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SUMMARY

Previous prospective studies suggest that progression to autoimmune diseases is
preceded by metabolic dysregulation, but it is not clear which metabolic changes
are disease-specific and which are common across multiple immune-mediated dis-
eases. Here we investigated metabolic profiles in cord serum in a general popu-
lation cohort (All Babies In Southeast Sweden; ABIS), comprising infants who pro-
gressed to one or more immune-mediated diseases later in life: type 1 diabetes
(n = 12), celiac disease (n = 28), juvenile idiopathic arthritis (n = 9), inflammatory
bowel disease (n = 7), and hypothyroidism (n = 6); and matched controls (n = 270).
We observed elevated levels of multiple triacylglycerols (TGs) an alteration in
several gut microbiota related metabolites in the autoimmune groups. The
most distinct differences were observed in those infants who later developed
HT. The specific similarities observed in metabolic profiles across autoimmune
diseases suggest that they share specific common metabolic phenotypes at birth
that contrast with those of healthy controls.

INTRODUCTION

Autoimmunity is a complex process contributing to widespread functional decline that affects multiple or-
gans and tissues. Overall, over 80 autoimmune diseases have been identified including, among the most
common ones, type 1 diabetes (T1D), multiple sclerosis, celiac disease (CD), inflammatory bowel disease
(IBD), and rheumatoid arthritis (RA)." Several of the autoimmune diseases are manifested in childhood. The
prevalence and incidence of several of these autoimmune diseases have increased over the last de-
cades.”® The pathogenesis of most of the autoimmune diseases is, however, generally not fully character-
ized. It has been suggested that both genetic predisposition and environmental factors, and their mutual

interactions, play a significant role in the disease pathogenesis.®’

Many autoimmune diseases share common risk factors or pathogenic mechanisms. For example, T1D and
CD share common predisposing alleles in the class [l HLA-region.®? Approximately 6% of patients with T1D
also develop clinical CD'? whereas subjects with CD are at risk for developing T1D before age 20,'° T1D,
multiple sclerosis (MScl), and RA are also classified as T cell-mediated autoimmune diseases."’ Importantly,
it has been shown that fundamental processes underlying T cell functionality are linked to changes in the
cellular metabolic programs.'? External perturbation of key metabolic processes may impair T cell activa-
tion, differentiation, and cytokine production. We have also shown that differentiating human CD4 " T-cells
have subset-specific differences in glycosphingolipid pathways. '

Abnormal metabolism is a common feature of several autoimmune diseases, which occurs before the onset
of clinical disease, including in T1D,'*"> CD,"*"® and IBD.” Changes in specific phospholipids and amino
acids have been reported at birth in genetically disposed children who progressed to islet autoimmunity
and T1D later in life.'" In adolescents and adults, similarly as in children, metabolic dysregulation related
to altered phospholipid profiles and alteration in steroidogenesis, bile acid biosynthesis and sugar meta-
bolism have been reported.’” In future CD, altered levels of phospholipids and triacylglycerols have been
detected already before the infants had been exposed to gluten.” In pediatric IBD, alteration in metabo-
lome, including phospholipids, has been reported,”” with similar changes being reported also in adults
including downregulation of alky lether phospholipids such as plasmalogens.”’ In other autoimmune dis-
eases, dysregulated amino acid, central carbon, and phospholipid metabolism have been associated with
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Table 1. Demographic characteristics of the study cohort. Values shown as means (standard deviation), unless
noted otherwise

CD IBD JIA HT T1D Controls
N (F/M) 28 (9/19) 7 (5/2) 9 (3/6) 6 (0/6) 12 (8/4) 270 (124/152)
Gestational age (weeks) 40 (1.7) 40 (1.7) 40 (1.1) 39(1.8) 39 (1.0 40 (1.5)
Birth weight (g) 3705 (586)" 3540 (753) 3640 (487) 3163 (488)" 3745(512) 3580 (503)
Maternal age (year) 30.0 (4.6) 31.0(3.0) 27.0 (6.1) 30.5 (6.0) 30.0 (6.5) 29.0 (4.7)
Maternal BMI (kg/m?) 23.0(4.7) 22.3 (2.4) 23.7 (1.5) 23.4 (3.5) 22.9 (4.8) 22.9 (3.8)
Delivery (vaginal/cesarean/”)  22/3/3 4/0/3 7/2/0 5/0/1 7/3/2 231/23/48
Age of diagnosis (years) 11.5(5.7) 16 (1.6) 15 (5.3) 16 (1.6) 13.5(3.3) NA

Significant difference in comparison with the control group.
Bnot available for all subjects

biosynthesis, and steroid hormone biosynthesis have been identified.”"”” In adult CD, recent meta-analysis
reported conflicting results, however, most studies were focused on a limited set of metabolites, such as
short-chain fatty acids and ketogenic metabolites®® and the adult CD is highly heterogeneous. Overall,
especially in children, current data thus suggest that there may be some commonalities between metabolic
signatures preceding different autoimmune diseases. However, at present there are very few studies
comparing common and specific metabolic patters preceding multiple autoimmune diseases.

Herein, we investigate cord serum metabolomes in a general population cohort (All Babies In Southeast
Sweden; ABIS), % comprising children who later progressed to one or more immune-mediated diseases
(T1D, CD, juvenile RA [JIA], IBD, hypothyroidism [HT]), and matched controls. We studied the metabolic
changes across all autoimmune mediated disease groups, looking at the overall metabolic changes in
those subjects later developing a specific disease. We also investigated whether maternal lifestyle factors
had an impact on the observed changes, and further investigated the association of the specific HLA-
conferred risk factors with metabolic profiles.

RESULTS

Metabolic profiles in cord blood

Atotal of 545 lipids and 3,417 polar/semipolar metabolites were detected in cord serum, of which 201 lipids
and 120 metabolites were identified at the level 1 and 2 and quantified, and additional 20 metabolites were
identified at the level 3 (Metabolomics Standard Initiative”® as marked in Tables S1 and S2). To investigate
global changes of metabolomes across the study groups (Table 1), including also the unidentified com-
pounds, we first performed model-based clustering for the two datasets separately, with the clustering re-
sulting in 8 lipid clusters (LC) and 12 polar metabolite clusters (PC) (Table 2).

We first investigated whether the gestational age, sex, birth weight or maternal factors (including BMI,
maternal age, maternal diagnosis, dietary patterns) had an impact on the metabolome. Out of these pa-
rameters, gestational age and birth weight showed the most significant association with metabolite clus-
ters (Figure 1) and several individual metabolites (Table S1). Also, maternal age showed associations with
the lipid and metabolite clusters. Maternal BMI and diet had modest impact on cord blood metabolome,
the former via positive associations with TGs containing saturated fatty acyls. The latter had weak impact
on the cord blood metabolome (R below +0.25), except for three known metabolites of coffee that showed
significant association between maternal coffee consumption and cord blood levels of these metabolites
(R=0.38-0.81, p<0.0001). Among maternal diagnoses, other food allergies than lactose intolerance or nut
allergy showed significant associations with clusters LC7, LC8 and PC3, smoking with four polar metabolite
clusters (PC4, PC7, PC8 and PC11), use of antibiotics with LC5, LC6, PC7 and PC12 and educational level
with PC7 and PC12. The latter may be attributed to the negative association between the educational level
and smoking, and associations between educational level and diet (negative association between educa-
tional level and vegetables in the diet, positive association with eating French fries).

For further data analyses, we investigated the impact of adjustment with maternal age, maternal BMI,

gestational age, and birth weight. Among these factors, maternal age, gestational age and birth weight
had an impact on the results, and for further data analysis, the data were adjusted with these three factors.
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Table 2. Description of lipid (LC) and polar metabolite (PC) clusters

Cluster Main classes of compounds Specific examples

LC1 LPC, SM, Cer SM(42:3), LPC(22:5), Cer(d18:%24:0)

LC2 PC, PC_O PC(40:8), PC(40:6), PC(O-40:4)

LC3 CE, Lac/HexCer, PC, PI, SM CE(18:0), CE(18:1), Hexcer(d18:"24:0)

LC4 PC_PUFA, LPC_PUFA LPC(18:2), LPC(20:4), PC(38:4)

LC5 TG_SFA TG(14:0/16:0/18:1),TG(16:0/16:0/16:0), TG(50:0)
LC6 TG_MUFA, TG_PUFA TG(58:9), TG(18:1/18:%22:6), TG(58:6)

LC7 Unknowns Putative identifications: TGs

LC8 Unknowns Putative identifications: various phospholipids
PC1 Bile acids, microbial metabolites CA, CDCA, GCA, 3-indoleacetic acid

