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Abstract

Objective: Our aim was to elucidate the role of diet in type 1 diabetes (T1D) by examining 

combinations of nutrient intake in the progression from islet autoimmunity (IA) to T1D.

Methods: We measured 2457 metabolites and dietary intake at the time of seroconversion in 132 

IA-positive children in the prospective Diabetes Autoimmunity Study in the Young. IA was 

defined as the first of two consecutive visits positive for at least one autoantibody (insulin, GAD, 

IA-2, or ZnT8). By December 2018, 40 children progressed to T1D. Intakes of 38 nutrients were 

estimated from semiquantitative food frequency questionnaires. We tested the association of each 

metabolite with progression to T1D using multivariable Cox regression. Nutrient patterns that best 
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explained variation in candidate metabolites were identified using reduced rank regression (RRR), 

and their association with progression to T1D was tested using Cox regression adjusting for age at 

seroconversion and high-risk HLA genotype.

Results: In stepwise selection, 22 nutrients significantly predicted at least two of the 13 most 

significant metabolites associated with progression to T1D, and were included in RRR. A nutrient 

pattern corresponding to intake lower in linoleic acid, niacin, and riboflavin, and higher in total 

sugars, explained 18% of metabolite variability. Children scoring higher on this metabolite-related 

nutrient pattern at seroconversion had increased risk for progressing to T1D (HR = 3.17, 95%CI = 

1.42-7.05).

Conclusions: Combinations of nutrient intake reflecting candidate metabolites are associated 

with increased risk of T1D, and may help focus dietary prevention efforts.

Keywords

dietary intake; metabolomics; nutrient patterns; progression; T1D

1 ∣ INTRODUCTION

Type 1 diabetes (T1D) is characterized by destruction of the insulin-producing beta cells in 

the pancreas, and affects over 100 000 children and adolescents in the United States.1 

Clinical T1D is preceded by a period of detectable and persistent autoimmunity to islet 

antigens, called islet autoimmunity (IA). However, not all children with IA progress to T1D. 

Therefore, it is important to identify factors influencing progression from IA to T1D.

Non-genetic factors are involved in the development of T1D, which also has a well-defined 

genetic risk component.2 Dietary intake in early life and throughout childhood has been 

implicated in T1D risk, though without conclusive findings of a single responsible risk 

factor.3 Higher intake of some foods or nutrients at seroconversion has been associated with 

increased risk of progression to T1D, including: glycemic load,4 total sugars and sugar-

sweetened beverages,5 and cow's milk protein.6 Other dietary factors, including vitamin D 

intake and status,7,8 and omega-3 fatty acid intake and status,9 were not associated with 

progression. These traditional investigations of individual dietary risk factors may 

oversimplify true dietary exposure since multiple nutrients are contained in foods, and 

nutrients may work syner-gistically or antagonistically in the body. We sought to improve 

upon previous investigation into diet and progression from IA to T1D by considering 

combinations of nutrient intake, or nutrient patterns.

Our aim was to identify nutrient patterns of intake at seroconversion associated with risk of 

progression to T1D in the Diabetes Autoimmunity Study in the Young (DAISY), as shown 

in Figure 1A. To capture disease-related variation in nutrient intake, first we conducted a 

metabolome-wide association study to identify metabolites and lipids associated with 

progression from IA to T1D. As markers of biological processing and response to nutrition, 

metabolites have been used together with reported dietary intake to elucidate the role of diet 

in the development or prevention of other outcomes, such as cardiovascular disease.10 Next, 

we used reduced rank regression (RRR) to create nutrient patterns best explaining those 
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candidate metabolites. Finally, we tested the nutrient pattern with the risk of progression 

from IA to T1D. The nutrient pattern identified by our study was more strongly associated 

with T1D than any of the constituent metabolites or nutrients, suggesting joint consideration 

of multiple dietary factors may be important for elucidating the role of diet in T1D 

development.

