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Abstract

Developing predictive and transparent approaches to the analysis of metabolite profiles across patient cohorts is
of critical importance for understanding the events that trigger or modulate traits of interest (e.g., disease progres-
sion, drug metabolism, chemical risk assessment). However, metabolites’ chemical structures are still rarely used in
the statistical modeling workflows that establish these trait-metabolite relationships. Herein, we present a novel

cheminformatics-based approach capable of identifying predictive, interpretable, and reproducible trait-metabolite
relationships. As a proof-of-concept, we utilize a previously published case study consisting of metabolite profiles from
non-small-cell lung cancer (NSCLC) adenocarcinoma patients and healthy controls. By characterizing each structurally
annotated metabolite using both computed molecular descriptors and patient metabolite concentration profiles, we
show that these complementary features enhance the identification and understanding of key metabolites associ-
ated with cancer. Ultimately, we built multi-metabolite classification models for assessing patients’ cancer status using
specific groups of metabolites identified based on high structural similarity through chemical clustering. We subse-
quently performed a metabolic pathway enrichment analysis to identify potential mechanistic relationships between
metabolites and NSCLC adenocarcinoma. This cheminformatics-inspired approach relies on the metabolites’ structural

with respect to the identification of novel biomarkers.

structure

features and chemical properties to provide critical information about metabolite-trait associations. This method
could ultimately facilitate biological understanding and advance research based on metabolomics data, especially
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Introduction

The metabolome is an individual’s phenotype at the
molecular level [1-4]. Profiling metabolites (i.e., small
molecule with molecular weight<1500 Da) present
in a given sample (e.g., serum, plasma, urine) enables
in-depth investigations into various biochemical per-
turbations with internal (e.g., disease, drug metabo-
lites, microbiome) and external (e.g., exposome, drugs)
origins. A major advantage of metabolomic profiling
over other omics methodologies is its high sensitivity to
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modulations of biological pathways that play a mechanis-
tic role in these biochemical events.

The potential for certain metabolites to be discov-
ered as disease biomarkers has resulted in a rapidly
expanding body of metabolomics studies. For instance,
metabolomics has been used to search for biomark-
ers for colon cancer [5, 6], multiple sclerosis [7], and
Alzheimer’s disease [8-10]. Drug discovery efforts
routinely use metabolomics to study the efficacy, tox-
icity, and pharmacokinetic/pharmacodynamic prop-
erties of drug candidates and their metabolites [11].
Furthermore, the field of pharmacometabolomics
has emerged as a useful field to investigate the role of
metabolites in drug response [12—14]. Metabolomics is
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utilized by medicinal chemists to investigate the in vivo
mechanism of action of lead compounds and to more
efficiently screen chemicals for their ability to cause
adverse side effects.

While chemical structure is at the centerpiece of the
metabolites’ structure elucidation stage in any metabo-
lomics study [15-17], it is very often underutilized in the
downstream trait association analysis. As underscored
by recent papers [4, 18], the ability to conduct in-depth
analysis of metabolomics datasets could be significantly
improved through careful consideration of metabolites’
chemical structure. This is exactly what cheminformatics
approaches have been developed for: to rapidly, quanti-
tatively, and systematically characterize the structural
features of chemicals via the standardized calculation
of molecular descriptors [19]. Therefore, one can envi-
sion further representation of metabolites by comput-
ing quantitative molecular descriptors to characterize
their chemical structures. In that regard, a recent analysis
[20] comparing the similarity of drugs’ chemical struc-
tures with endogenous human metabolites found that
90% of marketed drugs have a medium-to-high similar-
ity (Tanimoto>0.5) to their most structurally similar
human metabolite. Also recently, new algorithms have
been developed to efficiently search metabolic networks
using chemical fingerprints, demonstrating that metabo-
lites in shared metabolic pathways have similar chemi-
cal structure [21]. The MetamapR network visualization
tool [22, 23] has demonstrated that grouping metabolites
by chemical classes can be used to generate hypotheses
regarding the cellular processes related to an observed
phenotype. The same research group has recently
deployed ChemRICH [24], a tool for grouping metabo-
lites by chemical similarity instead of biological annota-
tion for enrichment analysis. However, to our knowledge,
these methods have not been incorporated yet into a pre-
dictive modeling workflow. Overall, the chemical struc-
tures of metabolites are information-rich but have not yet
been the centerpiece for a method to analyze and reliably
model metabolomics datasets to establish more inter-
pretable trait-metabolite relationships.

While there are numerous ways of determining enzy-
matic relationships between metabolites (e.g., by pathway
or reaction pair databases [25—29]), these approaches are
considerably limited by the lack of annotation of meta-
bolic pathways, particularly for understudied organisms
[22]. Detecting modules within metabolite profile corre-
lation networks may capture some biochemical relation-
ships between metabolites; however, this is complicated
by the fact that neighbors in metabolic pathways do not
always have high correlation [30] and confounding vari-
ations can be caused by other factors such as the tran-
scriptional regulation of enzymes [31].
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Multi-metabolite models (i.e., models that take as input
multiple metabolite concentrations and predict a trait of
interest) can improve upon the prediction performance
of single metabolite models. However, single metabo-
lite models are still mostly used in biomarker discovery,
because multi-metabolite models often suffer in inter-
pretability [32, 33]. In biochemical reactions, enzymes
catalyze the conversion between chemically similar com-
pounds, so binning metabolites according to their struc-
tural similarity for multi-metabolite models is likely to
group metabolites that are biochemically linked, and that
share the same trait-metabolite relationships [22, 23, 34].
This is intuitively appealing, since the biological effect of
interest often operates at the level of biochemical path-
ways [35]. This approach may improve upon the predic-
tivity of single metabolite models, while maintaining their
desired interpretability, as the resulting models can still
suggest pathways mechanistically linked to the trait of
interest. The metabolites discovered by this approach and
their associated pathways could then be investigated with
complementary methods (e.g., targeted metabolomics,
isotope labeling) [35]. The biochemical relatedness of
the metabolites within these models could provide new
interpretations of metabolomics data and potentially lead
to trait-metabolite associations that would have other-
wise been missed using alternative approaches.

Herein, we present a cheminformatics method [36]
that leverages multi-metabolite modeling approach in
conjunction with a chemical-informed clustering. We
applied this approach to an adenocarcinoma lung can-
cer case study. Our main goal was to identify groups of
structurally related metabolites linked to pathways with
mechanistic and/or influential roles in lung cancer. We
hypothesized that structure-based clustering of metabo-
lites could help establishing more predictive, interpret-
able, and reproducible multi-metabolite classifiers for
patient cancer status compared to alternative approaches.

Results and discussion
Subject sample collection and metabolomics profiling
As a proof-of-concept for our method, we considered
a data set that was originally collected and analyzed by
Fahrmann et al. [37]. This study identified blood bio-
markers for adenocarcinoma lung cancer. Multi-metabo-
lite models were shown to be highly predictive of cancer
status in an independently conducted case study. There-
fore, we wanted to determine if using metabolite chemi-
cal structure to form new multi-metabolite models could
further improve the prediction performances, while
enhancing the model’s interpretability.

The data set was accessed from the Metabolomics
Workbench public repository (www.metabolomicswor
kbench.org [38]) under study numbers ST000385 and
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ST000386. Subjects diagnosed with NSCLC stage I-IV
adenocarcinoma were recruited by the UC Davis Medi-
cal Center and Cancer Center Clinics. Additional file 1:
Table S1 shows the distribution of the patients’ charac-
teristic variables (which were frequency matched by
design). The patient characteristic distributions matched
the data reported in Fahrmann et al. [37] except that
one plasma cancer case was missing in the training set
provided by the Metabolomics Workbench. The ADC1
(training) set contained 51 plasma and 49 serum sam-
ples collected from NSCLC stage [-IV adenocarcinoma
patients. Plasma and serum samples were also collected
from 31 healthy controls. The ADC2 (test) set consisted
of 43 NSCLC stage I-IV adenocarcinoma patients and 43
healthy control plasma and serum samples. ADC2 was
an independently conducted case study, meaning that the
data was collected on different patients, and it was col-
lected and analyzed at different times. This presented us
with the opportunity to assess how well our predictive
models would generalize to this independently collected,
external test set. Importantly, the untargeted metabo-
lomics analysis was performed by the same laboratory
(WCMC Metabolomics Core at the University of Califor-
nia, Davis). Gas chromatography time-of-flight (GCTOF)
mass spectrometry untargeted metabolomics analysis
was performed using plasma and serum samples col-
lected from each patient. Metabolites were structurally
annotated by matching their mass spectra to the Fiehn
library of 1200 authentic metabolite mass spectra [39].
Further details on the subject cohort, sample collection,
metabolomics profiling can be found in Fahrmann et al.
[37].