PC2 Amino acids Valine, Phenylalanine, lysine, serine

PC3 Free fatty acids, lipids Avrachidonic acid, 16-Hydroxypalmitate, LPC(17:0)
PC4 Unknowns, highly polar compounds

PC5 Free fatty acids, lipids C16:1, C18:2, linoleic acid

PC6 Unknowns

PC7 Unknowns

PC8 Unknowns

PC9 Unknowns

PC10 Unknowns

PC11 Unknowns, highly polar compounds Putative identifications: exogeneous compounds
PC12 Unknowns

Autoimmune diseases share similar metabolic profiles already at birth

We observed significant differences between the control group and the different diagnostic groups, both
at the level of lipid and metabolite clusters as well as at the level of individual metabolites (Figure 2,
Tables S2 and S3), after adjustment for gestational age, birth weight and maternal age. We investigated

Sex
GA
Del
BW

LIPID CLUSTERS
LC1 LC2 LC3 LC4 LC5 LC6 LC7 LC8

POLAR METABOLITE CLUSTERS

PC1 PC2 PC3 PC4 PC5 PCé6 PC7 PC8 PC9 PC10 PC11 PC12

0.6

BMI_mother
T1D mother
T2D mother

Lactose intolerance
Other food allergy

-06

Antibiotics
Cortisone

Hyper
Psychotropics
Analaeti

Hormones

| level

Stress

Coffee

Cow milk
Milk

Cooking fat
Sandwich fat
Milk products

Eggs

Pork

Cream
Cakes
French fries

Figure 1. Associations of various demographic and lifestyle factors, and food intake with metabolome
Spearman correlations shown between lipid and polar metabolite clusters and the metadata. *p<0.05. Abbreviations:
BW, birth weight; Del, delivery mode (cesarean versus vaginal); GA, gestational age; Sex (female versus male); T1D, type 1
diabetes; T2D, type 2 diabetes.

iScience 26, 106268, March 17, 2023 3




¢? CellPress

OPEN ACCESS
A T’T—Iﬁ B %ﬁ

PC5
PC10
PC12
PC8
PC1
PC3
PC9
* PC2
* * PC4
* PC11
PC7
* PCé
T1D

*
cD JIA. HT IBD

E .

-1-05005 1 2101 2

TID IBD JIA CD

Figure 2. Comparison of different autoimmune disease groups and controls at the metabolite cluster level
(A) Lipid clusters and (B) metabolite clusters. Logfold change (FC) with *p.adjusted<0.05. Cluster descriptions are
provided in Table 2.

the differences both at the level of individual disease diagnosis as well as by pooling all autoimmune cases
together, excluding the HT group as it appeared to be an outlier among the disease groups.

Among the individual diagnostic groups, the subjects who later developed HT differed most significantly
from the control group. Five of the eight lipid clusters showed significantly upregulated levels in HT
compared to controls. Overall, all disease groups showed a trend of upregulation of lipid clusters LC5,
LC6 and LC8, although the difference between the groups compared with controls was only significant
for HT. These three lipid clusters are composed of mainly triacyclglycerols (TGs). Overall, T1D and IBD clus-
tered together with similar trend over multiple lipid clusters. Similarly, CD and JIA clustered together. On
metabolic cluster level, T1D showed significant differences in comparison with control group in PC2, PC4,
PC7 and PC11. The CD group showed significant differences in PC4 and PC5, whereas the IBD group
showed significant differences in PC6. PC2 includes mainly amino acids, PC5 includes mainly on free fatty
acids, and other polar lipids, PC4 and PC11 consist of mainly unidentified metabolites, which based on
their chromatographic behavior are highly polar small metabolites, whereas PC7 includes semipolar com-
pounds putatively identified as free fatty acids and polar lipid derivatives.

Among the individual metabolites, 17 lipids and seven polar metabolites were different between the con-
trol and case groups at the level of nominal p values; however, none reached statistical significance after
FDR correction. These lipids were mainly TGs comprising saturated fatty acyls, whereas the polar metab-
olites included mainly secondary bile acids, one short-chain fatty acid, and two amino acids. In specific dis-
eases, we observed changes particularly in HT in lipids, with upregulated levels of large number of lipids
(TGs, SMs, and several other phospholipids) and downregulation of dehydroepiandrosterone sulfate. In
CD, we observed a trend of decreased levels of phospholipids (PC, SM), secondary bile acid UDCA and
serine and increased TGs, isovaleric acid and C20:5. In IBD, trend of decreased levels of ether PCs and
some other phospholipids were observed as well as increased levels of isovaleric and isocapric acid. In
JIA, the main difference was in TGs, with increased levels compared to controls, and also differences in
several gut microbiota-related metabolites. In T1D, we observed decreased levels of phospholipids,
including PCs and SMs, and downregulation of CDCA and fructose.

The autoimmune cases showed difference in metabolic co-regulation

Next, we investigated the interplay of the lipid and metabolite clusters and clinical features in autoimmune
cases and control groups separately (Figure 3A) as well as those lipids and polar metabolites that showed sig-
nificant differences (Figure 3B). In autoimmune group, the gestational age showed negative association with
PC9 whereas this association was much weaker in control group. The birth weight showed negative association
with LC6 in the autoimmune group whereas this association was absent in the control group. We also observed
clear differences between the case and control groups in metabolite and lipid cluster mutual associations.

Pathway analysis reveals alteration in lipid metabolism

Pathway analyses were performed by comparing controls against autoimmune mediated diseases grouped
together (CD, T1D, JIA, IBD) using both Mummichog and GeneSet Enrichment Analysis (GSEA) algorithms
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Figure 3. Relative levels of selected metabolites across the study groups
*p.adjusted<0.05. Linear models adjusted for for maternal age, birth weight and gestational age.

for the pathway analyses to increase their robustness. We further filtered the results based on the number of
metabolites detected in each pathway and the number of significant hits. The results indicated that the
autoimmunity was associated with multiple pathways including arachidonic acid metabolism, steroid
and tryptophan metabolism (Figure 4).

Next, we selected those lipids that contain either arachidonic acid (AA) or docosahexaenoic acid (DHA), as
these lipids have shown to be a crucial role in the development of the infant immune system.”” We then
examined the difference between the controls and autoimmune groups, by applying a partial correlation
analysis (Figures 5A and 5B). The intra-lipid correlations were clearly weaker in the autoimmune group
when compared with the control group (Figure 5A), although there was no significant difference in the par-
tial correlation between lipid classes on the two groups (Figure 5B).

HLA risk is associated with changes in amino acid and PUFA

Next, we investigated the association between HLA risk genotype and metabolite profiles, both at the clus-
ter and individual metabolite level by using a linear regression model. For T1D, the risk genotypes were
classified as decreased, neutral, increased, and high risk while in CD, the groups were very low, low, and
moderate. The T1D risk type was associated with LC2, PC2 and PC4, the latter two showing reduced levels
in comparison with the decreased genotype versus neutral, increased, and high-risk genotypes (Figure 6).
At the level of individual lipids and polar metabolites, large number of phospholipids, both PCs and SMs,
particularly those PCs with PUFA showed similar trends, as well as AA and DHA, i.e., with reduced levels
with increasing risk HLA risk genotype (Table S4). For CD, the metabolic profiles did not show associations
with the risk genotype.

DISCUSSION

We performed untargeted metabolomics analyses to obtain a comprehensive picture of metabolic profiles
in cord blood samples in infants who later developed autoimmune diseases. The similarities in metabolic
profiles, particularly across T1D, JIA, IBD, CD, suggests that the diseases share common metabolic alter-
ation already at birth, i.e., years before the onset of the disease. As a common feature, we observed
elevated levels of multiple classes of TGs, including both saturated and polyunsaturated fatty acid contain-
ing TGs. In addition, multiple gut microbiota related metabolites, such as secondary bile acids UDCA and
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Figure 4. Pathway analysis comparing cases (without HT group) versus controls

The upper panels show pvalues using the MFN (left) and KEGG (right) pathway maps, using Mummichog (yaxis) and GSEA (xaxis) pathway analysis methods.
Size of the circle corresponds to the pathway impact value. The corresponding tables with number of metabolites in the pathways (total number/hits/
significant hits) and pvalues shown under these panels. Abbreviations: Meta pvalue calculated by combined GSEA and Mummichog score; Sig, significant.

ketolithocholic acid, were altered in the autoimmune groups. The most significant pathways impacted were
related to arachidonic acid derived fatty acid metabolism (prostaglandin and leukotriene metabolism) and
steroid hormone metabolism. Of individual diseases, most distinct differences were observed in those in-
fants who later developed HT, showing significantly increased levels of large number of lipids.

