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Autoimmune-mediated destruction of pancreatic islet f§ cells results in type 1 diabetes (T1D).
Serum islet autoantibodies usually develop in genetically susceptible individuals in early childhood
before T1D onset, with multiple islet autoantibodies predicting diabetes development. However,
most at-risk children remain islet-antibody negative, and no test currently identifies those likely
to seroconvert. We sought a genomic signature predicting seroconversion risk by integrating
longitudinal peripheral blood gene expression profiles collected in high-risk children included

in the BABYDIET and DIPP cohorts, of whom 50 seroconverted. Subjects were followed for 10
years to determine time of seroconversion. Any cohort effect and the time of seroconversion

were corrected to uncover genes differentially expressed (DE) in seroconverting children. Gene
expression signatures associated with seroconversion were evident during the first year of life,
with 67 DE genes identified in seroconverting children relative to those remaining antibody
negative. These genes contribute to T cell-, DC-, and B cell-related immune responses. Near-birth
expression of ADCY9, PTCH1, MEX3B, IL15RA, ZNF714, TENM1, and PLEKHAS, along with HLA risk
score predicted seroconversion (AUC 0.85). The ubiquitin-proteasome pathway linked DE genes
and T1D susceptibility genes. Therefore, a gene expression signature in infancy predicts risk of
seroconversion. Ubiquitination may play a mechanistic role in diabetes progression.

Introduction

Type 1 diabetes (T1D) results from autoimmune-mediated destruction and dysfunction of insulin-pro-
ducing pancreatic f cells (1). Prior to the onset of T1D, genetically susceptible individuals develop islet
autoantibodies, often during the first few years of life. Almost all individuals who develop multiple islet
autoantibodies will progress to diabetes (2). The increasing incidence of T1D, and the fact that only a small
proportion of genetically at-risk individuals develop autoantibodies and progress to clinical diabetes (3),
highlights the important contribution of environmental factors. Despite intensive research, the gene-envi-
ronment interactions that trigger progression to T1D are poorly understood.

There is currently no test to predict which genetically susceptible children are likely to become islet anti-
body positive (ABP). Improved methods to identify which at-risk individuals will progress to diabetes and
the tempo of [ cell destruction will be crucial to select subjects for future primary and secondary prevention
trials (4-6). Data from T cell readouts, metabolomic profiles, serum analytes, and gene expression have the
potential to contribute novel insights into mechanisms underlying disease progression (4, 7-11). In particular,
gene expression profiling provides a global picture of cellular events under different physiological conditions.
However, few studies have measured temporal changes in gene expression in individuals at risk of T1D. The
German BABYDIET (12) and the Finnish T1D prediction and prevention (DIPP) (13) studies have collected
longitudinal gene expression profiles in children at risk of T1D, making this approach possible.
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Conventional differential gene expression analysis either categorizes data into different groups or com-
pares gene expression at a specific time point. The former method ignores changes over time within each
category, whereas the latter approach assumes that gene expression in subjects of a similar age will be com-
parable. Because individuals at risk of T1D develop autoimmunity and insulin deficiency at different rates,
the timing of seroconversion and progression to T1D varies. Previously, when longitudinal microarray data
from BABYDIET were interrogated for differential expression of predefined IFN genes, expression of type
1 IFN genes was transiently increased before seroconversion (12). In the DIPP study, the longitudinal data
were aligned relative to seroconversion and then divided into groups for pseudotemporal differential gene
expression analyses in progressors to T1D, averaging all data in each group, and thus disregarding most of
the time points (13). Nonetheless, in DIPP, differentially expressed (DE) genes associated with type I IFN
were again identified in seropositive children progressing to T1D. However, potentially novel mechanistic
insights may be gained by also considering the tempo of disease progression after correcting gene expres-
sion for an established marker of autoimmunity, such as seroconversion. In the current study, we combined
longitudinal gene expression data available from 2 studies, BABYDIET and DIPP, combining children at
high genetic risk of seroconversion and corrected the longitudinal gene expression data for time of serocon-
version. Gene expression and clinical data were then integrated in a logistic regression model to identify
DE genes and predict risk of seroconversion.

