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The rate of decline in insulin secretion after diagnosis with type 1 diabetes (T1D) varies substantially
among individuals and with age at diagnosis, but the mechanism(s) behind this heterogeneity
are not well understood. We investigated the loss of pancreatic β cell function in new-onset T1D
subjects using unbiased whole blood RNA-seq and verified key findings by targeted cell count
measurements. We found that patients who lost insulin secretion more rapidly had immune
phenotypes (“immunotypes”) characterized by higher levels of B cells and lower levels of
neutrophils, especially neutrophils expressing primary granule genes. The B cell and neutrophil
immunotypes showed strong age dependence, with B cell levels in particular predicting rate of
progression in young subjects only. This age relationship suggested that therapy targeting B cells
in T1D would be most effective in young subjects with high pretreatment B cell levels, a prediction
which was supported by data from a clinical trial of rituximab in new-onset subjects. These
findings demonstrate a link between age-related immunotypes and disease outcome in new-onset
T1D. Furthermore, our data suggest that greater success could be achieved by targeted use of
immunomodulatory therapy in specific T1D populations defined by age and immune characteristics.
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Type 1 diabetes (T1D) is characterized by the autoimmune-mediated destruction of the insulin-producing
β cells of the pancreatic islets (1). The resulting inability to control blood glucose levels requires lifelong
intensive monitoring and treatment with exogenous insulin. Despite extensive efforts to identify therapies
that can halt the loss of β cells, no immunotherapies are currently approved for clinical use to prevent or
slow T1D progression.
One factor contributing to the failure to identify effective treatments is disease heterogeneity within
T1D. This includes heterogeneity in loss of insulin secretion during the natural history of disease (2–7).
Variation in treatment effects is also observed in clinical trials of multiple immunotherapies in new-onset T1D (8). Treated patients in these trials can often be split into a responder group, who show greater
retention of endogenous insulin secretion (as measured by the insulin cleavage product C-peptide), and
a nonresponder group who show loss of C-peptide similar to placebo-treated patients. The heterogeneity in treatment efficacy and in progression of untreated patients suggests that different immunological
processes may have distinct contributions to disease in different patients. Investigating the underlying
causes of that heterogeneity in insulin secretion could point to additional therapeutic targets, combination therapies, or personalization of treatment based on an individual’s immunological characteristics.
To address these challenges in identifying effective disease-modifying therapies for T1D, we investigated correlates of disease progression in the first 3 years after clinical diagnosis with two primary goals. First,
we aimed to identify signatures of progression that could allow prediction of disease course and identification of patients most likely to benefit from therapy. Second, we aimed to characterize the immunological heterogeneity of T1D, with the goal of identifying additional therapeutic targets and/or personalizing
treatment. We have previously used whole blood RNA-seq to detect correlates of C-peptide loss in clinical
trials of new-onset T1D (9, 10), as applied by Linsley et al. to abatacept treatment in an accompanying
article (11). This method allows unbiased examination of a large number of immune processes with a single assay. We interrogated T1D progression in control-arm subjects from 6 clinical trials in new-onset T1D
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using whole blood RNA-seq to determine correlates of disease progression. We identified immunological
signatures in peripheral blood that may enable prediction of disease progression and/or targeted treatment
of T1D patients based on immunological characteristics.

Results
Subject population and characteristics. To investigate disease progression in the period immediately following
diagnosis, we combined data and samples from control-arm subjects from clinical trials in new-onset T1D
conducted by the Immune Tolerance Network (ITN) and Type 1 Diabetes TrialNet (TrialNet). These trials
evaluated immunotherapies with a range of immunological targets but enrolled similar subject populations and collected similar clinical data. Table 1 shows the included trials, subject numbers, and clinical
and demographic characteristics. We obtained C-peptide values from mixed-meal tolerance tests (MMTTs)
from a total of 152 subjects (mean 5.7 visits per subject) and RNA-seq data from 138 subjects (mean 3.6 visits per subject). All clinical data were obtained from ITN and TrialNet, as previously described (5, 12–20).
C-peptide loss in T1D patients shows exponential decay. In order to better understand variation in T1D progression after diagnosis, we first assessed methods for quantifying loss of C-peptide. Retention of residual
C-peptide secretion is associated with better glucose control and fewer diabetic complications (21) and is
the aim of trials of disease-modifying therapy (22). C-peptide levels showed wide variation both among
and within subjects over time (Figure 1A), which undermines inference from values at single time points
or changes between 2 time points. To assess predictability and stability of change in C-peptide, we fit linear
regression models to C-peptide AUC, with values censored at the lower limit of detection. We evaluated
the ability of baseline C-peptide, age at diagnosis, and C-peptide at intermediate time points to predict
2-year C-peptide levels, comparing observed values to those predicted by leave-one-out cross-validation.
C-peptide AUC at 2 years was associated with but not individually predicted by baseline C-peptide values,
age at diagnosis, or these 2 variables together (Figure 1B, top). However, models using C-peptide measurements at study baseline and 6 or 12 months later enabled accurate prediction of levels at 2 years (Figure 1B,
bottom). The increased accuracy of these linear models with multiple time points suggests that change in
C-peptide can be approximated by a log-linear function, with the rate varying among individuals.
To capture the overall trend in C-peptide change, while limiting sensitivity to missing or anomalous
data, we fit linear mixed-effects models to log-transformed C-peptide AUC over time (Supplemental Figure 1, A and B; supplemental material available online with this article; https://doi.org/10.1172/jci.
insight.125556DS1). For most subjects, C-peptide values were available up to 2 years after study entry; 29
subjects had data up to 3 years after study entry. When fitting models, we excluded any visits after a subject
reached the lower limit of detection of C-peptide. The data were best fit by a model of log C-peptide AUC
incorporating subject-level random effects for baseline C-peptide and rate of C-peptide change over time.
This model explained 88% of the total variance in C-peptide AUC values across all visits. Adding quadratic
or higher-order terms did not significantly improve the fit. Thus, C-peptide loss in newly diagnosed T1D
patients follows exponential decay, which can be described using a temporal half-life.
For downstream analyses, we used the subject-specific rates of C-peptide change from the models fit to
all visits. For some analyses, we classified individuals as fast or slow progressors based on a binary split of
the modeled rates. Because the distribution showed a long tail of subjects with very rapid loss of C-peptide
secretion, we defined fast progressors as the lowest quartile of rates and slow progressors as the upper 3 quartiles (Supplemental Figure 1, C and D). Analyses using different splits yielded qualitatively similar results.
Age of onset predicts C-peptide loss, but HLA genotype does not. Age at T1D onset partially predicts the rate
of C-peptide change (6, 7, 23–25), as previously shown in the 3 TrialNet trials included in the present study
(Table 1) (26). As expected, age at onset had a strong relationship to the rate of C-peptide loss in our study,
with subjects diagnosed at younger ages generally losing C-peptide secretion more rapidly (Figure 1C; P =
3.8 × 10–8 by linear regression). In addition, C-peptide change was more variable among younger subjects
than among older subjects (Breusch-Pagan test, P = 0.002); while subjects diagnosed before age 18 showed
a wide range in rates of decline, most subjects diagnosed after age 18 retained their C-peptide secretion over
the study time frame. There were few or no older-diagnosed subjects matching the most rapid rates shown
by some in the younger age groups.
Variation in the HLA class II region is strongly predictive of T1D incidence (27). To evaluate its effect
on disease progression following diagnosis, we compared HLA genotype categories (28) for their ability
to predict the rate of loss of C-peptide following diagnosis. We found no consistent relationship between
insight.jci.org   https://doi.org/10.1172/jci.insight.125556
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Table 1. Summary of control individuals from clinical trials
Trial

