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Discovery of plasma proteins =0

and metabolites associated with left ventricular
cardiac dysfunction in pan-cancer patients
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Abstract

Background Cancer-therapy related cardiac dysfunction (CTRCD) remains a significant cause of morbidity and mor-
tality in cancer survivors. In this study, we aimed to identify differential plasma proteins and metabolites associated
with left ventricular dysfunction (LVD) in cancer patients.

Methods We analyzed data from 50 patients referred to the Cleveland Clinic Cardio-Oncology Center for echocar-
diograph assessment, integrating electronic health records, proteomic, and metabolomic profiles. LVD was defined
as an ejection fraction < 55% based on echocardiographic evaluation. Classification-based machine learning models
were used to predict LVD using plasma metabolites and proteins as input features.

Results We identified 13 plasma proteins (P<0.05) and 14 plasma metabolites (P <0.05) associated with LVD. Key
proteins included markers of inflammation (ST2, TNFRSF14, OPN, and AXL) and chemotaxis (RARRES2, MMP-2,

MEPE, and OPN). Notably, sex-specific associations were observed, such as uridine (P=0.003) in males. Furthermore,
metabolomic features significantly associated with LVD included 1-Methyl-4-imidazoleacetic acid (P=0.015), COLTA1
(P=0.009), and MMP-2 (P=0.016), and pointing to metabolic shifts and heightened inflammation in patients with LVD.

Conclusion Our findings suggest that circulating metabolites may non-invasively detect clinical and molecular dif-
ferences in patients with LVD, providing insights into underlying disease pathways and potential therapeutic targets.
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Background

Cancer therapy-related cardiac dysfunction (CTRCD) is a
significant and unpredicted consequence of cancer thera-
pies leading to premature morbidity and death among
cancer survivors [1]. Treatments such as anthracyclines,
trastuzumab, and radiation therapy have been linked to
cardiac adverse events, including left ventricular dysfunc-
tion (LVD) and heart failure [2—6]. CTRCD is defined by
a decrease in the left ventricular ejection fraction (LVEF)
of >10%, to a value less than the lower limit of normal,
confirmed by repeat imaging [7, 8]. Assessing the risk of
CTRCD is challenging due to the variability in frequency
of imaging or biomarker sampling. Moreover, the onset
of CTRCD is unpredictable, occurring anywhere from
the first year to nearly a decade after treatment onset [9].
Despite the known risk, official guidelines for monitoring
high-risk patients taking known cardiotoxic therapies are
lacking in the U.S.

Biomarkers, like N-terminal pro-B-type natriuretic
peptide (NT-proBNP), and troponins are recommended
to monitor cardiac function during cancer therapy [10,
11]. However, these biomarkers are the same as those
used in cardiovascular disease (CVD) patients with-
out a history of cancer. Therefore, the field warrants
CTRCD-specific biomarker discovery. For example,
myeloperoxidase is associated with repeated exposure
to anthracyclines and trastuzumab [12-14]. However,
many of these studies have only investigated targeted
biomarker panels that may only include a dozen proteins
or metabolites. Including a broader range of markers is
warranted to encompass the full picture of the crosstalk
between cancer and the cardiovascular system. Ample
basic science data underscores crosstalk between can-
cer, cardiovascular, and metabolic disease which suggests
that we should include more comprehensive biological
variables into risk-calculator models [15-17]. Research-
ers have already investigated the utility of multi-omic
biomarker discovery for cardiovascular disease [18—20].
Therefore, we believe that multi-omic biomarkers discov-
ery approaches can be extended to determine CTRCD
risk and is a promising approach in Cardio-Oncology
[21-25].

Machine Learning models that use multi-omics fea-
tures can help identify robust biomarkers for CTRCD
[26, 27]. In recent years, the diagnostic ability of machine
learning models has been evaluated to predict coronary
artery disease [28], death after myocardial infarction
[29], hospitalization following heart failure with pre-
served ejection fraction [30], echocardiograph assess-
ment [31, 32], and detection of CTRCD [26, 33]. In this
study, we applied classification models to assess the diag-
nostic capability of significant metabolites and proteins
to distinguish cancer survivors with and without LVD.
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Compared to routine screening, we speculate that our
multi-omics screening approach can improve upon car-
diotoxicity surveillance of cancer survivors.

Methods

Study participants

All consecutive patients with a history of cancer and
exposure to cytotoxic chemotherapy and who had a
clinically necessary echocardiogram assessment from
12/2019 to 02/2022 were invited to enroll in our study
(IRBs #11-194 and #19-1122) as described previously
[34, 35]. Verbal and written informed consent were
obtained. Participants were scheduled for a blood draw
on the same day as their scheduled echocardiograph
assessment. Blood samples were collected by registered
healthcare professionals in the Lerner Research Institute
Clinical Research Unit using collecting tubes contain-
ing EDTA. Vials were inverted 8—10 X and centrifuged at
2000 g for 15 min at 4 C°. Plasma was aliquoted in 500 ul
increments and frozen at —80 C-.

Clinical outcomes data acquisition

For each patient, 37 clinical variables commonly col-
lected during cardio-oncology clinical practices were
used in this study (Table 1, Supplemental Tables 1-3): (a)
10 general demographics; (b) 12 lab testing variables; (c)
8 cardiac variables; and (d) 7 cancer variables. Detailed
clinical characteristics of the entire cohort used are pro-
vided in Table 1.

LVD was used as the primary outcome and was defined
by ejection fraction<55% by echocardiograph. LVEF
was measured according to ASE guidelines using 2D or
3D echocardiography where appropriate, in an echo-
cardiographic laboratory accredited by the Intersocietal
Commission for the Accreditation of Echocardiogra-
phy Laboratories (ICAEL), at a center of excellence. All
studies were over-read by experienced board-certified
echo-trained cardiologists with full access to all clinically
relevant information within the electronic medical notes
and the clinically reported ejection fraction was used in
this study. We recognize that the ESC cardio-oncology
guidelines and EACVI chamber quantification guidelines
define left ventricular dysfunction (LVD) using different
thresholds, often LVEF <50%. Given the small number
of cases meeting the criteria for overt ventricular failure
(LVEF <40%), we opted to focus on a broader definition
of left ventricular dysfunction (LVD) rather than failure
to ensure adequate representation and statistical feasibil-
ity. Cardiac outcomes defined by ICD 9/10 codes were
manually checked by looking at patient charts on Epic
for accuracy, including atrial fibrillation (AF), coronary
artery disease (CAD), heart failure myocardial infarc-
tion (MI), and stroke. According to the diagnosis date of
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Table 1 Baseline cohort demographics
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All No LVD LVD
n 52 40 12
Age (IQR) 60.8 (50.0-71.0) 60.2 (49.1-70.0) 67.4 (54.2-71.2)

BMI, kg/m?(IQR)

274(23.9-30.9)

27.0(23.2-32.0

27.7 (24.8-29.7)

Gender, n (%)

