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Simple Summary: Changes in metabolism are a well-known characteristic of cancer cells. Different
cancer types are unique in their genetic aspects, but also in their metabolism, which is in turn,
governed by genetics. The aim of our study was to find these differences in metabolic behavior
across different cancer types and uncovering intersections between gene expression and metabolic
deregulations. We scoured the public domain for metabolomics and transcriptomics data from
clinical profiling studies to perform a comprehensive comparison study. By combining evidence from
both the genetic and the metabolic aspects, we described the most prominently aberrated pathways
across eight different cancer types together with their metabolomic and transcriptomics similarities.
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Abstract: One of the major hallmarks of cancer is the derailment of a cell’s metabolism. The multifaceted nature of cancer and different cancer types is transduced by both its transcriptomic and
metabolomic landscapes. In this study, we re-purposed the publicly available transcriptomic and
metabolomics data of eight cancer types (breast, lung, gastric, renal, liver, colorectal, prostate, and
multiple myeloma) to find and investigate differences and commonalities on a pathway level among
different cancer types. Topological analysis of inferred graphical Gaussian association networks
showed that cancer was strongly defined in genetic networks, but not in metabolic networks. Using
different statistical approaches to find significant differences between cancer and control cases, we
highlighted the difficulties of high-level data-merging and in using statistical association networks.
Cancer transcriptomics and metabolomics and landscapes were characterized by changed macromolecule production, however, only major metabolic deregulations with highly impacted pathways
were found in liver cancer. Cell cycle was enriched in breast, liver, and colorectal cancer, while breast
and lung cancer were distinguished by highly enriched oncogene signaling pathways. A strong
inflammatory response was observed in lung cancer and, to some extent, renal cancer. This study
highlights the necessity of combining different omics levels to obtain a better description of cancer
characteristics.
Keywords: association networks; cancer metabolism; biological networks analysis; gaussian graphical models; pathway analysis

iations.
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The vast amount of publicly available multi-omics databases with associated clinical annotation including tumor histology, patient response, and outcome is enabling a
multidimensional approach to cancer investigations [1].
Among omics disciplines, metabolomics and transcriptomics have been favored by
systems biology tools to explore cancer biology. Metabolomics, i.e., the study of the nature and the concentration profiles present in biofluids and tissues [2], has been usually
deployed in the clinical setting to investigate possible diagnostic or prognostic biomarkers
and to monitor patients [3–5], rather than to unravel cancer metabolism mechanisms or
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comparing differences between cancers. This is due to the reactive and circumstantial nature of metabolism, even the most advanced measuring platforms can only take a snapshot
of the whole metabolome [6]. Combining multiple snapshots poses many technical difficulties, including differences between measuring platforms, batch effects, and metabolite
identification.
In contrast to metabolomics, transcriptomics is a more holistic and standardized
approach where almost all gene transcripts can be measured [7]. This has led to the identification of biologically important genes and pathways frequently disrupted across many
cancer types and has revealed clinically relevant diagnostic, prognostic, and druggable
targets [8,9].
However, studies at different levels have clearly indicated that the complex nature of
cancer cannot be fully captured considering only one omics level at a time [10–12] and that
defining cancer hallmarks requires the characterization of molecular alterations at multiple
levels [10].
Using an integrative approach, we re-purposed publicly available metabolomics data
created for biomarker-discovery in combination with gene expression data to find differences and commonalities between eight cancer types at the biological pathway level. We
considered eight different cancer types (breast, lung, gastric, renal, liver, colorectal, prostate,
and multiple myeloma) and we explored and compared the associated metabolomic and
transcriptomic landscapes.
We combined standard univariate differential metabolite abundance and gene expression analysis with the inference and analysis of metabolite and gene association networks,
since relevant information is contained in the relationships among molecular features and
not in levels only [13,14].
We aggregated results from the metabolomic and transcriptomic levels at the pathway
level to overcome the problem of integrating data from different studies. We showed fundamental differences between the metabolomic and transcriptomic landscape of different
cancer types and highlighted that a better description of cancer characteristics is obtained
when different omics levels are considered.
2. Results and Discussion
2.1. Data Collection
We collected 14 metabolomics data sets encompassing eight different cancer types
(breast, lung, gastric, renal, liver, colorectal, prostate, and multiple myeloma from organ
tissue (5), urine (2), blood plasma (4) and serum (3)) that satisfied our inclusion criteria.
Eight transcriptomics data sets, matching the same cancer type of the metabolomics data
sets were also obtained. A complete description of all data sets can be found in Table 1.
Data collection is described in more detail in Appendix A. Metabolite occurrence across all
data sets is given in Table S1.
2.2. Analysis of Cancer Metabolomics Data
2.2.1. Differentially Abundant Metabolites in Different Cancer Types
We compared metabolite abundances between cancer and controls samples for each
cancer type (at the data set level) to investigate shared and different metabolic features
across different types of cancer and/or tissues. It proved hard to replicate the findings
reported in the original papers because of different (and often sub-optimal: lack of data
transformation, adjustment for multiple testing) data-analysis strategies and no paper
could be exactly replicated.
For six data sets (corresponding to renal, prostate, gastric, breast, and lung cancer) we
found none or less than five significantly different abundant metabolites between case and
controls; the remaining data sets gave varying numbers of differentially abundant metabolites as shown in Table 2. Out of the 459 significant differentially abundant metabolites, 408
metabolites were found to be specific to only one cancer type.
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Table 1. A summary of all 14 metabolomics and 8 transcriptomics data sets across eight different cancer types and different
sampling origins. Data sets that are not accompanied by a paper are provided with their corresponding database ID from
either the Metabolomics Workbench or the Gene Expression Omnibus.
PubMed ID
27036109 [15]
27036109 [15]
31794572 [16]
25126899 [17]
29259332 [18]
21518826 [19]
21518826 [19]

Database ID

Data Type

Cancer Type

Sample Type

Cancer Samples

Control Samples

Metabolites/Genes

ST000054
ST000355
ST000356

Metabolomics
Metabolomics
Metabolomics
Metabolomics
Metabolomics
Metabolomics
Metabolomics
Metabolomics
Metabolomics
Metabolomics
Metabolomics
Metabolomics
Metabolomics
Metabolomics
Transcriptomics
Transcriptomics
Transcriptomics
Transcriptomics
Transcriptomics
Transcriptomics
Transcriptomics
Transcriptomics

Breast
Breast
Breast
Breast
Colorectal
Gastric
Liver
Liver
Lung
Lung
Lung
Multiple myeloma
Prostate
Renal
Breast
Colorectal
Gastric
Liver
Lung
Multiple myeloma
Prostate
Renal