Sponsor
Active agent
C-peptide data
Subjects (placebo)
No. of measurements
(mean per subject)
Age in yr, median (range)
Sex (% male)
Baseline C-peptide
(AUC in nmol/l)
Baseline HbA1c (%)
RNA-seq data
Subjects (placebo)
No. of samples
(mean per subject)
Age in yr, median (range)
Sex (% male)
Baseline C-peptide
(AUC in nmol/l)
Baseline HbA1c (%)

AbATE

ITN
Teplizumab

START

T1DAL

ITN
ITN
Anti-thymocyte globulin Alefacept

TN-02

TN-05

TN-09

TrialNet
MMF/daclizumab

TrialNet
Rituximab

TrialNet
Abatacept

Total

25
112 (4.5)

20
89 (4.4)

16
67 (4.2)

40
247 (6.2)

17
116 (6.8)

34
235 (6.9)

152
866 (5.7)

12.0 (8–25)
64
0.67 ± 0.30

17.5 (12–34)
55
0.93 ± 0.50

17.5 (13–32)
75
0.64 ± 0.22

14.2 (9–46)
60
0.66 ± 0.30

16.6 (12–38)
65
0.89 ± 0.40

14.4 (8–34)
71
0.77 ± 0.30

15.0 (8–46)
66
0.75 ± 0.35

7.7 ± 1.2

6.8 ± 1.2

8.7 ± 2.5

7.9 ± 1.7

NA

6.7 ± 1.0

7.5 ± 1.6

19
67 (3.5)

12
48 (4.0)

16
54 (3.4)

40
175 (4.4)

17
62 (3.6)

34
90 (2.6)

138
496 (3.6)

