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Abstract 

Background: Type 2 diabetes mellitus (T2DM) is associated with dysregulated lipid 

metabolism, but the serum lipid species associated with established T2DM may vary 

across populations and analytical platforms. We conducted an exploratory cross-sectional 

untargeted lipidomic analysis to characterize serum lipid features differing between 

adults with established T2DM and control participants. Methods: Serum samples from 36 

patients with T2DM and 33 controls were analyzed by ultra-performance liquid 

chromatography-Orbitrap mass spectrometry. Lipidomic variation was assessed by 

principal component analysis and hierarchical clustering, followed by univariate analysis 

of putatively annotated lipid species, covariate-adjusted models, correlation with 

glycemic and lipid parameters in patients, and internally cross-validated receiver 

operating characteristic analysis. Results: Several phosphatidylcholine species (PC 38:4, 

PC 38:5, and PC 40:8) and PE 38:1 were higher in T2DM, whereas PI 36:1, TAG 54:6, and 

PC 32:2 were lower. These associations persisted after adjustment for age, sex, and body 

mass index and in participants with comparable reported fasting duration (>8 h but <10 

h), but none of the principal species correlated significantly with HbA1c, plasma glucose, 

triglycerides, non-HDL cholesterol, or the triglyceride-glucose index among patients. A 

sex-by-disease interaction was supported only for PE 36:1, which was elevated 

predominantly in female patients. Conclusions: In this exploratory cross-sectional cohort, 

established T2DM was associated with selective differences in putatively annotated 

phospholipid and glycerolipid features. These findings do not establish causality, 
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specificity for diabetes relative to broader metabolic dysfunction, or diagnostic utility and 

require future confirmation in larger longitudinal cohorts with targeted quantification 

and independent validation. 

Keywords: Type 2 diabetes mellitus; lipidomics; phosphatidylethanolamine; mass  

spectrometry; sex differences 

 

1. Introduction 

Type 2 diabetes mellitus (T2DM) is a complex, multifactorial metabolic disorder 

characterized by persistent hyperglycemia and impaired insulin signaling, and it 

continues to exert a significant global public health impact [1]. Although its 

etiopathogenesis remains incompletely elucidated, a growing body of evidence indicates 

that systemic perturbations in lipid and protein metabolism across multiple organ systems 

are central to both the initiation and progression of the disease [2]. A hallmark 

pathophysiological feature of T2DM is insulin resistance, defined as a diminished 

biological response of peripheral tissues, most notably skeletal muscle, to insulin-

mediated glucose uptake [3]. This defect is strongly associated with obesity, particularly 

visceral (central) adiposity, giving rise to the construct of “diabesity,” which underscores 

the interrelated nature of excess adiposity, neuroendocrine dysregulation, and metabolic 

dysfunction [4]. Beyond sedentary lifestyle and alterations in birth weight, functional 

derangements in key metabolic organs, including adipose tissue and the liver, are now 

recognized as major determinants of T2DM onset and progression [5]. 

Currently, the clinical diagnosis of T2DM relies predominantly on the detection of 

elevated blood glucose concentrations in conjunction with characteristic clinical 

manifestations. Standard diagnostic modalities include the oral glucose tolerance test and 

the measurement of glycated hemoglobin (HbA1c), with values of 39–47 mmol/mol (5.7–

6.4%) indicating an increased risk of T2DM and values ≥48 mmol/mol (6.5%) meeting the 

diagnostic threshold for diabetes. Nevertheless, these conventional indices predominantly 

capture relatively advanced stages of metabolic dysregulation rather than the earliest 

molecular or physiological perturbations associated with disease onset. Although 

decreased high-density lipoprotein (HDL) cholesterol is widely employed as a lipid-

related clinical parameter, there remains a notable paucity of biomarkers with sufficient 

sensitivity and specificity to reliably predict the early onset or progression of T2DM [6,7]. 

Accordingly, the discovery and validation of robust early-stage biomarkers continue to 

represent a major unmet need in clinical practice. 

In response to this unmet clinical and translational need, increasing attention has 

been directed toward lipidomics as a promising and systematic strategy for biomarker 

discovery. In contrast to metabolomics, which broadly surveys low molecular-weight 

metabolites, lipidomics is dedicated to the comprehensive characterization of lipid 

species, encompassing their structural diversity, biochemical properties, and associated 

biological interaction networks [8]. Lipids function not only as fundamental structural 

constituents of cellular membranes but also as bioactive mediators that are indispensable 

for the regulation of energy homeostasis and the orchestration of intracellular and 

intercellular signal transduction processes [9]. Individuals with insulin resistance 

frequently display a characteristic dyslipidemic profile, involving both quantitative and 

qualitative perturbations in circulating lipid species [10]. Several lipid classes, including 

fatty acids, acylglycerols, and ceramides, have been mechanistically implicated in the 

pathogenesis of T2DM [11]. Among these, ceramide metabolism has emerged as a 

particularly compelling therapeutic target, while specific lipidomic signatures are 
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increasingly being evaluated as candidate biomarkers for susceptibility to insulin 

resistance and related metabolic dysfunction [12]. 

Prospective longitudinal investigations have evaluated the prognostic utility of 

circulating lipid biomarkers. In particular, higher triglyceride concentrations and 

dysregulated low-density lipoprotein/high-density lipoprotein (LDL/HDL) ratios have 

been associated with an increased subsequent risk of developing impaired fasting glucose 

[13]. In addition, metabolomics-based investigations indicate that distinct lipid signatures 

may predict progressive decline in pancreatic islet β-cell function and the transition from 

early metabolic dysregulation to clinically manifest T2DM [14,15]. However, the 

identification of universally applicable lipid biomarkers remains challenging, as lipid 

metabolism is intrinsically dynamic and is profoundly modulated by dietary, 

environmental, and genetic factors. Recent advances in mass spectrometry (MS)-based 

analytical platforms, including direct infusion and liquid chromatography-mass 

spectrometry (LC-MS), have substantially improved the sensitivity, selectivity, and 

reproducibility of lipidomic profiling [16]. When coupled with bioinformatics and 

systems biology methodologies, these high-throughput technologies facilitate 

comprehensive characterization of lipid species diversity and their covalent 

modifications, thereby providing more nuanced insights into disease-associated 

metabolic reprogramming [17,18]. Nevertheless, a large proportion of the current 

evidence is derived from cross-sectional investigations, which constrains the ability to 

infer the temporal dynamics and mechanistic underpinnings of lipid dysregulation 

during the progression of T2DM. In this context, the present exploratory study aimed to 

characterize serum lipid features that differ between adults with established T2DM and 

control participants using untargeted UPLC-Orbitrap lipidomics and to examine how the 

principal features relate to the clinical and metabolic characteristics of the participants. 

2. Materials and Methods 

2.1. Study Design and Participants 

This case–control study included 36 patients with clinically confirmed T2DM and 33 

control participants; all participants were recruited from the Endocrinology Clinics at 

King Abdulaziz University Hospital (KAUH), Jeddah, Saudi Arabia. The T2DM group 

comprised 10 males and 26 females, whereas the control group comprised 10 males and 

23 females; Saudi nationals formed the largest group (33 of 69 participants, 47.8%; Figure 

S1). Exclusion criteria included clinically documented advanced liver failure or end-stage 

liver disease and clinically documented end-stage renal disease or dialysis-dependent 

renal failure, as recorded in their medical history. Demographic, clinical, and 

anthropometric data were collected, including age, sex, height and weight (from which 

body mass index [BMI] was calculated), blood pressure, heart rate, medical history 

(including diabetes duration where documented), current pharmacotherapy, smoking 

status, and, for participants with T2DM, lifestyle characteristics (Table S1). Routine 

laboratory assessments, which were available for participants with T2DM (Table S1), 

included hemoglobin concentration, glycated HbA1c, plasma glucose (measured in 

fluoride/oxalate plasma obtained at the same venipuncture as the serum samples used for 

lipidomic analysis), serum creatinine, thyroid-stimulating hormone, low-density 

lipoprotein cholesterol (LDL-C), high-density lipoprotein cholesterol (HDL-C), total 

cholesterol, and triglycerides. The diagnosis of T2DM was established according to the 

American Diabetes Association (ADA) criteria in effect at the time of enrollment: fasting 

plasma glucose ≥126 mg/dL, 2-h plasma glucose ≥200 mg/dL during a standard oral 

glucose tolerance test, or HbA1c ≥ 6.5% (48 mmol/mol) [19]. Control participants were 

recruited from individuals without a prior diagnosis of diabetes or other documented 
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metabolic disease and who were not receiving glucose-lowering therapy at the time of 

enrollment. 

