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Abstract

Background/Objectives: Hereditary hemolytic anemias (HHAs) are rare genetic disorders 
characterized by chronic hemolysis, systemic oxidative stress, and inflammation. Altered 
lipid homeostasis has previously been reported in HHAs; however, untargeted plasma 
lipidomic studies comparing HHA subtypes remain limited. This exploratory study aimed 
to characterize shared and subtype-specific plasma lipid alterations across five HHA sub-
types. Methods: Forty-eight participants were enrolled, including 29 patients with HHA 
(6 with β-thalassemia, 5 with hereditary xerocytosis, 7 with hereditary spherocytosis, 5 with 
sickle cell disease, and 6 with congenital dyserythropoietic anemia) and 19 healthy con-
trols. Plasma lipids were analyzed by untargeted liquid chromatography–quadrupole 
time-of-flight mass spectrometry, followed by multivariate, univariate, and lipid pathway 
analyses. Results: A total of 375 lipid species were putatively annotated, revealing both 
shared and putative subtype-specific lipid alterations across the five HHA subtypes. The 
putatively annotated species Cer 59:7;4O and PC 46:1 remained significantly altered after 
false discovery rate correction, whereas species such as PC 34:4 and Cer 42:3;2O showed only 
nominal subtype-specific differences. Mostly nominal alterations in individual ceramide, 
triglyceride, and phosphatidylcholine species were observed across most hemolytic groups 
relative to controls. Congenital dyserythropoietic anemia exhibited the fewest nominal 
differences from controls. Among the 25 species with nominal Kruskal–Wallis differences, 
SM 37:1;2O was the only lipid species that nominally differed from controls exclusively in 
this subtype. Conclusions: These exploratory, hypothesis-generating findings suggest that 
plasma lipidomics may help characterize lipid alterations accompanying chronic hemolysis. 
However, the candidate lipid species and predicted pathways require validation in larger, 
age-matched, independent cohorts.
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1. Introduction
Hereditary hemolytic anemias (HHAs) constitute a heterogeneous group of rare inher-

ited disorders characterized by chronic hemolysis and persistent systemic metabolic stress 
resulting from ongoing erythrocyte destruction [1–5]. These conditions are unified by pre-
mature red blood cell (RBC) destruction leading to chronic anemia but differ substantially 
in their underlying pathophysiology. Hemoglobinopathies such as β-thalassemia (BT) and 
sickle cell disease (SCD) are characterized by abnormal hemoglobin (Hb) production and 
chronic intravascular hemolysis, whereas membranopathies including hereditary spherocy-
tosis (HS) and hereditary xerocytosis (HX) arise from defects in cytoskeletal or membrane 
transport proteins [6,7]. Congenital dyserythropoietic anemia (CDA) is characterized by 
ineffective erythropoiesis: despite erythroid bone marrow hyperactivity, erythrocyte output 
is inadequate, and elevated growth differentiation factor 15 (GDF15) promotes secondary 
iron overload [8]. Across HHA subtypes, elevated serum lactate dehydrogenase (LDH) 
and indirect bilirubin levels, together with reduced Hb and erythrocyte counts, serve as 
systemic biomarkers of chronic hemolytic burden, whereas high serum ferritin is related to 
increased intestinal iron absorption and transfusions [9].

Chronic hemolysis releases Hb and heme into the circulation, generating reactive oxy-
gen species (ROS) and activating lipid peroxidation pathways [10,11]. This oxidative milieu 
drives sphingomyelinase activation, ceramide generation, and lipoprotein lipid remodeling. 
Elevated ceramides have been implicated as triggers of eryptosis (programmed erythro-
cyte death), promoting phosphatidylserine exposure on the RBC surface and accelerating 
erythrophagocytosis [12–15]. These lipid-driven pathways may therefore contribute to the 
chronic hemolysis characteristic of HHA.

While lipid alterations are implicated in HHA pathophysiology, comprehensive 
lipidomic profiling remains scarce. Prior investigations have been largely restricted to 
single HHA subtypes and have focused predominantly on erythrocyte-based matrices 
rather than plasma. A liquid chromatography–tandem mass spectrometry (LC-MS/MS)-
based untargeted RBC membrane lipidomics study of 50 BT patients identified significant 
alterations in phosphatidylcholines, ceramides, and phosphatidic acids that were actively 
modulated by the XMN1-HBG2 polymorphism (rs7482144) and hydroxyurea therapy [16]. 
In a targeted plasma metabolomics study of transfusion-dependent BT, 41 altered metabo-
lites tracked with heme metabolism, redox potential, short-chain fatty acids, and nitric oxide 
bioavailability [17]. In SCD, targeted analysis confirmed decreased serum sphingomyelins 
and ceramides, whereas untargeted erythrocyte lipidomics identified 241 lipid species, 
over 24% of which differed significantly from controls, driven by prominent increases in 
ceramides, diacylglycerols, and acylcarnitines [18,19]. At the plasma level, the largest SCD 
metabolomics study analyzed 596 patients, identifying acylcarnitines, urate, kynurenine, 
and free fatty acids as metabolic correlates of hemolysis severity, cardiorenal dysfunction, 
and mortality [20]. A recent nuclear magnetic resonance (NMR)-based metabolomics study 
of 26 patients with homozygous HbS (HbSS) identified 11 dysregulated plasma metabolites: 
elevated pyruvate, lactate, and succinate reflected hypoxic stress, while depleted glycine 
and carnitine indicated altered glycolysis and glutathione homeostasis [21]. Current HS 
literature includes a metabolic mouse study but completely lacks lipidomic data [22].

In this study, we investigated the untargeted plasma lipidomic profiles of patients with 
five HHA subtypes, including BT, SCD, HS, HX, and CDA, compared with healthy controls. 
To our knowledge, this is one of the first studies to encompass such a diverse spectrum of 
HHA etiologies, notably including patients with the ultra-rare subtypes CDA and HX.
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2. Materials and Methods
2.1. Study Design and Participants

The HHA cohort (N = 29) comprised 21 pediatric (≤18 years) and 8 adult (>18 years) 
patients, all of whom had been followed at the Department of Pediatric Hematology, 
Hacettepe University, since childhood. The group consisted of transfusion-dependent 
BT (n = 6), non-transfusion-dependent CDA (n = 6), HS (n = 7, including one transfusion-
dependent patient), non-transfusion-dependent HX (n = 5), and chronically transfused 
SCD (n = 5) patients. Molecular findings for all patients are summarized in Table S2. All 
BT patients carried biallelic HBB variants, except one patient, whose genetic testing had 
been performed at another center and whose report was not available. Among the CDA 
patients, two had CDA type I (homozygous CDAN1 variant) and two had CDA type II 
(homozygous SEC23B variants); in the remaining two patients, SEC23B testing (and, in one 
patient, PKLR testing) was negative, and the diagnosis was based on characteristic bone 
marrow morphology. All HX patients carried PIEZO1 variants. The SCD group comprised 
four patients with homozygous HbS (HbSS) and one patient with compound heterozygous 
HbS/β+ -thalassemia. In the HS group, molecular testing was performed in three patients 
(one heterozygous SPTB and two heterozygous ANK1 variants); in the remaining four HS 
patients, the diagnosis was established using conventional RBC membrane tests, including 
osmotic fragility testing and eosin-5-maleimide (EMA) binding assay. Eleven patients 
belonged to five families: two sibling pairs with HX, a twin pair with HS, a sibling pair with 
CDA, and three siblings with SCD (Table S2). Five of the 29 patients (17.2%) were splenec-
tomized. The splenectomized patients comprised two BT, two HS, and one CDA patient. 
Twelve patients (all BT and SCD patients and one HS patient) were transfusion-dependent. 
Per-patient data on iron chelation and hydroxyurea exposure at the time of sampling were 
not available for this analysis.

Healthy control individuals (N = 19) were asymptomatic, were non-hospitalized at 
the time of sampling, had normal complete blood counts, and reported no history of chronic 
illness. The control group comprised 10 pediatric and 9 adult participants.

2.2. Sample Collection
Following an overnight fast, venous blood was collected into EDTA tubes. In transfusion-

dependent patients, blood samples were obtained immediately before transfusion on the day 
of transfusion. The study was designed to characterize the plasma lipidome of patients in 
their current, real-world clinical state, that is, under their ongoing treatment (transfusion, iron 
chelation, or hydroxyurea) and including prior splenectomy, rather than to separate disease 
effects from treatment effects. Patients were therefore not excluded on the basis of treatment 
or splenectomy status. Because regular transfusion is part of the standard management of 
the BT and SCD patients in this cohort, these patients were studied in their usual transfusion-
dependent state. The potential effects of disease-modifying therapies, including hydroxyurea, 
iron chelation, and chronic transfusion exposure, on plasma lipid profiles could not be fully 
controlled because of the limited sample size.