Male 23 (44)
Female 29 (56)
Race, n (%)
White 38(73)
African American 6(12)
Other 6(12)
Ejection Fraction (mean + SD) 60.0+0.09
Cancer stage, n (%)
| 10(19)
I 9(17)
Il 12 (23)
% 10(19)
Unknown 11210
CVDrisk factors
Smoker” 18 (35)
Hyperlipidemia 19(37)
Diabetes 13 (25)
Cardiotoxic drugs total mg (IQR) (n)
Radiation All locations
Total Gy
Left chest
Total Gy

Anthracycline

14 (38) 5(36)
25 (63) 7 (64)
31 (78) 8(67)
6(15) 0(0)
2(5) 4(33)
63.4+004 47.90+9.60
7(18) 3(25)
7(18) 2(17)
10 (25) 2(17)
7(18) 3(25)
9(23) 2(17)
13 (33) 5(42)
14 (35) 5 (42)
8(20) 5(42)

952.2 (600.8-1355.6) 1000 (825.4-1062.5)
7) 3)

95,037.5 (60,075-132780) 0
) ©

363.5(240.0-433.2) 560 (511.6-572.5)
3)

©) (
Trastuzumab Total mg 7470.6 (5300-54168) 3975 (2362.5-5587.5)
(n) (12) @
Duration (months) 34 (11.0-44.0) 11.5(11.25-11.5)
Immunotherapy Total mg 1400.0 4488
(1M m
Duration (months) 13 13

Abbreviations: IQR, interquartile range, LVD, left ventricular dysfunction, BMI, body mass index, SD, standard deviation, CVD cardiovascular disease, Gy gray

*Smoker: current or past

these 5 cardiac outcomes, we designated cardiac events
diagnosed before cancer therapy as preexisting cardiac
events, and those after cancer therapy as de novo LVD.
All diagnoses defined by ICD 9/10 codes were further
confirmed by a manual review of all medical records. All
records to evaluate ejection fraction were taken after the
start of therapy. A minority of participants had a record
of an echocardiograph assessment within 6 months
(6/51), or within two years (3/51) of their blood draw.

Proteomics
Fifty participant samples were sent out for proteom-
ics analysis (control=40, LVD=10). The selected frozen

plasma samples were aliquoted in 100-ul samples and
transferred to 96-well plates on dry ice, then sent to Olink
proteomics for targeted proteomics analysis using the
proximity extension assay technology. Olink multiplexing
is based on the Proximity Extension Assay technology as
previously described [36, 37]. Levels of 92 proteins were
measured using the Olink Cardiovascular III panel, and
the resulting data are provided in Normalized Protein
eXpression (NPX) values. By internal cross-validation
and interpolating controls, data are normalized and sub-
jected to rigorous quality control.
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Metabolomics

Metabolome measurements were carried out by Human
Metabolome Technologies, Inc., using the Q353 basic
scan panel (control=40, LVD=10). Metabolite extrac-
tion from plasma samples, metabolome analysis using a
capillary-electrophoresis time-of-flight mass spectrome-
ter (CE-TOFMS), and data processing were all performed
as described previously [38]. Briefly, sample processing
and the analysis were conducted in randomized order.
The signals in each sample were aligned under the tol-
erance of 100 p.p.m. in m/z and 0.5 min in migration
time (MT). Detected peaks were annotated by compari-
son with a metabolome annotation library table, created
based on the results of CE-TOFMS analysis of approxi-
mately 900 commercially available chemical standards.
Peak areas were then evaluated and normalized to the
area of internal standards (L-methionine sulfone and
D-camphor-10-sulfonic acid in cation and anion modes,
respectively; Solution ID, H3304-1002; HMT).

Evaluation of machine learning models

In this study, we evaluated machine learning algorithms
including logistic regression (LR), random forest (RF),
gradient boosting (GB), support vector machine (SVM),
decision tree (DT), and k-nearest neighbor (KNN) (Sup-
plemental Table 6). The details of these approaches are
provided in our previous study[26]. The models were
trained, validated, and evaluated using the leave-one-out
cross-validation (LOOCV) method. LOOCYV is a spe-
cial case of k-fold cross-validation, where k is equal to
the number of samples in the dataset. Two patients were
excluded from the 50 total patients due to not having
both metabolomic and proteomic data available, leaving
48 patients for this analysis. A grid search was done to
determine the optimal hyperparameters (Supplemen-
tal Table 7). Feature weights were determined using LR
algorithm. Model performance was assessed using the
area under the receiver operator characteristic (AUROC)
and F1 score. To determine sensitivity and specificity,
the threshold value producing the highest true positive
rate and lowest false positive rate was chosen from the
AUROC curve and the values were calculated accord-
ingly (Supplemental Table 6). All machine-learning anal-
yses were done using the Scikit-learn library version 1.0.2
in Python 3 [39].

Statistical analysis

Student’s t-test or analysis of variance (ANOVA) was
used for continuous normally distributed variables. The
P-value for trend was computed with the use of Pearson
correlation coefficient tests for continuous normally dis-
tributed, nonnormally distributed, and categoric vari-
ables, respectively. All analyses were performed with the
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use of R version 3.6.3 (R Foundation for Statistical Com-
puting). Two-sided tests were used, and P<0.05 was con-
sidered significant.

Results

Patient demographics

52 patients referred to the cardio-oncology service at
the Cleveland Clinic who met inclusion criteria were
included in the study (Fig. 1). Patient demographics
are listed in Table 1. Briefly, this study contained more
females (=29, 56%) than males (n=23, 44%) with an
average age of 60.8 (IQR: 50.0-71.0) years and a BMI
of 27.4 (IQR: 23.9-30.9 kg/m?). Participants identified
as White (73%), African American (AA, 12%), or other
(12%). Numerous cancer subtypes were reported, with
the majority being breast (40%) and leukemia (12%) (Sup-
plemental Table 1). The following cardiovascular disease
risk factors were also reported: smoking (35%), hyperlipi-
demia (37%), and diabetes (25%). The majority of cancer
therapy classes reported were chemotherapy (65%) and
targeted therapy (40%) (Table 1).

Our cohort was comprised of 12 LVD cases and 40
controls. LVD was used as the primary outcome and
was defined by ejection fraction<55% by echocardio-
graph (Methods). At the time of the study enrollment,
31 patients had pre-existing cardiac conditions and 21
patients developed CVD after their cancer diagnosis
(Supplemental Table 2). The following CVD comorbidi-
ties defined by ICD9/10 codes and manually checked
were reported: arrhythmia (control=40%, LVD=67%),
coronary artery disease (control=10%, LVD=25%),
heart failure (control=3%, LVD=50%), hyperten-
sion (control=58%, LVD=50%), myocardial infarction
(control=3%, LVD=25%), and stroke (control=5%,
LVD=8%). Data on routine labs were collected and
shown in Supplemental Table 3. The only significant
difference in labs was observed in NT-proBNP levels
(P=0.044) among LVD and control groups.