12.4 (8–25)
63
0.71 ± 0.31

18.5 (12–33)
50
1.03 ± 0.58

17.5 (13–32)
75
0.64 ± 0.22

14.2 (9–46)
60
0.66 ± 0.30

16.6 (12–38)
65
0.89 ± 0.40

14.4 (8–34)
71
0.77 ± 0.30

15.1 (8–46)
64
0.76 ± 0.36

7.6 ± 1.3

6.4 ± 0.9

8.7 ± 2.5

7.9 ± 1.7

NA

6.7 ± 1.0

7.4 ± 1.6

HLA class II genotype risk categories and rates of C-peptide loss (Figure 1D). Subjects showed wide variation in rate of progression within a given risk category and no significant differences between categories;
this was true even when restricted to younger ages where HLA effects on T1D risk are strongest (29) (Supplemental Figure 2). While larger sample sizes or different patient populations may reveal small differences
in loss of insulin secretion among HLA genotypes, it is clear that HLA genotype does not drive variation in
disease progression following diagnosis to the same extent as it drives disease risk.
The subject populations in the 6 clinical trials comprising this study showed wide variation in rates
of C-peptide loss (Supplemental Figure 3). Some of this variation can be attributed to differences in age
at enrollment driven by study inclusion criteria. This may have influenced the ability to detect treatment
effects, as limited disease progression in control-arm participants (common in older subjects) reduces power to observe a change in the rate of decline of the treatment group.
Fast-progressing T1D subjects have high B cell gene expression and low neutrophil gene expression. In order to
interrogate immunological differences with rate of T1D progression in an unbiased manner, we used whole
blood gene expression profiling by RNA-seq (see Methods). We have previously used this approach to
investigate response to treatment in new-onset T1D, including variation in rates of C-peptide loss following
immunotherapy (9–11). We performed RNA-seq analysis on all subjects for whom sufficient samples were
available; included subjects did not differ from total study populations in age at T1D diagnosis, sex, baseline C-peptide, baseline HbA1c, or rate of C-peptide change (Table 1).
We first compared the whole blood gene expression profiles of slow-progressing and fast-progressing
T1D patients using linear models (30). We treated rate of C-peptide change as a continuous variable and
included subject sex, clinical trial, and sample batch as covariates. Differential expression analysis revealed
a large number of genes that varied with rate of C-peptide loss (Figure 2 and Supplemental Table 1).
The genes significantly upregulated in fast progressors formed clusters of genes strongly enriched for
the KEGG B cell receptor signaling pathway and a variety of B cell–related gene ontology processes. Genes
upregulated in slow progressors formed clusters of genes strongly enriched for the gene ontology defense
response and immune response terms, which contain numerous neutrophil-related and neutrophil primary/
azurophilic granule genes (Figure 2). We also used predefined modules of coordinately expressed and annotated genes to capture the broad immunological signatures represented by the individual genes (31). Three
modules contained many of the individual differentially expressed genes: CXCR1.mod, which comprises
insight.jci.org   https://doi.org/10.1172/jci.insight.125556
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Figure 1. C-peptide loss follows exponential decay. (A) C-peptide AUC from 2-hour mixed-meal tolerance test. Each line shows an individual subject’s
values across multiple visits. The dashed line represents the lower limit of detection of the assay. n = 846 measurements from 152 subjects. (B) Prediction of
C-peptide AUC at 2 years based on baseline C-peptide AUC, age at study entry, and AUC at 6- or 12-month visits. Predicted values are model predictions from
leave-one-out cross-validation. Predictive R2 summarizes correspondence between observed and predicted values; the dashed line represents equivalence
of predicted and observed values. n = 109 subjects for each model. (C) Rate of C-peptide AUC change varies with age. Model fit line is based on a logarithmic
function; shading shows standard error of the model. Variance in C-peptide change is greater in younger subjects (Breusch-Pagan test, P = 0.002). n = 152
subjects. (D) Rate of C-peptide change does not vary consistently with HLA genotypes that confer T1D risk. The dashed line shows linear model fit (P = 0.4).
Genotype categories are from Winkler et al. (28); DRx represents alleles that are not DR3 or DR4-DQ8. n = 124 subjects with HLA genotyping.

neutrophil genes, such as CXCR1 (32) and CEACAM3 (33); the neutrophil primary granule module MPO.
mod, with numerous primary granule genes; and the B cell module CD19.mod, with canonical B cell genes,
including CD19, CD79A, and CD22. Median expression of CXCR1.mod and CD19.mod were inversely correlated (r = –0.59), indicating that high levels of each represent opposite ends of a continuum. The general
patterns of upregulation and downregulation were consistently detected despite extensive individual variation (Supplemental Figure 4); however, because of this variation, individual rates of progression cannot
be precisely predicted from these gene expression values. The differentially expressed genes formed dense
protein-protein interaction networks, more interconnected than expected by chance (Supplemental Figure 5,
A and B; for genes with FDR < 0.05, P < 1 × 10–16 in genes upregulated in slow and fast progressors). These
networks had highly connected nodes related to B cells in the genes upregulated in fast progressors (e.g.,
CD19, MS4A1/CD20, and PAX5; ref. 34) and to neutrophils in the genes upregulated in slow progressors
(e.g., IL8, MPO, ELANE; ref. 35), implicating those processes as central components of the immune differences associated with variation in rates of C-peptide loss.
Neutrophil numbers and phenotype vary with rate of C-peptide loss and age at diagnosis. To confirm whether
increased neutrophil gene counts in slow progressors corresponded to increased neutrophil proportions in
peripheral blood, we used complete blood count (CBC) data to test for differences in circulating neutrophil
numbers between slow and fast progressors. Though the differences were small, the neutrophil percentage
insight.jci.org   https://doi.org/10.1172/jci.insight.125556
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Figure 2. Whole blood gene expression profiles differ between T1D subjects with fast and slow loss of C-peptide.
Volcano plot showing differentially expressed genes with rate of C-peptide AUC change. Gene sets corresponding to B
cells (CD19.mod) and neutrophils (CXCR1.mod and MPO.mod) are shown in red and blue, respectively, and select related
genes are labeled. The dashed line represents a Benjamini-Hochberg–adjusted P = 0.05. Two genes with anomalous P
values are not shown. The model used for differential expression included subject sex and RNA-seq batch as covariates. n = 471 samples from 138 subjects.

