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Abstract

Context: Children with cancer undergoing chemotherapy experience a cluster of psychoneurological symptoms (PNS),
including pain, fatigue, anxiety, and depressive symptoms. Metabolomics is promising to differentiate metabolic pathways
associated with the PNS cluster.

Objectives: Identify metabolic pathways associated with the PNS cluster in children with cancer before and after
chemotherapy.

Methods: Pain, fatigue, anxiety, and depressive symptoms were assessed using the Pediatric PROMIS scales. T-scores were
computed and divided dichotomously by a cutoff point of 50; the PNS cluster was a sum of the four symptoms ranging from 0 (all
T-scores <50) to 4 (all T-scores ≥50). Serum metabolites were processed using liquid chromatography mass-spectrometry
untargeted metabolomics approach. Linear regression models examined metabolites associated with the PNS cluster. Metabolic
pathway enrichment analysis was performed.

Results: Participant demographics (n = 40) were 55% female, 60% white, 62.5% aged 13–19 years, and 62.5% diagnoses of
Hodgkin’s lymphoma and B-cell acute lymphocytic leukemia. Among 9276 unique metabolic features, 454 were associated with
pain, 281 with fatigue, 596 with anxiety, 551 with depressive symptoms, and 300 with the PNS cluster across one chemotherapy
cycle. Fatty acids pathways were associated with pain: de novo fatty acid biosynthesis (p < .001), fatty acid metabolism (p = .001),
fatty acid activation (p = .004), and omega-3 fatty acid metabolism (p = .009). Tryptophan amino acid pathway was associated
with fatigue (p < .001), anxiety (p = .015), and the PNS cluster (p = .037). Carnitine shuttle was associated with the PNS cluster
(p = .015).

Conclusion: Fatty acids and amino acids pathways were associated with PNS in children undergoing chemotherapy. These
findings require further investigation in a larger sample.
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Approximately 16,000 children and adolescents are diagnosed
with cancer in the United States each year (Siegel et al., 2021).
Children with cancer undergoing chemotherapy report mul-
tiple psychoneurological symptoms (PNS), including pain,
fatigue, anxiety, and depressive symptoms (Hooke & Linder,
2019; Linder & Hooke, 2019; Rodgers et al., 2016). These
symptoms commonly co-occur as a cluster (hereafter named
“the PNS cluster”), potentially due to common etiologies and
biological mechanisms (Miaskowski et al., 2017). Recently,
two levels of the PNS cluster (mild symptoms vs. severe
symptoms) were identified in children throughout a cycle of
chemotherapy (Wang et al., 2018). Inadequate treatment and

management of PNS and the PNS cluster can potentially delay
cancer treatment, decrease tumor response, and interfere with
a child’s ability to engage in daily activities, all of which lead
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to lower quality of life among children with cancer (Kestler &
LoBiondo-Wood, 2012; Linder & Hooke, 2019).

Due to treatment advances in recent decades, the 5-year
survival rate has increased from 58% in the mid-1970s to 84%
across all cancer diagnoses in children (Siegel et al., 2021).
Sadly, the management of PNS across cancer treatment has not
kept pace with this advance in survival (Kwekkeboom, 2016;
Miaskowski et al., 2017). Literature has suggested common
biological pathways underlying the development and severity
of PNS in cancer, such as proinflammatory cytokines, me-
tabolites, and neurotransmitters (Kennedy et al., 2016; Kim
et al., 2012; Lyon et al., 2018). The underlying biological
mechanisms of PNS are still not well investigated in children
with cancer. With recent emphasis on precision medicine,
understanding the biological mechanisms of PNS and the PNS
cluster can advance the development of targeted therapies for
children who are more prone to the development of a severe
level of PNS.

Metabolomics is a systems biology approach that can be
used to explore genetic and environmental influences on
children’s health and disease (Baldassarre & Laforgia, 2020;
Moco et al., 2013). Metabolic profiles have been assisting
with characterizing markers of environmental exposures
(Athersuch & Keun, 2015) and understanding health care
outcomes from pre-term birth (Wilson et al., 2014) to
adulthood (James et al., 2004). A variety of factors, such as
age (Chiu et al., 2016; Yu et al., 2012), sex (Kochhar et al.,
2006), body mass index (Jourdan et al., 2012), and diet
(Holmes et al., 2008), play critical roles in determining the
metabolome, including the metabolome in children (Lau
et al., 2018). From a systems-level perspective, the metab-
olomics approach (e.g., targeted and untargeted metab-
olomics) has been used to identify biological mechanisms
underlying cancer occurrence, therapy responses, and
treatment-related toxicities (e.g., psychoneurological toxic-
ities) (Lyon et al., 2018; Schmidt et al., 2021). However, the
use of a metabolomics approach is still underexplored in
children with cancer (Spiga et al., 2013).

Metabolites play functional roles in communicating with
other host factors, such as the gut microbiome, to impact PNS,
namely, the microbiome-gut-brain axis (MGB). The MGB
proposes a bidirectional communication network between the
gut and the brain to determine the level of PNS (Mayer et al.,
2014; Song & Bai, 2020). Specifically, chemotherapy-induced
disruptions of the gut microbiome can potentially regulate
corresponding metabolic pathways in the MGB (Kennedy
et al., 2016), such as short-chain fatty acids (SCFAs; van
de Wouw et al., 2018), bile acids (Monteiro-Cardoso et al.,
2021), and tryptophan for kynurenine pathway metabolism
(Kennedy et al., 2016). These activated metabolic molecules
then carry related biological signals to specific brain regions
(e.g., amygdala; Cowan et al., 2017; Kennedy et al., 2016),
leading to behavioral and symptomatic changes.