Differences between training and test sets

In total, 130 metabolites were retained based on the
actual detection and availability of structural annota-
tions in plasma and serum samples from both ADC1
and ADC2 sets (see Methods). Volcano plots identified
metabolites with large fold changes in terms of mean
relative abundance between cancer and control patients
that were statistically significant (FDR <0.075, Additional
file 1: Figure S1). Surprisingly, metabolites with large
shifts in distribution were not consistent across data sets
(ADC1/ADC2) or tissues (plasma/serum). The disagree-
ment between ADC1 and ADC2 suggested some level of
heterogeneity between the ADC1 and ADC2 samples.
Figure 1 illustrates how some metabolites (e.g., xylose,
maltose, maltotriose) in ADC2 showed large shifts in
intensities relative to ADC1 for both cancer and control
patients. To further explore these differences, we con-
ducted a PCA of the entire metabolite profiles of both
ADC1 and ADC2 patients (Fig. 2a, b). We found large
differences between the ADC1 and ADC2 patients in
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the same cancer status group, with a separation much
larger than that between cancer and control patients.
Both plasma and serum had much more variation within
health state group (plasma BSS/TSS: .025, serum BSS/
TSS: .023) than between health state. When metabolite
profiles were filtered so that only the significant metabo-
lites (i.e. those found with significant difference in mean
intensities between cancer and control) for plasma or
serum were utilized (Fig. 2¢, d), variance explained by
the health state group was higher, for serum in particu-
lar (plasma BSS/TSS: .082, serum BSS/TSS: .16), though
the percentage of total variation explained by cancer sta-
tus was still low. This indicated that models constructed
using the entire set of ADC1 metabolites would be vul-
nerable to overfitting and likely demonstrate poor predic-
tivity on the external ADC2 set.

Heatmaps for the 25 metabolites with the most signifi-
cantly different mean log intensities between ADC1 and
ADC2 prior to total quantity normalization further illus-
trate the differences between these data sets (Additional
file 1: Figures S2 and S3). A few of these metabolites were
significantly associated with cancer status and selected
for our classification models (e.g., xylose and cystine in
serum, maltose in plasma). However, later we will show
that classifiers trained on these ADC1 metabolite profiles
resulted in poor prediction performance for the ADC2
test set. As illustrated in Fig. 1, most of the metabolites
with these large shifts in mean do not have the statisti-
cal ADC1-determined significance reproduced in ADC2.
Many metabolites shown in Additional file 1: Figures S2
and S3 were not chosen for the classification models,
but still had dramatic shifts in mean. These metabolites
create substantial differences in bias for the ADC1 and
ADC2 metabolites once total quantity normalization is
performed. This could partially explain the lack of repro-
ducibility of statistical significance of metabolites as
shown in Fig. 1.

For an untargeted metabolomics analysis, total quantity
normalization has been shown to be an effective strategy
for controlling for many sources of analytical variation
(e.g., extraction or derivatization process) in the absence
of an accepted reference metabolite [40]. However, our
results confirmed that this normalization strategy does
not control for all variation between studies (which may
be attributed to a number of causes, such as sample
heterogeneity or methodological variation) [41]. Also,
when there are large changes in metabolite intensities
associated with a phenotype of interest, the normaliza-
tion procedure can introduce bias that might lead to the
detection of spurious associations in other metabolites
[42]. To ensure the results are useful in clinical practice,
researchers often conform to the clinical norm of total
quantity normalization. Later, our classifier prediction
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performance results will suggest that the considerable
noise that remains after total quantity normalization
could be better controlled for by the careful construction
of multi-metabolite classifiers.

High structural similarity for metabolites significantly
associated with cancer

The cheminformatics approach described in this study is
based on characterizing metabolites’ structural proper-
ties by computing molecular fingerprints and then clus-
tering those metabolites based on chemical similarity. We
used the MACCS 166 bit fingerprint [43], a standard class
of structural keys used in the cheminformatics commu-
nity, to represent and characterize metabolites’ chemical
structures instead of the 881 bit PubChem fingerprints
used by MetaMapR and ChemRICH [22-24]. Both types
of fingerprints are interpretable, with bits simply indi-
cating presence/absence of chemical substructures. The
MACCS fingerprint was selected because in a number of

studies on the use of molecular fingerprints for de novo
reconstruction of metabolic networks [44, 45], more
complex fingerprints (e.g., PubChem and the extended
CDK fingerprint [46]) were shown to only have margin-
ally improved prediction performances. Practically, we
noticed little change in the clustering results when the
ECEFP6 [47] fingerprints were used to encode metabolite
structures (results not shown). MACCS keys were thus
selected due to their simplicity and interpretability.

To examine whether the metabolites significantly
associated with health status also had similar chemical
structures, we conducted a hierarchical clustering of all
the metabolites based on this fingerprint. Interestingly,
Fig. 3 highlights a cluster containing a high proportion
of significant metabolites across each data set. In other
words, we identified a set of structurally similar metabo-
lites whose significant differences are reproducible across
samples (plasma and serum) and data sets (ADC1 and
ADC2). This provides multiple lines of evidence that
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these associations are biologically meaningful and not an
artifact of the sample preparation or methodology.

For all data sets except ADC1 plasma, there were
more significant metabolites in the chemically similar
cluster than would be expected by chance (FDR<.05).
This cluster contained glutamic acid, aspartic acid,
glutamine, asparagine, N-acetylglutamate, and cys-
tine (Fig. 4). All of these metabolite profiles except
cystine were found significant in the plasma ADC2
set (Fig. 1). Importantly, aspartic acid, glutamic acid,
and cystine were significant in both ADC1 and ADC2
serum sets. These metabolites were clustered together
because of their high structural similarity: as amino

acids or close derivatives, they share several key func-
tional groups (e.g., carboxylic acid, amine, amide) and
every metabolite except cystine has a primary, aliphatic
carbon chain including 4 or 5 carbons. Figure 5 shows
the same metabolite dendrogram as Fig. 3, except that
metabolites were labeled based on their associated
membership in the actual biological pathways found to
have significant differences between cancer and control
patients according to our pathway enrichment analysis
(FDR <.05). Again, we analyzed the same cluster con-
taining a high proportion of significant metabolites
across samples and data sets. For each pathway, we per-
formed an enrichment analysis as was done for Fig. 3.
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Fig. 3 Integrated circular dendrogram generated using MACCS fingerprint with average linkage and Soergel distance. A cell next to a metabolite
name is colored green if the metabolite has a significant difference in mean relative abundance between for cancer versus control patients in one
of the data sets (ADC1/ADC2, serum/plasma) after correction for multiple testing. Metabolites names are colored green if they were significant in at
least one data set. Fisher exact test for greater probability of significance for metabolites within the highlighted cluster (orange) than those without
*(FDR<.05), ** (FDR<.01), *** (FDR <.001). The metabolites highlighted in blue were selected by our multi-metabolite procedure to form the best

classifier without using information about the test set

In serum and plasma, several significantly enriched
metabolic pathways were found to have more metabo-
lites in the cluster of interest than would be expected
by chance. Two pathways in Serum (alanine, aspar-
tate, and glutamate metabolism; cyanoamino acid
metabolism) and three pathways in Plasma (histidine
metabolism, purine metabolism, and nitrogen metabo-
lism) showed enrichment for significant metabolites
within that particular cluster of interest (FDR<.05).
Interestingly, N-acetylglutamate was not a member
of any significantly enriched pathway. In plasma, four
metabolites (glutamic acid, aspartic acid, glutamine,

and asparagine) belong to the significantly enriched
nitrogen metabolism pathway (FDR=0.0097). In this
particular pathway, both asparagine and glutamine
are metabolized to aspartic and glutamic acid, respec-
tively, which is reflected in the concentration of these
metabolites for cancer and healthy patients (Fig. 4).
Glutamine and asparagine showed a large decrease
in mean concentration for patients with cancer, while
aspartic acid and glutamic acid showed a large increase.
In serum, the alanine, aspartate and glutamate metab-
olism pathway also contained these four metabolites
(FDR=0.022).
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[49, 50], in which an increased reliance on glutamine
instead of glucose for oxidative phosphorylation and
NADPH generation has been suggested. The adenocar-
cinoma associated reduction in cystine has also been
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reproduced [49]. The SLC7A11 amino acid antiporter,
which may also be up-regulated in adenocarcinoma
[49], imports cystine and exports glutamate. A reduc-
tion of cystine could indicate an increase in its intra-
cellular concentration as well as its reduction product,
cysteine, which could regulate glutathione biosynthesis
[49, 51].

