, and MKI67, while the naive Tregs subset
showed high CCR7, LEF1, and SOX4 expression (Fig. 2c).

Cell-type proportions were similar in cases and controls

To determine if there were differences in the cell-type
proportions within the CD4" T cell subtypes between
the case and control children, we performed differen-
tial abundance analysis using linear mixed effects (LME)
modelling. Each cluster was similarly represented by cells
from case and control children (Fig. 2d-e), and no signifi-
cant differences were observed (LME analysis, FDR<0.1,
multiple testing by Benjamini—Hochberg method). These
results suggest that the relative abundance of CD4* T
cell subtypes remained unchanged between cases and
controls.

Differential gene expression analysis identified genes
associated with disease status

To identify genes associated with case—control status
or age within each CD4" T cell subtype, we performed
differential gene expression analysis using LME model-
ling, accounting for the longitudinal design of the study
(Methods). The model also included an interaction term
between case—control status and age to detect genes with
age-dependent expression patterns that differ between
cases and controls. The analysis identified 285, 785, and
172 genes associated with status, age, or the status-age
interaction term, respectively (p<0.001) (Fig. 3a; Addi-
tional file 2: Table S5-S14). Interestingly, age-associated
genes were predominantly identified in the Tn and Tem
cells, whereas genes associated with case—control sta-
tus were mainly identified in the effector cell types
(Fig. 3a). Among the 285 disease-associated genes, CD69,
PLGRKT, and CD226 have also been implicated in recent
genome-wide association studies (GWAS) of type 1 dia-
betes [28], highlighting the potential significance of these
genes in type 1 diabetes.
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After correction for multiple testing, eight genes were
significantly differentially expressed (DE) between cases
and controls (FDR<0.1): PSME4, ZMYM3, NTPCR,
MFHASI, IQGAP2, HSD17B10, ABCB7, and SLC35E4.
These genes were identified as DE within CD69* Tn and
Tem cells (Fig. 3b). Notably, only PSME4 was significantly
downregulated in cases and the while the remaining
seven were upregulated in cases (Fig. 3b, c). The direction
of expression change between cases and controls was
largely similar across the time points (Fig. 3c). Except for
IQGAP?2, the expression differences for the other genes
varied across cell types, though these differences did not
reach statistical significance (Fig. 3b). Notably, PSME4
and NTPCR were found to be DE in children progress-
ing to type 1 diabetes in earlier studies [6, 7]. Addition-
ally, the promoter region of SLC35E4 was reported to
be hypermethylated in children progressing to type 1
diabetes as compared to matched controls [29]. Further,
MFHASI and IQGAP2 have some known association
with diabetes or related disorders [30, 31], whereas the
other three genes: ZMYM3, HSD17B10 and ABCB7 have
no known direct association with diabetes.

Given the sensitivity of differential expression results to
model assumptions and statistical thresholds, we sought
to validate the robustness of our findings by applying
Reproducibility-Optimized Test Statistic (ROTS) analysis
[23]. We compared gene expression between cases and
controls at each time point individually. This approach
identified 127, 136, 56, 108, and 122 genes to be associ-
ated with case—control status using ROTS at 3, 6, 9, 12,
and 18 months, respectively (p<0.001; Additional file
1: Fig. S4a, Additional file 2: Table S15). The majority of
these genes were time-point-specific, with only a handful
of genes shared across time points (Additional file 1: Fig.
S4b). Notably, four of the eight DE genes identified by the
LME analysis were also found to be associated with case—
control status using ROTS (p<0.001): IQGAP2 at 3 m,
NTPCR and SLC35E4 at 6 m, and ABCB7 at 18 m. This
analysis supports the robustness of our LME-based find-
ings and suggests that these genes may play a role in type
1 diabetes pathogenesis.

To select candidate genes for orthogonal validation
by TagMan assay, we examined the fold change in gene
expression between cases and control of these eight
genes across different cell types. We reasoned that the
gene(s) with consistent differential expression across cell
types would be most reliably detected in unsorted bulk
samples. IQGAP2 was the only gene consistently upregu-
lated in cases across all cell types and had the lowest FDR
(0.02) (Fig. 3b). Notably, it was upregulated in CD69*
naive T cells and showed highest expression in effector
Tregs, Thl, and Th2 cells (Additional file 1: Fig. S5a-b).
TagMan analysis confirmed a significant increase in
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IQGAP?2 expression in all cases, consistent with scRNA-
seq data (Additional file 1: Fig. S5c).