Specifically, SCFAs, including butyrate, acetate, and
propionate, are main metabolites produced in the colon by

bacterial fermentation of dietary fibers and resistant starch
(Pascale et al., 2018). Alterations in SCFAs might underpin
disturbances in the central nervous system, ranging from
neurodevelopmental disorders (e.g., mood disorders) to
neurodegenerative diseases (e.g., Alzheimer’s Disease; Silva
et al., 2020). These fatty acids could influence PNS through
interactions with G protein-coupled receptors or histone
deacetylases, direct humoral effects, indirect hormonal and
immune pathways, and neural routes (Cryan et al., 2019;
Dalile et al., 2019). The regulation of tryptophan is another
major pathway of PNS, with dual emphasis on the regulation
of serotonin synthesis and the control of kynurenine pathway
metabolism (Agus et al., 2018; Kennedy et al., 2016; Strasser
et al., 2016). Tryptophan, an essential amino acid, must be
obtained from dietary or microbial sources (Kennedy et al.,
2015, 2016; Yanofsky, 2007). Tryptophan metabolism via
kynurenine pathway is associated with regulations of neu-
ronal function and intestinal homeostasis (Platten et al.,
2019); it can influence and modulate a variety of psychiatric
disorders (Berger et al., 2009), such as depression and cog-
nitive dysfunction (Jenkins et al., 2016; Muller & Homberg,
2015; O’Mahony et al., 2015). Among patients with cancer,
changes of metabolic profiles have been reported in moni-
toring responses towards chemotherapeutic agents (Amin
et al., 2019; Debik et al., 2019; Schmidt et al., 2021) and
understanding chemotherapy-related psychoneurological
toxicities (Li et al., 2020; Lyon et al., 2018). Current work
primarily focuses on adult cancers (e.g., breast and colorectal
cancers). Exploration of metabolite contribution to
chemotherapy-related psychoneurological toxicities in chil-
dren with cancer is critically needed with respect to the PNS
burden in pediatric oncology.

Metabolic pathways associated with PNS have been in-
vestigated in various adult cancers across cancer treatment
spectrum and even during survivorship. Untargeted metab-
olomics analysis showed that increased pain was associated
with decreased essential tryptophan and N-tryptophan, and
that increased fatigue was associated with decreases in ar-
achidonic acid, a vital fatty acid in metabolic signaling (Li
et al., 2020; Lyon et al., 2018); targeted metabolomics
analysis showed moderate-to-strong correlations between
changes in pain and tryptophan levels and kynurenine/
tryptophan ratio, as well as between changes in depressive
symptoms and serotonin among women with breast cancer pre-
and post-chemotherapy (Li et al., 2020; Lyon et al., 2018).
Furthermore, decreased tryptophan and increased kynurenine
and tryptophan/kynurenine ratio were correlated with increased
PNS among adult cancer survivors (Li et al., 2020). Metabolites
may provide precise targets to treat and manage PNS during
cancer treatment, which has not been examined among children
with cancer. The purposes of this studywere to: (1) compare PNS
and the PNS cluster pre-(T1) and post-(T2) one cycle of
chemotherapy and (2) identify metabolic pathways associated
with PNS and the PNS cluster among children with cancer
receiving chemotherapy.
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Materials and Methods

Study Design

This pilot sub-study was conducted in conjunction with a
larger parent study to extend validation for the Patient-
Reported Outcomes Measurement Information System
(PROMIS) Pediatric measures while also validating a new
measurement system the Pediatric Patient Reported Outcome-
Common Terminology Criteria for Adverse Events (Reeve
et al., 2020). As such, subjective treatment-related symptoms
data were collected from children and adolescents with cancer
at T1 and T2. IRB approval was obtained from Emory
University prior to participant enrollment and data collection.

Setting and Sample

Forty children with cancer were enrolled in this sub-study from
the AFLAC Cancer and Blood Disorder Center in Children’s
Healthcare of Atlanta (CHOA) in Atlanta, Georgia. Inclusion
criteria of these children were as follows: (1) 7–19 years old; (2)
diagnosed with cancer; (3) undergoing chemotherapy; (4) able
to read and write English for completion of self-report ques-
tionnaires; and (5) willing to provide consent/assent for study
participation. Exclusion criteria included any neurological
disorder or syndrome interfering with self-report.

Measures

Psychoneurological Symptoms. Computerized-adaptive testing
was utilized to collect symptom reports from children and
adolescents using the PROMIS measures developed by the
National Institutes of Health. Pediatric PROMIS measures
captured self-reports of fatigue, depressive symptoms, anxiety,
and pain interference within the past 7 days recall period
(Hinds et al., 2019). Higher scores on these measures indicate
higher symptom burden. Pediatric PROMIS measures gen-
erate a continuous T-score (mean of 50 and standard deviation
[SD] of 10) based on a reference sample (i.e., a diverse set of
healthy children and children with a variety of common
chronic illnesses; Irwin et al., 2010). Additional symptom
measures were collected as part of the larger parent study, but
not utilized in this sub-study.