It was particularly interesting that 4 out of 6 metab-
olites (glutamic acid, aspartic acid, cystine and glu-
tamine) in the cluster of interest were found to be
significant in both blood matrices. It has been previ-
ously noted that, although some metabolite concentra-
tions may be higher on average in serum than plasma
(resulting in higher sensitivity to detect significant low
abundance metabolites), many of the metabolites with
significant differences in both matrices were highly
correlated [52, 53]. However, differences in the blood
matrix and sample preparation are likely to result in
some discrepancies between metabolite profiles [52,
53]. Fahrmann et al. [37] recommended using serum
blood matrix for diagnosis of adenocarcinoma due to
its higher sensitivity. Therefore, when we constructed
the metabolite classifiers, we focused on optimizing the
prediction performance of serum classifiers.

Additional cheminformatics clustering of significant
plasma and serum metabolites according to their chemical
structure

Our analysis in the previous section suggested that,
when there is a cluster of chemically similar metabo-
lites significantly associated with adenocarcinoma, the
relationship is potentially highly reproducible, and a
mechanistic interpretation can be assigned to that clus-
ter. Below, we tested whether this principle could be
incorporated into a predictive modeling workflow.

In order to bin metabolites for the construction of
multi-metabolite classifiers, the set of metabolites
that were significantly associated with cancer status in
either serum or plasma ADC1 were further clustered
according to chemical structure similarity. The method
for deciding the optimal number of clusters when using
hierarchical clustering is illustrated in the Additional
file 1: Figure S4, along with the heat maps for the corre-
sponding distance matrix and cluster assignments.

For serum samples, only one cluster contained multi-
ple significant metabolites (aspartic acid, glutamic acid
and cystine) (Additional file 1: Figure S4). Clustering of
plasma metabolites resulted in several clusters with mul-
tiple metabolites (Cluster 1: 3-phosphoglycerate, pyroph-
osphate; Cluster 2: citrulline, cystine, histidine, lysine;
Cluster 3: maltose, maltotriose).

We also tested whether the same clusters of metab-
olites could be detected by the Spearman or partial
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correlations of patient metabolic profiles (which means
absolutely no information about chemical structures).
Hierarchical clustering was performed using either
Spearman or partial correlation distances (1—absolute
correlation) and the average linkage between clusters
(Additional file 1: Figure S5). The cluster assignments
differed from those obtained by chemical structure in
serum—only glutamic acid and aspartic acid were clus-
tered together and cystine was in a separate cluster.
The cluster assignments also significantly differed for
plasma, where only two clusters were identified in both
the spearman and partial correlation networks (Cluster
1: histidine, cystine, tryptophan, lysine, citrulline; Clus-
ter 2: maltotriose, maltose, adenosine-5-phosphate,
pyrophosphate, 3-phosphoglycerate).

We also tested whether the similar clusters of metab-
olites could be detected by MetaMapp or ChemRICH
approaches (see Method section). Additional file 1:
Figure S6 shows the MetaMapp networks inferred for
metabolites significant in serum and plasma. Chem-
RICH did not find any significantly enriched clusters
when adjusted p values were provided for serum or
plasma metabolites. Instead, we provided unadjusted
p values. Additional file 1: Figure S7 shows the signifi-
cantly enriched clusters in serum and plasma. The clus-
ter assignments found by both methods differed from
our chemical structure clustering approach. See the
Additional file 1: Results and Discussion for further
discussion.

Serum classifiers trained on ADC1 and validated with ADC2
Serum logistic regression classification models were
constructed utilizing only metabolites that were found
to be significant in the serum ADCI1 training set.
Table 1 shows the LOOCV prediction performances
afforded by the single- and multi-metabolite classifiers.
Cystine and Oxalic Acid were the best performing sin-
gle-metabolite models with both models affording 70%
prediction accuracy to separate cancer patients versus
healthy controls. When significant serum metabolites
were clustered to form multi-metabolite models, only
one cluster contained multiple metabolites (aspartic
acid, glutamic acid and cystine) (Additional file 1: Fig-
ure S4). Importantly, the multi-metabolite approach
based on these three selected metabolites per-
formed considerably better than any single metabolite
approach with an overall prediction accuracy of 76.3%.
This model afforded a good sensitivity (77.6%), while
maintaining high specificity (74.2%).

Validation with an external test set is essential to deter-
mining the efficacy of a predictive model [54]. In order to
assess the utility of these classifiers for an independently
conducted case study, the models were trained using all
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Table 1 Performance measures for selected serum models predicting cancer status
ADC1 (training) LOOCV ADC2 (test) external validation
Accuracy (%) Sensitivity (%) Specificity (%) AUC Accuracy (%) Sensitivity (%) Specificity (%) AUC
Single metabolite classifiers
Aspartic Acid 625 40.8 96.8 0.698 79.1 62.8 953 0.862
Cystine 70.0% 755 61.3 0685  55.8* 76.7 349 0677
Glutamic Acid 62.5 429 935 0.687 76.7 65.1 884 0.846
Oxalic Acid 70.0% 83.7 484 0.65 57.0% 884 256 0.649
Multi-metabolite classifiers—clustered metabolites
Cluster 12 SYMP 76.3% 776 74.2 0.751 84.9% 721 97.7 0.856

Asterisk represents best model accuracies according to LOOCV. Best model accuracies according to external validation accuracy are underlined

2 Aspartic acid, cystine, glutamic acid

b Support vector machines

ADCI1 serum samples and their external prediction per-
formances were assessed on the ADC2 set. This ena-
bled us to assess how well our models generalized to an
independent study in the presence of considerable batch
effects (Figs. 1, 2).

The optimal serum single metabolite models that
would have been selected according to LOOCV accu-
racy on ADC1 were cystine and oxalic acid (70%). How-
ever, these single metabolite classifiers afforded very
poor prediction accuracy on the ADC2 test set (55.8 and
57%, respectively). Importantly, if the best performing
model was selected according to LOOCV accuracy on
the ADCI1 training set, the SVM multi-metabolite model
using a cluster of metabolites (aspartic acid, glutamic
acid and cystine) would have been selected (76.3%). This
model consisted of all of the metabolites in the previ-
ously highlighted cluster of interest that were significant
in serum ADCI. The classifier obtained better predic-
tion accuracy on the ADC2 test set than any other serum
classifier (84.9%). This model had very high specificity
(97.7%), while maintaining high sensitivity (72.1%). This
is desirable, as these biomarkers were intended to com-
plement other diagnostic tools that have a high false pos-
itive rate, like low dose computed tomography [37]. This
result is significant not only because this model demon-
strated the best prediction performances for both ADC1
and ADC2, but also because the internal LOOCYV pro-
cedure employed for the ADC1 set selected the classifier
with the best prediction performance for ADC2, indicat-
ing that this multi-metabolite ensemble method has good
prediction performance in independent case studies. The
results obtained for all models (and not only the best per-
formers) are given in Additional file 1: Tables S3 and S4.