Tissue
Plasma
Serum
Plasma
Serum
Plasma
Serum
Urine
Tissue
Plasma
Tissue
Tissue
Tissue
Urine
Tissue
Tissue
Tissue
Tissue
Tissue
Tissue
Tissue
Tissue

121
138
104
80
66
19
82
82
70
41
9
9
7
25
2088
1393
691
264
1474
41
121
219

23
77
32
60
92
20
71
71
10
200
9
6
7
25
214
121
46
137
147
4
116
104

65
221
262
69
113
107
66
77
182
126
92
191
72
205
20,545
20,545
20,107
20,107
20,545
22,470
20,107
20,107

ST000284

ST000390
ST000396
23543897 [20]
ST000221
23543897 [20]
21348635 [21]
31594947 [22]
31594947 [22]
31594947 [22]
31594947 [22]
31594947 [22]
24816239 [23]
31594947 [22]
31594947 [22]

E-MTAB-6703
E-MTAB-6698
E-MTAB-6693
E-MTAB-6695
E-MTAB-6699
GSE47552
E-MTAB-6694
E-MTAB-6692

Table 2. Overview of the number of significantly differentially abundant metabolites per data set
and cancer type (Benjamini–Hochberg adjusted p-value padj < 0.05).
Data Set

Cancer

Type

Metabolites

Differentially Abundant (padj < 0.05)

31794572 [16]
ST000054
27036109 [15]
27036109 [15]
25126899 [17]
29259332 [18]
21518826 [19]
21518826 [19]
23543897 [20]
ST000396
ST000390

Breast
Breast
Breast
Breast
Colorectal
Gastric
Liver
Liver
Lung
Lung
Lung
Multiple
myeloma
Prostate
Renal

Plasma
Tissue
Plasma
Serum
Serum
Plasma
Serum
Urine
Tissue
Plasma
Tissue

69
65
221
262
113
104
63
77
92
126
182

41
2
87
182
25
4
30
47
43
1
3

Tissue

191

114

Tissue
Urine

72
205

0
0

ST000221
23543897 [20]
21348635 [21]

The most common differentially abundant metabolites are taurine, proline, and glutamic acid, found in four out of the seven remaining cancer types, confirming the role of
these amino acids [24–28] and of amino acids in general in cancer biology [29].
We found lactic acid to be differentially abundant in breast, liver, and lung cancer.
Lactic acid is a well-known marker for the Warburg effect [30] indicating the use of glycolysis in cancer cells to shuttle more resources towards gaining cell mass. There is ample
literature about lactic acid either as a marker of tumor activity or regulator [31–33].
These results are in line with the findings of a recent meta-analysis by Goveia et al. [34]
which also found lactic acid, glutamic acid, tryptophan, histidine, glutamine, and kynurenine to be often reported in more than 200 cancer metabolomics studies. However, it should
be noted that they used a vote-counting approach to compare the reported findings of
multiple studies rather than re-analyzing data like in our study.
We used Pathway Enrichment Analysis on the cancer-specific differentially abundant
metabolites to reduce results to a smaller and more interpretable set of altered processes [35]
(all pathway analysis results are available in the Supplementary File Pathway.zip).
We took into account how much each pathway is impacted (i.e., its relevance) by
the selected metabolites since not all metabolites have the same relevance to defining the
overall pathway structure (see Methods) and not all metabolic pathways are relevant for
different cancer types [36].
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Overall, we found 18 unique enriched pathways in breast, liver, lung, and colorectal cancer, while no enriched pathways were found in multiple myeloma, as shown in
Figure 1A. The most commonly enriched pathway between cancer types, aminoacyl-tRNA
biosynthesis, is but of little relevance given its moderate impact. The highly impacted
pathways are (i) glycine, serine, and threonine metabolism in breast and liver cancer, (ii)
taurine and hypotaurine metabolism, and glyoxylate and dicarboxylate metabolism in liver
and breast cancer, respectively, and (iii) D-glutamine and D-glutamate metabolism, and
arginine biosynthesis in colorectal, breast, and lung cancer.

Figure 1. Pathway analysis plot showing the impact on metabolic pathways that are significantly enriched (padj < 0.05)
and have a pathway impact score > 0.1 per cancer type. Datapoints are colored according to their impact score. (A)
Pathway impact according to differentially abundant metabolites (padj < 0.05); (B) pathway impact according to differentially
connected metabolites (Benjamini-Hochberg adjusted p-value padj < 005).

Serine and glycine are biosynthetically linked and are precursors for the synthesis of
proteins, nucleic acids, and lipids that are crucial to cancer cell growth [37–39]. The taurine
and hypotaurine metabolic pathway has been shown to be relevant to multiple types of
cancers, such as ovarian, lung, colon, and renal cancers, and was recently associated with
breast cancer [15]. These data have been re-analyzed in the present study, but we did not
find this pathway to be enriched in breast cancer but only in liver cancer. To the best of our
knowledge, this association has never been reported.
We applied Principal Component Analysis (PCA) on an ncancer × npathway matrix
containing pathway impact scores, to comprehensively evaluate pathway enrichment
analysis and to highlight the relationships at the metabolic level among different cancer
types. Figure 2A shows how different cancer types are characterized by the alteration of
different metabolic pathways. PCA (Figure 2A) shows a large separation between all cancer
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types. Liver cancer is characterized by tyrosine metabolism, taurine, and hypotaurine
metabolism, and cysteine and methionine metabolism, while lung cancer is characterized
by glycine, serine, and threonine metabolism, which is also an attribute of one of the two
breast cancers (data set ST000355).

