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Abstract

Background: Metabolomics is the newest -omics methodology and allows for a
functional snapshot of the biochemical activity and cellular state. The goal of this
study is to characterize metabolomic profiles associated with cancer-related fatigue, a
debilitating symptom commonly reported by oncology patients.

Methods: Untargeted ultrahigh performance liquid chromatography/mass spec-
trometry metabolomics approach was used to identify metabolites in plasma sam-
ples collected from a total of 197 participants with or without cancer. Partial least
squares-discriminant analysis (PLS-DA) was used to identify discriminant metabolite
features, and diagnostic performance of selected classifiers was quantified using area
under the receiver operating characteristics (AUROC) curve analysis. Pathway en-
richment analysis was performed using Fisher's exact test and the Kyoto Encyclopedia
of Genes and Genomes (KEGG) metabolic pathway database.

Findings: The global metabolomics approach yielded a total of 1120 compounds of
known identity. Significant metabolic pathways unique to fatigued cancer versus con-
trol groups included sphingolipid metabolism, histidine metabolism, and cysteine and
methionine metabolism. Significant pathways unique to non-fatigued cancer versus
control groups included inositol phosphate metabolism, primary bile acid biosynthe-
sis, ascorbate and aldarate metabolism, starch and sucrose metabolism, and pentose
and glucuronate interconversions. Pathways shared between the two comparisons
included caffeine metabolism, tyrosine metabolism, steroid hormone biosynthesis,
sulfur metabolism, and phenylalanine metabolism.

Conclusions: We found significant metabolomic profile differences associated with
cancer-related fatigue. By comparing metabolic signatures unique to fatigued cancer
patients with metabolites associated with, but not unique to, fatigued cancer individu-
als (overlap pathways) and metabolites associated with cancer but not fatigue, we

provided a broad view of the metabolic phenotype of cancer-related fatigue.
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1 | INTRODUCTION
Fatigue is a common symptom reported by most oncology
patients and can be distinguished from tiredness experienced
by healthy individuals as it is not relieved by sleep and is
disproportional to exertion levels.! Cancer-related fatigue
has a profoundly negative impact on the patient's quality of
life and manifests both physically and cognitively.2'5 Despite
the burden cancer-related fatigue places on patients, there is
currently no well-established biomarkers or FDA-approved
therapeutic interventions.' As a result, cancer-related fatigue
has recently been identified by the National Cancer Institute
as one of the top five high-priority research areas.’ Fatigue
phenotypes associated with different types of cancer may
arise from various pathogenic processes.1 However, emerg-
ing evidence suggests that the common theme among these
different etiologies may be related to intrinsic genetic vulner-
ability combined with inflammatory triggers related to can-
cer or cancer treatment.>” "'
Metabolomics, or metabolome profiling, is the newest
addition to the -omics methodology and refers to the global
identification and quantification of metabolites.'' By defi-
nition, metabolites are small molecule metabolic products
that result from chemical transformation during metabolism
and, therefore, provide a real-time functional snapshot of the
biochemical activity and cellular state.'? Strategies for con-
ducting metabolomics studies generally fall into two catego-
ries: “targeted” metabolomics refers to the methodology of
measuring a limited number of chemically characterized and
biochemically annotated metabolites; in contrast, the “un-
targeted”, or global, strategy detects as many distinct chro-
matographic features (e.g., mass-to-charge ratio) as possible
and the identities of metabolites are subsequently determined
using a reference spectral library.'* The development of new
mass spectrometry techniques has allowed for instantaneous
measurement of thousands of metabolites including amino
acids, lipids, fatty acids, sugars, vitamins, as well as products
of various metabolic processes.14 Given that information on
tissue specificity and temporal dynamics can be difficult to
derive from other types of -omics approach, it is not surpris-
ing that metabolomics has gained popularity in recent years
as a powerful tool for biomarker discovery and understanding
disease-related metabolic pathways in complex diseases. '
Identification of metabolic signatures of cancer-related
fatigue is in the beginning stages and much remains to be
explored to map out a complete metabolomic profile of this
debilitating condition.'® With the advancement of new meth-
odologies, it is now feasible to measure thousands of metab-
olites at the same time in an unbiased manner. The goal of
this study is to perform a comprehensive metabolomic pro-
file analysis using plasma samples from a total of 197 par-
ticipants including those with confirmed cancer diagnosis
and healthy controls. With the powerful and comprehensive

untargeted LC-MS approach, we identified novel metabolite
markers and pathways specific to cancer-related fatigue.