2.2. Ethical Approval 

The study protocol was reviewed and approved by the Unit of Biomedical Ethics, 

Faculty of Medicine, King Abdulaziz University, Jeddah, Saudi Arabia (Reference No. 

IEE-20; approved on 1 October 2018). All procedures were conducted in accordance with 

the ethical principles of the Declaration of Helsinki, and written informed consent was 

obtained from all participants prior to their enrollment in the study. 

2.3. Blood Collection and Sample Preparation 

To reduce circadian-associated variability, venous blood samples were obtained in 

the morning (08:00–10:30 h). Fasting duration was obtained by participant self-report; all 

participants reported an overnight fast of >8 h. The case report form recorded fasting 

duration as a binary item (fasted ≥10 h: yes/no), so that ‘Yes’ indicated a reported fasting 

duration of ≥10 h and ‘No’ a reported duration of >8 h but <10 h; fasting duration was not 

independently measured by the study team, and exact fasting times were not recorded. 

Accordingly, 23 of 36 participants with T2DM and 1 of 33 control participants were 

classified as reporting fasting ≥10 h, whereas 13 participants with T2DM and 32 control 

participants were classified as reporting fasting >8 h but <10 h (Table S1). Blood was drawn 

into serum gel tubes, gently inverted twice, and allowed to clot for 30 min at ambient 

temperature (25 °C). Subsequently, samples were centrifuged at 2750× g for 10 min at 15 

°C. The resulting serum was aliquoted, maintained at 4 °C for a maximum of 6 h, and then 

stored at −80 °C until analysis, whereas repeated freeze–thaw cycles were rigorously 

avoided. For lipid extraction, serum aliquots were combined with a pre-chilled (−20 °C) 

monophasic solvent mixture composed of methanol, methyl tert-butyl ether (MTBE), and 

water (1:3:1, v/v/v). The use of a pre-chilled monophasic MTBE-based system enables the 

concurrent extraction of lipids and polar metabolites. Samples were agitated on an orbital 

shaker for 30 min at 4 °C and subsequently subjected to ultrasonication in an ice-cooled 

ultrasonic bath for 10 min to enhance extraction efficiency. Thereafter, a methanol:water 

solution (1:3, v/v) was added to induce biphasic phase separation. Following vortex 

mixing and centrifugation, the upper organic phase containing lipids and the lower 

aqueous phase containing polar and semi-polar metabolites were collected separately, 

vacuum-dried, and stored at −80 °C until further analysis. All serum specimens were 

collected and processed using the same standardized pre-analytical workflow to 

minimize between-group technical variation. 

2.4. Lipidomic Analysis 

Lipidomic profiling was performed using a Waters ACQUITY Ultra-Performance 

Liquid Chromatography (UPLC) system coupled to an Exactive Orbitrap mass 

spectrometer (Thermo Fisher Scientific, Waltham, MA, USA). Dried lipid extracts were 

reconstituted in 500 µL acetonitrile:isopropanol (7:3, v/v), and 2 µL of each reconstituted 

sample was injected for analysis. Chromatographic separation was conducted on a 

reversed-phase C8 column (100 mm × 2.1 mm, 1.7 µm; Waters) maintained at 55 °C. The 

mobile phase consisted of buffer A (water containing 10 mM ammonium acetate and 0.1% 

acetic acid) and buffer B (acetonitrile:isopropanol, 7:3, v/v, containing 10 mM ammonium 

acetate and 0.1% acetic acid). Ammonium acetate was supplied as a 1 M stock solution 

and added at 1% (v/v) to obtain a working concentration of 10 mM. Separation was carried 

out at a flow rate of 400 µL/min using a multistep gradient elution over a total analysis 

time of 22 min. 
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Mass spectrometric data were acquired in full-scan and all-ion fragmentation (AIF) 

modes over an m/z range of 100–1500. The Orbitrap mass analyzer was operated at a 

resolving power of 10,000, with a scan rate of 10 spectra/s and a maximum ion injection 

time of 100 ms. The heated electrospray ionization source was operated with a spray 

voltage of 3 kV and a capillary temperature of 150 °C. Data were acquired in both positive 

and negative ionization modes to maximize coverage of the lipidome, in accordance with 

established untargeted lipidomics workflows on Orbitrap-based platforms [20]. To ensure 

analytical robustness and reproducibility, pooled quality-control samples were generated 

by combining equal aliquots from all study samples and were injected at the beginning of 

the analytical sequence as well as at regular intervals throughout the run. Solvent blanks 

were interspersed to monitor background signal and potential carryover, and the injection 

order of study samples was randomized to minimize batch-related bias. No class-specific 

internal standards were incorporated into the present untargeted workflow. 

Consequently, the dataset is suitable for relative comparisons between experimental 

groups rather than for absolute quantification across lipid classes. Lipid features were 

putatively annotated based on accurate mass measurements, chromatographic retention 

times, and comparison with an in-house spectral library, following accurate-mass and 

fragmentation assisted annotation strategies routinely employed in LC-MS-based 

lipidomics. For the 93 annotated features, the measured m/z values agreed with the 

theoretical m/z of the assigned [M+H]+ (PC and PE) or [M+NH4]+ (PI and TAG) ions within 

±6 ppm (range −5.9 to +5.4 ppm; median −2.4 ppm), and retention times deviated from the 

corresponding library entries by −0.03 to +0.30 min (Table S4). Annotations are reported 

at the lipid species (sum-composition) level according to the LIPID MAPS shorthand 

notation [21]. Fatty acyl chains were not assigned to the annotated features, which 

therefore correspond to the species (sum-composition) level of the Lipidomics Standards 

Initiative reporting hierarchy rather than to molecular species. Where 

chromatographically distinct features shared the same sum composition, each was 

analyzed separately and is identified by its Peak ID and m/z (Tables S4 and S5). 

2.5. Data Processing, Quality Control, and Statistical Analysis 

Raw LC-MS features were initially filtered to remove low-intensity signals, putative 

background contaminants, and features with a signal-to-noise ratio <3; features were 

retained if they were detected in at least 80% of the samples of at least one of the four 

subgroups (female controls, male controls, female patients, and male patients), yielding 

1191 features (Table S3). Of these, 93 features were putatively annotated as PC, PE, PI, or 

TAG species, of which 92 were included in the processed dataset used for all statistical 

analyses (Table S4); each of these 92 features was detected in at least 82.6% of all samples. 

Peak intensities were normalized sample-wise to correct for differences in overall signal 

intensity between samples (raw intensities in Table S3; normalized intensities in Table S4). 

Annotations were cross-checked against the measured m/z, adduct, and molecular 

formula of each feature. For each annotated feature, the coefficient of variation (CV% = 

SD/mean × 100) was calculated within each of the four subgroups (female controls, male 

controls, female patients, and male patients). Because these CVs were computed across 

biological samples, they reflect combined biological and analytical variability rather than 

analytical precision alone; they were therefore used descriptively, with a median CV > 

50% across the four subgroups serving as a descriptive flag for features with 

comparatively high combined biological and analytical variability. For multivariate 

analyses, normalized intensities were log2-transformed to improve distributional 

symmetry and Pareto-scaled. Unsupervised principal component analysis (PCA) and 

hierarchical clustering analysis (HCA) were conducted on the 92 annotated features, with 

HCA based on Pearson correlation distance and average linkage, to characterize global 
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lipidomic differences between the T2DM and control groups. For univariate analysis, 

patients and controls were compared using two-tailed Welch’s t-tests applied to the 

normalized (non-log-transformed) intensities of each of the 92 annotated features. Sex-

associated differences were assessed in the same way by comparing all female with all 

male participants, pooled across disease status. To control multiple hypothesis testing, p-

values were adjusted across the 92 features using the Benjamini–Hochberg false discovery 

rate (FDR) procedure, and FDR < 0.05 was considered significant. Lipid features with FDR 

< 0.05 for the T2DM-control comparison were designated as discriminatory lipids and 

ranked by FDR. Receiver operating characteristic (ROC) curve analysis was performed for 

the top discriminatory lipid species, and the area under the curve (AUC) was calculated 

to describe their discriminatory performance within this case–control sample. 