The same procedures used to train the multi-metab-
olite classifiers on clustered metabolites was used to
train multi-metabolite classifiers on all metabolite

and significant metabolite profiles (Additional file 1:
Table S3). On ADCI, the best performing approaches
obtained higher LOOCYV accuracies (81.3% and 83.8%
respectively), but these did not generalize well to ADC2
(50.0% and 59.3%). This was likely due to the fact that
these models included noise variables — metabolites like
xylose that showed significant separation between cancer
control in ADC1, but not ADC2.

The serum metabolites within our best multi-metab-
olite classifier were linked by multiple pathways (e.g.,
alanine, aspartate and glutamate metabolism, cysteine
and methionine metabolism). The serum metabolites in
our model provide several lines of evidence for sharing a
common biological mechanism in NSCLC adenocarci-
noma. Furthermore, these metabolites clustered together,
while all others clustered into singletons, demonstrat-
ing that this method can group biologically meaning-
ful metabolites, distinguishing them from the noise and
leading to improvements in prediction performance.
Taken together, these results support our conclusion that
our cheminformatics-based approach to the construction
of multi-metabolite classifiers provided us with a more
predictive model than more traditional single metabolite
approaches, while maintaining the interpretability of sin-
gle metabolite models.

In their original study, Fahrmann et al. [37] built sin-
gle metabolite classifiers on metabolites significant
associated with adenocarcinoma and then built multi-
metabolite classifiers by iteratively including them into
ensembles. The single metabolite classifier with the high-
est accuracy was added first, then the classifier with the
next highest accuracy was added, and so on. The multi-
metabolite ensembles classified samples by majority
vote, and the prediction performance was evaluated at
each iteration. By performing chemical structure cluster-
ing on the significant metabolites, our multi-metabolite
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classifier approach was able to better separate signal vari-
ables from the noise. This resulted in improved predic-
tion performance compared to multi-metabolite classifier
that would have been selected based on LOOCV accu-
racy in the original study (ADC1 72.5%, ADC2 64.0%).
Further advantages of our method are that the metabo-
lites in our best multi-metabolites classifiers have known
chemical structures and are biochemically linked because
they are chemically similar.

Plasma classifiers trained on ADC1 and validated

with ADC2

Similarly, plasma classification models were constructed
utilizing the plasma metabolites found significant in the
ADCI training set. Table 2 shows the LOOCV predic-
tion performances obtained on the ADCI set for sin-
gle- and multi-metabolite classifiers. Maltose was the
best performing single metabolite model (74.4% accu-
racy). However, this model demonstrated poor predic-
tive performance on the ADC2 data set (57% accuracy).
Chemical structure clustering of the plasma metabolites
resulted in three clusters with more than one metabolite
(Additional file 1: Figure S4). The optimal multi-metabo-
lite classifier was the SVM model trained on the 3-phos-
phoglycerate and pyrophosphate cluster (80.5% LOOCV
accuracy) and this model also led to relatively high pre-
diction accuracy on the ADC2 external set (70.9% accu-
racy). The results obtained for all models (and not only
the best performers) are given in Additional file 1: Tables
S4 and S5.

This modeling method also improved on the multi-
metabolite classifiers built on all metabolites (ADC1
79.3%, ADC2 69.8%), and significant metabolites (ADC1
78.0%, ADC2 69.8%) (Additional file 1: Table S5). Again,
this supports our conclusion that our multi-metabolite
approach results in reproducible and robust predic-
tion performances. The prediction accuracies were
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comparable to that obtained by the five metabolite
ensemble reported in the Fahrmann et al. [37] study
(79.5% ADC1, 73.3% ADC2), but again the ensem-
ble metabolites in our model are biochemically linked.
Pyrophosphate and 3-phosphoglycerate were not
grouped by any annotated pathway, but are biochemi-
cally linked. Phosphoglycerate kinase catalyzes the trans-
fer of phosphate from 1,3-bisphosphoglycerate to ADP,
forming 3-phosphoglycerate and ATP, which can then be
hydrolyzed to ADP and pyrophosphate. Recent studies
have reproduced the adenocarcinoma associated reduc-
tion of 3-phosphoglycerate [49, 50].

Altogether, the metabolite classifier results suggested
that, when the difference between the cancer and control
patient metabolite profiles was substantial enough, the
signal in the data could be detected by single metabo-
lite classifiers in both the ADC1 and ADC2 set. This is
true despite the noise introduced by unwanted sources
of variation observed in Figs. 1 and 2. However, building
multi-metabolite classifiers based on clusters of metabo-
lites with high similarity in chemical structure was deter-
mined to be an effective strategy for further removing
noise in the data and improving prediction performances.

Materials and methods

Data preprocessing

Unless otherwise noted, all data analysis was performed
in R (v3.3.2, [55]). To ensure that models were being
built with the same metabolite profiles in ADC1/ADC2
and Plasma/Serum, only retained for the analysis were
the 130 metabolites that (1) had fully determined chemi-
cal structures and (2) were detected in at least one sam-
ple in each data set. Missing metabolite intensities were
imputed using half of the minimum intensity observed
for that metabolite. Intensities were total quantity nor-
malized and log base 2 transformed to correct for non-
homogeneity of variance. Importantly, the curated

Table 2 Performance measures for selected plasma models predicting cancer status

ADC 1 (training) LOOCV

ADC2 (test) external validation

Accuracy (%)  Sensitivity (%) Specificity (%) AUC Accuracy (%) Sensitivity (%) Specificity (%) AUC
Single metabolite classifiers
3-phosphoglycerate  70.7 60.8 87.1 0.734 512 349 674 0.578
Maltose 74.4% 824 613 0701  57.0* 62.8 51.2 0.607
Pyrophosphate 69.5 66.7 742 0703 767 674 86.0 0811
Multi-metabolite classifiers—clustered metabolites
Cluster 1% SYMP 80.5% 86.3 710 0713 709* 72.1 69.8 0.675

Asterisk represents best model accuracies according to LOOCV accuracy. Best model accuracies according to external validation accuracy are underlined

2 3-Phosphoglycerate, pyrophosphate

b Support vector machines
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datasets as well as all scripts used for this study are pro-
vided in the Additional file 2 to ensure the reproducibility
of this study.

Differences between training and test sets

The differences between the ADC1 and ADC2 samples
were analyzed by means of principal components analysis
(PCA) and metabolite profile heat maps using Metabo-
Analyst [28]. Metabolite profiles were auto-scaled prior
to these analyses. We quantified the metabolite profile
variation between patients in the same health state group
using within group sum of squares (WSS) and the metab-
olite profile variation between health state groups using
between group sum of squares (BSS). The proportion of
total metabolite variation explained by cancer state can
be quantified using the between group sum of squares
and total sum of squares ratio (BSS/(BSS+ WSS)=BSS/
TSS).

Pathway analysis

Pathway overrepresentation analysis was conducted
using MetaboAnalyst [28, 56] v3.0. The KEGG [57]
Homo sapiens pathway library was used for the pathway
enrichment analysis. A hypergeometric test (FDR<.05)
was used to determine the pathways that contained more
metabolites significantly associated with cancer status
than would be expected by chance.

Differential analysis

A differential analysis on the ADCI training set deter-
mined the existence of significant differences between
case and control mean metabolite intensities according
to the procedure reported in Fahrmann et al. [37] Metab-
olite profiles were “covariate adjusted’;, meaning they
were regressed on the gender and smoking history of
each subject and the residuals were used for differential
analysis. Univariate Monte Carlo permutation t-tests [58]
were performed for each metabolite separately (100,000
permutations) using the package deducer [59]. A Benja-
mini—Hochberg correction for multiple testing [60] was
employed with FDR significance threshold of 0.075. This
FDR threshold found significant all of the structurally
annotated metabolites reported by Fahrmann et al. [37]
in both serum and plasma. To determine the reproduc-
ibility of the metabolites found to be significantly associ-
ated with adenocarcinoma in ADC1, differential analysis
was performed in the same way on the ADC2 test set.
For the ADCI training set, significance was used as the
criterion for the selection of metabolites for cancer sta-
tus classifiers. This criterion was utilized because we
expected significant metabolites to provide good classifi-
cation of cancer status that is reproducible in independ-
ent studies. Volcano plots demonstrating the association
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analysis results were created by Metabolomics Work-
bench [38].

