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Biomarkers are critical to the staging and diagnosis of type 1 diabetes (T1D). Functional
biomarkers offer insights into T1D immunopathogenesis and are often revealed using
“omics” approaches that integrate multiple measures to identify involved pathways and
functions. Application of the omics biomarker discovery may enable personalized medicine
approaches to circumvent the more recently appreciated heterogeneity of T1D progression
and treatment. Use of omics to define functional biomarkers is still in its early years, yet
findings to date emphasize the role of cytokine signaling and adaptive immunity in biomark-
ers of progression and response to therapy. Here, we share examples of the use of omics to
define functional biomarkers focusing on two signatures, T-cell exhaustion and T-cell help,
which have been associatedwith outcomes in both the natural history and treatment contexts.

We live in an era defined by the intersection
of three powerful trends in medicine. One

trend is the evolution of personalized medicine,
which seeks to match the right drugs to the right
patients at the right doses and times. Personal-
ized medicine has been most successful where a
therapeutic agent is clearly linked to the genetic
basis or cause of the disease. So far, personalized
medicine has been less successful with genetical-
ly complex diseases like type 1 diabetes (T1D),
which is caused by the autoimmune destruction
of pancreatic β cells. Another powerful trend in
the current era is the explosive growth of the
identification and use of biomarkers for a host
of different purposes during the disease process,
including risk of disease, diagnosis, prognosis
and course, as well as prediction, safety, and re-

sponse of therapeutic intervention. Yet a third
trend is the development over the past two de-
cades of multiple “omics” technologies, which
make simultaneous parallel measurements on
tens of thousands of individual analytes (e.g.,
proteins, DNA, RNA, metabolites, etc.). These
measurements are then analyzed using powerful
statistical techniques to provide unbiased in-
sights into disease mechanisms, drug targets,
and biomarkers. While progress in these three
trends has perhaps been less rapid than initially
hoped, they have established themselves in the
mainstream and there remains a great deal of
excitement about their potential (Quezada et al.
2017; Chen et al. 2023; Lim et al. 2024).

In this review, we highlight recent devel-
opments that illustrate the value and future
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prospects of omics technologies for discovering
and applying functional immune biomarkers in
T1D to better understand disease mechanisms
and guide precision medicine. As examples, we
focuson exhaustedCD8Tcells inducedbyT-cell
reduction therapies and alterations in helper T
cells induced by T-cell costimulation blockade.

BIOMARKERS IN T1D

A biomarker is defined by the U.S. Food and
Drug Administration (FDA) as “a defined char-
acteristic that ismeasured as an indicator of nor-
mal biological processes, pathogenic processes,
or biological responses to an exposure or inter-
vention, including therapeutic interventions”
(FDA-NIH Biomarker Working Group 2016).
Biomarker measurements may be functional or
physiological, biochemical, or molecular in na-
ture (IPCS INCHEM 1993). There are multiple
types of biomarkers, including those to assess
disease susceptibility or risk, diagnosis, progno-
sis and course, prediction, and the safety and
response of therapeutic intervention (Table 1).
Several recent reviews have covered biomarkers
for disease susceptibility, diagnosis, prognosis,
and course of T1D (Brenu et al. 2023; Fyvie
and Gillespie 2023; Sarkar et al. 2023), so we
will focus here on emerging biomarkers of pre-
diction and response to therapy aided by omics
technologies.

A pharmacodynamic (PD) biomarker that
“indicates biologic activity of a medical product
or environmental agent” (FDA-NIH Biomarker
Working Group 2016) is one type of measure
indicating response to therapy. During drug de-
velopment, PD biomarkers are used to measure
drug activity for dose selection or to ensure that a

drug is acting as predicted. The relevance of PD
biomarkers for T1D therapy is indicated by anal-
ysis of samples from multiple clinical studies in
T1D including studies with rituximab (Linsley
et al. 2018a), abatacept (Linsley et al. 2019b),
and teplizumab (Linsley et al. 2021b). Overall,
these analyses showed evidence for nonuniform
PD activity, with better response to therapy oc-
curring in subjects with higher PD activity as
discussed below.

