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Abstract

Background

Radiation-induced liver disease (RILD) is a dose-limiting factor in curative radiation therapy

(RT) for liver cancers, making early detection of radiation-associated liver injury absolutely

essential for medical intervention. A metabolomic approach was used to determine meta-

bolic signatures that could serve as biomarkers for early detection of RILD in mice.

Methods

Anesthetized C57BL/6 mice received 0, 10 or 50 GyWhole Liver Irradiation (WLI) and

were contrasted to mice, which received 10 Gy whole body irradiation (WBI). Liver and

plasma samples were collected at 24 hours after irradiation. The samples were processed

using Gas Chromatography/Mass Spectrometry and Liquid Chromatography/Mass

Spectrometry.

Results

Twenty four hours after WLI, 407 metabolites were detected in liver samples while 347 me-

tabolites were detected in plasma. Plasma metabolites associated with 50 GyWLI included

several amino acids, purine and pyrimidine metabolites, microbial metabolites, and most

prominently bradykinin and 3-indoxyl-sulfate. Liver metabolites associated with 50 GyWLI

included pentose phosphate, purine, and pyrimidine metabolites in liver. Plasma biomark-

ers in common between WLI and WBI were enriched in microbial metabolites such as 3 in-

doxyl sulfate, indole-3-lactic acid, phenyllactic acid, pipecolic acid, hippuric acid, and

markers of DNA damage such as 2-deoxyuridine. Metabolites associated with tryptophan

and indoles may reflect radiation-induced gut microbiome effects. Predominant liver bio-

markers in common between WBI and WLI were amino acids, sugars, TCAmetabolites (fu-

marate), fatty acids (lineolate, n-hexadecanoic acid) and DNA damage markers (uridine).
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Conclusions

We identified a set of metabolomic markers that may prove useful as plasma biomarkers of

RILD andWBI. Pathway analysis also suggested that the unique metabolic changes ob-

served after liver irradiation was an integrative response of the intestine, liver and kidney.

Introduction
Radiation-induced liver disease (RILD) was initially described several decades ago as a poten-
tially lethal delayed effect of conventionally fractionated whole liver radiation therapy (RT)
with histopathological features of hepatic central veno-occlusive disease [1, 2]. RT, alone or in
combination with chemotherapy, can cure many types of solid tumors such as prostate, head
and neck, cervix, and anal cancers. However, poor radiotolerance of liver prohibits RT and che-
motherapy from playing a curative role in the treatment of liver cancers. Classic RILD typically
manifests in patients with non-cirrhotic liver, 2 to 4 months after completion of whole liver
RT, with symptoms of fatigue, increase of abdominal girth, occasional ascites and an increase
in alkaline phosphatase without any other abnormalities in liver function tests, including jaun-
dice or increase in serum ammonia levels [3, 4]. The pathophysiology of classic RILD is attrib-
uted to radiation-induced injury to the liver sinusoidal endothelial cells, which ultimately
induces a sinusoidal obstruction syndrome (SOS) and occlusion of the hepatic central veins. In
patients with cirrhotic liver, RT causes a more acute syndrome with an increase in serum trans-
aminases indicating hepatocellular injury, possibly in regenerating nodules. In recent years,
with the advent of improved three-dimensional RT treatment planning [5] and image guid-
ance, several investigators have demonstrated that large doses of RT in conventional or hypo-
fractionated regimens can be delivered to partial volumes of liver without causing lethal RILD
[6–11]. While these studies have raised hope of cure for patients with small liver cancers, RILD
still remains a concern for patients with larger tumors or with cirrhotic livers because definitive
doses of RT cannot be delivered in such situations.

One of the limitations of diagnosing RILD is that the clinical signs and symptoms develop
late in the disease and there are no early clinical biomarkers available. Furthermore, most of
the pathophysiological insight to the mechanisms of RILD was obtained from autopsies of pa-
tients with terminal RILD [12, 13]. Although these studies highlight the importance of radia-
tion-induced sinusoidal/endothelial injury in RILD, studies in rodents [14, 15] and non-
human primates [16] have demonstrated that radiation adversely modulates the function of
parenchymal hepatocytes, such as, inhibition of regeneration, receptor-mediated endocytosis
and biliary clearance. The effect of radiation on cellular metabolism has been studied for a
number of years to understand the cellular oxidative balance and DNA repair upon exposure
to ionizing radiation (IR) [17, 18]. However, the effect of RT in altering the metabolic pathways
has not been studied systemically. To date, a comprehensive analysis of the biochemical
changes resulting from liver irradiation has not been conducted. In our quest to develop sensi-
tive and early markers of hepatic radiation injury for efficient monitoring of RILD and to better
understand the biochemical mechanisms contributing to hepatic radiation toxicity that pre-
cedes RILD, metabolomic profiles of liver and plasma following WLI (10, 50 Gy) were generat-
ed. Fifty Gy WLI dose was chosen based on the histopathological confirmation of RILD
observed in our earlier studies [15]. Ten GyWLI dose was chosen to determine whether a
lower radiation dose that does not results in RILD but can potentially have latent effects could
cause detectable metabolic changes. Ten GyWBI dose, which is lethal in mice, was used to
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compare the differences between liver exposure and multi-organ exposure response systemical-
ly (plasma) and at tissue level (liver). Furthermore, comparisons of plasma metabolite signa-
tures obtained in 10 GyWLI, 50 WLI and 10 GyWBI were also conducted to determine the
sensitivity of different biochemical pathways to WLI andWBI. Samples were collected 24
hours post irradiation, which provided sufficient window to detect the effects of radiation-in-
duced transcriptional, and translational changes on metabolomic profile.

We used metabolomics approach because it enables detection and quantification of small
molecules involved in cellular metabolic networks and associated signaling pathways. Metabo-
lites are the final products of cellular regulatory processes, and their quantitative levels can be
regarded not only as the response of biological systems to genetic, environmental and therapy-
related changes, but as controllers to preserve fuel homeostasis and tissue specific fuel utiliza-
tion. Global metabolomic profiling of biological fluids can uncover latent, endogenous small
molecules (<850–900 daltons) [19]. Metabolites have a bimodal size distribution, having more
than 30% in the 100–400 Da range and a similar number in the 700–900 Da range [20]. Adding
lipidomic profiling extends the “net” of biomarker discovery, and lipids may be up to ~1500–
2000 daltons.

Currently there is a lack of biomarkers that correlate with radiation injury of various organs.
The liver, in particular, could be affected by any protocol involving abdominal radiation. In
this study, plasma radiation biomarkers were found that correlated with liver radiation bio-
markers, and also suggested significant metabolic interactions between intestine/microbiome,
kidney and liver are part of the response to upper abdominal irradiation. Organ-Organ meta-
bolic interactions that could depend on gut microflora should not be surprising, as a number of
metabolomics studies have shown that there is significant interplay between bacterial and
mammalian metabolism that helps determine the plasma metabolome [21–23]. The insights
this study provides regarding metabolic mechanisms enable the understanding of the key com-
pensatory metabolic pathways for RILD, which may point to therapy development.

Experimental Procedures

WLI andWBI and experimental cohorts
All animal studies were performed under approved institutional protocols and according to the
guidelines established in the Guide for the Care and Use of Laboratory Animals. The animal
protocols were in accordance with IACUC (Institutional Animal Care and Use Committee) of
the Albert Einstein College of Medicine.

WLI was performed as previously described [15, 24]. Briefly, 8-to-10 week old male C57Bl/6
mice were anesthetized by isofluorane inhalation using a closed circuit. After receiving a mid-
line incision, animals were positioned on a specially constructed polystyrene (aquaplast) plat-
form. A jig was aligned on aquaplast and separated into two compartments through which a
longitudinal port (5 x 7 cm) was accessible for irradiation. Two 2-mm thick, 3 x 4 cm lead
shields were wedged beneath the liver to displace the stomach and intestines without compress-
ing the hepatic and aortic vessels. A separate lead shield was placed 0.5 cm above the xyphoid
process superiorly to limit the lung dose. WLI was delivered through the use of a single anterior
beam using a 320 MGC Philips orthovoltage unit operating at 320 kVP, 10mA, and 0.5mm
copper filtration. The dose rate was 320 cGy/min to the midline at a 2-cm depth within the jig
at a 35-cm source-to-surface distance. Thermoluminescence dosimetry was used for a liver
phantom within the jig as the basis for all corrected dose calculations. Experimental cohorts in-
cluded untreated controls (no surgery or anesthesia; n = 6), sham-RT (0 Gy, animals received
laparotomy with liver exposed to air but no radiation; n = 8), 10 Gy (n = 8) and 50 Gy (n = 8)
WLI. Liver and plasma samples were collected at 24 hours, ad-lib, after sham treatment or
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WLI. For performing 10 GyWBI, anesthetized C57BL/6 mice (n = 12 per group) were exposed
to 0 or 10 Gy of whole-body gamma-radiation using a Shepherd137Cs gamma-ray irradiator at
a dose rate of 236cGy/min following institutional biosafety guidelines and
manufacturer’s instructions.

Two doses of WLI, 10 Gy and 50 Gy were chosen based upon the common fractionation
scheme used in hypofractionated stereotactic body radiation therapy (SBRT) of the liver. We
have previously demonstrated that 50Gy induces RILD in rodents with significant mortality of
the animals [15]. Furthermore, we developed a preparative regimen of hepatocyte transplanta-
tion using 50Gy hepatic irradiation (HIR) in rodents [24, 25]. Although a single fraction 50 Gy
dose will have higher radiobiological effect than 50Gy in five fractions used in clinical SBRT,
higher doses of irradiation is required to cause significant normal tissue toxicity in small irradi-
ated volumes of mouse liver. 10 GyWLI was used as a low dose of radiation that resulted in
changes, which were asymptomatic, yet indicated latent radiation injury. In contrast with 10
GyWLI dose, which is non-lethal, 10 Gy WBI is a lethal dose and induced acute response.

Mass spectrometric data generation and analysis. Fig 1 contains an overview of the
methods used for data generation and analysis, illustrating sample preparation, mass spectro-
metric analysis, peak extraction/identification and compound quantification, statistical data
analysis for biomarker identification and mapping of biomarkers to metabolic pathways. After
samples were extracted, they were run under GC/MS and LC/MS conditions [26, 27].