Results

Combination of longitudinal data and correction for time of seroconversion. We combined gene expression data
from 2 longitudinal cohorts of children at high genetic risk of T1D development. BABYDIET is a German
dietary intervention trial that examined the effect of delayed gluten exposure on the development of islet
autoimmunity in infants with at least 2 first-degree relatives with T1D, or infants with a high-risk HLA-
DR/DQ haplotype. The Finnish DIPP study intensively monitored infants with HLA-DQ susceptibility to
T1D from birth until the age of 15 years. In BABYDIET, 68% of data points for seroconvertors were sam-
pled before seroconversion, while in DIPP, 83% of data points were sampled after seroconversion. Gene
expression was lower overall in DIPP than in BABYDIET due to methodological differences, therefore
leading to systematic variation between the 2 cohorts. Batch effect correction was performed as described in
Supplemental Figure 1 (supplemental material available online with this article; https://doi.org/10.1172/
jci.insight.98212DS1) to combine these data sets, followed by further gene expression data correction rela-
tive to the time of seroconversion, with the antibody-negative group corrected relative to the time of mean
seroconversion in the antibody-positive group. After data processing, 46% of data points were sampled
before and 54% after seroconversion. To assess the impact of changing cell frequencies in whole blood over
time, we used a computational deconvolution approach on the gene expression data using CIBERSORT
(14). CIBERSORT was trained on whole blood data; therefore, we specifically investigated the cell-specific
frequencies of seroconvertors and nonseroconvertors in the DIPP cohort, in which whole blood data were
available. We observed that cell-specific frequencies remained stable over time and did not differ between
nonseroconvertors and seroconvertors (Supplemental Figure 2).

Differential gene expression followed by sensitivity analyses uncovered 67 DE genes. We performed a differential
gene expression analysis on all 17,000 genes with a linear model (see Methods) to identify genes with signif-
icant differential expression between groups (grp), or between groups over time (t:grp interaction). A total
of 110 genes were declared statistically significant, representing either a grp and/or t:grp effect. To remove
any bias in our analysis that may result from differences in clinical characteristics between the 2 groups,
we performed sensitivity analyses, where we randomly permuted samples containing 110 genes with equal
numbers of subjects matching either sex, HLA-risk status, or time points (Supplemental Table 1, using
10,000 permutations) and assessed their differential expression. Genes that remained significant more than
90% of the time after matching were selected (Supplemental Table 1), leading to a filtered list of 67 gene
candidates (Supplemental Table 2).

Disruption of coordinated gene expression in seroconvertors. Semisupervised hierarchical clustering of the 67
DE genes is shown in Figure 1, in which the longitudinal gene profiles were modeled using local polynomi-
al regression models (see Methods). Patients who remained antibody negative (ABN) showed a coordinat-
ed switch in gene expression between approximately 6 and 18 months of age, which was not clearly evident
in children who seroconverted. A number of genes had markedly different expression profiles in nonsero-
convertors and seroconvertors during the first 2 years after birth. Some genes initially showed increased
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Figure 1. Integrating longitudinal gene expression data from BABYDIET and DIPP cohorts for differential gene expression analyses. LOESS fitting-based
heatmaps of nonseroconvertors (ABN) and seroconvertors (ABP) after differential gene expression analysis. The point “0 months” in nonseroconvertors
represents the mean time of ABP seroconversion and, in seroconvertors, represents the actual time of ABP seroconversion.
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expression in the nonseroconvertors relative to the seroconvertors (e.g., CLDNI, ADAMTS10, RNF122,
PLEKHAS5, MEX3B, HEY2, PGM2L1, KRT73, and SPRYI), while other genes were initially downregulat-
ed in the nonseroconvertors relative to the seroconvertors (e.g., PTCHI, APOL3, ZNF714, ADRB2, PER3,
IL15RA, MICA, ACVRIC, SLC25A4). For other genes, although the pattern of gene expression over time
was qualitatively similar in the 2 groups, the transition occurred later and sometimes after the development
of autoantibodies in the seroconvertors (e.g., NEOI, EOGT, MCOLN2, AGAPI, SYDE2, ZMAT4, DACH],
TENM1, PDE7B). Overall, the data revealed a coordinated switch in gene expression before the average age
of seroconversion in children who remained ABN, which was delayed or disrupted in children who devel-
oped autoantibodies. While 59 of 67 genes significantly differed with age in nonseroconvertors, only the
neonatal developmental gene NEO! was significantly affected by age if seroconvertors were aligned relative
to the time of mean seroconversion (Supplemental Table 3).

Seven DE genes in the first year of life and HLA score predict seroconversion. Given that the mean age of sero-
conversion was 2.59 years, we reasoned that DE genes close to birth might identify subjects most likely to
develop autoimmunity. We included all subjects with gene expression data available in the first year and
considered the time point closest to birth. Gene expression data were available during the first year for 25
children who did seroconvert and 67 children who did not seroconvert by the age of 10 (Figure 2A). A
power analysis (15) for a survival analysis determined that such a sample size of 92 individuals in this data
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Figure 2. Predicting seroconversion using at/near birth gene expression and clinical data. (A) Number of seroconvertors with at least a single clinic

visit by age 1(n = 25). A cumulative distribution of seroconversion is shown. Step-wise (backward) logistic regression models uncover (B) seroconversion
features. Variables that predicted seroconversion were ADCY9, PTCH1, MEX3B, IL15RA, ZNF714, TENM1, PLEKHA5, and HLA score. Receiver operator char-
acteristic curve (ROC), area under ROC (AUC), and Akaike information criterion (AIC) are shown for the prediction model. The shaded circle represents the
probability threshold from the logistic regression model (0.233) for a sensitivity and specificity above 80%. (C) Survival curve for the prediction model with
34 subjects stratified as predicted seroconvertors (green) and 58 as predicted nonseroconvertors (red) using the same probability threshold.