Individual variation in drug response can be
partly exploited in the context of drug develop-
ment (Polasek et al. 2018). However, the clinical
study of many different doses in many different
patients is impractical and expensive, so drug
developers generally use a more practical one-
dose-fits-allmodel. In addition, regulatory agen-
cies usually require safe and effective doses for a
population, not the best dose for each individual
patient. Moreover, since clinical trials usually
have tight inclusioncriteria andfocusonrelative-
ly homogenous populations, increased inter-
individual variation in optimal dosing is to be
expected when trial results are extrapolated to
larger populations after approval.

Another factor affecting the linkage between
drug PD activity and therapeutic benefit in T1D
is the common practice of treating younger
patients using dosing primarily determined
in adults. Typically, drugs, including biologics
such as monoclonal antibodies and fusion pro-
teins (Liu et al. 2019), are approved with more
extensive dosing information available for adults
than children. Approved doses are oftentimes
“weight tiered,” and it may be unclear how best
to extrapolate doses determined in adults to chil-
dren. Thus, while desirable, the concept of “pre-
cision dosing” (Polasek et al. 2018) is difficult to

Table 1. Examples of biomarkers in type 1 diabetes (T1D)

Biomarker type Example Stage of development

Susceptibility or risk AAb number In clinical use

Diagnosis and course HbA1c, C-peptide In clinical use

Susceptibility or risk PRS Development and validation

Prediction Insufficient data Discovery

Safety and response to therapy Insufficient data Discovery

(PRS) polygenic risk score, (AAb) autoantibody.

S.A. Long and P.S. Linsley

2 Cite this article as Cold Spring Harb Perspect Med 2024;14:a041602

w
w

w
.p

er
sp

ec
ti

ve
si

n
m

ed
ic

in
e.

o
rg

 on July 29, 2024 - Published by Cold Spring Harbor Laboratory Press http://perspectivesinmedicine.cshlp.org/Downloaded from 

http://perspectivesinmedicine.cshlp.org/


achieve in practice, especially in a disease such as
T1D, which affects children.

One way to achieve more optimal dosing is
to use treat-to-target (T2T) strategies (Garber
2014). T2T is a medical strategy that sets a goal
of altering target disease activity values to reach
targeted values for each individual patient. Ac-
tivity valuesmay be derived frommeasurements
made with biomarkers, laboratory tests, or clini-
cal examination. If target values are not reached,
types or doses of medications may be adjusted
according to a predefined protocol. The process
may be iterated until the target values are
achieved. T2T strategies have been explored in
investigations of medications and dosing in
T1D (Mathieu et al. 2016; Russell-Jones et al.
2023), T2D (Mathieu et al. 2023; Philis-Tsimikas
et al. 2023), and other autoimmune disease (van
Vollenhoven 2019; Garcia et al. 2022; Parra Sán-
chez et al. 2022). While T2T strategies typically
use disease biomarkers, a potentially powerful
approach for the future would be to incorporate
PD biomarkers that are functional in nature and
capable ofmeasuring drug responses across time
and age (Kearns and Artman 2015) that may
informwhen to initiate treatment, repeat dosing,
or change therapies.

APPLICATIONOFOMICS IN T1D

Since the sequencing of the human genome, de-
velopments inseveral technologieshavefacilitated
the simultaneous and parallel measurement of
biological molecules at genome-wide scales (Na-
tional Research Council (US) Committee on a
Framework for Developing a New Taxonomy of
Disease 2011;Dzau et al. 2017). The vast amounts
of data obtained using these technologies have
enabled unbiased examination of biological pro-
cesses at a previously unobtainable scale and have
provided numerous candidate biomarkers. Col-
lectively, the scientific technologies associated
with measuring such biological molecules in a
high-throughput way are termed “omics” (Na-
tionalGuidelineCentre (UK)2018).The technol-
ogies used in these studies include “proteomics,
transcriptomics,genomics,metabolomics, lipido-
mics,andepigenomics,whichcorrespondtoglob-
al analyses of proteins, RNA, genes, metabolites,

lipids, and methylated DNA or modified histone
proteins in chromosomes, respectively” (National
Guideline Centre (UK) 2018). In oncology, the
use of omics for biomarker discovery has ad-
vanced to such a degree that there now are multi-
ple commercially available transcriptomic-based
tests for prognosis, prediction ofmetastasis prob-
ability, and treatment recommendations for sev-
eral cancer types (Tsakiroglou et al. 2023). While
therealsohasbeenconsiderableeffortwithomics-
basedstudies inT1D(Fig.1), incontrast tocancer,
none of these studies have yet progressed to the
extent of generating commercial products in
widespread use.