2.3. Lipid Extraction
Lipids were extracted from 50 μL of plasma from each participant using the methyl-

tert-butyl ether (MTBE) method [23]. Quality control (QC) samples were prepared by 
pooling 10 μL from each individual sample. Samples were extracted in a randomized order 
and injected in the same randomized sequence to minimize batch and run-order effects. 
Pooled QC samples were injected regularly throughout the analytical sequence, after every 
8–10 study samples, to monitor instrument performance.
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2.4. Lipidomic Analysis
Lipidomic analysis was performed by liquid chromatography–quadrupole time-of-

flight mass spectrometry (LC-qTOF-MS; Agilent 6530 Accurate-Mass Q-TOF, Agilent Tech-
nologies, Santa Clara, CA, USA) in both positive and negative ionization modes as described 
previously [24]. Data processing—including peak deconvolution, alignment, and retention 
time correction—was performed using MS-DIAL (v4.92; RIKEN Center for Sustainable 
Resource Science, Yokohama, Japan) with default parameters. Lipids were annotated 
against the RIKEN MS/MS Spectral Lipid Database, and raw intensities were normalized 
using MS Total Useful Signal (MSTUS). From the normalized MS-DIAL alignment output, 
only features annotated by MS/MS spectral matching were retained, yielding the 375 lipid 
species used in the statistical analyses, and missing values were replaced by half of the 
minimum value of each lipid species. Lipid identification was based on accurate mass and 
MS/MS spectral matching and was not confirmed with authentic chemical standards; the 
annotations are therefore putative, and lipid names indicate the sum composition where 
individual acyl chains could not be resolved. These annotations correspond to level 2 (puta-
tively annotated compounds) of the Metabolomics Standards Initiative. Lipid names follow 
the MS-DIAL output: names such as “PC 46:1|PC 11:0_35:1” give the sum composition 
first and then the most likely molecular species, where “_” indicates that the position of 
the fatty acyl chains is unknown, and “/” indicates a defined linkage (e.g., between the 
sphingoid base and the N-acyl chain of ceramides). No internal standards were added, and 
no QC-based relative standard deviation (RSD) filtering was applied; the reported values 
are MSTUS-normalized relative abundances rather than absolute concentrations.

2.5. Statistical Analysis
Multivariate analyses were performed using MetaboAnalyst (v6.0; Xia Lab, McGill Uni-

versity, Montreal, QC, Canada). Lipid class analyses were conducted using LipidOne (v2.4; 
University of Perugia, Perugia, Italy), while pathway analyses were performed using the 
open-access web-based tools BioPAN (LIPID MAPS; Babraham Institute, Cambridge, UK) 
and LipidOne. Univariate analyses were carried out using jamovi (version 2.7; The jamovi 
project, Sydney, Australia) and R (version 4.5.3; R Foundation for Statistical Computing, 
Vienna, Austria). Because most variables were non-normally distributed, data are presented 
as the median and interquartile range (IQR). The only exception is the lipid class-level data 
(Sections 3.2 and 3.3). Each class value is the sum of the MSTUS-normalized abundances 
of all species in that class; class values were generated with LipidOne and compared with 
parametric tests (Student’s t-test for two groups and one-way ANOVA for six groups). For 
consistency with these tests, class-level data are presented as mean ± standard error of 
the mean (SEM); in addition, the class composition (“Amount (%)”) is calculated from 
group means so that the class shares add up to 100%. Because summing many species into 
class totals is expected to reduce skewness, parametric tests were considered acceptable 
at the class level, whereas all species-level data were analyzed with nonparametric tests. 
Group comparisons for lipid species were performed using the Mann–Whitney U test for 
two-group comparisons and the Kruskal–Wallis test followed by Dunn’s post hoc test for 
multiple-group comparisons, which were implemented using the onewaytests package in 
R. p-values were adjusted for multiple testing using the Benjamini–Hochberg false discov-
ery rate (FDR) method, applied separately to each family of tests: (i) for the two-group 
(controls vs. HHA; Mann–Whitney U) and six-group (Kruskal–Wallis) comparisons at the 
lipid species level, correction was applied across all 375 annotated species (375 hypotheses 
per comparison); (ii) for the lipid class-level comparisons (Student’s t-test and one-way 
ANOVA), correction was applied across the 26 lipid classes and total lipids (27 hypotheses 
per comparison); and (iii) Dunn’s post hoc test was performed only for the 25 species 
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with a nominal Kruskal–Wallis p < 0.05, and within each species, the Benjamini–Hochberg 
correction was applied across the 15 pairwise group comparisons. A p-value less than 0.05 
after adjustment was considered statistically significant. Because the Dunn comparisons 
were conditional on a nominal (unadjusted) Kruskal–Wallis screen, pairwise differences 
were considered supported by FDR control only for species whose Kruskal–Wallis q-value 
was <0.05; all other differences with a raw p < 0.05 are reported as nominal and exploratory. 
Accordingly, throughout the manuscript, “significant” refers to an FDR-adjusted q < 0.05, 
whereas “nominal” (nominally significant) refers to a raw p < 0.05 that did not remain 
significant after FDR correction; all lipid species names denote putative annotations (MSI 
level 2; Section 2.4). PLS-DA models were evaluated by cross-validation (R2 , Q2 , and ac-
curacy). Before multivariate analysis, data were autoscaled (mean-centered and divided 
by the standard deviation of each variable). The optimal number of PLS-DA components 
was selected by leave-one-out cross-validation (LOOCV), and R2 , Q2 , and classification 
accuracy are reported for each number of components (Figures 1D and 2C,G). Model valid-
ity was additionally assessed by permutation testing (1000 random permutations of the 
class labels, using prediction accuracy during training as the test statistic); an empirical 
permutation p < 0.05 was taken to indicate that the observed separation was unlikely to 
have arisen by chance. Because the number of components was selected with the same 
LOOCV procedure that was used to estimate model performance (i.e., cross-validation was 
not nested), the reported Q2  and accuracy values are likely to be optimistic. Given the small 
sample size, the empirical permutation p-values should also be interpreted with caution; 
using the separation distance (B/W) as an alternative test statistic did not change these 
results. Because training accuracy approaches 1.0 even for permuted class labels when the 
number of variables greatly exceeds the number of samples, this test has limited ability to 
detect true separation; its results were therefore used only to support the descriptive use of 
PLS-DA. Because supervised methods such as PLS-DA are prone to overfitting when the 
number of variables greatly exceeds the number of samples, all inference in this study was 
based on univariate tests with FDR correction (Mann–Whitney U and Kruskal–Wallis tests 
at the species level, and Student’s t-test and one-way ANOVA at the class level). Because the 
number of variables (n = 375) greatly exceeded the number of samples (n = 48), PLS-DA 
was used only to visualize group structure and to rank lipid species by variable importance 
in projection (VIP), not for inference or feature selection; a large gap between R2  and Q2 
was interpreted as a sign of potential overfitting. Associations between age and lipid levels 
were assessed using Spearman’s rank correlation with Benjamini–Hochberg correction. This 
analysis was performed for the 25 species with nominal Kruskal–Wallis differences, which 
include all species that were FDR-significant in the two-group or six-group comparisons 
(Table S4). Pathway analyses (LipidOne and BioPAN) were performed mainly at the lipid 
class (subclass) level. Although BioPAN can also operate at the molecular species (fatty 
acyl) level, such analysis requires species resolved to their fatty acyl composition, whereas 
many species in our dataset were annotated only at the sum-composition level (e.g., PC 
46:1), which limits reliable species-level pathway inference. In addition, aggregating species 
into classes reduces dimensionality and analytical noise in a small cohort, in which species-
level pathway testing across 375 species would greatly inflate the multiple-testing burden. 
Differences at the molecular species level were evaluated separately by univariate testing 
(Section 3.3 and Table S1), and chain-level patterns were examined by LipidOne building 
block analysis (Figure S4).
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Figure 1. Multivariate and univariate analyses of lipid species in healthy controls and patients with 
hereditary hemolytic anemia (HHA). (A) Principal component analysis (PCA) score plot; (B) partial 
least squares–discriminant analysis (PLS-DA) score plot; (C) variable importance in projection (VIP) 
score plot indicating the most discriminative lipid species; (D) cross-validation results showing model 
performance (accuracy, R2  and Q2 ) and optimal component selection; (E) volcano plot comparing 
all HHA patients with healthy controls (fold-change threshold 1.5; FDR-adjusted q < 0.05). The red 
asterisk in (D) indicates the optimal number of components (highest Q2 ).

In BioPAN, reactions and pathways were considered significantly active or suppressed 
at |Z| > 1.645 (corresponding to p < 0.05, one-tailed), using the default settings of the 
software. BioPAN does not apply correction for multiple testing [25]; therefore, the reported 
Z-scores are unadjusted, and the pathway results should be interpreted as exploratory.
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3. Results
3.1. Baseline Demographic and Clinical Characteristics of the Study Cohort

The general characteristics and laboratory parameters of healthy controls, the overall 
HHA cohort, and the HHA subtypes (BT, CDA, HS, HX, and SCD) are presented in Table 1. 
Age did not differ significantly between controls and the total HHA group (p = 0.052); 
however, given the small sample size, this reflects a lack of definitive evidence of a difference 
rather than comparability, and a meaningful age difference cannot be ruled out. Because 
controls were not individually age-matched to patients, age was evaluated as a potential 
confounding variable in the statistical analysis.