Interferon-mediated signaling pathways along with viral
response pathways were altered in children progressing to
type 1 diabetes

To investigate the biological pathways affected in chil-
dren progressing to type 1 diabetes, we performed gene
set enrichment analysis (GSEA) on the ranked gene list
obtained from the LME analysis (Additional file 2: Table
S16). GSEA was selected for its ability to detect coordi-
nated pathway-level changes across the entire transcrip-
tome. Gene sets corresponding to GOBP were used in
this analysis. Notably, the "interferon mediated signalling
pathway" was significantly enriched in naive and central
memory T cells, consistent with previous reports link-
ing interferon responses to type 1 diabetes pathogenesis
[32, 33]. In addition, the “response to virus” pathway was
enriched across all three naive T cell subsets, central
memory T cells, Th17 cells, and naive Tregs. Among the
cell type-specific terms, "interferon beta production” was
particularly enriched in naive Tregs, while "interleukin-10
production” was enriched in effector Tregs (Fig. 3d). Both
IFN-B and IL-10 are crucial for Treg proliferation and
their immunosuppressive functions [34, 35].

To further validate these findings, we also performed
GSEA on the ranked genes from the ROTS analysis. A
total of 191 pathways were enriched of which 34 were
shared with the pathways identified from GSEA of the
LME analysis (Additional file 1: Fig. S6a, Additional file
2: Table S17). Notably, pathways related to virus response
and interferon signalling were shared in both GSEA
analyses (Additional file 1: Fig. S6b). The convergence
of these results across independent statistical methods
strengthens the evidence for dysregulation of antiviral
and interferon-related pathways in T cells during early
progression to type 1 diabetes.

SCENIC analysis reveals altered cell-type-specific gene
regulatory networks in children progressing to type 1
diabetes

The scRNA-seq data provide an excellent opportunity for
the discovery of cell-type-specific gene regulatory net-
works (i.e., networks of transcription factor binding at
regulatory DNA elements and their target genes), operat-
ing under different cellular states. To investigate the gene
regulatory networks in different CD4" T cell sub-popula-
tions, we performed single cell regulatory network inter-
ference and clustering (SCENIC) analysis [25], which
identified 245 active regulons across the 10 cell types
(Additional file 2: Table S18). A selection of top 10 most
active regulons per cluster involved 61 unique regulons
(Fig. 4a, Additional file 1: Fig. S7). The binary activity of
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regulons for all the 10 cell types revealed set of regulators
as characteristic of cell types (Fig. 4a, b).

For example, regulons for MAF and FOSL1 were the
most active in Th2 and Th17 cells, respectively, whereas
KLF10, FOSL2 and GATAS3 regulons were active in both
the cell types. In Th1 cells, EOMES, CEBPD, and TBX21
(encoding T-bet) regulons were the most active (Fig. 4a).
Further, MYBL1, ZNF574 and POU3F1 and SIX5 regu-
lons were specifically active in MALAT1" Tn cells
(Fig. 4a, b).

Interestingly, seven of eight LME DE genes, except
NTPCR, were target of one or more regulons. IQGAP2
was target of target of PRDM1, ELF1, ELF4, EOMES,
JUN, KLF6 and MAF. SLC35E4 was a target of JUN.
PSME4 was a target of four different regulons ARNTL,
CREM, ELF1 and NR3C1. MFHASI1 was target of two
regulons MAF and ZNF571. ZMYM3 is target of three
regulons: ARID3A, FOXO1, JUND. HSD17B10 was a tar-
get of three regulons: KLF13, BCLAF1 and E2F8. ABCB7
was target of three regulons: CHD2, ETS1, and JUN.