Some T1D studies have used genomics data
to reveal risk and prognostic biomarkers, useful
as measures of susceptibility but not rate of pro-
gression. The decreased costs of generating ge-
nomics data and the increased availability of ge-
netic data have facilitated the development of
polygenic scores that aggregate risk variants
from multiple loci into a single genetic or poly-
genic risk score (GRS or PRS, respectively). The
current status of GRS studies was recently re-
viewed (Luckett et al. 2023). GRSs are being test-
ed in several studies of disease risk in the general
population (Sims et al. 2022). A factor limiting
the use of GRS is that most early studies of T1D
genetics have been conducted in European an-
cestry populations (Luckett et al. 2023). Europe-
an-based GRSs are a powerful tool that will be
improved upon with future large case-control
studies from non-European populations, which
will increase the accuracy of GRSs across diverse
ancestries (Luckett et al. 2023).

There is a long history of transcriptomic
studies in T1D,with studies dating back decades,
largely focusing on the ability to predict or deter-
mine risk for T1D (Maas et al. 2002; Liu et al.
2006). Most transcriptomic studies in humans
have focused on peripheral blood, which has
the advantage of being easily accessed but the
disadvantage of being collected distal to the pri-
mary site of disease (the pancreas). Themajority
of early transcriptomic studies with peripheral
blood were investigator-driven and involved
small cohorts and have not led to consensus di-
agnostic T1D signatures.However, there are sev-
eral more recent studies involving larger and

Omics in T1D
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morehighly powered cohorts thatmayovercome
some of the limitations of earlier studies that fo-
cus on predicting disease progression and onset
even when limited to peripheral blood samples.
Measurementofβ-celldeathusingcell-freeDNA
(cfDNA) in sera is a new and evolving field. Ele-
vations of cfDNA levels can be measured in the
periphery in the transplant setting (Ventura-
Aguiar et al. 2022; Foda et al. 2023). Another
approach being investigated is to measure
changes in methylation patterns (methylone)
(Spector et al. 2023). Methylation changes in
cfDNA in T1D have been reported (Voss et al.
2021; Abdel-Karim et al. 2024; Drawshy et al.
2024), but these have not yet been robustly distin-
guished from chronic inflammation. Yet another
evolving omics field in T1D is the microbiome.
Early studies have suggested a role for the micro-
biome in T1D, glycemic control, and disease-
related complications (van Heck et al. 2022).

The EnvironmentalDeterminants ofDiabetes
intheYoung(TEDDY)consortiumisaprospective
cohort studyaimed at determining the genetic and
environmental interactions causingT1D (TEDDY
StudyGroup 2008). A recent transcriptomic study
with the TEDDY cohort analyzed longitudinal
blood transcriptomes of 2013 samples from 400
individuals before the development of both
T1D and islet autoimmunity (Xhonneux et al.

2021). These investigators identified age-associ-
ated changes in gene expression in healthy infancy
and age-independent changes tracking with pro-
gression to islet autoimmunity and T1D. Amodel
developedfromthesedatatopredict individualrisk
of T1Donset and the association of a natural killer
(NK) cell signaturewith progressionwas validated
with an independent cohort.

Another approach to transcriptomic studies
was demonstrated by a meta-analysis of multi-
ple previously published investigator-generated
transcriptomic data sets (Ochsner et al. 2022)
with the aim of generating testable hypotheses
around signaling pathway dysfunction in T1D.
These investigators repurposedandcombined17
data sets from the Gene Expression Omnibus
(GEO) database to interrogate gene expression
differences between T1D and normoglycemic
controls. Genes that were preferentially induced
or repressed inT1D immunecellswere identified
and validated against community benchmarks.
They then used these genes to infer and validate
signaling node networks regulating the expres-
sion of these gene sets. They further developed
use cases demonstrating how informed integra-
tion of these networks with complementary dig-
ital resources can be useful. The entire data ma-
trix was made available for unrestricted access
and reuse by the research community.
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Figure 1. Examples of omics integration into functional biomarkers in type 1 diabetes (T1D). Omics technologies
havebeenused todefine functional biomarkers inmanygeneticdiseases.Application to complexdiseases likeT1D
is in its early stages, with some examples shown.
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Proteomics research presents technological
challenges that have led the field, in general, to
lag behind transcriptomics research. Despite
these limitations, the TEDDY consortium re-
cently described a proteomics study that perhaps
came closer to developing usable progression
biomarkers than any transcriptomic study to
date (Nakayasu et al. 2023). This study used un-
targeted proteomics of 2252 samples from 184
individuals to identify 376 proteins regulated
even before autoimmunity. Additionally, they
found that extracellular matrix and antigen pre-
sentationproteinsweredifferentially regulated in
individuals who progressed to T1D compared
with those that remained in autoimmunity. Us-
ing targeted proteomics measurements, the in-
vestigators identified 167 proteins in 6426 sam-
ples from 990 individuals and validated 83 of
these biomarkers. Machine learning analysis of
these biomarkers accurately predicted whether
individuals would remain in autoimmunity or
develop T1D 6 months before autoantibody
appearance.