We also observed that phospholipids, particularly PUFA containing lipids, as well as free fatty acids AA and
DHA were associated with HLA-conferred disease risk, with decreased levels of this type of lipids with
increasing genotype risk profile. The AA pathway has been shown to play a key role in inflammatory pro-
cesses.’*" Indeed, chronic inflammation is known to be an underlying cause of multiple diseases, such
as metabolic syndrome, type 2 diabetes, non-alcoholic fatty liver disease, hypertension, cardiovascular dis-
ease, and autoimmune diseases.>” The role of arachidonic acid in inflammation is related to the production
of oxylipins, which are oxygenated lipid mediators that promote or resolve inflammation.’® The AA-related
oxylipins are usually considered to be inflammatory, proliferative and vasoconstrictive.*® Elevated plasma
arachidonic acid to docosahexaenoic acid ratios have also been associated with increased risk of IA in the
Finnish Type 1 Diabetes Prediction and Prevention Study (DIPP) birth cohort.”*** The AA-related oxylipins
have also been shown to be associated with increased risk of type 1 diabetes risk in Diabetes Autoimmunity
Study in the Young (DAISY) cohort.*’ Also in adult subjects with IBD, PUFA dysregulation has been
suggested to be associated in the bowel inflammation process through eicosanoids, derived from AA
corresponding to increased colonic inflammatory cytokines and increased serum fatty acids.®” Similarly,
in rheumatoid arthritis, AA metabolism has been suggested to play an important role in the disease
manifestation.”?
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Figure 5. Partial correlation network analysis, done separately for controls and cases (excluding HT)

Here, each node represents a metabolite, metabolite cluster, or a clinical parameter (gray color). Each edge represents
the strength of partial correlation between two compounds/parameters after conditioning on all other compounds in the
datasets. Edge weights represent the partial correlation coefficients, with Edge colors: blue color for negative
correlations and red for positive correlations, the thickness of the line shows the strength of the correlation. Edge ranges
adjusted between +0.22 to 1.

(A) Arachidonic acid and DHA containing lipids in yellow color, with partial correlations p<0.1.

(B) Network on the level of lipid (yellow color) and polar metabolite clusters (blue color).

Currently, there are no previous studies that compared the metabolic patterns in cord-blood of children
who later developed different autoimmune diseases in a general population-based set-up, or studies
that would have linked the HLA risk type with metabolic profiles in infants. There are multiple studies,
including our earlier studies on predictive metabolic patterns of T1 D'*3¢ and CD,” however, these have
been done in a genetically high-risk cohorts. We did observe some similarities with the current study
and our earlier results, particularly related to changes in CD. However, it should be noted that the current
cohort has distinct differences related to previous studies, particularly as in the current cohort the median
age of diagnosis was 15 years, whereas in the high risk T1D and CD cohorts we have investigated earlier the
median age of diagnosis was much lower (<10 years). Our results were also in agreement of published
results on metabolomic changes reported in patients with rheumatoid arthritis which have reported that
children with active JIA had higher plasma triglyceride concentrations compared to healthy control sub-
jects.?’/'38 Adult subjects with rheumatoid arthritis, on the other hand, have shown to have lower levels of

multiple LPCs, which were further correlated with interleukin-6 and disease activity indices.”®

Overall, our study suggests that there are shared metabolic characteristics across multiple autoimmune
diseases, plausibly because of shared physiopathologic mechanisms, genetic and environmental factors
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Figure 6. Impact of HLA-conferred risk for T1D on metabolic profiles

LIMMA model, adjusted with maternal age, birth weight and gestational age, logarithmic fold changes between cases
with neutral versus decreased risk (green), increased versus decreased risk (yellow) and high versus decreased risk (red) for
lipid cluster 2 (p = 0.018) and polar metabolite clusters 2 (p= 0.041) and 4 (p = 0.015).

because of autoimmune tautology. However, more mechanistic studies are required to elucidate the path-
ways responsible for the disease development, and the factors contributing to the process.

This study in a general-population prospective birth cohort indicates that future autoimmune diseases
share several common features in metabolic profiles at birth. The causes of these common features
and their relevance for disease pathogenesis are yet to be elucidated. Given these metabolic profiles
are detected already at birth, likely causes are attributed to maternal diet and other environmental
exposures.

Limitations of the study

We acknowledge limitations of the study. The number of subjects within each disease group was low.
This is an inherent limitation of general population study setting when studying the diseases with low
incidence. As a strength of such setting, the study is not limited to populations with HLA-conferred
risk of specific diseases, thus allowing for comparative studies across the different diseases. Although
the analytical coverage of the metabolites was comprehensive, we could not identify all metabolites de-
tected. However, the pathway analysis tool does include the whole data and it also includes pathway to
identify the unknown compounds, thus giving a representative view of the metabolic changes at the
pathway level.

STARXMETHODS

Detailed methods are provided in the online version of this paper and include the following:

o KEY RESOURCES TABLE
o RESOURCE AVAILABILITY
O Lead contact
O Materials availability
O Data and code availability
e METHOD DETAILS
o EXPERIMENTAL MODEL AND SUBJECT DETAILS
O Lipidomics and metabolomics
O Lipidomic analysis
O Analysis of polar metabolites
o QUANTIFICATION AND STATISTICAL ANALYSIS
O Quantification
O Statistical analyses
O Model-based metabolite clustering
O Linear regression analysis
O Pathway analysis

SUPPLEMENTAL INFORMATION
Supplemental information can be found online at https://doi.org/10.1016/].isci.2023.106268.

8 iScience 26, 106268, March 17, 2023


https://doi.org/10.1016/j.isci.2023.106268

iScience

ACKNOWLEDGMENTS

This work was supported by the Swedish Research Council [2020-03674; to TH] and Formas [2019-00869; to
TH]. The ABIS cohort study (JL) was supported by Barndiabetesfonden (Swedish Child Diabetes Founda-
tion), the Swedish Council for Working Life and Social Research [FAS2004-1775 and FAS2004-1775], Swed-
ish Research Council [K2005-72 x -11242-11A and K2008-69 X -20826-01-4, K2008-69 x -20826-01-4], Ost-
gdéta Brandstodsbolag, Medical Research Council of Southeast Sweden (FORSS), JDRF, Wallenberg
Foundation [K 98-99D-12813-01A], and ALF-and LfoU grants from Region Ostergétland and Linképing Uni-
versity, Sweden.

AUTHOR CONTRIBUTIONS

T.H., M.O., J.L, and EW.T. designed and conceptualized the study. J.L. was responsible for the manage-
ment of the clinical cohort study. T.H. and T.G. had a major role in the acquisition of the metabolomics data.
T.H. and B.S.K. conducted statistical analysis. T.H. and M.O. provided significant statistical advice. T.H. and
M.O. drafted the manuscript and verified the underlying data. All authors interpreted the data, reviewed
and approved the manuscript for intellectual content.

DECLARATION OF INTERESTS

The authors have no conflict of interest to declare.

Received: October 27, 2022
Revised: January 24, 2023
Accepted: February 19, 2023
Published: February 25, 2023

REFERENCES

1.

Cho, J.H., and Feldman, M. (2015).
Heterogeneity of autoimmune diseases:
pathophysiologic insights from genetics and
implications for new therapies. Nat. Med. 21,
730-738. https://doi.org/10.1038/nm.3897.

. Harjutsalo, V., Sund, R., Knip, M., and Groop,

P.H. (2013). Incidence of type 1 diabetes in
Finland. JAMA 310, 427-428. https://doi.org/
10.1001/jama.2013.8399.

. Patterson, C.C., Dahlquist, G.G., Gytiris, E.,

Green, A., and Soltész, G.; EURODIAB Study
Group (2009). Incidence trends for childhood
type 1 diabetes in Europe during 1989-2003
and predicted new cases 2005-20: a
multicentre prospective registration study.
Lancet 373, 2027-2033. https://doi.org/10.
1016/S0140-6736(09)60568-7.

. Carstensen, B., Rann, P.F., and Jargensen,

M.E. (2020). Prevalence, incidence and
mortality of type 1 and type 2 diabetes in
Denmark 1996-2016. BMJ Open Diabetes
Res. Care 8, e001071. https://doi.org/10.
1136/bmjdrc-2019-001071.

. Berhan, Y., Waernbaum, [., Lind, T., Méllsten,

A., and Dahlquist, G.; Swedish Childhood
Diabetes Study Group (2011). Thirty years of
prospective nationwide incidence of
childhood type 1 diabetes: the accelerating
increase by time tends to level off in Sweden.
Diabetes 60, 577-581. https://doi.org/10.
2337/db10-0813.

. Katsarou, A., Gudbjsérnsdottir, S., Rawshani,

A., Dabelea, D., Bonifacio, E., Anderson, B.J.,
Jacobsen, LM., Schatz, D.A., and Lernmark,
A. (2017). Type 1 diabetes mellitus. Nat. Rev.
Dis. Primers 3, 17016. https://doi.org/10.