Table 1. Sex, age, and laboratory parameters of healthy controls and patients with hereditary hemolytic 
anemia (HHA) subtypes, including β-thalassemia (BT), congenital dyserythropoietic anemia (CDA), 
hereditary spherocytosis (HS), hereditary xerocytosis (HX), and sickle cell disease (SCD).

Control HHA 
Subtypes

Total HHA 
Patients

P1 
(Control 

vs. 
Subtypes)

P2 
(Control 
vs. Total 
HHA)

(N = 19) BT (N = 6) CDA 
(N = 6)

HS 
(N = 7)

HX 
(N = 5)

SCD 
(N = 5) (N = 29)

RBC 
(×106 /μL)

5.24
(5.1–5.5)

3.21
(3.0–3.6)

3.42
(3.1–3.8)

3.54
(3.1–4.5)

4.13
(3.7–4.6)

3.72
(3.6–4.0)

3.69
(3.1–4.0) <0.001 <0.001

Hb (g/dL) 14.8
(13.5–15.6)

9.05
(8.7–9.9)

10.4
(10.1–11.9)

10.2
(8.8–12.3)

13.2
(11.3–15.6)

10.9
(10.1–11.9)

10.3
(9.2–12.2) <0.001 <0.001

Hct (%) 44.2
(42.2–46.1)

26.4
(25.4–28.9)

32.0
(29.5–34.9)

29.2
(27.1–35.4)

39.0
(36.4–40.9)

32.0
(29.8–33.3)

30.4
(28.4–35.4) <0.001 <0.001

MCV (fL) 86.3
(81.2–88.1)

80.6
(80.0–82.5)

91.8
(88.9–97.8)

82.5
(80.5–86.0)

92.0
(88.7–94.4)

86.0
(85.1–88.4)

85.4
(81.0–91.6) 0.017 0.382

WBC 
(×103 /μL)

7.0
(6.25–9.95)

10.9
(8.0–13.1)

5.2
(4.3–6.0)

10.7
(10.3–11.8)

6.0
(5.5–7.0)

9.5
(9.5–10.7)

9.4
(6.21–11.18) 0.002 0.400

Platelets 
(×103 /μL)

306
(254–338)

588
(449–787)

244
(230–279)

279
(219–481)

308
(283–309)

430
(429–482)

309
(246–500) 0.015 0.177

Sex (M/F) 12/7 3/3 4/2 1/6 3/2 4/1 15/14 0.227 0.555

Age (years) 18.0
(14–25)

11.0
(10.3–14.8)

17.5
(12.8–20.0)

14.0
(10–16)

10.0
(8–12)

24.0
(17–26)

15.0
(11–18) 0.018 0.052

Total Protein
(g/dL)

7.5
(7.2–7.8)

7.1
(7.0–7.2)

7.5
(7.2–7.8)

7.1
(6.9–7.8)

7.3
(7.1–7.4)

7.4
(7.3–7.5)

7.3
(7.0–7.6) 0.526 0.113

ALT (U/L) 17.0
(12–22.5)

14.0
(13–19.5)

17.0
(12.3–24.0)

12.0
(11–15)

15.0
(13.8–17.0)

29.0
(27–33)

15.5
(13–22.8) 0.109 0.957

AST (U/L) 22.0
(18.5–25.5)

27.5
(23.3–29.5)

24.5
(19.5–28.8)

27.0
(21.5–31.5)

30.5
(22–38.5)

45.0
(40–48)

28.0
(22–35) 0.028 0.019

ALP
(U/L)

89.0
(68.5–160.5)

228.0
(175–282.5)

137.0
(116.3–147.3)

144.0
(123.5–173.0)

191.0
(150.5–221.5)

117.0
(89–122)

144.0
(116.5–207.5) 0.172 0.152

GGT
(U/L)

17.0
(14.3–23.5)

12.0
(11.3–17.3)

15.0
(13–23)

10.0
(10–10.5)

11.5
(9.5–14.3)

34.0
(31–50)

12.5
(10–23.5) <0.001 0.116

LDH
(U/L)

168.0
(151–186)

215.5
(202–283)

286.0
(276–343)

283.0
(202–382.5)

549.0
(454–644)

380.5
(346.5–444.3)

306.5
(229–380.8) <0.001 <0.001

T. Bilirubin
(mg/dL)

0.70
(0.57–0.89)

2.63
(2.05–2.72)

3.33
(2.72–4.75)

4.28
(2.11–5.07)

5.11
(2.62–9.3)

4.63
(3.70–8.16)

3.48
(2.64–5.25) <0.001 <0.001

Id. Bilirubin
(mg/dL)

0.56
(0.46–0.74)

1.82
(0.78–2.12)

2.73
(2.21–4.18)

3.62
(1.8–4.34)

4.55
(2.21–8.62)

1.27
(0.63–7.02)

2.51
(1.14–4.64) 0.002 <0.001

D. Bilirubin 
(mg/dL)

0.14
(0.12–0.18)

0.58
(0.50–1.09)

0.56
(0.49–0.62)

0.66
(0.4–0.73)

0.55
(0.41–0.7)

2.44
(1.14–3.10)

0.62
(0.50–0.88) <0.001 <0.001

Ferritin 
(ng/mL)

28.7
(13.5–127.0)

914
(628–1474)

813.9
(244–1369)

152.5
(98–209)

174.7
(105–274)

1299.9
(456–1864)

327.8
(174.7–1300) <0.001 <0.001

Values are presented as median (interquartile range) unless otherwise indicated. P1, comparison of 
controls and HHA subtypes; P2, comparison of controls and total HHA patients. Bold values indicate 
p < 0.05. ALP, alkaline phosphatase; ALT, alanine aminotransferase; AST, aspartate aminotransferase; 
D. bilirubin, direct bilirubin; GGT, gamma-glutamyl transferase; Hb, hemoglobin; Hct, hematocrit; 
Id. bilirubin, indirect bilirubin; LDH, lactate dehydrogenase; MCV, mean corpuscular volume; RBC, 
red blood cell count; T. bilirubin, total bilirubin; WBC, white blood cell count.
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3.2. Comparative Lipid Profiles Between Controls and All HHA Patients
A total of 375 lipid species across 26 classes were putatively annotated. Lipid class data 

are expressed as mean ± standard error of the mean (SEM) in Table 2, because class-level 
values were compared with parametric tests in LipidOne (Section 2.5). Total lipid levels 
were approximately 14% higher in HHA patients than in healthy controls (raw p = 0.046); 
however, this difference did not remain significant after FDR correction (q = 0.269). The 
classes with the highest relative abundances were ceramide (Cer), sphingomyelin (SM), dia-
cylglycerol (DG), phosphatidylcholine (PC), triacylglycerol (TG), and N-acylethanolamine 
(NAE). Cholesteryl esters (CE), ether-linked diacylglycerols (DG-O), ether-linked phos-
phatidylcholines (PC-O), and phosphatidylinositols (PI) showed nominally higher levels in 
HHA patients than in controls (raw p < 0.05), although none of these differences remained 
significant after FDR correction (Table 2). Lipid class distribution and differential abun-
dance between healthy controls (A) and HHA patients (B) are also presented as relative 
abundance (% of total lipid content) (LipidOne) in Figure S1.

Table 2. Comparison of lipid class relative abundances (MSTUS-normalized; mean ± SEM) between 
healthy controls and patients with hereditary hemolytic anemia (HHA).

Lipid Class Class Name Annotated 
Species (n)

Controls
(n = 19)

HHA Patients 
(n = 29) Raw p FDR q Amount (%)

CAR Acylcarnitine 7 7.60 ± 1.01 6.94 ± 0.39 0.487 0.657 2.09
CE Cholesteryl ester 2 1.16 ± 0.15 2.81 ± 0.49 0.010 0.158 0.57
Cer Ceramide 47 35.36 ± 2.56 49.56 ± 5.92 0.069 0.311 12.19
DG Diacylglycerol 38 31.12 ± 2.33 38.83 ± 4.05 0.157 0.471 10.04

DG-O Ether-linked diacylglycerol 8 5.54 ± 0.57 8.37 ± 1.06 0.047 0.269 2.00
FA Fatty acids 26 24.31 ± 2.62 25.45 ± 2.05 0.732 0.791 7.14

Hex2Cer Dihexosylceramide 2 1.70 ± 0.25 1.86 ± 0.26 0.685 0.791 0.51
HexCer Hexosylceramide 2 0.73 ± 0.19 1.00 ± 0.21 0.390 0.619 0.25

LPC Lysophosphatidylcholine 16 17.92 ± 1.15 16.82 ± 0.93 0.462 0.657 4.99

LPC-O Ether-linked 
lysophosphatidylcholine 2 1.87 ± 0.25 2.40 ± 0.30 0.208 0.472 0.61