Sample Preparation. The sample preparation process was carried out using the automat-
ed MicroLab STAR system from the Hamilton Company. Recovery standards were added
prior to the first step in the extraction process for QC purposes. After extraction, and protein
precipitation, the resulting extract was divided into two equal fractions; for analysis on the GC/
MS (Thermo-Finnigan Trace DSQ) and LC/MS (Surveyor HPLC coupled to an LTQ mass
spectrometer, Thermo-Finnigan). Samples were placed briefly on a TuboVap (Zymark) to re-
move the organic solvent. Each sample was then frozen and dried under vacuum. Samples
were prepared for the appropriate instrument, either LC/MS or GC/MS.

Fig 1. Workflow. This workflow provides an overview of the experimental process including sample
preparation, mass spectrometric analysis, peak extraction/identification, compound quantification, statistical
analysis for biomarker identification, and mapping of biomarkers to metabolic pathways. Samples were
divided into separate groups for gas chromatography/ mass spectrometry (GC/MS) and LC/MS. LC/MS was
further divided to examine both positively and negatively charged ions. Following data pre-processing,
standard metabolite databases were used to identify metabolites and statistical tests were performed to
determine significance of each metabolite in identifying dose-dependent radiation signatures.

doi:10.1371/journal.pone.0124795.g001
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Gas chromatography/Mass Spectrometry (GC/MS). The samples destined for GC/MS
analysis were re-dried under vacuum desiccation for a minimum of 24 hours prior to being de-
rivatized under dried nitrogen using bistrimethyl-silyl-triflouroacetamide (BSTFA). The GC
column was 5% phenyl and the temperature ramp was from 40° to 300° C in a 16 minute peri-
od. Samples were analyzed on a Thermo-Finnigan Trace DSQ single-quadrupole mass spec-
trometer using electron impact ionization. The instrument was tuned and calibrated for mass
resolution and mass accuracy on a daily basis.

Liquid chromatography/Mass Spectrometry for Accurate Mass and MS/MS fragmenta-
tion (LC/MS/MS). The LC/MS portion of the platform was based on a Surveyor HPLC and a
Thermo-Finnigan LTQ mass spectrometer, which consisted of an electrospray ionization (ESI)
source and linear ion trap (LIT) mass analyzer. Positive and negative ions were monitored
within a single analysis by consecutively alternating the ionization polarity of adjacent scans.
The vacuum-dried sample was dissolved in 100 μl of an injection solvent that contained five or
more injection standards at fixed concentrations. Internal standards were used both to assure
injection and chromatographic consistency. The chromatographic system used a binary solvent
system delivered as a gradient. Solvent A was water and solvent B was methanol. Both were
high purity grade and both contained 0.1% formic acid as a pH stabilizer. The HPLC columns
were washed and reconditioned after every injection.

Exact mass determinations were done using a Thermo-Finnigan LTQ-FT mass spectrome-
ter, which had a linear ion-trap (LIT) front end and a Fourier transform ion cyclotron reso-
nance (FT-ICR) mass spectrometer backend. For ions with counts greater than 2 million,
accurate mass measurements were performed. Accurate mass measurements were made on the
parent ion as well as fragments. The typical mass error was less than 5 ppm. Ions with less than
two million counts required a greater amount of effort to characterize. Fragmentation spectra
(MS/MS) were typically generated in data dependent manner, but when necessary, targeted
MS/MS was employed, such as in the case of lower level signals.

Data Analysis, Metabolite Identification and Statistical Calculations. To facilitate visu-
alization of fold changes, all data were normalized to a mean value of 1 for sham-operated (0
Gy-treated) animals. For pair-wise comparisons Welch’s t-tests and/or Wilcoxon’s rank sum
tests were used.

ANOVA. Statistical analyses were performed on log-transformed data (to account for in-
creases in data variance that occurs as the level of response is increased) using JMP statistical
software from SAS Institute, Inc. Two parameters were evaluated when considering statistical
significance, namely the p-value and the q-value.

The p-value relates the probability that two comparisons are the same; a low p-value
(p<0.05) is generally accepted as a significantly different result. The q-value describes the false
discovery rate; a low q-value (q<0.10) is an indication of high confidence in a result. While a
higher q-value indicates diminished confidence, it does not necessarily rule out the significance
of a result. Compounds with a p-value<0.05 and a q-value<0.10 (false discovery rate) were
considered statistically significant. Data were normalized to the relative levels observed in non-
irradiated, sham animals.

Spearman’s rank correlation coefficient was used as a non-parametric estimate of the rela-
tionship between two metabolite chemical identities, summed over all the experimental groups.
For the values of a given metabolite over all experimental groups (sham, 0 Gy, 10 Gy and 50

Gy),¼
P

i ðxi�xÞ ðyi�yÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP
i ðxi�xÞ2

P
i ðyi�yÞ2

p where xi is the ranked value (lowest to highest) of a metabolite

for the ith sample (total n = 31 for all groups), and yi is the corresponding (dependent) ranked
value for another metabolite for that sample in a given group [28, 29].
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CoolMap heatmap visualization of correlations. CoolMap was used to condense large
metabolomic data sets into intuitive heatmap visualizations using pathway ontologies and hier-
archical clustering. CoolMap is an interactive visualization software aimed to transform the
classic heatmap visualization paradigm. Ontologies were used to reduce original rows and col-
umns of a data table into concepts, in our case metabolic pathways, which made it easier to dis-
cover and understand patterns in the data. Spearman’s was used to calculate the correlation
between individual metabolites. CoolMap contains aggregator functions (mean, median, aver-
age, min, max), which were then used to aggregate the individual existing correlations for me-
tabolites that define (metabolic) pathway ontology. The aggregated values were derived from
the corresponding values at the lowest, or the leaf level, for correlated metabolites
between pathways.

Data Classification. Linear clustering methods such as Principal component analysis
(PCA) and orthogonal projections to latent structures discriminant analysis (OPLS-DA) were
performed using the SIMCA-13 software package (Umetrics), Random Forest by the method
of Breiman [30]. Non-linear clustering method such as The Java Self Organizing map (SOM)
Toolbox developed at the Institute of Software Technology and Interactive System at the
Vienna University of Technology was used for SOM analysis of the metabolite data [31]. Com-
pound identification was done either by automated comparison to library entries in Metabo-
lon’s internal metabolite library or by spectral matching to the NIST database [27].

Results

Data classification and validation framework for determining unique
metabolite biomarkers and key pathways affected by liver irradiation
Fig 1 details the workflow used for metabolite extraction, data mining, metabolite identification
and validation. For WLI, a total of 595 metabolites were identified between the liver and plasma
samples assayed in this study. Full data curation of all mouse liver samples tested in this study
yielded 407 chemical entities, 144 were identifiable chemical compounds and 263 represented
currently unknown structural identities. By comparison, data curation of all mouse plasma
samples tested in this study yielded 347 chemical entities, 129 were identifiable chemical com-
pounds and 218 with currently unknown structural identities. The source(s) of the 595 metabo-
lites are illustrated in Venn diagram format (S1 Fig).

Since the number of animals to power a metabolite study for determinations of radiation
damage biomarkers is still yet to be determined for the field, and surveying hundreds of metab-
olites for a given sample set can be prone to finding spurious correlations, we employed multi-
ple bioinformatic methods to determine the key metabolites that are affected after liver
irradiation. Reinforcing identification of key metabolite “hits” was discerned using a decision
tree approach for validating and confirming statistically significant metabolite differences be-
tween classes, along with Random Forest, PLS-DA, and self organizing maps (SOM). A new
unsupervised hierarchical clustering method, CoolMap, was then used for systems integration,
relating metabolite “trees” to other individual “trees”, particularly those suggested by the class
separation methods, and relate these individual metabolite “trees” to a pathway “forest”, as well
as pathways to other pathways, by a correlation defined by the category (ontology) of a group
of metabolites, as a biochemical process [32] (see S1 Table).

A decision tree approach was first used to determine consistently altered metabolites for
WBI. PCA analysis showed that the sham-treated and 0 Gy-treated groups were separable (S1
Fig), and differences between the 50 Gy and 10 Gy vs. sham treated and 0 Gy groups were used
to find consistently altered metabolites between all groups in plasma and liver.

Metabolic Signatures of RILD

PLOSONE | DOI:10.1371/journal.pone.0124795 June 5, 2015 6 / 27



We explored the use of an alternative non-linear unsupervised clustering method, SOM
[31], which preserves all metabolite information, in contrast to the limited representation pos-
sible with the PCA approach. Using the SOM formalism, one can capture additional non-linear
relationships amongst the vector components, and assess their contribution to segmentation
apparent on a 2-dimensional map network. The advantage of SOM as a method, is that the
component planes of the SOM allows the visual examination of the contribution of each of the
metabolites to the cluster separation, emphasizing the utility of the metabolite as a biomarker
for radiation injury detection. While ANOVA analysis (S1 and S2 Datasets) indicates signifi-
cant metabolites, it does not indicate whether the metabolite(s) are important for group separa-
tion, although as seen from the subsequent supervised and unsupervised analyses that there is
considerable overlap with key metabolites important for group separation. Inspection of a
composite of the liver SOMs reveals component planes (S2 Fig) representing metabolites that
have a maximal or minimal effect on cluster separation. S3 and S4 Figs illustrate the impor-
tance of pentose and purine metabolites to the clustering of specific radiation groups. S5 Fig il-
lustrates the importance of glycolytic metabolites, calcium signaling, and choline metabolism,
S6 Fig highlights the importance of bradykinin for plasma class separation, themes reinforced
by other classification methods, described below.

Fig 2 illustrates how the consistently altered metabolites seen in the liver and plasma were
determined. The decision tree outlines in Fig 2 was used for comparisons first of the 50 Gy vs.
0 Gy data. Significantly different metabolites, determined by ANOVA (S1 and S2 Datasets),
were confirmed by validation of the metabolite as being significant in the 50 Gy vs untreated
data sets. If the metabolite was still unconfirmed, it was tested as being significant in the 10 Gy
vs. 0 Gy plasma or liver data set, or the 10 Gy vs. untreated data sets. Confirmation of 10 Gy
WLI effects with 10 GyWBI were also determined (S1 Dataset) for known metabolites, and (S2
Dataset) for all metabolites found.

As shown in S2 Dataset, ANOVA analysis on WLI identified 247 significantly changed me-
tabolites in plasma and liver, representing the most significant and consistent metabolomic
changes following WLI. For plasma, 74 WLI metabolites were significantly different, 32 with

Fig 2. Decision Tree for metabolite validation. The decision tree approach that was used to confirm
important metabolite signatures in the WLI experiments is illustrated. Consistently altered metabolites
between groups were determined first by comparison of the 50 Gy vs. 0 Gy data sets, then by validation of the
metabolite in the 50 Gy vs untreated data sets. If the metabolite was still unconfirmed, it was tested as being
significant in the 10Gy vs. 0 Gy plasma or liver data set, or the 10 Gy vs. untreated data sets.

doi:10.1371/journal.pone.0124795.g002
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known identities, and 42 “known unknowns”, for which a consistent spectral fingerprint was
seen, but could not be related to a metabolite database. At 10 Gy, 38 WLI plasma metabolites
were significantly different, 14 of known identity and 24 of unknown identity. Ten of these
WLI plasma metabolites were unique for 10 Gy, the rest common to both 50 Gy and 10 Gy.