1038/nrdp.2017.16.

7.

1.

McGlinchey, A., Sinioja, T., Lamichhane, S.,
Bodin, J., Siljander, H., Geng, D., Carlsson,
C., Duberg, D., llonen, J., Virtanen, S.M., et al.
(2019). Prenatal exposure to environmental
chemicals modulates serum phospholipids in
newborn infants, increasing later risk of type 1
diabetes. Preprint at bioRxiv, 588350. https://
doi.org/10.1101/588350 %J bioRxiv.

. llonen, J., Kiviniemi, M., Lempainen, J.,

Simell, O., Toppari, J., Veijola, R., and Knip,
M.; Finnish Pediatric Diabetes Register
(2016). Genetic susceptibility to type 1
diabetes in childhood — estimation of HLA
class Il associated disease risk and class ||
effect in various phases of islet autoimmunity.
Pediatr. Diabetes 17, 8-16. https://doi.org/
10.1111/pedi.12327.

. Sen, P, Carlsson, C., Virtanen, S.M., Simell, S.,

Hyéty, H., llonen, J., Toppari, J., Veijola, R.,
Hystyldinen, T., Knip, M., and Oresi¢, M.
(2019). Persistent alterations in plasma lipid
profiles before introduction of gluten in the
diet associated with progression to celiac
disease. Clin. Transl. Gastroenterol. 10, 1-10.
https://doi.org/10.14309/ctg.
0000000000000044.

. Ludvigsson, J.F., Ludvigsson, J., Ekbom, A,

and Montgomery, S.M. (2006). Celiac disease
and risk of subsequent type 1 diabetes: a
general population cohort study of children
and adolescents. Diabetes Care 29, 2483—
2488. https://doi.org/10.2337/dc06-0794.

Theofilopoulos, A.N., Kono, D.H., and
Baccala, R. (2017). The multiple pathways to
autoimmunity. Nat. Immunol. 18, 716-724.
https://doi.org/10.1038/ni.3731.

12.

14.

15.

17.

¢? CellPress

OPEN ACCESS

Almeida, L., Lochner, M., Berod, L., and
Sparwasser, T. (2016). Metabolic pathways in
T cell activation and lineage differentiation.
Semin. Immunol. 28, 514-524. https://doi.
org/10.1016/j.smim.2016.10.009.

. Sen, P., Andrabi, S.B.A., Buchacher, T., Khan,

M.M., Kalim, U.U., Lindeman, T.M., Alves,
M.A., Hinkkanen, V., Kemppainen, E.,
Dickens, A.M., et al. (2021). Quantitative
genome-scale metabolic modeling of human
CD4+ T cell differentiation reveals subset-
specific regulation of glycosphingolipid
pathways. Cell Rep. 37, 109973. https://doi.
org/10.1016/j.celrep.2021.109973.

Oresic, M., Gopalacharyulu, P., Mykkénen, J.,
Lietzen, N., M&kinen, M., Nygren, H., Simell,
S., Simell, V., Hyéty, H., Veijola, R., et al.
(2013). Cord serum lipidome in prediction of
islet autoimmunity and type 1 diabetes.
Diabetes 62, 3268-3274. https://doi.org/10.
2337/db13-0159.

Lamichhane, S., Ahonen, L., Dyrlund, T.S.,
Kemppainen, E., Siljander, H., Hy&ty, H.,
llonen, J., Toppari, J., Veijola, R., Hyétyldinen,
T., et al. (2018). Dynamics of plasma lipidome
in progression to islet autoimmunity and type
1 diabetes — type 1 diabetes prediction and
prevention study (DIPP). Sci. Rep. 8, 10635.
https://doi.org/10.1038/s41598-018-28907-8.

. Martin-Masot, R., Galo-Licona, J.D., Mota-

Martorell, N., Sol, J., Jové, M., Maldonado, J.,
Pamplona, R., and Nestares, T. (2021). Up-
Regulation of specific bioactive lipids in celiac
disease. Nutrients 13, 2271.

Mustieles, V., Fernandez, M.F., Martin-

Olmedo, P., Gonzélez-Alzaga, B., Fontalba-
Navas, A., Hauser, R, Olea, N., and Arrebola,

iScience 26, 106268, March 17, 2023 9



https://doi.org/10.1038/nm.3897
https://doi.org/10.1001/jama.2013.8399
https://doi.org/10.1001/jama.2013.8399
https://doi.org/10.1016/S0140-6736(09)60568-7
https://doi.org/10.1016/S0140-6736(09)60568-7
https://doi.org/10.1136/bmjdrc-2019-001071
https://doi.org/10.1136/bmjdrc-2019-001071
https://doi.org/10.2337/db10-0813
https://doi.org/10.2337/db10-0813
https://doi.org/10.1038/nrdp.2017.16
https://doi.org/10.1038/nrdp.2017.16
https://doi.org/10.1101/588350 &percnt;J bioRxiv
https://doi.org/10.1101/588350 &percnt;J bioRxiv
https://doi.org/10.1111/pedi.12327
https://doi.org/10.1111/pedi.12327
https://doi.org/10.14309/ctg.0000000000000044
https://doi.org/10.14309/ctg.0000000000000044
https://doi.org/10.2337/dc06-0794
https://doi.org/10.1038/ni.3731
https://doi.org/10.1016/j.smim.2016.10.009
https://doi.org/10.1016/j.smim.2016.10.009
https://doi.org/10.1016/j.celrep.2021.109973
https://doi.org/10.1016/j.celrep.2021.109973
https://doi.org/10.2337/db13-0159
https://doi.org/10.2337/db13-0159
https://doi.org/10.1038/s41598-018-28907-8
http://refhub.elsevier.com/S2589-0042(23)00345-0/sref16
http://refhub.elsevier.com/S2589-0042(23)00345-0/sref16
http://refhub.elsevier.com/S2589-0042(23)00345-0/sref16
http://refhub.elsevier.com/S2589-0042(23)00345-0/sref16
http://refhub.elsevier.com/S2589-0042(23)00345-0/sref16

¢? CellPress

20.

21.

22.

23.

24.

25.

26.

10

OPEN ACCESS

J.P. (2017). Human adipose tissue levels of
persistent organic pollutants and metabolic
syndrome components: combining a
cross-sectional with a 10-year longitudinal
study using a multi-pollutant approach.
Environ. Int. 104, 48-57. https://doi.org/10.
1016/j.envint.2017.04.002.

. Sen, P, Carlsson, C., Virtanen, S.M., Simell, S.,

Hyéty, H., llonen, J., Toppari, J., Veijola, R.,
Hyétylainen, T., Knip, M., and Oresi¢, M.
(2019). Persistent alterations in plasma lipid
profiles before introduction of gluten in the
diet associated with progression to celiac
disease. Clin. Transl. Gastroenterol. 10, 1-10.
https://doi.org/10.14309/ctg.
0000000000000044.

. Clos-Garcia, M., Ahluwalia, T.S., Winther,

S.A., Henriksen, P., Ali, M., Fan, Y., Stankevic,
E., Lyu, L., Vogt, J.K, Hansen, T, et al. (2022).
Multiomics signatures of type 1 diabetes with
and without albuminuria. Front. Endocrinol.
13, 1015557. https://doi.org/10.3389/fendo.
2022.1015557.

Filimoniuk, A., Daniluk, U., Samczuk, P.,
Wasilewska, N., Jakimiec, P., Kucharska, M.,
Lebensztejn, D.M., and Ciborowski, M. (2020).
Metabolomic profiling in children with
inflammatory bowel disease. Adv. Med. Sci.
65, 65-70. https://doi.org/10.1016/j.advms.
2019.12.009.

Fan, F., Mundra, P.A., Fang, L., Galvin, A,
Moore, X.L., Weir, J.M., Wong, G., White,
D.A., Chin-Dusting, J., Sparrow, M.P., et al.
(2015). Lipidomic profiling in inflammatory
bowel disease: comparison between
ulcerative colitis and crohn’s disease.
Inflamm. Bowel Dis. 21, 1511-1518. https://
doi.org/10.1097/MIB.0000000000000394.

Xu, L., Chang, C., Jiang, P., Wei, K., Zhang, R.,
Jin, Y., Zhao, J., Xu, L., Shi, Y., Guo, S., and He,
D. (2022). Metabolomics in rheumatoid
arthritis: advances and review. Front.
Immunol. 13, 961708. https://doi.org/10.
3389/fimmu.2022.961708.

Su, J., Li, S., Chen, J., Jian, C., Hu, J., Du, H.,
Hai, H., Wu, J., Zeng, F., Zhu, J., and Liu, Y.
(2022). Glycerophospholipid metabolism is
involved in rheumatoid arthritis pathogenesis
by regulating the IL-6/JAK signaling pathway.
Biochem. Biophys. Res. Commun. 600,
130-135. https://doi.org/10.1016/j.bbrc.
2022.02.003.