set would reach a statistical power of 95% to detect DE genes at/near birth (significance level set to P <
0.05, Supplemental Figure 3). To determine whether near-birth DE genes could help predict future sero-
conversion, we applied a random forest algorithm to uncover the 20 most informative DE genes related to
seroconversion prediction (Supplemental Figure 4). We manually added 3 clinical variables (age, sex, and
HLA score), as these are known to influence the risk of seroconversion (2), and then applied a step-wise
logistic regression model containing these 23 variables to identify features associated with the risk of sero-
conversion. A final logistic regression model with 8 features (ADCY9, PTCHI, MEX3B, IL15RA, ZNF714,
TENM]I, PLEKHAS, and HLA score) accurately predicted seroconversion (Figure 2B; AUC = (.85, using
leave-one-out cross validation). The logistic regression threshold (probability = 0.233, shaded circle in Fig-
ure 2B) yielded sensitivity and specificity of >80%. We used this threshold to stratify subjects into predicted
seroconvertors and predicted nonseroconvertors. A Kaplan-Meier curve (Figure 2C) demonstrated that the
logistic regression model stratified risk of seroconversion (P =7.6 x 10-%). These results indicate that relative
gene expression during the first year may be used to predict seroconversion by age 10.

Carriage of high risk HLA (DR3/4) and sharing of identical haplotypes with siblings has been shown
to confer extreme risk of islet antibody development during childhood (16). Furthermore, testing chil-
dren with high-risk HLA (17) multiple times during childhood identified individuals with multiple islet
antibodies and high rate of progression to T1D (18). To determine the influence of HLA score on risk of
seroconversion, we first assessed the contribution of the 7 genes predicting seroconversion at birth without
HLA score information in a new logistic regression model. The 7 genes alone predicted seroconversion
with an AUC of 0.81 (Supplemental Figure 5). In contrast, the contribution of HLA score only to predict
seroconversion led to an AUC of 0.43. These results indicate that these 7 genes contribute significantly
to the risk of seroconversion, while HLA score had a reduced but independent effect, thus improving the
model’s classification accuracy.

The ubiquitin-proteasome pathway links DE genes in seroconvertors and TID susceptibility genes. To fur-
ther understand the functional pathways associated with these genes, we built a protein-protein inter-
action (PPI) network using the BioGRID database (https://thebiogrid.org/) to identify seed pro-
teins (DE genes) and their first-degree interacting proteins, which are connected to more than one seed
protein. Forty of the 67 DE genes (60%) encoded proteins that shared at least 1 common neighbor,
forming an interconnected PPI network (DE-PPI network, Figure 3). The functional enrichment analysis
indicated that ubiquitin-dependent protein degradation was the most significantly enriched functional cat-
egory in the DE-PPI network (Fisher’s exact test, P value corrected with Bonferroni step down = 4 x 10
Supplemental Table 4). The main local hub in the DE-PPI network was NEDD4, which is an important
enzyme in the ubiquitin-proteasome pathway. We then investigated whether the DE-PPI network is associ-
ated with T1D susceptibility genes previously identified in a genome-wide association study (T1D-GWAS)
and publicly available at ImmunoBase (http://www.immunobase.org). We found that 31 T1D-GWAS
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Figure 3. Protein-protein interaction network linking the products of differentially expressed genes in blood with T1D susceptibility region candidate genes.
Interactions between T1D susceptibility region gene products obtained through GWAS studies (blue) and differentially expressed gene products (red) are shown.

genes formed another PPI network (T1D-GWAS PPI network; Figure 3). Remarkably, NEDD4 appeared
to be a central hub linking T1D susceptibility genes and DE genes, directly interacting with DE genes
PTCHI, PLEKHAS5, MEX3B, and ADCY9Y (Figure 4B), and 2 T1D susceptibility genes, ERBB3 and GLIS3
(Figure 4A). These data suggest an important role for NEDD4 regulation of the ubiquitin-proteasome
pathway during T1D development (19).