For liver, 179 significantly changed metabolites were identified, 94 of known identity and 85
“known unknown”metabolites. 53 of the WLI liver metabolites of known identity were seen at
10 Gy and 4 of these were unique, not shared with 50 Gy. 56 of the WLI metabolites of un-
known identity were seen at 10 Gy, and 5 of these were unique, not shared with 50 Gy. The rest
of the WLI liver metabolites identified were shared between 10 Gy and 50 Gy. Seventeen of the
WLI metabolites of known identity were validated as being seen in both WLI liver and plasma,
indicating their possible use as biomarkers (S1 Table) Four of the WLI plasma metabolites
were found only at one specific Gy level, however, these metabolites were also seen for WBI
(pheyllactic acid, DL-indole-3-lactic acid, trans-4-hydroxyproline, and glycerol) (S1 and S2
Datasets). Of the liver metabolites, 3 were found alone at one specific Gy level, however these
were seen at WBI (glucose, n-hexadecanoic acid, and 3-hydroxybutanoic acid).

Correlation and validation of liver and plasma metabolite biomarkers that
are altered by WLI andWBI
The radiation dose dependent correlations between plasma and liver metabolites for whole
liver radiation are shown in Table 1, and are a composite for all radiation doses 0, 10 Gy and 50
Gy, indicating their possible utility as RILD biomarkers.

Fig 3 shows malic acid and riboflavine as two examples of metabolites, which show distinc-
tive, consistent signatures in both liver and plasma samples, erhaps showing as they became de-
pleted in liver, they were released into plasma. Malic acid and riboflavine were also seen to be
important for class separation, as described in following sections. S1 and S2 Datasets further il-
lustrate the metabolite profiles that were consistently altered post-radiation in either liver, or
plasma, or both.

For plasma samples, 44 out of 134 known metabolites were significant and for liver samples,
41 out of 134 metabolites were significant for 10 Gy vs non-irradiated mice. There were 30
common metabolites between liver and plasma, supporting their use as radiation injury bio-
markers (Table 2). Plasma biomarkers in common between WBI and WLI included 13 out of
134 known metabolites and predominant among these were microbial metabolites such as 3 in-
doxyl sulfate, indole-3-lactic acid, phenyllactic acid, pipecolic acid, and hippuric acid, and
markers of DNA damage such as 2-deoxyuridine (S1 Dataset). Liver biomarkers in common
between WBI andWLI included 10 out of 134 known metabolites and predominant among
them were amino acids, sugars and TCA metabolites (fumarate), fatty acids (lineolate, n-hexa-
decanoic acid) and DNA damage markers (uridine) (S1 Dataset).

All biomarkers shown in Table 2 were found to be positively correlated between plasma and
liver, except for 4, N-acetylalanine, eicosapentaenoate (EPA; 20:5n3), 1-linoleoylglycerol
(1-monolinolein) and Docosahexaenoic Acid, which were inversely correlated.

As shown in S1 Dataset with regard to changes seen in metabolites between 0 Gy and 10 Gy,
while there were several metabolites that changed in common between WBL and WLI, the ma-
jority changed in opposite directions. For plasma, between 0 Gy and 10 Gy pipecolate, 3 indox-
yl sulfate, stachydrine, inositol, 2-deoxyuridine, hippuric acid and phenol sulfate increased for
WLI and decreased for WBI, in contrast 2'-deoxyuridine showed similar increases for WBI and
WLI.

For liver metabolites 10 out of 134 metabobolites were shared as being changed for WBI
andWLI. For WBI vs WLI in response to 10 Gy, tryptophan, valine, sorbitol and uridine were
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lower for WLI in comparison to WBI, fumarate was comparably changed, and inositol and al-
lantoin were higher for WLI than WBI. For WBI vs WLI, comparing the response to 50 Gy for
WLI to the response at 10 Gy for WLI, tyrosine, linoleic acid and n-hexadecanoic acid were
lower for WLI at 50 Gy than for WBI at 10 Gy

Supervised learning methods such as Random Forest and PLS-DA were used for the WLI
plasma and liver samples to determine metabolites that were key to class separation. Table 3
shows the Random Forest approach correctly classified almost 90% of the liver samples, and
76% of the plasma samples, while Table 4 shows that the PLS-DA classifier correctly classifies
100% of the liver samples and 86% of the plasma samples.

Random Forest analysis on liver samples (Fig 4) showed high importance of pentose cycle
and related glycolytic metabolites (glucose-6-P, ribose-5-P, mannose-1-P and mannose-6-P)
and purine metabolism (inosine, guanosine, adenosine, xanthine, adenosine-5-P, guanosine-

Table 1. Radiation dose dependent positive correlations between plasma and liver metabolites for
whole liver irradiation for the combined radiation levels of 0, 10 or 50 Gy.

Metabolite Correlation

Aspartate 0.999

Monopalmitin 0.998

Cysteine 0.998

Isobar-21-includes-gamma-aminobutyryl-L-histidine-L-anserine 0.997

3-indoxyl-sulfate 0.996

Niacinamide 0.992

sn-Glycerol-3-phosphate 0.991

1-methylguanidine 0.989

3-methyl-L-histidine 0.986

Inositol 0.984

pantothenic acid 0.984

Isobar-56-includes-DL-pipecolic acid-1-amino-1-cyclopentanecarboxylic acid 0.969

Proline 0.961

Threonine 0.951

Docosahexaenoic-Acid 0.944

palmitoleic acid 0.938

Creatinine 0.937

Sorbitol 0.923

Allantoin 0.894

3-hydroxybutanoic acid 0.880

D-glucose 0.835

o-phosphoethanolamine 0.831

Choline 0.827

2'-deoxyuridine 0.805

glyceric acid 0.795

adenosine-5-monophosphate 0.794

Nonanoate 0.793

Serine 0.792

Cholesterol 0.723

Glucarate 0.715

Alanine 0.708

The Spearman’s correlation coefficient, is defined in Methods.

doi:10.1371/journal.pone.0124795.t001
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5-P) for class separation, as well as physiological relevance as radiation damage biomarkers
(see Discussion). Energy metabolism, calcium signaling and choline metabolism may also have
physiological importance as well as being important for class separation, reflected in the identi-
fication of riboflavin/malate/aspartate, inositol/NAADP, and glycerophosphorylcholine, re-
spectively (see Discussion).

Random Forest analysis on plasma samples (Fig 5) showed bradykinin as most important
for class separation. Smaller peptides also showed class discrimination, such as L-aspartyl-L-
phenylalanine, and alanyl-alanine. Energy metabolism, as reflected by the presence of ribofla-
vin, was indicated. Metabolites such as 3-indoxyl sulfate suggested the involvement of the GI
tract/microbibiome and by the detection of 3-hydroxycinnamic acid. Oleic acid may signify the
affect of radiation to decrease feeding, a biomarker for lipolysis (see Discussion)

PLS-DA analysis on liver samples (Fig 6) confirmed the importance of purine metabolites,
pentose cycle, energy related metabolites (riboflavin/malate/aspartate), calcium signaling (ino-
sitol, NAADP), and microbiome related metabolism (2-amino butyrate, kynurenine). Addi-
tional biomarkers identified may be supportive of the above metabolic processes, and include
pantothenic acid, xylulose, niacnamide, hypoxanthine, methionine, proline and glutamic acid
(see Discussion)

PLS-DA analysis on plasma samples (Fig 7) again showed the importance of bradykinin,
and smaller plasma peptides, like L-aspartyl-L-phenyalanine for class separation. Importance
of energy metabolism biomarkers for class separation was suggested by detection of niacin-
amide, riboflavin and malic acid. The identification of inositol in plasma as important for class
separation reinforced its potential importance seen in liver metabolic processes (see Discus-
sion). Methylguandine a suspected uremic toxin, and indoxyl sulfate, a kidney/liver/GI tract/
microbiome biomarker both were important in class separation. Other microbiome biomarkers
such as 3-hydroxycinnamic acid were also important for class separation. Amino acids and
their metabolic products were more evident here than in the Random Forest analysis. Lysine,
threonine, asparagine, 3-phenyllactic acid and 4-hydroxyproline were identified as important
for class separation. 3-phenyllactic acid is a product of phenylalanine catabolism, and 4-hy-
droxyproline is produced by hydroxylation of the amino acid proline (see Discussion). Glycerol
was identified only at 50 Gy, lacking confirmation according to the decision tree approach, but
its potential as a lipolysis marker was suggested from another lipolysis marker, oleic acid seen
as important in Random Forest plasma analysis. Triglycerides, when broken down in lipolysis,
produce glycerol and fatty acids, and oleic acid is a key constituent of triglycerides.

Fig 3. Example of consistent metabolite signatures in liver and plasma.Malic acid and riboflavine are
shown as two examples of metabolites, which showed distinctive, consistent signatures in both liver and
plasma samples. Supporting information tables show further hits that were consistently altered post-radiation
in either liver, or plasma, or both.

doi:10.1371/journal.pone.0124795.g003
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Identification of correlations within liver and plasma metabolic pathways
using CoolMap hierarchical clustering
CoolMap hierarchical clustering analysis condenses large metabolomic data sets into intuitive
heatmap visualizations for detection of relationships between metabolites, metabolites and bio-
logical processes and between biological processes, out of the entire collection of metabolites in
a study (see Methods). The clustering was done on the correlation matrix (Spearman’s) used
on the entire collection metabolites, regardless of whatever radiation group they came from, to
examine clustering of related groups of metabolites, identifying in some cases previous un-
known relationships. This analysis was especially useful for the possible relevance of “known
unknown”metabolites, metabolites that consistently appeared across all samples, were identi-
fied by a mass/charge (m/z) ratio, a MS/MS fragmentation pattern and a retention time, but
did not appear in any known metabolite database (reviewed in Kurland et al [32]). Afterwards,

Table 2. Levels of metabolites changing between 0 Gy and 10 Gy in liver and plasma.