Liu, J., Fu, J., Jia, Y., Yang, N., Li, J., and
Wang, G. (2020). Serum metabolomic
patterns in patients with autoimmune thyroid
disease. Endocr. Pract. 26, 82-96. https://doi.
org/10.4158/EP-2019-0162.

Shao, F., Li, R., Guo, Q., Qin, R., Su, W., Yin,
H., and Tian, L. (2022). Plasma metabolomics
reveals systemic metabolic alterations of
subclinical and clinical hypothyroidism.

J. Clin. Endocrinol. Metab. 108, 13-25.
https://doi.org/10.1210/clinem/dgac555.

Vacca, M., Porrelli, A., Calabrese, F.M.,

Lippolis, T., lacobellis, I., Celano, G., Pinto,
D., Russo, F., Giannelli, G., and De Angelis, M.

iScience 26, 106268, March 17, 2023

27.

28.

29.

30.

31.

32.

33.

34.

35.

(2022). How metabolomics provides novel
insights on celiac disease and gluten-free
diet: anarrative review. Front. Microbiol. 13,
859467. https://doi.org/10.3389/fmicb.2022.
859467.

Ludvigsson, J., Ludvigsson, M., and Sepa, A.
(2001). Screening for prediabetes in the
general child population: maternal attitude
to participation. Pediatr. Diabetes 2, 170-174.
https://doi.org/10.1034/j.1399-5448.2001.
20405 .x.

Sumner, LW., Amberg, A., Barrett, D., Beale,
M.H., Beger, R., Daykin, C.A., Fan, TW.M.,
Fiehn, O., Goodacre, R., Griffin, J.L., et al.
(2007). Proposed minimum reporting
standards for chemical analysis chemical
analysis working group (CAWG)
metabolomics standards initiative (MSI).
Metabolomics 3,211-221. https://doi.org/10.
1007/511306-007-0082-2.

Forsyth, S., Gautier, S., and Salem, N. (2017).
The importance of dietary DHA and ARA in
early life: a public health perspective. Proc.
Nutr. Soc. 76, 568-573. https://doi.org/10.
1017/S0029665117000313.

Gabbs, M., Leng, S., Devassy, J.G.,
Monirujjaman, M., and Aukema, H.M. (2015).
Advances in our understanding of oxylipins
derived from dietary PUFAs. Adv. Nutr. 6,
513-540. https://doi.org/10.3945/an.114.
007732.

Buckner, T., Vanderlinden, L.A., DeFelice,
B.C., Carry, P.M., Kechris, K., Dong, F., Fiehn,
Q., Frohnert, B.I., Clare-Salzler, M., Rewers,
M., and Norris, J.M. (2021). The oxylipin
profile is associated with development of
type 1 diabetes: the Diabetes Autoimmunity
Study in the Young (DAISY). Diabetologia é4,
1785-1794. https://doi.org/10.1007/s00125-
021-05457-9.

Furman, D., Campisi, J., Verdin, E., Carrera-

Bastos, P., Targ, S., Franceschi, C., Ferrucci,

L., Gilroy, D.W., Fasano, A., Miller, G.W., et al.
(2019). Chronic inflammation in the etiology

of disease across the life span. Nat. Med. 25,
1822-1832. https://doi.org/10.1038/s41591-

019-0675-0.

Virtanen, S.M., Niinistd, S., Nevalainen, J.,
Salminen, |., Takkinen, H.M., K&arig, S.,
Uusitalo, L., Alfthan, G., Kenward, M.G.,
Veijola, R., et al. (2010). Serum fatty acids and
risk of advanced B-cell autoimmunity: a
nested case—control study among children
with HLA-conferred susceptibility to type |
diabetes. Eur. J. Clin. Nutr. 64, 792-799.
https://doi.org/10.1038/ejcn.2010.75.

Johnson, RK., Vanderlinden, L., DeFelice,
B.C., Kechris, K., Uusitalo, U., Fiehn, O.,
Sontag, M., Crume, T, Beyerlein, A.,
Lernmark, A., et al. (2019). Metabolite-related
dietary patterns and the development of islet
autoimmunity. Sci. Rep. 9, 14819. https://doi.
org/10.1038/541598-019-51251-4.

Scoville, E.A., Allaman, M.M., Brown, C.T,
Motley, A.K., Horst, S.N., Williams, C.S.,
Koyama, T., Zhao, Z., Adams, D.W., Beaulieu,

36.

37.

38.

39.

40.

41.

42.

43.

44,

iScience

D.B., et al. (2018). Alterations in lipid, amino
acid, and energy metabolism distinguish
crohn'’s disease from ulcerative colitis and
control subjects by serum metabolomic
profiling. Metabolomics 14, 17. https://doi.
org/10.1007/s11306-017-1311-y.

Oresic, M., Simell, S., Sysi-Aho, M.,
Nanto-Salonen, K., Seppéanen-Laakso, T.,
Parikka, V., Katajamaa, M., Hekkala, A.,
Mattila, I., Keskinen, P., et al. (2008).
Dysregulation of lipid and amino acid
metabolism precedes islet autoimmunity in
children who later progress to type 1
diabetes. J. Exp. Med. 205, 2975-2984.
https://doi.org/10.1084/jem.20081800.

llowite, N.T., Samuel, P., Beseler, L., and
Jacobson, M.S. (1989). Dyslipoproteinemia in
juvenile rheumatoid arthritis. J. Pediatr. 114,
823-826. https://doi.org/10.1016/50022-
3476(89)80148-9.

Tselepis, A.D., Elisaf, M., Besis, S., Karabina,
S.A., Chapman, M.J., and Siamopoulou, A.
(1999). Association of the inflammatory state
in active juvenile rheumatoid arthritis with
hypo-high-density lipoproteinemia and
reduced lipoprotein-associated platelet-
activating factor acetylhydrolase activity.
Arthritis Rheum. 42, 373-383. https://doi.org/
10.1002/1529-0131.

Pluskal, T., Castillo, S., Villar-Briones, A., and
Oresic, M. (2010). MZmine 2: modular
framework for processing, visualizing, and
analyzing mass spectrometry-based
molecular profile data. BMC Bioinf. 11, 395.
https://doi.org/10.1186/1471-2105-11-395.

Pluskal, T., Castillo, S., Villar-Briones, A., and
Oresic, M. (2010). MZmine 2: modular
framework for processing, visualizing, and
analyzing mass spectrometry-based
molecular profile data. BMC Bioinf. 11, 395.
https://doi.org/10.1186/1471-2105-11-395.

Pang, Z., Zhou, G., Ewald, J., Chang, L.,
Hacariz, O., Basu, N., and Xia, J. (2022). Using
MetaboAnalyst 5.0 for LC-HRMS spectra
processing, multi-omics integration and
covariate adjustment of global metabolomics
data. Nat. Protoc. 17, 1735-1761. https://doi.
org/10.1038/s41596-022-00710-w.

Ritchie, M.E., Smyth, G.K., Phipson, B., Wu,
D., Hu, Y., Shi, W., and Law, C.W. (2015).
Limma powers differential expression
analyses for RNA-sequencing and microarray
studies. Nucleic Acids Res. 43, e47. https://
doi.org/10.1093/nar/gkv007.

Xia, J., and Wishart, D.S. (2010). MetPA: a
web-based metabolomics tool for pathway
analysis and visualization. Bioinformatics 26,
2342-2344. https://doi.org/10.1093/
bioinformatics/btg418.