Statistical analyses and figures were produced in Python 3.12 (SciPy, statsmodels, 

scikit-learn, and matplotlib). To address potential confounding, each principal 

discriminatory feature (log2-transformed) was modeled by linear regression with disease 

status as the exposure and age, sex, and BMI as covariates; a disease status × sex 

interaction term was added to test formally whether disease-associated differences 

differed between women and men. Associations between the principal lipid features and 

HbA1c, plasma glucose, triglycerides, HDL-C, non-HDL-C (total cholesterol minus HDL-

C), and the triglyceride-glucose (TyG) index, calculated as ln[triglycerides (mg/dL) × 

plasma glucose (mg/dL)/2] [22], were examined within the T2DM group using Spearman 

correlation; plasma glucose and triglycerides were measured in the same blood collection 

as the lipidomic samples. Because reported fasting duration exceeded 8 h in all 

participants but was ≥10 h in only part of the cohort, the TyG index was not interpreted 

as having been derived under uniformly confirmed ≥10-h fasting. Within the T2DM 

group, lipid levels were also compared between users and non-users of statins, 

metformin, and insulin (Mann–Whitney U test). Benjamini–Hochberg correction was 

applied within each family of tests. For ROC analysis, 95% confidence intervals of the 

AUC were obtained from 2000 stratified bootstrap resamples. To estimate the optimism 

introduced by selecting and evaluating features in the same participants, the complete 

procedure (ranking all 92 features by Welch’s t-test and selecting either the top-ranked 

feature or the top five features combined in an L2-penalized logistic regression model) 

was repeated within the training folds of 50 repetitions of stratified 5-fold cross-validation 

and evaluated in the held-out folds; an optimism-corrected AUC was additionally 

estimated using Harrell’s bootstrap procedure (200 resamples). Finally, cross-validated 

AUCs of a logistic model containing age, sex, and BMI were compared with those of the 

same model extended by individual lipid features. To assess whether the principal 

between-group differences depended on the imbalance in reported fasting duration, the 

eight principal features were re-analysed in participants reporting fasting >8 h but <10 h 

(13 patients and 32 controls) using the same linear models, without and with adjustment 

for age, sex, and BMI (12 of the 13 patients had complete covariate data), and their AUCs 

were re-estimated with 2000 stratified bootstrap resamples. Because fasting ≥10 h was 

reported by only one control participant, fasting category could not be meaningfully 

separated from disease status by adding it as a covariate to full-cohort models; its 

association with lipid levels was therefore estimated within the T2DM group (≥10 h vs. >8 

h but <10 h, adjusted for age, sex, and BMI). Benjamini–Hochberg correction was applied 

across the eight features within each sensitivity analysis. 

3. Results 

3.1. Cohort Characteristics 

The final analytical cohort comprised 69 participants, including 36 individuals with 

T2DM and 33 control participants. The demographic and clinical characteristics of the 
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study population are presented in (Table 1), with further distributional details shown in 

(Figure S1) and participant-level descriptive data provided in (Table S1). Participants with 

T2DM were significantly older than control participants, with mean ages of 52.19 and 

43.79 years, respectively (𝑝 = 0.00153). The T2DM group was also significantly shorter than 

the control group (mean height: 156.34 vs. 162.55 cm; 𝑝 = 0.01505). By contrast, mean body 

weight did not differ significantly between groups (76.97 vs. 74.74 kg; 𝑝 = 0.65032). 

Participants with T2DM also had a significantly higher mean BMI than control 

participants (31.44 vs. 28.04 kg/m2; 𝑝 = 0.04610); the mean BMI in the T2DM group was 

within the obese range, whereas that in the control group fell within the overweight range. 

Marked between-group differences were observed in blood pressure parameters, as 

individuals with T2DM exhibited a higher mean systolic blood pressure than controls 

(136.70 vs. 118.52 mmHg; p = 0.00271), corresponding to an absolute difference of 18.18 

mmHg. In contrast, mean diastolic blood pressure was significantly lower in the T2DM 

group compared with controls (70.70 vs. 81.48 mmHg; p = 0.00023). Mean heart rate did 

not differ significantly between groups (78.44 vs. 77.12 beats/min; p = 0.69442). Overall, 

the T2DM group was characterized by older age, higher BMI, and higher systolic blood 

pressure relative to control participants, while body weight and heart rate were broadly 

comparable. In participants with T2DM, the mean HbA1c was 8.74 ± 1.72% (n = 30), mean 

plasma glucose was 9.42 ± 4.75 mmol/L (n = 32), mean triglycerides were 1.76 ± 0.89 

mmol/L (n = 32), and the mean TyG index was 9.27 ± 0.55 (n = 31). These clinical chemistry 

measurements were obtained from the same blood draw as the lipidomic samples; all 

participants reported an overnight fast of >8 h, but reported fasting duration was not 

consistently ≥10 h. Also, thirteen patients (36.11%) were receiving statins, 17 (47.22%) 

metformin, and 17 (47.22%) insulin. 

Table 1. Demographic and clinical characteristics of participants with T2DM and control 

participants. 

Characteristic T2DM Control p-Value 

Age (years) 52.19 ± 11.68 (36) 43.79 ± 9.39 (33) 0.00153 

Height (cm) 156.34 ± 10.80 (33) 162.55 ± 9.30 (33) 0.01505 

Weight (kg) 76.97 ± 18.94 (32) 74.74 ± 20.61 (33) 0.65032 

BMI (kg/m2) 31.44 ± 7.18 (32) 28.04 ± 6.24 (33) 0.04610 

Systolic BP (mmHg) 136.70 ± 24.92 (30) 118.52 ± 20.64 (33) 0.00271 

Diastolic BP (mmHg) 70.70 ± 11.12 (30) 81.48 ± 10.63 (33) 0.00023 

Heart rate (bpm) 78.44 ± 13.99 (25) 77.12 ± 10.41 (33) 0.69442 

Values are mean ± SD (n with available data); p-values are from Welch’s two-sample t-test. 

3.2. Feature-Level Variability (Coefficient of Variation) 

For each of the 92 annotated features, the coefficient of variation (CV%) was 

computed within four predefined subgroups female controls, male controls, female 

patients, and male patients (Table S2). Because CVs were derived across individual 

participants, they describe biological-sample variability and incorporate both inter-

individual biological heterogeneity and analytical variation; they should not be 

interpreted as direct estimates of analytical measurement reliability or analytical precision 

alone. Subgroup-specific CVs were therefore reported for descriptive purposes only, with 

a median CV > 50% used as an indicator of comparatively high overall variability rather 

than as an independent metric of analytical imprecision. The subgroup-specific median 

CVs were 42.42% for female controls, 41.84% for male controls, 39.30% for female patients, 

and 38.49% for male patients. Using a median CV threshold of 50% across the four 

subgroups as an indicator of greater biological-sample variability, 69 of 92 features 
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(75.00%) exhibited a median CV ≤ 50%, whereas 23 features (25.00%) exceeded this 

threshold; however, these features were retained for downstream analyses. At the lipid-

class level, all phosphatidylinositol species displayed a median CV ≤ 50%, followed by 

phosphatidylcholine (88.9%) and phosphatidylethanolamine species (87.5%); in contrast, 

only 46.9% of triacylglyceride species met this criterion. Among the principal 

discriminatory features, median CVs were ≤50% for PI 36:1 (25.1%), PC 32:2 (38.8%), PC 

40:8 (26.2%), PE 38:1 (31.0%), PC 38:4 (16.0%), and PC 38:5 (27.1%), whereas TAG 54:6 

(51.2%) and TAG 48:4 (96.3%) exceeded 50% (Table S5). For TAG 54:6, CVs were 

comparatively low in controls (37.9% in female controls; 19.2% in male controls) but 

elevated in patients (64.6% and 75.4%, respectively), consistent with increased inter-

individual heterogeneity in the patient group. 

3.3. Global Lipidomic Profiles of T2DM and Control Participants 

Multivariate analyses revealed a partial differentiation between participants with 

T2DM and control participants based on their serum lipidomic profiles (Figure 1). In the 

PCA score plot (Figure 1a), the first two principal components explained 20.6% and 16.6% 

of the total variance, respectively. Group discrimination by disease status was observed 

primarily along PC2, with T2DM samples predominantly exhibiting negative PC2 scores 

and control samples positive PC2 scores; by contrast, PC1 largely captured within-group 

heterogeneity. Despite this trend, substantial intergroup overlap persisted, with male 

participants in particular distributed across both disease categories. Hierarchical 

clustering (Figure 1b) resolved the cohort into two principal clusters: a T2DM-enriched 

cluster comprising 23 of 27 participants (85.2%) and a control-enriched cluster comprising 

29 of 42 participants (69.0%). Collectively, these analyses indicate that the serum lipidome 

of individuals with T2DM differs from that of controls at a global level, although the 

incomplete separation shows that this difference is driven by a subset of lipid species 

rather than by a uniform shift. 