Blood Draw. After obtaining consent/assent, and when other
clinical labs were drawn, an extra 10 cc of non-fasting blood
was collected at t two time points (T1 and T2) and placed in a
red top (anticoagulant-free) tube. Specimens were placed on
cold packs (∼35° environment) within 30 minutes of col-
lection and transported to the lab for processing. Most
specimens were processed and stored within 1 hour (but no
more than 4 hours) from collection. In the lab, samples were
centrifuged at 3000 rpm for 10 minutes in bench-top centri-
fuge at room temperature. Two hundred uL aliquots of serum
supernatant were pipetted into clean polypropylene tubes and

stored at �80°C. Sixty-five uL from one tube was assayed,
with the remaining aliquots stored as back-up in the event
quality control procedures indicated a need for repeated
analysis.

Demographic and Clinical Variables. Demographic (e.g., sex,
age, and race) and clinical variables (e.g., cancer diagnosis,
chemotherapy cycles, and use of steroids) were obtained from
the electronic medical record. In this study, children were
enrolled at different cycles of chemotherapy, and we did not
control the cycle of chemotherapy due to different types of
cancer diagnoses. All children were enrolled fairly early in
their treatment plan and at a time-point correlating with in-
tense therapy (i.e., around a cycle of delayed intensification for
children with acute lymphocytic leukemia). Use of steroids
was collected because of its prevalence as part of children’s
cancer treatment and its associations with significant com-
plications on host metabolism and neurobehavioral toxicities
(McNeer & Nachman, 2010; Mrakotsky et al., 2011).

Data Collection Procedure

All participants were recruited during their regularly sched-
uled clinical visits. Clinical collaborators identified eligible
patients prior to their visits. The research staff obtained
parents’ consent (or children’s consent if aged 18 years) in
addition to assent (for those <18 years). After obtaining
consent/assent, blood samples were collected at visits im-
mediately before and 7–17 days after a cycle of chemotherapy.
During the same clinical appointment as the blood draws,
participants completed the PROMIS measures on a computer
tablet. A study team member was allowed to read the ques-
tions, as needed, to younger children.

High-Resolution Mass Spectrometry and
Data Preprocessing

After thawing, serum samples stored at�80°C were processed
and analyzed based on a high-resolution, untargeted metab-
olomics platform described in previous literature (Chandler
et al., 2016; Hoffman et al., 2014; Neujahr et al., 2014).
Reference standardization was used according to concurrent
analysis of pooled reference samples at predefined intervals
and enables batch correction (Liu et al., 2020). For each batch
of 40 samples, reference standards were used at the beginning,
middle, and end. All the samples were randomized to mini-
mize batch effects and ComBat (Johnson et al., 2006) was
used to correct batch effects before further analysis.

Each sample was run with three technical replicates.
Among each sample, 10 μl aliquots were injected and ana-
lyzed by liquid chromatography with Fourier transform mass
spectrometry (Dionex Ultimate 3000, Q-Exactive HF, Thermo
Fisher) with HILIC chromatography/positive electrospray
ionization (ESI) mode and resolution of 120,000 (Soltow
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et al., 2013). We used the standard solution formulation
through Vendors of Cambridge and Sigma. A quality control
pooled reference plasma sample was included at the begin-
ning, middle, and end of each analytical batch of 40 samples
for normalization and post-hoc quantification (Go et al.,
2015). Peak extraction and ion intensity quantification were
performed by validated detection methods apLCMS (Yu et al.,
2013) and xMSanalyzer (Uppal et al., 2013). These two
methods were involved in noise filtering, feature identifica-
tion, retention time (RT) correction, mass-to-charge ratio (m/z)
feature alignment, and reanalysis to capture features missed
due to weak signal due to the signal to noise filter (Uppal et al.,
2013). The resulting data contained ions defined by m/z and
RT. Triplicate injections were averaged and filtered for met-
abolic features less than 80% non-missing values across all
samples and 80% non-missing values in at least one group
(e.g., the group with pain T-score ≥50), log2 transformed, and
quantile normalized. Samples were processed at the Clinical
Biomarkers Laboratory at Emory University.

Metabolic Pathway Analysis and Annotation

Metabolic pathway analysis was performed for significant
metabolic features (m/z) associated with PNS and the PNS
cluster using the default inputs ofMummichog version 2.1.1 (Li
et al., 2013). This metabolic pathway analysis provides a 2-step
approach to protect against type I and type II errors in me-
tabolomics analysis (Uppal et al., 2016). Mummichog can
identify both metabolic features in conventional pathways or
single-metabolite analyses and significant metabolic patterns
associated with clustered metabolic reactions. In this study, we
examined distinct metabolic profiles or networks associated
with PNS and the PNS cluster using a raw p value of .05.
Particularly, metabolic pathway enrichment analyses were
conducted using significant metabolites from univariate anal-
ysis and then again with metabolites that were significant after
adjustment for demographic (e.g., sex, age, and race) and
clinical (e.g., steroid use) variables. Only metabolic pathways
with a minimum overlap size of 3 (number of metabolites with
significant discrimination between study groups within a par-
ticular metabolic pathway)were contained for analyses. Plots of
intensities for selected metabolites in significant pathways were
provided to compare groups of PNS and the PNS cluster.

Metabolites were annotated by matching the accurate mass
m/z for adducts commonly formed under positive ESI con-
ditions the METLIN (Guijas et al., 2018) and Kyoto Ency-
clopedia of Genes and Genomes (KEGG) databases (Kanehisa
et al., 2015) based on a mass error threshold of 10 ppm
(relative m/z error × 106). This study reported the high
confidence matches metabolites after metabolic annotations.