COMPOUND WBI Plasma 10Gy_0Gy ratio WBI Liver 10Gy_0Gy ratio

Dimethylglycine 0.82 0.79

Pipecolate 0.78 0.83

phenol sulfate 0.56 0.59

Phenylacetylglycine 0.66 0.52

Isovalerylglycine 0.51 0.63

4-Guanidinobutanoic acid 0.49 0.63

3-indoxyl sulfate 0.6 0.5

Citrulline 0.72 0.82

Urea 0.82 0.79

N-acetyl-L-leucine 0.59 0.58

Fructose 0.77 0.75

Heme 0.56 0.42

trigonelline (N'-methylnicotinate) 0.62 0.68

Niacinamide 0.71 0.88

fumaric acid 0.56 0.82

2-hydroxyglutarate 0.6 0.74

myristoleate (14:1n5) 1.71 2.35

palmitoleate (16:1n7) 1.53 1.65

1-palmitoylglycerophosphoinositol 0.61 0.71

palmitoyl sphingomyelin 1.43 1.34

Inositol 0.68 0.79

Allantoin 0.71 0.79

Cinnamoylglycine 0.57 0.56

equol sulfate 0.56 0.65

homostachydrine 0.65 0.56

Stachydrine 0.71 0.57

N-acetylalanine 0.68 1.21

eicosapentaenoate (EPA; 20:5n3) 0.75 1.69

1-linoleoylglycerol (1-monolinolein) 0.66 4.11

Docosahexaenoic Acid 0.79 1.37

Liver and plasma metabolites are positively correlated, except for N-acetylalanine, EPA, 1-monolinolein and Docosahexaenoic Acid which are

negatively correlated.

doi:10.1371/journal.pone.0124795.t002
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these metabolites could be broken down by classes of radiation exposure to examine their de-
pendence on radiation (see following sections).

Fig 8 illustrates how the “known unknown”metabolites within both plasma and liver sam-
ples can be correlated with known metabolites that were grouped into ontologies to potentially
aid in identification/inference of function. This enableed the relevance of the “known un-
knowns” seen to be important for class separation by Random Forest and PLS-DA. For exam-
ple, metabolites identified from PLS—DA plasma with significant VIPs, x-1971, x-6132,x-
10363, x-2277, x-3522, x-2269, x-7828 and x-5650, shared with Random Forest plasma hits x-
1971, x-3522 and x-6132, were part of a block of 9 unknowns which were clustered with ribo-
flavine and niacinamide based on similar profiles. They showed a strong positive correlation
with known metabolites in the Valine, Leucine, and Isoleucine Metabolism ontology as well as
a general negative correlation with Urea Cycle metabolites, and interestingly, positively with 3
microbial related metabolites, 3-indoxyl sulfate, indole-3-lactic acid and 3-hydroxycinnamic
acid. For Liver, PLS-DA VIPs x-9127, x-8895 and x-8933, with x-9127 and x-8933 also identi-
fied by Random Forest, there was also a block of 9 unknowns which, (with the exception of X-
9127) showed a negative correlation with Purine Metabolism. These plasma and liver CoolMap
plot allowed the reinterpretation of plasma and liver PLS-DA and Random Forest plots into
showing what biological processes were most significant for class separation, rather than what
individual metabolites were important for class separation (see Discussion).

Table 3. The Random Forest classifier correctly classifies almost 90% of liver and 76% of plasma
samples.

Liver Predicted Class

Actual Class Untreated 0 Gy 10 Gy 50 Gy Error Rate

Untreated 8 0 0 0 0%

0 Gy 1 5 0 0 17%

10 Gy 0 2 5 0 29%

50 Gy 0 0 0 8 0%

Plasma Predicted Class

Actual Class Untreated 0 Gy 10 Gy 50 Gy Error Rate

Untreated 5 2 1 0 38%

0 Gy 1 3 2 0 50%

10 Gy 1 0 6 0 14%

50 Gy 0 0 0 8 0%

doi:10.1371/journal.pone.0124795.t003

Table 4. PLS-DA classifier correctly classifies 100% of liver samples and 86% of plasma samples.

Liver Predicted Class

Actual Class Untreated 0 Gy 10 Gy 50 Gy Error Rate

Untreated 8 0 0 0 0%

0 Gy 0 6 0 0 0%

10 Gy 0 0 7 0 0%

50 Gy 0 0 0 8 0%

Plasma Predicted Class

Actual Class Untreated 0 Gy 10 Gy 50 Gy Error Rate

Untreated 7 1 0 0 13%

0 Gy 1 3 2 0 50%

10 Gy 0 0 7 0 0%

50 Gy 0 0 0 8 0%

doi:10.1371/journal.pone.0124795.t004
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Fig 4. Liver metabolites key to group separation predicted by Random Forest classification. The top
30 liver metabolites important for increasing class separation as determined by the Random Forest approach.
Key among these are metabolites representing pentose cycle and related glycolytic metabolites (glucose-
6-P, mannose-6P, mannose-1P, ribose-5-P, ribulose-5-P) and purine metabolism (inosine, guanosine,
adenosine, xanthine, adenosine-5-P, guanosine-5-P) (see text).

doi:10.1371/journal.pone.0124795.g004

Fig 5. Plasmametabolites key to group separation predicted by Random Forest classification. The top
30 plasmametabolites important for increasing class separation as determined by the Random Forest
approach. Bradykinin was seen as most important for class separation, however, smaller peptides also
showed class discrimination, such as L-aspartyl-L-phenylalanine, and alanyl-alanine. Energy metabolism, as
reflected by the presence of riboflavin as a biomarker, was indicated. Metabolites suggesting multiple organ
interactions, i.e. kidney/liver/GI tract/microbiome were indicated (see text).

doi:10.1371/journal.pone.0124795.g005
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Fig 9 focuses on the liver-plasma correlations. The left panel shows that, blocks of highly
correlated individual metabolites were identified—this included the same metabolite in liver
and plasma (in this example X-3172). Notable was that with the exception of plasma x-4431,
identified as important for class separation for the Random Forest Analysis, and plasma malic
acid, identified in PLS-DA, none of the plasma or liver unknown metabolites, despite high cor-
relations, whether positive or negative, were identified in the Random Forest or PLS-DA analy-
ses as important for class separation.

The right panel however shows that when grouped into ontologies, there were some, but
not many, substantial correlations between different or the same groups of metabolites in liver
and plasma. For the same metabolites in liver and plasma there were correlations between liver
and plasma ketone bodies, and liver and plasma fatty acid monoenes, but these are ontological
terms which have very few metabolites associated with them. S1 Table shows the members of
the ontological terms in both liver and plasma.

Fig 6. Liver metabolites key to group separation predicted by PLS-DA assessed using variable
influence on projections (VIPs). Liver PLS-DA VIPs identified potential biomarkers and exhibited strong
overlap with metabolites important for classification using the Random Forest approach. VIP values greater
than 1 delineated metabolites most important for cluster classification. An asterisk indicates metabolites in
the purine synthesis pathway while a 'P' indicates the pentose phosphate pathway. Both purines and pentose
phosphate metabolites were highly important for liver group classification, reinforcing Random Forest
findings, and might be determinants of the liver radiation response.

doi:10.1371/journal.pone.0124795.g006

Fig 7. Plasmametabolites key to group separation predicted by PLS-DA assessed using variable
influence on projections (VIPs). The most significant known hits for plasma VIPs included: bradykinin,
niacinamide, riobflavine, 3-indoxyl-sulfate, and 3-hydroxycinnamic acid. Levels of plasma bradykinin
increased more than 25-fold following high dose irradiation. Based on its vasodilator effects, bradykinin may
help increase permeability in vasculature damaged by radiation. As in the previous figures, VIP values
greater than 1 delineated metabolites most important for cluster classification.

doi:10.1371/journal.pone.0124795.g007
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Hepatic pentose cycle metabolites increase in response to liver
irradiation
The large impact of liver irradiation on hepatic glucose, pentose, TCA, purine, pyrimidine me-
tabolism is illustrated in Figs 10 and 11. Glucose metabolites related to the entry of flux into
the oxidative limb of the pentose cycle, glucose-6-phosphate, mannose-6-phosphate, and man-
nose-1-phosphate, were elevated 3 to 9 fold. It is likely that the changes in pentose phosphate
metabolites were due to changes in flux through the oxidative limb, rather than the non-oxida-
tive limb, as ribulose-5-phosphate and ribose-5-phosphate mirrored the changes seen in glu-
cose-6-phosphate. In addition, metabolites downstream of the non-oxidative limb of the
pentose cycle were decreased (3-phosphoglycerate, data not shown), supporting that the flux
was increased through the oxidative limb of the pentose cycle in response to liver irradiation.
The component planes of pentose and purine cycle metabolites showed strong similarities (S3
and S4 Figs), and were important contributors in the SOM segregation of the 50 Gy data from
the rest of the data sets.

Fig 8. CoolMap and identification of unknownmetabolites. CoolMap hierarchical clustering analysis was used for detection of relationships between
metabolites, and biological processes in liver or plasma. The top and bottom panels, for plasma and liver, respectively, illustrate on how the “known unknown”
metabolites within both plasma and liver samples were correlated with known metabolites that were grouped into ontologies to potentially aid in identification/
inference of function. This enabled the relevance of the “known unknowns” seen to be important for class separation by Random Forest and PLS-DA. Top
panel: “known unknown”metabolites in plasma are related to urea cycle, branched chain amino acids, tryptophan and microbial metabolites. Bottom panel:
“known unknown”metabolites in liver are related to Purine metabolism (see text).

doi:10.1371/journal.pone.0124795.g008
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Hepatic nucleotide metabolism is affected in response to irradiation
Significant increases (2 to 6 fold) were observed in the AMP and GMP branches of the purine
pathway after radiation (Fig 11). By comparison, only two metabolites in the inosine mono-
phosphate (IMP)-inosine-hypoxanthine branch were altered and these changes were not unidi-
rectional (i.e., inosine levels were increased and hypoxanthine and xanthine levels were
decreased; Fig 11). The component planes of AMP and GMP branches of the purine metabolic
pathway showed strong similarities, and were important contributors in the SOM segregation
of the 50 Gy data from the rest of the data sets (S4 Fig).