2 | METHODS

2.1 | Participants

Participants were enrolled from July 2009 to August 2019
at the National Institute of Health (NIH) Clinical Center,
Bethesda, Maryland. The study was approved by the NIH
Institutional Review Board (IRB). Signed, written informed
consents were obtained prior to study participation. All study
participants were male and >18 years of age. The exclusion
criteria for healthy controls included severe psychiatric con-
ditions, fatigue induced by clinically confirmed disease, or
taking medication with a fatigue side effect. The cancer par-
ticipants were from two clinical protocols: (1) the first proto-
col enrolled male participants who were scheduled to receive
external radiation therapy (EBRT) at the NIH for localized
prostate cancer; (2) the second protocol is a mixed cancer
protocol including patients with confirmed cancer diagnosis
(including non-prostate cancer types) and a scheduled cancer
treatment (including non-EBRT). Exclusion criteria for both
cancer protocols included a history of psychiatric disease in
the last 5 years, a disease causing clinically significant fa-
tigue, a history of tuberculosis, chronic inflammatory dis-
ease, uncorrected hypothyroidism, uncontrolled anemia, or
a systemic infection. The difference between the two cancer
protocols is the cancer type and scheduled cancer treatment.
Samples from only the baseline (pre-treatment) timepoint
were included in the current study to avoid treatment-related
metabolic changes.

2.2 | Instruments

Clinical data were obtained from chart review. Fatigue sever-
ity was measured using the 13-item Functional Assessment
of Chronic Illness Therapy — Fatigue (FACIT-F), a validated,
reliable, stand-alone measure of cancer-related fatigue (ad-
ditional details: www.facit.org).17 FACIT-F measures dem-
onstrated good internal consistency reliability (Cronbach's
a = 0.81) in our study cohort. Total FACIT-F scores typi-
cally range from 16 to 53; lower scores indicate higher fa-
tigue intensity. FACIT-F required subjects to recall their
fatigue experience in the past 7 days. A FACIT-F score of
43 best differentiates fatigue scores of cancer patients from
the general population.18 This method of fatigue classifica-
tion employs cross-sectional comparisons of the participant's
FACIT-F score with the mean score of the general popula-
tion in the US.'® Participants were considered “fatigued” at a
FACIT-F < 43, and “non-fatigued” at a FACIT-F > 43.


http://www.facit.org
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2.3 | Metabolomics

Baseline (prior to cancer treatment) timepoint plasma sam-
ples were used in metabolomics analyses. Briefly, blood
from each participant was drawn into an ethylenediaminetet-
raacetic acid (EDTA) tube (BD Biosciences), processed ac-
cording to manufacturer's instructions, and frozen at —80°C
until further analysis. Untargeted metabolomics analysis
was performed at Metabolon, Inc., as described previously. 19
Briefly, individual samples were subjected to methanol
extraction and divided into aliquots for analysis using ul-
trahigh performance liquid chromatography/mass spectrom-
etry (UHPLC/MS). Instrument variability was determined
by calculating the median relative standard deviation (RSD)
for the standards that were added to each sample prior to
injection into the mass spectrometers. Overall process vari-
ability was determined by calculating the median RSD for
all endogenous metabolites present in 100% of the pooled
matrix samples. All methods utilized a Waters ACQUITY
ultra-performance liquid chromatography (UPLC) and a
Thermo Scientific Q-Exactive high-resolution/accurate
mass spectrometer interfaced with a heated electrospray
ionization (HESI-II) source and Orbitrap mass analyzer
operated at 35,000 mass resolution. The global biochemi-
cal profiling analysis comprised of four unique arms con-
sisting of reverse phase chromatography positive ionization
methods optimized for hydrophilic compounds (LC/MS Pos
Polar) and hydrophobic compounds (LC/MS Pos Lipid), re-
verse phase chromatography with negative ionization con-
ditions (LC/MS Neg), as well as a hydrophilic interaction
liquid chromatography (HILIC) method coupled to negative
(LC/MS Polar). All of the methods alternated between full-
scan MS and data-dependent multi-stage mass spectrometry
(MSn) scans. The scan range varied slightly between meth-
ods but generally covered 70-1000 m/z.