Figure 2. Principal Component Analysis (PCA) of pathway impact and network analysis. PCA labels are colored according
to their cancer type and PCA loadings are labeled if they have a pathway impact score > 0.5. Sample origin is labeled
as T, U, S, P for tissue, urine, serum, and plasma, respectively. Multiple myeloma is abbreviated as MM. (A) PCA biplot
of pathway impact based on differentially abundant metabolites per cancer type; (B) PCA biplot of pathway impact
based on differentially connected metabolites per cancer type; (C) PCA biplot of topological network measures per
cancer type for all inferred metabolite association networks. Here, networks inferred from cancer or control samples are
labeled as “Ca” and “Co”, respectively; (D) receiver operating characteristic curves of topological measures predicting
cancer pathology on metabolite association networks (n = 28, 14/14). Predictions are based on logistic regression, crossvalidated with leave-one-out cross-validation. The Area Under the Curve (AUC), 95% confidence interval (CI), and
p-value of all topological measures are Nodes: AUC = 0.529, 95% CI = 0.488–0.570, p = 0.170, Edges: AUC = 0.526,
95% CI = 0.485–0.567, p = 0.216, Mean Connectivity: AUC = 0.545, 95% CI = 0.504–0.586, p = 0.0302, Mean Degree: AUC
= 0.542, 95% CI = 0.501–0.583, p = 0.0470, Mean Closeness: AUC = 0.598, 95% CI = 0.557–0.638, p = 2.20 × 10−6 , Mean
Betweenness: AUC = 0.528, 95% CI = 0.487–0.570, p = 0.175, Diameter: AUC = 0.544, 95% CI = 0.503–0.585, p = 0.0369, Mean
Minimal Distance: AUC = 0.547, 95% CI = 0.506–0.588, p = 0.0244, Mean Page Rank: AUC = 0.529, 95% CI = 0.488–0.570,
p = 0.165, Hub Nodes: AUC = 0.552, 95% CI = 0.511–0.593, p = 0.0137, Centralization: AUC = 0.543, 95% CI = 0.502–0.584,
p = 0.0422, and Transitivity: AUC = 0.527, 95% CI = 0.486–0.568, p = 0.196. Definitions of topological measures are given in
Methods.
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2.2.2. Cancer-Specific Metabolite–Metabolite Association Networks
We took a systems-based approach by inferring statistical metabolite–metabolite
association networks [14] (see Methods). Networks and pathways are similar concepts
but bear different and complementary information [35]. Pathways are small-scale systems
of well-studied processes while (association) networks comprise system-wide association
among molecular features (in our case metabolites) resulting in simplified abstractions of
complex biological phenomena and are likely to contain novel information not covered in
well-defined pathways [35].
In total, we obtained 14 networks specific to eight different cancer types and 14
matched control networks. We explored network topology by considering a set of standard
topology measures that can be used to summarize the network characteristics [40,41],
which are given in Table 3.
Table 3. Topological network characteristics of cancer (Ca) and control (Co) metabolite association networks across cancer
types. Sample origin is labeled as T, U, S, P for tissue, urine, serum, and plasma, respectively. MM is multiple myeloma and
data set identifiers are noted as: * ST000054, § ST000221, # ST000390 and † ST000396. Topological measures in the column
names are: N = Nodes, E = Edges, Mean Conn. = Mean Connectivity, Mean Deg. = Mean Degree, Mean Close. = Mean
Closeness, Mean Betw. = Mean Betweenness, D = Diameter, Mean Min. Dist. = Mean Minimal Distance, Mean Page Rank,
Hub N = Hub Nodes, Centr. = Centralization, and Trans. = Transivity. All topological measures are further explained in the
material and methods.
Network

N

E

Mean
Conn.

Mean
Deg.

Mean
Close.

Mean
Betw.

D

Mean Min.
Dist.

Mean Page
Rank

Hub
N

Centr.

Trans.

Ca Renal (U) [21]
Co Renal (U) [21]
Ca Liver (S) [19]
Co Liver (S) [19]
Ca Liver (U) [19]
Co Liver (U) [19]
Ca Lung (T) [20]
Co Lung (T) [20]
Ca Prostate (T) [20]
Co Prostate (T) [20]
Ca Gastric (P) [18]
Co Gastric (P) [18]
Ca Breast (P) [16]
Co Breast (P) [16]
Ca Breast (T) *
Co Breast (T) *
Ca MM (T) §
Co MM (T) §
Ca Colorectal (S) [17]
Co Colorectal (S) [17]
Ca Breast (P) [15]
Co Breast (P) [15]
Ca Breast (S) [15]
Co Breast (S) [15]
Ca Lung (T) #
Co Lung (T) #
Ca Lung (P) †
Co Lung (P) †

203
203
62
62
77
77
91
91
72
72
103
103
68
68
65
65
191
191
113
113
221
221
260
260
182
182
126
126

1939
1889
229
191
357
289
632
612
294
276
10204
10004
585
637
499
293
3171
2807
813
713
2863
2857
3778
3500
1614
2116
878
914

0.407
0.435
0.547
0.428
0.373
0.355
0.272
0.263
0.168
0.148
2.072
2.225
1.094
1.078
0.566
0.409
0.233
0.217
0.650
0.710
0.941
0.853
0.667
0.463
0.732
0.274
0.460
0.833

0.095
0.092
0.121
0.101
0.122
0.099
0.154
0.149
0.115
0.108
1.943
1.904
0.257
0.280
0.240
0.141
0.175
0.155
0.128
0.113
0.118
0.118
0.112
0.104
0.098
0.128
0.111
0.116

0.348
0.344
0.205
0.051
0.081
0.076
0.152
0.135
0.052
0.065
0.243
0.193
0.436
0.449
0.370
0.106
0.334
0.328
0.347
0.327
0.389
0.389
0.390
0.377
0.261
0.258
0.247
0.169

0.009
0.010
0.067
0.036
0.028
0.036
0.026
0.023
0.045
0.049
0.000
0.000
0.020
0.019
0.028
0.042
0.011
0.011
0.017
0.019
0.007
0.007
0.006
0.006
0.010
0.010
0.016
0.014

6
5
11
11
9
10
8
8
16
12
1
1
4
4
5
10
6
6
6
7
4
5
5
6
5
6
7
5

2.886
2.920
5.003
4.489
3.588
4.394
3.484
3.239
5.513
5.493
1.000
1.000
2.307
2.238
2.750
4.130
3.073
3.065
2.911
3.100
2.585
2.581
2.581
2.675
2.831
2.885
3.055
2.844

0.005
0.005
0.016
0.016
0.013
0.013
0.011
0.011
0.014
0.014
0.010
0.010
0.015
0.015
0.015
0.015
0.005
0.005
0.009
0.009
0.005
0.005
0.004
0.004
0.005
0.005
0.008
0.008

95
100
43
40
46
40
14
15
9
21
0
0
39
28
8
23
13
1
59
69
78
78
89
69
123
19
62
98

0.163
0.225
0.207
0.129
0.220
0.164
0.223
0.295
0.167
0.117
2.018
2.017
0.131
0.168
0.229
0.234
0.404
0.151
0.122
0.084
0.146
0.110
0.228
0.143
0.101
0.225
0.113
0.140

0.191
0.195
0.036
0.025
0.247
0.149
0.457
0.372
0.447
0.482
1.000
1.000
0.157
0.185
0.334
0.397
0.613
0.506
0.169
0.141
0.215
0.224
0.215
0.233
0.153
0.398
0.189
0.110

