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Type 1 diabetes (T1D) is an autoimmune disease mediated by self-
reactive T cells that destroy insulin-producing 3 cells of the
pancreatic islets.! The disease is a complex multifactorial disorder
resulting from a poorly defined interaction between genetic and
environmental factors. Approximately 40-50% of the disease risk
is linked to genes, with the remaining risk arising from
environmental factors. HLA genes account for approximately
one-half of T1D risk, and the residual risk may be ascribed to more
than 40 single-nucleotide polymorphisms (SNPs) in genes outside
the HLA region. Among confirmed non-HLA susceptibility genes,
the best-characterized polymorphisms are related to INS, PTPN22,
IL2RA, IFIH1, and CTLA4. Islet-specific autoantibodies are a
hallmark of T1D and currently the best predictive biomarker of
disease progression.’ However, the mechanism leading to the loss
of humoral tolerance in T1D is not fully understood, with the
exception of a few studies showing diminished B cell central
tolerance in patients with T1D.* B cells acquire their antibody-
secreting function after interaction with a specific subset of CD4
T cells in specialized structures within the B cell follicles of
secondary lymphoid organs, known as germinal centers. The CD4
T-cell subset that provides the help necessary for B cells to
differentiate into memory B cells and high-affinity antibody-
producing plasma cells is known as follicular helper T (Tg) cells.”

Based on recent understanding of disease pathogenesis, the
complex interplay between a multitude of factors (environmental
factors, genome, microbiome, and immune alterations) leading to
abnormal T and B cell activation and destruction of pancreatic 3
cells varies between individual cases of T1D. Accordingly, T1D
should therefore not be considered a single autoimmune disorder
but rather a spectrum of pathologies related to different
mechanisms, including lack of central and peripheral tolerance,
defective immune regulation, abnormal autoimmune activation
and altered tissue homeostasis, ultimately resulting in B cell
autoimmunity.' This concept may have important therapeutic
implications, and the failure of clinical trials for T1D may be related
to the high degree of heterogeneity in disease pathogenesis. In
fact, most of the interventional trials involving immunotherapies in
T1D patients, such as the humanized anti-CD3 antibody (teplizu-
mab) and blocking molecules for the costimulatory CD28/CD80
(abatacept) or LFA-3/CD2 (alefacept) pathways, failed to reach their
primary endpoint for the tested T1D population while demonstrat-
ing good therapeutic response only in a subset of subjects.’® To
date, stratification of T1D patients has been based on age and
disease stage, but subgroups of T1D may also be distinguished
based on different immunopathogenic mechanisms, ie., the

involvement of a single T/B cell subset and/or immune molecular
pathway, leading to B cell autoimmunity. Overall, stratification of
T1D patients based on disease stage or underlying pathogenic
mechanisms may be instrumental for designing better clinical
trials, resulting in more significant treatment outcomes.

The recent article by Edner et al.! provides the first evidence that
comprehensive immunological profiling permits the stratification of
T1D patients into responders/non-responders to immunotherapy
based on the identification of the underlying pathogenic mechan-
isms. In that retrospective study, the authors analyzed blood
samples of T1D patients treated with CTLA4-Ig (abatacept) and, by
using a machine learning approach, identified immunological
profiles that stratified the treated T1D patients into responders and
non-responders (Fig. 1A). Recent advances in molecular profiling,
high-throughput sequencing, and computational efficiency have
been largely exploited to develop targeted therapy and immu-
notherapy for precision medicine in oncology.® For example, cancer
genome profiling before immunotherapy treatment has been
employed to customize immunotherapy for a given patient, thus
significantly improving treatment outcomes in clinical trials with
immune checkpoint inhibitors (ICls).® In the paper of Edner et al,,
this approach was used for the first time to stratify patients and
predict therapeutic response in the T1D clinical setting. The
abatacept study was chosen since a randomized, double-blind,
placebo-controlled trial showed that although adjusted c-peptide
levels were 59% higher in treated T1D patients than in the placebo
group, it was clear that some treated subjects benefited more than
others, suggesting a possible stratification into responders/non-
responders.” In the first part of the study, by using a classical
hypothesis-driven approach, the authors demonstrated that
abatacept decreases circulating Tgy cells both at one and two-
year time points (Fig. 1A). Principal component analysis of
multiparametric FACS data revealed that the major difference
between treated/untreated T1D patients involved specifically Tgy
cell subpopulations that express CXCR5 and 1COS (ICOSTPD-1" Tey
cells) or were CCR7'°PD-1"CXCR5 " (ICOSTPD-17 Tgy cells). Next, the
authors used the machine learning algorithm CellCnn, a represen-
tation learning approach based on convolutional neural networks,
to identify immune cell subsets associated with disease status
through a data-driven strategy (Fig. 1A). This analysis further
corroborated the manual gating approach and found that both
ICOS*PD-1" and ICOSTPD-1" Tgy cells were reduced by abatacept
treatment. Previous clinical studies using abatacept in T1D and
other autoimmune diseases have indicated that this drug works by
interfering with CD28:CD80/CD86 crosstalk, one of the more
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Fig. 1 A Stratification of T1D patients based on immunological profiles. Edner et al. used comprehensive immunological profiling to stratify
T1D patients into responders (blue) and non-responders (red). Blood samples of T1D patients treated with CTLA4-Ig (abatacept) were analyzed
through a machine learning approach that identified immunological profiles (high ICOS™ Ty, high CXCR5™ naive T cells), helping to stratify
treated T1D patients into responders and non-responders. Responders were characterized by a reduction in Tgy (T follicular helper), Tph
(T peripheral helper), ICOS*PD-1"Tgy, ICOSTPD-1" Ty, T regulatory, and ICOS™ memory and naive cells. B Possible mechanism of action for
CTLA-4lg (abatacept). Deactivation and dedifferentiation of TFH cells may be related to two mechanisms. 1. CTLA-4lg inhibits crosstalk
between the costimulatory molecules CD28 and CD80/CD86, altering Te cell differentiation at two “decision” points in the germinal centers of
secondary lymphoid organs and the T-cell zone. 2. CTLA-4lg interferes with CD28-CD80/86-mediated activation of CD4 T cells by DCs at the
T-cell zone or CD4 T-cell interactions with B cells at the T:B cell border, consequently preventing Tgy cell differentiation, ICOS upregulation,
and entry into B cell follicles. Once in the B cell follicle and the germinal center, abatacept neutralizes CD28-CD80/CD86 interaction among