Peaks were quantified using area under the curve. Data
normalization was performed to correct variation resulting
from instrument inter-day tuning differences. Metabolites
were identified by automated comparison of the ion features
in the experimental samples to a reference library of chemical
standard entries that included retention time/index (RI), mass
to charge ratio/molecular weight (m/z), preferred adducts, and
in-source fragments as well as associated MS spectra and cu-
rated by visual inspection for quality control. Identification of
known chemical entities was based on comparison to metab-
olomic library entries of purified standards.*’

2.4 | Statistical analysis

Metabolite concentrations were normalized to sample volume
utilized for extraction. Each metabolite was rescaled to set
the median equal to 1. Normalized metabolite concentrations
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were logarithm base 10 transformed. Log-transformed me-
tabolomic data were analyzed using univariate analysis of
variance (ANOVA) and t-tests (unpaired, unequal variance
assumed) to generate the volcano plots, and partial least
squares-discriminant analysis (PLS-DA) was used to deter-
mine the variance importance in projection (VIP). Multiple
comparisons were adjusted with the Benjamini-Hochberg
False Discovery Rate (FDR) method. Metabolites with VIP
scores determined by PLS-DA that were greater than 1.5 were
considered significant.21 Leave-One-Out Cross-Validation
(LOOCYV) and permutation tests were performed to test the
model with 0 and R’ being used to assess the robustness
of the model and the amount of variation represented by
the principal components and the permutation significance
threshold set at p < 0.05. Metabolites were considered sig-
nificant features for further analysis at VIP >1.5, llog2 fold
changel >1.5, and false discovery rate <10%.% Diagnostic
performance of selected classifiers was quantified using the
area under the receiver operating characteristics (AUROC)
curve analysis. Metabolite pathway analysis using Fisher's
exact test and the Kyoto Encyclopedia of Genes and Genomes
(KEGG) metabolomics reference library was performed in
MetaboAnalyst 4.0 as previously described.” Statistical
significance is defined as p < 0.05. Data analysis was per-
formed using a combination of JMP™ Statistical Discovery
Software 15 15.0.0 (SAS Institute) and MetaboAnalyst 4.0.%