Immune enrichment analysis. We undertook gene set enrichment analysis (GSEA) of the 67 DE genes,
using the Broad Institute’s collection of immunological signatures (20, 21). Each gene set module was man-
ually annotated with the pathway in which these genes are involved. Then, pathway enrichment sorting
based on the number of gene set modules was performed (Table 1 and Supplemental Table 5). More than
half of these modules were related to DC and T cell function. The top hits included genes involved in T cell
activation (containing 30 gene set modules and involving 43 DE genes), naive CD8 T cell development and
function (17 gene set modules and 26 DE genes), and thymocyte development (16 gene set modules and 31
DE genes). Genes involved in TLR signaling in DCs and naive B cell genes (containing 16 gene set modules
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Figure 4. Protein-protein interacti

ADCY9

on network linking DE genes with T1D susceptibility region candidate genes identifies NEDD4 as a central hub. (A)

NEDDA4 directly interacts with 2 T1D susceptibility genes, ERBB3 and GLIS3. (B) NEDD4 serves as a central hub for 4 (PTCH1, PLEKHAS5, MEX3B, ADCY39) of
the 7 genes that predict seroconversion.

involving 26 genes and 9 gene set modules involving 14 DE genes, respectively) — and several classical
inflammatory mediator pathways, including the type I and type II IFN responses, the viral RNA response,
and the pathogen response — were also enriched.

Connectivity maps to discover drugs with the potential to prevent seroconversion. Connectivity maps can estab-
lish functional relationships between genes, drugs, and diseases, using reference gene-expression profiles
from human cancer cell lines treated with US Food and Drug Administration—approved (FDA-approved)
drugs (22, 23). We examined drugs that could potentially promote gene expression signatures similar to
those seen in children who remained seronegative. We therefore used the LOESS-fitted, near-birth expres-
sion of DE genes of nonseroconvertors as the ideal reference profile. Drugs shown in Table 2 induced an
expression signature of DE genes correlated with nonseroconversion, with an FDR < 0.01. Some drugs
induced expression changes in multiple genes; for example, the COX-2 inhibitor Methyl [5-methylsulfo-
nyl-1-(4-chlorobenzyl)-1H-2-indolyl]carboxylate altered the expression of 10 DE genes. Notably, a number
of drugs (marked with an asterix) have previously been predicted to prevent or delay T1D in NOD mice
and human subjects (22). Others may represent novel potential therapeutics in subjects at risk of T1D.

Discussion
Inherited factors are important determinants of an individual’s risk of developing T1D. However, the fact that
>90% of children with an increased genetic risk remain ABN highlights the crucial role of gene-environment
interactions. Very few studies have measured temporal changes in gene expression in individuals at risk of
T1D. In general, differential gene expression analyses have not corrected for the timing of seroconversion and
progression to T1D for each subject individually (24). Additionally, no attempts have been made to integrate
large-scale gene expression data from cohorts of children at risk for T1D, which may help to uncover broadly
applicable genetic signatures. By comparing longitudinal gene expression during the first 2 years in at-risk
children, we identified genetic signatures that predict seroconversion and may provide important mechanis-
tic insights. In particular ubiquitin-dependent protein degradation, during a critical period of development,
appears to influence the onset of islet autoimmunity.

The mean age of seroconversion for the 2 combined cohorts included in this study was 2.59 years. Gene
expression signatures associated with seroconversion were evident during the first 2 years of life, supporting
the hypothesis that factors contributing to the onset of autoimmunity in the course of T1D development

insight.jci.org  https://doi.org/10.1172/jci.insight.98212 6


https://doi.org/10.1172/jci.insight.98212

RESEARCH ARTICLE

Table 1. GSEA to uncover pathways

GSEA pathway

T cell activation

Naive CD8 T cell genes
Thymocyte development
TLR signaling in DCs
Pathogen response
Genes down regulated in
Foxp3* T cells
Macrophage differentiation
Memory CD4 T cell genes
Naive B cell genes

Type I IFN response

B cell lineage

Naive CD4 T cell genes
Memory CD8 T cell genes
Viral response

TLR signaling in
macrophages

CD4 T cell lineage

IFN-y response
ILl-4-induced genes

Number of gene set modules

Number of genes involved Padi (false discovery rate) Fold enrichment

30 43 3.317e-09 2.379
17 26 1.08 x 10°® 2.912
16 31 4.853 x10°® 2.906
16 26 1.318 x 10 2.543
15 32 7.284 x 1079 3.089
15 28 1.001 x 107 3.091
10 24 4.72 x107 3.314
10 23 5.823 x107 3.394
9 14 0.001965 2.657
9 25 3.317x10°° 4.29
8 23 8.672 x10°° 4.379
7 13 0.001038 3.033
7 15 0.0006548 2.901
7 16 0.0002756 2.997
6 15 0.0001772 3.301
6 12 0.002486 2.854
5 14 4.024 x10°° 4.028
5 15 1.63 x10°° 4.076

GSEA pathways were manually annotated to perform enrichment analysis. Pathways with > 5 gene set modules are shown.