throughout the course of the trials was higher in slow progressors than in fast progressors (Figure 3A, P =
0.022 by linear model). Moreover, we found no significant changes in mean neutrophil levels over time either
within or between progressor groups during the time frame of this study by CBCs (Figure 3A) or RNA-seq
(Supplemental Figure 6). This suggests that during the first years following diagnosis, the neutrophil levels
of T1D patients as a group are relatively stable. Though changes in neutrophil levels in the peridiagnostic
period have been previously reported (36), the timing of those changes generally occurs outside the window
of our data, falling prior to diagnosis and not returning to normal levels until at least 5 years after diagnosis.
Neutrophil levels from CBCs were strongly correlated with median expression of the general neutrophil gene module CXCR1.mod (r = 0.63) and significantly but less strongly correlated with the neutrophil
primary (azurophilic) granule module MPO.mod (Supplemental Figure 7; r = 0.29). In agreement with
this result, multiple neutrophil primary granule genes in this module, including MPO, ELANE, AZU1, and
DEFA4, were still upregulated in slow progressors after accounting for differences in neutrophil and lymphocyte counts from CBCs (Figure 3B and Supplemental Table 2).
Immunological characteristics, including relative abundance of peripheral blood leukocyte populations, change with age (37, 38). Given the differences in T1D progression with age, we hypothesized that
gene expression might also vary with age, either in association with or unrelated to disease progression.
As expected, comparisons with age as a continuous variable revealed numerous differentially expressed
genes, including large numbers of genes related to neutrophils and B cells (Supplemental Figure 8 and
Supplemental Table 3). At the gene module level, the expression of general neutrophil module genes
(CXCR1.mod) was positively correlated with subject age (Figure 3C). However, expression of neutrophil primary granule genes (MPO.mod) was not associated with age (Figure 3D), and numerous genes
in this set were upregulated in slow progressors after accounting for age (Figure 3E and Supplemental
Table 4). Many of these differentially expressed genes code for proteins found in the primary granules of
neutrophils (e.g., AZU1, MPO, DEFA4, CTSG, ELANE). These results show that both the numbers and
characteristics of neutrophils varied with rate of T1D progression, with components both associated
with and independent of age.
insight.jci.org   https://doi.org/10.1172/jci.insight.125556
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B cell gene expression predicts C-peptide loss in an age-dependent manner. To further investigate the association
of B cell gene expression with the rate of C-peptide change, we summarized gene expression using a module of B cell genes (CD19.mod). Median expression of this gene module separated fast and slow progressors (Figure 4A). Similar to the pattern seen with neutrophil levels, median expression of this module was
stable both within and between groups over the time frame of the study (Figure 4A).
While B cells make up only a fraction of total lymphocytes, fast and slow progressors differed in lymphocyte percentage and the ratio of lymphocyte-to-neutrophil counts from CBCs (Supplemental Figure 9).
This may indicate a broader difference in lymphocytes that is dominated by, but not exclusive to, B cells;
indeed, the genes upregulated in fast progressors include several specific to CD8+ or all T cells (Supplemental Figure 5A and Supplemental Table 1).
B cell gene expression showed a strong relationship with subject age, similar to but in the opposite
direction of neutrophil levels (Figure 4B). To dissect the complex relationships among subject age, rate of
C-peptide loss, and immunological characteristics, we tested for relationships between B cell gene expression at baseline and rate of C-peptide change by age tertile. Both B cell (Figure 4C) and neutrophil (Supplemental Figure 10) median gene set expression showed the strongest relationships in the youngest age group.
These patterns were not explained by covariation of age, cell populations, and rate of progression within
groups. In addition, high B cell gene expression predicted more rapid progression in younger subjects but
slower progression in older subjects (P = 0.038 for difference in slope).
To extend these categorical age groups, we used a sliding-window analysis to more precisely determine
the age dependence of the relationship between B cell gene expression and C-peptide loss (Supplemental
Figure 11). A negative correlation between rate of C-peptide change and B cell gene module expression
indicates that, within that age window, fast progressors generally have higher B cell gene expression. The
correlation was negative in patient subsets with a median age of less than 20 years, but this relationship
did not persist in patient subsets with higher median age, indicating that the connection of B cells to more
rapid progression broke down at around age 20 years. Splitting the subjects into two groups at this 20-year
boundary reveals a different relationship between B cell gene expression and loss of C-peptide secretion in
the younger and older groups (Figure 4D; P = 0.032 for difference in slope).
To expand on these results from modular analyses, we determined the individual genes that showed the
strongest age-specific associations with rate of C-peptide change (Supplemental Table 5). Genes that were
upregulated in young slow progressors were strongly enriched for associations with neutrophil degranulation, secretory granule, exocytosis, and related terms. Genes upregulated in young fast progressors were
enriched for associations with chromosome organization, mitotic cell cycle, and numerous related terms.
Results were similar using log-transformed age or when including neutrophil and lymphocyte counts from
CBCs as covariates. Taken together, these results indicate that the immunological characteristics associated
with rapid loss of C-peptide vary with age, with high B cell gene expression predicting rapid disease progression in young subjects only.
B cell gene expression in younger subjects predicts response to anti–B cell therapy. The association between B cell
gene expression and rate of C-peptide decline in young subjects suggests that B cell levels may be more relevant to disease progression in younger than in older subjects. If this is the case, anti–B cell treatment should
yield greater clinical benefits in younger patients; indeed, this was the trend in a trial of the anti-CD20 monoclonal antibody rituximab (12, 13). Beyond this age-dependent effect, we would expect the greatest benefits
in subjects with high B cell levels prior to treatment, especially in younger patients with high pretreatment
B cell levels. We tested these predictions using C-peptide and immunophenotyping data from a phase II
clinical trial of the anti-CD20 monoclonal antibody rituximab (12, 13). We first reproduced the original trial
finding that rituximab treatment was most pronounced in younger participants (Supplemental Figure 12).
We then used additional data to evaluate the relationship between B cells and response to treatment. RNAseq data were available for a subset of the trial participants, as described previously (9); this subset did not
differ significantly from the original trial population in age, sex, or C-peptide characteristics. In the subset
of participants with RNA-seq data, placebo-arm subjects with high B cell gene expression showed a more
rapid loss of C-peptide (Figure 5A; P = 0.004 for slope). This relationship between B cell gene expression
and loss of C-peptide secretion was absent in the rituximab-treated subjects, suggesting that rituximab was
most effective in those with high B cell gene expression at baseline (P = 5.5 × 10–3 for difference in slope).
We next sought to expand this finding to a larger sample of study subjects with available flow cytometry data. We first verified that our B cell gene expression signature was related to B cell numbers from flow
insight.jci.org   https://doi.org/10.1172/jci.insight.125556
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Figure 3. Neutrophils and primary granule genes are elevated in slow-progressing T1D subjects. (A) Neutrophil levels from CBCs. Points show individual patient values over the study time frame; lines show model estimates for fast and slow progressors. Fit lines have identical slopes, as there
was no evidence of an interaction between study day and progressor group; significance is for difference in intercept between groups from linear
mixed-effects model. n = 2326 measurements from 152 subjects. (B) Volcano plot showing differential expression with rate of C-peptide change,
after accounting for neutrophil and lymphocyte counts from CBCs. Multiple neutrophil granule genes (MPO.mod) are significantly upregulated after
adjusting for cell counts, while general neutrophil genes (CXCR1.mod) show consistently positive but nonsignificant differences in slow progressors.
In addition to CBC values, subject sex and RNA-seq batch were included as covariates. n = 420 samples from 137 subjects. (C and D) Expression of (C)
neutrophil genes (CXCR1.mod) and (D) neutrophil primary granule genes (MPO.mod) at study baseline in relation to subject age. Model fit lines are
based on logarithmic functions; shading shows standard error of the models. Significance values are from linear model contrasts. n = 124 subjects.
(E) Volcano plot showing differential expression with rate of C-peptide change, after accounting for subject age. Multiple neutrophil primary granule genes (MPO.mod) are significantly upregulated in slow progressors after adjusting for age, while general neutrophil genes (CXCR1.mod) show
consistently positive but nonsignificant differences in slow progressors. In addition to subject age, subject sex and RNA-seq batch were included as
covariates. n = 471 samples from 138 subjects.
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Figure 4. B cell gene expression varies with C-peptide loss in T1D subjects in an age-dependent manner. (A) Median B cell gene expression levels (CD19.
mod) over time. Points show individual patient values over the study time frame; lines show model estimates for fast and slow progressors. Expression
values were batch-corrected to remove differences by trial and RNA-seq batch. Fit lines have identical slopes, as there was no evidence of an interaction
between study day and progressor group; significance is for difference in intercept between groups from linear mixed-effects model. n = 470 measurements from 138 subjects. (B) Expression of B cell genes (CD19.mod) at study baseline in relation to subject age. Model fit line is based on a logarithmic
function; shading shows standard error of the model. Significance values are from linear model contrasts. Gene expression values shown are for baseline
visits only. n = 124 subjects. (C and D) Rate of change in C-peptide versus baseline B cell gene expression (CD19.mod), with subjects stratified by age at
study entry. (C) Subjects were divided into 3 equal-sized groups by age. The slope of the relationship is more negative in the younger than the older patient
group (P = 0.038 by linear model contrast). n = 39, 41, and 44 subjects in the youngest, middle, and oldest groups, respectively. (D) Subjects were divided
into 2 groups using sliding-window analysis, which predicted a break at 20 years of age. The relationship is more negative in the younger than the older
patient group (P = 0.032 by linear model contrast). n = 89 and 35 subjects in the younger and older groups, respectively.