2 ∣ MATERIALS AND METHODS

2.1 ∣ Study design

From 1993 to 2004, DAISY recruited 2547 children in Colorado who were at high risk for 

developing T1D.11 Prospective follow-up for the development of islet autoantibodies and 

T1D is ongoing, and has included clinic visits at 9, 15, and 24 months, and annually 

thereafter.12 An IA case is defined by the presence of one or more confirmed autoantibody to 

insulin, GAD65, IA-2, or ZnT8 on two or more consecutive clinic visits. Seroconversion is 

defined as the first visit at which IA was detected. IA cases follow an accelerated protocol 

with clinic visits every 3 to 6 months until T1D is diagnosed by a physician following 

standard criteria, including typical symptoms of polyuria, polydipsia and/or weight loss and 

a random glucose > 11.1 mmoL/L or an OGTT with a fasting plasma glucose ≥ 7.0 mmoL/L 

or 2-hours glucose > 11.1 mmoL/L.13 The Colorado Multiple Institutional Review Board 

approved all DAISY study protocols (COMIRB 92-080). Informed consent was obtained 

from the parents/legal guardians of all children. Assent was obtained from children age 7 

years and older. All research was performed in accordance with relevant guidelines/

regulations.

To identify metabolomics and nutrient patterns present at seroconversion and associated with 

progression from IA to T1D, we examined IA cases who seroconverted prior to January 

2015 and their prospective follow-up for T1D through December 2018. Plasma samples 

from the first of the two consecutive autoantibody positive visits were used for 

metabolomics. Where the first sample was unavailable, we used plasma from the second of 

the two consecutive autoantibody positive visits that defined an IA case.

2.2 ∣ Metabolomics data acquisition, normalization, and preprocessing

Untargeted metabolomics measures were acquired from non-fasting plasma samples using 

GC-TOF MS (primary metabolism), CSH-QTOF MS (complex lipids), and HILIC-QTOF 

MS (biogenic amines), at the NIH West Coast Metabolomics Center at the University of 

California, Davis. Samples were kept at −80°C prior to analysis. Samples were allowed to 

thaw on wet-ice and kept cold during extraction, once thawed samples were inverted 

multiple times to ensure serum homogeneity. Samples were extracted by taking 30 μL of 

serum and performing a liquid-liquid extraction first previously described14 with 

modification, including addition of labeled internal standards for quality control and 

retention time correction.15 The aqueous phase, containing polar metabolites, was split into 

two equal volumes and dried then re-suspended in 1:1 acetonitrile: water to precipitate any 

remaining lipids. One polar aliquot was then prepared for and analyzed by HILIC-QTOF 

MS/MS.16 The second polar aliquot was analyzed by GC-TOF-MS.17 The non-polar phase 
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was analyzed by CSH-QTOF MS/MS for identification and relative quantification of 

complex lipids and free fatty acids.15

Peak picking, integration, alignment, and annotation of GC-TOF-MS data was performed 

using BinBase.18 Liquid chromatography (LC) data (CSH-QTOF-MS and HILIC-QTOF-

MS) were processed with MS-Dial, 19 and complex lipids were annotated with LipidBlast20 

and Massbank of North America (http://mona.fiehnlab.ucdavis.edu/). MS-FLO was used to 

remove erroneous peaks and reduce the false discovery rate in LC datasets.21

After data were collected, annotated and postprocessed they were normalized to account for 

any instrument drift, variation, or batch effects, which may have occurred. Data were 

normalized by our in-house normalization algorithm; systematic error removal using random 

forest (SERRF).22 SERRF is a QC-based normalization method using the random forest 

algorithm.23 Briefly, SERRF was designed to be used in place of compound independent 

normalization methods such as locally estimated scatterplot smoothing (LOESS). While 

LOESS normalizes compounds independently, SERRF takes the metabolites' correlation into 

consideration and automatically assigns higher weight to important compounds. SERRF is 

nonparametric, non-linear, less prone to overfitting, robust to outliers and noise, and fast to 

train.

