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Background: Metabolomic profiling via machine learning can reveal signatures of host metabolism and identify useful biomarkers.
We aimed to investigate metabolomic profiles and biomarkers in adult patients with type 1 diabetes (T1D) via machine learning.
Methods: We recruited 29 adult patients with T1D and matched them with 29 healthy controls on the basis of age, sex, and body mass
index (BMI). We collected serum samples from both groups and performed nontargeted metabolomics with liquid chromatography—
mass spectrometry (LC-MS). Four machine learning algorithms (logistic regression, support vector machine, Gaussian naive Bayes,
and random forest) were used to screen potential T1D-related biomarkers.

Results: We identified 328 differently abundant metabolites between the T1D group and the control group that were significantly
enriched in three metabolic pathways (purine metabolism, ketone body synthesis and degradation, and methyl butyrate metabolism),
with P values less than 0.05. Ten metabolites were identified as T1D-related indicators, including L-fucopyranose, hept-2-ulose,
L-rhamnose, docosahexaenoic acid, pumiliotoxin 251d, 9,12-octadecadienal, oleamide, estrane, (e,e)-2,4-heptadienal, and hexadeca-
namide. The predictive value of the ten candidate metabolites, as measured by the area under the curve (AUC), ranged from 0.86 to
0.95.

Conclusion: In this study, we identified purine metabolism, synthesis and degradation of ketone bodies, and impaired methyl butyrate
metabolism as metabolic pathways that are altered in adult patients with T1D. Our findings present an extensive profile of metabolic
changes in adult patients with T1D, and the identified biomarkers may have important clinical significance in the diagnosis of T1D and
the monitoring of responses to therapeutic interventions.
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Introduction

Type 1 diabetes (T1D) is a persistent autoimmune disorder characterized by the destruction of insulin-secreting -cells in
the pancreas.' Although T1D is traditionally associated with pediatric patients, the recognition of adult patients with T1D
has increased.>® However, most longitudinal cohort studies on T1D have focused on pediatric populations, resulting in
a scarcity of data about adult patients.’ Studies indicate that approximately 40% of adult patients who are diagnosed with
T1D are initially misidentified as having type 2 diabetes (T2D).* The natural course of adult-onset T1D differs markedly
from that of childhood-onset T1D, with slower disease progression.” Some adult patients may retain higher levels of

C-peptide at diagnosis and may not display typical TID symptoms.® This misdiagnosis can have significant
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consequences, such as an increased risk of diabetic ketoacidosis (DKA), when adult patients with T1D are inappropri-
ately treated with noninsulin therapies.*’

Early identification of T1D is critical for improving disease management and preventing complications.®” However,
current approaches remain suboptimal due to the lack of specific biomarkers and the heterogeneity of clinical presenta-
tion. Some patients, particularly adults, do not exhibit classic symptoms such as polyuria, polydipsia, and weight loss at
an early stage, which complicates timely recognition of the disease.' Existing criteria mainly rely on blood glucose and
insulin measurements, which may miss the early course of T1D. For example, persistently high C-peptide levels can
mask the gradual decline in B-cell function, thereby delaying detection.!' Although a limited number of studies have
investigated metabolic alterations in adult-onset T1D, most available metabolomics and biomarker studies have focused
on pediatric populations or mixed-age cohorts, underscoring the need for adult-specific investigations.'*"?

Metabolomics has emerged as a promising tool for early diagnosis, offering insights into the metabolic alterations
associated with T1D through comprehensive profiling.'* These metabolic alterations may occur before clinical symp-
toms, providing an opportunity for earlier diagnosis in adult patients with T1D.'® The application of machine learning in
the analysis of metabolomics data further enhances the potential to identify significant biomarkers that could facilitate
timely T1D diagnosis and intervention.'®!’

This study sought to investigate the metabolic profiles linked to adult-onset T1D through the application of advanced
machine learning methods. By emphasizing the identification of key metabolic biomarkers and assessing their diagnostic
accuracy, we aim to develop strategies for early detection of adult-onset T1D. Our findings have the potential to improve

the clinical diagnosis of adult-onset T1D, facilitating earlier diagnosis and intervention.