Effect of radiation damage on liver and plasma amino acid biomarkers
As shown in Fig 12, the levels of a number of amino acids were significantly reduced in mouse
liver at 24 hours after WLI, including glycine, serine, threonine, alanine, aspartate, glutamate,

Fig 9. Coolmap andmetabolic pathway correlations. Coolmap hierarchical clustering analysis was used for detection of relationships between liver and
plasmametabolic processes. Left panel: blocks of highly correlated individual metabolites were identified—this included the samemetabolite in liver and
plasma (for exampleX-3172). Right panel: Liver and plasmametabolites were grouped into ontologies, and CoolMap was used to examine correlations
between different or the same groups of metabolites in liver and plasma. For the same metabolites in liver and plasma there were correlations between liver
and plasma ketone bodies, and liver and plasma fatty acid monoenes (see text).

doi:10.1371/journal.pone.0124795.g009

Fig 10. Pentose Phosphate Pathway changes in response to liver irradiation. The pentose phosphate
pathway generates NADPH, ribose 5-phosphate, and intermediates of the glycolytic pathway. The NADPH is
utilized for reductive pathways, such as fatty acid biosynthesis and the glutathione defense system against
injury by reactive oxygen species. Ribose 5-phosphate provides the sugar for nucleotide synthesis.
Increased levels of pentose phosphate intermediates may indicate altered glucose and/or
nucleotide metabolism.

doi:10.1371/journal.pone.0124795.g010
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phenylalanine, tyrosine, tryptophan, isoleucine, leucine, valine, methionine, and proline. Only
glutamine and lysine were significantly elevated in mouse liver after treatment with 50 Gy of

Fig 11. Purine Metabolism changes in response to liver irradiation. A general increase in purine metabolism intermediates may suggest increased
breakdown of nucleotides in response to radiation perhaps as a mechanism to support repair after cell injury. Metabolites highlighted in green were
decreased after liver irradiation relative to control while metabolites highlighted in red were increased.

doi:10.1371/journal.pone.0124795.g011

Fig 12. Comparative response of liver and plasma amino acid to irradiation. The relative levels of most
amino acids were significantly reduced in mouse liver at 24 h after WLI. Decreased levels of amino acids in
the liver after radiation treatment could reflect an increase in protein synthesis or their utilization for energy.
Alternatively, decreased levels may result indirectly from an increase in cell volume due to osmotic stress-
related changes following irradiation.

doi:10.1371/journal.pone.0124795.g012
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radiation. Tryptophan, threonine, methonine, leucine, and alanine showed similar changes in
plasma and liver.

Plasma irradiation biomarkers show radiation dose dependence, and a
dependence on the microbiome
Aside from the plasma amino acid biomarkers mentioned, plasma bradykinin showed a
~20-fold increase in response to IR, and plasma indoxyl sulfate, a 3-fold increase in response to
HIR at 50 Gy. Both could be important plasma biomarkers of the abdominal irradiation re-
sponse (see Discussion). Some plasma biomarkers that were correlated with hepatic biomark-
ers are shown in Fig 9, others in Table 1. Tryptophan and several degradation products—
kynurenine and kynurenate—were significantly decreased in liver tissue in response to radia-
tion (Fig 13), while the metabolite indoxyl sulfate was increased (Fig 14). Plasma biomarkers
such as indolelactate, hydroxycinnamate and tryptophan metabolites indicated a role for gut
microflora in the radiation response, and certainly the importance of indoxyl sulfate as a bio-
marker was indicated by high correlation between liver and plasma samples at both 10 Gy and
50 Gy (S1 and S2 Datasets). Plasma biomarkers x-1971, x-6132, x-10363, x-2277, x-3522, x-
2269, x-7828 and x-5650, important for class separation (see Figs 4–8), were positively correlat-
ed with 3 microbial related metabolites, 3-indoxyl sulfate, indole-3-lactic acid and 3-hydroxy-
cinnamic acid (Fig 8) reinforcing the importance of plasma microbial biomarkers for detecting

Fig 13. Effects of Liver Irradiation on Tryptophan Metabolism. Normalized levels of tryptophan,
kynureinine, kynurenate from liver samples are plotted. Radiation dose-dependent decrease was observed in
these metabolites; they were also identified to be important for class separation. Tryptophan and several
degradation products—kynurenine and kynurenate—were significantly decreased in liver tissue in response
to irradiation.

doi:10.1371/journal.pone.0124795.g013
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the radiation response. Reinforcing the importance of microbial biomarkers in the radiation in-
jury response were microbial metabolites such as 3 indoxyl sulfate, indole-3-lactic acid, phenyl-
lactic acid, pipecolic acid, and hippuric acid, which were seen in both WBI andWLI plasma.

Discussion
Metabolomics holds great promise in identifying changes in metabolites that correlate with ra-
diation injury of various organs. Using liver as a model, we demonstrated that while liver con-
tained more identifiable metabolites than plasma in response to liver irradiation, both the liver
and plasma showed biomarkers that indicateed tissue-specific causes of radiation injury. By
comprehensively analyzing these metabolites and relating them to the biochemical process
they are involved in, we demonstrated a change in energy metabolism, calcium signaling, cho-
line metabolism, pentose and purine metabolism and microbiome in response to liver irradia-
tion. This method can be used to provide insight into the overall stress response and the
compensatory metabolic pathways involved following radiation injury. Furthermore, the plas-
ma irradiation metabolites showed radiation dose dependence, and a dependence on the
microbiome, allowing for the potential use of these metabolites as a biodosimeter and a bio-
marker for identifying patients at risk of developing RILD.

Role of Bioinformatics for detecting metabolite markers of radiation
damage
We employed multiple bioinformatic methods to validate significant metabolites. Reinforcing
decisions regarding metabolite significance were obtained using a decision tree approach for
validating and confirming statistically significant metabolite differences found by ANOVA,
and then winnowing out the metabolites important for class separation using Random Forest,
PLS-DA, and SOM. A new unsupervised hierarchical clustering method, CoolMap, was used to
relate unknown metabolites to known metabolites and processes in the first step to determine
their possible identities, as well as metabolite processes/pathways affected by radiation to each
other. By identifying which unknown metabolites important for class separation were related
to known metabolites and biological processes, CoolMap aided the understanding of which

Fig 14. Role of intestinal microbiome in the response to liver Irradiation. Normalized levels of 3-indoxyl-sulfate and 3-hydroxycinnamic acid levels from
liver samples are plotted. Radiation dose-dependent increase was observed in these metabolites, indicating possible role of gut microbiome on liver injury.
3-indoxyl-sulfate and 3-hydroxycinnamic acid were both increased in the liver following exposure to radiation. These metabolites are by-products of the
intestinal flora, and coupled with those in the Tryptophan pathway point to a possible gut microbiome response to radiation.

doi:10.1371/journal.pone.0124795.g014
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biological/metabolic processes were important for class separation, rather than just which me-
tabolites. For example, the bioinformatics approach identified biological processes important
for class separation for the effects of liver irradiation that include energy metabolism, calcium
signaling, choline metabolism, pentose and purine metabolism and the microbiome.

PLS—DA plasma VIPs x-1971, x-6132,x-10363, x-2277, x-3522, x-2269, x-7828 and x-5650,
shared with Random Forest plasma hits x-1971, x-3522 and x-6132, were part of a block of 9
unknowns which were clustered with riboflavine and niacinamide based on similar profiles,
and interestingly, positively correlated with 3 microbial related metabolites, 3-indoxyl sulfate,
indole-3-lactic acid and 3-hydroxycinnamic acid. Niacinamide or vitamin B3 an important
compound functioning as a component of the coenzyme NAD, and riboflavin or vitamin B2 as
its principal forms in tissues and cells flavin mononucleotide and flavin adenine dinucleotide,
both key to energy generation, aiding in the metabolism of fats, carbohydrates, and proteins in
the TCA cycle. For Liver, PLS-DA VIPs x-9127, x-8895 and x-8933, with x-9127 and x-8933,
also identified by Random Forest, there was also a block of 9 unknowns which, (with the excep-
tion of X-9127) showed a negative correlation with Purine Metabolism. Purine metabolism
was already indicated as important for class separation by known metabolites identified by
Random Forest, PLS-DA and SOM, as was pentose metabolism. Purine and pyrimidine metab-
olites have been identified as important radiation DNA damage biomarkers in urine [33] [34–
36], and future work will relate hepatic damage biomarkers found to urine biomarkers.

Inositol is an isomer of glucose, a cyclic polyalcohol that plays an important role as a second
messenger in a cell, as inositol phosphates. In addition, inositol serves as an important compo-
nent of the structural lipids phosphatidylinositol (PI) and its various phosphates, the phospha-
tidylinositol phosphate (PIP) lipids. Nicotinic acid adenine dinucleotide phosphate, is a Ca2
+-mobilizing second messenger synthesized in response to extracellular stimuli. It is of interest
that both NAADP and inositol are important as NAADP, inositol triphosphate and cyclic
adenosine diphosphoribose (Cyclic ADP-ribose), binds to and opens Ca2+ channels on intra-
cellular organelles, thereby increasing the intracellular Ca2+ concentration. Glycerophosphor-
ylcholine (GPCho) and phosphocholine (PCho) are storage forms for choline within the
cytosol [37]. The conversion of choline into lipid containing choline storage forms generates a
large reserve pool of choline that can be readily accessible at times of high demand,which may
explain why rodents and humans do not die from dietary choline deficiency [37].

Hepatic energy charge is affected after liver irradiation
The decrease in some hepatic amino acids may reflect a decrease in hepatic energy charge. As-
partate and glutamate were dramatically affected in liver and not in plasma (Fig 12). The de-
crease in liver aspartate and glutamate was apparent even at 10 Gy (Fig 12). These metabolites
are related to TCA cycle function, asparate to oxaloacetate via the malate-aspartate shuttle, and
glutamate to alpha-ketoglutarate, and their decrease may be a sign of mitochondrial dysfunc-
tion/energy depletion. Hepatic malate and fumarate were 30–50% decreased, at 10 Gy and 50
Gy (Fig 12 and S1 Dataset). The hypothesis regarding depletion of hepatic energy charge by
upper abdominal irradiation was supported by the most significant of the up-regulated and
down-regulated metabolites shown in S1 Dataset. As seen in S1 Dataset, AMP and GMP were
greatly up-regulated, AMP 3.8 fold, and GMP 5.7 fold. The decrease in acetyl-L-carnitine may
reflect a decrease in acetyl CoA, which, since the liver was sampled in the ad-lib fed state,
would also support a decrease in glycolysis.
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Hepatic irradiation biomarkers/metabolites greatly contribute to
understanding the overall stress response to liver irradiation
Based on the observed metabolomic changes, several biomarkers have been proposed for the
induction of potentially lethal hepatic injury, and interactions of liver metabolism with other
organs for the radiation response, most notably the kidney and the GI tract. For liver, several
members of the pentose pathway were significantly increased by more than 5-fold including
glucose-6-phosphate, mannose-6-phosphate, and mannose-1-phosphate. Glucose-6-phos-
phate lies on the metabolic crossroads for glycolysis, glycogen metabolism, and the oxidative
limb of the pentose phosphate pathway (PPP). The oxidative limb of the PPP generates
NADPH for biosynthetic pathways that require large amounts of NADPH, such as fatty acid
synthesis, and via reduction of glutathione, suppresses reactive oxygen species (ROS). The oxi-
dative stage of the PPP also generates ribulose-5-phosphate, which was increased 8-fold by
WLI. Ribulose-5-phosphate is the precursor for ribose-5- phosphate (which increased nearly
3-fold in liver), the starting point of the non-oxidative stage of the PPP and a precursor for the
synthesis of nucleotides. Lastly, the end product of the oxidative stage of the PPP, ribulose-
5-phosphate, can be converted to other sugars and sugar phosphates, many of which were ele-
vated in mouse liver following WLI (S1 Dataset). The decrease in acetyl-carnitine and glyceral-
dehyde-3P, downstream of the pentose cycle, suggested both an increase in carbon flow into
the TCA cycle (evidenced by a 5-fold increase in citrate) and increased recirculation through
the pentose cycle, involving both oxidative and non-oxidative limbs.