After normalization, we performed quality control checks at the sample and metabolite level. 

Samples with a high proportion of features estimated to be zero were considered low 

abundance (n = 2) and excluded from analyses. Each metabolite was transformed using box-

cox transformation analysis, to improve heteroscedasticity and normality.24 Metabolites with 

a coefficient of variation more than two absolute deviations from the median were excluded 

from analyses (metabolites = 344), as they may be unreliable or produce unstable estimates. 

Coefficient of variation median and median absolute deviations was calculated separately by 

panel. After quality checks, there were 2457 untargeted metabolites for statistical analyses, 

including 1905 (77%) unannotated metabolites.

2.3 ∣ Dietary intake assessment

Dietary intake was measured annually using the Willett semiquantitative food frequency 

questionnaire (FFQ) starting at age 2 years. Parents completed an FFQ representing their 

child's average intake over the previous year until age 10 years, after which study 

participants self-reported using the Youth Adolescent Questionnaire (YAQ). The FFQ has 

been previously validated,25 and the FFQ and YAQ shown to be comparable in the DAISY 

study population.26

The average amounts of daily nutrient intakes were estimated from the FFQ and YAQ at the 

Channing Laboratory, Harvard, MA. Nutrients that were measured throughout the DAISY 

study were considered for inclusion in nutrient pattern analyses. Where available, nutrient 

variables included the intake from both foods and supplements. We used the residual method 

to calculate the energy-adjusted nutrient intakes.27 For each nutrient, residuals from the 

linear regression of total calories on nutrient intake are saved and scaled by adding the 

population mean nutrient intake as a constant. There were 39 energy-adjusted nutrients 

available for nutrient pattern analysis (Table S1).
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2.4 ∣ Statistical methods

IA cases missing metabolomics and FFQ at seroconversion (n = 30), those without a FFQ at 

seroconversion (n = 25), those reporting unreasonable total calories (>5000 kcal, n = 1), or 

whose seroconversion visit occurred less than 3 months prior to T1D diagnosis (n = 1) were 

excluded from all analyses (Figure 1B). The 24 IA cases with FFQ available at 

seroconversion but no metabolomics measures were included in a sensitivity analysis 

(described below). All metabolite variables were standardized to the population mean and 

SD prior to analyses to allow for direct comparison of the magnitude of association with 

T1D. We used Cox regression to identify seroconversion metabolomics associated with 

progression from IA to T1D, adjusting for age at seroconversion and high-risk HLA (DR3/4) 

genotype. The time-to-event was defined as the time from seroconversion (the first of two 

consecutive positive visits) to diagnosis with T1D. We adjusted for multiple comparisons 

using the Benjamini-Hochberg false discovery rate.28

From the most significant metabolites identified in discovery (minimum FDR q-value), we 

used RRR to identify nutrient patterns that best explained metabolite variation. RRR helps 

summarize highdimensional data by creating linear combinations of nutrients (nutrient 

patterns) that maximize the variance explained in a set of response variables (metabolites).29 

The number of patterns retained for analyses was determined using Hotellings T2, which 

minimizes the predicted residual sum of squares. We reduced the number of nutrients 

included in RRR by first applying a stepwise regression selection procedure for each 

metabolite.30 Nutrients that significantly predicted at least two metabolites (P-value < .1, 

Table S1) were included in nutrient pattern analysis. Energy-adjusted nutrient intakes were 

standardized to the mean and SD prior to the RRR. Results of RRR included metabolite 

weights, nutrient loadings, and a nutrient pattern score for each participant, indicating how 

similar their intake was to the nutrient pattern. Weights and loadings more extreme than ±0.2 

were used to interpret the nutrient pattern.