LPE Lysophosphatidylethanolamine 4 4.26 ± 0.55 4.55 ± 0.37 0.649 0.791 1.26
MG Monoacylglycerol 11 11.64 ± 1.22 11.25 ± 1.05 0.812 0.843 3.29
NAE N-acylethanolamine 27 31.12 ± 1.80 28.64 ± 1.64 0.324 0.547 8.58

NAGly N-acyl glycine 2 2.15 ± 0.20 2.32 ± 0.15 0.512 0.658 0.64
NAOrn N-acyl ornithine 2 2.36 ± 0.26 2.09 ± 0.12 0.294 0.547 0.64

PC Phosphatidylcholine 34 28.54 ± 3.74 32.59 ± 3.38 0.437 0.655 8.78
PC-O Ether-linked phosphatidylcholine 30 22.84 ± 1.88 30.25 ± 1.92 0.012 0.158 7.62

PE Phosphatidylethanolamine 6 3.38 ± 0.57 5.24 ± 1.04 0.181 0.472 1.24

PE-O Ether-linked 
phosphatidylethanolamine 9 8.96 ± 1.14 7.56 ± 0.80 0.306 0.547 2.37

PE-P Vinyl ether-linked 
phosphatidylethanolamine 3 3.18 ± 0.60 3.23 ± 0.73 0.962 0.962 0.92

PI Phosphatidylinositol 12 8.36 ± 1.26 12.70 ± 1.53 0.0498 0.269 3.02
SE Sterol esters 2 2.27 ± 0.22 1.89 ± 0.23 0.265 0.547 0.60
SL Saccharolipids 3 2.18 ± 0.29 1.96 ± 0.43 0.708 0.791 0.59
SM Sphingomyelin 40 37.93 ± 3.53 33.23 ± 1.91 0.210 0.472 10.22
ST Sterols 4 3.12 ± 0.56 4.48 ± 0.54 0.100 0.385 1.09
TG Triacylglycerols 36 26.26 ± 3.49 34.56 ± 3.59 0.121 0.408 8.73

Total 375 325.87 ± 15.68 370.58 ± 14.33 0.046 0.269 100.00

Raw p values were obtained using Student’s t-test (LipidOne); q values were adjusted using the 
Benjamini–Hochberg false discovery rate (FDR) method across all lipid classes and total lipids. Bold 
values indicate raw p < 0.05; no lipid class remained significant after FDR correction. SEM, standard 
error of the mean.

Principal component analysis (PCA) and partial least squares–discriminant analysis 
(PLS-DA) were applied to interpret the 375 lipid species (Figure 1). The PCA score plot 
(Figure 1A) showed all samples within 95% confidence ellipses, indicating no evident 
outliers. Subsequent PLS-DA (Figure 1B) showed partial separation between controls and 
patients, although several patients overlapped with the control cluster. Cross-validation 
(Figure 1D) yielded an accuracy of 0.83, an R2  of 0.95, and a Q2  of 0.51 with five components, 
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indicating a good model fit but only moderate predictive ability; because cross-validation 
was not nested, these values are likely to be optimistic. Permutation testing (1000 permu-
tations; prediction accuracy during training) yielded p = 0.962 (962/1000; Figure S6A): 
models fitted to randomly permuted class labels reached the same training accuracy as the 
observed model. Thus, the separation between controls and HHA patients was not better 
than expected by chance. Because training accuracy can approach 1.0 even for permuted 
labels when variables greatly outnumber samples, this permutation test has limited power; 
therefore, the PLS-DA model does not provide reliable evidence of predictive discrimination. 
The substantial gap between R2  and Q2  (>0.3) suggests that the model is overfitted, as 
expected when 375 variables are analyzed in 48 samples. The limited separation between 
the HHA and control groups may partly reflect the heterogeneity introduced by pooling 
five etiologically distinct HHA subtypes with different lipid profiles (see Section 3.3) into a 
single HHA group, including the CDA subgroup, which showed the fewest nominal differ-
ences from controls. The small and unevenly sized subgroups, together with heterogeneity 
in age and treatment exposure, may have further contributed to the observed overlap. Ac-
cordingly, PLS-DA was used to visualize group structure and to rank lipid species by VIP 
score (Figure 1C), rather than for inferential purposes or definitive biomarker selection. 
Given the limited discrimination in the PLS-DA model, univariate analyses were performed 
to identify lipid species differing between healthy controls and HHA patients. A total of 
51 lipid species showed nominal significance (raw p < 0.05) (Table S1); however, only five 
remained significant after FDR correction (q < 0.05) across all 375 species. As illustrated in 
the volcano plot in Figure 1E, application of a fold-change threshold of 1.5 demonstrated 
that Cer 59:7;4O, Cer 45:4;3O, PC 46:1, and TG 54:5;1O were elevated whereas PC 38:7 was 
decreased in the patient samples relative to controls.

3.3. Comparative Lipid Profiles Among Healthy Controls and HHA Subtypes
Lipid class analysis was performed to evaluate differences among the six groups 

(controls, BT, CDA, HS, HX, and SCD). As shown in Table 3, nominally significant differences 
(raw p < 0.05) were observed in the CE, DG-O, and PC-O classes; after FDR correction, only 
the difference in CE remained significant (q = 0.004). Pairwise comparisons of these three 
lipid classes indicated nominally higher levels (raw p < 0.05) in the BT group than in the 
control group (Figure S2), and CE levels were also nominally higher in BT than in CDA.

When the relative abundance of lipid categories and classes was evaluated across 
HHA subtypes, distinct distribution patterns were observed, as illustrated in the pie charts 
(Figure S3). In BT, SCD, HS, and HX, glycerophospholipids (GPL) represented the most 
abundant lipid category. In BT and SCD, glycerolipids (GL) were the second most abundant 
category, whereas in HS and HX, sphingolipids (SP) ranked second, as in controls. In 
contrast, CDA exhibited a distinct lipid distribution pattern, with SP representing the 
predominant category, followed by GPL and GL (Figure S3).

PCA and PLS-DA were applied to assess group separation among BT, CDA, HS, HX, 
SCD, and healthy controls. However, due to the limited sample size within subgroups, the 
PLS-DA model indicated overfitting, as reflected by a negative Q2  value.

To address this limitation, patients were reclassified into broader categories based 
on disease type, with HS and HX grouped as membranopathies and BT and SCD as 
hemoglobinopathies. This regrouping was defined post hoc, after the six-group model 
had failed, on the basis of the shared pathophysiological mechanism (membrane defect vs. 
abnormal hemoglobin), and is therefore exploratory; CDA, which has a distinct dyserythro-
poietic mechanism, was not assigned to either group. Subsequent analyses were performed 
to evaluate separation between controls and these redefined groups. In the PCA score plots, 
no clear separation was observed; however, all samples remained within the 95% confidence 
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ellipses, indicating no evident outliers. In contrast, PLS-DA score plots showed visual 
separation between controls and both membranopathy and hemoglobinopathy groups 
(Figure 2A–D and Figure 2E–H, respectively).

Lipid category distributions were similar across hemoglobinopathies, where GL rep-
resented the second most abundant category (Figure S3). Conversely, SP was the second 
most predominant category in membranopathies. Among all subtypes, CDA exhibited the 
most distinct lipid category distribution pattern, although it showed the fewest nominal 
species-level differences from controls (Table 4). These descriptive patterns suggest that 
lipidomic remodeling may differ among membranopathies, hemoglobinopathies, and CDA.

Table 3. Comparison of lipid class relative abundances (MSTUS-normalized; mean ± SEM) among 
healthy controls and hereditary hemolytic anemia (HHA) subtypes, including β-thalassemia (BT), 
congenital dyserythropoietic anemia (CDA), hereditary spherocytosis (HS), hereditary xerocytosis 
(HX), and sickle cell disease (SCD).

Lipid Class Control
(n = 19)

BT
(n = 6)

CDA
(n = 6)

HS
(n = 7)

HX
(n = 5)

SCD
(n = 5) Raw p FDR q

CAR 7.60 ± 1.01 7.96 ± 1.27 5.54 ± 0.48 7.64 ± 0.50 6.61 ± 0.68 6.77 ± 1.09 0.767 0.943
CE 1.16 ± 0.15 5.70 ± 1.52 1.23 ± 0.29 2.59 ± 0.76 2.28 ± 0.97 2.10 ± 0.58 <0.001 0.004
Cer 35.36 ± 2.56 51.05 ± 11.80 57.53 ± 21.47 46.36 ± 8.80 33.79 ± 4.54 58.47 ± 15.33 0.283 0.580
DG 31.12 ± 2.33 43.50 ± 7.52 38.13 ± 11.19 39.13 ± 8.67 25.37 ± 5.13 47.09 ± 11.81 0.300 0.580

DG-O 5.54 ± 0.57 12.65 ± 3.91 7.30 ± 2.03 8.96 ± 1.47 5.72 ± 0.95 6.34 ± 1.46 0.036 0.323
FA 24.31 ± 2.62 22.37 ± 5.01 25.88 ± 6.04 26.82 ± 3.64 26.45 ± 5.45 25.70 ± 4.19 0.983 0.983