BIOLOGY LEARNED FROMOMICS
STUDIES IN T1D

Omics data can provide prognostic and response
biomarker signatures from which biological

function is beginning to be inferred. These bio-
logical findings from single omics data can then
be verified using more focused and functional
techniques. In this manner, some early clues
about the immunopathogenesis of T1D have
been revealed using omics in an unbiased man-
ner (Fig. 2). Forexample, a signature enriched for
B-cell-specific transcripts is present upon auto-
antibody conversion indicative of initiation of
autoimmunity (Xhonneux et al. 2021). In a re-
ciprocalmanner, B-cell signatureshave alsobeen
associated with kidney transplant tolerance
(Newell et al. 2010). Further studies are required
to better understand the functional role of B cells
in these settings. Concomitant with this T1D
B-cell signature are features that are associated
with the rate of disease progression. NK and
memoryCD4T-cell signatures increased prefer-
entially in HLADR4 individuals who developed
autoantibodies to insulinfirst and early in life. By
comparison, an early TNF-enriched monocyte
signature marked HLA DR3 individuals who
developed early autoantibodies to GADA first.
Single-cell studies measuring a more limited
number of features confirmed changes in cyto-
kine signaling, B-cell subsets, and NK function
with disease progression (for review, see Long
and Buckner 2022) offering evidence for genet-
ics, cytokine-, and cell-specific influence onT1D
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Figure2.Examplesofomicsused topredictoutcome in type1diabetes (T1D).Stable (boxes)anddynamic (arrows)
features are associated with slow or fast loss of insulin production over time. Shown are examples of functional
biomarkers identified using omics. INS and GADA AAb (autoantibody) first refer to the initial AAb in islet
autoimmunity.
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severity. In a related example, higher levels of a
neutrophil transcriptomic signature and lower
levels of a B-cell transcriptomic signature were
associated with slower progression in two com-
plementary studies comparing a large number of
placebo subjects from clinical trials (Dufort et al.
2019; Suomi et al. 2023). Together these individ-
ual studies demonstrate the potential of omics
discovery combined with focused studies, to
identify immune biomarkers that predict the
rate of disease progression.

Exploratoryomics studies ofT1D-associated
T-cell receptor (TCR) sequences have also un-
derscored the integral role ofT cells inT1Dpath-
ogenesis. TheTCRis comprisedmost commonly
of an α and β chain that both contain regions of
high sequence variability (complementarity de-
termining regions or CDRs). Sequence differ-
ences within the most variable of these regions
(CDR3) can serve as biomarkers for T-cell clo-
nality and have been most commonly studied
across TCR β chains (Jacobsen et al. 2017).
TCRs may be unique to one individual (private)
or shared across multiple individuals, either in
the general population or with T1D (public).
Since public TCRs are found in a larger segment
of thepopulation, theyaremore suitable for ther-
apeutic targets andbiomarker studies.More than
30publicTCRshavebeen identified todate in the
pancreas and peripheral blood of individuals
withT1D.SharedTCRβchains fromthesepublic
TCRs are increased in individuals with earlier
disease onset T1D (Mitchell et al. 2022, 2023),
offering candidate genomic biomarkers of dis-
ease progression with the caveat that these initial
studies were performed in genetically similar
cohorts.