cytometry, using a subset of placebo-treated T1D patients for whom we obtained both data types. Median
B cell gene set expression from RNA-seq was positively correlated with the percentage of CD19+ cells by
flow cytometry (Supplemental Figure 13), supporting the use of flow cytometry data to corroborate RNAseq results. However, the moderate correlation (r = 0.34) suggests that these measures capture overlapping
but nonidentical biological characteristics. Using B cell levels quantified by flow cytometry in this larger
sample of rituximab trial subjects, the rate of C-peptide change was strongly associated with baseline B cell
levels in the placebo-arm subjects (Figure 5B; P = 0.003 for slope in placebo group). This relationship was
partially modified by rituximab treatment (Figure 5B; P = 0.08 for difference in slope).
Finally, we compared the relationship between pretreatment B cell levels and rate of C-peptide decline
in the context of age in placebo- versus rituximab-treated patients. If B cells are more important for disease
progression in younger subjects, rituximab treatment should ablate the relationship between B cell levels
and C-peptide loss most strongly in the younger age groups. We therefore predicted a large difference in the
slope of this relationship between the placebo- and rituximab-treated groups among younger but not older
insight.jci.org   https://doi.org/10.1172/jci.insight.125556
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individuals. This expectation was corroborated using RNA-seq data (Figure 5C), and flow cytometry data
from the larger cohort also showed a trend (NS) in the expected direction in the younger patients (Figure
5D). In both cases, the older subjects showed no relationship between B cell levels and disease progression
in either the placebo- or rituximab-treated groups. In summary, variation in the effects of rituximab treatment are consistent with B cells having greater relevance to disease in some individuals, particularly young
patients with high pretreatment B cell levels.