Statistical Analysis

Descriptive statistics, including mean (SD), median (range),
and frequency (%), were performed for demographic, clinical,

and PNS variables. The Pediatric PROMIS measures data
were computed to calculate T-score metric with mean of 50
(SD = 10). As these symptoms often occur together, a cluster
variable was also created by summing the number of severe
symptoms: “yes” for reporting T-score ≥50 for any one
symptom, otherwise, “no.” The cluster of PNS ranged from 0
(none of the PNS with a T-score ≥50) to 4 (all 4 PNS with a T-
score ≥50). This method was used to characterize the
symptoms cluster (Bai et al., 2020) due to our small sample
size. Paired samples T-test was used to compare PNS between
T1 and T2. Mann–Whitney U-test was used to compare PNS
according to age (7–12 years vs. 13–19 years), sex (male vs.
female), race (White vs. Black), and steroid use (yes vs. no).
Pearson’s correlation (r) was conducted for the relationships
among PNS at T1 and T2, as well as between T1 and T2.
These analyses were conducted by SPSS version 23 (IBM
Corp, Armonk, N.Y., USA).

After the relative intensities of the metabolites were log2
transformed and quantile normalized, we used multivariable
linear regression to assess metabolites associated with the four
individual PNS, and the 0–4 score of the PNS cluster variable
using xmsPANDA, with a p value <.05. Age, sex, race, and
steroid use were controlled in linear regression models for
both timepoints (T1 and T2). The Benjamini–Hochberg FDR
method (Hochberg & Benjamini, 1990) was used for multiple-
hypothesis correction to identify individual metabolites based
on a q value of .20. As reported in previous literature (Carlson
et al., 2020), the FDR correction protects against type I error
but it may exclude true positive metabolites (type II error).
Thus, metabolic pathways associated with PNS and the PNS
cluster were determined with a raw p value of .05 (Chandler
et al., 2016). These analyses were implemented by R 4.1.0.

Results

Characteristics of Participants

Participant (n = 40) demographics included the following:
female (n = 22, 55%) and male (n = 18, 45%); 15 (37.5%)
children aged 7–12 years and 25 (62.5%) adolescents aged
13–19 years; 24 (60%) White, 14 (35%) Black, and 2 (5%)
others. Types of cancer diagnoses included the following:
Hodgkin’s lymphoma (n = 13, 32.5%), B-cell acute lym-
phocytic leukemia (n = 12, 30%), T-cell lymphoblastic
lymphoma (n = 5, 12.5%), osteosarcoma (n = 4, 10%), and
others (n = 6, 15%). Fifteen (37.5%) children received steroids
during treatment.

Psychoneurological Symptoms

Table 1 presents PNS and the comparisons of PNS between T1
and T2. Mean T-scores across the 4 PNS ranged from 41.8 (SD
= 9.2) to 46.0 (SD = 2.0) at T1 and from 41.5 (SD = 9.0) to
43.9 (SD = 10.5) at T2. These mean PNS scores were below
the average score (T-score = 50) for the PROMIS measures’
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reference population. From the highest to lowest average T
scores (T1 and T2), children experienced depressive symp-
toms, fatigue, anxiety, and pain. Paired-samples T test showed
no significant differences for any of the PNS between T1 and
T2 (all p > .05). At T1 (before a cycle of chemotherapy),
children reported the PNS cluster with greater frequency than
at T2 (p < .0001). Mann–Whitney U test showed that children
aged 7–12 years reported lower fatigue than those aged 13–19
years in T1 (p = .032) and T2 (p = .028); children receiving
steroids had more pain than those not receiving steroids (p =
027) at T2. Gender and race were not associated with the PNS
scores. Age, gender, race, and steroid use were not associated
with the PNS cluster (all p > .05).

Table 2 presents the correlations of PNS with each other
and between T1 and T2. All the 4 PNS were positively and
significantly correlated with each other at T1 (r ranged from
0.36 to 0.88, all p < .05), T2 (r ranged from 0.35 to 0.77, all p

< .05), as well as between T1 and T2 (r ranged from 0.35 to
0.75, all p < .05) except that depressive symptoms at T1
showed a marginal correlation with pain at T2 (r = 0.30, p =
.06).

Table 1. Comparisons of Psychoneurological Symptoms Pre-(T1) and Post-(T2) Chemotherapy Cycle.

Variable T1 (n = 40) T2 (n = 39)d p-value

Pain (mean [SD]) 41.8 (9.2) 41.5 (9.0) .80a

Fatigue (mean [SD]) 44.9 (13.8) 43.7 (14.3) .53a

Anxiety (mean [SD]) 43.9 (11.0) 42.4 (11.8) .26a

Depressive symptoms (mean [SD]) 46.0 (12.0) 43.9 (10.5) .11a

Pain group (T score ≥50 vs.<50), n (%) 6 (15) versus 34 (85) 8 (20.5) versus 31 (79.5) .63b

Fatigue group (T score ≥50 vs.<50), n (%) 14 (35) versus 26 (65) 15 (38.5) versus 24 (61.5) .99b

Anxiety group (T score ≥50 vs. <50), n (%) 11 (27.5) versus 29 (72.5) 8 (20.5) versus 31 (79.5) .45b

Depressive symptoms group (T score ≥50 vs. <50), n (%) 13 (32.5) versus 27 (67.5) 12 (30.8) versus 27 (69.2) .99b

PNS cluster across groups, n (%) <0.0001c

0 23 (29.1) 18 (46.2)
1 2 (2.5) 9 (23.1)
2 8 (10.1) 5 (12.8)
3 4 (5.1) 4 (10.3)
4 3 (3.8) 3 (7.7)

Note. T1, pre-chemotherapy; T2, post-chemotherapy. PNS, psychoneurological symptoms; SD, standard deviation.
aPaired t-test.
bMcNemar test.
cChi-Square test.
d One patient with missing data of PNS post-chemotherapy, thus, our analyses were conducted for 39 patients.