Chong, J., Soufan, O., Li, C., Caraus, I, Li, S.,
Bourque, G., Wishart, D.S., and Xia, J. (2018).
MetaboAnalyst 4.0: towards more
transparent and integrative metabolomics
analysis. Nucleic Acids Res. 46, W486-\W494.
https://doi.org/10.1093/nar/gky310.


https://doi.org/10.1016/j.envint.2017.04.002
https://doi.org/10.1016/j.envint.2017.04.002
https://doi.org/10.14309/ctg.0000000000000044
https://doi.org/10.14309/ctg.0000000000000044
https://doi.org/10.3389/fendo.2022.1015557
https://doi.org/10.3389/fendo.2022.1015557
https://doi.org/10.1016/j.advms.2019.12.009
https://doi.org/10.1016/j.advms.2019.12.009
https://doi.org/10.1097/MIB.0000000000000394
https://doi.org/10.1097/MIB.0000000000000394
https://doi.org/10.3389/fimmu.2022.961708
https://doi.org/10.3389/fimmu.2022.961708
https://doi.org/10.1016/j.bbrc.2022.02.003
https://doi.org/10.1016/j.bbrc.2022.02.003
https://doi.org/10.4158/EP-2019-0162
https://doi.org/10.4158/EP-2019-0162
https://doi.org/10.1210/clinem/dgac555
https://doi.org/10.3389/fmicb.2022.859467
https://doi.org/10.3389/fmicb.2022.859467
https://doi.org/10.1034/j.1399-5448.2001.20405.x
https://doi.org/10.1034/j.1399-5448.2001.20405.x
https://doi.org/10.1007/s11306-007-0082-2
https://doi.org/10.1007/s11306-007-0082-2
https://doi.org/10.1017/S0029665117000313
https://doi.org/10.1017/S0029665117000313
https://doi.org/10.3945/an.114.007732
https://doi.org/10.3945/an.114.007732
https://doi.org/10.1007/s00125-021-05457-9
https://doi.org/10.1007/s00125-021-05457-9
https://doi.org/10.1038/s41591-019-0675-0
https://doi.org/10.1038/s41591-019-0675-0
https://doi.org/10.1038/ejcn.2010.75
https://doi.org/10.1038/s41598-019-51251-4
https://doi.org/10.1038/s41598-019-51251-4
https://doi.org/10.1007/s11306-017-1311-y
https://doi.org/10.1007/s11306-017-1311-y
https://doi.org/10.1084/jem.20081800
https://doi.org/10.1016/S0022-3476(89)80148-9
https://doi.org/10.1016/S0022-3476(89)80148-9
https://doi.org/10.1002/1529-0131
https://doi.org/10.1002/1529-0131
https://doi.org/10.1186/1471-2105-11-395
https://doi.org/10.1186/1471-2105-11-395
https://doi.org/10.1038/s41596-022-00710-w
https://doi.org/10.1038/s41596-022-00710-w
https://doi.org/10.1093/nar/gkv007
https://doi.org/10.1093/nar/gkv007
https://doi.org/10.1093/bioinformatics/btq418
https://doi.org/10.1093/bioinformatics/btq418
https://doi.org/10.1093/nar/gky310

iScience

STARxMETHODS

KEY RESOURCES TABLE

¢? CellPress

OPEN ACCESS

REAGENT or RESOURCE SOURCE IDENTIFIER
Chemicals, Peptides and Recombinant Proteins

2-diheptadecanoyl-sn-glycero-3- phosphoethanolamine (PE(17:0/17:0)) Avanti Polar Lipids Cat#830756
N-heptadecanoyl-D-erythro- sphingosylphosphorylcholine (SM(d18:1/17:0)) Avanti Polar Lipids Cat#860585
1-stearoyl-2-hydroxy-sn-glycero-3- phosphocholine (LPC(18:0)) Avanti Polar Lipids Cat#855775
2-diheptadecanoyl-sn-glycero-3- phosphocholine (PC(17:0/17:0)) Avanti Polar Lipids Cat#850360
1-heptadecanoyl-2-hydroxy-sn-glycero-3- phosphocholine (LPC(17:0)) Avanti Polar Lipids Cat#855676
2-Dioctadecanoyl-sn-glycero-3- phosphocholine (PC(18:0/18:0)) Avanti Polar Lipids Cat#850333
1-Hexadecanoyl-2-oleoyl-sn-glycero-3- phosphocholine (PC(16:0/18:1) Avanti Polar Lipids Cat#850457
1-(9Z-octadecenoyl)-sn-glycero-3- phosphoethanolamine (LPE(18:1)) Avanti Polar Lipids Cat#850456
1-Palmitoyl-2-Hydroxy-sn-Glycero-3- Phosphatidylcholine (LPC(16:0)) Avanti Polar Lipids Cat#846725

triheptadecanoylglycerol (TG(17:0/17:0/17:0))

trihexadecanoalglycerol (TG(16:0/16:0/16:0))
1-stearoyl-2-linoleoyl-sn-glycerol (DG(18:0/18:2))

3-trioctadecanoylglycerol (TG(18:0/18:0/18:0))
3B-Hydroxy-5-cholestene-3-linoleate (ChoE(18:2))
1-hexadecyl-2-(9Z-octadecenoyl)-sn-glycero-3-phosphocholine (PC(16:0e/18:1(92)))
1-(1Z-octadecanyl)-2-(9Z-octadecenoyl)- sn-glycero-3-phosphocholine (PC(18:0p/18:1(92)))
1-oleoyl-2-hydroxy-sn-glycero-3- phosphocholine (LPC(18:1))
1-palmitoyl-2-oleoyl-sn-glycero-3- phosphoethanolamine (PE(16:0/18:1))
3B-hydroxy-5-cholestene-3-stearate (ChoE(18:0))
1-palmitoyl-d31-2-oleoyl-sn-glycero-3- phosphocholine (PC(16:0/d31/18:1))
2-diheptadecanoyl-sn-glycero-3- phosphoethanolamine (PE(17:0/17:0))
N-heptadecanoyl-D-erythro- sphingosylphosphorylcholine (SM(d18:1/17:0))
1-stearoyl-2-hydroxy-sn-glycero-3- phosphocholine (LPC(18:0))
beta-Muricholic acid

Chenodeoxycholic acid

Cholic acid

Deoxycholic acid

Glycochenodeoxycholic acid

Glycocholic acid

Glycodehydrocholic acid

Glycodeoxycholic acid

Glycohyocholic acid

Glycohyodeoxycholic acid

Glycolitocholic acid

Glycoursodeoxycholic acid

Hyocholic acid

Hyodeoxycholic acid

Litocholic acid

alpha-Muricholic acid

Tauro-alpha-muricholic acid

Tauro-beta-muricholic acid

Larodan

Larodan

Avanti Polar Lipids
Larodan

Larodan

Avanti Polar Lipids
Avanti Polar Lipids
Larodan

Avanti Polar Lipids
Larodan

Avanti Polar Lipids
Avanti Polar Lipids
Avanti Polar Lipids
Avanti Polar Lipids
Steraloids
Sigma-Aldrich
Sigma-Aldrich
Sigma-Aldrich
Sigma-Aldrich
Sigma-Aldrich
Steraloids
Glycocholic acid
Steraloids
Steraloids
Sigma-Aldrich
Sigma-Aldrich
Steraloids
Steraloids
Sigma-Aldrich
Steraloids
Steraloids

Steraloids

Cat#33-1700
Cat#33-1610
Cat#855675
Cat#33-1810
Cat#64-1802
Cat#800817
Cat#878112
Cat#38-1801
Cat#852467
Cat#64-1800
Cat#850757
Cat#830756
Cat#860585
Cat#855775
Cat# C1895-000
Cat# C1050000
Cat# C2158000
Cat# 700197P
Cat# 700266P
Cat# 700265P
Cat# C2020-000
Sigma-Aldrich
Cat#C1860-000
Cat# C0867-000
Cati# 700268P
Catif 06863
Cat# C1850-000
Cat# C0860-000
Cat#700218P
Cat# C1891-000
Cat# C1893-000
Cat# C1899-000
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Continued
REAGENT or RESOURCE SOURCE IDENTIFIER
Taurochenodeoxycholic acid Sigma-Aldrich Cat# 700249P
Taurocholic acid Sigma-Aldrich Cat# T9034
Taurodehydrocholic acid Sigma-Aldrich Cat# 700242P
Taurodeoxycholic acid Sigma-Aldrich Cat# 700250P
Taurohyodeoxycholic acid Sigma-Aldrich Cat# 700248P
Taurolitocholic acid Sigma-Aldrich Cat# 700252P
Tauro-omega-muricholic acid Steraloids Cat# C1889-000
Tauroursodeoxycholic acid Sigma-Aldrich Cat# 580549
Trihydroxycholestanoic acid Avanti Polar Lipids Cat# 700070P
Fumaric acid Sigma-Aldrich Cat#47910
Glutamic acid Sigma-Aldrich Cat# G0355000
Aspartic acid Sigma-Aldrich Cat# A1330000
Serine Sigma-Aldrich Cat# S4500
Threonine Sigma-Aldrich Cat# PHR1242
Glutamine Sigma-Aldrich Cat# G3126
Proline Sigma-Aldrich Cat#Vv0500
Valine Sigma-Aldrich Cat# PHR1172
Lysine Sigma-Aldrich Cat# L5501
Methionine Sigma-Aldrich Cat# M0960000
Syringic acid Sigma-Aldrich Cat# 63627
Isoleucine Sigma-Aldrich Cat# 12752
Leucine Sigma-Aldrich Cat# L8000
Malic Acid Sigma-Aldrich Cat# PHR1273
Phenylalanine Sigma-Aldrich Cat# P2126
Ferulic acid Sigma-Aldrich Cat# Y0001013
Citric acid Sigma-Aldrich Cat# C7129
Tryptophan Sigma-Aldrich Cat# 93659
3-Indoleacetic acid Sigma-Aldrich Cat#3750
3-Hydroxybutyric acid Sigma-Aldrich Cat#52017
Isovaleric acid Sigma-Aldrich Cat# 78651
Indole-3-propionic acid Sigma-Aldrich Cat# 57400
Salicylic acid Sigma-Aldrich Cat# 247588
Isocaproic acid Sigma-Aldrich Cat# 277827
Decanoic acid Sigma-Aldrich Cat# C1875
Myristic acid Sigma-Aldrich Cat# 70079
Linolenic acid Sigma-Aldrich Cat# 62160
Palmitoleic acid Sigma-Aldrich Cat# 76169
Linoleic acid Sigma-Aldrich Cat# 62230
Eicosapentaenoic acid Sigma-Aldrich Cat# 44864
Palmitic acid Sigma-Aldrich Cat# PO500
Oleic acid Sigma-Aldrich Cat# 75090
Stearic acid Sigma-Aldrich Cat# S4751
Arachidic acid Sigma-Aldrich Cat# 39383
[D4]- Glycoursodeoxycholic acid Bionordica Cat#31309
[D4]- Glycocholic acid Bionordica Cat#21889
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https://www.sigmaaldrich.com/SE/en/product/sial/a1330000
https://www.sigmaaldrich.com/SE/en/product/sial/phr1242
https://www.sigmaaldrich.com/SE/en/product/sial/phr1172
https://www.sigmaaldrich.com/SE/en/product/sial/m0960000
https://www.sigmaaldrich.com/SE/en/product/sial/63627
https://www.sigmaaldrich.com/SE/en/product/sial/phr1273
https://www.sigmaaldrich.com/SE/en/product/sial/y0001013
https://www.sigmaaldrich.com/SE/en/product/sial/52017
https://www.sigmaaldrich.com/SE/en/product/aldrich/277827
https://www.sigmaaldrich.com/SE/en/product/sial/70079
https://www.sigmaaldrich.com/SE/en/product/sial/62160
https://www.sigmaaldrich.com/SE/en/product/sial/76169
https://www.sigmaaldrich.com/SE/en/product/sial/62230
https://www.sigmaaldrich.com/SE/en/product/sial/44864
https://www.sigmaaldrich.com/SE/en/product/sial/75090
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Continued