At the lipid-class level (Figure 2), aggregated signal intensities showed substantial 

overlap across the four subgroups, with only minor shifts in central tendency (all ≤0.4 log2 

units). For phosphatidylcholine (PC), total class intensity was modestly elevated in T2DM 

(mean log2 intensities: 30.05 in female controls, 30.00 in male controls, 30.22 in female 

patients, and 30.13 in male patients; FDR = 0.0038). Phosphatidylethanolamine (PE) 

exhibited a similarly modest increase in T2DM, driven predominantly by female patients 

(25.94 in female controls, 25.86 in male controls, 26.24 in female patients, and 25.89 in male 

patients; FDR = 0.0038). In contrast, phosphatidylinositol (PI; 23.96 in female controls, 

23.81 in male controls, 23.90 in female patients, and 23.61 in male patients; FDR = 0.2687) 

and triacylglyceride (TAG; 31.39 in female controls, 31.76 in male controls, 31.53 in female 

patients, and 31.60 in male patients; FDR = 0.8844) did not differ significantly between 

T2DM and control groups. Collectively, these class-level results indicate that case–control 

differences were small when lipid classes were considered in aggregate, whereas greater 

discriminatory information was captured at the level of individual molecular species, 

including species exhibiting bidirectional changes within the same lipid class. 
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Figure 1. Multivariate analysis of global serum lipidomic profiles in control participants and 

patients with T2DM, based on the 92 annotated lipid features. (a) PCA score plot showing sample 

distribution along PC1 and PC2. (b) HCA dendrogram (Pearson correlation distance, average 

linkage); black and red sample labels indicate controls and T2DM patients, respectively. 
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Figure 2. Distribution of aggregate lipid-class signals, normalized intensities of the putatively 

annotated features were summed on the linear scale within each class (PC, 36 features; PE, 16; PI, 8; 

TAG, 32) and log2-transformed for display: (a) phosphatidylcholine (PC), (b) 

phosphatidylethanolamine (PE), (c) phosphatidylinositol (PI), and (d) triacylglyceride (TAG), across 

female controls (FC), male controls (MC), female patients with T2DM (FP), and male patients with 

T2DM (MP). Dots represent individual participants, boxes indicate the interquartile range, and the 

central line indicates the median and whiskers show the range. FDR values refer to the T2DM versus 

control comparison (Welch’s t-test, Benjamini–Hochberg correction across the four classes); main 

data are provided in Table S4. 

3.4. PE Alterations in T2DM 

Within the PE subclass, the quantified molecular species exhibited heterogeneous 

distributions across the four study subgroups, indicating that PE-related differences were 

contingent on the specific lipid species (Figure 3). PE 34:1 (Figure 3a) displayed higher 

levels in females than in males, with no detectable difference between T2DM and control 

groups (FDR = 0.4071), supporting a predominantly sex-associated pattern. In contrast, PE 

36:1 (Figure 3b) was selectively increased in female participants with T2DM relative to the 

remaining three subgroups, whereas male patients did not differ from sex-matched 

controls; the overall patient–control contrast remained significant following FDR 

adjustment (FDR = 1.81 × 10−4). PE 38:1 (Figure 3c) was elevated in both T2DM subgroups 

compared with both control subgroups (FDR = 4.87 × 10−6). PE 38:5 (Figure 3d) exhibited 

substantial intergroup overlap and no significant case–control difference (FDR = 0.1942), 
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although a trend toward lower values was observed in male patients. Collectively, these 

results demonstrate species-specific PE alterations in T2DM: PE 38:1 was consistently 

increased in both sexes, PE 36:1 was increased primarily among female patients, and PE 

34:1 and PE 38:5 varied by sex without evidence of a significant disease-associated effect. 

 

Figure 3. Comparison of serum phosphatidylethanolamine (PE) species across study groups. Panels 

(a–d) show PE 34:1 (Peak ID 2495), PE 36:1 (2646), PE 38:1 (2860), and PE 38:5 (2787), respectively. 

Data are presented for female controls (FC), male controls (MC), female patients with T2DM (FP), 

and male patients with T2DM (MP). Boxplots indicate the interquartile range and median, whiskers 

show the range, and dots represent individual participants. FDR values refer to the T2DM versus 

control comparison (Welch’s t-test, Benjamini–Hochberg correction across 92 features); source data 

are provided in Table S4. 

3.5. PC Alterations in T2DM 

Among PC species, the four features with the lowest FDR values are presented in 

(Figure 4); three polyunsaturated PC species were increased in T2DM. Specifically, PC 

38:4 (Figure 4b) exhibited an upward shift in both T2DM subgroups relative to both 

control subgroups, with the highest distribution observed in female patients (FDR = 4.81 

× 10−6). Conversely, PC 38:5 (Figure 4c) showed a concordant pattern, with both patient 

subgroups exceeding the corresponding control subgroups (FDR = 3.24 × 10−6). Further, 

PC 40:8 (Figure 4d) was also elevated in both diabetic subgroups and provided the 
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strongest statistical evidence among the PC species (FDR = 1.39 × 10−7). In contrast, PC 32:2 

(Figure 4a) was decreased in T2DM, with the highest values observed in female controls 

and the lowest values in male patients (FDR = 5.24 × 10−6). Collectively, these findings 

indicate bidirectional alterations in PC composition polyunsaturated species (PC 38:4, PC 

38:5, and PC 40:8) were increased, whereas the less unsaturated PC 32:2 was decreased. 

 

Figure 4. Comparison of serum phosphatidylcholine (PC) species across study groups. Panels (a–d) 

show PC 32:2 (Peak ID 2566), PC 38:4 (3286), PC 38:5 (3256), and PC 40:8 (3521), respectively. Data 

are presented for female controls (FC), male controls (MC), female patients with T2DM (FP), and 

male patients with T2DM (MP). Boxplots indicate the interquartile range and median, whiskers 

show the range, and dots represent individual participants. FDR values refer to the T2DM versus 

control comparison (Welch’s t-test, Benjamini–Hochberg correction across 92 features); source data 

are provided in Table S4. 

3.6. Reduced PI 36:1 in T2DM 

Analysis of phosphatidylinositol (PI) 36:1 revealed a pronounced reduction in 

individuals with T2DM compared with control participants (Figure 5). In both sexes, 

control subgroups exhibited higher signal intensities than their respective T2DM 

counterparts, with female and male controls clustering at higher log2 intensity values, 

whereas female and male patients displayed a downward shift. This separation was 

consistently observed across sexes, suggesting a predominantly disease-associated effect 
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rather than a strongly sex-dependent influence. Although some intra-group variability 

was evident, particularly among female controls and female patients, the overall group 

distributions demonstrated minimal overlap, and the association remained highly 

significant after correction for multiple testing (FDR = 2.71 × 10−7). Female and male 

patients showed similar distributions (median log2 intensity 18.27 and 18.15), both below 

those of female and male controls (19.10 and 19.06). Collectively, these results identify PI 

36:1 as a robustly decreased phospholipid species in T2DM and support its contribution 

to the discriminatory lipidomic signature observed in this cohort. 

 

Figure 5. Comparison of serum phosphatidylinositol (PI) 36:1 across study groups. Data are 

presented for female controls (FC), male controls (MC), female patients with T2DM (FP), and male 

patients with T2DM (MP). Boxplots indicate the interquartile range and median, whiskers show the 

range, and dots represent individual participants, and the FDR value refers to the T2DM versus 

control comparison (Peak ID 4157; Welch’s t-test, Benjamini–Hochberg correction across 92 

features). 