3 | RESULTS

3.1 | Demographics

Participants were a total of 197 men with and without can-
cer (Table S1). Participants in the fatigued cancer (n = 49)
and non-fatigued cancer groups (n = 122) were older than
healthy controls (n = 26) (65.35 + 8.58 and 65.25 + 8.55 vs.
35.92 + 15.03 years) (Table S1). Since age did not correlate
with FACIT-F scores (r = —0.058, p = 0.421), the study did
not exclude healthy controls who were significantly younger
than the cancer group. Fatigued cancer patients had the high-
est body mass index (BMI) compared to non-fatigued can-
cer patients and healthy controls (Table S1; fatigued cancer:
30.37 + 5.34, non-fatigued cancer: 27.85 + 3.93, control:
26.81 + 3.65). Cancer participants reported fatigue, defined
as FACIT-F score <43, at a greater percentage (28.65%)
compared to healthy controls (11.11%). FACIT-F scores
of the fatigued cancer group were significantly lower than
the healthy control group (fatigued cancer: 35.57 + 5.76,
control: 46.27 + 8.45, p = 1.168 x 107°) indicating higher
fatigue severity; no difference was observed between non-
fatigued cancer and healthy control groups (non-fatigued
cancer: 48.24 + 3.02, control: 46.27 + 8.45, p = 0.252)
(Figure 1A).
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FIGURE 1 Metabolic profiles in fatigued and non-fatigued cancer and healthy controls. (A) Box plot showing FACIT-F scores of healthy
controls (46.27 + 8.45), non-fatigued cancer (48.24 + 3.02), and fatigued-cancer groups (35.57 + 5.76). Differences in FACIT-F scores were
significant between fatigued cancer versus controls (p = 1.168 X 107%) and fatigued cancer versus non-fatigued cancer (p = 2.929 x 10721, but not
between non-fatigued cancer versus controls (p = 0.252). (B) Pairwise partial least squares-discriminant analysis (PLS-DA) score plot of the top
five components demonstrating the separation of the groups. (C) PLS-DA two-dimensional plot ellipses representing 95% confidence intervals. (D)
Three-dimensional PLS-DA plot showing model discrimination of fatigued cancer, non-fatigued cancer, and healthy control groups

3.2 | Metabolic signatures associated with control see Table S2) were selected based on a log2 fold
cancer-related fatigue change cutoffat 1.5 and 10% false discovery rate (Figure 2A),

and a variable importance in projection (VIP) score of 1.5
Untargeted LC/MS yielded a total of 1120 compounds of  as determined by PLS-DA (Figure 2B—E). Despite the lack
known identity including 459 lipids, 267 xenobiotics, 221 of difference in FACIT-F scores, non-fatigued cancer par-
amino acids, 39 cofactors and vitamins, 39 peptides, 38 ticipants can be metabolically distinguished from healthy
nucleotides, 28 carbohydrates, and 11 energy metabolism- controls (Figure 3). Features of non-fatigued cancer pa-
related metabolites. A supervised method of PLS-DA dis- tients compared to healthy controls (metabolite list of non-
tinguished fatigued cancer and non-fatigued cancer groups fatigue cancer vs. control see Table S3) were considered
from the controls (Figure 1B-D). Significant metabolite significant based on a log2 fold change cutoff of 1.5 at 10%
features that distinguished participants with cancer-related false discovery rate (Figure 3A), and a PLS-DA VIP score
fatigue from controls (metabolite list of fatigue cancer vs. of >1.5 (Figure 3B-E).
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FIGURE 2 Metabolite profile of fatigued cancer patients compared to healthy controls. (A) Volcano plot of metabolites of fatigued cancer

compared to fatigued healthy controls. The y-axis represents p-value converted to negative log 10 scale and the x-axis represents log2 fold change.
Significant metabolites (fold change >1.5, FDR <0.1) were highlighted in red. (B) Pairwise PLS-DA score plot of the top five components
demonstrating good separation between fatigued cancer patients and healthy controls. (C) PLS-DA two-dimensional plot ellipses representing

95% confidence intervals. (D) Three-dimensional PLS-DA plot showing good model discrimination between fatigued cancer patients compared

to healthy controls. (E) Variable Importance in Projection (VIP) plot generated from the PLS-DA analysis showing the most discriminative

metabolites in descending order of importance

Receiver operator characteristic (AUROC) curve analy-
sis was performed to test the specificity and sensitivity of
the models (Figure 4). Metabolites that distinguished fa-
tigued cancer patients and controls (Figure 2; Table S2)
demonstrated an AUC of 0.992 [95% confidence interval