Table 2. Correlations between Psychoneurological Symptoms Pre-(T1) and Post-(T2) Chemotherapy Cycle.

Variable PainT1 FatigueT1 AnxietyT1 Depressive symptomsT1 PainT2 FatigueT2 AnxietyT2 Depressive symptomsT2

PainT1 1.0
FatigueT1 .54*** 1.0
AnxietyT1 .42** .58*** 1.0
Depressive symptomsT1 .36* .69*** .88*** 1.0
PainT2 .65* .62*** .41** .30 1.0
FatigueT2 .35* .68*** .48** .51*** .63*** 1.0
AnxietyT2 .42** .53*** .75*** .62*** .48** .68*** 1.0
Depressive symptomsT2 .37* .64*** .70*** .75*** .35* .67*** .77*** 1.0

Note. T1, pre-chemotherapy; T2, post-chemotherapy.
*p < .05, ** p < .01, *** p < .001.

Table 3. Number of Metabolic Features Associated with PNS and
the PNS Cluster Pre-(T1), Post-(T2) Chemotherapy Cycle, and from
T1 to T2.

Variable T1 T2 T1 to T2

Pain 330 409 454
Fatigue 410 353 281
Anxiety 575 641 596
Depressive symptoms 916 673 551
PNS cluster 473 436 300

Note. T1, pre-chemotherapy; T2, post-chemotherapy; PNS, psychoneuro-
logical symptoms.
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Metabolic Pathways of PNS and the PNS Cluster

A total of 9276 unique metabolomic features were identified
after filtering, including 127 laboratory confirmed metabolites,
801 metabolic features with high confidence annotations,
1581 medium confidence annotations, 3099 low confidence
annotations, and 3668 unknown metabolic features. Table 3
shows the number of significant metabolic features associated
with PNS and the PNS cluster at T1, T2, and from T1 to T2.
Anxiety (n = 596) and depressive symptoms (n = 551) showed
the largest number of associated metabolic features compared
with pain (n = 454) and fatigue (n = 281). These identified
metabolites in Table 3 were used for pathway enrichment
analysis.

Supplemetal Tables S1 and S2 (shown in the supple-
mentary material) demonstrate the metabolic pathways as-
sociated with PNS and the PNS cluster at T1 and T2,
respectively. Metabolomic pathway enrichment analysis using
Mummichog showed that fatty acid metabolic pathways were
associated with pain, including de novo fatty acid biosynthesis
(p = .013), fatty acid metabolism (p = .005), and fatty acid
activation (p = .005), and depressive symptoms, such as
octadecatrienoate beta-oxidation (p = .015) at T1. At T1,
amino acid metabolic pathways, particularly tryptophan, were
associated with multiple symptoms: tryptophan with anxiety
(p = .034), depressive symptoms (p = .044), and the PNS
cluster (p = .002). Figure 1A describes metabolic pathways
significantly differentiating different levels of the PNS cluster
at T1.

Among children post-chemotherapy, Supplemental Table
S2 shows that vitamin pathways and fatty acid metabolism
were primarily associated with multiple symptoms: vitamin
B3 was associated with pain (p = .049), anxiety (p = .038), and
depressive symptoms (p = .033); vitamin B6 was associated
with fatigue (p = .005). Tryptophan was associated with fa-
tigue (p = .012) and anxiety (p = .013). The PNS cluster was
associated with fatty acid metabolism (p = .014), fatty acid
activation (p = .006), glycosphingolipid metabolism (p =
.044), 3-oxo-10R-octadecatrienoate beta-oxidation (p = .016),

and tryptophan (p = .033). Figure 1B describes metabolic
pathways significantly differentiating different levels of the
PNS cluster at T2.

Repeated measures linear regression was used to analyze the
longitudinal associations between metabolic pathways and
individual PNS or the PNS cluster by considering both
between-subjects and within-subjects effects. Table 4 shows the
metabolic enrichment pathways and examples of significant
metabolites identified in each pathway associated with PNS
and the PNS cluster based on our data from T1 to T2. We
found that fatty acid pathways were associated with pain: de
novo fatty acid biosynthesis (p < .001), fatty acid metabolism
(p = .001), and fatty acid activation (p = .004), omega-3 fatty
acid metabolism (p = .009), as well as bile acid biosynthesis (p
= .005). Tryptophan pathway was associated with fatigue (p =
.004) and anxiety (p = .015). The PNS cluster was associated
with carnitine shuttle (p = .015) and tryptophan (p = .037).
Figure 1C describes metabolic pathways significantly dif-
ferentiating different levels of the PNS cluster from T1 to T2.