To compare comprehensively the cancer-specific metabolite–metabolite association
networks with respect to their topological features and sample type (cancer or healthy
control), we performed PCA on the data given in Table 3. The resulting biplot is given in
Figure 2C. PCA showed that cancer networks are more similar to their control networks
than to other cancer-specific networks. Besides, different control networks inferred from
the same origin (tissue, urine, or blood) are highly different in network topology. It can be
observed that different control networks inferred from the same origin (tissue, urine, or
blood) have highly different network topologies as well.
Given the low separation between cancer and control networks in the PCA, we performed logistic regression to quantify the association between the topological measures
and cancer status, i.e., comparing the topology measures of cancer and control networks.
The Receiver-Operator Curves (ROC) for these models are shown in Figure 2D. For all
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topological measures, the Area Under Curve (AUC) is around 0.5 and the highest achieved
is 0.598 for the mean closeness. This indicates that measures describing overall network
topology are weak estimators to discriminate between cancer and health-specific metabolite–
metabolite association networks. In other words, the characteristics of metabolic association
networks of cancer cells are almost non-distinguishable from normal cases. Overall, these
results indicate that differences able to discriminate between metabolite–metabolite association networks specific to cancer and those specific to a healthy state must be looked for at
the metabolite/node level through differential network analysis which is presented in the
following section.
2.2.3. Differential Metabolite–Metabolite Network Analysis
To investigate differences of metabolite–metabolite association networks specific to
cancer and health status at the metabolite level, we performed differential connectivity analysis. In total, we found 1099 statistically significant (p-value adjusted < 0.05) differentially
connected metabolites across data sets or 925 across cancer types. Of these metabolites, 646
were unique, furthermore, 486 were found only once in any of the seven cancer types. The
most common metabolites were glutamine, kynurenine, leucine, phenylalanine, pyruvic
acid, and sorbitol, which occurred in five out of seven cancer types. An overview of the
number of differentially connected metabolites per cancer type is given in Table 4.
Table 4. Overview of the number of significantly differentially connected metabolites per data set
and cancer type (Benjamini–Hochberg adjusted p-value padj < 0.05) according to inferred metabolite
association networks.
Data Set

Cancer

Type

Metabolites

Differentially Connected

31794572 [16]
ST000054
27036109 [15]
27036109 [15]
25126899 [17]
29259332 [18]
21518826 [19]
21518826 [19]
23543897 [20]
ST000396
ST000390
ST000221
23543897 [20]
21348635 [21]

Breast
Breast
Breast
Breast
Colorectal
Gastric
Liver
Liver
Lung
Lung
Lung
Multiple myeloma
Prostate
Renal

Plasma
Tissue
Plasma
Serum
Serum
Plasma
Serum
Urine
Tissue
Plasma
Tissue
Tissue
Tissue
Urine

69
65
221
262
113
104
63
77
92
126
182
191
72
205

60
48
181
191
100
4
52
64
13
114
139
48
0
109

Similar to what was done in the case of differentially abundant metabolites, we performed pathway impact analysis on the differentially connected metabolites and found
21 significantly enriched pathways: aminoacyl-tRNA biosynthesis and arginine biosynthesis were enriched in four out of five cancer types. Figure 1B shows the impact of each
pathway. The most impacted are taurine and hypotaurine metabolism in liver cancer,
phenylalanine, tyrosine, and tryptophan biosynthesis, in liver and lung cancer, and phenylalanine metabolism in lung cancer. Deregulations of tyrosine metabolism in hepatocellular
carcinoma have been reported in the literature as well [42,43]. Hypotaurine has been
shown to activate hypoxia signaling in vitro [44], which is an important survival strategy
of cancer cells. Multiple amino-acid related pathways like glycine, serine, and threonine
metabolism, and alanine, aspartate, and glutamate metabolism are highly impacted in
breast and colorectal cancer.
Figure 2B shows the PCA plot on the pathway impact. We observed that colorectal
cancer and one of the three cases of breast cancer (data set ST000355) are characterized
by a highly impacted glycine, serine, and threonine metabolism, while also having their
alanine, aspartate, and glutamate metabolism impacted. Glutamate serves a critical role
in regulating the signaling kinases MEK (mitogen-activated protein kinase) and ERK
(extracellular signal regulated kinase) [45,46]. Besides, glutamate is closely connected to the
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TCA (tricarboxylic acid) cycle [47]. Both cancer types are also found to be directly affected
by the citrate cycle and glyoxalase and dicarboxylate metabolism, which are biochemically
tightly linked. This suggests that in breast and colorectal cancer, the citrate cycle is highly
affected. Lung cancer tissue is the only cancer type that is differentiated from all other
types by its phenylalanine metabolism, pyrimidine metabolism, and pantothenate and
CoA biosynthesis.
It is interesting to note how in the case of lung and breast cancer, different metabolic
signatures are obtained when considering metabolites derived from tissue or blood, while
for liver cancer differences in urine and blood point to the same altered pathways. This
complicates the definition of a single hallmark for every cancer type and highlights the
necessity for investigation at different levels.
These results, combined with the analysis of differentially expressed metabolites,
indicate the existence of a pan-cancer metabolic fingerprint characterized by altered protein
metabolism.
2.3. Analysis of Cancer Transcriptomics Data
2.3.1. Differentially Expressed Genes
We calculated differentially expressed genes by comparing expression levels between
cancer and control tissue samples in eight transcriptomics data sets that matched to the
metabolomics data in cancer type. Twenty-five differentially expressed genes were shared
across seven cancer types. Most genes, however, were not shared among the majority of
cancer types: 6251 genes were only significantly expressed in one cancer type. Results are
summarized in Table 5.
Table 5. Overview of the number of significantly differentially expressed genes per cancer type
(Benjamini–Hochberg adjusted p-value (padj ) < 0.05).
Data Set

Cancer

Genes

Differentially Expressed

E-MTAB-6703 [22]
E-MTAB-6698 [22]
E-MTAB-6693 [22]
E-MTAB-6695 [22]
E-MTAB-6699 [22]
GSE47552 [23]
E-MTAB-6694 [22]
E-MTAB-6692 [22]