We next assessed whether regulon activity differed
between cases and controls, and found 12 regulons
to be differentially active (Wilcoxon signed-rank test,
p-value<0.01) in different cell types (Fig. 5a). Four regu-
lons (MAFA, ZNF543, PRDM1, ZSCAN18) showed dif-
ferential activity between cases and controls in the Th17
cluster and four others (MAFG, ZNF143, NFIC, DLX2)
were differentially active in MALAT1" Tn cells. GATA3,
PAX8, SREBF1, and REST regulons showed differen-
tial activity in Tn cells, CD69" Tn cells, Thl, and effec-
tor Tregs, respectively. Of the 12 differentially active
regulons, seven regulons (PRDM1, PAXS, DLX2, NFIC,
ZNF543, MAFG, and ZNF143) were more active in cases,
whereas five regulons (REST, MAFA, SREBF1, ZSCAN18,
and GATA3) were less active in cases (Fig. 5a). Each of
the regulon TFs regulated unique as well as shared tar-
get genes across different T cell clusters. Among the
regulons whose activity was up- and downregulated, the
highest number of shared target genes were observed for
PRDM1 and GATAS3, respectively. The regulon activity of
PRDM1 was upregulated in cases in Th17 cells (Fig. 5b,
c), whereas GATA3 regulon activity was downregulated
in cases in Tn cells (Fig. 5d, e). These findings suggest that
dysregulated activity of key transcriptional regulators,
particularly PRDM1 and GATA3, may contribute to the
altered gene expression landscapes in specific CD4* Tcell
subsets during early type 1 diabetes development.

To further explore the biological functions associ-
ated with the differentially active regulons, we per-
formed pathways enrichment analysis for GOBP for
each of the differentially active regulons (Additional file
2: Table S19). PRDM1 targets had highest number of
pathways enriched, likely due to its large regulon size,
including pathways related to regulation of innate and
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Fig. 4 Regulon activity in different CD4* T cell subsets. a The binary heatmap shows the activity of 61 top unique regulons identified in each cluster by
SCENIC analysis. Each black line indicates that the regulon is active in a given cell. Regulons specifically active in a given cell type have been highlighted
on the heatmap. Color code for each cell type has been shown on above the heatmap. b Motifs associated with regulons specifically active in a given
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adaptive immune response, lymphocyte differentiation,
response to virus and canonical NF-kB signal transduc-
tion (Fig. 5a). SREBF1 targets had enrichment of three
pathways: negative regulation of canonical Wnt signal-
ling, response to insulin and regulation of translation
in response to stress. PAX8 and GATA3 targets had the
enrichment of nucleotide sugar biosynthetic processes
and cellular response to tumour necrosis factor, respec-
tively (Fig. 5a).

Finally, we compared these SCENIC-derived pathways
to those identified through GSEA of the LME-ranked
gene list (Additional file 2: Table S14 and S19). As shown
in Additional file 1: Fig. S8, 10 ten pathways were com-
mon between the two analyses. These include pathways
of T cell activation and differentiation and response to
viruses, providing further support for the role of immune
response to viruses in the pathogenesis of type 1 diabetes.

Discussion

In this study, we utilized scRNA-seq to investigate gene
expression changes in CD4* T cells early during the
development of type 1 diabetes analysing longitudinal
samples from a prospective cohort of early progressors
who developed the disease before the age of 5 years.
Analysing over 99,000 single cells, we could identify 10
subtypes of CD4" T cells, including clusters of naive,

central memory, effector and regulatory T cells. One of
the key findings of our study is the identification of 785
and 285 genes whose expression was associated with age
or disease status, respectively, within these CD4" T cell
subsets. Notably, these gene expression changes were not
uniformly observed across all CD4* T cells, underscoring
the importance of cellular heterogeneity. Additionally,
the cell type proportions were similar between cases and
controls. Importantly, we identified eight genes, PSME4,
ZMYM3, NTPCR, MFHASI, IQGAP2, HSDI17BI0,
ABCB7, and SLC35E4, as DE between cases and con-
trols. Interestingly, pathways related to viral response and
interferon signalling were found to be altered in cases.
Furthermore, 12 regulons, including PRDM1 regulon
which was more active in Th17 cells of cases, were found
to be differentially regulated between cases and controls.
Among the eight DE genes, PSME4 and NTPCR were
shown to be DE in children progressing to type 1 diabe-
tes, in earlier studies [6, 7], and the promoter region of
SLC35E4 was hypermethylated in children progress-
ing to the disease before seroconversion as we reported
earlier [29]. PSME4 was the only downregulated gene
in cases. Reduced PSME4 results in an active immuno-
proteasome, leading to a pro-inflammatory environment
in non-small-cell lung carcinoma [36]. Thus, its down-
regulation may contribute to increased inflammation in
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Fig. 5 Differentially active regulons between cases and controls. a Differentially active regulons, transcription factors (hexagons) and their target genes
(circles) have been shown (Wilcoxon signed-rank test: p<0.01). Top 10 unique targets for each regulon are shown along with targets shared by two or
three regulons (blue and purple, respectively). Regulons showing increased or decreased activity in cases are indicated with red or blue color of the hexa-
gon, respectively. Pathways enriched among the targets of respective regulons are also shown. b UMAP illustrating PRDM1 regulon activity in cases and
controls. € Box plot shows the activity score of PRDM1 regulons in cases and controls. d UMAP illustrating GATA3 regulon activity in cases and controls.
e Box plot shows the activity score of GATA3 regulons in cases and controls. In box plots, each dot represents an individual child