Materials and Methods

Subject Recruitment and Sample Collection

From 2019-2020, a cross-sectional investigation involving 29 patients with T1D and an equal number of age- and sex-
matched healthy controls was conducted at the Department of Endocrinology at the Third Affiliated Hospital of Sun Yat-
sen University.'"® The American Diabetes Association’s guidelines were utilized for diagnosing T1D. To ensure the
study’s specificity, we excluded participants with the following conditions: 1) chronic metabolic diseases; 2) chronic or
acute inflammatory or infectious diseases; 3) use of medications that affect metabolism within three months prior to
enrollment; 4) pregnancy; 5) lactation. We meticulously collected participants’ personal and medical histories through
interviews and electronic patient records. Blood samples were collected from each individual for metabolite analysis and
immediately stored at —80 °C until further processing. This strict protocol ensured the preservation of sample integrity
and allowed for accurate and reliable metabolite analysis.

Serum Metabolomics Analysis

Metabolite extraction was conducted following previously reported methods.'**® For quality control and evaluation of
sample preparation, a 100-uL sample (2:1, v/v) containing internal standard combinations 1 (IS1) and 2 (IS2) was
extracted. The sample was mixed with 300 uL of chilled methanol and acetonitrile. After vortexing for 1 minute, the
mixture was incubated at —20 °C for 2 hours and then centrifuged at 4000 rpm for 20 minutes. The resulting supernatant
was then carefully transferred and subjected to vacuum and freeze-drying. After freeze-drying, the sample was
reconstituted in 150 uL of 50% methanol, followed by centrifugation at room temperature for 30 minutes. The super-
natant was finally transferred into autosampler vials for LC-MS analysis.

Raw LC-MS/MS data were processed using Compound Discoverer version 3.1 (Thermo Fisher Scientific, USA). The
preprocessing workflow included peak extraction, retention time alignment within and between batches, adduct ion
grouping, missing value filling, background peak annotation, and metabolite identification. Metabolite identification was
performed by matching against a combined database consisting of the BGI in-house standard library, mzCloud, and
ChemSpider databases, including HMDB, KEGG, and LipidMaps.

The output data matrix from Compound Discoverer was subsequently imported into the metaX package for further
preprocessing and quality control.?' Signal intensity normalization was performed using Probabilistic Quotient Normalization
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(PQN) to obtain relative peak areas, as recommended for non-targeted metabolomics data.** Batch effects and signal drift were
corrected using QC-based robust LOESS signal correction (QC-RLSC) based on quality control (QC) samples.zo To ensure
analytical reproducibility, the coefficient of variation (CV) of each feature was calculated across all QC samples, and features
with a CV greater than 30% were excluded from further analysis, following established metabolomics quality control practices.

Metabolomic analyses were conducted on the MetaboAnalyst website.”> To explore the identified small molecule
metabolites, we employed orthogonal projections with OPLS-DA to assess the global metabolic profile and identify
differentially abundant metabolites between the T1D and control groups. Differentially abundant serum metabolites were
selected on the basis of fold changes exceeding 2.0 and P values less than 0.05. In addition, we employed MetaboAnalyst to
annotate the signaling pathways and biochemical metabolic pathways associated with these differentially abundant metabo-
lites. Through this comprehensive analysis, we identified specific metabolic alterations associated with T1D. Moreover, this
approach shed light on potential underlying mechanisms that may have an impact on the development and progression of
T1D. Additionally, we applied four machine learning algorithms, including Logistic Regression (LR), Gaussian Naive Bayes
(GNB), Support Vector Machine (SVM), and Random Forest (RF), implemented in Python (scikit-learn library), to explore
metabolic features that discriminate adult patients with T1D from healthy controls. All classifiers were trained using default
model parameters, with a linear kernel specified for SVM. Given the exploratory nature of the study and the relatively small
sample size, no extensive hyperparameter tuning was performed in order to reduce the risk of overfitting. No explicit feature
selection was applied prior to model training. Instead, all metabolite features that passed quality control were included in the
models. Feature importance was subsequently assessed using model-intrinsic coefficients from the logistic regression model
due to its interpretability. To further interpret the contribution of individual metabolites to model predictions, we applied
SHAP (SHapley Additive exPlanations), a game theory—based approach implemented in Python, to provide consistent and
model-agnostic explanations of feature importance.