3.7. TAG Alterations in T2DM 

The triacylglyceride (TAG) species shown in (Figure 6) displayed heterogeneous, 

species-specific responses rather than a uniform class-level shift. TAG 48:4 (Figure 6a) 

exhibited decreased signal intensities in both T2DM subgroups compared with the control 

subgroups, with the lowest levels observed in female patients (FDR = 0.0067). In contrast, 

TAG 52:4 (Figure 6b) and TAG 54:4 (Figure 6c) showed substantial overlap across the four 

subgroups and did not differ significantly between patients and controls (FDR = 0.3188 

and 0.1823, respectively), although both species trended toward higher values in the male 

subgroups. The most prominent disease-associated difference was observed for TAG 54:6 

(Figure 6d), which was shifted downward in both T2DM subgroups relative to both 

control subgroups (FDR = 2.58 × 10−11), accompanied by increased dispersion among 

patients. Accordingly, within the TAG species evaluated, TAG 54:6 represented the most 

strongly reduced feature in T2DM, whereas TAG 48:4 showed a more modest decrease. 
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Figure 6. Comparison of serum triacylglyceride (TAG) species across study groups. Panels (a–d) 

show TAG 48:4 (Peak ID 3369), TAG 52:4 (4046), TAG 54:4 (4326), and TAG 54:6 (4284), respectively. 

Data are presented for female controls (FC), male controls (MC), female patients with T2DM (FP), 

and male patients with T2DM (MP). Boxplots indicate the interquartile range and median, whiskers 

show the range, and dots represent individual participants. FDR values refer to the T2DM versus 

control comparison (Welch’s t-test, Benjamini–Hochberg correction across 92 features); source data 

are provided in Table S4. 

3.8. Top Discriminatory Lipids Between Patients and Controls 

Eight lipidomic features discriminating against individuals with T2DM from control 

participants displayed bidirectional changes (Figure 7). In total, 34 of 92 annotated 

features differed significantly between groups (FDR < 0.05; Table S5). The eight features 

highlighted correspond to the seven unique lipid species with the lowest FDR values, 

together with TAG 48:4, which was additionally selected as a second triacylglycerol (TAG) 

species despite ranking 15th; features ranked 8th–14th (including a second PC 38:4 feature, 

Peak ID 3285, PC 40:4, and PE 36:1) are reported in (Table S5). The upper panel depicts 

species reduced in T2DM: PI 36:1 (Figure 7a; FDR = 2.71 × 10−7), PC 32:2 (Figure 7b; FDR = 

5.24 × 10−6), TAG 54:6 (Figure 7c; FDR = 2.58 × 10−11; lowest FDR among all features), and 

TAG 48:4 (Figure 7d; FDR = 0.0067). For each of these lipids, both diabetic subgroups 

exhibited lower signal intensities than both control subgroups. The lower panel depicts 

species elevated in T2DM: PC 40:8 (Figure 7e; FDR = 1.39 × 10−7), PE 38:1 (Figure 7f; FDR = 

4.87 × 10−6), PC 38:4 (Figure 7g; FDR = 4.81 × 10−6), and PC 38:5 (Figure 7h; FDR = 3.24 × 
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10−6), with female patients generally showing the highest signal intensities. Overall, these 

results define a discriminatory lipid signature characterized by decreased PI 36:1, PC 32:2, 

and TAG abundance concomitant with increased polyunsaturated PC species and PE 38:1, 

consistent with selective remodeling of phospholipid and glycerolipid metabolism in 

T2DM. 

 

Figure 7. Eight discriminatory lipid features distinguish patients with T2DM from control 

participants. The upper row shows lipid species decreased in patients with T2DM: (a) PI 36:1 (Peak 

ID 4157), (b) PC 32:2 (2566), (c) TAG 54:6 (4284), and (d) TAG 48:4 (3369). The lower row shows lipid 

species increased in patients with T2DM: (e) PC 40:8 (3521), (f) PE 38:1 (2860), (g) PC 38:4 (3286), 

and (h) PC 38:5 (3256). Data are presented for female controls (FC), male controls (MC), female 

patients with T2DM (FP), and male patients with T2DM (MP). Boxplots indicate the interquartile 

range and median, whiskers show the range, and dots represent individual participants. FDR values 

refer to the T2DM versus control comparison (Welch’s t-test, Benjamini–Hochberg correction across 

92 features). 

3.9. Sex-Associated Lipids 

The lipid species with the strongest sex-associated differences are shown in (Figure 

8); the FDR values in this figure compare all female with all male participants, pooled 

across disease status. PE 34:1 (Figure 8a) showed the strongest sex difference, with higher 

signal intensities in the female than in the male subgroups (FDR = 1.37 × 10−11). PE 36:1 

(Figure 8b) was also higher in women overall (FDR = 8.03 × 10−5), but this difference arose 

almost entirely from female patients, who showed the highest signal intensities of all 

subgroups. A PC 38:5 feature (Peak ID 3257, chromatographically distinct from the 

disease-associated PC 38:5 feature in Figure 7h; Figure 8c) showed higher values in 

women (FDR = 0.0246). PE 38:5 (Figure 8d) was also higher in women, whereas TAG 54:4 

(Figure 8e) and TAG 52:4 (Figure 8f) were higher in men (each FDR = 0.0316); PE 34:0 and 

PC 42:5, both higher in women, showed sex differences of similar magnitude (FDR = 

0.0316; Table S5). Because these comparisons pool patients and controls, they describe sex 

differences rather than sex-specific disease effects. When a sex-by-disease interaction was 

formally tested in linear models adjusted for age and BMI (Table S5), a significant 

interaction was found only for PE 36:1 (interaction β = −1.03 log2 units, FDR = 3 × 10−4), 
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reflecting an elevation confined largely to female patients. For PE 34:1, the sex difference 

was not significantly modified by disease status after correction (interaction p = 0.036, FDR 

= 0.25), and no interaction was detected for the eight principal discriminatory lipids (all 

FDR ≥ 0.89) or for the other sex-associated species; given that each male subgroup 

comprised only ten participants, these subgroup observations remain exploratory. 

 

Figure 8. Sex-associated lipid features across study groups. Panels (a–f) show PE 34:1 (Peak ID 2495), 

PE 36:1 (2646), PC 38:5 (3257), PE 38:5 (2787), TAG 54:4 (4326), and TAG 52:4 (4046), respectively. 

Data are presented for female controls (FC), male controls (MC), female patients with T2DM (FP), 

and male patients with T2DM (MP). Boxplots indicate the interquartile range and median, whiskers 

show the range, and dots represent individual participants. FDR values refer to the comparison of 

all female with all male participants, pooled across disease status (Welch’s t-test, Benjamini–

Hochberg correction across 92 features). 

3.10. Exploratory Discriminatory Performance of the Top Lipids 

Receiver operating characteristic (ROC) curve analysis of the eight discriminatory 

lipid features (Figure 9) indicated that multiple lipid species differentiated individuals 

with T2DM from controls in this case–control dataset. PI 36:1 exhibited the highest 

discriminatory performance (AUC 0.985; 95% CI 0.949–1.000), followed by TAG 54:6 

(AUC 0.955; 95% CI 0.894–0.995) and PC 40:8 (AUC 0.948; 95% CI 0.896–0.986). More 

modest discrimination was observed for PE 38:1 (AUC 0.867; 95% CI 0.770–0.939), PC 38:4 

(AUC 0.851; 95% CI 0.755–0.932), PC 38:5 (AUC 0.840; 95% CI 0.737–0.918), PC 32:2 (AUC 

0.822; 95% CI 0.717–0.918), and TAG 48:4 (AUC 0.795; 95% CI 0.689–0.891). Because feature 

selection and performance evaluation were conducted in the same participants, the 

resulting AUCs are likely upwardly biased due to overfitting. To quantify this bias, the 

full feature-selection pipeline was embedded within the training folds of 50 repetitions of 

5-fold cross-validation; under this resampling framework, the top-ranked single feature 

(TAG 54:6; selected in 244 of 250 folds) achieved a mean held-out AUC of 0.954 (range 

0.948–0.967 across repetitions), and the Harrell optimism-corrected AUC for the selected 

feature was 0.940 (estimated optimism 0.016). A baseline logistic regression model 
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including age, sex, and BMI yielded a cross-validated AUC of 0.67; addition of TAG 54:6 

increased the AUC to 0.98, while inclusion of PI 36:1 and PC 40:8 increased the AUC to 

0.97 and 0.92, respectively. Models incorporating multiple lipids approached complete 

separation (Table S5). The reported AUC values quantify discriminative performance 

within the present case–control cohort. However, reported fasting duration differed 

markedly between groups: 23/36 participants with T2DM, compared with 1/33 controls, 

reported fasting ≥10 h, whereas 13/36 participants with T2DM, compared with 32/33 

controls, reported fasting >8 h but <10 h. Internal cross-validation can mitigate optimism 

arising from model fitting and feature selection but cannot correct for such between-group 

imbalances in sampling conditions; ROC performance was therefore re-estimated in 

participants reporting fasting >8 h but <10 h, in whom AUCs were similar to those in the 

full cohort (0.808–0.983 vs. 0.795–0.985) but had wider confidence intervals. 