Discussion

As the first of its kind, this study examined the associations of
metabolic pathways andmetabolites with individual PNS and the
PNS cluster among children with cancer receiving chemother-
apy. The PNS showed positive correlations among each other,
while no significant changes in mean symptom scores were
found between pre- and post-chemotherapy throughout one cycle
of chemotherapy. We found that fatty acid, bile acid, and
tryptophan pathways were primarily associated with PNS in
children with cancer receiving chemotherapy.

Children with cancer experience a cluster of co-occurring
PNS during chemotherapy (Rodgers et al., 2016; Wang et al.,
2018). Multiple data-driven methods have been widely used to
identify the symptom clusters among children with cancer,
such as principal component analysis, exploratory factor
analysis, and hierarchical agglomerative cluster analysis
(Linder & Hooke, 2019). Due to the exploratory nature of this
study, the PNS cluster was a sum of the four symptoms

Figure 1. Metabolic Pathways Associated with psychoneurological symptoms (PNS). (a) Pre-chemotherapy; (b) Post-chemotherapy; and (c)
from pre-chemotherapy to post-chemotherpay. Dotted lines indicate p < .05
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Table 4. Metabolites Associated with Psychoneurological Symptoms from Pre-(T1) and Post-(T2) Chemotherapy Cycle.

Variable Metabolic pathways
Overlap
size

Pathway
size p-value Metabolites

Pain de novo fatty acid
biosynthesis

8 35 <.001 Hexadecanoate (n-C16:0); Linoelaidic acid (all trans C18:2);
Octadecadienoate (n-C18:2); (9Z,12Z,15Z)-
Octadecatrienoic acid; alpha-Linolenic acid; 9,12,15-
Octadecatrienoic acid; Linolenate; (6Z,9Z,12Z)-
Octadecatrienoic acid; 6,9,12-Octadecatrienoic acid;
Gamolenic acid

Fatty Acid metabolism 7 29 .001 Linoelaidic acid (all trans C18:2); Octadecadienoate (n-C18:
2); Hexadecanoate (n-C16:0); linoleic acid (all cis C18:2)
n-6; Dodecanoate (n-C12:0)

Linoleate metabolism 9 48 .002 (9Z,12Z,15Z)-Octadecatrienoic acid; alpha-Linolenic acid;
9,12,15-Octadecatrienoic acid; Linolenate; alpha-
Linolenate; (6Z,9Z,12Z)-Octadecatrienoic acid; 6,9,12-
Octadecatrienoic acid; gamma-Linolenic acid; Gamolenic
acid

Fatty acid activation 9 53 .004 linoelaidic acid (all trans C18:2); Octadecadienoate (n-C18:
2); Hexadecanoate (n-C16:0); Butanoic acid; Linoleic acid
(all cis C18:2) n-6

Bile acid biosythesis 5 21 .005 3alpha,7alpha-Dihydroxy-5beta-cholestane; 5beta-
Cholestane-3alpha,7alpha-diol; 3alpha,7alpha,12alpha-
trihydroxy-5beta-cholestan-27-al; 27-
Hydroxycholesterol; 7alpha-Hydroxy-5beta-cholestan-3-
one; 27-Hydroxycholesterol; 20alpha-
Hydroxycholesterol

Omega-3 fatty acid
metabolism

4 16 .009 (9Z,12Z,15Z)-Octadecatrienoic acid; alpha-Linolenic acid;
9,12,15-Octadecatrienoic acid; Linolenate; alpha-
Linolenate; (6Z,9Z,12Z)-Octadecatrienoic acid; 6,9,12-
Octadecatrienoic acid; gamma-Linolenic acid; Gamolenic
acid

Glycerophospholipid
metabolism

9 61 .009 9,12,15-Octadecatrienoic acid; Linolenate; alpha-Linolenate;
(6Z,9Z,12Z)-Octadecatrienoic acid; 6,9,12-
Octadecatrienoic acid; gamma-Linolenic acid; Gamolenic
acid; Lysophosphatidylcholine; 1-Alkyl-2-lyso-sn-glycero-
3-phosphocholine

Fatigue Tryptophan metabolism 7 74 .004 Indole-3-acetaldehyde; N-Methyltryptamine; N-
Methylindoleethylamine; 1-methyl-2-(3-indolyl)
ethylamine; 6-Hydroxymelatonin; L-Kynurenine; Formyl-
5-hydroxykynurenamine

Drug metabolism -
cytochrome P450

3 24 .018 5-Phenyl-1,3-oxazinane-2,4-dione; 5-Hydroxyindoleacetate;
Monoethylglycinexylidide; 3-Carbamoyl-2-
phenylpropionic acid

Anxiety Glycerophospholipid
metabolism

9 61 .011 Tetrahydropteridine; 5,6,7,8-Tetrahydropteridine; Glycerol
3-phosphate; Platelet-activating factor; sn-Glycero-3-
phosphoethanolamine

Tryptophan metabolism 10 74 .015 Indolepyruvate; Indolepyruvic acid; (Indol-3-yl)pyruvate;
Indole-3-pyruvate; 3-(Indol-3-yl)pyruvate; Indole-3-
acetaldehyde; L-Kynurenine Formyl-5-
hydroxykynurenamine

Phosphatidylinositol
phosphate metabolism

4 18 .015 D-myo-Inositol 1,2-cyclic phosphate; 1D-myo-Inositol 1,2-
cyclic phosphate; N-Acetyl-D-mannosamine; 2-
Acetamido-2-deoxy-D-mannose N-Acetylgalactosamine;
N-Acetylchondrosamine; 2-Acetamido-2-
deoxygalactose; GalNAc N-Acetyl-D-glucosamine N-
Acetyl-D-galactosamine