Statistical Analysis
R version 4.2.2 (http://www.r-project.org/) and Python 3.8 (https://www.python.org/) were used to perform the statistical

analyses. The R package “Comparison Group 4.5.1” was employed to analyze data on clinical characteristics. Prior to
analysis, the Shapiro—Wilk test was performed to assess the normal distribution of continuous variables. Differences in
continuous variables between groups were assessed with Student’s ¢ test or ANOVA, whereas categorical data were
evaluated with Fisher’s exact test or the chi-square test.

For the analysis of microbiome and metabolome data, specific matching statistical methods and online tools, as
described earlier, were utilized. Statistical significance was defined at a P value threshold of less than 0.05.

Machine learning techniques were employed with Python 3, and four algorithms were applied: LR, SVM, GNB and
RF. To ensure robustness, the four algorithms employed fivefold cross-validation, randomly dividing the dataset into
training and testing sets.

Ethics Approval

In accordance with the principles set forth in the Declaration of Helsinki, this study was approved by the Ethics Committee of
The Third Affiliated Hospital of Sun Yat-sen University. To ensure that ethical guidelines were followed, each participant
signed a written informed consent form prior to their involvement in the research. This process ensured their voluntary and
informed involvement in the study, safeguarding their rights and privacy. Strict adherence to ethical guidelines and obtaining
informed consent were paramount to maintaining the integrity and credibility of the study’s findings.

Results

Clinical Characteristics

We recruited 29 patients with T1D and 29 healthy controls, ensuring that they were matched for age and sex. Table 1
summarizes the clinical features of the study participants. There were no significant differences regarding age, sex, BMI,
triglyceride (TG) levels, total cholesterol (TC) levels, or low-density lipoprotein cholesterol (LDL-c) levels. However,
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Table | Clinical Characteristics of the Participants

Control TID Poverall
N=29 N=29

Age (years) 28.0 [26.0;37.0] 29.0 [26.0;37.0] 0.629
Sex: 1.000

Male 10 (34.5%) 10 (34.5%)

Female 19 (65.5%) 19 (65.5%)
BMI (kg/m?) 223 [19.9;23.1] 21.1 [20.1;22.6] 0.519
TC (mmol/l) 4.74 (0.73) 4.80 (0.71) 0.724
TG (mmol/l) 0.86 [0.58;1.07] | 0.68 [0.58;0.86] 0.118
HDL-c (mmol/l) 1.28 (0.24) 1.62 (0.30) <0.001
LDL-c (mmol/l) 2.83 (0.67) 2.82 (0.56) 0.947
Diabetes duration (years) / 11.10 [9.10;15.90] /
Daily insulin dose (U/kg/day) / 0.71 [0.57;0.79] /
HbAlc (%) 5.20 [5.00;5.40] 6.60 [6.10;7.50] <0.001
Smoking: 0.144

Yes 22 (75.9%) 27 (93.1%)

No 7 (24.1%) 2 (6.90%)

Notes: Data are presented as numbers (%) and medians [interquartile ranges].
Abbreviations: BMI, body mass index; TC, total cholesterol; TG, triglyceride; HDL-c, high-density
lipoprotein cholesterol; LDL-c, low-density lipoprotein cholesterol; HbAlc, hemoglobin Alc.

high-density lipoprotein cholesterol (HDL-c) and hemoglobin Alc (HbAlc) levels differed significantly between the two
groups.

Metabolomic Changes Between the TID Group and the Control Group

The PCA model score plot for samples obtained from the 2 isolates is shown in Figure 1. Compared with the control
group, the T1D group displayed a distinct separation in the PCA score plot, indicating overall changes in the serum
metabolite composition in patients with T1D (Figure Sla). In addition, a heatmap of the top 25 differentially abundant
metabolites further illustrated distinct metabolic patterns between the T1D and control groups (Figure S1b). To better
distinguish the two categories, OPLS-DA was employed in the T1D and control groups to identify potential metabolic
biomarkers (Figure 1a), suggesting a distinct metabolic difference between the two groups. The bar plot displays the top
10 metabolites ranked by their Variable Importance in Projection (VIP) scores. A-l-fucopyranose, Hept-2-ulose, and
L-rhamnose exhibit the highest VIP scores (Figure 1b), indicating their substantial contribution to distinguishing between
the T1D and control groups. The volcano plot highlights metabolites with a fold change (FC) > 2 and a p-value < 0.05.
Significant metabolites, including A-l-fucopyranose, Hept-2-ulose, and Estradiol valerate, are marked in red, showing
that they are upregulated in the T1D group. Conversely, metabolites such as Salbutamol and Clindamycin are down-
regulated in T1D (Figure 1c).