Hex2Cer 1.70 ± 0.25 2.17 ± 0.67 1.22 ± 0.53 2.22 ± 0.46 2.09 ± 0.87 1.50 ± 0.49 0.700 0.943
HexCer 0.73 ± 0.19 1.42 ± 0.68 1.55 ± 0.69 0.52 ± 0.14 0.90 ± 0.35 0.59 ± 0.17 0.334 0.596

LPC 17.92 ± 1.15 17.05 ± 2.96 12.92 ± 1.91 17.01 ± 0.82 19.52 ± 2.76 18.27 ± 0.89 0.301 0.580
LPC-O 1.87 ± 0.25 3.79 ± 1.08 2.19 ± 0.51 2.39 ± 0.44 1.57 ± 0.30 1.86 ± 0.39 0.071 0.462

LPE 4.26 ± 0.55 5.87 ± 0.75 2.75 ± 0.30 4.45 ± 0.67 5.74 ± 1.04 4.09 ± 0.85 0.125 0.462
MG 11.64 ± 1.22 11.18 ± 2.45 11.08 ± 2.64 13.32 ± 2.09 9.45 ± 2.34 10.44 ± 2.92 0.898 0.943
NAE 31.12 ± 1.80 27.04 ± 5.67 27.47 ± 2.64 31.82 ± 2.11 29.56 ± 4.48 26.58 ± 3.82 0.770 0.943

NAGly 2.15 ± 0.20 2.66 ± 0.17 1.72 ± 0.30 2.17 ± 0.18 2.96 ± 0.57 2.19 ± 0.34 0.172 0.516
NAOrn 2.36 ± 0.26 1.90 ± 0.23 1.97 ± 0.26 2.41 ± 0.20 2.07 ± 0.34 2.00 ± 0.43 0.794 0.943

PC 28.54 ± 3.74 33.07 ± 9.78 27.67 ± 10.55 37.33 ± 6.86 32.32 ± 3.97 31.54 ± 4.91 0.908 0.943
PC-O 22.84 ± 1.88 38.10 ± 6.37 25.98 ± 2.58 33.27 ± 3.62 23.38 ± 1.31 28.58 ± 3.15 0.010 0.131

PE 3.38 ± 0.57 5.54 ± 1.94 4.44 ± 2.29 8.10 ± 2.95 2.38 ± 0.64 4.69 ± 2.57 0.258 0.580
PE-O 8.96 ± 1.14 7.83 ± 1.83 6.04 ± 1.82 7.41 ± 1.91 7.08 ± 1.45 9.74 ± 2.14 0.731 0.943
PE-P 3.18 ± 0.60 2.68 ± 0.91 2.80 ± 0.98 4.99 ± 2.74 2.53 ± 0.86 2.66 ± 1.08 0.807 0.943

PI 8.36 ± 1.26 11.72 ± 3.63 10.56 ± 4.20 15.74 ± 3.61 11.78 ± 3.20 13.12 ± 2.54 0.353 0.596
SE 2.27 ± 0.22 1.58 ± 0.41 1.71 ± 0.57 2.79 ± 0.59 1.63 ± 0.36 1.50 ± 0.40 0.207 0.559
SL 2.18 ± 0.29 1.37 ± 0.38 1.62 ± 0.57 2.67 ± 1.57 2.34 ± 0.87 1.73 ± 0.73 0.855 0.943
SM 37.93 ± 3.53 29.58 ± 4.62 34.85 ± 6.04 36.50 ± 4.00 30.50 ± 2.97 33.80 ± 2.99 0.734 0.943
ST 3.12 ± 0.56 3.82 ± 0.54 5.69 ± 1.30 6.02 ± 1.60 2.86 ± 0.62 3.30 ± 0.92 0.107 0.462
TG 26.26 ± 3.49 48.18 ± 10.24 32.31 ± 9.37 26.66 ± 5.73 26.04 ± 4.01 40.49 ± 6.55 0.105 0.462

Total 325.87 ± 15.68 399.78 ± 25.10 352.14 ± 54.37 389.29 ± 23.06 316.88 ± 15.72 385.17 ± 18.57 0.137 0.462

Raw p values were obtained using the one-way ANOVA (LipidOne); q values were adjusted using 
the Benjamini–Hochberg false discovery rate (FDR) method across all lipid classes and total lipids. 
Bold values indicate raw p < 0.05 or FDR q < 0.05. Lipid class abbreviations are defined in Table 2. 
SEM, standard error of the mean.

Model performance metrics for the membranopathy group showed a Q2  of 0.48, R2  of 
0.84, and accuracy of 0.84, whereas for the hemoglobinopathy group, Q2  was 0.58, R2  was 
0.99, and accuracy was 0.90; however, the R2 –Q2  gaps (0.36 and 0.41, respectively) again 
indicate potential overfitting, and these models are considered descriptive only. Permu-
tation testing yielded p = 0.413 (413/1000) for the membranopathy model and p = 1.000 
(1000/1000) for the hemoglobinopathy group (Figure S6B,C); thus, neither model separated 
the groups better than expected by chance. Given the limited power of this permutation test 
(Section 2.5), these PLS-DA models do not provide reliable evidence of predictive discrimi-
nation. Given the small number of patients in these models (n = 12 and n = 11 patients, 
respectively), the cross-validated accuracies of these models (0.84 and 0.90, respectively), 
which were not derived from nested cross-validation, are likely to be optimistic. Age dif-
fered significantly across the original groups; after reclassification into membranopathy and 
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hemoglobinopathy groups, the difference was no longer statistically significant (Table S3). 
However, given the small group sizes, a residual age effect cannot be excluded. In addition, 
none of the 25 lipid species identified by the Kruskal–Wallis test was significantly corre-
lated with age after FDR correction (Spearman’s rank correlation; Table S4). Because the 
study was primarily designed as an exploratory analysis of disease-associated lipidomic 
remodeling patterns, no age-adjusted biomarker modeling was performed. These 25 species 
include all five species that were FDR-significant in the comparison of controls with all 
HHA patients (Cer 59:7;4O, Cer 45:4;3O, PC 46:1, TG 54:5;1O, and PC 38:7); none of them 
was significantly associated with age after FDR correction.

Lipid species differing across the six groups were first identified using the Kruskal–
Wallis test, with 25 lipids reaching nominal significance (raw p < 0.05). After Benjamini–
Hochberg correction across all 375 species, only Cer 59:7;4O and PC 46:1 remained statis-
tically significant (q = 0.035 for both; Table 4 and Figure 2I); TG 55:5;1O and TG 54:5;1O 
showed borderline q-values (0.089 for both), and the remaining 21 species had q-values 
> 0.20. For the 25 nominally significant species, Dunn’s post hoc test with Benjamini–
Hochberg correction across the 15 pairwise comparisons identified at least one pairwise 
difference with an adjusted p < 0.05 for 15 species (Table 4). Except for those involving 
Cer 59:7;4O and PC 46:1, these pairwise (subtype-specific) differences are nominal and 
exploratory, because the omnibus test for the corresponding species did not survive FDR 
correction. Among these species, SM 37:1;2O was the only one for which CDA was the sole 
subtype that differed from controls (Dunn’s test), and its values in CDA were imputed at 
the detection limit (Kruskal–Wallis q = 0.619).

3.4. Pathway Analysis
Lipid class-level pathway analysis predicted altered metabolic conversions across 

HHA subgroups compared to controls (Figure 3). PI-to-PC conversion was reduced in 
the overall HHA group. In subgroup analyses, SM-to-Cer metabolism was enhanced in 
both BT and SCD. While both CDA and HS exhibited down-regulated ether-linked DG-to-
phosphatidylethanolamine (PE) pathways, HS uniquely demonstrated an up-regulated 
standard DG-to-PE conversion. These pathway results are computational predictions based 
on unadjusted statistics and should be regarded as hypothesis-generating. These analyses 
were performed at the lipid class level; species-level differences were assessed separately by 
univariate testing (Tables 4 and S1).

3.5. Lipid Building Block Analysis
Lipid building block analysis suggested an increase in the conversion of C24 to C22 

carbon chain lipids in the overall HHA cohort compared to controls (Figure S4). This 
observation may reflect altered flux through β-oxidation-related pathways. In the LipidOne 
reaction database, this chain-shortening step is annotated to the β-oxidation enzymes acyl-
CoA dehydrogenases (ACADs), enoyl-CoA hydratase short chain 1 (ECHS1), hydroxyacyl-
CoA dehydrogenase trifunctional protein subunit alpha (HADHA), and hydroxyacyl-CoA 
dehydrogenase (HADH). These enzymes are listed only as the annotated catalysts of the 
predicted reactions; their activity or expression was not measured, and this prediction 
requires confirmation by enzymatic or flux-based studies. Because building block analysis 
operates at the level of constituent fatty acyl chains, it provided a complementary, chain-level 
view of the class-level pathway results.
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Table 4. Lipid species with nominal Kruskal–Wallis differences and at least one pairwise difference 
(Dunn’s test, adjusted p < 0.05) among healthy controls and hereditary hemolytic anemia (HHA) 
subtypes, including β-thalassemia (BT), congenital dyserythropoietic anemia (CDA), hereditary 
spherocytosis (HS), hereditary xerocytosis (HX), and sickle cell disease (SCD).