 

Figure 9. ROC curves for the eight discriminatory lipid features distinguishing patients with T2DM 

from control participants (log2 normalized intensities from Table S4). Curves are shown for PI 36:1, 

TAG 54:6, PC 40:8, PE 38:1, PC 38:4, PC 38:5, PC 32:2, and TAG 48:4, with their apparent AUC values; 

bootstrap 95% confidence intervals and cross-validated estimates are given in (Table S5). The 

dashed diagonal line represents chance-level classification (AUC = 0.50). 

3.11. Adjustment for Clinical Covariates and Relation to Metabolic Parameters 

After adjustment for age, sex, and BMI, all eight principal discriminatory features 

remained significantly associated with T2DM (all FDR ≤ 7 × 10−4), and the effect sizes were 

comparable to those observed in unadjusted analyses (Table S5). For instance, TAG 54:6 

was 2.17 log2 units lower (95% CI −2.61 to −1.72) and PI 36:1 was 0.93 log2 units lower 

(95% CI −1.15 to −0.72) in patients relative to controls. Within the T2DM cohort, none of 

the principal features exhibited significant correlations with HbA1c, plasma glucose, 

triglycerides, HDL-C, non-HDL-C, the TyG index, BMI, or age following FDR correction 

(all FDR > 0.5). Notably, TAG 54:6 was not associated with conventional serum 

triglycerides (ρ = 0.22, p = 0.23) or the TyG index (ρ = 0.07, p = 0.69). The largest nominal 
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associations were observed between PC 32:2 and the TyG index (ρ = 0.41, p = 0.021) and 

between PI 36:1 and non-HDL-C (ρ = −0.41, p = 0.037). After FDR adjustment, no lipid 

species differed significantly between users and non-users of statins, metformin, or insulin 

(all FDR ≥ 0.35). Diabetes duration was available for only nine participants, precluding 

robust analysis. These within-patient analyses were constrained by limited sample size (n 

= 25–36) and a restricted range of metabolic phenotypes within a single diagnostic 

category. 

3.12. Sensitivity Analysis Restricted by Reported Fasting Duration 

To assess whether the between-group differences depended on the imbalance in 

reported fasting duration, the eight principal features were re-analysed in the 45 

participants reporting fasting >8 h but <10 h (13 patients and 32 controls). In this subset, 

all eight features differed in the same direction as in the full cohort, both without 

adjustment (all FDR ≤ 0.0012) and after adjustment for age, sex, and BMI (n = 44; all FDR 

≤ 0.028) (Table 2; Table S5g). Adjusted effect estimates in the restricted subset were 0.75–

1.28 times those in the full cohort, and the 95% confidence intervals overlapped for every 

feature. For example, TAG 54:6 was 2.36 log2 units lower (95% CI −2.82 to −1.90) and PI 

36:1 was 0.93 log2 units lower (95% CI −1.25 to −0.61) in patients than in controls, 

compared with 2.17 (95% CI −2.61 to −1.72) and 0.93 (95% CI −1.15 to −0.72) log2 units 

lower in the full cohort. The largest attenuation was observed for PC 38:4 (0.22 vs. 0.29 

log2 units higher; restricted 95% CI 0.03 to 0.42). Within the T2DM group, none of the 

eight features differed significantly between patients reporting fasting ≥10 h and those 

reporting >8 h but <10 h after adjustment for age, sex, and BMI (n = 30–32; all FDR ≥ 0.71), 

although the confidence intervals were wide (Table 2). AUCs in the restricted subset 

(0.808–0.983) were similar to those in the full cohort (0.795–0.985), with wider bootstrap 

confidence intervals (Table S5g). Because only 13 patients reported fasting <10 h, these 

analyses have limited precision and cannot exclude residual confounding by fasting 

duration or by other factors that differ between groups. 

Table 2. Differences in the principal lipid features between participants with T2DM and controls in 

the full cohort and in participants reporting fasting >8 h but <10 h, and differences by reported 

fasting category within the T2DM group. 

Lipid Species 

(Peak ID) 
Full Cohort (n = 63–65) 

Restricted to >8 h but 

<10 h (n = 44) 

Within T2DM: ≥10 h 

vs. >8 h but <10 h (n = 

30–32) 

PI 36:1 (4157) −0.93 (−1.15, −0.72) −0.93 (−1.25, −0.61) −0.04 (−0.32, 0.24) 

PC 32:2 (2566) −0.85 (−1.17, −0.54) −1.09 (−1.52, −0.67) 0.31 (−0.16, 0.79) 

TAG 54:6 (4284) −2.17 (−2.61, −1.72) −2.36 (−2.82, −1.90) 0.48 (−0.39, 1.34) 

TAG 48:4 (3369) −1.26 (−1.94, −0.58) −1.25 (−2.17, −0.34) −0.24 (−1.34, 0.86) 

PC 40:8 (3521) 0.81 (0.57, 1.05) 0.74 (0.43, 1.04) 0.15 (−0.23, 0.53) 

PE 38:1 (2860) 0.71 (0.46, 0.95) 0.74 (0.44, 1.04) −0.14 (−0.53, 0.24) 

PC 38:4 (3286) 0.29 (0.16, 0.43) 0.22 (0.03, 0.42) 0.09 (−0.08, 0.26) 

PC 38:5 (3256) 0.49 (0.25, 0.73) 0.52 (0.18, 0.86) 0.09 (−0.25, 0.43) 

Values are regression coefficients (95% CI) in log2 units from linear models adjusted for age, sex, 

and BMI: T2DM minus control (full cohort and restricted subset) and ≥10 h minus >8 h but <10 h 

(within T2DM). Full cohort, n = 65 (TAG 48:4, n = 63); restricted subset, 12 patients and 32 controls; 

within T2DM, n = 32 (TAG 48:4, n = 30). Benjamini–Hochberg FDR across the eight features: full 

cohort, all < 0.001; restricted subset, all ≤ 0.028; within T2DM, all ≥ 0.71. Unadjusted estimates, p-

values, and AUCs are given in Table S5g. 
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4. Discussion 

4.1. Principal Findings and Pathway-Level Interpretation 

The present exploratory study suggests that untargeted serum lipidomic profiling 

can distinguish individuals with T2DM from control participants through coordinated 

alterations across multiple lipid species rather than through a single dominant biomarker. 

At the global level, the partial separation observed in the multivariate analyses indicates 

that T2DM is associated with a broad shift in the circulating lipidome, consistent with the 

systemic metabolic dysregulation linked to insulin resistance and impaired metabolic 

homeostasis [23]. The discriminatory pattern identified was driven predominantly by 

alterations in specific phospholipid and glycerolipid subclasses, most notably PC, PE, PI, 

and TAG. At the class level, total lipid abundance changed only modestly across groups, 

whereas stronger disease-related differences emerged at the level of individual molecular 

species, indicating that lipid remodeling in T2DM was selective rather than uniform 

across whole lipid classes. Among the most robust disease-associated signals, the 

polyunsaturated species PC 38:4, PC 38:5, and PC 40:8 and the species PE 38:1 were 

increased in T2DM, whereas PI 36:1, TAG 54:6, and PC 32:2 were consistently decreased. 