Cheminformatics clustering based on metabolites’
chemical structures

The names of structurally annotated metabolites were
provided by the Metabolomics Workbench. We auto-
matically retrieved the chemical structures for all 130
metabolites using the PubChem API [61]. Importantly, all
structures were standardized according to our previously
published chemical curation protocols [62-64]. Then,
metabolite chemical structures were characterized using
MACCS fingerprints [43] computed using the RDKit
node [65] in Knime [66]. A Pearson correlation coeffi-
cient cutoff of 0.9 was used to filter out the highly cor-
related bits in the fingerprints. Hierarchical clustering of
metabolites based on their chemical structure encoded as
MACCS fingerprints was performed according to Soergel
distances (also known as Tanimoto distances) and the
average linkage. The ggtree package [67] was used to cre-
ate circular dendrograms, and clustering of the signifi-
cant metabolites for the construction of multi-metabolite
models proceeded in the same way.

As part of the hierarchical clustering procedure, the
number of clusters (k) was selected in order to achieve a
reasonable partitioning of the metabolites. We selected
the k value that resulted in the highest average silhouette
width (ASW) [68] for cluster assignments. By maximiz-
ing the ASW, we aimed to find the most “natural” num-
ber of clusters in the data, in which cluster members are
most similar to each other, and distant from members
belonging to other clusters. More formally, let a(i) be
the average distance between metabolite i and all other
members of its cluster, and b(i) be the smallest average
distance between metabolite i and the members of any
other cluster. Then the silhouette for metabolite i, s(i), is:

b(i) — a(i)
max{a(i), b(i) }

Overall, the ASW is the average of the silhouette values
for all i metabolites.

s(i) =

Alternate metabolite clustering methods

Alternate methods of grouping metabolites for multi-
metabolite classifiers were also considered. To determine
if the same cluster assignments could be obtained by
the correlation of the covariate adjusted metabolite pro-
files alone, hierarchical clustering was performed using
a correlation based distance (1 — absolute correlation).
Spearman correlation was calculated to avoid parametric
assumption of Pearson correlations. Partial correlations
were computed by the package parcor [69]. Since there
were more metabolites than samples, we used partial
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least squares (PLS) regression to regularize the estima-
tion of the regression coefficients before computing the
partial correlations [69]. We used 10-fold cross validation
to select the number of PLS components (with a maxi-
mum of 30).

We also considered two alternate methodologies that
utilize chemical structure to cluster metabolites—Meta-
Mapp [22] and ChemRICH [24]. MetaMapp was used
to infer a network between plasma and serum metabo-
lites. One set of edges were drawn between metabolites
that were similar in chemical structure, based on a 0.7
threshold of Tanimoto similarity of their PubChem fin-
gerprints. Another set of edges were drawn between
metabolites that can be interconverted by a single reac-
tion. Cytoscape’s “organic layout” was used to find a natu-
ral clustering in the network based on node degree and
clustering coefficient.

ChemRICH groups metabolites together based on
their chemical ontologies in the Medical Subject Head-
ings (MeSH) database. If a metabolite is not annotated,
it is labeled with the ontology of compounds with highly
similar PubChem fingerprints. If metabolites can still not
be annotated, ChemRICH has a mechanism for detecting
novel groups of metabolites based on chemical structure
similarity. ChemRICH then tests for significant enrich-
ment of clusters using a Kolmogorov—Smirnov test.

Training and validation of classifiers
Single-metabolite classification models and multi-metab-
olite models were trained on ADC1 plasma and serum
samples separately. The analysis was stratified this way in
order to determine which blood matrix would provide a
better diagnostic tool for NSCLC adenocarcinoma. These
models took as input the processed metabolite concen-
tration profiles and classified each patient as adenocarci-
noma or healthy. For single metabolite classifiers, logistic
regression was used to estimate the predicted probabil-
ity of cancer status given a covariate adjusted metabo-
lite profile. A receiver operating characteristic (ROC)
curve was then used to select the probability threshold
affording the highest accuracy. Multi-metabolite classi-
fiers were trained using four machine learning modeling
methods: support vector machines [70, 71] (SVM), par-
tial least squares linear discriminant analysis [72, 73]
(PLS), random forests [74, 75] (RF), and extreme gradi-
ent boosted trees [76—78] (xgbTree). Models were trained
using the R package caret [79]. To compare our cluster-
ing approach to more standard approaches, models were
trained on all metabolites, significant metabolites, and
each cluster of chemically similar significant metabolites.
Models were internally validated using leave-one-
out cross-validation (LOOCV). A receiver operating
characteristic (ROC) curve was then used to select the
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probability threshold affording the highest LOOCV
accuracy. A grid search was performed on the machine
learning model tuning parameters. The set of parameters
resulting in the highest LOOCV accuracy were selected
for each model.

While LOOCYV was useful in the selection of the best
performing metabolite classifiers, it was also necessary
to externally validate their predictive power on an inde-
pendent case study (ADC2). The models and probability
thresholds selected according to LOOCYV were used for
classification on the external ADC2 set. At last, the best
performing classifiers were determined according to both
their internal and external classification accuracy.

Conclusion

In this study, we demonstrated that clustering metabo-
lites based on their structural similarity enabled us
to identify modules of metabolites whose significant
association with NSCLC adenocarcinoma status was
detected in the presence of unwanted sources of varia-
tion. We also showed that these metabolites are linked by
metabolic pathways potentially dysregulated by NSCLC
adenocarcinoma.

This chemocentric analysis of metabolite profiles could
facilitate the discovery of novel biomarkers and infer-
ences regarding the health state or medical treatment
outcomes for patients. Ultimately, the best performing
classifier of patient cancer status using this transparent
strategy was a serum multi-metabolite classifier (very
high 84.9% overall accuracy), we thus demonstrate an
improvement over alternative approaches. Metabolomics
has proved to have widespread applicability to the search
of clinical biomarkers, and predictive performance is of
critical importance for any diagnostic biomarker. This
approach could aid in identifying improved biomarkers
in a number of metabolomics applications.

Importantly, because the grouped metabolites iden-
tified by these means were biochemically linked, the
biological interpretability of the resulting model was
maintained. As modern metabolomics platforms are
increasingly able to detect and correctly assign chemical
structures to a large number of metabolites, this stand-
ardized and automated procedure could have a broad
applicability to investigators using metabolite profiles to
establish reliable trait-metabolite relationships and pre-
dict phenotypic data.

One limitation of our approach is that metabolites that
were detected by the untargeted metabolomics analysis,
but did not have reliable structural annotations, could
not be included in the modeling workflow. In the future,
we plan to explore new ways to include those metabo-
lites, especially by assigning them to the cluster(s) with
most similar mass spectra.
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This approach can also be used to identify structural
features of metabolites that determine their mechanistic
relationships with the trait of interest. In the future, we
plan to build models that identify additional relationships
between the trait and metabolite chemical descriptors.
These models could be used to predict whether metab-
olites that were not detected by an untargeted study
could still have a trait-metabolite association. This could
provide leads for targeted validation to confirm these
changes in metabolite concentrations and expand the
analysis to other metabolites in related pathways. This
approach could address existing challenges in untargeted
metabolomics, such as the inferences about affected
pathways that are often limited by the identification of
only a few statistically significant metabolites.

Additional files

Additional file 1. Supplementary results and figures.

Additional file 2. The scripts and additional data necessary to recreate
our analyses.

Abbreviations

ADC: adenocarcinoma; ADP: adenosine diphosphate; ASW: average silhouette
width; ATP: adenosine triphosphate; BSS: between group sum of squares;

FDR: false discovery rate; GCTOF: gas chromatography time-of-flight; LOOCV:
leave-one-out cross-validation; MACCS: molecular access system structural
keys; MeSH: medical subject headings; NSCLC: non-small-cell lung cancer; PLS:
partial least squares; PK/PD: pharmacokinetic/pharmacodynamic; RF: random
forests; ROC: receiver operating characteristic; SYM: support vector machines;
WSS: within group sum of squares.

Acknowledgements

JRA, MAK, and DF thank all the members of the Fourches laboratory for fruitful
discussions and feedback regarding this project. The members and staff from
the NC State Bioinformatics Center are also gratefully acknowledged.