Lipid Control BT CDA HS HX SCD Raw p FDR q

Cer 59:7;4O 0.42 **a **d  **e 
(0.27–0.48) **c 

1.02
(0.90–1.18) **a 

1.09
(0.33–2.21)

1.18
(0.67–1.47) **c 

1.87
(1.25–1.97) 

**d 

1.00
(0.89–2.06) **e 0.00012 0.035

PC 46:1|
PC 11:0_35:1

0.11 **a  *c  *d 
(0.08–0.16) *e 

1.23
(0.60–3.53) **a 

0.17
(0.06–1.98)

0.61
(0.45–0.93) *c 

1.18
(0.46–1.55) *d 

1.14
(0.36–1.16) *e 0.00019 0.035

TG 54:5;1O|
TG 

18:1_18:1_18:3;1O

0.32 **a *d 
(0.11–0.43) *e 

0.73
(0.54–3.26) **a 

0.65
(0.23–1.36)

0.49
(0.29–1.49)

1.04
(0.85–1.21) *d 

1.06
(0.85–2.60) *e 0.00082 0.089

TG 55:5;1O|
TG 

18:1_18:2_19:2;1O

0.58 *a 
(0.26–1.08) *d 

*e 

0.10
(0.10–0.10) *a 

*f 

0.68
(0.35–1.24) *f 

*k  *l 

0.34
(0.10–1.39)

0.10
(0.10–0.10) *d 

*k 

0.10
(0.10–0.10) *e 

*l 
0.00095 0.089

TG 53:3;1O|
TG 

16:0_18:1_19:2;1O

0.26
(0.11–0.37) **a 

1.70
(0.98–6.73) **a 

0.15
(0.04–1.14)

0.56
(0.35–1.79)

0.94
(0.43–1.11)

0.49
(0.27–2.12) 0.00278 0.209

Cer 48:6;3O|
Cer 

12:1;2O/36:5;O

0.07 
(0.03–0.34) **a 

2.54
(1.66–5.06) **a 

0.11
(0.05–1.04)

0.71
(0.34–1.00)

0.98
(0.20–2.37)

0.34
(0.03–1.86) 0.00389 0.217

PC O-38:7|
PC O-21:4_17:3

0.21
(0.12–0.31) *a 

*c 

3.43
(1.34–4.76) *a 

*f 

0.14
(0.08–0.18) *f 

*j 

1.42
(1.10–1.87) *c 

*j 

0.27
(0.24–0.35)

0.36
(0.18–0.66) 0.00461 0.217

Cer 45:4;3O|
Cer 

13:2;2O/32:2;O

0.27 *a 
(0.10–0.42) *b 

*e 

0.83
(0.45–1.55) *a 

1.03
(0.54–2.15) *b 

0.42
(0.36–1.91)

0.50
(0.38–0.55)

0.84
(0.80–1.35) *e 0.00463 0.217

CE 22:6
0.41

(0.20–0.58) *a 
*c 

2.10
(1.68–4.60) *a 

*f 

0.16
(0.09–0.67) *f 

*j 

1.03
(0.81–2.51) *c 

*j 

0.32
(0.31–0.53)

0.49
(0.28–0.62) 0.00523 0.218

PI 38:5|
PI 18:1_20:4

0.44
(0.27–0.78) *e 

0.93
(0.56–1.27)

0.73
(0.31–1.27)

1.52
(1.04–2.00)

1.08
(0.95–1.29)

2.17
(1.66–2.51) *e 0.01106 0.415

TG 50:0|
TG 

15:0_17:0_18:0

0.10
(0.01–0.22) *e 

0.42
(0.22–2.85)

0.25
(0.18–1.84)

0.18
(0.09–0.42)

0.78
(0.15–1.95)

1.83
(0.53–2.87) *e 0.01475 0.503

PC 34:4|
PC 14:0_20:4

0.95
(0.47–1.22) *e 

0.73
(0.55–0.79) *i 

0.67
(0.26–1.16) *l 

0.64
(0.53–0.81) *n 

1.46
(1.19–1.79)

1.67 *e  *i 
(1.57–2.52) *l 

*n 
0.01816 0.567

Cer 42:3;2O|
Cer 

18:2;2O/24:1

0.34
(0.04–0.75) *d 

0.39
(0.10–0.58)

0.41
(0.22–0.75) *k 

0.36
(0.12–0.46)

0.02
(0.02–0.02) *d 

*k 

0.02
(0.02–0.02) 0.02000 0.577

SM 37:1;2O|
SM 25:1;2O/12:0

1.51
(0.47–2.91) *b 

0.27
(0.26–1.04)

0.01
(0.01–0.01) *b 

0.54
(0.06–2.27)

1.17
(0.46–1.46)

0.31
(0.01–0.54) 0.03172 0.619

Cer 51:5;3O|
Cer 

15:0;2O/36:5;O

0.10
(0.06–0.25) *e 

0.25
(0.15–0.39)

0.61
(0.07–1.53)

0.25
(0.12–1.27)

0.18
(0.17–0.34)

1.99
(0.60–3.42) *e 0.03717 0.664

Values are presented as median (interquartile range). Group comparisons were performed using the 
Kruskal–Wallis test (onewaytests) with Benjamini–Hochberg false discovery rate (FDR) correction 
across all 375 species (FDR q); for lipids with raw p < 0.05, Dunn’s post hoc test with Benjamini–
Hochberg adjustment across 15 pairwise comparisons was applied. Pairwise differences with an 
adjusted p < 0.05 are indicated by superscript letters corresponding to the following comparisons: 
a, Control vs. BT; b, Control vs. CDA; c, Control vs. HS; d, Control vs. HX; e, Control vs. SCD; f, BT 
vs. CDA; g, BT vs. HS; h, BT vs. HX; i, BT vs. SCD; j, CDA vs. HS; k, CDA vs. HX; l, CDA vs. SCD; 
m, HS vs. HX; n, HS vs. SCD; o, HX vs. SCD. Asterisks denote Dunn’s adjusted p-values (* p < 0.05, 
** p < 0.01). Pairwise differences are supported by FDR control only for Cer 59:7;4O and PC 46:1 
(Kruskal–Wallis q < 0.05); all other pairwise differences are nominal and exploratory. Lipid names 
denote putative annotations (MSI level 2). Bold values indicate FDR q < 0.05.
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Figure 2. Multivariate analyses and six-group univariate comparisons of plasma lipid profiles. (A–D) 
Multivariate analysis of control and membranopathy groups (HS and HX combined): (A) principal 
component analysis (PCA) score plot, (B) partial least squares–discriminant analysis (PLS-DA) score 
plot, (C) cross-validation results showing model performance (accuracy, R2  and Q2 ) and optimal 
component selection, and (D) variable importance in projection (VIP) score plot indicating the 
most discriminative lipid species. (E–H) Multivariate analysis of control and hemoglobinopathy 
groups (BT and SCD combined): (E) PCA score plot, (F) PLS-DA score plot, (G) cross-validation 
results, and (H) VIP score plot. The red asterisks in (C) and (G) indicate the optimal number of 
components (highest Q2 ). (I) Violin plots with embedded boxplots showing the distribution of the 
two lipid species that remained significant after FDR correction (Cer 59:7;4O and PC 46:1) across all 
six groups. Statistical significance was assessed using the Kruskal–Wallis test followed by Dunn’s 
post hoc test with Benjamini–Hochberg correction. Both species had a Kruskal–Wallis q = 0.035 
(Benjamini–Hochberg correction across 375 species); pairwise differences for all other species are 
nominal (Table 4). Asterisks denote Dunn’s adjusted p-values: * p < 0.05, ** p < 0.01. BT, β-thalassemia; 
CDA, congenital dyserythropoietic anemia; HP, hemoglobinopathy; HS, hereditary spherocytosis; 
HX, hereditary xerocytosis; MP, membranopathy; SCD, sickle cell disease.
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Figure 3. Lipid pathway analysis based on lipid class (LipidOne). Comparisons were performed 
between controls and (A) all HHA patients, (B) BT, (C) SCD, (D) CDA, and (E) HS. No significant 
transformations were detected in the comparison between controls and HX; therefore, HX is not 
shown. BT, β-thalassemia; CDA, congenital dyserythropoietic anemia; HHA, hereditary hemolytic 
anemia; HS, hereditary spherocytosis; HX, hereditary xerocytosis; SCD, sickle cell disease.

4. Discussion
To our knowledge, this exploratory study is among the first to compare untargeted 

plasma lipidomic profiles across multiple HHA subtypes, including ultra-rare conditions 
such as CDA and HX. By including both hemoglobinopathies and membranopathies, our 
findings may offer additional insight into shared and subtype-specific lipid remodeling 
patterns associated with chronic hemolytic stress. An important methodological considera-
tion is that the biological matrix profiled was plasma, a routine sample in clinical chemistry, 
whose lipids are thought to represent the net output of hepatic lipid metabolism, peripheral 
lipolysis, lipoprotein remodeling, and lipid release from hemolyzed erythrocytes and their 
microvesicles into the circulation [26,27].
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HX affects fewer than 1 in 50,000 individuals worldwide, while CDA encompasses 
several ultra-rare subtypes with estimated prevalences below 1 in 1,000,000 in Europe [5,28]. 
Prior plasma and erythrocyte lipidomic investigations in HHAs have predominantly focused 
on SCD or BT in isolation, and comparative cross-subtype data remain limited [29–31].