REAGENT or RESOURCE SOURCE IDENTIFIER
[D4]- Ursodeoxycholic acid Bionordica Cat#21892
[D4]- Glycochenodeoxycholic acid Bionordica Cat#21890
[D4]- Cholic acid Bionordica Cat#20849
[D4]- Glycolitocholic acid Bionordica Cat#31308
[D4]- Chenodeoxycholic acid Bionordica Cat#20848
[D4]- Deoxycholic acid Bionordica Cat#20851
[D4]- Litocholic acid Cat#20831
Valine-d8 Sigma-Aldrich Cat#486027
Glutamic acid-d5 Sigma-Aldrich Cat# 631973
Succinic acid-d4 Sigma-Aldrich Cat# 293075
Heptadecanoic acid Sigma-Aldrich Cat# H3500
Lactic acid-d3 Sigma-Aldrich Cat# 616567
Citric acid-d4 Sigma-Aldrich Cati# 485438
Arginine-d7 Sigma-Aldrich Cat# 776408
Tryptophan-d5 Sigma-Aldrich Cat# 615862
Glutamine-d5 Sigma-Aldrich Cat# 616303
RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources and reagents should be directed to and will be fulfilled by
the lead contact: Tuulia Hyétyldinen (tuulia.hyotylainen@oru.se).

Materials availability

This study did not generate new unique reagents.

Data and code availability

® This paper does not report original code.
® The metabolomics data reported in this paper will be shared by the lead contact upon request.

® Any additional information required to reanalyze the data reported in this paper is available from the
lead contact upon request and an appropriate institutional collaboration agreement. These data are
not available to access in a repository owing to concern that the identity of patients might be revealed
inadvertently.

METHOD DETAILS

Cord serum samples from a All Babies In Southeast Swedecohort (ABIS) were extracted with two methods
for separate extraction of lipids and polar/semipolar metabolites and the extracts were then analyzed using
two methods using an ultra-high-performance liquid chromatography quadrupole time-of-flight mass
spectrometry (QTOFMS) and the data were processed using MZmine 2.53%as described below.

EXPERIMENTAL MODEL AND SUBJECT DETAILS

ABIS is a general population prospective birth cohort designed to identify environmental and genetic fac-
tors associated with autoimmune diseases.”” A total of 1,435 ABIS infants had their HLA genotype
sequenced. We selected children who later developed specific immune-mediated diseases, i.e., those
subjects who later were diagnosed with either T1D, CD, IBD (Crohn's disease, Colitis ulcerosa), JIA or
HT, and controls who remained healthy during the follow-up, matched for date of birth and sex (Table 1).
The clinical parameters were similar across the different groups, with only birth weight showing signifi-
cantly different values in those children who progressed to CD or HT later in life. The Swedish National
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Patient Register provided the diagnoses (https://www.socialstyrelsen.se/en/statistics-and-data/registers/
national-patient-register/). CD diagnosis was determined only if the subjects had the diagnosis confirmed
after their initial diagnosis. The gestational age, birth weight, or the type of delivery did not show statisti-
cally significant differences across the groups.

This study was performed in accordance with the Declaration of Helsinki. The ABIS study was approved by
the Research Ethics Committees of the Faculty of Health Science at Linképing University, Sweden, 1997/
96,287 and 2003/03-092 and the Medical Faculty of Lund University, Sweden.

Lipidomics and metabolomics

A total of 360 cord blood samples were randomized and analyzed as described below. . Quantification was
performed using calibration curves and the identification was done with a custom database, with identifi-
cation levels 1 and 2, based on Metabolomics Standards Initiative. Quality control was performed by ana-
lysing pooled quality control samples. In addition, a reference standard (NIST 1950 reference plasma), ex-
tracted blank samples and standards were analyzed as part of the quality control procedure.

Lipidomic analysis

A total of 360 cord blood samples were randomized and analyzed as described below. 10 uL of serum
was mixed with 10 pL 0.9% NaCl and extracted with 120 uL of CHCl3: MeOH (2:1, v/v) solvent mixture
containing internal standard mixture (¢ = 2.5 pg/mL; 1,2-diheptadecanoyl-sn-glycero-3-phosphoe-
thanolamine (PE(17:0/17:0)), N-heptadecanoyl-D-erythro-sphingosylphosphorylcholine (SM(d18:1/17:0)),
N-heptadecanoyl-D-erythro-sphingosine (Cer(d18:1/17:0)), 1,2-diheptadecanoyl-sn-glycero-3-phospho-
choline (PC(17:0/17:0)), 1-heptadecanoyl-2-hydroxy-sn-glycero-3-phosphocholine (LPC(17:0)) and 1-palmitoyl-
d31-2-oleoyl-sn-glycero-3-phosphocholine (PC(16:0/d31/18:1)) and, triheptadecanoylglycerol (TG(17:0/17:0/
17:0)). The samples were vortexed and let stand on the ice for 30 min before centrifugation (9400 rcf, 3 min).
60 pL of the lower layer of was collected and diluted with 60 pL of CHCl3: MeOH. The samples were kept at
—80°C until analysis.

The samples were analyzed using an ultra-high-performance liquid chromatography quadrupole time-of-
flight mass spectrometry (UHPLC-QTOFMS from Agilent Technologies; Santa Clara, CA, USA). The analysis
was carried out on an ACQUITY UPLC BEH C18 column (2.1 mm x 100 mm, particle size 1.7 pm) by Waters
(Milford, USA). Quality control was performed throughout the dataset by including blanks, pure standard
samples, extracted standard samples and control plasma samples. The eluent system consisted of (A)
10 mM NHzAc in H,O and 0.1% formic acid and (B) 10 mM NHzAc in ACN: IPA (1:1) and 0.1% formic
acid. The gradient was as follows: 0-2 min, 35% solvent B; 2-7 min, 80% solvent B; 7-14 min 100% solvent
B. The flow rate was 0.4 mL/min.