Breast
Colorectal
Gastric
Liver
Lung
Multiple myeloma
Prostate
Renal

20,545
20,545
20,107
20,107
20,545
22,470
20,107
20,107

2892
5577
691
5225
9086
132
3691
9265

We performed Gene Ontology (GO) enrichment on the sets of differentially expressed
genes focusing on “biological process” ontology, which accounts for changes on the level
of granularity of the cell that is mediated by one or more gene products [48]. The 10 most
significantly enriched terms per cancer type were mostly related to the cell cycle pathways.
These pathways involve well-orchestrated transcriptional and epigenetic controls regulating the cell division process [49]. Breast, liver, and colorectal cancer were mostly enriched
in cell cycle-related terms, and renal cancer was characterized by a deregulated TCA cycle. Prostate and lung cancer were enriched for cellular organization and morphogenesis
related terms, while gastric, colorectal cancer, and multiple myeloma, on the other hand,
showed to favor RNA and protein synthesis-related GO terms.
We performed a pathway impact analysis using the significantly expressed genes
from the eight cancer types. An overview of the results of this analysis can be found in
Figure 3A.
In agreement with GO enrichment analysis, we found the most commonly impacted
pathway across cancer types to be the cell cycle. This pathway is enriched in breast, liver,
colorectal, and lung cancer. The second most common pathway is fatty acid degradation,
which is enriched in colorectal, liver, and renal cancer. None of these results are surprising:
dysregulation of the cell cycle can lead to various diseases, including cancer [50–52], and
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reprogramming of fatty acid metabolism in cancer has been discussed as a means to
sustain the production of ATP and macromolecules needed for cell growth, division and
survival [53–55].
We observed several low impacted pathways like disease and pathogen-related pathways to be enriched in renal [56,57], and breast [58] cancer. Breast cancer is the only cancer
type that showed enrichment in a number of low-impact cancer-specific pathways and an
oncogene pathway (PI3K-Akt signaling [59]), suggesting this kind of cancer to be especially
driven by a high number of prominent oncogenes.
The focal adhesion (FA) pathway (FAs are large protein complexes that connect the
cell cytoskeleton to the ECM through integrins [60]) is highly impacted in breast, lung,
and prostate cancer. The latter being enriched in GO terms related to cell morphology, cell
adhesion, and the actin cytoskeleton. Cancer cells exhibit highly altered focal adhesion
dynamics [60,61] and cell adhesion, and matrix stiffness plays a pivotal role in cancer cell
invasion and metastasis [62,63].

Figure 3. Pathway analysis plot showing the impact on cellular pathways that are significantly enriched (padj < 0.05) and
have a pathway impact score > 0.1 per cancer type. Datapoints are colored according to their impact score. Multiple
myeloma is abbreviated as MM. (A) Pathway impact according to differentially expressed genes (padj < 0.05); (B) pathway
impact according to differentially connected genes (padj < 0.05). padj indicates Benjamini–Hochberg corrected p-values.

Consistent with the observation that changes in metabolism are a well-known characteristic of cancer cells [64,65], we observed numerous highly impacted pathways related
to metabolism. However, different cancer types were impacted by different metabolic
pathways.
In liver cancer, we found alanine, aspartate, and glutamate metabolism, glycine serine,
and threonine metabolism, butanoate metabolism, tryptophan metabolism, and fatty acid
degradation to be highly impacted, while we observed valine, leucine, and isoleucine
degradation in the liver and in renal cancer as well. This latter pathway is used to generate
intermediates that can later be used for macromolecule synthesis [66,67].
Renal cancer was enriched for propanoate metabolism, glyoxylate and dicarboxylate
metabolism, pyruvate metabolism, oxidative phosphorylation, and the TCA cycle. Mutations in genes related to the TCA-cycle enzymes succinate dehydrogenase and fumarate
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hydratase have been associated with renal cancer and correlated with the development of
renal tumors [68–70]. PCA (see Figure 4A) was performed on an ncancer × npathway matrix
containing pathway impact scores, to summarize and visualize cancer (dis)similarities. We
found that renal cancer is characterized by deregulation of TCA cycle-related pathways,
pyruvate metabolism, propanoate metabolism, apoptosis, and its pathogenetic signature.
Breast cancer, on the other hand, was characterized by cancer-specific pathways and cellular senescence pathway. Liver cancer was mostly distinguished by its metabolic character:
tryptophan metabolism, glycine, serine, and threonine metabolism, alanine, aspartate, and
glutamate metabolism, and butanoate metabolism.

Figure 4. Principal Component Analysis of pathway impact and network analysis. PCA labels are colored according to
their cancer type and PCA loadings are labeled if they have a pathway impact score > 0.5. Multiple myeloma is abbreviated
as MM. (A) PCA biplot of pathway impact based on differentially abundant genes per cancer type; (B) PCA biplot of
pathway impact based on differentially connected genes per cancer type; (C) PCA biplot of topological network measures
per cancer type for all inferred gene networks. Here, networks inferred from cancer or control samples are labeled as “Ca”
and “Co”, respectively; (D) receiver operating characteristic curves of topological measures predicting cancer pathology on
gene association networks (n = 16, 8/8). Predictions are based on logistic regression, cross-validated with leave-one-out
cross-validation. The Area Under the Curve (AUC), 95% confidence interval (CI), and p-value of all topological measures
are Edges: AUC = 0.941, 95% CI = 0.915–0.967, p = 7.59 × 10−242 , Mean Connectivity: AUC = 0.830, 95% CI = 0.774–0.886,
p = 8.80 × 10−31 , Mean Degree: AUC =0.941, 95% CI = 0.915–0.967, p = 7.59 × 10−242 , Mean Closeness: AUC = 0.696, 95%
CI = 0.628–0.764, p = 1.85 × 10−8 , Mean Betweenness: AUC = 0.652, 95% CI = 0.582–0.722, p = 2.14 × 10−5 , Diameter:
AUC = 0.593, 95% CI = 0.521–0.665, p = 0.0114, Mean Minimal Distance: AUC = 0.652, 95% CI = 0.582–0.722, p = 2.14 × 10−5 ,
Mean Page Rank: AUC = 0.554, 95% CI = 0.481–0.627, p = 0.146, Hub Nodes: AUC = 0.931, 95% CI = 0.902–0.961,
p = 2.93 × 10−178 , Centralization: AUC = 0.866, 95% CI = 0.813–0.919, p = 8.00 × 10−42 , and Transitivity: AUC = 0.874, 95%
CI = 0.828–0.92, p = 1.48 × 10−56 . Definitions of topological measures are given in Methods.
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2.3.2. Cancer-Specific Gene–Gene Association Networks
Similarly, to what was done with metabolite data, we inferred gene–gene association
networks to investigate gene relationships and their association with cancer types. Because
of the computational burden, we restrained our analysis to genes with sigma >1 across the
different data sets. In total, we inferred 16 matched networks for cancer and control groups
encompassing 2570 genes. We characterized the gene–gene networks using several topological measures (see Table 6) and we observed, by applying PCA, a large separation between
all individual cancer types and their corresponding control network (see Figure 4C).
Table 6. Topological network characteristics of cancer (Ca) and control (Co) gene association networks across cancer types.
Multiple myeloma is abbreviated as MM. Topological measures in the column names are: N = Nodes, E = Edges, Mean
Conn. = Mean Connectivity, Mean Deg. = Mean Degree, Mean Close. = Mean Closeness, Mean Betw. = Mean Betweenness,
D = Diameter, Mean Min. Dist. = Mean Minimal Distance, Mean Page Rank, Hub N = Hub Nodes, Centr. = Centralization,
and Trans. = Transivity. All topological measures are further explained in the material and methods.
Network

N

E

Mean
Conn.