Because of the small subgroup sizes, the findings of this study differ considerably 
in the strength of their statistical support. As summarized in Table S5, only a few results 
were robust to FDR correction: five species in the comparison of all HHA patients with 
controls, Cer 59:7;4O and PC 46:1 in the six-group comparison, and the CE class in the six-
group class-level comparison. All subtype-specific species-level differences, most class-level 
differences, and all pathway-level results were nominal or computational predictions and 
should be considered hypothesis-generating.

Compared with controls, Cer 59:7;4O and PC 46:1 were significantly altered in all HHA 
subtypes except CDA (Dunn’s test, adjusted p < 0.05; Figure 2I), which may point to a 
distinct plasma lipidomic profile of CDA relative to the other groups. Similarly, among 
lipids with a Kruskal–Wallis q < 0.1, TG 55:5;1O was highest in CDA, intermediate in HS, 
and lower in BT, HX, and SCD, whereas TG 54:5;1O was elevated in BT, HX, and SCD but 
remained comparable to control levels in CDA and HS (Table 4). Although these TG species 
did not reach FDR significance, their subtype-specific distributions raise the possibility 
that lipid remodeling reflects disease-specific metabolic adaptations rather than hemolytic 
severity alone. The similar distributions of these TG species in CDA and HS could be 
consistent with partly overlapping metabolic remodeling, in line with their known clinical 
resemblance [32].

In addition, several ceramides (including Cer 59:7;4O, Cer 45:4;3O, Cer 48:6;3O, and 
Cer 51:5;3O) tended to be higher in HHA subtypes than in controls. Ceramides are involved 
in the regulation of apoptosis, oxidative stress, inflammation, and membrane microdomain 
architecture [33,34], and their plasma concentrations reflect the balance between hepatic 
de novo synthesis, sphingomyelinase-driven sphingomyelin hydrolysis, and metabolic 
clearance [33,35]. The observed elevations may therefore arise from hepatic sphingolipid 
metabolism, lipoprotein remodeling, erythrocyte microvesicle release, or direct release of 
membrane lipids from lysed erythrocytes. These possibilities cannot be distinguished in 
the present study because erythrocytes were not profiled in parallel. Chronic hemolysis is 
associated with a hypercatabolic state via stress erythropoiesis, in which rapid membrane 
turnover may contribute to systemic lipid remodeling [36]. Mechanistically, hemolysis-
released free heme has been shown to activate acid and neutral sphingomyelinases, acceler-
ating sphingomyelin-to-ceramide hydrolysis [12,14]. Iron overload may further amplify 
this process by generating ROS, which can promote ceramide synthesis and impair its 
clearance. This mechanism may also partly explain why hemoglobinopathies showed 
more nominal species-level differences from controls than membranopathies (Table 4). 
Hemoglobinopathies were associated with higher ferritin levels than membranopathies 
(median, 1051 vs. 164 ng/mL), although this difference was not significant after multiple-
testing correction (Table S3), potentially reflecting greater transfusion requirements. Higher 
iron burden could promote ROS production and lipid peroxidation, potentially contributing 
to the distinct ceramide, triglyceride, and phosphatidylcholine profiles in these patients, 
and raising the possibility that iron status influences the plasma lipidome beyond hemolysis 
alone. However, this interpretation remains speculative, because hemoglobinopathy pa-
tients also differed from membranopathy patients in transfusion exposure and possibly in 
iron chelation, factors that could not be disentangled in this cohort. By contrast, splenectomy 
was equally represented in the two groups (two patients each). Moreover, ferritin was also 
high in CDA (median 814 ng/mL), which showed the fewest nominal differences from 
controls, which argues against iron burden as the sole explanation.
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Whether the altered plasma lipid signatures represent a systemic metabolic response 
or arise partly from the release of erythrocyte membrane lipids during hemolysis cannot be 
determined from the present study. Some of our observations nevertheless argue against a 
purely membrane-derived origin. First, cholesteryl esters (the only lipid class that remained 
significant after FDR correction in the six-group comparison; Table 3) and triacylglycerols 
(TG 54:5;1O was among the five FDR-significant species; Table S1) are primarily associated 
with plasma lipoproteins rather than being major constituents of erythrocyte membranes. 
In contrast, SM and PE, both abundant in erythrocyte membranes, did not differ significantly 
between patients and controls (Tables 2 and 3). Second, despite markedly higher LDH and 
bilirubin levels than controls (Table S3), patients with CDA showed the fewest nominal 
differences from controls (Table 4). This discordance may suggest that the observed lipid 
alterations do not simply reflect the degree of hemolysis, although part of the hemolysis 
in CDA is intramedullary (ineffective erythropoiesis) and may influence plasma lipids 
differently. However, these findings provide only indirect evidence and do not exclude a 
contribution from erythrocyte membrane-derived lipids. Distinguishing systemic metabolic 
changes from membrane-derived contributions will require parallel lipidomic profiling of 
plasma, intact erythrocytes, and erythrocyte-derived microvesicles, together with analyses 
correlating lipid levels with hemolysis markers. Such investigations will also help establish 
the clinical relevance of these lipid signatures across HHA subtypes. A paired plasma–
erythrocyte lipidomic analysis is planned as a follow-up study.

Individual ceramide species showed nominally different patterns across HHA subtypes. 
Cer 42:3;2O showed nominally lower levels in HX than in controls and CDA (Table 4); 
however, this species did not survive FDR correction (Kruskal–Wallis q = 0.577), and its 
values in HX were imputed at the detection limit, so this observation is exploratory. If 
confirmed, it might indicate selective, species-specific sphingolipid remodeling rather than 
uniform regulation of the ceramide pool. In PIEZO1-mutant HX erythrocytes, aberrant 
calcium flux might modulate sphingomyelinase activity differently from the heme-driven 
activation proposed in hemoglobinopathies [37–39].

Subgroup analyses showed nominally higher PC O-38:7 levels in BT and HS (Kruskal–
Wallis q = 0.217), which may suggest subtype-specific PC remodeling under hemolytic 
stress. A recent metabolomic study in BT reported upregulation of lysophosphatidylcholines 
(LPCs) and polyunsaturated fatty acid (PUFA)-containing PCs via the phospholipase 
A2/LPC–arachidonic acid pathway [40]. In addition, PC 34:4 was nominally higher in the 
SCD subgroup (Kruskal–Wallis q = 0.567), which would be consistent with the reported 
role of PC remodeling in vascular adhesion pathology in SCD [41,42].

Pathway analysis by BioPAN (Figure S5) predicted diacylglycerol O-acyltransferase 
2 (DGAT2)-mediated diacylglycerol-to-triglyceride biosynthesis as the most active predicted 
reaction (Z-score = 2.242). Together with the TG profiles, this may suggest that enhanced TG 
synthesis contributes to altered neutral lipid turnover in HHA; whether TG clearance is also 
impaired could not be determined because lipoprotein kinetics were not assessed, and this 
interpretation should be considered hypothesis-generating. Furthermore, LipidOne analysis 
suggested enriched C24-to-C22 chain shortening across the HHA cohort (Figure S4), which 
may point to altered fatty acid oxidation under hemolytic stress. This observation is in 
keeping with reports linking ECHS1 deficiency to fatty acid oxidation defects and HADH 
dysregulation to adaptive metabolic reprogramming [43,44].