Plasma protein dysregulation in left ventricular
dysfunction cases

We observed circulating proteins clustered with LVD
cases (Supplemental Fig. 1). Overall, principal compo-
nent analysis showed LVD samples clustered together,
and the control samples had more heterogenous expres-
sion (Fig. 2A). We identified 13 proteins significantly
associated with EF <55%, including markers related to
inflammation (ST2, TNFRSF14, OPN, and AXL) and
chemotaxis (RARRES2, MMP-2, MEPE, and OPN)
(Fig. 2B, Supplemental Fig. 1A, 2, Supplemental Informa-
tion 2). Furthermore, we determined which proteins were
most correlated with LVD by calculating the Pearson
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Fig. 1 Study design overview. Patients with a history of cancer who were consulted to the Cardio-Oncology Center at Cleveland Clinic
for echocardiograph assessment were asked to participate (n=50). Plasma metabolites and proteins were used as features for the prediction of left
ventricular dysfunction. We evaluated 6 classification methods including logistic regression, random forest, gradient boosting, k-nearest neighbor,

decision tree, and support vector machine

Correlation Coefficient (PCC) of each protein correlated
with higher (top-quartile) or normal NT-proBNP expres-
sion (based on the panel NT-proBNP protein expression)
and identified 21 significant (P<0.05) proteins (Fig. 2C,
Supplemental Fig. 3). We observed insulin growth fac-
tor binding protein 2 (IGFBP-2, P=4.04x10°), tumor
necrosis family members (TNF-R1, P=0.0001, TNF-R2,
P=0.001, FAS, P=2.91x10"% and LTBR, P=0.0004,
Fig. 2C, Supplemental Fig. 3) were highly associated. Fur-
thermore, several proteins related to mechanosensing by
endothelial cells or platelet activation were also associ-
ated with LVvD (MMP2, P=0.16, and COL1A1, P=0.009,
Fig. 2B). After multiple testing corrections, we did not
observe any differential proteins, likely as a result of an
unbalanced cohort. Nevertheless, the data suggest that
LVD samples experience could experience extracellular
matrix remodeling to enable increased inflammatory cell
infiltration.

Discovery of targeted plasma metabolomic biomarkers

for LVD

Furthermore, we next investigated whether similar or
new biochemical patterns of LVD could be detected.

We performed a targeted metabolomics panel of 353
polar metabolites. We identified 267 detectable metab-
olites, and 14 metabolites significantly (P <0.05) dif-
fered in plasma from LVD patients and explained 94%
of the variance among the samples (Fig. 3A, Supple-
mental Fig. 1B, Supplemental Information 3). Among
these, we found a significant increase in metabolites
relevant to muscle breakdown or cardiac remodeling
including uridine and 3-methylhistidine (Fig. 3B-C).
We also found metabolites relevant to inflammation
and cancer progression like 1-methyl-4-imidazoleacetic
acid, guanidinosuccinic acid (GSA), and symmetric
dimethylarginine (SDMA) (Fig. 3B, C).

Recent work has indicated differences in cardiac bio-
markers among males and females [40—42]. Therefore,
we performed a sex-specific analysis and found 59 dif-
ferentially expressed metabolites in males with LVD
(Supplemental Fig. 4A, Supplemental Information 4)
and 50 metabolites in females with LVD (Supplemen-
tal Fig. 4B, Supplemental Information 5). Among males,
we found a significantly increased level of uridine
(P=0.003), and a trend towards increased N-acetylglu-
cosamine, and kynurenine (Kyn) in male cases (Fig. 3D,
SupplementalFig. 4A). Among female cases, we found
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Fig. 2 Plasma protein dysregulation in left ventricular dysfunction. A Principal component analysis of proteomics analysis for cancer survivors
with cancer therapy-related cardiac dysfunction (n=10, blue) versus without (n =40, red). B Differentially expressed proteins (P <0.05) from affinity
proteomics analysis in patients with LVD versus control. C Heatmap correlating cardiovascular proteins associated with NT-proBNP (P < 0.05)

a trend towards an increase in aminoisobutyric acid
(P=0.2505), kynurenine (P=0.3925), and kynurenine/
tryptophan (Kyn/Trp) ratio (P=0.1747) in the LVD
group (Fig. 3E, Supplemental Fig. 4B). Overall, this data
corresponds with the inflammatory signatures more
prominent in females and corroborating our findings
seen in the proteomics data to suggest differences in
LVD phenotypes by sex.

Evaluation of machine leaning models for risk assessment
of LVD using plasma multi-omics profiles

To determine if our identified circulating markers can
predict cardiac dysfunction (ejection fraction, EF <55%),
we trained six classification models (logistic regres-
sion (LR), random forest (RF), gradient boosting (GB),

support vector machine (SVM), decision tree (DT), and
k-nearest neighbor (KNN)) using two feature sets (differ-
entially expressed metabolomics (#=14) and proteom-
ics (n=5), Fig. 4 and Supplemental Fig. 5). Performance
characteristics for each model are summarized in Sup-
plemental Table 5. LR, RF, and GB models performed
the best based on AUROC values (Fig. 4, Supplemental
Fig. 5). For proteomics the AUROC values for each model
were as follows- 0.745 for LR, 0.705 for RF, and 0.725 for
GB. We observed that using significantly differentially
expressed metabolites as features performed better with
AUROC values of 0.968 for LR, 0.953 for RF, and 0.975
for GB. The random forest model maintained optimal
sensitivity (90%) and specificity (90%) for differentiating
between LVD cases and control (Supplemental Table 5).
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Fig. 3 Plasma metabolite dysregulation in left ventricular dysfunction. A Principal component analysis of all significant metabolites combined.
B Schematic of differentially expressed metabolites (red) converging to the glutamate synthesis pathway. C Overall top differentially expressed
metabolites in LVD (n=10) versus control patients (n=40). D, E Sex-specific differentially expressed metabolites in males (control=16, LVD=6, D)

and females (control=22, LVD =4, E)

Similar model performance was observed when using
LASSO, Elastic Net, and XGB Boost for feature selec-
tion (Supplemental Fig. 5). By performing LOOCYV, we
ensured that each sample in the dataset had an opportu-
nity to be evaluated as a test case. This approach provides

a reliable estimate of the model’s generalization perfor-
mance and helps to mitigate any bias that may arise from
using a single train-test split. Furthermore, we deter-
mined that the metabolite features were enriched for glu-
tamate metabolism, as well as fatty-acid and pyrimidine
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(n=14) (orange) were used as feature sets. The dotted line represents the theoretical baseline performance of a random feature. A Logistic
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metabolism pathways (Fig. 3B). Our findings suggest
that patients with lowered ejection fraction experience a
shift in metabolic demands that are shown by increased
glutamate production, which can consequently explain
increased ROS-induced inflammation. Here, we show
that the application of metabolomics-based machine-
learning models may provide diagnostic utility to com-
plement current cardio-oncology practices.