We tested the association of metabolite-related nutrient pattern scores with progression from 

IA to T1D using Cox regression. For comparison with the nutrient pattern, we included an 

additional analysis testing individual nutrient associations with progression from IA to T1D 

for nutrients that loaded strongly (more extreme than ±0.2) on the nutrient pattern. While 

there were insufficient additional IA cases with FFQ at seroconversion to test for replication 

of the association between nutrient pattern score and progression to T1D, we conducted a 

sensitivity analysis of all IA cases with FFQ at seroconversion (n = 132 + 24 = 156) using 

Cox regression. All multivariable Cox regression models were adjusted for age at 

seroconversion and high-risk HLA (DR3/4) genotype. BMI is not associated with 

progression to T1D in DAISY,31 and therefore was not included in the multivariable models. 

SAS 9.4 (SAS Institute Inc., Cary, North Carolina) was used for all statistical analyses.

3 ∣ RESULTS

Of 132 IA cases with metabolomics and dietary intake measured at the time of 

seroconversion, 40 progressed to T1D by December 2018. Characteristics of the study 

population are shown in Table 1. T1D progressors were 48% male, mostly non-Hispanic 

white, and 63% had a first degree relative with T1D. These characteristics were similar in 
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the non-progressor group. However, compared to non-progressors, those who progressed to 

T1D had higher-risk HLA genotypes (43% vs 28%) and seroconverted to IA positivity at 

younger ages (5 years vs 7.8 years). Residual-adjusted nutrient intakes were comparable 

across ages at seroconversion (Figure S1).

From individual multivariable Cox regression models, 201 metabolites (8%) had nominal 

associations (P-value < .05) with risk of progression to T1D (Figure 2). None of these 

associations reached significance after adjustment for multiple comparisons (q-value < 

0.05). Thirteen metabolites were tied at the minimum q-value of 0.3451, including: 

threonine, histidine, choline, and 10 unannotated compounds from the biogenic amines and 

complex lipids panels. All 13 of these metabolites were used in the nutrient pattern analysis. 

Mass spectra for the compounds are included in Figure S2. The majority of nominally 

significant metabolites were associated with increased risk of progression to T1D (Figure 2).

To identify nutrient patterns using RRR, we first selected nutrients that were significant 

predictors of the 13 metabolites identified in discovery. Stepwise selection results indicated 

that 22 of 39 nutrients predicted at least two metabolites (Table S1). From RRR, one nutrient 

pattern was identified that explained 18% of metabolite variation and 5% of nutrient 

variation. The metabolite weights and nutrient loadings that define the nutrient pattern are 

shown in Figure 3. A higher score on the nutrient pattern corresponded to a diet with higher 

intake of total sugars, vitamin C, and monounsaturated fat, and lower in linoleic acid, niacin, 

riboflavin, vitamin K, vitamin B12, and caffeine (Figure 3A). Higher scores on the nutrient 

pattern also corresponded to higher amounts of unknown metabolites hilic_291, hilic_294, 

hilic_179, hilic_353, hilic_1015, hilic_383, and lower amounts of hilic_243 (Figure 3B). 

Known metabolites threonine, histidine, and choline were poorly explained by the nutrient 

pattern, as indicated by weights closer to O.

In multivariable Cox regression, nutrient pattern scores at seroconversion were associated 

with increased risk of progression from IA to T1D (Figure 3C, HR = 3.17, 95%CI = 

1.42-7.05). In analyses of the nine nutrients that loaded high on the nutrient pattern, only 

vitamin B12, riboflavin, niacin, and total sugars had significant individual associations with 

progression from IA to T1D (Figure 3C). The association between nutrient pattern score and 

risk of progression was robust in sensitivity analysis (HR = 2.49, 95%CI = 1.23-5.05).