Within the PE subclass, PE 36:1 was elevated predominantly in female patients, and PE 

34:1 showed a sex-associated pattern rather than a disease effect. This combination of 

increased polyunsaturated PC species, reduced PI, TAG, and less unsaturated PC species, 

and heterogeneous PE behavior suggests coordinated remodeling across interconnected 

phospholipid and glycerolipid pathways rather than isolated perturbation of a single lipid 

branch. In this context, diabetic dyslipidemia appears to involve selective changes in 

structurally and functionally distinct lipid molecular species that may reflect altered 

membrane composition, lipid signaling, and glycerolipid turnover. Some individual 

species, including PI 36:1 (AUC = 0.985), TAG 54:6 (AUC = 0.955), and PC 40:8 (AUC = 

0.948), separated T2DM and control participants within this sample, and the separation 

persisted after adjustment for age, sex, and BMI, under cross-validation, and in 

participants with comparable reported fasting duration. However, these findings 

demonstrate an association with established T2DM rather than diagnostic utility, and 

because neither insulin resistance nor glycemic status was measured in controls, it 

remains unclear whether the identified species are specific to diabetes or reflect broader 

metabolic dysfunction, including obesity and insulin resistance. Accordingly, (Figure 10) 

is best interpreted as a conceptual pathway-level synthesis of the observed lipid 

alterations, placing the principal discriminatory species within an integrated network of 

phospholipid and glycerolipid metabolism. Importantly, this schematic should not be 

construed as direct evidence of metabolic flux, enzymatic activity, or causal directionality 

within pathways; rather, it is intended as a conceptual biological framework for 

contextualizing how the observed species-level alterations may relate to interconnected 

lipid metabolic processes in T2DM. 

https://doi.org/10.3390/biomedicines14112472


Biomedicines 2026, 14, 2472 20 of 27 
 

https://doi.org/10.3390/biomedicines14112472 

 

Figure 10. Simplified schematic of the glycerophospholipid and glycerolipid biosynthetic pathways 

linking the lipid classes discussed in this study. Glycerol-3-phosphate is acylated to phosphatidic 

acid (PA) by glycerol-3-phosphate acyltransferases and acylglycerol-3-phosphate acyltransferases 

(GPAT, AGPAT). PA is converted by phosphatidic acid phosphatase (PAP; lipin) to diacylglycerol 

(DAG), which diacylglycerol kinase (DGK) can recycle to PA, or by CDP-diacylglycerol synthases 

(CDS1/2) to CDP-diacylglycerol, from which CDP-diacylglycerol–inositol 3-

phosphatidyltransferase (CDIPT) forms phosphatidylinositol (PI). DAG is the acceptor of the CDP-

choline and CDP-ethanolamine pathways, in which choline/ethanolamine phosphotransferases 

(CHPT1, CEPT1, and EPT1) form phosphatidylcholine (PC) and phosphatidylethanolamine (PE) 

and is acylated to triacylglycerol (TAG) by diacylglycerol O-acyltransferases (DGAT1/2). In the 

liver, PE can be methylated to PC by phosphatidylethanolamine N-methyltransferase (PEMT). Co-

substrates are shown in italics. 

4.2. Altered Phospholipid and Glycerolipid Metabolism in T2DM 

The biochemical basis for the observed lipidomic segregation may reside in 

perturbations of core pathways regulating phospholipid and glycerolipid homeostasis. 

Phospholipid and glycerolipid biosynthesis is organized around shared metabolic 

intermediates, particularly diacylglycerol and cytidine diphosphate-diacylglycerol, which 

act as major branch points linking the biosynthetic routes of PC, PE, PI, and TAG [24]. 

Accordingly, disturbance of these interconnected nodes could produce coordinated but 

non-uniform changes across several lipid classes, as observed in the present dataset. 

Within this framework, the concurrent increase in several polyunsaturated PC species and 

PE 38:1, together with the decrease in PI 36:1, TAG 54:6, and PC 32:2, is consistent with 

broader remodeling of phospholipid and glycerolipid metabolism in T2DM rather than 

isolated dysregulation of a single lipid class. This interpretation is further supported by 

the finding that class-level lipid abundance changed only modestly across groups, 

whereas clearer differences emerged at the level of individual molecular species. Previous 

studies have shown that the balance between membrane phospholipid synthesis and 

neutral lipid storage is tightly regulated and may be altered under conditions of insulin 

resistance and hepatic metabolic stress [25,26]. In that context, the pattern observed here 

may reflect redistribution within interconnected lipid metabolic pathways, potentially 

affecting membrane composition, lipid signaling, and glycerolipid turnover. 

4.3. Phosphatidylcholine and Phosphatidylethanolamine Remodeling 

Among the lipid classes evaluated, the most consistent disease-associated pattern 

was observed at the level of selected phosphatidylcholine molecular species rather than 

total class abundance. PC 38:4, PC 38:5, and PC 40:8 were increased in participants with 
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T2DM relative to controls, with female patients generally showing the highest signal 

intensities, whereas PC 32:2 was decreased. The PC changes were therefore not uniform: 

the increased species contain more acyl carbons and double bonds (four to eight), whereas 

the decreased species contains only two, suggesting a shift in the acyl-chain composition 

of circulating PC rather than a change in total PC; species-specific PC alterations in T2DM 

have also been reported in a recent untargeted and targeted lipidomic study [20]. 

Alterations in the phospholipid species composition of skeletal muscle have previously 

been associated with metabolic syndrome in humans and with insulin resistance in a rat 

model of prediabetes, in both cases involving decreases in specific phospholipids [27,28]. 

Moreover, a potentially relevant aspect of these findings is the metabolic interrelationship 

between PC and PE; the conversion of PE to PC via phosphatidylethanolamine N-

methyltransferase represents a central node in phospholipid homeostasis and has been 

increasingly implicated in hepatic lipid handling and systemic insulin sensitivity [29,30]. 

An elevated PC/PE ratio has been proposed as an index of metabolic dysfunction and 

insulin resistance across multiple tissues, including skeletal muscle [27,28]. In the present 

dataset, however, PC and PE species did not change in opposite directions (PE 38:1 and 

PE 36:1 were increased, as were several PC species), and the PC/PE ratio, enzyme activity, 

and pathway flux were not quantified; we therefore do not interpret these findings as 

evidence of altered PEMT activity. PE species showed a heterogeneous profile, PE 38:1 

was increased in both sexes, PE 36:1 was increased predominantly in female patients, and 

PE 34:1 showed a sex-associated pattern without a disease effect. Together, these 

observations suggest that phospholipid alterations in T2DM are species-specific and 

modulated by both disease-related processes and sex. Furthermore, because the 

annotations are at the sum-composition level, each species may comprise several 

molecular species; this is illustrated by a second PC 40:8 feature (Peak ID 3520) that was 

lower rather than higher in T2DM. We therefore refrain from attributing specific 

physiological functions to these incompletely characterized species. 

4.4. PI and TAG Remodeling in T2DM 

The observed decrease in PI 36:1 in participants with T2DM is of potential biological 

interest given the broader role of phosphatidylinositol-containing lipids in membrane-

associated signaling and metabolic regulation [31,32]. In the present dataset, PI 36:1 

showed a clear and consistent reduction in both diabetic subgroups relative to controls, 

with strong statistical support after multiple-testing correction. Because total PI 

abundance changed only modestly at the class level, this finding is best interpreted as a 

species-specific alteration rather than a generalized reduction of the entire PI subclass. A 

similarly important observation was the reduction in selected TAG species, particularly 

TAG 54:6, which showed the strongest disease-associated decrease, whereas TAG 48:4 

showed a weaker but still significant reduction, and TAG 52:4 and TAG 54:4 did not 

remain significant after multiple-testing correction. This pattern indicates that TAG 

remodeling in T2DM was selective and species-specific rather than uniformly increased 

or decreased across the whole TAG class. At first glance, the reduction in TAG 54:6 may 

appear paradoxical because T2DM is commonly associated with hypertriglyceridemia in 

routine clinical testing [33]. However, the present result concerns individual TAG 

molecular species rather than total circulating triglycerides, and the class-level boxplots 

showed only modest overall differences in summed TAG abundance across the four 

subgroups. Accordingly, the present findings support the view that glycerolipid 

dysregulation in T2DM involves selective remodeling of individual TAG species rather 

than a uniform shift in all TAG molecules [34,35]. Consistent with this, TAG 54:6 was not 

correlated with conventional serum triglycerides among patients (ρ = 0.22), and its 

reduction persisted after adjustment for age, sex, and BMI. The direction of this finding is 
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in line with the observation from the Rhee et al. [36] that TAG species with higher acyl 

carbon number and double-bond content were associated with lower risk of T2DM, 

whereas species with lower carbon number and double-bond content were associated 

with higher risk and with insulin resistance. Nevertheless, TAG 54:6 may represent 

several molecular species with different fatty acyl combinations (such as, 18:2/18:2/18:2, 

18:1/18:2/18:3, or 16:0/18:2/20:4), whose abundance is strongly influenced by dietary fatty 

acid intake; dietary modification after diagnosis, lipid-lowering and glucose-lowering 

treatment, and the higher variability of this feature in patients may therefore contribute. 