Discussion

Researchers recognize the need to improve patient risk
stratification techniques to enable early, non-invasive
disease detection in cardio-oncology. Professional soci-
eties have also acknowledged the necessity for advanc-
ing cardiovascular risk assessment for cancer patients
[43-46]. To date, biomarkers for myocardial injury are
creatine kinase (CK)-MB, troponins, and natriuretic pep-
tides [25]. These markers indicate the release of cardiac
enzymes that result in irreversible damage hours after
onset [11]. Numerous clinical trials are currently assess-
ing biomarkers in cardio-oncology, underscoring the
growing interest in leveraging clinical data to improve
risk-calculator models [24]. This study aims to build upon
the foundation of identifying putative CTRCD-related
biomarkers, such as proteins and metabolites, for incor-
poration into risk prediction models, representing the
first application of multi-omics-based machine learn-
ing models in cardio-oncology patients. We posit that
this approach if validated in a larger cohort, can identify
biomarkers that hold promise for identifying high-risk
cancer patient groups who may require more intensive
follow-up, enhanced surveillance, or tailored therapeutic

strategies to mitigate their risk. Plasma markers allow for
frequent, repeatable testing without imposing logistical
burdens. This facilitates real-time monitoring of cardiac
health during cancer treatment, enabling early detec-
tion of changes. Furthermore, we expect these outcomes
to uncover critical biological mechanisms underlying
CTRCD and related conditions. This could pave the way
for the development of novel therapeutic targets, offering
tailored interventions for this vulnerable patient niche.

In this study, we observed both proteins and metabo-
lites associated with LVD cases indicated a signature of
chronic inflammation and shifts in metabolic demand,
including elevated levels of SDMA, methylimidazole
acetic acid, GSA, TNF family members, and high Kyn/
Trp ratio. Both oxidative stress and inflammation, estab-
lished markers of cardiotoxicity, were prominent fea-
tures. Notable, SDMA, conventionally a biomarker of
renal dysfunction, has also been suggested as an inde-
pendent biomarker for cardiovascular diseases, but not
in CTRCD cases [47-52]. Additionally, elevated plasma
levels of methylimidazole acetic acid and guanidinosuc-
cinic acid (GSA) were observed in LVD cases, suggesting
putative early artifacts of subclinical disease by increas-
ing vascular permeability. Many of the metabolites that
provide the largest weights in our ML models (GSA,
1-methylhistidine, 3-methylhistidine, 1-methyl-4-imida-
zoleacetic acid, y-Glu-Val, and y-Glu-Glu) converge to
the glutamate metabolism pathway (Fig. 3B). Glutamate
provides carbons to the tricarboxylic acid cycle (TCA)
through o-ketoglutarate, which in turn is metabolized
to amino acids, including alanine, aspartate, isoleucine,
leucine, and valine- several of which are recognized
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markers of cardiovascular disease [53—55]. Our findings
are consistent with previous studies. Thonusin et al. also
noted increased glutamine in HER2-negative breast can-
cer patients 2-weeks after doxorubicin treatment, as well
as reduced isovalerylcarnitine and isobutyrlcarnitine,
which were significantly correlated with changes in LVEF
and Troponin I respectively [56]. Similarly, in a cohort
of 33 breast cancer patients treated with anthracyclines,
increased TCA cycle intermediates (fumarate and suc-
cinate) and reduced tryptophan were observed in those
who developed reduced ejection fraction [57]. While
these findings highlight significant metabolic alterations
linked to CTRCD, further longitudinal studies are essen-
tial to elucidate the temporal relationships between these
metabolites and the onset and progression of disease.

Furthermore, patients with higher NT-proBNP also had
increased circulating plasma levels of LTBR, tumor necro-
sis factor (TNF) family members like lymphotoxic beta
receptor (LTBR), TNF receptors 1 and 2 (TNFR-1 and 2),
and the anti-apoptotic receptor, Fas. Increased expression
of Fas has been shown to increase with heart failure sever-
ity [58, 59]. Despite similar cardiac risk factors, patients
with LVD exhibited an elevated inflammation profile not
detectable by lab white blood cell counts alone, suggest-
ing that metabolomics and proteomics markers are more
sensitive in detecting subclinical disease.

Additionally, we observed differences in immune sig-
natures in LVD cases, with a trend in elevated products
from the kynurenine pathway, particularly prominent in
female LVD cases. Pro-inflammatory cytokines activate
tryptophan metabolism and, in turn, elevate circulat-
ing Kyn levels [60]. Kyn promotes T-regulatory cell dif-
ferentiation and further increases anti-inflammatory
cytokine production often seen in aging, psychiatric,
and chronic cardiometabolic diseases [60, 61]. Further-
more, we observed elevated uridine levels in males with
LVD. Although obesity and insulin resistance have been
linked to elevated uridine levels both in animals and
humans [62, 63], an increase in plasma uridine is also
suggested to follow mild cardiac ischemia and reperfu-
sion, as well as blood flow and arrhythmia [64]. The role
of uridine in circulation is undetermined, but some data
suggest that uridine may regulate vasodilation and can
be a marker of insulin resistance [64, 65]. Sex differences
in cardiovascular disease risk and clinical presentation
have been well documented, but the biological expla-
nations remain underexplored [66-68]. An expanded
study of the Framingham cohort sought to investigate
the sex differences in circulating biomarkers in CVD and
found that 86% of the biomarkers were significantly dif-
ferent (FDR<0.05) [41, 69]. For example, women with
heart failure (HF) present later and are more likely to
have preserved left ventricular ejection fraction and a
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non-ischemic etiology of HF [70]. However, we observed
an increased Kyn/Trp ratio in females which is typically
a result of indoleamine 2,3-dioxygenase-1 (IDO1) activa-
tion, a byproduct of elevated pro-inflammatory cytokine
signaling like interleukin-1B, lipopolysaccharides, and
tumor necrosis factor (TNF) [61]. Collectively, our find-
ings, along with recent findings, underscore the urgency
for future cardio-oncology studies and clinical practices
to consider sex-specific risk assessment.

Finally, we applied classification machine learning mod-
els to test the diagnostic capability of distinguishing LVD
cases from controls using differentially expressed proteins
and metabolites. All outcomes received relatively high
AUROC, outperforming proteomic features alone, sug-
gesting the potential of machine learning models for early
detection of LVD specific to patients with a history of can-
cer. Machine learning models will become increasingly
important as next-generation sequencing and big data sci-
ence become more integral to healthcare research. There-
fore, optimizing ‘smart’ methods to complement cancer
management will be vital for the future of cardio-oncol-
ogy practices. Historically, biomarker discovery studies in
cardio-oncology were focused on small targeted cardiac
protein panels [13, 14, 71]. Our study applied an unbiased
biomarker discovery approach using a metabolite panel of
365 metabolites and 90 protein markers, vastly surpassing
the markers studied in cardio-oncology cohorts. Expand-
ing the scope of variables fed into machine learning mod-
els will lead to more novel discoveries for understanding
mechanisms of cardiotoxicity and understanding the ‘full
picture’ However, we acknowledge that the lack of repro-
ducibility across Cardio-Oncology cohorts can stem from
variability in the methodologies used for biomarker detec-
tion and will require standardized approaches of metabo-
lites and proteins. Earlier proteomic studies have used
traditional blood-derived cardiovascular panels, whereas
current studies are using next-generation platforms,
including proximity extension assays. Additionally, sev-
eral of the few studies that have sampled plasma metabo-
lites of CTRCD patients or research models have all used
different metabolite detection methods like HPLC/MS,
LC/Q-TOF MS, or capillary-electrophoreses-TOF/MS.
The technical differences can explain differences in assay
sensitivity, particularly for low-mass metabolites that are
difficult to detect. Additionally, more attention will have
to be placed on defining the time of evaluation, feature
weights, and sample population to support reproducibil-
ity [24, 72].