Mean
Deg.

Mean
Close.

Mean
Betw.

D

Mean Min.
Dist.

Mean Page
Rank

Hub N

Centr.

Trans.

Ca Renal [22]
Co Renal [22]
Ca Gastric [22]
Co Gastric [22]
Ca Prostate [22]
Co Prostate [22]
Ca Liver [22]
Co Liver [22]
Ca Colorectal [22]
Co Colorectal [22]
Ca Lung [22]
Co Lung [22]
Ca Breast [22]
Co Breast [22]
Ca MM [23]
Co MM [23]

2570
2570
2570
2570
2570
2570
2570
2570
2570
2570
2570
2570
2570
2570
2570
2570

148,296
164,272
111,026
163,932
160,446
166,152
156,934
151,116
108,138
179,636
80,344
168,414
50,256
155,668
145,712
356,528

0.811
0.576
1.273
0.366
0.627
0.629
0.922
0.620
1.687
0.666
1.440
0.713
1.164
0.812
0.325
0.152

0.045
0.050
0.034
0.050
0.049
0.050
0.048
0.046
0.033
0.054
0.024
0.051
0.015
0.047
0.044
0.108

0.433
0.440
0.398
0.425
0.442
0.443
0.441
0.433
0.398
0.449
0.371
0.443
0.334
0.438
0.418
0.292

0.001
0.000
0.001
0.001
0.000
0.000
0.000
0.001
0.001
0.000
0.001
0.000
0.001
0.001
0.001
0.001

3
3
4
4
3
3
3
3
4
3
4
3
5
3
3
6

2.311
2.277
2.513
2.357
2.267
2.262
2.270
2.314
2.518
2.232
2.695
2.264
3.000
2.286
2.395
3.423

0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000
0.000

2347
2055
2349
1508
2251
2149
2358
2228
2484
1904
2483
2063
2512
2283
2067
0

0.040
0.086
0.040
0.087
0.061
0.078
0.047
0.061
0.033
0.074
0.030
0.073
0.018
0.050
0.087
0.080

0.082
0.121
0.063
0.209
0.091
0.107
0.081
0.090
0.041
0.139
0.038
0.117
0.034
0.082
0.158
0.602

Applying logistic regression on the topological measures, we could discriminate
between cancer- and control-specific networks as shown by the ROC curves in Figure 4D:
the number of edges, the mean degree, and the number of hub nodes in a network gave an
area under the curve of 0.941, 0.941, and 0.931, respectively. These best predictors indicate
that cancer-associated genes exhibit less interdependence with other genes than in normal
genes with some genes becoming an important genetic hub: this observation is consistent
with the notion of cancer driver genes [71].
A similar exercise was attempted by Ramadan et al. [72], and our results confirm that
the organization of genetic codependences is different between cancer and normal cells
and thus can be used to discriminate between the two statuses. However, as shown in a
previous section, the same cannot be achieved using the topology of metabolite–metabolite
association networks.
2.3.3. Differential Network Analysis
By means of differential connectivity analysis, we selected genes that showed differential connectivity between controls and cancers, most of which are also differentially
expressed, as shown in Table 7. GO enrichment of this gene set yielded terms associated
with mitotic cell cycle process, cell cycle process, cellular amide metabolic process, immune
effector process, peptide metabolic process, and mitotic cell cycle in multiple myeloma,
and the GO term regulation of macromolecule metabolic process in breast cancer.
Subsequently, pathway impact analysis found many of the same pathways to be
enriched in all cancer types, as can be seen in Figure 3B. This gene list may be biased
because of the gene pre-selection, however, PCA (Figure 4B) on pathway impact scores
shows that cancer types are still separated from each other. Breast and prostate cancer are
mostly defined by the PI3K-Akt signaling pathway. Multiple myeloma is separated by its
impacted phospholipase D signaling. Liver cancer, on the other hand, is defined by gastric
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acid secretion function, a pathway that was not highlighted in the analysis of differentially
expressed genes and that has been reported in the literature [73].
Table 7. Overview of the number of significantly differentially expressed genes per cancer type
(padj < 0.05) according to inferred gene association networks. padj indicates Benjamini–Hochberg
corrected p-values.
Data Set

Cancer

Genes

Differentially Connected (padj < 0.05)

E-MTAB-6703 [22]
E-MTAB-6698 [22]
E-MTAB-6693 [22]
E-MTAB-6695 [22]
E-MTAB-6699 [22]
GSE47552 [23]
E-MTAB-6694 [22]
E-MTAB-6692 [22]

Breast
Colorectal
Gastric
Liver
Lung
Multiple myeloma
Prostate
Renal

2570
2570
2570
2570
2570
2570
2570
2570

2404
2550
2552
2345
2536
2005
2146
2155

2.4. Joint Pathway Analysis
Cellular pathways and reaction networks are not controlled by metabolites or genes
alone, but by a complex interplay between genetics and metabolism [74]: therefore, we
integrated the results from metabolite and gene differential abundance/expression and
connectivity analysis to perform a joint pathway analysis using the approach proposed by
Chong et al. [75].
2.4.1. Joint Pathway Analysis of Differentially Expressed Genes and Differentially
Abundant Metabolites
In breast, liver, colorectal, lung cancer, and multiple myeloma, we found enough
significantly changed metabolites and genes to perform joint pathway analysis, which is
summarized in Figure 5A: in total, 149 different pathways were significantly enriched.
From the PCA shown in Figure 5C, we observed a good separation between most
different cancer types, with colorectal, breast, liver, and multiple myeloma clustering
together. We also observed that in this case, both liver data sets and all three breast data
sets cluster together as well. As this was not the case in the separate metabolite or genebased analyses (see Figures 2 and 4), this confirms that the genetic and metabolic aspect
alone is not enough for a full characterization of cancer similarities and differences.
Overall, we observed that lung cancer seems to possess a particular metabolic signature and it is well separated from the other cancer types. Multiple myeloma yielded
only one significantly enriched pathway: the ribosome pathway while the other cancers
all were enriched for cell cycle, DNA replication, Human T-cell leukemia virus 1 infection,
and the more general pathways in cancer pathway. In liver cancer, enrichment of arginine
biosynthesis, and valine, leucine, and isoleucine degradation, together with glycine, serine,
and threonine metabolism, and fatty acid metabolism-related pathways were found.
These pathways point towards an increase in macromolecule synthesis. In addition, in
lung and breast cancer, we observed enrichment and moderate impact in the phospholipase
D signaling pathway, which is involved in many metabolic processes [76]. A more cancerspecific pathway, the central carbon metabolism in cancer pathway, was enriched, but was
marginally impacted in lung and breast cancer. Lung cancer, on the other hand, was highly
impacted in its glycolysis or gluconeogenesis pathway, a pathway critical for the growth of
certain cancers, including lung cancer [77]. Alanine, aspartate, and glutamate metabolism
was impacted moderately in various cancer types: breast, liver, and colorectal cancer. The
latter also was impacted in the metabolism of the important antioxidant glutathione.
Besides metabolic deregulations, lung, colorectal, and breast cancer were enriched
in multiple pathways that were related to cell adhesion and the cytoskeleton. We saw a
substantial impact in the regulation of the actin cytoskeleton pathway and a very high
impact in the focal adhesion pathway. Although mostly of little impact, we also detected
enrichment in multiple inflammatory, pathogen, or immune response-related pathways
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in liver, and especially lung cancer. Furthermore, it became clear that both breast and
lung cancer were strongly defined by the presence of various oncogene signaling and
cancer-related pathways. We noticed in lung cancer that the mTORC1 and mTORC2
protein complexes, which play an important role in regulating cell growth in regard
to nutrient availability [78], exhibit high overactivity, suggesting resistance to nutrient
deprivation [79,80]. Another shared impacted pathway between lung and breast cancer
was the EGFR tyrosine kinase inhibitor resistance pathway.