With respect to lipotoxicity, lipid classes are most directly implicated in lipotoxic insulin 

resistance, such as diacylglycerols and ceramides [12]. The features identified here 

therefore cannot currently serve as surrogate markers of lipotoxicity; whether the 

observed shifts in TAG and phospholipid species relate to lipotoxic burden or 

cardiovascular risk in T2DM should be examined in studies that measure these lipid 

mediators together with cardiovascular outcomes. 

4.5. Sex-Associated Subgroup Patterns and Biomarker Implications 

A further important aspect of the present study was the presence of subgroup 

patterns suggestive of sex-related variation in selected lipid species. PE 34:1 showed the 

clearest sex-associated subgroup pattern, with higher levels in the female subgroups 

overall, whereas PE 36:1 was increased predominantly in female patients with T2DM, the 

only species for which a sex-by-disease interaction was statistically supported; by 

contrast, PE 38:1 showed a disease-associated increase in both sexes. These findings 

suggest that lipid remodeling in T2DM is influenced not only by disease status but also 

by subgroup-dependent biological variation [37]. For that reason, future lipidomic studies 

in T2DM should incorporate sex explicitly as a biological variable in both study design 

and downstream analysis; from a translational perspective, the present data also indicate 

that lipid-based discrimination of T2DM is more likely to rely on multi-lipid signatures 

than on a single molecule. The top discriminatory panel showed a bidirectional pattern in 

which reduced PI, PC 32:2, and TAG signals coexisted with increased polyunsaturated PC 

species and PE 38:1. In the ROC analysis, PI 36:1, TAG 54:6, and PC 40:8 showed the 

highest AUCs (0.985, 0.955, and 0.948, respectively), and cross-validation in which feature 

selection was repeated within each training fold yielded a similar estimate for the top-

ranked feature (0.954). 

4.6. Limitations and Future Directions 

A key strength of this study is the application of untargeted UPLC-MS-based 

lipidomics to characterize serum lipid perturbations in individuals with T2DM and 

control participants. This approach captured both broad lipid-class patterns and 

alterations in individual putatively annotated species across phosphatidylcholine, 

phosphatidylethanolamine, phosphatidylinositol, and triacylglycerol subclasses. The 

integration of multivariate profiling with feature-level analyses further enabled the 

identification of candidate discriminatory lipid features. Nevertheless, some limitations 

should be considered when interpreting the findings. First, the sample size was modest, 

which may have limited statistical power and the external validity of the identified lipid 

signatures, particularly in sex-stratified analyses. The sex distribution was also unequal, 

especially among male participants. Accordingly, the sex-specific findings should be 

regarded as exploratory and hypothesis-generating rather than confirmatory. Second, the 

cross-sectional design precludes causal inference. The observed lipid alterations should 

therefore be interpreted as disease-associated correlates within this cohort and not as 

causal determinants of T2DM. Third, lipidomic measurements were performed in serum 

rather than plasma; serum lipid abundances may be influenced by coagulation-related 
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and other pre-analytical processes, which may be particularly relevant for phospholipid 

species. In addition, the blood collection tubes were not cooled immediately after 

venipuncture but were allowed to clot at ambient temperature according to the serum-

processing protocol. Although this procedure was applied consistently to all participants, 

it may have affected the concentrations of some lipid species. The present findings should 

therefore be interpreted as serum-specific and require validation in plasma-based studies. 

Fourth, residual confounding cannot be excluded; although the principal associations 

persisted after adjustment for age, sex, and BMI, disease status was inherently linked to 

treatment exposure: participants with T2DM, but not the control participants, had 

diagnosed diabetes, and some participants with T2DM were receiving glucose-lowering 

and/or lipid-lowering therapy. Consequently, the independent contributions of diabetes 

and treatment cannot be fully separated in this dataset. Dietary intake, physical activity, 

and diabetes duration were incompletely recorded and could not be incorporated into the 

models. Fifth, the coefficient of variation estimates were calculated across biological 

samples rather than from replicate pooled quality-control measurements; they therefore 

describe combined biological-sample variability and analytical variation, rather than 

analytical precision alone. Two reported TAG features, TAG 54:6 and TAG 48:4, exceeded 

the prespecified median-CV flag of 50%. These findings should be considered when 

interpreting the reliability and reproducibility of the corresponding feature-level 

associations. Sixth, the ROC estimates were obtained in a single case–control sample of 

participants with established T2DM and control participants and were internally cross-

validated only; no independent replication cohort was available. The near-complete 

separation achieved by some multi-lipid models may therefore overestimate performance 

in clinically relevant populations. In addition, systematic pre-analytical differences 

between groups, including possible differences in collection period or storage duration, 

could have contributed to the observed separation. Because replicate pooled-QC data 

were not available for estimating feature-specific analytical precision, the extent of this 

contribution cannot be quantified from the present dataset. Seventh, reported fasting 

duration was imbalanced between the study groups: all participants reported an 

overnight fast of more than 8 h, but 23/36 participants with T2DM and 1/33 control 

participants reported fasting for at least 10 h. Fasting duration was self-reported, recorded 

only as a binary category, and not independently verified. In a sensitivity analysis 

restricted to participants reporting fasting >8 h but <10 h, all eight principal associations 

persisted with similar effect estimates and AUCs, and fasting category was not 

significantly associated with lipid levels within the T2DM group. These results suggest 

that the principal between-group differences are not explained by the fasting imbalance 

alone. However, the restricted analysis included only 13 patients (12 with complete 

covariate data), the binary categories cannot capture variation in fasting duration within 

each category, and residual confounding by fasting duration or other pre-analytical 

conditions cannot be excluded. The ROC estimates should therefore still be interpreted as 

exploratory and cohort-specific rather than as evidence of diagnostic performance. The 

plasma glucose and triglyceride measurements used to calculate the TyG index were 

obtained from the same blood collection as the lipidomic measurements; however, the 

index should not be interpreted as having been uniformly derived after a confirmed 10-h 

fast. Eighth, the reported lipid species assignments are putative and require confirmation 

by targeted tandem mass spectrometry and comparison with authentic reference 

standards. In addition, isotope-labelled or class-specific internal standards were not 

incorporated into the untargeted workflow. This may limit the accuracy and 

comparability of quantitative estimates across lipid classes. Therefore, despite the use of 

pooled quality-control samples and solvent blanks, the findings should be interpreted 

primarily as relative differences in feature abundance rather than as fully validated 
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absolute concentrations. Future studies should validate these candidate lipid biomarkers 

in larger, independent cohorts under balanced and prospectively standardized fasting 

conditions. Longitudinal sampling coupled with more comprehensive clinical 

phenotyping would facilitate discrimination of disease-associated alterations from 

treatment-related effects and temporal variability. Targeted quantitative lipidomics will 

be essential to confirm both the magnitude and directionality of the observed changes, 

whereas integrative analyses incorporating transcriptomic, proteomic, and enzyme-

activity data may elucidate the biological pathways underlying the dysregulated 

phospholipid and glycerolipid signatures. In addition, it will be important to assess 

whether the identified lipid features are associated with insulin resistance, glycaemic 

control, hepatic steatosis, and diabetes-related complications. 

5. Conclusions 

In this exploratory case–control study, established T2DM was associated with a 

distinct serum lipidomic profile involving selected phospholipid and glycerolipid species 

rather than isolated perturbations in single lipid species. Specifically, patients showed 

higher levels of several polyunsaturated phosphatidylcholine species and lower levels of 

PC 32:2, heterogeneous and species-specific differences in phosphatidylethanolamines, 

and lower levels of phosphatidylinositol 36:1 and triacylglyceride 54:6; these associations 

persisted after adjustment for age, sex, and BMI and in participants with comparable 

reported fasting duration. These observations are consistent with a selective alteration of 

lipid homeostasis involving both membrane-associated and storage lipids, but the cross-

sectional design, the putative sum-composition annotations, and the absence of laboratory 

phenotyping in controls do not allow mechanistic conclusions or a distinction between 

diabetes-specific changes and broader metabolic dysfunction. The high discriminatory 

performance observed within this sample should not be interpreted as diagnostic utility. 

Validation in larger, independent cohorts that include individuals across the spectrum of 

glycemia and insulin resistance, using plasma-based and targeted quantitative lipidomics 

with structural confirmation, will be essential to determine whether the observed lipid 

alterations are robust and clinically informative. 
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TAG Triacylglyceride 
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FC Female control 
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