Limitations

It is difficult to assess whether the biomarkers we have
depicted can provide early detection of CTRCD. Pro-
spective studies paired with functional and longitudinal
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data of patients before diagnosis of CTRCD will be neces-
sary to assess causality and will reduce the risk of overfit-
ting machine learning models, especially for studies that
include less than 100 individuals. Our cohort is limited
by being imbalanced between disease and control cases
and includes several cancer subtypes and cancer drug
exposures. We acknowledge a potential limitation posed
by the small sample size (n=10), which prevents the use
of a separate test set, as well as the inclusion of several
cancer subtypes and cancer drug exposures. To address
this limitation, we used a leave-one-out cross-validation
(LOOCYV) approach. This method is well-suited for small
datasets, as it maximizes the use of available data while
providing robust model validation. Furthermore, we
paired our findings with literature references that support
that these markers have implications in cancer or cardio-
vascular disease. Future work will require independent
validation and the inclusion of data augmentation tech-
niques to expand on existing patient data. Caution will
be required for careful data harmonization and correc-
tion for confounding variables. Furthermore, most of the
studies that have reported plasma metabolites or proteins
in CTRCD patients have different assay methodologies,
as previously discussed. Nonetheless, these findings pro-
vide a new biological perspective to cancer survivors with
LVD.

Conclusion

Overall, we demonstrate that multi-omic profiling can
reveal underlying inflammation and matrix remodeling
markers that are not captured in traditional laboratory
tests. We identified abnormalities in circulating proteins
and metabolites that stratified cancer survivors by those
with and without LVD. Applying advanced machine
learning models can help validate whether matrix remod-
eling and inflammation-related metabolites and proteins
can improve LVD detection.

Abbreviations

AF Atrial fibrillation

ANOVA Analysis of variance

AUROC Area under the receiver operator curve
CAD Coronary artery disease

CK-MB Creatine kinase-MB

CTRCD Cancer therapy-related cardiac dysfunction
CVvD Cardiovascular disease

DT Decision Tree

EF Ejection fraction

FDR False discovery rate

GB Gradient boosting

GSA Guanidinosuccinic acid

HF Heart failure

IDO1 Indoleamine 2,3-dioxygenase-1
KNN K-nearest neighbor

Kyn Kynurenine

LOOCV Leave-one-out cross-validation

LvD Left ventricular dysfunction

Page 10 of 12

LVEF Left ventricular ejection fraction
LR Logistic regression

LTBR Lymphotoxic beta receptor

M Myocardial infarction

NPX Normalized Protein eXpression
NT-proBNP  N-terminal pro-B-type natriuretic peptide
PCC Pearson correlation coefficient
SDMA Symmetric dimethylarginine
SVM Support vector machine

TNF Tumor necrosis factor

Trp Tryptophan

Supplementary Information

The online version contains supplementary material available at https://doi.
0rg/10.1186/540959-025-00309-6.

Supplementary Material 1.
Supplementary Material 2.
Supplementary Material 3.
Supplementary Material 4.

Supplementary Material 5.

Acknowledgements
We thank Teresa Markle, Megan Villarreal, Melanie Ramos, Heather Wojanowski
from the Cleveland Clinic Clinical Research Units.

Inclusion and diversity

One or more of the authors of this paper self-identifies as an underrepre-
sented ethnic minority in science. One or more of the authors of this paper
received support from a program designed to increase minority representa-
tion in science.

Authors’ contributions

F.C.and J.CL. conceived the study. J.CL, MH, AA, YH., MF, RK. performed all
experiments and data analysis. J.CL, M.C, PC, FC. drafted the manuscript and
critically revised the manuscript. All authors critically revised and gave final
approval of the manuscript.

Funding

This work was supported by National Heart, Lung, and Blood Institute (NHLBI)
grants ROOHL138272 to F.C, POTHL158501 to MK.C. and F.C. J.C.L.is a TRIUMPH
Fellow in the CPRIT Training Program (RP210028).

Data availability

The plasma derived metabolomics and proteomics data reported here are
available as supplemental files (see Supplementary Files 2-5). All original code
used to generate our machine learning models are publicly available and

can be accessed at https://github.com/ChengF-Lab/CO-ML. Any additional
information required to reanalyze the data reported in this paper is available
from the lead contact upon request.

Declarations

Ethics approval and consent to participate

Patients with a history of cancer and exposure to cytotoxic chemotherapy and
who had a clinically necessary echocardiogram assessment were enrolled to
approved IRBs #11-194 and #19-1122 as described previously[34, 35]. Verbal
and written informed consent were obtained.

Competing interests
The authors declare no competing interests.

Received: 23 July 2024 Accepted: 23 January 2025
Published online: 13 February 2025


https://doi.org/10.1186/s40959-025-00309-6
https://doi.org/10.1186/s40959-025-00309-6

Lal et al. Cardio-Oncology

(2025) 11:17

References

1.

Sturgeon KM, Deng L, Bluethmann SM, Zhou S, Trifiletti DM, Jiang C,

Kelly SP, Zaorsky NG. A population-based study of cardiovascular disease
mortality risk in US cancer patients. Eur Heart J. 2019;40(48):3889-97.
Bowles EJ, Wellman R, Feigelson HS, Onitilo AA, Freedman AN, Delate T,
Allen LA, Nekhlyudov L, Goddard KA, Davis RL, et al. Risk of heart failure in
breast cancer patients after anthracycline and trastuzumab treatment: a
retrospective cohort study. J Natl Cancer Inst. 2012;104(17):1293-305.
Rushton M, Johnson C, Dent S. Trastuzumab-Induced Cardiotoxicity: Test-
ing a Clinical Risk Score in a Real-World Cardio-Oncology Population. Curr
Oncol. 2017; 24:176-180.

McGowan JV, Chung R, Maulik A, Piotrowska I, Walker JM, Yellon DM.
Anthracycline Chemotherapy and Cardiotoxicity. Cardiovasc Drugs Ther.
2017;31(1):63-75.

Darby SC, Ewertz M, McGale P, Bennet AM, Blom-Goldman U, Brgennum

D, Correa C, Cutter D, Gagliardi G, Gigante B, et al. Risk of ischemic heart
disease in women after radiotherapy for breast cancer. N Engl J Med.
2013;368(11):987-98.

Herrmann J. Adverse cardiac effects of cancer therapies: cardiotoxicity
and arrhythmia. Nat Rev Cardiol. 2020;17(8):474-502.

Plana JC, Galderisi M, Barac A, Ewer MS, Ky B, Scherrer-Crosbie M, Ganame
J,Sebag IA, Agler DA, Badano LP, et al. Expert Consensus for Multimodal-
ity Imaging Evaluation of Adult Patients during and after Cancer Therapy:
A Report from the American Society of Echocardiography and the
European Association of Cardiovascular Imaging. J Am Soc Echocardiogr.
2014,27(9):911-39.