Authors’ contributions

JRA and MAK conceived, developed and implemented the method, per-
formed the calculations, and wrote the manuscript. DR and AMR conceived
the study and wrote the manuscript. DF conceived the method, designed
the study, and wrote the manuscript. All authors read and approved the final
manuscript.

Funding

This work was supported by the National Institute of Health training grant
T32ES007329. DF thanks the NC State Chancellor's Faculty Excellence Program
for funding this project.

Availability of data and materials

The datasets investigated in this study are freely available via the Metabo-
lomics public repository (www.metabolomicsworkbench.org) under study
numbers STO00385 and STO00386. All the scripts and additional data neces-
sary to recreate our analyses are available in the Additional file 2 and at https
///github.com/jrash/metabochem.

Ethics approval and consent to participate
Not applicable.

Page 13 of 15

Consent for publication
Not applicable.

Competing interests
The authors declare no competing financial interest.

Author details

! Department of Chemistry, North Carolina State University, Raleigh, NC, USA.
2 Department of Statistics, North Carolina State University, Raleigh, NC, USA.
3 Bioinformatics Research Center, North Carolina State University, Raleigh, NC,
USA.

Received: 10 December 2018 Accepted: 17 June 2019
Published online: 24 June 2019

References

1. Clish CB (2015) Metabolomics: an emerging but powerful tool for preci-
sion medicine. Mol Case Stud 1:a000588. https://doi.org/10.1101/mcs.
a000588

2. Ramsden JJ (2009) Metabolomics and metabonomics. In: Ramsden JJ
(ed) Bioinformatics: an introduction. Springer, London, pp 221-226

3. Eckhart AD, Beebe K, Milburn M (2012) Metabolomics as a key integrator
for ‘omic”advancement of personalized medicine and future therapies.
Clin Transl Sci 5:285-288. https://doi.org/10.1111/}.1752-8062.2011.00388
X

4. Kell DB, Oliver SG (2016) The metabolome 18 years on: a concept comes
of age. Metabolomics 12:148. https://doi.org/10.1007/511306-016-1108-4

5. Siminska E, Koba M (2016) Amino acid profiling as a method of discover-
ing biomarkers for early diagnosis of cancer. Amino Acids 48:1339-1345.
https://doi.org/10.1007/500726-016-2215-2

6. Halama A, Guerrouahen BS, Pasquier J et al (2015) Metabolic signatures
differentiate ovarian from colon cancer cell lines. J Trans| Med 13:223.
https://doi.org/10.1186/512967-015-0576-z

7. Bhargava P, Calabresi PA (2016) Metabolomics in multiple sclerosis. Mult
Scler J 22:451-460. https://doi.org/10.1177/1352458515622827

8. KangJ, Lu J, Zhang X (2015) Metabolomics-based promising candidate
biomarkers and pathways in Alzheimer’s disease. Pharmazie 70:277-282.
https://doi.org/10.1691/ph.2015.4859

9. Xu X-H,HuangY,Wang G, Chen S-D (2012) Metabolomics: a novel
approach to identify potential diagnostic biomarkers and pathogenesis
in Alzheimer’s disease. Neurosci Bull 28:641-648. https://doi.org/10.1007/
$12264-012-1272-0

10. Toledo JB, Arnold M, Kastenmuiller G et al (2017) Metabolic network fail-
ures in Alzheimer’s disease: a biochemical road map. Alzheimer’s Dement
13:965-984. https://doi.org/10.1016/}jalz.2017.01.020

11. LanK, JiaW (2010) An integrated metabolomics and pharmacokinet-
ics strategy for multi-component drugs evaluation. Curr Drug Metab
11:105-114. https://doi.org/10.2174/138920010791110926

12. Kaddurah-Daouk R, Kristal BS, Weinshilboum RM (2008) Metabolomics:
a global biochemical approach to drug response and disease. Annu Rev
Pharmacol Toxicol 48:653-683. https://doi.org/10.1146/annurev.pharm
tox.48.113006.094715

13. Rotroff D, Shahin M, Gurley S et al (2015) Pharmacometabolomic assess-
ments of atenolol and hydrochlorothiazide treatment reveal novel drug
response phenotypes. CPT Pharmacomet Syst Pharmacol 4:669-679.
https://doi.org/10.1002/psp4.12017

14. Rotroff DM, Corum DG, Motsinger-Reif A et al (2016) Metabolomic
signatures of drug response phenotypes for ketamine and esketamine
in subjects with refractory major depressive disorder: new mechanistic
insights for rapid acting antidepressants. Trans| Psychiatry 6:e894. https://
doi.org/10.1038/tp.2016.145

15. Duhrkop K, Shen H, Meusel M et al (2015) Searching molecular structure
databases with tandem mass spectra using CSI: FingerID. Proc Natl Acad
Sci 112:12580-12585

16. Wang M, Carver JJ, Phelan VV et al (2016) Sharing and community
curation of mass spectrometry data with Global Natural Products Social
Molecular Networking. Nat Biotechnol 34:828


https://doi.org/10.1186/s13321-019-0366-3
https://doi.org/10.1186/s13321-019-0366-3
http://www.metabolomicsworkbench.org
https://github.com/jrash/metabochem
https://github.com/jrash/metabochem
https://doi.org/10.1101/mcs.a000588
https://doi.org/10.1101/mcs.a000588
https://doi.org/10.1111/j.1752-8062.2011.00388.x
https://doi.org/10.1111/j.1752-8062.2011.00388.x
https://doi.org/10.1007/s11306-016-1108-4
https://doi.org/10.1007/s00726-016-2215-2
https://doi.org/10.1186/s12967-015-0576-z
https://doi.org/10.1177/1352458515622827
https://doi.org/10.1691/ph.2015.4859
https://doi.org/10.1007/s12264-012-1272-0
https://doi.org/10.1007/s12264-012-1272-0
https://doi.org/10.1016/j.jalz.2017.01.020
https://doi.org/10.2174/138920010791110926
https://doi.org/10.1146/annurev.pharmtox.48.113006.094715
https://doi.org/10.1146/annurev.pharmtox.48.113006.094715
https://doi.org/10.1002/psp4.12017
https://doi.org/10.1038/tp.2016.145
https://doi.org/10.1038/tp.2016.145

Ash et al. ] Cheminform

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34

35.

36.

37.

38.

(2019) 11:43

van Der Hooft JJJ, Wandy J, Barrett MP et al (2016) Topic modeling for
untargeted substructure exploration in metabolomics. Proc Natl Acad Sci
113:13738-13743

Haug K, Salek RM, Steinbeck C (2017) Global open data management in
metabolomics. Curr Opin Chem Biol 36:58-63. https://doi.org/10.1016/j.
cbpa.2016.12.024

Cherkasov A, Muratov EN, Fourches D et al (2014) QSAR modeling: where
have you been? Where are you going to? J Med Chem 57:4977-5010.
https://doi.org/10.1021/jm4004285

O'Hagan S, Swainston N, Handl J, Kell DB (2015) Arule of 0.5'for the
metabolite-likeness of approved pharmaceutical drugs. Metabolomics
11:323-339. https://doi.org/10.1007/511306-014-0733-z

Pertusi DA, Stine AE, Broadbelt LJ, Tyo KEJ (2015) Efficient searching and
annotation of metabolic networks using chemical similarity. Bioinformat-
ics 31:1016-1024. https://doi.org/10.1093/bioinformatics/btu760
Barupal DK, Haldiya PK, Wohlgemuth G et al (2012) MetaMapp: mapping
and visualizing metabolomic data by integrating information from
biochemical pathways and chemical and mass spectral similarity. BMC
Bioinform 13:99. https://doi.org/10.1186/1471-2105-13-99

Grapov D, Wanichthanarak K, Fiehn O (2015) MetaMapR: pathway
independent metabolomic network analysis incorporating unknowns.
Bioinformatics 31:2757-2760. https://doi.org/10.1093/bioinformatics/
btv194

Barupal DK, Fiehn O (2017) Chemical Similarity Enrichment Analy-

sis (ChemRICH) as alternative to biochemical pathway mapping for
metabolomic datasets. Sci Rep 7:14567. https://doi.org/10.1038/54159
8-017-15231-w