type 1 diabetes. Indeed, the proteasome-mediated deg-
radation pathway was reported to be altered in children
progressing to beta-cell autoimmunity [37]. Additionally,
IQGAP was consistently upregulated in cases across cell
types and was validated by TagMan assay, confirming
the higher expression of the gene in cases in this cohort.
IQGAP2 interacts with glycogen synthesis regulators and
affects the phosphorylation of components of insulin
pathway in liver [31]. Furthermore, in mice, Iggap2 dele-
tion resulted in increased plasma insulin levels [38].

Among the genes associated with disease status (LME:
p<0.001), some genes have previously been reported to
be increased in children progressing to type 1 diabetes.
For instance, HLA-F, upregulated in MALAT1" Tn cells,
was reported to be upregulated in two earlier bulk tran-
scriptomics studies [7, 39]. Similarly, GZMA and CST7,
which were upregulated in cases in Naive Tregs and Th17
cells, respectively, were also upregulated in cases in three
earlier bulk transcriptomics studies [4, 6, 7]. RGSI14 and
SUSD3, which were upregulated in our study were also
reported earlier in bulk RNA-seq data of CD4* T cells
from children progressing to the disease [7]. While HLA-
F polymorphism has been associated with autoimmune
diseases, including multiple sclerosis and rheumatoid
arthritis, they have not yet been linked to type 1 diabe-
tes (GWAS Catalogue: accessed on Mar 21, 2024). Gran-
zyme A, encoded by GZMA, is a classical proapoptotic
mediator of immune-mediated killing secreted mainly by
effector T cells such as Thl but also by Tregs. Interest-
ingly, deleting Gzma, accelerated the onset of autoim-
mune diabetes in nonobese diabetic (NOD) mice [40],
suggesting that this effect was due to impaired regulatory
T cell (Treg) function, as Gzma is a key effector molecule
in Tregs [41]. In our data, more cells expressed granzyme
A in the effector T cell clusters than the regulatory T cell
cluster, but the difference between cases and controls was
significant only in naive Tregs. The precise mechanism of
action of these gene products on the pathogenesis of type
1 diabetes remains to be determined.

Epigenetic changes, including DNA methylation and
histone modifications, regulate gene expression in health
and disease. In our data, DNMT1 that maintains DNA
methylation post-replication, was upregulated in SESN3*
Tcm cells, and TET1, that actively demethylates DNA
was upregulated in naive Tregs. Further, the DNMT1-
associated gene, DMAPI was upregulated in Th2 cells.
Alterations in histone acetylation have been associated

with diabetic retinopathy, nephropathy, and encepha-
lopathy [42-45]. We found HDAC?7, which is responsi-
ble for deacetylation of core histone, was upregulated in
cases in Tn cells. Further, PSME4, the gene that encodes
a proteosome activator that specifically promotes degra-
dation of acetylated histones [46], was downregulated in
cases in multiple cell types, including Tn and Tcm cells,
naive Tregs, and Th2 cells (Fig. 3B, C). Furthermore, it
was downregulated in our earlier scRNA-seq study of
children progressing to type 1 diabetes [7]. Intriguingly,
ZMYM3, which is a part of histone deacetylase-contain-
ing multiprotein complexes, was upregulated in cases in
CD69" Tn cells and Tcm cells (Fig. 3B, C). These obser-
vations suggest an interesting link between epigenetic
changes and type 1 diabetes.

The enrichment of interferon response pathways in our
data corroborates previous findings from bulk sample
analyses conducted by our group [33] and others [32].
Another pathway consistently found to be upregulated in
cases in different cell types was viral response and related
pathways, potentially providing further evidence sup-
porting the existing links between viruses and type 1 dia-
betes [47, 48].