Beyond these advances with TCR β-chain
sequencing, much remains to be determined
about TCR biology and its application as a pre-
dictive or prognostic biomarker. The specifici-
ties of most sequenced public TCRs remain un-
defined, many of which may also be useful for
biomarker studies. The usefulness of TCR α
chains is also poorly understoodwith the excep-
tion of recent studies that provide insight into
common islet reactivity of shared TCR se-
quences (Linsley et al. 2021a, 2023). In another
study, TCRs reactive to preproinsulin, a precur-

sor of secreted insulin, were found at a higher
proportion in T1D as compared to HLA-
matched healthy controls (Anderson et al.
2021). Thus, while in its infancy, TCR genomics
is beginning toofferclues about the specificityof
a finite number of shared T1D-associated TCR
sequences and, with additional studies and
deeper sampling, has the potential to be used
to predict early disease onset and severity.

OmicsstudiesofPDbiomarkers inthecontext
of immunotherapyofferclues as tohowandwhya
treatmentmaywork better in one individual than
another and the underlying immunopathology,
but this variability has also limited the discovery
of robust biomarkers common toallT1D individ-
uals. A recent review of treatment PD biomarkers
(Linsleyetal. 2021b)emphasized thepotentialuse
of PD biomarkers in personalized medicine. In
general, the signature and timing of PD biomark-
ers are specific to the treatment. However, when
looking across treatments, collectively, PD bio-
markers of better response indicate a role for cy-
tokine and cell-type-specific inflammation with
adaptivecellsplayingaprominentrole.Yet,achal-
lenge of these studies is that few associations with
response have been validated given the require-
ment to perform additional clinical trials. Two
notableexceptionsaresignaturesofT-cell exhaus-
tion and T-cell help that are associated with re-
sponse in multiple contexts discussed here in
detail.

EXHAUSTED CD8 T CELLS AS
A FUNCTIONAL BIOMARKER
OF BETTEROUTCOME IN T1D

Common features across autoimmune diseases
may limit disease progression, consistent with a
finite number of mechanisms of immune toler-
ance. Epigenetic and transcriptional signatures
define exhausted CD8 T cells (Tex) (Blank et al.
2019). In a hallmark study across multiple dis-
eases, a gene signature with features of Tex was
associated with slower autoimmune disease pro-
gression (McKinney et al. 2010, 2015). Thisfind-
ing laid theconceptual foundation for thediscov-
ery of signatures of Tex associated with better
outcomes in T1D.

S.A. Long and P.S. Linsley
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CD8 T-cell exhaustion is a unique lineage
that develops in a settingof chronic antigen stim-
ulationsuchascancerandchronicviral infection,
and more recently appreciated in autoimmunity
(McLane et al. 2019). InT1D, awholeblood tran-
scriptomic signature with features of Tex was in-
creased in responders to anti-CD3 therapy (Long
et al. 2016). This increase was confirmed in
additional trials using the T1D Tex-associated
EOMES, TIGIT, and KLRG1 cellular phenotype
(Herold et al. 2019; Mathieu et al. 2024). Given
thatTexwerenotoriginallycharacterized inT1D,
follow-up studies were performed to confirm the
tolerance-promoting function of these cells. The
CD8 T-cell signature was marked by transcrip-
tion factors and inhibitory receptors common to
Tex. Progressive loss of proinflammatory cyto-
kine production is a feature of Tex and this hypo-
responsiveness was augmented following thera-
py (Sims et al. 2021) and in vitro upon inhibitory
receptor ligation (Long et al. 2016). Thus, across
multiple studies, transcriptomics facilitated the
discovery and functional definition of Tex in the
context of anti-CD3 treatment in T1D.

Tex association with better outcome in T1D
is not restricted to anti-CD3 therapy.Higher lev-
els of a whole blood and CD8 T-cell transcrip-
tional signature of Tex following treatment with
LFA3-Ig, a fusion protein that binds CD2, also
associated with better response to therapy (Dig-
gins et al. 2021). As in the anti-CD3 studies, the
LFA3-IgTex-associated signaturewasconfirmed
to mark hyporesponsive cells expressing multi-
ple inhibitory receptors indicativeofTex.Beyond
the therapeutic setting, higher frequencies of
CD8Texwereassociatedwith slowerprogression
(McKinney et al. 2010, 2015; Wiedeman et al.
2020) and autoreactive T cells have been shown
to be restrained by increased exhaustion-associ-
ated inhibitory receptors (Wiedeman et al. 2020;
Grebinoski et al. 2022).While not as well under-
stood,CD4Tcells expressingmultiple inhibitory
receptors are also increased with T-cell therapy
(Rigby et al. 2015; Jacobsen et al. 2023), although
their function has not been well defined. Taken
together, these omics and functional studies sug-
gest that higher levels of T1D-associated Tex are
linked tobetter response toT-cell reduction ther-
apies in T1D.