Figure 5. Joint pathway analysis. Multiple myeloma is abbreviated as MM. Sample origin of the metabolomics counterpart
is labeled as T, U, S, P for tissue, urine, serum, and plasma, respectively. (A) Pathway analysis score plot of the impact on
cellular pathways that are significantly enriched (padj < 0.05) per cancer type according to differentially expressed genes
(padj < 0.05) and differentially abundant metabolites (padj < 0.05); (B) pathway analysis score plot of the impact on cellular
pathways that are significantly enriched (padj < 0.05) per cancer type according to differentially connected genes (padj < 0.05)
and differentially connected metabolites (padj < 0.05). Data points are colored according to their impact score; (C) PCA biplot
of pathway impact based on differentially expressed genes and differentially abundant metabolites per cancer type; (D)
PCA biplot of pathway impact based on differentially connected genes and differentially connected metabolites per cancer
type. Datapoints are colored according to their cancer type. PCA loadings are labeled only if corresponding to a pathway
impact score >0.5. padj indicates Benjamini–Hochberg corrected p-values.
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2.4.2. Joint Pathway Analysis of Differentially Connected Genes and Metabolites
Parallel to joint pathway analysis using differential gene expression and metabolite
abundance, a second joint pathway analysis was performed using the results from differential network analysis. While the results from differential metabolite network analysis
proved useful, differentially connected genes did not. Since most cancer types yielded the
same significant differentially connected genes, there is also high concordance between
cancer types in the joint pathway analysis. These results therefore are deemed highly biased
and will not be elaborated on (Figure 5B). PCA (Figure 5D) on the pathway impact scores
revealed that breast cancer was mostly characterized by oncogene signaling pathways.
Liver cancer, on the other hand, was more defined by its primary bile acid biosynthesis.
2.5. Cross-Talk between the Metabolomic and Transcriptomic Landscapes of Different Cancer Types
The re-analysis of metabolomic and transcriptomic cancer data indicate that different
cancer types are characterized by different metabolomic and transcriptomic landscapes
and that different biological characteristics are highlighted when considering molecular
signatures that are obtained using differentially abundant/connected metabolites and
genes. The relationships between the different cancer types as expressed by differences
and commonalities in the impacted and deregulated metabolic pathways are shown in the
clustering trees in Figure 6A–F.
A high dissimilarity between cancer type clustering was obtained using different
approaches (i.e., considering metabolomics of transcriptomics data and differentially abundant/expressed metabolites and genes) is observed. For instance, colorectal and lung cancer
cluster together when considering differentially abundant metabolites (Figure 6A) but are
dissimilar when considering differentially connected metabolites (Figure 6B). Multiple
myeloma and gastric cancer share a similar transcriptomic landscape defined by differentially expressed genes (Figure 6C) but not when considering differentially connected genes
(Figure 6D).
It is noteworthy that similar cancer types cluster together (Figure 6E,F) only when
both metabolomic and transcriptomic data are considered indicating that cancer landscapes
can be fully characterized only when working at different omics levels.
Although topological metrics of metabolite–metabolite association networks were
not able to discriminate between controls and cancers, we see in Figure 6G that the same
measures are efficient in capturing the similarities among the same cancer type. On the
contrary, topological measures from gene–gene association networks (Figure 6H) can
discriminate between cancer and controls but not among cancer types. This may well be
an effect of different metabolite coverage: different experiments measure different panels
of metabolites while transcriptomics experiments usually measure the same set of human
genes.
We quantified (diss)similarities in pathway impact of cancer types, by calculating
the cophenetic correlation (ccoph ) between all pairs of clustering trees (see Methods): the
corresponding correlation plot can be found in Figure 7. The correlations among the
different clustering are mostly negative, indicating high dissimilarity between cancer type
dendrograms of different approaches. However, we found agreement between cancer
types based on metabolite abundance and metabolite connectivity and gene connectivity
combined (ccoph = 1). Furthermore, the likeliness of cancer types based on the pathway
impact according to gene connectivity was similar to metabolite abundance (ccoph = 0.94)
and metabolite/gene connectivity joined (ccoph = 0.71). Gene expression and metabolite
abundance also agree on the kinship of different cancer types (ccoph = 0.69).
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Figure 6. Hierarchical clustering of cancer types based on the impact on cellular pathways that are significantly enriched
(padj < 0.05). Labels are colored according to their cancer type. Sample origin is denoted as T, U, S, P for tissue, urine,
serum and plasma, respectively (all transcriptomics analyses originate from tissue). All clustering is based on Euclidean
distance and average linkage: (A) differentially abundant metabolites (padj < 0.05); (B) differentially connected metabolites
(padj < 0.05); (C) differentially expressed genes (padj < 0.05); (D) differentially connected genes (padj < 0.05); (E) differentially
abundant metabolites (padj < 0.05) and differentially expressed genes (padj < 0.05) conjoined; (F) differentially connected
metabolites (padj < 0.05) and differentially connected genes (padj < 0.05) conjoined; (G) dendrogram based on the topological
network measures per cancer type for all inferred metabolite association networks. Here, networks inferred from cancer or
control samples are labeled as “Ca” and “Co”, respectively. (H) Dendrogram based on the topological network measures
per cancer type for all inferred genes association networks. padj indicates Benjamini–Hochberg corrected p-values.
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Figure 7. Cophenetic correlations between cancer type clustering across different analyses, measuring
clustering similarity. Color and size represent the Cophenetic correlation coefficient, with negative
correlations depicted as red and correlations as blue.