insight.jci.org

are operating during infancy. Indeed, the coordinated transition of DE genes during the first year of life
in children who remained seronegative appeared to be disrupted in children who seroconverted. Not sur-
prisingly, many of the DE genes were associated with innate or adaptive immune function. Zinc finger and
BTB domain containing 32 (ZBTB32), which is highly expressed in lymph nodes and regulates T helper cell
activation, was upregulated in the blood of seroconvertors during the first year. TLR3 and IL-15 receptor
subunit a (IL15RA), which increase NF-kB signaling—mediated immune activation and promote memory
T cell differentiation, respectively, were downregulated in blood of nonseroconvertors during the first year.
A recent temporal study of antigen-responsive CD4* T cells in children from the BABYDIET cohort also
identified the development of T cell memory concomitant with autoantibody development (25). Patched 1
(PTCHI), which was upregulated in blood of seroconverters over time, is required for development of the
T and B lymphoid lineages (26). Some of the DE genes are known to be important coordinators of diverse
developmental processes (e.g., Sprouty RTK signaling antagonist 1 [SPRYI)]), and although likely to have
important functions in circulating immune cell populations, their specific functions are still to be elucidated
(25). Adrenoreceptor § 2 (ADRB2) and adenylate cyclase 9 (ADCY9) gene expression data further suggest
that 3 adrenergic signaling pathways may also differentiate children who are likely to seroconvert.
Ubiquitin and ubiquitin-like modifications are increasingly recognized as key regulatory events in health
and disease (27). The DE gene signature and PPI network suggests that altered ubiquitination may play
an important role in determining the development of autoimmunity. It has previously been reported that
ubiquitination modulates NF-«kB signaling, which in turn determines DC differentiation and maturation
(28, 29). Indeed, increased levels of NF-kxB DNA binding in DCs has been shown in both subjects with
T1D and nonobese diabetic mice, highlighting the importance of NF-«B signaling (30, 31). NEDD4 is an
E3 ubiquitin ligase that was found to promote activation of naive T cells in mice by degrading Cbl-b (32).
In muscle cells, NEDD4 suppressed Notch1 (33), which facilitates TGF-f—mediated Treg function (34, 35).
In this regard, it is of interest that NEDD4 was differentially overexpressed in blood around the time of
seroconversion in children developing islet autoantibodies. The transmembrane protein neural precursor cell
expressed NEDD4 family interacting protein 1 (NDFIP1) binds and activates NEDD4 family E3 ubiquitin
ligases (36). In mice, silencing Ndfipl inhibited cytokine-mediated P cell apoptosis by reducing ER stress
(37), again highlighting the importance of NEDD4. The specific importance of altered ubiquitination in
T1D is highlighted by a recent comparison of gene expression signatures in 6 different autoimmune diseases.
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Table 2. Connectivity map of DE genes predicted to correlate with expression in non seroconvertors after exposure to drugs

Set
83

125
102
233

98
100
130

53
147
103
131

22
15
nz
166
19

23

124
24
47
30

29

P

adj

2.4 x10™

2.3x107°
5.5x 10
7.0 x10°®

1.2x10°
1.2x10°
1.2x10°
5.4 x10°
9.6 x10°®
5.0 x10™*
5.0 x 10
6.5x10*
6.5x10*
9.5x10™
9.7 x 10
14 x 1073
1.9 x 103
2.0x1073

2.2x1073
2.5x107
2.5x103
5.8 x1073

1.2 x 107

Compound Dose (M) Genes
monorden 1.5x107 TMEM30B, ZBTB38, NEOT,
CAMK2N1, SOATT
Atroglitazone 1.0x10° SPG20, NEOT, PER3
(R)-(+)-trans-N-(4-Pyridyl)-4-(1-aminoethyl)-cyclohexanecarboxamide ~ 3.0 x10°° SPG20, PER3
AMethyl [5-methylsulfonyl-1-(4-chlorobenzyl)-TH-2-indolyl]carboxylate 1.0 x10°  IGF2BP3, TSHZ2, SPG20, AFF2,
ASIC1, NDNF, AMAT4, RNF122,
DCHST, ITM2A
prazosin 1.0x10° NEOT1, PER3
pyrvinium 1.3 x10°® NEOT1, PER3
tyrphostin AG-825 2.5x10°° NEOT1, PER3
demecolcine 1.2x10° PDE7B, NEO1
Awortmannin 1.0x10° SPG20, NEOT, ENPP3, PER3
resveratrol 1.0x10° PER3
Avalproic acid 5.0x10° PER3
(-)-catechin 11x10°° PDE7B, NEO1, ENPP3, PER3
2-benzoyl-1,4-phenylene bis(4-bromo-3-nitrobenzoate) 7.0x10° PDE7B, NEOT, ENPP3, PER3
topiramate 3.0x10°® ZNF532
tretinoin 1.0x10° NR3C2
Asodium phenylbutyrate 1.0x10* 50X4
Atrichostatin A 1.0 x 107 APOL2, PDE7B, PER3, ITM2A
2-chloro-N-(2-nitrophenyl)-5- 1.2x10°® SPRY1, SPG20, PDE7B, NEO1,
(1-piperidinylsulfonyl)benzamide ENPP3, PER3
trifluoperazine 1.0x10° ITM2A
2-hydroxy-3-methoxybenzaldehyde 2-pyridinylhydrazone 2.5x10°° PDE7B
clotrimazole 5.0x10° PDE7B
4-nitrophenyl (1,3-dioxo-1,3-dihydro-2H-isoindol-2-yl)acetate 1.5x10° PDE7B, NEO1, ENPP3, RIC3,
CLDNT, CACNA2D2
4-methyl-2-oxo0-2H-chromen-7-yl ([3-(2,3-dihydro 1.0x10°° NEOT1