It may be that fatty acid synthesis needs to be increased for irradiation injury repair, and the
large upregulation of pentose phosphates may stimulate ChREBP translocation into the nucle-
us to upregulate glycolysis and fatty acid synthesis. Given the number and magnitude of the
changes observed in these carbohydrate metabolism pathways, it is very likely that these metab-
olites have a large impact on liver function after WLI.

Branches of the purine or pyrimidine metabolism pathways in liver were differentially af-
fected by WLI. Widespread significant changes in purine metabolism pathways were observed
in liver samples following WLI, but not in plasma samples. These changes included nucleo-
sides, bases, and other upstream and downstream metabolites. Allantoin, a direct end-product
of urate and a proposed oxidative stress marker, was significantly elevated in mouse liver and
plasma after WLI. However, it is doubtful that allantoin will represent a useful biomarker for
hepatic radiation injury following WLI in humans, as the enzyme (urate oxidase) responsible
for conversion of urate to an allantoin precursor is functional in mice but not functional in hu-
mans. Overall, it is unclear whether the observed changes in purine metabolism pathways rep-
resent mechanisms to support cell growth after radiation injury (i.e. nucleic acid synthesis) or a
nucleic acid breakdown response to the radiological insult.

There was a generalized decrease in liver amino acid levels at 24 hours after WLI. Decreases
in hepatic amino acid levels can reflect an overall increase in protein synthesis in response to
cell damage or other radiation-induced signaling pathways. Alternatively, changes in amino
acid levels may indirectly result from an increase in cell volume following irradiation (i.e., an
osmotic stress), which would effectively decrease the concentration of amino acids on a per
weight basis. An osmotic stress response in response to liver irradiation was supported by the
6-fold increase seen in glycerophosphocholine. Glycerophosphocholine is an abundant renal
medullary cytosolic osmolyte that protects renal medullary cells from the high interstitial con-
centrations of NaCl and urea, normally exposed [38]. In renal medullary cells predominate or-
ganic osmolytes are sorbitol,myoinositol, glycine betaine and glycerophosphocholine [38].
Sorbitol was downregulated after hepatic irradiation, but insoitol was upregulated, perhaps due
to the redirection of glucose metabolism in response to irradiation. Inosine and hypoxanthine
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are considered stress markers and their differential expression in irradiated liver may suggest
very specific functions following radiological insult.

Plasma Metabolic Biomarkers Diagnostic of Liver Damage and RILD
As summarized in Tables 1 and 2, and S1 Dataset, there is a significant correlation between
changes in known liver and plasma metabolites at 0 Gy, 10 Gy and 50 Gy, for WLI, and for the
changes between 0 Gy and 10 Gy for WBI. Plasma yielded biomarkers that were radiation dose
dependent, within a “window” of time key for radiation exposure diagnosis, suggesting a plas-
ma radiation diagnostic panel may be formulated. S1 and S2 Datasets detail the comparison of
associations between plasma and liver metabolites with radiation dose for both WBI and WLI.
There were several plasma metabolites that changed in common between WBL andWLI, the
majority changed in oppositie directions. For plasma, between 0 Gy and 10 Gy pipecolate, 3 in-
doxyl sulfate, stachydrine, inositol, 2-deoxyuridine, hippuric acid and phenol sulfate increased
for WLI and decreased for WBI, in contrast 2'-deoxyuridine showed similar increases for WBI
andWLI.

Bradykinin and 3-indoxyl-sulfate were significantly increased in plasma but not in liver
after 50 GyWLI. Bradykinin is a nine amino acid peptide that functions as a potent vasodilator
and a central inflammatory mediator, stimulating an increase in reactive oxygen species gener-
ation, like nitric oxide. Our metabolomic data suggests that circulating levels of bradykinin
may represent a biomarker for hepatic injury following high-dose radiation treatment, and
could result from either increased precursor release (kininogen) from the liver secondary to ra-
diation damage, and/or increased kallikrein activity, fostering bradykinin formation. 3-indox-
yl-sulfate is a metabolite formed from the combined interaction of the liver, kidney and GI
microbiome. Another indicator of radiation induced kidney damage, perhaps as a result of
clearance of the metabolic stress products caused by liver irradiation, is methylguanidine,
which accumulates in renal failure [39, 40]. Methylguanidine is synthesized from creatinine
concomitant with the synthesis of hydrogen peroxide from endogenous substrates in peroxi-
somes [41].

Predominant metabolites for plasma biomarkers in common between WBI andWLI were
microbial metabolites such as 3 indoxyl sulfate, indole-3-lactic acid, phenyllactic acid, pipecolic
acid, and hippuric acid, clearly indicating that tryptophan metabolites were altered by radia-
tion. A number of cell types including macrophages and liver cells have been shown to metabo-
lize tryptophan to kynurenine and kynurenate. It is not clear whether the decrease in hepatic
tryptophan metabolites plays a significant biological role in liver cells under the tested condi-
tions. However, a subset of enteric bacteria express tryptophanase, an enzyme that converts
tryptophan to indoles. Indoxyl sulfate, which was increased in plasma 3 fold at 50 Gy and 2
fold at 10 Gy, is a known nephrotoxin that accumulates in the blood of patients suffering from
chronic kidney failure [42], it arises from hepatic transformation of the bacterial metabolite in-
dole, suggesting that this metabolite could represent an interesting biomarker for hepatic inju-
ry. Tryptophanase activity derives from only a subset of enteric bacteria [21]. Non-indole-
producing bacteria, such as various Bifidobacterium species, have been administered as a test
probiotic to the dialysis patients to decrease their plasma levels of indoxyl sulfate [43], and pro-
biotic therapy may be useful as an adjunct for amelioration of the effects of RILD.

Phenolic compounds can be generated by the microbiome, and are carbon ring molecules
with an available attachment site for sulfate. These compounds are attractive for the purpose of
transporting sulfate through the blood stream. A single phenol can perform this function mul-
tiple times, and phenols may be responsible for supplying sulfate for detoxifying xenobiotics
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and bile acids. Phenol sulfate levels in WLI plasma increased 2 fold in response to either 50 Gy
or 10 Gy, suggesting this may be part of the RILD compensatory response.

Comparison of radiation injury by WLI andWBI using metabolomic
profiling
When metabolomic comparison were performed for 0 Gy, 10 GyWLI, 50 WLI and 10 Gy
WBI, some of the metabolites showed reversed trend in WBI versus WLI. For instance, indole-
3-lactic acid, 3-phenyllactic acid, urea, riboflavin, niacinamide, and gamma-glu-leu, were in-
creased for WLI and decreased for WBI. The reasons for the overall opposite directions for
changes for plasma for WBI vs WLI may be related to the compensatory changes caused by di-
rect liver irradiation vs WBI.

It is clear that both WBI and WLI caused mitochondrial damage as fumarate, a key TCA
cycle intermediate, decreased for both. Uridine increases for WBI vs WLI, again suggested
compensatory mechanisms that replenished nucleotides for DNA repair. The levels of sugars
showed a variable response, with sorbitol decreasing in comparison to 0 Gy for both WBI and
WLI, but to a much greater decrease for WLI vs WBI and inositol being low for WBI and
higher for WLI.

To our knowledge, this is the first comprehensive analysis of metabolomic biomarkers, as
early as 24 hours after whole liver irradiation in mice. We demonstrate a comprehensive meta-
bolomic approach, which helped us identify integrative, systemic, and tissue (liver)-specific
metabolic signatures that could be successfully used as surrogate biomarkers for early detection
of RILD. In future studies, the significance of plasma metabolomic biomarkers to physiological
processes will be determined at different radiation doses and time intervals.

Supporting Information
S1 Dataset. Validation of the ANOVA analysis for WLI metabolites of known identity. Sig-
nificantly different metabolites, determined by ANOVA were confirmed by validation of the
metabolite as being significant in the 50 Gy vs untreated data sets. If the metabolite was still un-
confirmed, it was tested as being significant in the 10 Gy vs. 0 Gy plasma or liver data set, or
the 10 Gy vs. untreated data sets. Shown are the validations for WLI liver metabolites vs WLI
plasma metabolites, indicated by X (see Fig 2). Also indicated are metabolites common to WLI
plasma metabolites vs WBI plasma that serve as the cross-validation for detection f, and the
metabolites common to WLI liver vs WBI liver. NA-not applicable indicates metabolites that
are not significant.
(XLS)

S2 Dataset. Summary of entire ANOVA analysis. 247 significantly changed metabolites in
plasma and liver for WLI. This is a subset of the metabolites shown in S1 Fig, representing only
the most significant and consistent metabolomic changes following WLI, and pathway ontolo-
gies. Significantly different metabolites, determined by ANOVA were confirmed by validation
of the metabolite as being significant in the 50 Gy vs untreated data sets. If the metabolite was
still unconfirmed, it was tested as being significant in the 10 Gy vs. 0 Gy plasma or liver data
set, or the 10 Gy vs. untreated data sets. These validations are indicated by X. YY indicates me-
tabolites that were found only at one Gy in either liver or plasma, not confirmed fromWLI
data sets. However, YY metabolites were confirmed fromWBI studies. Also shown are WBI
metabolites and the validations indicating WBI plasma metabolite significance, and cross vali-
dations between WBI liver and plasma. NA-not applicable indicates metabolites that are
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not significant.
(XLS)