Discussion
Progression of T1D varies widely among patients at all stages of disease. We used whole blood gene
expression data from well-characterized control-arm subjects of new-onset T1D clinical trials to identify
correlates of the loss of β cell function. We validated these findings with CBC and flow cytometry data
and showed that they can be used to predict differential benefits of immunomodulatory therapy. In combination with other recent work on response to immunotherapy (9–11, 39–41), these results point toward
precision targeting and modulation of therapy to achieve optimal benefits.
Using stimulated C-peptide secretion from the first 3 years after diagnosis, we found that the decline
in C-peptide over time in new-onset T1D follows exponential decay (25), with the rate of decay relatively
constant within individuals but variable among subjects. Because our data were limited to the immediate
period after diagnosis, we cannot determine whether this pattern holds before diagnosis or into long-standing T1D. Longitudinal studies of insulin secretion are ongoing in TrialNet (42, 43); defining the temporal
loss of β cell function in T1D, from events prior to seroconversion through and beyond clinical diagnosis,
will help to illuminate the triggers and immunological drivers of β cell damage in the early stages of T1D.
The fact that the rate of decline in C-peptide appears to be intrinsic and constant from diagnosis to 6,
12, and 24 months suggests that earlier assessments may allow estimation of an individual’s specific rate of
decline within a short time after diagnosis. Change in stimulated C-peptide in the first 6 weeks after diagnosis was previously found not to predict levels at 1 or 2 years (44). However, that study did not determine
whether short-term changes in C-peptide levels predict change in C-peptide over those time frames (44).
Early identification of rapid progressors would facilitate prioritization of treatment based on predicted
severity of disease. Moreover, changes over time in a patient’s intrinsic rate of C-peptide loss could be used
as a readout for the efficacy of a particular treatment.
The strongest known predictor of loss of C-peptide is age at T1D onset (6, 7, 23–26). In agreement
with this, we found C-peptide loss to be more rapid in patients diagnosed at younger ages. However, this
was not a simple linear relationship: many individuals diagnosed before age 18 progressed quite slowly,
with almost no measurable loss of C-peptide during the 2- to 3-year study period. The most striking
pattern is the lack of adult-diagnosed subjects who rapidly lose β cell function. The causes of this age-related heterogeneity are unclear; one possibility is that T1D is in fact multiple diseases, with one form
being characterized by a more rapid loss of β cell function and earlier onset. Another possibility is that
the disease itself has consistent drivers, but the immunological characteristics of young people contribute
to a more rapid disease course.
The HLA region, in particular the HLA class II genotype, is strongly associated with T1D (27, 45). We
found that the HLA class II genotypes most associated with T1D did not predict rate of C-peptide loss after
diagnosis, in alignment with previous findings that HLA class II alleles do not strongly affect progression
from multiple autoantibody positivity to clinical diabetes (46–48) or C-peptide secretion in new-onset subjects (49–51). The absence of such associations indicates that the genetic factors determining risk of T1D
are not the same as those determining the rate of β cell damage during T1D. As such, preventing T1D may
require different interventions than halting the damage once it has begun.
While much effort has been focused on immunological differences between T1D patients and
healthy controls, or with transitions between stages of T1D (52, 53), little information is available about
associations between immunological features and rates of C-peptide loss following diagnosis. One notable exception is the recent discovery of a subpopulation of autoreactive CD8+ effector memory T cells
in the blood whose levels parallel β cell function, suggesting that these cells are either engaged in or
tracking the autoimmune response (54). In addition, using a serum-induced expression assay, Cabrera
et al. (55) found that an index of immune inflammatory state predicted the rate of C-peptide loss in the
first 2 years after diagnosis in a limited set of placebo-treated subjects; this relationship was ablated by
CTLA4Ig therapy.
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Figure 5. Effects of rituximab treatment in new-onset T1D support an increased role for B cells in some patients. (A and B) Rituximab treatment alleviates the increased loss of C-peptide in subjects with high pretreatment B cell levels, using (A) B cell gene set expression (CD19.mod) or (B) levels of B cells
from flow cytometry (n = 42 and 78 subjects, respectively). Significance values are 1-sided tests for difference in slope using linear model contrasts. (C)
Treatment effect of rituximab was more strongly related to baseline B cell gene expression in younger subjects (n = 19 and 23 younger and older subjects,
respectively). (D) Rituximab treatment effect shows a stronger trend in younger subjects with greater pretreatment B cell levels measured by flow cytometry (n = 40 and 38 younger and older subjects, respectively).
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Our survey of whole blood gene expression revealed that T1D patients losing C-peptide more rapidly
had elevated levels of B cell gene expression and reduced levels of general neutrophil and neutrophil primary granule gene expression. These B cell and neutrophil signatures were inversely related, both by gene
module expression (r = –0.59 for median CXCR1.mod and CD19.mod), and using cell frequencies from
flow cytometry and CBCs (r = –0.54). In addition, these levels did not change markedly over the first 2–3
years after diagnosis, suggesting that these are stable, individual-specific immune phenotypes (“immunotypes”) associated with the degree of damage to the β cells. In an accompanying study, Linsley et al. (11)
show that alterations in B cell and neutrophil immunotypes accompany response to abatacept therapy in
certain individuals with new-onset T1D. Together, these findings suggest that B cell and neutrophil immunotype alterations may contribute to both disease heterogeneity and response to therapy in T1D.
While these differences in major cell populations can been quantified by complementary assays, the
unbiased approach of RNA-seq enabled their identification through a single experiment, without collection
of large numbers of targeted measurements. As with our previous work in response to immunotherapy in
T1D (9, 10), these findings highlight the utility of whole blood RNA-seq to broadly survey the immune
system and of targeted assays to validate specific results from RNA-seq.