(CI) =0.969, 1] with 87.76% specificity and 100% sensitivity
(Figure 4A). ROC curve also showed good separation of non-
fatigued cancer patients and controls (Figure 3; Table S3) at
AUC 0.983 (95% CI = 0.95, 0.999) with 92.62% specificity
and 96.15% sensitivity (Figure 4B).
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FIGURE 3 Metabolite profile of non-fatigued cancer patients compared to healthy controls. (A) Volcano plot of metabolites of non-fatigued

cancer compared to non-fatigued healthy controls. The y-axis represents p-value converted to negative log 10 scale and the x-axis represents
log2 fold change. Significant metabolites (fold change >1.5, FDR <0.1) were highlighted in red. (B) Pairwise PLS-DA score plot of the top five
components demonstrating good separation between non-fatigued cancer patients and healthy controls. (C) PLS-DA two-dimensional plot ellipses

representing 95% confidence intervals. (D) Three-dimensional PLS-DA plot showing model discrimination between groups. (E) VIP plot generated

from the PLS-DA analysis showing the most discriminative metabolites in descending order of importance

3.3 |

related fatigue

Discriminant metabolites unique to each comparison (fa-
tigued cancer vs. control, non-fatigued cancer vs. control),
as well as those shared between the two comparisons,

Metabolic pathways related to cancer-

were used to identify overrepresented metabolic pathways
(Figure 5A). Pathway enrichment analysis was performed
using Fisher's exact test and the KEGG metabolic pathway

database. Statistically significant pathways overrepre-
sented by significant metabolites unique to fatigued cancer
versus control groups included sphingolipid metabolism
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FIGURE 4 AUROC curve analysis of PLS-DA model fit. (A) ROC curve showing the specificity and sensitivity of the PLS-DA model
(AUC =0.992, 95% CI [0.969, 1]) demonstrating excellent classification capability of the model to distinguish fatigued cancer from controls.
(B) ROC curve showing the specificity and sensitivity of the PLS-DA model (AUC = 0.983, 95% CI [0.95, 0.999]) demonstrating excellent
classification capability of the model to distinguish non-fatigued cancer from controls. Both PLS-DA models achieved excellent classification as

indicated by an AUC > 0.90

(p = 0.010), histidine metabolism (p = 0.029), and cysteine
and methionine metabolism (p = 0.046) with sphingolipid
metabolism at the highest pathway impact level and sta-
tistical significance (Figure 5B). Significant pathways
overrepresented by metabolites unique to non-fatigued
cancer versus control groups included inositol phosphate
metabolism (p = 0.027), primary bile acid biosynthesis
(p =0.038), ascorbate and aldarate metabolism (p = 0.035),
starch and sucrose metabolism (p = 0.042), and pentose
and glucuronate interconversions (p = 0.047) with inositol
phosphate metabolism at the highest pathway impact level
and statistical significance (Figure 5C). Metabolites that
the two aforementioned comparisons shared in common
were enriched in pathways including caffeine metabolism
(p = 2.100 x 107°), tyrosine metabolism (p = 0.002), ster-
oid hormone biosynthesis (p = 0.027), sulfur metabolism
(p = 0.038), and phenylalanine metabolism (p = 0.042)
with caffeine metabolism at the highest pathway impact
level and statistical significance (Figure 5D).

4 | DISCUSSION

In this study, we utilized the untargeted LC/MS metabolomics
approach to identify metabolites in plasma samples collected
from a total of 197 participants with or without cancer. We
chose the untargeted metabolomic profiling approach as it is
unbiased and allows for the discovery of novel targets associ-
ated with cancer-related fatigue. We found that metabolites
overrepresented in pathways, including sphingolipid me-
tabolism, histidine metabolism, and cysteine and methionine
metabolism, sufficiently distinguished patients with cancer-
related fatigue from healthy controls. Interestingly, even
though fatigue levels were similar between non-fatigued

cancer patients and healthy controls, the two groups were
metabolically distinct. By examining significant metabolites
that are (1) unique to fatigued cancer patients, (2) associ-
ated with, but not unique to, fatigued cancer individuals (i.e.,
overlap pathways), and (3) associated with cancer but not fa-
tigue, we provided a broad view of the metabolic phenotype
of cancer-related fatigue.