-1,4-benzodioxin-6-yl)-2-methyl-4-oxo4H-chromen-7-yl]oxy)acetate

Compounds marked * were previously predicted to be associated with T1D.

insight.jci.org

Although some gene expression signatures were common to all diseases, alterations in the ubiquitination
pathway were only evident in subjects with T1D (38). Such observations would require extensive further
experimental validation in children at risk of progressing to T1D.

An analysis of the immune gene set modules associated with the DE genes showed that some are
involved in B cell-related activities. This is not surprising, considering that our analysis focused on
seroconversion to islet antibody positivity. We found that expression of the SOX4 transcription factor,
which was associated with early onset of autoimmunity, was enriched in 50 immune gene sets. SOX4
belongs to a group of important transcriptional regulators involved in a number of developmental pro-
cesses, including formation of the endocrine pancreas (39). Mutations in SOX4 resulted in reduced
insulin secretion and impaired glucose tolerance (40). Furthermore, expression of SOX4 in pro-B cells
was linked to their survival (41).

The ability to identify which at-risk children are unlikely to develop autoimmunity would be of signif-
icant benefit to families, obviating the need for regular screening. In addition, information related to gene
expression in infancy would allow improved selection of at-risk subjects for future intervention trials and
provide a useful endpoint to assess therapeutic responses. A linear regression model based on near-birth
expression of the 67 DE genes identified 7 genes (ADCY9, PTCHI, MEX38, ILI5SRA, ZNF714, TENM]I, and
PLEKHAS5) and HLA score as predictive of seroconversion within the first 10 years, with an AUC of 0.85
and AIC of 79.6. In practice, T1D-associated HLA high-risk genes could be used in a prospective study to
preselect children for further screening based on a combination of the DE genes identified.

Preventing autoimmunity in high-risk infants remains a considerable challenge, and improved pre-
diction models would represent an important step forward. The connectivity map provides a strategy
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to select approved therapeutic agents predicted to promote gene expression signatures resembling those
in infants who remain seronegative. Such agents could be repurposed or used to develop new thera-
peutic strategies for future prevention of diabetes in high-risk children. Twenty-three potentially novel
drugs were identified, and the capacity of drugs such as trichostatin A and sodium phenylbutyrate to
modulate autoimmunity, diabetes onset, or insulin metabolism has previously been suggested (22, 42,
43). The top hit was monorden (radicicol), which inhibits heat shock protein 90 (Hsp90), a molecular
chaperone responsible for polypeptide maturation, rematuration, and folding of denatured proteins
(44). Hsp90 is upregulated in response to pancreatic B cell stress in T1D (45, 46). Inhibitors of Hsp90
promote ubiquitin-proteasome—mediated degradation of their protein substrates, block NF-kB activity,
and interfere with MHC class II-mediated islet antigen presentation (44, 47, 48). Sodium phenylbutyr-
ate has also been shown to reduce ER stress and to alleviate insulin resistance and  cell dysfunction
in humans (43). The current data provide a framework for further validation and therapeutic mapping
toward primary prevention trials.

The sophisticated statistical analyses that we performed to combine these longitudinal gene expression
studies from 2 separate cohorts may raise some caveats. Batch effect correction adjusted for differences in
sample collection, processing, gene expression assessment, and cohort variability, in addition to time cor-
rection. Our sensitivity analyses suggest that those corrections were effective; however, further study will be
needed to fully assess some potential unknown confounders that may remain in our analyses. Furthermore,
we focused on seroconversion, as defined by the appearance of a single autoantibody without information
on antibody specificity or progression to multiple antibody positivity. Notably, 34 of the 50 children who
developed a single serum autoantibody were later diagnosed with T1D; thus, it would be of interest to
study whether a similar DE gene profile and HLA risk score near birth also predicts seropositivity for mul-
tiple autoantibodies. There are also limitations associated with using a bioinformatics approach to assess
gene expression data. For genes with similar functions, posttranscriptional regulation may affect protein
expression and function, particularly since the ubiquitin-proteasome pathway is implicated (49-52). Con-
versely, genes with similar expression profiles may not have similar functions (53).