In addition to varying with rate of C-peptide decline, some but not all of these progression-associated
signatures varied with age. The levels of B cells and neutrophils that were found in fast progressors were
also found in young subjects, indicating that immunological characteristics, rate of C-peptide loss, and age
are all associated. Cohorts of age-matched healthy controls will be necessary to determine to what degree
these associations are specific to T1D or reflective of general immunological changes with age. However,
B cell genes and especially neutrophil primary granule genes showed differences with C-peptide loss, even
after accounting for the age relationship. The biological meaning of increased primary granule gene expression in slow progressors (or alternatively, lower expression in fast progressors) is unclear, but it may serve as
an age-independent biomarker of disease severity.
The role of neutrophils in T1D has received renewed attention, with evidence that neutrophils preferentially infiltrate the pancreas during T1D onset in both the nonobese diabetic mouse (56, 57) and humans
(36). In addition, an innate inflammatory state, potentially driven by type I interferons, is associated with
risk and onset of T1D (58–61). Our finding that neutrophil gene expression is lower in fast progressors,
corroborated with CBC data, supports the idea that innate immunity is dysregulated in T1D. Reduced
levels of neutrophils in peripheral blood have been previously found during and immediately after onset
of T1D, in association with increased infiltration of the pancreas (36), though the numbers of neutrophils
in the pancreas are insufficient to explain the peripheral neutropenia. Rather, both characteristics likely
reflect a more general change in immune state, which also corresponds to the peripheral deficit in neutrophils we detected via gene expression in fast-progressing new-onset subjects. While this combined evidence suggests that promoting neutrophil proliferation will not correct this dysregulation, a recent trial in
new-onset T1D that included granulocyte colony-stimulating factor may provide additional information
on how perturbation of neutrophils affects disease course (62). Beyond total numbers, the specific reduction in neutrophil primary granule genes in fast progressors suggests differences in the phenotype of neutrophils among T1D subjects. This downregulation of neutrophil granule genes was less age dependent
than the differences in overall neutrophil and B cell gene expression, indicating that it is a more consistent
characteristic of immune dysfunction in T1D.
The exact contribution of B lymphocytes to T1D remains an open question. Disease-associated autoantibodies are generally assumed to be nonpathogenic; instead, they are thought to indicate involvement of
B cells in the autoimmune reaction through other mechanisms, such as antigen presentation (63, 64). Disease-related B cells in T1D subjects show loss of anergy (65) and defective central and peripheral tolerance
(66), leading to increased frequencies of autoreactive cells. While we did not observe differences in genes
indicative of specific B cell subsets or functions, the power of whole blood RNA-seq to detect such patterns in low-frequency cell populations is limited. As such, we cannot conclusively determine whether the
differences are in B cell numbers, B cell activation, or some combination thereof. Studies using immunophenotyping, RNA-seq, or functional assays on sorted B cells from a similar cohort could clarify whether
particular B cell processes are related to the variation in progression of T1D. A systemic increase in the
levels of total B cells, as seen herein with rapid loss of C-peptide, may provide an elevated number of autoreactive B cells involved in disease or may reflect a more general pathogenic immune state. Investigations of
insulitic infiltrate in the pancreas have shown elevated B cells in pancreata of T1D patients with more rapid
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loss of β cells, and this pattern is concentrated in younger individuals (67). This aligns well with our finding
that high B cell gene expression in the periphery predicts more rapid progression in young individuals only.
While the mechanism of this age dependency remains to be determined, it suggests a transition from a
disease with greater B cell engagement in young T1D patients to a different immune dysregulation in older
individuals. This points to B cell–directed therapy as a potentially more effective treatment in young people,
while other therapies may be necessary for older patients.
Indeed, the anti-CD20 monoclonal antibody rituximab was most effective in younger subjects (12, 13).
Using samples and data from that trial, we found that rituximab was most effective at delaying loss of β cell
function in young patients with high B cell levels prior to treatment, exactly as predicted from our findings
in control-arm subjects. While it is possible that these same subjects would benefit similarly from other
immunotherapies that have shown mixed effects, to our knowledge this population has not been identified
in responder analysis of other trials. The pattern of pretreatment B cells contrasts with elevated T cell levels during rituximab treatment that we previously found associated with more rapid loss of C-peptide and
reduced pharmacodynamic activity of rituximab (9). Our age-specific B cell signature provides a predictive
indicator of treatment benefit, while the T cell difference suggests a possible mechanistic explanation for
lack of treatment efficacy in some patients. This combination of predictive signatures and signals of efficacy during therapy moves toward the ultimate goal of optimal treatment via precise targeting and informed
modification of therapy.
Taken together, our results point to a number of potential improvements to T1D treatment. First, the
disease course immediately after onset appears predictable in individual subjects, allowing for prioritization of treatment based on severity of disease. Changes to this intrinsic rate of loss of β cell function
may serve as a short-term indicator of treatment efficacy, enabling modification of therapy based on its
measured benefit. Second, the age-specific immunological predictors of β cell decline move beyond the
simplistic understanding of old and young in T1D, toward immunotypes (68) defined by immunological
characteristics that are partially explained by age. One outstanding question is whether these immunological differences are the drivers of observed variation in disease progression or simply indicators of
some other underlying cause, as-yet unidentified. T1D is likely a suite of disorders, with different causes
and physiological consequences that vary in frequency by genetic background, age, and environmental
exposures. Better resolution of these immunotypes and determination of the optimal therapy for each
will push beyond treating T1D symptoms to finding personalized cures for this challenging disease.