4 ∣ DISCUSSION

We identified a nutrient pattern of intake at seroconversion that was significantly associated 

with increased risk of progression to T1D. Higher nutrient pattern scores (and increased risk 

of progression) corresponded to higher intake of total sugars, vitamin C, and 

monounsaturated fat, and lower in linoleic acid, niacin, riboflavin, vitamin K, vitamin B12, 

and caffeine. Accounting for combinations of nutrient intake in the diet using a nutrient 

pattern score resulted in a stronger association with progression to T1D (HR = 3.17) than the 

individual nutrients highly contributing to the pattern (HR range = 0.56-1.45) and the 

metabolites used to inform the pattern (HR range = 0.52-1.9), despite a wider confidence 

interval.
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Several of the nutrients that highly contributed to the nutrient pattern have been investigated 

in the development of IA or T1D for years, often resulting in small or inconsistent 

associations with disease endpoints. For example, higher intake of total sugars was 

previously associated with increased risk of progression in DAISY.5 Dietary intake of the 

omega-6 fatty acid, linoleic acid, was not associated with progression from IA to T1D.9 

However, linoleic acid status has been inconsistently identified as protective for development 

of IA.32 Similarly, the niacin derivative nicotinamide was protective for T1D in mice, but 

shown to be ineffective in a prevention trial.33 The failure to account for the inter-

relationship between nutrients may explain the inconsistencies surrounding the role of 

dietary intake in T1D development. Using a nutrient pattern rather than individual nutrients 

may better reflect etiologically relevant exposures, and help clarify the role of nutrition in 

T1D.

Other nutrients contributing to the pattern have not been directly studied but have plausible 

connection to T1D. For example, riboflavin34 and vitamin K (K1, phylloquinone)35 have 

antioxidant properties that may protect islet cells from destruction by free radicals and 

oxidative stress. Through its role as a cofactor in one-carbon metabolism, vitamin B12 

affects DNA methylation, which is also implicated in the disease process.36 Notably, vitamin 

C contributes in an unexpected direction to the nutrient pattern. Due to its antioxidant and 

anti-inflammatory properties, vitamin C would be expected to have an inverse relationship 

with risk of progression to T1D. Results from the TEDDY study indicated higher vitamin C 

was associated with lower risk of IA.37 However, these findings are not directly comparable, 

since they measured plasma ascorbic acid rather than diet and did not investigate the role of 

plasma ascorbic acid in progression from IA to T1D. Foods high in sugar may also contain 

higher amounts of vitamin C (eg, fruits, fruit juices, juice drinks with added vitamin C)—the 

tendency to receive both of these nutrients from ingestion of the same foods might explain 

the unexpected direction of effect we found for vitamin C in the covariation-based pattern 

analysis.

The metabolite discovery was primarily used as a means to capture meaningful, disease-

related variation in nutrient pattern intake. However, a broad conclusion of our 

metabolomics findings indicate that metabolic differences at seroconversion distinguish 

which IA cases will go on to T1D, similar to previous studies comparing IA cases and T1D 

cases to autoantibody negative controls.38-40 Though conducted in different disease stages, 

each study has identified various amino acids as dysregulated prior to the development of 

different disease endpoints. In our study, however, threonine and histidine were poorly 

correlated with diet and therefore less influential in the nutrient pattern. The other study 

comparing IA cases to T1D cases investigated the lipidome in cord blood.41

The majority of our candidate metabolites were unknown compounds measured on the 

HILIC panel, making comparison to previous metabolomics studies infeasible. As 

metabolomics databases grow, annotation and identification of these compounds may 

become possible. We have included mass spectra for the compounds in the supplement to 

facilitate potential future comparisons. Future work should identify and annotate these 

unknown compounds, and consider the strong correlation between metabolites, which makes 

the use of typical multiple comparison procedures too strict. Despite the limitations of 
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including unknown compounds in our analyses, they were useful for identifying 

combinations of nutrient intake associated with T1D progression.