Metabolic Profiling of TID and Control Groups Using Machine Learning

The bar plot (Figure 2a) shows the top 10 metabolites significantly upregulated in the T1D group, identified based on feature
importance derived from the logistic regression model. Metabolites such as 4-hydroxy-5-methyl-3(2H)-thiophenone,
P-cresylsulfate, and D-fructose exhibited the highest importance scores, indicating their significant role in distinguishing
T1D from the control group. The top 10 metabolites upregulated in the control group are shown in Figure 2b, with
hydroxyethylmethacrylate, 3-indoxyl sulfate, and choline showing the highest importance scores, reflecting their role in
differentiating the control group from T1D. Figure 2c presents the top 20 metabolites with significant differences between
T1D and control groups, as identified by the SHAP algorithm. In total, 328 metabolites with non-zero mean SHAP values
were identified and considered influential in model predictions. These were subsequently used for pathway enrichment
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Figure | Metabolomic changes between the TID group and the control group. (a) The OPLS-DA score plot further confirms the clear separation of the two groups,
indicating significant differences in their metabolic profiles. (b) A bar plot displaying the top 10 metabolites ranked by their Variable Importance in Projection (VIP) scores. (c)
Volcano plots demonstrating the differential abundance of metabolites (P value < 0.05) between patients with T1D and controls.

analysis. Key metabolites such as Docosahexaenoic acid, Pumiliotoxin 251d, and A-l-fucopyranose demonstrated the highest
SHAP values, with red-colored metabolites more associated with T1D and blue-colored metabolites more associated with the
control group. Local explanations for three randomly selected subjects are depicted in Figure S1c-e. This analysis highlights
the metabolites with strong discriminatory power between the two groups.

Diagnostic Accuracy of the Candidate Biomarkers for TI1D

The top 10 metabolites were selected as candidate biomarkers of T1D, illustrating the diagnostic accuracy of the ten
candidate biomarkers of T1D, which were selected on the basis of their significant differences between adult patients
with T1D and healthy controls. Each subplot in Figure 3 includes a receiver operating characteristic (ROC) curve on the
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Figure 2 Metabolic Profiling of TID and Control Groups Using Machine Learning and SHAP Analysis. (a) The bar plot shows the top |0 metabolites that are upregulated in
the TID group based on a machine learning model. (b) The bar plot shows the top 10 metabolites that are upregulated in the control group based on a machine learning
model. (c) The summary plot represents the top 20 metabolites showing significant differences between T1D and control groups, as identified using the SHAP algorithm.

left and a box plot on the right, showing the expression levels of each metabolite in the two groups. The ROC curves

indicate a strong discriminatory ability of these metabolites, with area under the curve (AUC) values for all biomarkers

ranging from 0.86 to 0.96, suggesting excellent diagnostic potential. Specifically, A-l-fucopyranose, hept-2-ulose,

L-rhamnose, docosahexaenoic acid, pumiliotoxin 251d, 9,12-octadecadienal, oleamide, estrane, (e,e)-2,4-heptadienal,

and hexadecanamide were expressed at lower levels in patients with T1D, as demonstrated by the lower median levels in

the T1D group (green box) compared to the control group (red box). These decreased levels may reflect underlying

metabolic disturbances associated with T1D, potentially involving lipid metabolism, carbohydrate processing, and

immune modulation pathways, supporting their potential as diagnostic biomarkers of T1D. (Figure 3).
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Figure 3 ROC curve analysis of the top 10 candidate biomarkers for TID. Receiver operating characteristic (ROC) curve analysis was performed to evaluate the use of
metabolites as biomarkers for TID. (a). The P value and AUC for A-I-fucopyranose were 4.88E-10 and 0.95, respectively; (b) the P value and AUC for Hept-2-ulose were
3.08E-9 and 0.94, respectively; (c) the P value and AUC for L-rhamnose were 6.94E-9 and 0.92, respectively; (d) the P value and AUC for docosahexaenoic acid were 3.66E-4
and 0.88, respectively; (e) the P value and AUC for pumiliotoxin 251d were 9.92E-9 and 0.88, respectively; (f) the P value and AUC for 9,12-octadecadienal were 3.34E-8 and
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P value and AUC for (e,e)-2,4-heptadienal were 6.52E-8 and 0.86. (j) the P value and AUC for Hexadecanamide were 2.09E-7 and 0.86, respectively.
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Pathway Enrichment Analysis