Previous studies on cord and peripheral blood of infants, together with the current results, suggest
that the autoimmune trajectory to T1D is set very early in life, associated with fundamental alterations in
immune function and metabolism. This observation has profound implications. The gene expression sig-
nature in early infancy predicts risk of seroconversion and could be used to stratify subjects for surveillance
or clinical trials. Moreover, the signature suggests that ubiquitin-dependent protein degradation may play
an important role in the development of islet autoimmunity. Finally, the identified gene expression pattern
is potentially correctable, and the gene expression signature could be used to monitor the impact of envi-
ronmental influences on mothers and babies or the efficacy of therapeutic interventions in clinical trials.

Methods

Study design and patient characteristics

The longitudinal microarray data of peripheral blood mononuclear cells (PBMC) from 109 children in the
BABYDIET cohort (454 longitudinal microarray experiments) were taken from ArrayExpress database
(http://www.ebi.ac.uk/arrayexpress/experiments/E-MTAB-1724/). The clinical features used were age,
sex, HLA status, whether a sibling had T1D, and time of seroconversion. The samples were divided into
ABP (n = 22) and ABN (n = 87) groups. Twelve of the 22 ABP infants progressed to T1D. Further details
of this study including PBMC preparation, RNA isolation, cDNA synthesis, and microarray hybridization
are available as published (12).

Longitudinal whole blood microarray data are available for 58 children in the DIPP cohort (356 longi-
tudinal microarray experiments) accessible through Gene Expression Omnibus (GEO) SuperSeries access
number GSE30211 (http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE30211). The clinical fea-
tures used in this research were age, sex, HLA status, whether a sibling had T1D, and time of seroconver-
sion. Twenty-eight subjects who seroconverted (22 progressed to T1D) were matched (date and place of
birth, sex, HLA-DQ genotype) with 30 ABN subjects. Further experimental details including whole blood
preparation and microarray hybridization are available as published (13). We performed computational
deconvolution using CIBERSORT (https://cibersort.stanford.edu/) to access the impact of changing cell
frequencies in whole blood from the DIPP cohort.
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Combined BABYDIET and DIPP cohorts included 92 subjects (25 seroconvertors and 67 nonserocon-
vertors) with data available from at least a single microarray data during the first year of life. The power
analysis on the first year microarray data was performed using samr package in R (15) to establish the statis-
tical power required to uncover DE genes at or near birth.

We classified subjects as high risk (HLA score = 3) if 1 allele was HLA-DR3 and the other DR4,
or — in the absence of HLA-DR typing — carriage of both HLA-DQB1*0201 and *0302. Subjects were
classified medium risk (HLA score = 2) if he or she were HLA-DR3 or DR4 homozygous, 1 allele was
HLA-DR-3/4 and the other HLA-DRX, or a single allele was HLA-DQB1*0201 or *0302. All remaining
subjects were classified low risk (HLA score = 1).

Statistics

Microarray batch correction and longitudinal alignment relative to seroconversion. Affymetrix microarray data
from DIPP and BABYDIET cohorts were combined to increase the statistical power for data analyses. The
cohort effect was corrected using the removebatchEffect function in Limma package in R. Longitudinal
microarray data were aligned relative to seroconversion. Specifically, for each sample, age at seroconversion
was subtracted from age at RNA isolation. For the ABN group, age of mean seroconversion (in ABP) was
subtracted from the age of RNA isolation.

Computational analysis of gene clusters, functional pathways, and PPI networks

Data mining. The PPI network was constructed using DE genes as “seeds” and their first-degree—interacting
neighbors. The PPI data were retrieved from the BioGRID database (version 3.4.136) (54). For statistical
analysis of PPI networks, we used a published computational method (55) to measure 3 structural proper-
ties of PPI networks: average shortest path length, clustering coefficient, and density (normalized average
degree). We tested whether the distributions of these structural properties were similar between DE-PPI
and random PPI networks. Nonparametric Kolmogorov-Smirnov test was used to determine statistical sig-
nificance of structural differences between DE-PPI networks and random PPI networks (null hypothesis).
Network visualization and annotation were performed using Cytoscape (56). ClueGo (57) was used to find
functional pathways enriched in the DE-PPI network based on the Gene Ontology database (58).