Faust K, Croes D, van Helden J (2009) Metabolic pathfinding using

RPAIR annotation. J Mol Biol 388:390-414. https://doi.org/10.1016/j.
jmb.2009.03.006

Moriya Y, Shigemizu D, Hattori M et al (2010) PathPred: an enzyme-cata-
lyzed metabolic pathway prediction server. Nucleic Acids Res 38:W138-
W143. https://doi.org/10.1093/nar/gkq318

Xia J, Wishart DS (2010) MetPA: a web-based metabolomics tool for
pathway analysis and visualization. Bioinformatics 26:2342-2344. https://
doi.org/10.1093/bioinformatics/btg418

Xia J, Sinelnikov IV, Han B, Wishart DS (2015) MetaboAnalyst 3.0—making
metabolomics more meaningful. Nucleic Acids Res 43:W251-W257
Forsberg EM, Huan T, Rinehart D et al (2018) Data processing, multi-omic
pathway mapping, and metabolite activity analysis using XCMS Online.
Nat Protoc 13:633

Camacho D, de la Fuente A, Mendes P (2005) The origin of correlations
in metabolomics data. Metabolomics 1:53-63. https://doi.org/10.1007/
s11306-005-1107-3

Steuer R, Kurths J, Fiehn O, Weckwerth W (2003) Observing and interpret-
ing correlations in metabolomic networks. Bioinformatics 19:1019-1026.
https://doi.org/10.1093/bioinformatics/btg120

Korman A, Oh A, Raskind A, Banks D (2012) Statistical methods in
metabolomics. In: Anisimova M (ed) Evolutionary genomics, vol 856.
Humana Press, pp 381-413

Ren S, Hinzman AA, Kang EL et al (2015) Computational and statistical
analysis of metabolomics data. Metabolomics 11:1492-1513. https://doi.
0rg/10.1007/511306-015-0823-6

Fahrmann J, Grapov D, Yang J et al (2015) Systemic alterations in the
metabolome of diabetic NOD mice delineate increased oxidative stress
accompanied by reduced inflammation and hypertriglyceremia. Am J
Physiol Metab 308:E978-E989. https://doi.org/10.1152/ajpendo.00019
2015

Johnson CH, Ivanisevic J, Siuzdak G (2016) Metabolomics: beyond
biomarkers and towards mechanisms. Nat Rev Mol Cell Biol 17:451-459.
https://doi.org/10.1038/nrm.2016.25

Fourches D (2014) Cheminformatics: at the crossroad of eras. In: Gorb L,
Kuz'min VE, Muratov EN (eds) Application of computational techniques in
pharmacy and medicine. Springer, Netherlands, pp 539-546

Fahrmann JF, Kim K, DeFelice BC et al (2015) Investigation of metabo-
lomic blood biomarkers for detection of adenocarcinoma lung

cancer. Cancer Epidemiol Biomark Prev 24:1716-1723. https://doi.
org/10.1158/1055-9965.EPI-15-0427

Sud M, Fahy E, Cotter D et al (2016) Metabolomics Workbench: an
international repository for metabolomics data and metadata, metabolite

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51

52.

53.

54.

55.

56.

57.

58.

59.
60.

Page 14 of 15

standards, protocols, tutorials and training, and analysis tools. Nucleic
Acids Res 44:D463-D470. https://doi.org/10.1093/nar/gkv1042

Fiehn O, Wohlgemuth G, Scholz M (2005) Setup and annotation of
metabolomic experiments by integrating biological and mass spectro-
metric metadata. In: Luddscher B, Raschid L (eds) International workshop
on data integration in the life sciences. Springer, Berlin, Heidelberg, pp
224-239

WuY, Li L (2016) Sample normalization methods in quantitative metabo-
lomics. J Chromatogr A 1430:80-95. https://doi.org/10.1016/j.chrom
a.2015.12.007

Veselkov KA, Vingara LK, Masson P et al (2011) Optimized preprocess-

ing of ultra-performance liquid chromatography/mass spectrometry
urinary metabolic profiles for improved information recovery. Anal Chem
83:5864-5872. https://doi.org/10.1021/ac201065)

Sysi-Aho M, Katajamaa M, Yetukuri L, Oresi¢ M (2007) Normaliza-

tion method for metabolomics data using optimal selection

of multiple internal standards. BMC Bioinform 8:93. https://doi.
org/10.1186/1471-2105-8-93

Durant JL, Leland BA, Henry DR, Nourse JG (2002) Reoptimization of MDL
keys for use in drug discovery. J Chem Inf Comput Sci 42:1273-1280.
https://doi.org/10.1021/ci010132r

Kotera M, Tabei Y, Yamanishi Y et al (2013) Supervised de novo reconstruc-
tion of metabolic pathways from metabolome-scale compound sets.
Bioinformatics 29:135-i144

Yamanishi Y, Tabei Y, Kotera M (2015) Metabolome-scale de novo pathway
reconstruction using regioisomer-sensitive graph alignments. Bioinfor-
matics 31:161-i170

Willighagen EL, Mayfield JW, Alvarsson J et al (2017) The Chemistry
Development Kit (CDK) v2.0: atom typing, depiction, molecular formulas,
and substructure searching. J Cheminform 9:33. https://doi.org/10.1186/
$13321-017-0220-4

Rogers D, Hahn M (2010) Extended-connectivity fingerprints. J Chem Inf
Model 50:742-754

Mohamed A, Deng X, Khuri FR, Owonikoko TK (2014) Altered glutamine
metabolism and therapeutic opportunities for lung cancer. Clin Lung
Cancer 15:7-15. https://doi.org/10.1016/j.cllc.2013.09.001

Fahrmann JF, Grapov DD, Wanichthanarak K et al (2017) Integrated
metabolomics and proteomics highlight altered nicotinamide- and poly-
amine pathways in lung adenocarcinoma. Carcinogenesis 38:205. https://
doi.org/10.1093/carcin/bgw205

Wikoff WR, Grapov D, Fahrmann JF et al (2015) Metabolomic markers of
altered nucleotide metabolism in early stage adenocarcinoma. Cancer
Prev Res 8:410-418. https://doi.org/10.1158/1940-6207.CAPR-14-0329
Huang Y, Dai Z, Barbacioru C, Sadée W (2005) Cystine-glutamate trans-
porter SLC7A11 in cancer chemosensitivity and chemoresistance. Cancer
Res 65:7446-7454. https://doi.org/10.1158/0008-5472.CAN-04-4267

Yu Z, Kastenmdiller G, He Y et al (2011) Differences between human
plasma and serum metabolite profiles. PLoS ONE 6:21230. https://doi.
org/10.1371/journal.pone.0021230

Wedge DC, Allwood JW, Dunn W et al (2011) Is serum or plasma more
appropriate for intersubject comparisons in metabolomic studies?

An assessment in patients with small-cell lung cancer. Anal Chem
83:6689-6697. https://doi.org/10.1021/ac2012224

Tropsha A, Golbraikh A (2007) Predictive QSAR modeling workflow,
model applicability domains, and virtual screening. Curr Pharm Des
13:3494-3504

R Core Team (2016) R: a language and environment for statistical comput-
ing. R Foundation for Statistical Computing, Vienna, Austria. https://
www.R-project.org/

Xia J, Wishart DS (2016) Using MetaboAnalyst 3.0 for comprehensive
metabolomics data analysis. Curr Protoc Bioinforma 55:14.10.1-14.10.91.
https://doi.org/10.1002/cpbi.11

Kanehisa M, Araki M, Goto S et al (2007) KEGG for linking genomes to

life and the environment. Nucleic Acids Res 36:D480-D484. https://doi.
0rg/10.1093/nar/gkm882

Dwass M (1957) Modified randomization tests for nonparametric hypoth-
eses. Ann Math Stat 28:181-187. https://doi.org/10.1214/aoms/11777
07045