The SHAP algorithm was used to identify 328 differential metabolites between the two groups. Among these, 146
metabolites were annotated using the KEGG database, and they were found to be enriched in 5 significantly metabolic
pathways and 2 significant enriched metabolite sets (P < 0.05). An overview of the top 25 enriched metabolic pathways is
provided in Figure S2a. The differentially expressed metabolites were subjected to KEGG pathway analyses to
comprehensively investigate functional changes.>* These pathways included (1) fructose and mannose metabolism
(Figure 4b); (2) galactose metabolism; (3) amino sugar and nucleotide sugar metabolism; (4) pantothenate and CoA
biosynthesis; and (5) purine metabolism (Figure 4a). Detailed metabolite interaction networks for amino sugar and
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Figure 4 Pathway analysis of significantly altered metabolites. (a) The analysis of differentially abundant metabolites revealed significant involvement in various metabolic
pathway. (b) Fructose and Mannose Metabolism Network; (c) Purine Metabolism Network; (d) Metabolite Interaction Network: The interaction network connects
metabolites across different pathways, with red nodes representing the most significant metabolites involved in the altered pathways.
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nucleotide sugar metabolism, galactose metabolism, and pantothenate and CoA biosynthesis are shown in Figure S2b—d.
Figure 4c illustrates the purine metabolism pathway, highlighting the differentially abundant metabolites (inosine and
guanine) with elevated levels in the individuals in the T1D group. The metabolite interaction network (Figure 4d)
highlights key metabolites, such as Alpha-D-Glucose, Tryptophan, and Beta-Alanine, which play central roles in
metabolic alterations. Peripheral metabolites, like Inosine and Guanosine, show interactions but are less significant in
the altered pathways.

Discussion

In this study, we investigated the metabolic profiles of adult patients with T1D and compared them with those of healthy
controls, revealing notable differences between the two groups. Additionally, we identified several top differentially
abundant metabolites, including A-l-fucopyranose, hept-2-ulose, L-rhamnose, docosahexaenoic acid, pumiliotoxin 251d,
9,12-octadecadienal, oleamide, estrane, (e,e)-2,4-heptadienal, and hexadecanamide. These metabolites play roles in
various biochemical processes, and their altered concentrations may reflect changes in metabolic pathways relevant to
T1D pathophysiology.

For example, the discovery of docosahexaenoic acid (DHA), an omega-3 fatty acid recognized for its anti-
inflammatory properties,”> may suggest disturbances in lipid metabolism and inflammation in patients with T1D,
which is consistent with previous studies that highlighted the importance of lipid dysregulation in diabetes. DHA
(22:6n-3) is a long-chain PUFA (LCPUFA).?® Through a sequence of desaturation and elongation steps, o-linolenic
acid [ALA (18:3n-3)], its essential precursor, can be partially metabolized.?” While ALA can undergo metabolic
transformation into EPA (20:5n-3) and subsequently into DHA, the conversion efficiency in humans is believed to be
relatively low.”® In a previous study, it was discovered that fatty acid status during infancy was correlated with type 1
diabetes-associated autoimmunity. In particular, fish-derived fatty acids such as DHA were found to have a protective
effect.”” The consumption of long-chain omega-3 polyunsaturated fatty acids and branched-chain amino acids has been
linked to the prospective maintenance of p-cell function in earlier SEARCH cohort studies.’® These findings indicate that
dietary components may offer beneficial effects in supporting long-term B-cell health. According to a study by Davanso
MR et al, treatment with DHA successfully reversed the inflammatory conditions observed in macrophages from type 1
diabetes model mice. These findings suggest that DHA may be biologically relevant to inflammatory and lipid metabolic
processes associated with T1D; however, its clinical implications require further investigation.’’ Nonetheless, we
discovered that DHA levels were elevated in the T1D group, indicating that more research is needed. In addition to
DHA, another metabolite, estradiol, was also found to prevent B-cell apoptosis in vivo and protect mice from insulin
deficiency due to diabetes.*” Consistent with previous studies, estrane was also decreased in the T1D group.™®

Moreover, changes in the levels of sugars such as L-rhamnose may indicate altered carbohydrate metabolism,
potentially linked to the impaired glucose handling observed in TID.*3 A-l-fucopyranose is a monosaccharide that
serves a critical function in immune modulation and anti-inflammation.>® For T1D, the potential of A-I-fucopyranose to
exert immune modulation and anti-inflammatory effects may be involved in immune-related and inflammatory pathways
relevant to T1D pathophysiology and lowering immune-mediated inflammation levels. Hexadecanamide is a fatty acid
amide with antiallergic, antioxidant and neuroprotective properties.’’ Since T1D involves immune attack and chronic
inflammation, hexadecanamide may be associated with inflammatory and neurological processes observed in T1D.