We also built a PPI network for T1D susceptibility genes previously identified in a GWAS and taken
from the immunobase database (https://www.immunobase.org/). For DE analysis during the first 5 years
of life, we fitted a linear model as a function of cohort, time, group, and time/group interactions as shown
in the equation below. A window of 10 years was used to perform differential gene expression analysis
after time correction. A total of 147 subjects fell into this window: DE, =t + grp + t:grp + cohort, where
DE, represents differential expression of i™ gene, t represents the corrected time, grp is the data groups
seroconvertors (ABP) and nonseroconvertors (ABN), t:grp represents time and group interactions, and
cohort represents the cohort effect. We calculated a P value using F-statistics and further examined the
FDR using the Benjamini-Hochberg correction. For our analyses, we filtered all genes with corrected P
values for grp or t:grp < 0.05 and P values for cohort > 0.05 to exclude a cohort effect. The linear model,
including significance tests, was performed using R (http://cran.r-project.org/).

The number and timing of microarray samples were not consistent for each individual subject.
Some subjects in the cohort had a single time point measurement, whereas others had up to 12 time
point measurements. To visualize gene expression profiles over time during the first 5 years, we used
local polynomial regression models (LOESS) to obtain fitted values of DE genes for subjects over time.
Such models help guard against deviant points due to oversampling and summarize and extrapolate
time points across all individuals (3). We then generated heatmaps using the heatmap.2 function avail-
able in gplots library of R. The heatmap shows dendrograms by performing semisupervised hierarchical
clustering, whereby gene expression on the y axis was clustered according to the Eculidian distance and
Ward linkage, and time on the x axis was ordered. The heatmap visualizes the change of gene expres-
sion data relative to time of seroconversion.

GSEA of immunological signatures

To interpret gene expression data, the Broad Institute’s GSEA was used to perform GSEA of DE
genes (20, 21). We used molecular signature database (MSigDB), collection C7 (immunologic gene
sets) to find gene set modules expressing our DE genes. We downloaded the MSigDB-C7 dataset from

insight.jci.org  https://doi.org/10.1172/jci.insight.98212 10


https://doi.org/10.1172/jci.insight.98212
https://www.immunobase.org/
http://cran.r-project.org/

. RESEARCH ARTICLE

Broad Institute GSEA (http://software.broadinstitute.org/gsea/msigdb/download._file.jsp?filePath=/
resources/msigdb/6.0/c7.all.v6.0.entrez.gmt) and wrote R script to perform gene set enrichment anal-
ysis and uncovered 270 gene set modules. The analyses to calculate statistical significance of gene set
modules used in R script was described (20, 21) and detailed online (http://software.broadinstitute.
org/gsea/msigdb/help_annotations.jsp#overlap)

To further understand the most prevalent immunological pathways expressed by these gene set mod-
ules, we manually annotated each gene set module to its immunological pathway by linking the collective
overrepresented function(s) of such genes and experimental perturbation that initiates such functions. For
statistical analyses, we compared the number of genes that had a specific gene module annotation against
those that did not. The hypergeometric test was used to establish a P value, which was further corrected
using FDR. We calculated fold enrichment by taking the ratio of proportion of genes containing specific
gene module annotation (GSEA pathway) in our DE gene list and the proportion of genes involved in
GSEA pathway in a universal dataset. The universal dataset was established by taking the union of genes
in all gene set modules expressing DE genes.

Logistic regression model and survival analysis

We filtered subjects with microarray experiments performed before 1 year of age, as we were specifically
interested in using single time point gene expression data close to birth. Therefore, if there were multiple
measurements available for a single subject, we chose the microarray data closest to birth to obtain single
time point data.

We used the random forest algorithm (randomForest package in R) and the mean decrease in the
Gini Index as a metric to prefilter the 20 most informative features predicting seroconversion. We applied
step-wise backward elimination logistic regression modeling to predict seroconversion from DE genes and
clinical variables (age, sex, and HLA score). The Akaike information criterion (AIC) was calculated to
assess the quality of fit of the logistic regression model. We also reported the area under receiver operator
characteristic curve for the model using a leave-one-out cross validation.

All subjects were followed up for 10 years to determine time of seroconversion. A logistic regression
model outputs a probability as an outcome for each individual. We determined an optimal logistic regres-
sion probability threshold that gives sensitivity and specificity above 80%. By using the optimal logistic
regression threshold, we stratified the subjects into 2 survival subgroups: predicted seroconvertors and pre-
dicted nonseroconvertors. Comparisons of time of seroconversion and associations with predicted serocon-
vertors and predicted nonseroconvertors were analyzed using a Kaplan—Meier log-rank test and a ? test
using the survival R package. All survival analyses were performed in R.

Connectivity mapping

To develop connectivity maps, the reference gene expression data from cancer cell lines treated with FDA-
approved drugs were taken from the ArrayExpress database with ID: GEOD5258. Using the gCMAPWeb
package in R and polynomial regression fitted gene expression values near birth, we found compounds
producing similar up/downregulation of DE genes in the cell lines to that observed in the ABN group.

Data and materials availability
BABYDIET cohort microarray data is available at ArrayExpress database (accession number
E-MTAB-1724). DIPP cohort microarray data is available at GEO database (accession number GSE30211).
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