FOLLICULAR HELPER TCELLS AS A
FUNCTIONAL BIOMARKEROFWORSE
OUTCOME IN T1D

Follicular helper T (TfH) cells are a specialized
subset of CD4 T cells that are essential for pro-
viding help to B cells (Song and Craft 2024). A
peripheral blood counterpart ofTfH, termed cir-
culating TfH (cTfH), are found in the peripheral
blood and share many features of TfH making
them a tractable biomarker in T1D. cTfH, de-
fined by a transcriptional signature and cytome-
try, were increased in at-risk and T1D subjects as
compared to healthy controls (Shao et al. 2020),
and higher levels of activated cTfH associated
with faster disease progression (Habib et al.
2019; Long and Buckner 2022). The primary
role of TfH is to interact with B cells and aberra-
tions in B cells are also associated with faster
disease progression (Smith et al. 2020). Thus,
the TfH B-cell axis may be critical in driving
more severe disease. CTLA4Ig treatment blocks
the TfH B cells interaction, and TpH levels at the
timeof treatmentwere foundtopredictbeneficial
response to therapy in recent-onsetT1D individ-
uals (Edner et al. 2020). In contrast, the expan-
sion of B cells following therapy marks poor re-
sponse to CTLA4Ig (Linsley et al. 2019b). This is
consistent with TfH being increased early in the
disease and associated withmore severe autoim-
munity in general (Walker 2022).Thus,TfHcells
have a unique signature that associates with
worse outcome in T1D and autoimmunity
more broadly.

CD8 Tex and TfH have opposing associa-
tionswith outcome inT1D, yet they share several
features (Fig. 3). Both Tex and TfH development
are multistage processes (Walker 2022). These
processes lead to appreciable heterogeneity with
thepotential formultiple factors to influenceTex
and TfH-cell subsets over the course of T1D. Be-
yondT1D, both cell subsets have been associated
with outcome in cancer. However, in contrast to
autoimmunity, TfH are beneficial in cancer (Cui
et al. 2023) while increased Tex are associated
with worse tumor clearance (McLane et al.
2019). This dichotomy in Tex and Tfh function
in T1D is also exemplified with cancer therapy.
Many cancers can be successfully treated with

Omics in T1D
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inhibitory checkpoint blockade (ICB) thought to
deplete or antagonize Tex. However, autoimmu-
nity may occur as an immune-related adverse
event (irAE) of ICB treatment, sometimes in-
cluding T1D (Dougan and Pietropaolo 2020)
and TfH (Lechner et al. 2023). Thus, multi-
pronged evidence supports the interpretation
that CD8 Tex and CD4 TfH are associated with
outcome in T1D, cancer, and irAEs, but in a re-
ciprocal manner. With additional validation,
changes in the abundance of these cell types
may serve as biomarkers of disease progression
and response.

CONCLUDING REMARKS

Direct autoantibody and serum biomarkers
linked to insulin production are the foundation
of disease staging of T1D (Insel et al. 2015). This
staging ultimately led to the first FDA-approved

therapy for thepreventionofT1D(Hirsch 2023).
Functional biomarkers differ from direct bio-
markers in that they provide insight into the im-
munopathologyofT1D.Translationof function-
al biomarkers is in its infancy, but it holds
promise to determine who will progress more
quickly and whowill respond towhat treatment.
Functional biomarkers identified to date in T1D
have primarily been transcriptional. However,
new single-cell technologies using a range of
omics and improved computational analyses
are already beginning to expand the number
and type of functional biomarkers in T1D in-
cluding new multimodal approaches. These ap-
proaches will be further advanced with the inte-
gration of current and future large data sets and
the use of artificial intelligence (AI)-driven anal-
yses. Given the speed of advances in omics tech-
niques and analyses and increased collaborative
efforts in the field of T1D, the hope is that omics
will enable personalized medicine for complex
diseases like T1D in the near future.
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