Additionally, the differentially abundant serum metabolites identified in this research were found to be associated
primarily with the purine metabolism pathway. Interestingly, previous studies have explored the connection between
purine metabolism and diabetes, including T1D, T2D, and gestational diabetes mellitus. This observation suggests the
possible importance of purine metabolism in various types of diabetes and warrants further investigation into its
underlying mechanisms and clinical implications.*®* *° The study revealed that serum inosine levels were higher in the
control group than in the T1D group, the observed differences in inosine levels suggest a potential association between
purine metabolism and T1D-related immune or metabolic regulation. Considering these findings, further investigations
into the possible therapeutic relevance of inosine for managing and preventing T1D in humans are warranted.*' *
Indeed, inosine has been shown to have a neuroprotective effect by preventing glial cell death during glucose
depriva‘cion.44 Therefore, it may support future screening and risk assessment strategies for individuals at high risk of
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T1D. These metabolic pathway markers may be useful in the development of early interventions to prevent and delay
disease progression.

The purpose of this study was to explore the metabolomic profiles and biomarkers of individuals with T1D via
machine learning. However, the limitations of our study should be acknowledged. First, it is essential to note that the
sample size in this study was comparatively limited. This limitation may reduce the robustness of machine learning
model performance and increase the risk of overfitting; therefore, the results should be interpreted as exploratory rather
than definitive. While certain metabolic disorders were identified in patients with T1D, further studies with larger sample
sizes are necessary to validate and better understand this potential pathogenic mechanism. Additionally, it is crucial to
consider that the metabolic variability among individual study subjects was not adequately controlled. Another limitation
is that we lacked detailed information on participants’ use of lipid-lowering therapies (eg, statins), which may influence
lipid-related metabolites such as HDL and total cholesterol. This limitation could partially affect the interpretation of
lipid profile differences between T1D patients and controls. In addition, although basic clinical characteristics were
recorded, several clinically relevant covariates that may influence metabolomic profiles, such as glucose control
variability and comorbid conditions, were not comprehensively available and could not be systematically adjusted for
in the analysis.

Future studies should incorporate comprehensive medication histories to improve the accuracy of metabolite-based
biomarker discovery. One limitation of our study is the absence of a T2D comparison group, which limits our ability to
distinguish metabolic alterations driven by autoimmunity from those caused by hyperglycemia or insulin resistance.
Previous studies have shown that T2D patients exhibit reduced levels of DHA and other n-3 polyunsaturated fatty acids,
which are associated with inflammation and insulin resistance.** In contrast, our T1D cohort showed preserved or slightly
elevated DHA levels, suggesting a distinct metabolic response potentially linked to autoimmune pathways. Moreover,
elevated plasma fucosylation (eg, N-glycan branching) are commonly observed in T2D,*® but were not prominent in our
T1D samples. These findings collectively support the notion that part of the observed metabolic profile in TID may
reflect immune-mediated processes rather than general metabolic dysregulation. Future studies incorporating T2D
controls are warranted to confirm specificity. Various factors, such as environmental conditions, lifestyle choices, and
diet, can significantly impact the body’s metabolic activity. Future studies should aim to control for these factors to obtain
more reliable and comprehensive findings. Considering these factors will strengthen the validity and generalizability of
the study’s results.

Conclusions

In summary, on the basis of an AUC greater than 0.85, A-l-fucopyranose, hept-2-ulose, L-rhamnose, docosahexaenoic
acid, pumiliotoxin 251d, 9,12-octadecadienal, oleamide, estrane, (e,e)-2,4-heptadienal, and hexadecanamide were identi-
fied as being associated with adult T1D. These metabolites represent candidate features associated with adult-onset T1D;
validation in larger independent cohorts is required before their potential clinical relevance can be determined.
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