Sialic acid metabolism 3 15 .042 N-Acetyl-D-mannosamine; 2-Acetamido-2-deoxy-D-
mannose N-Acetylgalactosamine; N-
Acetylchondrosamine; 2-Acetamido-2-deoxygalactose;
GalNAc N-Acetyl-D-glucosamine N-Acetyl-D-
galactosamine

(continued)
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ranging from 0 to 4. Although different clusters of symptoms
were identified in children with cancer, the PNS cluster is
widely reported in this population (Rodgers et al., 2016;
Wang et al., 2018). Consistent with previous studies
(Collins et al., 2000; Hooke & Linder, 2019), our results
demonstrated that these symptoms showed significant
correlations with each other at two timepoints during a
single cycle of chemotherapy, providing further validation
that these four symptoms co-occur. This cluster of PNS
reflects the prevalence, severity, and disturbance of the
symptom experiences in children with cancer across one
cycle of chemotherapy.

Previous work suggests significant changes of PNS across
treatment trajectories (Collins et al., 2000; Hooke & Linder,
2019). Hockenberry et al. examined fatigue in children aged
3–15 years undergoing acute lymphoblastic leukemia and
found a decrease of fatigue over the course of treatment
(Hockenberry et al., 2014). Prevalence of pain (Dupuis et al.,
2016; Hockenberry et al., 2014), anxiety (Dupuis et al., 2016),
depressive symptoms (Baggott et al., 2010; Hockenberry
et al., 2014) was reported to improve over cancer treat-
ments. No significant difference of the PNS was found be-
tween two study timepoints (pre- vs. post-chemotherapy) in
this study. This may be due to the short period of time between
immediately before and 7–17 days after a cycle of chemo-
therapy, and the heterogeneities of cancer types. The PNS
cluster varied in composition across cancer treatments (Linder
& Hooke, 2019). In this study, children immediately prior to
receiving a cycle of chemotherapy showed a higher prevalence
of 2 PNS as a cluster while children post-chemotherapy in-
dicated a higher prevalence of single PNS symptom. All
children were recruited across one cycle of chemotherapy and
their previous experience of chemotherapy may enhance their
report of PNS at the beginning of one cycle of chemotherapy.

On the other hand, the recovery from cancer treatment-related
procedures and acute chemotherapy toxicities, and discharge
from the hospital after the completion of chemotherapy may
lead to report lower PNS.

Symptoms within the PNS cluster may share a common
etiology. Literature has summarized that molecular indicators,
such as release of proinflammatory cytokines (e.g., interleukin
[IL]-1, IL-6, and tumor necrosis factor-alpha [TNF-α]) (Ji
et al., 2017; Oliveira Miranda et al., 2014), hypothalamic-
pituitary-adrenal (HPA) axis, and monoamine neurotrans-
mission system (e.g., serotonin), may be associated with the
development of PNS (Kim et al., 2012). Specifically, the
signals of proinflammatory cytokines in response to tumor
tissue cells and chemotherapy-related damaged cells can be
transmitted to specific brain regions (Quan & Banks, 2007),
and then lead to PNS for children with cancer. In addition,
chemotherapy can result in dysregulations of the HPA axis, an
essential pattern to maintain homeostasis. An altered HPA axis
may cause some homeostatic imbalances associated with
various acute and chronic symptoms (Kim et al., 2012; Oh
et al., 2019). Importantly, the proinflammatory cytokines and
the HPA axis seem to interact with neurotransmitters to adjust
central nervous system pathologies contributing to the de-
velopment and severity of PNS.

The metabolomics approach is promising to elucidate bi-
ological mechanisms associated with the development and
severity of PNS. Recently, the role of metabolites in PNS has
been explored in patients with cancer (Li et al., 2020; Lyon
et al., 2018). Our study found that metabolic pathways of fatty
acids, bile acids, and amino acids were associated with the
PNS in children with chemotherapy. These results were
consistent with previous work from adult cancers (Li et al.,
2020; Lyon et al., 2018). Specifically, moderate-to-strong
correlations were found between changes in pain and

Table 4. (continued)

Variable Metabolic pathways
Overlap
size

Pathway
size p-value Metabolites

Depressive
symptoms

Limonene and pinene
degradation

3 12 .013 (+)-trans-Carveol; (4S,6 R)-trans-Carveol; Perillyl alcohol;
(�)-Perillyl alcohol; p-Mentha-1,8-dien-7-ol;
(�)-Perillylalcohol; (�)-trans-Carveol; Perillyl aldehyde;
Perillaldehyde

Phosphatidylinositol
phosphate metabolism

3 18 .038 1D-myo-Inositol 1,4,5,6-tetrakisphosphate; 1D-myo-
Inositol 1,3,4,5,6-pentakisphosphate; Diacylglycerol;
Diglyceride

Ordinal PNS
cluster

Carnitine shuttle 4 31 .015 Stearoylcarnitine; dihomo-gamma-linolenyl carnitine;
Linoleyl carnitine; Vaccenyl carnitine; Elaidic carnitine;
Octadecenoyl carnitine

Tryptophan metabolism 6 74 .037 Indole-3-acetaldehyde; Nicotinate; L-Kynurenine; Formyl-5-
hydroxykynurenamine; N-Methyltryptamine; N-
Methylindoleethylamine; 1-methyl-2-(3-indolyl)
ethylamine

Note. T1, pre-chemotherapy; T2, post-chemotherapy.
Overlap size means significant metabolite hits associated with the outcomes; metabolic pathways with an overlap size <3 were removed from our findings.
Pathway size means total number of KEGGmetabolites in the pathways. Metabolites represent some examples of identified metabolites that are associated with
PNS and the PNS cluster.