Data were processed using MZmine 2.>” Mass spectrometry data processing was performed using the
open source software package MZmine 2.53.C The following steps were applied in this processing: (i)
Mass detection with a noise level of 100, (i) Chromatogram builder with a minimum time span of
0.08 min, minimum height of 1000 and an m/z tolerance of 0.006 m/z or 10.0 ppm, (iii) Chromatogram de-
convolution using the local minimum search algorithm with a 70% chromatographic threshold, 0.05 min
minimum RT range, 5% minimum relative height, 1200 minimum absolute height, a minimum ration of
peak top/edge of 1.2 and a peak duration range of 0.08-5.0, (iv), Isotopic peak grouper with an m/z toler-
ance of 5.0 ppm, RT tolerance of 0.05 min, maximum charge of 2 and with the most intense isotope set as
the representative isotope, (v) Join aligner with an m/z tolerance of 0.009 or 10.0 ppm and a weight for of 2,
an RT tolerance of 0.15 min and a weight of 1 and with no requirement of charge state or ID and no com-
parison of isotope pattern, (vi) Peak list row filter with a minimum of 10% of the samples (vii) Gap filling using
the same RT and m/z range gap filler algorithm with an m/z tolerance of 0.009 m/z or 11.0 ppm, (vii) Iden-
tification of lipids using a custom database search with an m/z tolerance of 0.008 m/z or 8.0 ppm and an RT
tolerance of 0.25 min. Identification of lipids was based on in house laboratory based on LC-MS/MS data on
retention time and mass spectra. The identification was done with a custom database, with identification
levels 1 and 2, i.e. based on authentic standard compounds (level 1) and based on MS/MS identification
(level 2) based on Metabolomics Standards Initiative. Quality control was performed by analysing pooled
quality control samples (with an aliquot pooled from each individual samples) together with the samples. In
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addition, a reference standard (NIST 1950 reference plasma), extracted blank samples and standards were
analyzed as part of the quality control procedure.

Analysis of polar metabolites

40 pL of serum sample was mixed with 90 pL of cold MeOH/H20 (1:1, v/v) containing the internal standard
mixture (Valine-d8, Glutamic acid-d5, Succinic acid-d4, Heptadecanoic acid, Lactic acid-d3, Citric acid-d4.
3-Hydroxybutyric acid-d4, Arginine-d7, Tryptophan-d5, Glutamine-d5, each at at ¢ = 1 pgmlL-1 and 1D4-
CA,1D4-CDCA,1D4-CDCA,1D4-GCA,1D4-GCDCA, 1D4-GLCA,1D4-GUDCA, 1D4-LCA,1D4-TCA, 1D4-UDCA,
each at 0.2 1 ngmL-1) for protein precipitation. The tube was vortexed and ultrasonicated for 3 min, followed
by centrifugation (10000 rpm, 5 min). After centrifuging, 90 plL of the upper layer of the solution was transferred
to the LC vial and evaporated under the nitrogen gas to the dryness. After drying, the sample was reconsti-
tuted into 60 pL of MeOH: H,O (70:30).

Analyses were performed on an Agilent 1290 Infinity LC system coupled with 6545 Q-TOF MS interfaced
with a dual jet stream electrospray (dual ESI) ion source (Agilent Technologies, Santa Clara, CA, USA)
was used for the analysis. Aliquots of 10 pL of samples were injected into the Acquity UPLC BEH C18
2.1 mm x 100 mm, 1.7-um column (Waters Corporation)), fitted with a C18 precolumn (Waters Corporation,
Wexford, Ireland. The mobile phases consisted of (A) 2 mM NHAc in H,O: MeOH (7:3) and (B) 2 mM NH;Ac
in MeOH. The flow rate was set at 0.4 mLmin-1 with the elution gradient as follows: 0~1.5 min, mobile phase
B was increased from 5% to 30%; 1.5-4.5 min, mobile phase B increased to 70%; 4.5-7.5 min, mobile phase
B increased to 100% and held for 5.5 min. A post-time of 5 min was used to regain the initial conditions for
the next analysis. The total run time per sample was 20 min. The dual ESI ionization source was settings
were as follows: capillary voltage was 4.5 kV, nozzle voltage 1500 V, N2 pressure in the nebulized
was 21 psi and the N2 flow rate and temperature as sheath gas was 11 Lmin-1 and 379°C, respectively.
In order to obtain accurate mass spectra in MS scan, the m/z range was set to 1001700 in negative ion
mode. MassHunter B.06.01 software (Agilent Technologies, Santa Clara, CA, USA) was used for all data
acquisition.

QUANTIFICATION AND STATISTICAL ANALYSIS
Quantification

Quantification of lipids was performed using a 7-point internal calibration curve (0.1-5 pg/ml)
using the following lipid-class specific authentic standards: using 1-hexadecyl-2-(9Z-octadecenoyl)-
sn-glycero-3-phosphocholine  (PC(16:0e/18:1(92))),  1-(1Z-octadecenyl)-2-(9Z-octadecenoyl)-sn-glycero-3-
phosphocholine (PC(18:0p/18:1(92))), 1-stearoyl-2-hydroxy-sn-glycero-3-phosphocholine (LPC(18:0)), 1-oleoyl-2-
hydroxy-sn-glycero-3-phosphocholine  (LPC(18:1)), 1-palmitoyl-2-oleoyl-sn-glycero-3-phosphoethanolamine
(PE(16:0/18:1)),  1-(1Z-octadecenyl)-2-docosahexaenoyl-sn-glycero-3-phosphocholine  (PC(18:0p/22:6)) and
1-stearoyl-2-linoleoyl-sn-glycerol  (DG(18:0/18:2)),  1-(9Z-octadecenoyl)-sn-glycero-3-phosphoethanolamine
(LPE(18:1)), N-(9Z-octadecenoyl)-sphinganine (Cer(d18:0/18:1(92))), 1-hexadecyl-2-(9Z-octadecenoyl)-
sn-glycero-3-phosphoethanolamine (PE(16:0/18:1)) from Avanti Polar Lipids, 1-Palmitoyl-2-Hydroxy-
sn-Glycero-3-Phosphatidylcholine  (LPC(16:0)), 1,2,3 trihexadecanoalglycerol (TG(16:0/16:0/16:0)),
1,2,3-trioctadecanoylglycerol (TG(18:0/18:0/18:)) and 3B-hydroxy-5-cholestene-3-stearate (ChoE(18:0)),
3B-Hydroxy-5-cholestene-3-linoleate (ChoE(18:2)) from Larodan, were prepared to the following concen-
tration levels: 100, 500, 1000, 1500, 2000 and 2500 ng/mL (in CHCI3:MeOH, 2:1, v/v) including 1250 ng/mL
of each internal standard.

Quantification of BAs was performed using a 7-point internal calibration curve using metabolites specified
in key resources table. The identification was done with a custom data base, with identification levels 1 and
2, based on Metabolomics Standards Initiative. Quality control was performed by analysing pooled quality
control samples (with an aliquot pooled from each individual samples) together with the samples. In addi-
tion, a reference standard (NIST 1950 reference plasma), extracted blank samples and standards were an-
alysed as part of the quality control procedure.

Statistical analyses

Missing values were replaced by half of the minimum value. Metabolites with a relative standard deviation
>30% in pooled QC samples were removed from further analysis for unsatisfactory analytical robustness.
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The metabolomics data was scaled and logarithmic transformed prior the statistical analysis to ensure
normal distribution of the data.

Model-based metabolite clustering

Clustering of the ECs, lipidomic and metabolomics data obtained in this study was performed by using the
‘'mclust’ R package (v.5.4.6). Mclust is a model-based clustering method, where the model performances
are evaluated by the Bayesian Information Criterion (BIC). The models with the highest BICs were chosen.

Linear regression analysis

Linear regression analysis using Limma available from MetaboAnalyst 5.0 was used to estimate mean dif-
ferences between the control and individual disease groups and to identify differentially expressed metab-
olites.”""? A two-sided t-test was performed to calculate p values for each metabolite and multiple testing
correction using the Benjamini-Hochberg method was applied to control the false discovery rate (FDR). The
log-fold change in expression (logFC) between the groups was also calculated using Limma. Metabolites
with p values less than 0.05 and adjusted P-values less than 0.05 were considered significant and further
analyzed. Heatmaps were used to show the fold changes in metabolite levels between control and individ-
ual disease groups, where the control group was used as the baseline for the heatmap.

Pathway analysis

Pathway overrepresentation analysis was performed using the MetaboAnalyst 5.0 web platform using the
Functional Analysis (MS Peaks)” module.*’ For the input data for pathway analysis the complete high-res-
olution LC-MS spectral peak data obtained in negative ionization mode was used (mass tolerance of
10 ppm). A Welch's t-test was performed to assess significant mean differences in the concentration of me-
tabolites between cases and controls, and the whole input peak list with p values and T score was used for
the pathway analysis. The relative significance of the overrepresented pathways against the background
human scale metabolic model MNF (from MetaboAnalyst Mummichog package) and Kyoto Enzyclopedia
of Genes and Genomes (KEGG) pathways [9] for Homo sapiens were estimated. The ‘Pathway
Impact Scores’ were calculated by the metabolomics pathway analysis (MetPA) tool*® encoded in
MetaboAnalyst 5.0.4"4*
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