S1 Fig. Distribution of Metabolites Identified in this Study. 595 metabolites were identified
in both liver and plasma of irradiated and non-irradiated samples, with 407 metabolites de-
tected in the liver and 347 detected in the plasma. 248 metabolites were unique to the liver, 159
metabolites common to plasma and liver, and 188 metabolites were unique to plasma. PCA
analysis showed separation of sham and control treated experimental groups. Note: SOM anal-
ysis (following figures) showed separation of 50 Gy treated groups from all others.
(TIF)

S2 Fig. SOM Component Planes.While the PCA for the liver samples showed good separa-
tion, the plasma samples showed greater variability and groups were not clearly delineated. A
non-linear Self-Organizing Map (SOM) approach was applied which showed improved separa-
tion in both liver and plasma. The component planes visualization for each of the individual
metabolites gave an indication of its contribution to the overall clustering on the final trained
SOMmap.
(TIF)

S3 Fig. Component Planes Pentose Phosphate Pathway. Examining the component planes
constrained by cluster ownership yielded associations that reinforced the significance of the
liver PLS-DA VIPs (pentose phosphate metabolites marked as P in Fig 5). Untreated samples
are shown in white, 0 Gy samples are light grey, 10 Gy samples are dark grey, and 50 Gy sam-
ples are shown in black. Color indicates the relative strength of the association between each
metabolite and each node in the trained map ranging from 0% (red) to 100% (blue).
(TIF)

S4 Fig. Component Planes Purine Metabolism. As before, component planes showed signifi-
cant agreement with the liver PLS-DA VIPs (Fig 5), Untreated samples are shown in white, 0
Gy samples are light grey, 10 Gy samples are dark grey, and 50 Gy samples are shown in black.
Color indicates the relative strength of the association between each metabolite and each node
in the trained map ranging from 0% (red) to 100% (blue).
(TIF)

S5 Fig. Component Planes Liver. Individual component planes for some of the important ra-
diation dosage biomarkers in liver. Untreated samples are shown in white, 0 Gy samples are
light grey, 10 Gy samples are dark grey, and 50 Gy samples are shown in black. Color indicates
the relative strength of the association between each metabolite and each node in the trained
map ranging from 0% (red) to 100% (blue).
(TIF)

S6 Fig. Component Planes Plasma. Individual component planes for bradykinin, the most
important plasma biomarker for high dosages of radiation, identified also by PLS-DA (Fig 6).
Untreated samples are shown in white, 0 Gy samples are light grey, 10 Gy samples are dark
grey, and 50 Gy samples are shown in black. Color indicates the relative strength of the associa-
tion between each metabolite and each node in the trained map ranging from 0% (red) to
100% (blue).
(TIF)

S1 Table. Ontologies used for CoolMAp classification. The relationship between metabolites
(left column) and their functional significance/metabolic pathway (right column) are defined.
(DOCX)

Metabolic Signatures of RILD

PLOSONE | DOI:10.1371/journal.pone.0124795 June 5, 2015 24 / 27

http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0124795.s003
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0124795.s004
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0124795.s005
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0124795.s006
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0124795.s007
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0124795.s008
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0124795.s009


Author Contributions
Conceived and designed the experiments: CG IK AG FM. Performed the experiments: LL POB
AG GS. Analyzed the data: IK POB AG GS RM. Contributed reagents/materials/analysis tools:
CG IK POB AG GS RM. Wrote the paper: IK AG SK CG.

References
1. Ingold JA, Reed GB, Kaplan HS, Bagshaw MA. Radiation hepatitis. Am J Roentgenol. 1965; 93:200–8.

PMID: 14243011

2. Reed GB, Cox JA. The human Liver after radiation injury. A form of veno-occlusive disease. Am J
Pathol. 1966; 48:597–611. PMID: 5327788

3. Guha C, Kavanagh BD. Hepatic radiation toxicity: avoidance and amelioration. Semin Radiat Oncol.
2011 Oct; 21(4):256–63. PubMed PMID: 21939854. Pubmed Central PMCID: 3434677. Epub 2011/09/
24. eng. doi: 10.1016/j.semradonc.2011.05.003

4. Lawrence TS, Robertson JM, Anscher MS, Jirtle RL, Ensminger WD, Fajardo LF. Hepatic toxicity re-
sulting from cancer treatment. International Journal of Radiation Oncology, Biology, Physics. 1995; 31
(5):1237–48. PMID: 7713785

5. Lawrence TS, Ten Haken RK, Kessler ML, Robertson JM, Lyman JT, Lavigne ML, et al. The use of 3-D
dose volume analysis to predict radiation hepatitis. International Journal of Radiation Oncology, Biolo-
gy, Physics. 1992; 23(4):781–8. PMID: 1618671

6. Cheng JC, Wu JK, Lee PC, Liu HS, Jian JJ, Lin YM, et al. Biologic susceptibility of hepatocellular carci-
noma patients treated with radiotherapy to radiation-induced liver disease. Int J Radiat Oncol Biol Phys.
2004 Dec 1; 60(5):1502–9. PubMed PMID: 15590181.

7. Dawson LA, Ten Haken RK. Partial volume tolerance of the liver to radiation. Semin Radiat Oncol.
2005 Oct; 15(4):279–83. PubMed PMID: 16183482.

8. Kennedy AS, McNeillie P, DezarnWA, Nutting C, Sangro B, Wertman D, et al. Treatment parameters
and outcome in 680 treatments of internal radiation with resin 90Y-microspheres for unresectable he-
patic tumors. Int J Radiat Oncol Biol Phys. 2009 Aug 1; 74(5):1494–500. PubMed PMID: 19157721.
eng. doi: 10.1016/j.ijrobp.2008.10.005

9. Lee MT, Kim JJ, Dinniwell R, Brierley J, Lockwood G, Wong R, et al. Phase I study of individualized ste-
reotactic body radiotherapy of liver metastases. J Clin Oncol. 2009 Apr 1; 27(10):1585–91. PubMed
PMID: 19255313. Epub 2009/03/04. eng. doi: 10.1200/JCO.2008.20.0600

10. Liang SX, Zhu XD, Lu HJ, Pan CY, Li FX, Huang QF, et al. Hypofractionated three-dimensional confor-
mal radiation therapy for primary liver carcinoma. Cancer. 2005 May 15; 103(10):2181–8. PubMed
PMID: 15812834.

11. McGinn CJ, Ten Haken RK, Ensminger WD, Walker S, Wang S, Lawrence TS. Treatment of intrahepa-
tic cancers with radiation doses based on a normal tissue complication probability model. J Clin Oncol.
1998 Jun; 16(6):2246–52. PubMed PMID: 9626227.

12. Fajardo LF, Colby TV. Pathogenesis of veno-occlusive liver disease after radiation. Arch Pathol Lab
Med. 1980; 104(11):584–8. PMID: 6893535

13. Sempoux C, Horsmans Y, Geubel A, Fraikin J, Van Beers BE, Gigot JF, et al. Severe radiation-induced
liver disease following localized radiation therapy for biliopancreatic carcinoma: activation of hepatic
stellate cells as an early event. Hepatology. 1997; 26(1):128–34. PMID: 9214461

14. Geraci JP, Mariano MS. Radiation hepatology of the rat: the effects of the proliferation stimulus induced
by subtotal hepatectomy. Radiation Research. 1994; 140(2):249–56. PMID: 7938474

15. Guha C, Sharma A, Gupta S, Alfieri A, Gorla GR, Gagandeep S, et al. Amelioration of radiation-induced
liver damage in partially hepatectomized rats by hepatocyte transplantation. Cancer Res. 1999; 59
(23):5871–4. PMID: 10606225

16. YannamGR, Han B, Setoyama K, Yamamoto T, Ito R, Brooks JM, et al. A nonhuman primate model of
human radiation-induced venocclusive liver disease and hepatocyte injury. Int J Radiat Oncol Biol
Phys. 2014 Feb 1; 88(2):404–11. PubMed PMID: 24315566. doi: 10.1016/j.ijrobp.2013.10.037

17. Held KD, Tuttle SW, Biaglow JE. Role of the pentose cycle in oxygen radical-mediated toxicity of the
thiol-containing radioprotector dithiothreitol in mammalian cells. Radiat Res. 1993 Jun; 134(3):383–9.
PubMed PMID: 8316633.

18. Tuttle S, Stamato T, Perez ML, Biaglow J. Glucose-6-phosphate dehydrogenase and the oxidative pen-
tose phosphate cycle protect cells against apoptosis induced by low doses of ionizing radiation. Radiat
Res. 2000 Jun; 153(6):781–7. PubMed PMID: 10825753.

Metabolic Signatures of RILD

PLOSONE | DOI:10.1371/journal.pone.0124795 June 5, 2015 25 / 27

http://www.ncbi.nlm.nih.gov/pubmed/14243011
http://www.ncbi.nlm.nih.gov/pubmed/5327788
http://www.ncbi.nlm.nih.gov/pubmed/21939854
http://dx.doi.org/10.1016/j.semradonc.2011.05.003
http://www.ncbi.nlm.nih.gov/pubmed/7713785
http://www.ncbi.nlm.nih.gov/pubmed/1618671
http://www.ncbi.nlm.nih.gov/pubmed/15590181
http://www.ncbi.nlm.nih.gov/pubmed/16183482
http://www.ncbi.nlm.nih.gov/pubmed/19157721
http://dx.doi.org/10.1016/j.ijrobp.2008.10.005
http://www.ncbi.nlm.nih.gov/pubmed/19255313
http://dx.doi.org/10.1200/JCO.2008.20.0600
http://www.ncbi.nlm.nih.gov/pubmed/15812834
http://www.ncbi.nlm.nih.gov/pubmed/9626227
http://www.ncbi.nlm.nih.gov/pubmed/6893535
http://www.ncbi.nlm.nih.gov/pubmed/9214461
http://www.ncbi.nlm.nih.gov/pubmed/7938474
http://www.ncbi.nlm.nih.gov/pubmed/10606225
http://www.ncbi.nlm.nih.gov/pubmed/24315566
http://dx.doi.org/10.1016/j.ijrobp.2013.10.037
http://www.ncbi.nlm.nih.gov/pubmed/8316633
http://www.ncbi.nlm.nih.gov/pubmed/10825753


19. Patterson AD, Lanz C, Gonzalez FJ, Idle JR. The role of mass spectrometry-based metabolomics in
medical countermeasures against radiation. Mass Spectrom Rev. May-Jun; 29(3):503–21. PubMed
PMID: 19890938. Epub 2009/11/06. eng. doi: 10.1002/mas.20272