Methods
Subject selection. Subjects were control-arm participants in 6 new-onset clinical T1D trials (Table 1) (5, 12–20)
as well as active-treatment participants in the TrialNet phase II study of rituximab (TN-05) (9, 12, 13). The
6 new-onset T1D trials had similar inclusion criteria; subjects entered the studies within 100 days of clinical
T1D diagnosis and had minimum stimulated C-peptide of 0.2 nmol/l at screening (one study had minimum
0.4 nmol/l). Age restrictions varied among trials, with minimum ages ranging from 8 to 13 years. All subjects across all studies were required to have at least one diabetes-related autoantibody.
C-peptide, demographic, clinical, and other trial data. Collection of C-peptide, CBCs, flow cytometry, and other
trial data was previously described for each trial (5, 12–20). To make C-peptide levels comparable across visits
and studies with different length MMTTs, we recalculated C-peptide as 2-hour AUC from MMTTs, omitting
any additional time points after 2 hours. Of 866 total MMTTs, we dropped 12 due to missing data for at least
one time point and 8 due to anomalous values at one or more time points, yielding a total of 846 C-peptide
AUC measurements. For CBC differentials, percentages were arcsine-transformed to approximate normality.
Modeling C-peptide change over time. We estimated individual-specific rates of change in C-peptide
over time as exponential decay, using our previously described method (9). Models included subject-level
random effects terms for the intercept and slopes, as log(C-peptide AUC) ~ day + (1|id) + (day-1|id).
Mixed-effect models were fit using the lme4 package (69), with an unstructured random effects variance-covariance matrix. This allowed each subject to vary around a central value for both baseline C-peptide and
rate of C-peptide change over time. We then extracted the subject-level coefficients from these models and
used the rate of change of log C-peptide over time as a measure of rate of T1D progression. This approach
provided a single continuous measure of progression per subject and allowed inclusion of subjects even if
data were missing from one or more visits. A pseudo-R2 for the model was calculated as the squared correlation of the observed and fitted values.
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To further validate this approach, we compared observed C-peptide AUC at 24 months to values predicted from models incorporating baseline AUC along with age and/or C-peptide measurements at 6 or
12 months. To account for the lower bound of measurements at the limit of C-peptide detection, we used
tobit censored regression models, as implemented in the R package AER (70), with the response variable
truncated at the lower limit of detection. Predicted values were similarly truncated to better correspond to
actual measurement values. We compared performance of models by leave-one-out cross-validation; we
excluded a single observation at a time and used the model fit to all other observations to generate a predicted value for the focal observation. Predicted R2 was calculated as the Pearson correlation between the
actual observed values and these leave-one-out predictions.
For certain analyses, we split subjects into fast and slow progressors based on rates of C-peptide change.
The bimodal distribution of rates supported treating the slowest 75% of subjects as slow progressors and
the fastest 25% as fast progressors. For analyses of active- and placebo-treated subjects in the rituximab
trial, rates of C-peptide change were calculated as previously described (9), using random intercepts and
slopes by subject and a fixed treatment effect for slope.
Associations among age at diagnosis, HLA class II genotypes, and rates of C-peptide change. We used linear
models to test for associations among age at diagnosis, HLA class II genotypes, and rate of C-peptide
change. Based on model diagnostics, we log-transformed age at diagnosis prior to fitting the final model.
We evaluated nonconstant variance using the Breusch-Pagan test. HLA class II risk scores were calculated
from subject genotypes based on frequency of T1D incidence for each of those genotypes. HLA genotype
categories were treated as a continuous variable in linear modeling, using the coding of Winkler et al. (28).
RNA-seq data collection and processing. Samples of RNA purified from whole blood were obtained from TrialNet and ITN. Whole blood was collected in Tempus blood RNA tubes at the clinical site. RNA was isolated,
libraries were prepared and sequenced on a HiSeq 2500 or HiScanSQ sequencer (Illumina), and sequence data
were processed to read counts and quality metrics, as previously described (9, 10). We ensured RNA-seq sample
identity using expression of sex-specific genes and kinship comparisons using genetic variants from the RNA-seq
reads (9). No samples had mismatches between predicted and annotated sex; 3 of the original 496 samples were
excluded based on kinship values indicative of sample contamination or identity mismatch with annotation.
RNA-seq data analysis. The data from the 6 trials showed slight differences in sequencing depth and
quality characteristics, making it difficult to use universal quality thresholds across all samples. We therefore excluded samples from downstream analysis using trial-specific thresholds for total reads (1 × 106 to
5 × 106), the percentage of reads aligned to the human genome (80%–90%), and the median coefficient
of variation of coverage (0.7–1.0). These criteria excluded 16 of the remaining 493 samples; results were
insensitive to variations in these thresholds. Finally, we excluded 6 samples that duplicated subject visits,
leaving 471 high-quality samples for downstream analysis. Principal component analysis showed that samples separated by trial and within several trials by RNA isolation method and/or isolation/processing site.
We therefore included a batch variable in our downstream differential expression analyses for study and
RNA isolation method and isolation/processing site.
We normalized RNA-seq count data using the trimmed mean of M values (TMM) (71, 72) and included
genes in a given comparison if they had greater than 1 count per million in at least 15% of the libraries. Differential expression of individual genes was determined with limma-voom (30). Models included covariates
for the batch variable described above, subject sex, and subject-level random (73). P values were adjusted for
multiple testing using the Benjamini-Hochberg procedure (74). PPI interactions, clustering, and functional
annotation enrichment were determined using STRING (75) and visualized using Cytoscape (76).
For visualizations of RNA-seq counts, we used TMM-normalized, log2-transformed counts, with
batch differences due to trial and RNA-seq batch differences regressed out (30). Gene set expression was
calculated as the median across genes of these batch-corrected counts.
Data and code availability. RNA-seq data were deposited in the GEO repository (accession GSE124400).
Sequencing data from the rituximab study were previously deposited in the GEO repository (accession
GSE112594). Data files and R code for all analyses are available at https://github.com/mjdufort/Dufort_
T1D_placebos (master branch, commit b3382eb).
Statistics. All statistical analyses were performed using R v. 3.4.3 (77). Specific statistical tests and
thresholds for significance are listed in the text and figure legends and include linear model contrasts and
Breusch-Pagan tests; where not noted, tests were 2 tailed, and P < 0.05 was considered significant. Graphical visualizations were generated using R base graphics or the ggplot2 package (78).
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Study approval. All trials were conducted under protocols approved by the institutional review boards for
each study site (the names and locations of these review boards are provided in the supplemental materials),
as previously described (13–15, 17, 18, 20). All subjects provided informed consent to participate in the trials
and subsequent ancillary studies.
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