Bloom MW, Hamo CE, Cardinale D, Ky B, Nohria A, Baer L, Skopicki H,
Lenihan DJ, Gheorghiade M, Lyon AR, et al. Cancer Therapy—Related
Cardiac Dysfunction and Heart Failure. Circulation: Heart Failure. 2016;
9(1):e002661.

Smith LA, Cornelius VR, Plummer CJ, Levitt G, Verrill M, Canney P, Jones

A. Cardiotoxicity of anthracycline agents for the treatment of cancer:
systematic review and meta-analysis of randomised controlled trials. BMC
Cancer. 2010;10:337.

Zamorano JL, Lancellotti P, Rodriguez Mufioz D, Aboyans V, Asteggiano R,
Galderisi M, Habib G, Lenihan DJ, Lip GYH, Lyon AR, et al. 2016 ESC Posi-
tion Paper on cancer treatments and cardiovascular toxicity developed
under the auspices of the ESC Committee for Practice Guidelines: The
Task Force for cancer treatments and cardiovascular toxicity of the Euro-
pean Society of Cardiology (ESC). Eur Heart J. 2016;37(36):2768-801.

. Michel L, Mincu RI, Mahabadi AA, Settelmeier S, Al-Rashid F, Rassaf T,

Totzeck M. Troponins and brain natriuretic peptides for the prediction
of cardiotoxicity in cancer patients: a meta-analysis. Eur J Heart Fail.
2020;22(2):350-61.

Demissei BG, Hubbard RA, Zhang L, Smith AM, Sheline K, McDonald C,
Narayan V, Domchek SM, DeMichele A, Shah P, et al. Changes in Cardio-
vascular Biomarkers With Breast Cancer Therapy and Associations With
Cardiac Dysfunction. J Am Heart Assoc. 2020;9(2): e014708.

Putt M, Hahn VS, Januzzi JL, Sawaya H, Sebag IA, Plana JC, Picard MH,
Carver JR, Halpern EF, Kuter |, et al. Longitudinal Changes in Multiple
Biomarkers Are Associated with Cardiotoxicity in Breast Cancer Patients
Treated with Doxorubicin, Taxanes, and Trastuzumab. Clin Chem.
2015,61(9):1164-72.

Ky B, Putt M, Sawaya H, French B, Januzzi JL, Sebag IA, Plana JC, Cohen
V, Banchs J, Carver JR, et al. Early Increases in Multiple Biomarkers
Predict Subsequent Cardiotoxicity in Patients With Breast Cancer
Treated With Doxorubicin, Taxanes, and Trastuzumab. J Am Coll Cardiol.
2014,63(8):809-16.

Koelwyn GJ, Newman AAC, Afonso MS, van Solingen C, Corr EM, Brown
EJ, Albers KB, Yamaguchi N, Narke D, Schlegel M, et al. Myocardial infarc-
tion accelerates breast cancer via innate immune reprogramming. Nat
Med. 2020;26(9):1452-8.

Attachaipanich T, Chattipakorn SC, Chattipakorn N. Current evidence
regarding the cellular mechanisms associated with cancer progression
due to cardiovascular diseases. J Transl Med. 2024;22(1):105.

Wilcox NS, Amit U, Reibel JB, Berlin E, Howell K, Ky B. Cardiovascular
disease and cancer: shared risk factors and mechanisms. Nat Rev Cardiol.
2024;21:617-31.

Xu W, Comhair SAA, Chen R, Hu B, Hou Y, Zhou Y, Mavrakis LA, Janocha
AJ,Li L, Zhang D, et al. Integrative proteomics and phosphoproteomics in
pulmonary arterial hypertension. Sci Rep. 2019;9(1):18623.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31

32.

33.

34.

35.

36.

37.

38.

Page 11 of 12

Joshi A, Rienks M, Theofilatos K, Mayr M. Systems biology in cardiovascu-
lar disease: a multiomics approach. Nat Rev Cardiol. 2021;18(5):313-30.
McGarrah RW, Crown SB, Zhang G-F, Shah SH, Newgard CB. Cardiovascu-
lar Metabolomics. Circ Res. 2018;122(9):1238-58.

Vasbinder A, Ismail A, Salem J-E, Hayek SS. Role of Biomarkers in the
Management of Immune-Checkpoint Inhibitor-Related Myocarditis. Curr
Cardiol Rep. 2023;25(9):959-67.

Vasbinder A, Chen'Y, Procureur A, Gradone A, Azam TU, Perry D, Shadid
H, Anderson E, Catalan T, Blakely P et al: Biomarker Trends, Incidence, and
Outcomes of Immune Checkpoint Inhibitor-Induced Myocarditis. JACC:
CardioOncology 2022, 4(5):689-700.

Rhee J-W, Ky B, Armenian SH, Yancy CW, Wu JC: Primer on Biomarker
Discovery in Cardio-Oncology. JACC: CardioOncology 2020, 2(3):379-384.
Zaha VG, Hayek SS, Alexander KM, Beckie TM, Hundley WG, Kondapalli L,
Ky B, Leger KJ, Meijers WC, Moslehi JJ, et al. Future Perspectives of Cardio-
vascular Biomarker Utilization in Cancer Survivors: A Scientific Statement
From the American Heart Association. Circulation. 2021;144(25):e551-63.
Tonry C, Russell-Hallinan A, McCune C, Collier P, Harbinson M, Dixon L,
Watson CJ. Circulating biomarkers for management of cancer therapeu-
tics-related cardiac dysfunction. Cardiovasc Res. 2023;119(3):710-28.
ZhouY,Hou Y, Hussain M, Brown SA, Budd T, Tang WHW, Abraham J, Xu
B, Shah C, Moudgil R, et al. Machine Learning-Based Risk Assessment for
Cancer Therapy-Related Cardiac Dysfunction in 4300 Longitudinal Oncol-
ogy Patients. J Am Heart Assoc. 2020;9(23): e019628.

Hou Y, Zhou Y, Hussain M, Budd GT, Tang WHW, Abraham J, Xu B, Shah C,
Moudgil R, Popovic Z, et al. Cardiac risk stratification in cancer patients:
A longitudinal patient-patient network analysis. PLoS Med. 2021;18(8):
e1003736.

Forrest IS, Petrazzini BO, Duffy A, Park JK, Marquez-Luna C, Jordan DM,
Rocheleau G, Cho JH, Rosenson RS, Narula J, et al. Machine learning-
based marker for coronary artery disease: derivation and validation in
two longitudinal cohorts. The Lancet. 2023;401(10372):215-25.

Shouval R, Hadanny A, Shlomo N, lakobishvili Z, Unger R, Zahger D,
Alcalai R, Atar S, Gottlieb S, Matetzky S, et al. Machine learning for predic-
tion of 30-day mortality after ST elevation myocardial infraction: An
Acute Coronary Syndrome Israeli Survey data mining study. Int J Cardiol.
2017;246:7-13.