Fellows | (2012) {Deducer}: a data analysis GUI for {R}. J Stat Softw 49:1-15
Benjamini Y, Hochberg Y (1995) Controlling the false discovery rate:

a practical and powerful approach to multiple controlling the false


https://doi.org/10.1016/j.cbpa.2016.12.024
https://doi.org/10.1016/j.cbpa.2016.12.024
https://doi.org/10.1021/jm4004285
https://doi.org/10.1007/s11306-014-0733-z
https://doi.org/10.1093/bioinformatics/btu760
https://doi.org/10.1186/1471-2105-13-99
https://doi.org/10.1093/bioinformatics/btv194
https://doi.org/10.1093/bioinformatics/btv194
https://doi.org/10.1038/s41598-017-15231-w
https://doi.org/10.1038/s41598-017-15231-w
https://doi.org/10.1016/j.jmb.2009.03.006
https://doi.org/10.1016/j.jmb.2009.03.006
https://doi.org/10.1093/nar/gkq318
https://doi.org/10.1093/bioinformatics/btq418
https://doi.org/10.1093/bioinformatics/btq418
https://doi.org/10.1007/s11306-005-1107-3
https://doi.org/10.1007/s11306-005-1107-3
https://doi.org/10.1093/bioinformatics/btg120
https://doi.org/10.1007/s11306-015-0823-6
https://doi.org/10.1007/s11306-015-0823-6
https://doi.org/10.1152/ajpendo.00019.2015
https://doi.org/10.1152/ajpendo.00019.2015
https://doi.org/10.1038/nrm.2016.25
https://doi.org/10.1158/1055-9965.EPI-15-0427
https://doi.org/10.1158/1055-9965.EPI-15-0427
https://doi.org/10.1093/nar/gkv1042
https://doi.org/10.1016/j.chroma.2015.12.007
https://doi.org/10.1016/j.chroma.2015.12.007
https://doi.org/10.1021/ac201065j
https://doi.org/10.1186/1471-2105-8-93
https://doi.org/10.1186/1471-2105-8-93
https://doi.org/10.1021/ci010132r
https://doi.org/10.1186/s13321-017-0220-4
https://doi.org/10.1186/s13321-017-0220-4
https://doi.org/10.1016/j.cllc.2013.09.001
https://doi.org/10.1093/carcin/bgw205
https://doi.org/10.1093/carcin/bgw205
https://doi.org/10.1158/1940-6207.CAPR-14-0329
https://doi.org/10.1158/0008-5472.CAN-04-4267
https://doi.org/10.1371/journal.pone.0021230
https://doi.org/10.1371/journal.pone.0021230
https://doi.org/10.1021/ac2012224
https://www.R-project.org/
https://www.R-project.org/
https://doi.org/10.1002/cpbi.11
https://doi.org/10.1093/nar/gkm882
https://doi.org/10.1093/nar/gkm882
https://doi.org/10.1214/aoms/1177707045
https://doi.org/10.1214/aoms/1177707045

Ash et al. ] Cheminform (2019) 11:43

61.

62.

63.

64.

65.

66.

67.

68.

69.

discovery rate: a practical and powerful approach to multiple testing. J R
Stat Soc 57:289-300. https://doi.org/10.2307/2346101

Kim S, Thiessen PA, Bolton EE et al (2016) PubChem substance and
compound databases. Nucleic Acids Res 44:D1202-D1213. https://doi.
0rg/10.1093/nar/gkvo51

Fourches D, Muratov E, Tropsha A (2010) Trust, but verify: on the impor-
tance of chemical structure curation in cheminformatics and QSAR mod-
eling research. J Chem Inf Model 50:1189-1204. https://doi.org/10.1021/
ci100176x

Fourches D, Muratov E, Tropsha A (2015) Curation of chemogenomics
data. Nat Chem Biol 11:535. https://doi.org/10.1038/nchembio.1881
Fourches D, Muratov E, Tropsha A (2016) Trust, but verify II: a practical
guide to chemogenomics data curation. J Chem Inf Model 56:1243-1252.
https://doi.org/10.1021/acs.jcim.6b00129

RDKit: Open-source cheminformatics. http://www.rdkit.org

Berthold MR, Cebron N, Dill F et al (2008) KNIME: the Konstanz Informa-
tion Miner. In: Preisach C, Burkhard H, Schmidt-Thieme Tl, Decker R (eds)
Studies in classification, data analysis, and knowledge organization (GfKL
2007). Springer, Berlin, Heidelberg, pp 319-326

Yu G, Smith DK, Zhu H et al (2017) ggtree : an R package for visu-
alization and annotation of phylogenetic trees with their covariates

and other associated data. Methods Ecol Evol 8:28-36. https://doi.
org/10.1111/2041-210X.12628

Rousseeuw PJ (1987) Silhouettes: a graphical aid to the interpretation and
validation of cluster analysis. J Comput Appl Math 20:53-65. https://doi.
0rg/10.1016/0377-0427(87)90125-7

Kramer N, Schéfer J, Boulesteix A-L (2009) Regularized estimation of large-
scale gene association networks using graphical Gaussian models. BMC
Bioinform 10:384. https://doi.org/10.1186/1471-2105-10-384

Page 15 of 15

70. Cortes C, VapnikV (1995) Support-vector networks. Mach Learn 20:273—
297. https://doi.org/10.1007/BF00994018

71. Karatzoglou A, Smola A, Hornik K, Zeileis A (2004) kernlab—an S4 pack-
age for kernel methods in R. J Stat Softw 11:1-20

72. Mevik B-H, Wehrens R (2007) The pls package: principal component and
partial least squares regression in R. J Stat Softw. https://doi.org/10.18637
/jss.v018.i02

73. Barker M, Rayens W (2003) Partial least squares for discrimination. J
Chemom 17:166-173. https://doi.org/10.1002/cem.785

74. Breiman L (2001) Random forests. Mach Learn 45:5-32. https://doi.
org/10.1023/A:1010933404324

75. Liaw A, Wiener M (2002) Classification and regression by randomForest. R
News 2:18-22

76. ChenT, HeT, Benesty M et al (2018) xgboost: Extreme Gradient
Boosting. R package version 0.6.4.1. https://CRAN.R-project.org/packa
ge=xgboost

77. Friedman JH (2001) Greedy function approximation: a gradient boosting
machine. Ann Stat 29:1189-1232

78. Friedman J, Hastie T, Tibshirani R et al (2000) Additive logistic regression:
a statistical view of boosting (with discussion and a rejoinder by the
authors). Ann Stat 28:337-407

79. Kuhn M, Wing J, Weston S, et al (2012) Caret: classification and regression
training. https://Cran.R-Project.Org/Package=Caret

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

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions . BMC



https://doi.org/10.2307/2346101
https://doi.org/10.1093/nar/gkv951
https://doi.org/10.1093/nar/gkv951
https://doi.org/10.1021/ci100176x
https://doi.org/10.1021/ci100176x
https://doi.org/10.1038/nchembio.1881
https://doi.org/10.1021/acs.jcim.6b00129
http://www.rdkit.org
https://doi.org/10.1111/2041-210X.12628
https://doi.org/10.1111/2041-210X.12628
https://doi.org/10.1016/0377-0427(87)90125-7
https://doi.org/10.1016/0377-0427(87)90125-7
https://doi.org/10.1186/1471-2105-10-384
https://doi.org/10.1007/BF00994018
https://doi.org/10.18637/jss.v018.i02
https://doi.org/10.18637/jss.v018.i02
https://doi.org/10.1002/cem.785
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1023/A:1010933404324
https://CRAN.R-project.org/package=xgboost
https://CRAN.R-project.org/package=xgboost
https://Cran.R-Project.Org/Package%3dCaret

	Cheminformatics approach to exploring and modeling trait-associated metabolite profiles
	Abstract 
	Introduction
	Results and discussion
	Subject sample collection and metabolomics profiling
	Differences between training and test sets
	High structural similarity for metabolites significantly associated with cancer
	Additional cheminformatics clustering of significant plasma and serum metabolites according to their chemical structure
	Serum classifiers trained on ADC1 and validated with ADC2
	Plasma classifiers trained on ADC1 and validated with ADC2

	Materials and methods
	Data preprocessing
	Differences between training and test sets
	Pathway analysis
	Differential analysis
	Cheminformatics clustering based on metabolites’ chemical structures
	Alternate metabolite clustering methods
	Training and validation of classifiers

	Conclusion
	Acknowledgements
	References