288 Biological Research For Nursing 24(3)



tryptophan concentration and kynurenine/tryptophan ratio, as
well as between changes in depression and serotonin level in
women with breast cancer (Lyon et al., 2018). Additionally,
increases in pain from pre-to post-chemotherapy were asso-
ciated with increased concentrations of betaine (an n-
trimethylated amino acid); decreases of multiple bile-related
compounds were significantly associated with increases in
fatigue and fatty acids (e.g., arachidonic acid, n-malate, cit-
ramalate, and n-citramalate) were associated with fatigue
post-chemotherapy; and nicotinamide (a water-soluble form of
vitamin B3) was associated with depression in this population
(Lyon et al., 2018).We found that fatty acidmetabolic pathways
(e.g., de novo fatty acid biosynthesis, fatty acid metabolism,
omega-3 fatty acid metabolism, and fatty acid activation) and
bile acid biosynthesis were associated with pain; and trypto-
phan metabolism was associated with fatigue, anxiety, and the
PNS cluster across one cycle of chemotherapy.

Fatty acids pathways are crucial molecules that determine
human brain’s integrity and ability to perform (Chang et al.,
2009). Some essential fatty acids, particularly the omega-3
fatty acids, are found to decrease the symptoms of fatigue and
pain in patients during chemotherapy, possibly due to weight
maintenance and reduced inflammatory status (Freitas &
Campos, 2019). Bile acids facilitate excretion, absorption,
and transportation of fat and sterols in the liver and intestines
and play a role in cholesterol homeostasis and microbiome
signaling (Kelly et al., 2015). Similar findings of decreased
bile acid synthesis were reported in patients with chronic
fatigue syndrome (Naviaux et al., 2016).

Tryptophan, an essential amino acid, is required for struc-
tural and functional processes of protein biosynthesis and
immunoregulation (Ball et al., 2014). The depletion of tryp-
tophan and formation of kynurenine pathway metabolites
modulates the activity of the mammalian immune, reproduc-
tive, and central nervous systems. A reduced tryptophan and
increased kynurenine/tryptophan ratio were associated with an
increased burden of pain, fatigue, anxiety, depression (Capuron
et al., 2002; Lanser et al., 2020), as well as a lower quality of life
(Huang et al., 2002; Schroecksnadel et al., 2007). Consistent
with our findings in children with cancer, these findings re-
vealed significant relationship of altered tryptophan and
symptom burden from PNS during chemotherapy.

Moreover, cancer and its treatment (e.g., chemotherapy)
can disturb the gut microbiome profiles, which regulate
specific metabolic pathways and metabolites (e.g., SCFAs)
associated with PNS based on the MGB (Cryan et al., 2019;
Kennedy et al., 2016; Song & Bai, 2020). Until now, specific
gut microbes and microbial associated metabolic signatures
have been identified to contribute to PNS in patients with
head and neck, breast, and colorectal cancers (Bai et al.,
2020; González-Mercado et al., 2021; Lyon et al., 2018). For
example, patients with a high level of PNS cluster were more
likely to have higher abundances in phylum Bacteroidetes
and genera Ruminiclostridium\, Tyzzerella, Eubacter-
ium_fissicatena, and DTU089, while those with the low PNS

cluster had higher abundances in genera Lactococcus,
Phascolarctobacterium, andDesulfovibrio. This dysbiosis of
the gut microbiome may regulate the PNS cluster through
lipid metabolism and nervous system (Bai et al., 2020). More
work is needed to confirm our findings in patients with
cancer, including children. Further understanding the role of
metabolites and associated molecular indicators in PNS can
help develop precise interventions to relieve children’s
suffering from PNS.

Several limitations must be noted in this study. Most im-
portantly, is the pilot nature of the study. As a sub-study, the
heterogeneities of cancer types and limitations to address
potential confounders (e.g., chemotherapeutic agents) may
limit the generalization of the findings. Due to the small
sample size, the PNS cluster was categorized based on the
cutoff point of T-scores rather than using widely reported
modeling techniques (Kim et al., 2013). Second, this study
used the untargeted metabolomics approach, providing a
broader range of metabolites associated with PNS and the PNS
cluster. Although the untargeted metabolomics approach is a
more comprehensive method to study the metabolome, future
work should confirm our findings in a large sample and further
understand these associations using the targeted metabolomics
approach via focusing on the most salient pathways. Third, the
metabolomics data cannot be collected during fasting due to
the special needs of children with cancer. Last, this study only
focused on one snapshot of a specific cycle of chemotherapy
(before and 7–17 days after a chemotherapy cycle) in a group
of children with several types of cancer. Future work should
examine the impacts of specific chemotherapy agents and
multiple cycles of chemotherapy on the metabolome profiles
in children with cancer.

In conclusion, fatty acid, bile acid, and amino acid met-
abolic pathways seemed to contribute to individual PNS and
the PNS cluster in children undergoing chemotherapy. These
findings require further investigation in a large sample size
over longitudinal cycle of chemotherapy.
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