The 13 candidate metabolites were mostly associated with increased risk of progression to 

T1D. While these associations were only nominal, our nutrient pattern explained over 18% 

of metabolite variability—over three times the amount of variability explained in previous 

dietary (food) pattern studies,42,43 and studies of individual dietary factors and targeted 

metabolites.44 This suggests that the metabolites used as response variables for identifying 

the nutrient pattern are related to nutrition. The novel use of nutrients rather than food 

groups in pattern analysis likely contributes to the increased variability explained by the 

nutrient pattern—nutrient intakes have more continuous distributions and may perform 

better in covariation-based analyses such as RRR. Nutrient patterns may be harder to 

interpret than dietary patterns of food. However, the great complexity of harmonizing foods 

across countries may lead to difficulties creating generalizable dietary food patterns 

associated with outcomes.43 Nutrients are more comparable across different populations and 

therefore may be more amenable to the development and cross-cultural implementation of 

dietary interventions to prevent T1D.

Studies investigating complex dietary intake in disease development are important, 

particularly for diseases such as T1D where dietary factors are among the leading 

hypothesized environmental risk factors. However, multivariate methods used to accomplish 

this (such as RRR) are sensitive to the selection of variables used in the analyses.45 To 

minimize the chances of random findings we have practiced judicious selection of response 

variables for pattern analysis. Modeling energy-adjusted, standardized nutrient intakes rather 

than unstandardized, unadjusted, or food groups improves the likelihood that our results will 

generalize to new populations, as they will be less affected by the variability of intake across 

age and geographic settings. Furthermore, we accounted for relevant confounders. DAISY's 

small sample size inhibited our ability to test for replication of this nutrient pattern, but our 

sensitivity analysis including an additional 24 IA cases was consistent with our primary 

findings. Replication is an important next step for establishing the robustness of our findings 

and should be conducted in other T1D studies collecting nutrient intake.

As hypothesized, examining nutrient intakes in combinations, to account for their correlation 

in intake and in biological processing, resulted in a stronger magnitude of association than 

any of the individual constituent nutrients. The relationship of highly contributing nutrients 

to the nutrient pattern is consistent with existing literature and hypotheses, suggesting that 

the contents of the diet may work in combination to affect the development of T1D, and 

should be considered jointly in future work.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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FIGURE 1. 
Study design for identifying metabolite-related nutrient patterns associated with progression 

from islet autoimmunity (IA) to T1D. A, We conducted a metabolome-wide association 

study to identify seroconversion lipidomics and metabolomics associated with progression to 

T1D by December 2018. Significant metabolites and nutrient patterns that best summarized 

them were identified using reduced rank regression. Metabolite-related nutrient pattern 

scores were tested for the risk of T1D. B, Of the 213 IA cases identified in DAISY by 

January 2015, 132 had untargeted metabolomics measures and dietary intake available at the 

time of seroconversion. DAISY, Diabetes Autoimmunity Study in the Young; T1D, type 1 

diabetes
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FIGURE 2. 
Cox regression results showing the association of 2457 metabolites with progression from 

IA to T1D. 201 metabolites (8%) had nominal P-value < .05 (above the guideline), and none 

were significant at q-value < 0.05. The 13 labeled metabolites had the minimum q-value of 

0.3451 and were selected for nutrient pattern analyses. These included threonine, histidine, 

choline, and 10 unannotated compounds. Unannotated compounds were labeled by the 

untargeted platform on which they were measured (ie, HILIC_243 was measured using 

HILIC-QTOF-MS)
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FIGURE 3. 
A seroconversion metabolite-related nutrient pattern and its association with progression 

from IA to T1D. One dietary pattern explained 5% of nutrient variation and 18% of 

metabolite variation. A, The loadings indicate which combinations of nutrients defined the 

nutrient pattern scores. B, The weights indicate which metabolites were best explained by 

the nutrient pattern. C, Multivariable Cox regression results showing the associations of the 

nutrient pattern score and individual nutrients in progression from IA to T1D. Hazard ratios 

represent one SD change in each nutrient, metabolite, or the nutrient pattern score
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