Sphingolipid metabolism, histidine metabolism, as well
as cysteine and methionine metabolism were found to be
specifically associated with fatigued, but not non-fatigued, in
cancer patients compared to healthy controls. Similar to re-
cent findings in other diseases with fatigue symptoms such as
myalgic encephalomyelitis/chronic fatigue syndrome (ME/
CFS) and Gulf War Illness,”***** sphingolipid metabolism
was the most significantly overrepresented metabolic path-
way associated with fatigue in cancer patients (Figure 5B).
Interestingly, we found elevated levels of the sphingomyeli-
nase product, ceramide, in addition to the ceramide metabo-
lite, sphingosine- 1-phosphate in cancer patients who reported
fatigue (Table S2). Excessive production of ceramide may
lead to increased membrane permeability, altered mitochon-
drial calcium homeostasis, reactive oxygen species (ROS)
generation, apoptosis, and enhanced inflammation.*”?® It is
possible that sphingolipid metabolism acts as an upstream
regulator of prolonged inflammatory cytokine production
that we previously found to be associated with cancer-related
fatigue.7'9 In addition to sphingolipid metabolism, albeit to
a lesser degree, histidine metabolism, and cysteine and me-
thionine metabolism were associated with fatigue in cancer
patients. Interestingly, altered plasma levels of amino acids
including histidine, cysteine, and methionine were observed
in patients with chronic fatigue syndrome, task-induced men-
tal fatigue in healthy volunteers, as well as fatigue induced
by forced swimming in rats.”’>' The change in plasma levels
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FIGURE 5 Metabolite pathway analysis using Fisher's exact test and the Kyoto Encyclopedia of Genes and Genomes (KEGG) metabolic
pathway database. (A) Venn diagram of significant pathways unique to non-fatigued (left), fatigued (right), and overlap between non-fatigued and

fatigued participants with cancer compared to controls. (B) Overrepresented pathways of metabolites that were only significantly different between

fatigued cancer versus healthy controls. The x-axis represents pathway impact, and the y-axis represents -log(p). (C) Overrepresented pathways of

metabolites that were only significantly different between non-fatigued cancer versus healthy controls. The x-axis represents pathway impact, and

the y-axis represents -log(p). (D) Overlap of overrepresented pathways between the two comparisons. The x-axis represents pathway impact, and

the y-axis represents -log(p). Gray scale gradient and circle size indicate the significance of the pathway ranked by p-value and pathway impact

score. Statistically significant pathways are annotated (p < 0.05)

of histidine, cysteine, and methionine metabolites may be re-
lated to processes such as consumption of precursor amino
acids and their conversion to antioxidants or neurotransmit-
ters.’! Future studies will utilize radiolabeled amino acids
and PET imaging to further investigate the role of amino acid
metabolism and cancer-related fatigue.

Pathways associated with, but not specific to, cancer-
related fatigue (overlap region of the Venn diagram in
Figure 5A) included caffeine metabolism, tyrosine metabo-
lism, steroid hormone biosynthesis, sulfur metabolism, and
phenylalanine metabolism. Although caffeine is commonly
known as the most popular central nervous system stimulant
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used to promote wakefulness,*> previous epidemiologic stud-
ies demonstrated an inverse association of coffee consump-
tion with the progression of several types of cancer as well
as all-cause and cause-specific mortality.*** It is conceiv-
able to postulate that caffeine metabolism is involved in both
cancer-related fatigue and cancer pathophysiology in general.
However, it is worth noting that the involvement of caffeine
metabolism may be difficult to interpret as data on caffeine
intake by the study participants were not available. Future
studies will investigate whether levels of caffeine metabo-
lites adjusted for coffee intake are associated with fatigue in
cancer patients. The other pathways associated with, but not
unique to, cancer-related fatigue (tyrosine metabolism, ste-
roid hormone biosynthesis, sulfur metabolism, and phenyl-
alanine metabolism) appear to be altered in several types of
cancers and are associated with tumorigenesis.”'39 It is not
clear what roles these metabolic pathways play in the patho-
genic process of cancer-related fatigue, though alterations in
tyrosine metabolism, steroid hormone biosynthesis, and phe-
nylalanine metabolism have been observed in chronic fatigue
syndrome.30’40 It is possible that pathways associated with,
but not unique to, cancer-related fatigue are involved in both
fatigue pathogenesis and tumorigenicity due to their involve-
ment in multiple processes.