20. Coy SL, Cheema AK, Tyburski JB, Laiakis EC, Collins SP, Fornace A Jr. Radiation metabolomics and
its potential in biodosimetry. Int J Radiat Biol. Aug; 87(8):802–23. PubMed PMID: 21692691. Epub
2011/06/23. eng. doi: 10.3109/09553002.2011.556177

21. Wikoff WR, Anfora AT, Liu J, Schultz PG, Lesley SA, Peters EC, et al. Metabolomics analysis reveals
large effects of gut microflora on mammalian blood metabolites. Proceedings of the National Academy
of Sciences of the United States of America. 2009 Mar 10; 106(10):3698–703. PubMed PMID:
19234110. Pubmed Central PMCID: 2656143. Epub 2009/02/24. eng. doi: 10.1073/pnas.0812874106

22. Holmes E, Li JV, Athanasiou T, Ashrafian H, Nicholson JK. Understanding the role of gut microbiome-
host metabolic signal disruption in health and disease. Trends in microbiology. 2011 Jul; 19(7):349–59.
PubMed PMID: 21684749. Epub 2011/06/21. eng. doi: 10.1016/j.tim.2011.05.006

23. Nicholson JK, Holmes E, Kinross J, Burcelin R, Gibson G, Jia W, et al. Host-gut microbiota metabolic in-
teractions. Science (New York, NY. 2012 Jun 8; 336(6086):1262–7. PubMed PMID: 22674330. Epub
2012/06/08. eng. doi: 10.1126/science.1223813

24. Guha C, Parashar B, Deb NJ, Garg M, Gorla GR, Singh A, et al. Normal hepatocytes correct serum bili-
rubin after repopulation of Gunn rat liver subjected to irradiation/partial resection. Hepatology. 2002; 36
(2):354–62. PubMed PMID: 12143043.

25. Guha C, Parashar B, Deb NJ, Sharma A, Gorla GR, Alfieri A, et al. Liver irradiation: a potential prepara-
tive regimen for hepatocyte transplantation. Int J Radiat Oncol Biol Phys. 2001; 49(2):451–7. PubMed
PMID: 11173140.

26. Evans AM, DeHaven CD, Barrett T, Mitchell M, Milgram E. Integrated, nontargeted ultrahigh perfor-
mance liquid chromatography/electrospray ionization tandemmass spectrometry platform for the iden-
tification and relative quantification of the small-molecule complement of biological systems. Analytical
chemistry. 2009 Aug 15; 81(16):6656–67. PubMed PMID: 19624122. Epub 2009/07/25. eng. doi: 10.
1021/ac901536h

27. Dehaven CD, Evans AM, Dai H, Lawton KA. Organization of GC/MS and LC/MSmetabolomics data
into chemical libraries. J Cheminform. 2(1):9. PubMed PMID: 20955607. Pubmed Central PMCID:
2984397. Epub 2010/10/20. eng. doi: 10.1186/1758-2946-2-9

28. Spearman C. The proof and measurement of association between two things Amer J Psychol. 1904;
15:72–101.

29. Caruso JC, Cliff N. Empirical Size, Coverage, and Power of Confidence Intervals for Spearman's Rho.
Ed and Psy Meas. 1997; 57:637–54.

30. Breiman L. Random Forests. Machine Learning. 2001; 45(1):5–32.

31. Kohonen T, Somervuo P. How to make large self-organizing maps for nonvectorial data. Neural net-
works: the official journal of the International Neural Network Society. 2002 Oct-Nov; 15(8–9):945–52.
PubMed PMID: 12416685. Epub 2002/11/06. eng.

32. Kurland IJ, Accili D, Burant C, Fischer SM, Kahn BB, Newgard CB, et al. Application of combined omics
platforms to accelerate biomedical discovery in diabesity. Annals of the New York Academy of Sci-
ences. 2013 May; 1287:1–16. PubMed PMID: 23659636. Pubmed Central PMCID: 3709136. doi: 10.
1111/nyas.12116

33. Johnson CH, Patterson AD, Krausz KW, Kalinich JF, Tyburski JB, Kang DW, et al. Radiation metabolo-
mics. 5. Identification of urinary biomarkers of ionizing radiation exposure in nonhuman primates by
mass spectrometry-based metabolomics. Radiat Res. 2012 Oct; 178(4):328–40. PubMed PMID:
22954391. Pubmed Central PMCID: 3498937.

34. Manna SK, Krausz KW, Bonzo JA, Idle JR, Gonzalez FJ. Metabolomics reveals aging-associated at-
tenuation of noninvasive radiation biomarkers in mice: potential role of polyamine catabolism and inco-
herent DNA damage-repair. J Proteome Res. 2013 May 3; 12(5):2269–81. PubMed PMID: 23586774.
Pubmed Central PMCID: 3678303. doi: 10.1021/pr400161k

35. Manna SK, Patterson AD, Yang Q, Krausz KW, Idle JR, Fornace AJ, et al. UPLC-MS-based urine meta-
bolomics reveals indole-3-lactic acid and phenyllactic acid as conserved biomarkers for alcohol-in-
duced liver disease in the Ppara-null mouse model. J Proteome Res. 2011 Sep 2; 10(9):4120–33.
PubMed 21749142. Pubmed Central PMCID: PMID: 3170755. Epub 2011/07/14. eng. doi: 10.1021/
pr200310s

36. Johnson CH, Patterson AD, Krausz KW, Lanz C, Kang DW, Luecke H, et al. Radiation metabolomics.
4. UPLC-ESI-QTOFMS-Based metabolomics for urinary biomarker discovery in gamma-irradiated rats.
Radiation research. Apr; 175(4):473–84. PubMed PMID: 21309707. Pubmed Central PMCID:
3089756. Epub 2011/02/12. eng. doi: 10.1667/RR2437.1

Metabolic Signatures of RILD

PLOSONE | DOI:10.1371/journal.pone.0124795 June 5, 2015 26 / 27

http://www.ncbi.nlm.nih.gov/pubmed/19890938
http://dx.doi.org/10.1002/mas.20272
http://www.ncbi.nlm.nih.gov/pubmed/21692691
http://dx.doi.org/10.3109/09553002.2011.556177
http://www.ncbi.nlm.nih.gov/pubmed/19234110
http://dx.doi.org/10.1073/pnas.0812874106
http://www.ncbi.nlm.nih.gov/pubmed/21684749
http://dx.doi.org/10.1016/j.tim.2011.05.006
http://www.ncbi.nlm.nih.gov/pubmed/22674330
http://dx.doi.org/10.1126/science.1223813
http://www.ncbi.nlm.nih.gov/pubmed/12143043
http://www.ncbi.nlm.nih.gov/pubmed/11173140
http://www.ncbi.nlm.nih.gov/pubmed/19624122
http://dx.doi.org/10.1021/ac901536h
http://dx.doi.org/10.1021/ac901536h
http://www.ncbi.nlm.nih.gov/pubmed/20955607
http://dx.doi.org/10.1186/1758-2946-2-9
http://www.ncbi.nlm.nih.gov/pubmed/12416685
http://www.ncbi.nlm.nih.gov/pubmed/23659636
http://dx.doi.org/10.1111/nyas.12116
http://dx.doi.org/10.1111/nyas.12116
http://www.ncbi.nlm.nih.gov/pubmed/22954391
http://www.ncbi.nlm.nih.gov/pubmed/23586774
http://dx.doi.org/10.1021/pr400161k
http://www.ncbi.nlm.nih.gov/pubmed/3170755
http://dx.doi.org/10.1021/pr200310s
http://dx.doi.org/10.1021/pr200310s
http://www.ncbi.nlm.nih.gov/pubmed/21309707
http://dx.doi.org/10.1667/RR2437.1


37. Li Z, Agellon LB, Vance DE. Phosphatidylcholine homeostasis and liver failure. The Journal of biologi-
cal chemistry. 2005 Nov 11; 280(45):37798–802. PubMed PMID: 16144842.

38. Gallazzini M, Burg MB. What's new about osmotic regulation of glycerophosphocholine. Physiology
(Bethesda). 2009 Aug; 24:245–9. PubMed PMID: 19675355. Pubmed Central PMCID: 2943332. Epub
2009/08/14. eng. doi: 10.1152/physiol.00009.2009

39. Huang KC, Yang CC, Lee KT, Chien CT. Reduced hemodialysis-induced oxidative stress in end-stage
renal disease patients by electrolyzed reduced water. Kidney international. 2003 Aug; 64(2):704–14.
PubMed PMID: 12846769.

40. Liu M, Liang Y, Chigurupati S, Lathia JD, Pletnikov M, Sun Z, et al. Acute kidney injury leads to inflam-
mation and functional changes in the brain. J Am Soc Nephrol. 2008 Jul; 19(7):1360–70. PubMed
PMID: 18385426. Pubmed Central PMCID: 2440297. doi: 10.1681/ASN.2007080901

41. Takemura K, Aoyagi K, Nagase S, Gotoh M, Hirayama A, Ueda A, et al. Biosynthesis of methylguani-
dine in the hepatic peroxisomes and the effect of the induction of peroxisomal enzymes by clofibrate.
Nephron. 1998; 78(1):82–7. PubMed PMID: 9453408.

42. Deguchi T, Ohtsuki S, Otagiri M, Takanaga H, Asaba H, Mori S, et al. Major role of organic anion trans-
porter 3 in the transport of indoxyl sulfate in the kidney. Kidney international. 2002 May; 61(5):1760–8.
PubMed PMID: 11967025. Epub 2002/04/23. eng.

43. Takayama F, Taki K, Niwa T. Bifidobacterium in gastro-resistant seamless capsule reduces serum lev-
els of indoxyl sulfate in patients on hemodialysis. Am J Kidney Dis. 2003 Mar; 41(3 Suppl 1):S142–5.
PubMed PMID: 12612972. Epub 2003/03/04. eng.

Metabolic Signatures of RILD

PLOSONE | DOI:10.1371/journal.pone.0124795 June 5, 2015 27 / 27

http://www.ncbi.nlm.nih.gov/pubmed/16144842
http://www.ncbi.nlm.nih.gov/pubmed/19675355
http://dx.doi.org/10.1152/physiol.00009.2009
http://www.ncbi.nlm.nih.gov/pubmed/12846769
http://www.ncbi.nlm.nih.gov/pubmed/18385426
http://dx.doi.org/10.1681/ASN.2007080901
http://www.ncbi.nlm.nih.gov/pubmed/9453408
http://www.ncbi.nlm.nih.gov/pubmed/11967025
http://www.ncbi.nlm.nih.gov/pubmed/12612972