Angraal S, Mortazavi BJ, Gupta A, Khera R, Ahmad T, Desai NR, Jacoby

DL, Masoudi FA, Spertus JA, Krumholz HM. Machine Learning Prediction
of Mortality and Hospitalization in Heart Failure With Preserved Ejection
Fraction. JACC Heart Fail. 2020;8(1):12-21.

Samad MD, Ulloa A, Wehner GJ, Jing L, Hartzel D, Good CW, Williams BA,
Haggerty CM, Fornwalt BK: Predicting Survival From Large Echocardiog-
raphy and Electronic Health Record Datasets: Optimization With Machine
Learning. JACC: Cardiovascular Imaging 2019, 12(4):681-689.

Narula S, Shameer K, Salem Omar AM, Dudley JT, Sengupta PP. Machine-
Learning Algorithms to Automate Morphological and Functional Assess-
ments in 2D Echocardiography. J Am Coll Cardiol. 2016;68(21):2287-95.
Chaix MA, Parmar N, Kinnear C, Lafreniere-Roula M, Akinrinade O, Yao

R, Miron A, Lam E, Meng G, Christie A, et al. Machine Learning Identifies
Clinical and Genetic Factors Associated With Anthracycline Cardiotoxicity
in Pediatric Cancer Survivors. JACC CardioOncol. 2020;2(5):690-706.
Hussain M, Hou Y, Watson C, Moudgil R, Shah C, Abraham J, Budd

GT, Tang WHW, Finet JE, James K, et al. Temporal Trends of Cardiac
Outcomes and Impact on Survival in Patients With Cancer. Am J Cardiol.
2020;137:118-24.

Zhou Y, Hou Y, Shen J, Huang Y, Martin W, Cheng F. Network-based drug
repurposing for novel coronavirus 2019-nCoV/SARS-CoV-2. Cell Discov-
ery. 2020,6(1):14.

Assarsson E, Lundberg M, Holmquist G, Bjorkesten J, Thorsen SB, Ekman
D, Eriksson A, Rennel Dickens E, Ohlsson S, Edfeldt G, et al. Homogenous
96-plex PEA immunoassay exhibiting high sensitivity, specificity, and
excellent scalability. PLoS One. 2014,9(4): €95192.

Petrera A, von Toerne C, Behler J, Huth C, Thorand B, Hilgendorff A, Hauck
SM. Multiplatform Approach for Plasma Proteomics: Complementarity of
Olink Proximity Extension Assay Technology to Mass Spectrometry-Based
Protein Profiling. J Proteome Res. 2021;20(1):751-62.

Koike S, Bundo M, lwamoto K, Suga M, Kuwabara H, Ohashi Y, Shinoda K,
Takano'Y, lwashiro N, Satomura Y, et al. A snapshot of plasma metabolites
in first-episode schizophrenia: a capillary electrophoresis time-of-flight
mass spectrometry study. Transl Psychiatry. 2014;4(4): e379.



Lal et al. Cardio-Oncology

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51

52.

53.

54.

55.

56.

(2025) 11:17

Pedregosa F, Varoquaux G, Gramfort A, Michel V, Thirion B, Grisel O,
Blondel M, Prettenhofer P, Weiss R, Dubourg V et al: Scikit-learn: Machine
Learning in Python. J Mach Learn Res 2011, 12(null):2825-2830.

Suthahar N, Meems LMG, Ho JE, de Boer RA. Sex-related differences in
contemporary biomarkers for heart failure: a review. Eur J Heart Fail.
2020;22(5):775-88.

Sullivan K, Doumouras BS, Santema BT, Walsh MN, Douglas PS, Voors

AA, Van Spall HGC. Sex-Specific Differences in Heart Failure: Patho-
physiology, Risk Factors, Management, and Outcomes. Can J Cardiol.
2021,37(4):560-71.

Suthahar N, Lau Emily S, Blaha Michael J, Paniagua Samantha M, Larson
Martin G, Psaty Bruce M, Benjamin Emelia J, Allison Matthew A, Bartz Traci
M, Januzzi James L, et al. Sex-Specific Associations of Cardiovascular Risk
Factors and Biomarkers With Incident Heart Failure. J Am Coll Cardiol.
2020;76(12):1455-65.

Lenihan DJ, Fradley MG, Dent S, Brezden-Masley C, Carver J, Filho RK,
Neilan TG, Blaes A, Melloni C, Herrmann J, et al. Proceedings From the
Global Cardio-Oncology Summit: The Top 10 Priorities to Actualize for
CardioOncology. JACC CardioOncol. 2019;1(2):256-72.

Lyon AR, Dent S, Stanway S, Earl H, Brezden-Masley C, Cohen-Solal A, Toc-
chetti CG, Moslehi JJ, Groarke JD, Bergler-Klein J, et al. Baseline cardiovas-
cular risk assessment in cancer patients scheduled to receive cardiotoxic
cancer therapies: a position statement and new risk assessment tools
from the Cardio-Oncology Study Group of the Heart Failure Association
of the European Society of Cardiology in collaboration with the Interna-
tional Cardio-Oncology Society. Eur J Heart Fail. 2020;22(11):1945-60.
Curigliano G, Lenihan D, Fradley M, Ganatra S, Barac A, Blaes A, Herrmann
J, Porter C, Lyon AR, Lancellotti P, et al. Management of cardiac disease

in cancer patients throughout oncological treatment: ESMO consensus
recommendations. Ann Oncol. 2020;31(2):171-90.

Gilchrist SC, Barac A, Ades PA, Alfano CM, Franklin BA, Jones LW, La Gerche
A, Ligibel JA, Lopez G, Madan K, et al. Cardio-Oncology Rehabilitation to
Manage Cardiovascular Outcomes in Cancer Patients and Survivors: A
Scientific Statement From the American Heart Association. Circulation.
2019;139(21):€997-1012.

Feliers D, Lee DY, Gorin Y, Kasinath BS. Symmetric dimethylarginine alters
endothelial nitric oxide activity in glomerular endothelial cells. Cell Signal.
2015;27(1):1-5.

Staniszewska A, Rajagopalan S, Al-Shaheen A, Thies F, Brittenden J.
Increased levels of symmetric dimethyl-arginine are associated with all-
cause mortality in patients with symptomatic peripheral arterial disease. J
Vasc Surg. 2015;61(5):1292-8.

Jud P, Hafner F, Verheyen N, Meinitzer A, Gary T, Brodmann M, Seinost G,
Hackl G. Homoarginine/ADMA ratio and homoarginine/SDMA ratio as
independent predictors of cardiovascular mortality and cardiovascular
events in lower extremity arterial disease. Sci Rep. 2018;8(1):14197.
Willeit P, Freitag DF, Laukkanen JA, Chowdhury S, Gobin R, Mayr M,

Di Angelantonio E, Chowdhury R. Asymmetric dimethylarginine and
cardiovascular risk: systematic review and meta-analysis of 22 prospective
studies. J Am Heart Assoc. 2015;4(6): e001833.