Pathways related to only cancer, but not cancer-related
fatigue, included inositol phosphate metabolism, primary
bile acid synthesis, ascorbate and aldarate metabolism,
starch and sucrose metabolism, and pentose and glucu-
ronate interconversions. In particular, inositol phosphate
metabolism has been shown to regulate cancer motility,
invasiveness, metastasis, and cancer pathogenicity in a
variety of human cancers.*"**? For example, inositol poly-
phosphate phosphatase 1 was shown to be highly expressed
in aggressive human cancer cells and primary high-grade
human tumors.*' Interestingly, both bile acid metabolism
and ascorbate and aldarate metabolism are among the
metabolic pathways that exhibited highest expression het-
erogeneity in human cancer cell lines.** Pentose and glu-
curonate interconversion is a metabolic pathway altered
across all tumor types.44 Starch and sucrose metabolism
genes were shown to be highly upregulated in metastatic
cancer cell lines.*> The presence of these metabolic sig-
natures suggests that cancer patients can be metabolically
distinguished from healthy controls in the absence of any
difference in reported fatigue severity.

One potential caveat is that plasma samples used in this
study were collected from a mixed cancer population as our
goal was to explore the general metabolic profile associated
with the fatigue symptom in cancer patients. Future studies
will explore metabolomic profiles associated with cancer-
related fatigue in specific types of cancer. Furthermore, we
only include male participants as gender has been previously
shown to affect metabolites associated with fati gue.26 We are
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currently recruiting female participants in order to compare
metabolomic profiles of cancer-related fatigue between gen-
ders. Participants enrolled in the study as healthy volunteers
were younger than the cancer population. However, age did
not correlate with fatigue severity or BMI. Age was also not
significantly different between fatigued and non-fatigued can-
cer patients. Therefore, we did not exclude younger healthy
controls as age likely did not contribute significantly to me-
tabolomic profiles associated with fatigue. Future studies
will further examine metabolic profiles stratified by age with
a larger sample size. We chose not to stratify the healthy con-
trols based on their fatigue status because only three partic-
ipants in the control group were considered fatigued. Future
studies with a larger sample size will explore the mechanism
of fatigue in healthy individuals. Interestingly, BMI was
the highest in the fatigued cancer group compared to non-
fatigued cancer and healthy controls with no significant
difference in BMI between non-fatigued cancer and control
groups. It is possible that reduced physical activity as a result
of cancer-related fatigue may contribute to the higher BMI in
the fatigued cancer group. We are currently collecting actig-
raphy data in order to test the contribution of physical activity
in fatigue. Lastly, as a natural history study that recruits all
participants who met the inclusion criteria, the control group
was not matched to the cancer group and the sample sizes of
the groups were unequal. A retrospective power analysis was
performed on all metabolites comparing the cancer cohort
means against the control group mean via a Satterthwaite-
adjusted Student's two-sample 7-test to accommodate circum-
stances where the variability in the groups might warrant its
application (i.e., heteroscedasticity). The median power for
the 1120 metabolite comparisons was 75% when conducted
at the 0.05 level of statistical significance (two-sided test),
and 84% at a significance threshold of 0.10 (see Lehmann
2005, for a commentary on the choice of statistical signif-
icance level based on context), which is acceptable as the
nominal level of power used is 80% in many confirmatory
studies.*®

In conclusion, results from this global metabolomics
study using plasma samples collected from cancer patients
with or without fatigue compared to healthy controls re-
vealed significant metabolomic profile differences asso-
ciated with cancer-related fatigue. The predictive models
generated in the study predicted group classification at a
high degree of accuracy. Potentially impactful metabolic
pathways associated specifically with fatigued cancer pa-
tients include changes in metabolites associated with sphin-
golipid metabolism, histidine metabolism, and cysteine and
methionine metabolism.
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