Tey cells, GC B cells and follicular DCs (FDCs), further weakening Tgy cell differentiation and proliferation

prominent T-cell costimulatory signals leading to T-cell immuno-
modulation rather than depletion.’® The innovative nature of the
work of Edner et al. relates to the observation that in patients with
T1D, abatacept targeted a single T-cell subset, namely, circulating
Trn cells expressing an ICOS™-activated phenotype. This finding
suggests that in the T1D cohort of abatacept-responder patients, a
mechanism involving Tgy cell activation may be responsible for the
occurrence of 3-cell autoimmunity. Several studies have also found
an increased number of Tgy cells expressing an activated
phenotype (ICOS*PD-11) in patients with T1D and in subjects with
a high risk of developing the disease (autoantibody-positive),
suggesting a key role for this CD4 T-cell population in islet
autoantibody development and disease progression.'’ Autoanti-
body development is also controlled by a subset of FoxP3-
expressing regulatory T cells known as follicular regulatory (Tgg)
cells, which were recently found to be altered in T1D.'? This
suggests that in addition to central tolerance mechanisms,
peripheral tolerance mechanisms, particularly Tey and Ter cells,
may be compromised in a subgroup of patients who develop T1D.

SPRINGERNATURE

How does the CTLA-4lg molecule (abatacept) modulate Try/Trg
cell differentiation? CTLA-4lg binds to CD80/CD86 on antigen-
presenting cells such as dendritic cells (DCs) and B cells and blocks
their interaction with the CD28 molecule, a costimulatory signal
that is fundamental for T-cell priming, including Tgy cell
differentiation and acquisition of an ICOS™ phenotype.'® Edner
et al. speculate that since the Icos gene is CD28 sensitive in other
immune cell subsets, it may also regulate ICOS expression on Tey
cells. ICOS expression helps Tgy cells maintain their characteristics
by blocking the upregulation of kif2, which reverts the Tgy
phenotype.! Hence, while early blockade of CD28-mediated
costimulation reduces Ty cell differentiation, prolonged inhibition
of CD28-CD80/86 crosstalk by CTLA-4lg suppresses ICOS signaling
and reverts the Tgy phenotype. Notably, reduced ICOS but also
PD-1 expression on Tgy cells, as reported by Edner et al., can also
affect their migratory capacity." The reduction in ICOS™ Tgy cell
“quantity” in abatacept-treated T1D patients may be due to
deactivation and dedifferentiation of Tgy cells rather than their
depletion in the blood. Deactivation and dedifferentiation of Ty
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cells may be related to two mechanisms (Fig. 1B), as follows. (1) By
inhibiting the crosstalk between the costimulatory molecules
CD28 and CD80/CD86, abatacept (CTLA-4lg) might alter Ty cell
differentiation at two “decision” points in the T-cell zone and the
germinal center of secondary lymphoid organs. (2) Abatacept
might interfere with CD28-CD80/86-mediated activation of CD4
T cells by DCs at the T-cell zone or the CD4 T-cell interaction with B
cells at the T:B cell border, consequently inhibiting Tgy cell
differentiation, ICOS upregulation, and entry into the B cell follicle.
Once in the B cell follicle and the germinal center, abatacept
might neutralize CD28-CD80/CD86 interaction among Ty cells,
GC B cells, and follicular DCs (FDCs), further weakening Tgy cell
differentiation and proliferation. Interestingly, using whole-blood
RNA sequencing, Linsley et al.'® identified changes in expression
of B cell genes associated with clinical response in individuals with
TID treated with abatacept, thus reinforcing the idea that
blocking CD28-CD80/86 interaction may impact GC B cell
maturation by reducing Try cell differentiation and activation. In
line with this idea, abatacept treatment also caused significant
reductions in mIAA antibody levels in the treatment group.'?
Further studies are required to explore the effect of abatacept
on Tgy cells, including the correlation of Ty cells and Tgg cells with
B cell function, islet autoantibodies, and other markers of B cell
activation. Nevertheless, the work of Edner et al. indicates that
exploitation of cutting-edge methodology such as machine
learning approches to analyze immunological profiles may be
instrumental for highlighting new pathogenic mechanisms in T1D
and, most importantly, may allow pathogenesis-based stratification
of T1D patients, thus paving the way for precision medicine in T1D.
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