Lorin J, Guilland JC, Stamboul K, Guenancia C, Cottin Y, Rochette L,
Vergely C, Zeller M. Increased Symmetric Dimethylarginine Level Is Asso-
ciated with Worse Hospital Outcomes through Altered Left Ventricular
Ejection Fraction in Patients with Acute Myocardial Infarction. PLoS One.
2017;12(1): €0169979.

Finkelman BS, Putt M, Wang T, Wang L, Narayan H, Domchek S, DeMichele
A, Fox K, Matro J, Shah P, et al. Arginine-Nitric Oxide Metabolites and
Cardiac Dysfunction in Patients With Breast Cancer. J Am Coll Cardiol.
2017;70(2):152-62.

McGarrah RW, White PJ. Branched-chain amino acids in cardiovascular
disease. Nat Rev Cardiol. 2023;20(2):77-89.

Sun H, Olson KC, Gao C, Prosdocimo DA, Zhou M, Wang Z, Jeyaraj D, Youn
JY,Ren S, LiuY, et al. Catabolic Defect of Branched-Chain Amino Acids
Promotes Heart Failure. Circulation. 2016;133(21):2038-49.

Murashige D, Jung JW, Neinast MD, Levin MG, Chu Q, Lambert JP,
Garbincius JF, Kim B, Hoshino A, Marti-Pamies |, et al. Extra-cardiac BCAA
catabolism lowers blood pressure and protects from heart failure. Cell
Metab. 2022;34(11):1749-1764.e1747.

Thonusin C, Osataphan N, Leemasawat K, Nawara W, Sriwichaiin S,
Supakham S, Gunaparn S, Apaijai N, Somwangprasert A, Phrommin-

tikul A, et al. Changes in blood metabolomes as potential markers for

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71

72.

Page 12 of 12

severity and prognosis in doxorubicin-induced cardiotoxicity: a study in
HER2-positive and HER2-negative breast cancer patients. J Transl Med.
2024;22(1):398.

Cocco D, Ferro EG, Ricci S, Deidda M, Noto A, Madeddu C, Atzori F, Scar-
tozzi M, Mercuro G, Cadeddu Dessalvi C et al: Defining the metabolomic
profile associated with early cardiotoxicity in patients with breast cancer
treated with anthracyclines. Eur Heart J. 2020; 41(Supplement_2).
Nishigaki K, Minatoguchi S, Seishima M, Asano K, Noda T, Yasuda N,

Sano H, Kumada H, Takemura M, Noma A, et al. Plasma Fas ligand, an
inducer of apoptosis, and plasma soluble Fas, an inhibitor of apoptosis,
in patients with chronic congestive heart failure. J Am Coll Cardiol.
1997,29(6):1214-20.

Kouloubinis A, Sofroniadou S, Panoulas VF, Makaritsis K, Revela |, Karavo-
lias G, Voudris V, Adamopoulos S. The role of TNF-q, Fas/Fas ligand system
and NT-proBNP in the early detection of asymptomatic left ventricular
dysfunction in cancer patients treated with anthracyclines. Int J Cardiol
Heart Vasc. 2015;6:85-90.

Kindler J, Lim CK, Weickert CS, Boerrigter D, Galletly C, Liu D, Jacobs

KR, Balzan R, Bruggemann J, O'Donnell M, et al. Dysregulation of
kynurenine metabolism is related to proinflammatory cytokines, atten-
tion, and prefrontal cortex volume in schizophrenia. Mol Psychiatry.
2020;25(11):2860-72.

Sorgdrager FJH, Naudé PJW, Kema IP, Nollen EA, Deyn PPD: Tryptophan
Metabolism in Inflammaging: From Biomarker to Therapeutic Target.
Frontiers in Immunology 2019, 10.

Kohli R, Bhattacharjee J, Inge TH. Postprandial uridine physiology is
altered by obesity. Gastroenterology. 2018;155(5):1645-6.

Dudzinska W. Uridine correlates with the concentration of fructosa-
mine and HbA1c in children with type 1 diabetes. Acta Paediatr.
2011;100(5):712-6.

Erlinge D, Harnek J, van Heusden C, Olivecrona G, Jern S, Lazarowski

E. Uridine triphosphate (UTP) is released during cardiac ischemia. Int J
Cardiol. 2005;100(3):427-33.

Yamamoto T, Koyama H, Kurajoh M, Shoji T, Tsutsumi Z, Moriwaki Y.
Biochemistry of uridine in plasma. Clin Chim Acta. 2011;412(19):1712-24.
Hochman JS, Tamis JE, Thompson TD, Weaver WD, White HD, Van de Werf
F, Aylward P, Topol EJ, Califf RM: Sex, clinical presentation, and outcome
in patients with acute coronary syndromes. Global Use of Strategies to
Open Occluded Coronary Arteries in Acute Coronary Syndromes lib
Investigators. N Engl J Med 1999, 341(4):226-232.

Mosca L, Grundy SM, Judelson D, King K, Limacher M, Oparil S, Pasternak
R, Pearson TA, Redberg RF, Smith SC, et al. Guide to Preventive Cardiology
for Women. Circulation. 1999;99(18):2480-4.

DefFilippis EM, Van Spall Harriette GC. Is it Time for Sex-Specific Guidelines
for Cardiovascular Disease? J Am Coll Cardiol. 2021;78(2):189-92.

Lau ES, Paniagua SM, Guseh JS, BhambhaniV, Zanni MV, Courchesne P,
Lyass A, Larson MG, Levy D, Ho JE. Sex Differences in Circulating Biomark-
ers of Cardiovascular Disease. J Am Coll Cardiol. 2019;74(12):1543-53.
O'Meara E, Clayton T, McEntegart MB, McMurray JJV, Pifia IL, Granger CB,
Ostergren J, Michelson EL, Solomon SD, Pocock S, et al. Sex Differences
in Clinical Characteristics and Prognosis in a Broad Spectrum of Patients
With Heart Failure. Circulation. 2007;115(24):3111-20.

Lakhani HV, Pillai SS, Zehra M, Dao B, Tirona MT, Thompson E, Sodhi K.
Detecting early onset of anthracyclines-induced cardiotoxicity using

a novel panel of biomarkers in West-Virginian population with breast
cancer. Sci Rep. 2021;11(1):7954.

Ibrahim NE, Januzzi JL. Established and Emerging Roles of Biomarkers in
Heart Failure. Circ Res. 2018;123(5):614-29.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.



	Discovery of plasma proteins and metabolites associated with left ventricular cardiac dysfunction in pan-cancer patients
	Abstract 
	Background 
	Methods 
	Results 
	Conclusion 

	Background
	Methods
	Study participants
	Clinical outcomes data acquisition
	Proteomics
	Metabolomics
	Evaluation of machine learning models
	Statistical analysis

	Results
	Patient demographics
	Plasma protein dysregulation in left ventricular dysfunction cases
	Discovery of targeted plasma metabolomic biomarkers for LVD
	Evaluation of machine leaning models for risk assessment of LVD using plasma multi-omics profiles

	Discussion
	Limitations

	Conclusion
	Acknowledgements
	References