In addition, BioPAN and LipidOne analyses suggested remodeling of PC metabolism 
across the overall HHA cohort (Figures 3A and S5). Predicted upregulation of choline 
phosphotransferase 1 (CHPT1)-mediated DG-to-PC conversion would be consistent with 
activation of Kennedy pathway PC synthesis. However, phosphatidylethanolamine N-
methyltransferase (PEMT)-mediated PE methylation and phosphatidylinositol transfer 
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protein beta (PITPNB)-dependent PI-to-PC remodeling were predicted to be suppressed
(Z-scores = −1.878 and −2.2, respectively). This pattern may reflect a metabolic shift 
favoring the Kennedy pathway for rapid PC production under hemolytic stress, with rela-
tive downregulation of alternative PE- and PI-derived biosynthetic routes. The Kennedy 
pathway provides a direct, energetically efficient route for PC generation, while PEMT 
methylation serves as an alternative homeostatic mechanism [45,46], and PI pools primarily 
govern membrane signaling and downstream phospholipid remodeling [47]. BioPAN anal-
ysis also predicted altered LPC-to-PC-to-DG-to-TG conversion activity (Z-score = 2.666) 
(Figure S5), potentially linked to lysophosphatidylcholine acyltransferase 1/2/3 (LP-
CAT1/2/3)-mediated phospholipid reacylation. As core components of Lands’ cycle, LP-
CATs contribute to membrane remodeling by reacylating LPC into PC. Impaired Lands’ 
cycle homeostasis—characterized by LPC accumulation and elevated phospholipase A2 
(PLA2) activity—has been described in SCD under hemolytic and hypoxic conditions [48]. 
Accordingly, the predicted increase in LPC-to-PC conversion in our cohort may reflect a 
compensatory, but potentially insufficient, response to chronic membrane injury associ-
ated with ongoing hemolysis. However, these pathway-level findings are computational 
predictions based on lipid abundance data and require validation through enzymatic or 
flux-based studies. Although pathway analyses were conducted at the lipid class level to 
reduce dimensionality and noise in this small cohort, this approach limits the resolution 
of species-specific effects. Exploratory subgroup pathway analyses via LipidOne (unad-
justed Z-scores) suggested subtype-specific remodeling patterns, with altered sphingolipid 
metabolism in BT and SCD and disrupted ether and non-ether phospholipid remodeling 
in CDA and HS, which may be consistent with impaired plasmalogen homeostasis under 
chronic oxidative stress (Figure 3). Previous studies in SCD have similarly reported substan-
tial disturbances in sphingolipid metabolism associated with oxidative stress, inflammation, 
hemolysis, and vaso-occlusive complications [49–52]. In addition to their structural roles, 
sphingolipids function as bioactive signaling molecules involved in the regulation of cellular 
stress responses and inflammation [53].

This study has several limitations. The relatively small subgroup sample sizes limited 
statistical power, so inter-subgroup comparisons should be regarded as exploratory, and 
only a few lipid species remained significant after multiple-testing correction. Consequently, 
all subtype-specific species-level differences reported here are nominal and should be re-
garded as hypotheses rather than established subtype signatures (Table S5). Because the 
number of lipid variables greatly exceeded the number of samples, the PLS-DA models 
showed signs of overfitting (large R2 –Q2  gaps) and were used for visualization only. None 
of the PLS-DA models was supported by permutation testing; moreover, because cross-
validation was not nested, the reported Q2  and accuracy values are likely to be optimistic, 
and permutation testing based on training accuracy has limited power when variables 
greatly outnumber samples. The PLS-DA results therefore do not provide reliable evi-
dence of predictive discrimination, and the multivariate findings should be regarded as 
exploratory. Enrolling substantially larger cohorts is difficult for ultra-rare disorders such 
as HX and CDA, and the findings should be confirmed in larger, age-matched cohorts. In 
addition, the potential effects of disease-modifying therapies, including hydroxyurea, iron 
chelation, and chronic transfusion, could not be fully controlled. Furthermore, no age-
adjusted modeling was performed, and because age distributions differed across subgroups 
and controls were not individually age-matched, residual confounding by age cannot be 
excluded. This is particularly relevant because plasma lipid profiles change with age and 
pubertal development. Because the study was designed to profile patients in their current 
clinical state, the observed lipid profiles reflect the combined effects of the disease and its 
management. Transfusion dependence (n = 12) was largely confined to the hemoglobinopa-
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thy subtypes, the number of splenectomized patients (n = 5) was too small to evaluate the 
effect of splenectomy separately, and data on iron chelation and hydroxyurea exposure were 
not available; therefore, part of the differences attributed to disease subtype may reflect 
treatment exposure rather than intrinsic disease biology. This applies in particular to the CE 
class, the only lipid class that remained significant after FDR correction, whose difference 
was driven mainly by the BT subgroup, in which all patients were transfusion-dependent 
and two were splenectomized. In four of the seven HS patients and in two CDA patients, 
the diagnosis was based on phenotypic criteria (RBC membrane tests or bone marrow 
morphology) without molecular confirmation, so the inclusion of atypical or overlapping 
hereditary hemolytic disorders in these subgroups cannot be ruled out. Furthermore, 11 of 
the 29 patients belonged to five distinct families; thus, observations within the HX, HS, 
CDA, and SCD subgroups were not fully independent due to shared familial background. 
A sensitivity analysis retaining only one member per family was not feasible, because it 
would have reduced the HX and SCD subgroups to three patients each; the independence 
assumption of the statistical tests was therefore not fully met, and subgroup findings, partic-
ularly in HX and SCD, should be interpreted with caution. In addition, the sex distribution 
was unbalanced across subgroups (e.g., one male and six female patients in the HS group), 
and sex effects on plasma lipids cannot be excluded.

Importantly, patients were compared only with healthy controls. Although, based on 
previous studies, the observed lipidomic shifts may be related to hemolysis, erythrocyte 
membrane turnover, and iron-induced oxidative stress, the observational design does not 
allow causal or mechanistic conclusions. Moreover, some of these alterations may reflect 
nonspecific effects of chronic disease or inflammation that could also occur in patients with 
non-hemolytic chronic conditions. Erythrocyte lipids were not analyzed in parallel, and 
the pathway findings are based on computational predictions. Moreover, lipid annotations 
were based on MS/MS spectral matching and were not confirmed with authentic chemical 
standard. No targeted or absolute quantification of the significantly altered species was 
performed; all annotations should therefore be regarded as putative (MSI level 2), partic-
ularly for species with atypical acyl-chain compositions. In addition, because no internal 
standards were used and no QC-based RSD filtering was applied, the values are relative 
abundances, and analytical variability was not formally filtered. Pathway analyses were 
restricted mainly to the lipid class level and may mask species-specific effects. Moreover, 
no independent validation cohort was available; therefore, none of the candidate lipid 
species or predicted pathways can yet be regarded as disease-specific biomarkers or estab-
lished mechanisms. Given these limitations, the present findings should be regarded as 
exploratory and hypothesis-generating rather than confirmatory, and they are not sufficient 
to establish clinical utility. Nevertheless, this cohort provides a valuable window into rare 
HHA phenotypes.

5. Conclusions
Using an untargeted plasma lipidomics approach, we observed both shared and puta-

tive subtype-specific lipid alterations across five distinct HHA etiologies. The putatively 
annotated species Cer 59:7;4O and PC 46:1, which were altered in all subtypes except CDA, 
remained significant after FDR correction, and a small panel of species, such as PC 34:4 
and Cer 42:3;2O, showed nominal subtype-specific differences that warrant validation. 
Alterations in individual ceramide, triglyceride, and phosphatidylcholine species were ob-
served in the broader hemolytic cohort relative to controls, whereas CDA showed the fewest 
nominal differences from controls, and among the 25 species with nominal Kruskal–Wallis 
differences, SM 37:1;2O was the only one that nominally differed from controls exclusively 
in CDA.
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Overall, these hypothesis-generating findings suggest that plasma lipidomics may help 
characterize lipid alterations accompanying chronic hemolysis, but they do not establish 
clinical utility. The pathway findings are computational predictions, and none of the lipid 
species identified here should be considered a disease-specific biomarker until confirmed 
in an independent cohort. Larger, age-matched multicenter longitudinal studies integrating 
paired plasma and RBC lipidomics, together with targeted, standard-based quantitative 
validation, are warranted to confirm these molecular signatures and to clarify their potential 
across HHA subtypes.
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ACAD            acyl-CoA dehydrogenase
BT            β-thalassemia
CDA            congenital dyserythropoietic anemia
CE            cholesteryl ester
Cer            ceramide
CHPT1            choline phosphotransferase 1
DG            diacylglycerol
DG-O            ether-linked diacylglycerol
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DGAT2 diacylglycerol O-acyltransferase 2
ECHS1 enoyl-CoA hydratase short chain 1
FDR false discovery rate
GDF15 growth differentiation factor 15
GL glycerolipids
GPL glycerophospholipids
HADH hydroxyacyl-CoA dehydrogenase
HADHA hydroxyacyl-CoA dehydrogenase trifunctional protein subunit alpha
Hb hemoglobin
HbSS homozygous hemoglobin S
HHA hereditary hemolytic anemia
HS hereditary spherocytosis
HX hereditary xerocytosis
IQR interquartile range
LC-MS/MS liquid chromatography–tandem mass spectrometry
LC-qTOF-MS liquid chromatography–quadrupole time-of-flight mass spectrometry
LDH lactate dehydrogenase
LPC lysophosphatidylcholine
LPCAT lysophosphatidylcholine acyltransferase
MSTUS MS total useful signal
MTBE methyl-tert-butyl ether
NAE N-acylethanolamine
NMR nuclear magnetic resonance
PC phosphatidylcholine
PC-O ether-linked phosphatidylcholine
PCA principal component analysis
PE phosphatidylethanolamine
PEMT phosphatidylethanolamine N-methyltransferase
PI phosphatidylinositol
PITPNB phosphatidylinositol transfer protein beta
PLA2 phospholipase A2
PLS-DA partial least squares–discriminant analysis
PUFA polyunsaturated fatty acid
QC quality control
RBC red blood cell
ROS reactive oxygen species
SCD sickle cell disease
SEM standard error of the mean
SM sphingomyelin
SP sphingolipids
TG triacylglycerol
VIP variable importance in projection
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