SCENIC analysis provided further insights into the
gene regulatory networks operating within different
CD4" T cell sub-populations. Importantly, we identi-
fied 12 regulons with differential activity between cases
and controls, highlighting potential regulatory mecha-
nisms that may contribute to type 1 diabetes develop-
ment. The increase in PRDM]1, also known as BLIMP1,
regulon activity in Th17 cells in cases is particularly note-
worthy. Prdm]1 regulates T cell activation [49] and pre-
vents inflammation by repressing //17a locus [50] and
upregulating FOXP3 expression [51]. Furthermore, T
cell-specific deletion of Blimpl1 led to increased Th1l and
Th17 cell polarization in vivo [52]. Additionally, Blimp1
overexpression in T cells significantly reduced insulitis
and diabetes in NOD mice [52]. These studies suggest
that PDRM1 contributes to reducing the inflammation
by modulating the gene expression program of CD4" T
cells. The increased PRDM1 regulon activity observed
in Th17 cells of children progressing to the disease may
reflect a compensatory regulatory response during the
early stages of disease. However, the persistence of auto-
immunity despite this upregulation suggests that such
mechanisms are either insufficient or overridden by other
pro-inflammatory signals.
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PRDM1 has a complex relationship with RORyt, the
lineage defining factor for Th17. In mice, Prdml nega-
tively regulates Rorc, as conditional deletion of Prdm1 in
CD4* T cells results in increased Rorc and I117a expres-
sion [53] and attenuates autoimmune diabetes in NOD
mice by suppressing both Thl and Th17 cells [52]. In
humans, using time-series data generated in our labora-
tory, Acerbi et al. identified PRDM1 as a negative regula-
tor of Th17 differentiation: siRNA-mediated silencing of
PRDM1 in CD4* T cells led to upregulation of IL17A but
did not alter RORC expression [54]. Conversely, pharma-
cological inhibition of RORyt increased Blimpl expres-
sion [55]. Together, these findings suggest that PRDM1
and RORC may negatively regulate each other in Th17
cells. On the other hand, Jain et al. observed that periph-
eral deletion of Blimpl reduced Thl7 activation and
experimental autoimmune encephalomyelitis and that
Blimpl-mediated functions in Th17 cells are dependent
on RORC [56]. Together, these observations highlight
the complex and context-dependent interplay between
PRDM1 and RORC in regulating human and murine
Th17 cell differentiation and function.

In the cohort of our present study, the children pro-
gressed to seroconversion before the age of 2 years and
developed type 1 diabetes before the age of 5 years.
This homogeneous cohort of fast progressors is a criti-
cal aspect of our sample set because type 1 diabetes is
increasingly recognized as a heterogeneous disease, char-
acterized by variability in the age of diagnosis and the
type of autoantibodies that first appear during beta cell
autoimmunity [57]. Our recent study provides additional
evidence for distinct cellular immunity associated with
the first-appearing autoantibody in children who prog-
ress to the disease [58]. Therefore, to find features char-
acteristic for late-onset or slow-progressing forms of type
1 diabetes having cohorts homogeneous for these charac-
teristics would be important for future studies.

The cohort size was relatively small, and the conclu-
sions should be interpreted in this context; nevertheless,
the findings provide important insights and a foundation
for future studies. In this study, we focused our analy-
sis on the CD4* T cell compartment, which enabled us
to explore in greater depth the dysregulation of various
CD4* T cell subsets during disease progression. How-
ever, this focus represents an important limitation, as
it excludes CD8* T cells and other immune cell types
from the analysis. Given the established roles of CD8* T
cells, B cells, and innate immune cells in type 1 diabetes,
future studies incorporating these populations will pro-
vide valuable perspectives. Future single-cell studies with
a longitudinal design, conducted in larger cohorts and
integrating data from multiple immune cell types as well
as pancreatic islets, would be essential to gain a more
comprehensive understanding of disease mechanisms.
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Conclusions

Our study provides a comprehensive single-cell tran-
scriptomic analysis of CD4* T cells during the early,
preclinical stages of type 1 diabetes in a homogeneous
cohort of fast-progressing children. We identified cell-
type-specific changes in gene expression and gene regu-
latory networks, including differential expression of key
genes and altered interferon and viral response pathways.
Notably, differential regulon activity points to disrupted
immune regulation in children progressing to the dis-
ease. These findings underscore the importance of early
immune dysregulation and cellular heterogeneity within
CD4" T cell compartment in type 1 diabetes pathogen-
esis, offering novel insights into aberrant temporal and
cell-type—specific immune regulation driving disease
progression. Future longitudinal single-cell studies in
larger and more diverse cohorts will be crucial to further
delineate disease subtypes and mechanisms.
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