3. Materials and Methods
3.1. Data Acquisition
3.1.1. Inclusion Criteria for Cancer Metabolomics Data
To allow fair comparison and top-level data fusion, we defined a set of inclusion
criteria that had to be met by both metabolomics and transcriptomics data sets to be
included in our re-analysis:
1.
2.
3.
4.
5.
6.

Only contain human samples collected in a case–control setting.
Controls samples derived either from healthy subjects or from adjacent tissues from
the same patient, histopathologically classified as non-cancerous.
Being derived from patient tissue, blood, or urine.
Patients should have not been treated with chemotherapy, radiation therapy, or
small-molecule drugs at the time of sampling.
Contain a reasonable number of cancer and control samples (>5) and measured
metabolites (>30).
Studies using cancer cell lines, xenografts, or organoids were not included.

3.1.2. Metabolomics Data Collection
Two public repositories were searched for data from metabolomics-based cancer
studies: the EMBL-EBI maintained MetaboLights database [81] (https://www.ebi.ac.
uk/metabolights/ [82]) and the UC San Diego Metabolomics Workbench (https://www.
metabolomicsworkbench.org/ [83]). Seven data sets from Metabolomics Workbench and
zero from MetaboLights satisfied the inclusion criteria. Additionally, seven were obtained
through literature search by either contacting the authors or from the supplementary
material of the original studies. In total, 14 metabolomics cancer data sets were included.
3.1.3. Transcriptomics Data Collection
Transcriptomics data sets satisfying the inclusion criteria were downloaded from the
GEO database [84] (https://www.ncbi.nlm.nih.gov/geo/ [85]). A total of 8 data sets were
included in our re-analysis.
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3.1.4. Data Processing and Standardization
All data sets (both metabolomics and transcriptomics) were formatted and stored as
Rdata object (.rds). Cancer and control samples were put in separate data matrices, arranged
in a feature × observation format, with the columns containing metabolite or gene names
and the rows containing the sample ID. Samples from normal tissues and histopathological
non-cancerous adjacent tissues were classified as normal/controls. Samples from different
subtypes of the same cancer, i.e., fast- and slow-proliferating multiple myeloma were all
classified cancer samples. Furthermore, metabolites or genes with more than 10% missing
values were removed from the data set.
3.1.5. Metabolite Names Standardization
Metabolite identifiers used in the original data sets (KEGG [86], HMDB [87], PubChem [88], Chebi [89] and Metlin [90] identifiers) were standardized to the canonical
metabolite name as defined by the Human Metabolome Database [87] using the MetaboanalystR R package [75]. If different identifiers were used for the same metabolite and not
all resulted in the same metabolite name, majority voting determines the chosen name. In
the case that a canonical name could not be found, the name given by the authors was
used instead. If metabolite identifiers occurred more than once in a data set, they were
consolidated to a single instance by taking the mean over the different instances. Metabolite
names that did not have a matching alternative name, were manually curated.
3.1.6. Gene Names Standardization
All gene identifiers (names, Affymetrix probe names, etc.) in the downloaded transcriptomics data sets were converted to HGNC gene symbols and names [91,92] using the
biomaRt R package [93]. If gene identifiers occurred more than once in a data set, they
were consolidated to a single instance by taking the mean over the different instances.
3.1.7. Missing Data Handling
Missing metabolite abundances/concentrations and gene expression values (if lower
than 10% for a given metabolite/gene in each data set) were imputed using the impute R
package [94] which uses nearest neighbor averaging with default parameters (number of
neighbors k = 10).
3.2. Statistical Analysis
3.2.1. Data Transformation
Metabolite abundances/concentrations and gene expression value were log-transformed
before analysis.
3.2.2. Metabolite and Gene Differential Abundance and Expression Analysis
Genes or metabolites that were differentially expressed or abundant were found using
the EdgeR R package [95]. A linear model was fit to the data using least square regression.
A contrast matrix was fit on this model to compute the estimated coefficients and standard
errors comparing cancer and control groups. From this, the moderated t-statistic, F-statistic,
and log-odds of differential values were computed using empirical Bayes.
3.2.3. Correction for Multiple Testing
p-Values for metabolite were adjusted using the Benjamini–Hochberg multiple testing correction [96]. Due to the high number of genes, the stricter Bonferroni family-wise
error rate was used for all transcriptomics analyses. Genes or metabolites with an adjusted p-value < 0.05 were considered differentially expressed or abundant at the α = 0.05
significance level.
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3.2.4. Multivariate Analysis
Principal Component Analysis was used to visualize and explore high-dimensional
representations of each data set in terms of biological pathways (see Section 2 for more
details). Data were scaled to unit variance before analysis.
3.2.5. Clustering
To determine similarities between cancer types, hierarchical clustering was used [97].
The Euclidean distance between the first three principal components of each cancer type
was clustered with average linkage.
3.2.6. Comparing Cancer Type Clustering
The clustering of cancer types was compared between different analyses. As only
dendrograms with the same structure can be considered for direct comparison, leaves of
dendrograms were pruned to produce intersecting trees in a pairwise manner. If multiples
of the same cancer type were present in a dendrogram, the centroid was used to create the
initial clustering before pruning. To quantify the difference between the two dendrograms,
the cophenetic correlation was calculated which is defined as the intergroup dissimilarity
at which two observations in each dendrogram are first combined into a single cluster [98].
3.2.7. Network Inference
To infer metabolite–metabolite and gene–gene association networks, we used a modified implementation of the Probabilistic Context Likelihood of Relatedness based on
Correlations (PCLRC) [99]; standard correlations between two molecular features i and
j (either metabolites or genes) where replaced with partial correlations obtained using a
Gaussian Graphical Model (GMM). The PCLRC algorithm uses resampling to estimate
robust correlation based on the Context Likelihood of Relatedness approach [100] which
estimates the relevance of the associations between two features by considering background associations. The PCLCR returns a probability matrix P, containing the likelihood
0 < pij < 1 of each observed association rij between each metabolite or gene pair. Significant
associations were defined as

rij
i f pij ≥ 0.95
rij =
.
(1)
0
i f pij < 0.95
Default parameters were used (number of resampling iterations Niter = 1000; the
fraction of the samples to be considered at each iteration frac = 0.75 and fraction of the
total predicted interactions to be kept at each iteration rank.thr = 0.3.). All networks are
undirected and represented as an adjacency matrix M, populated by interactions (edges)
between metabolite/gene i,j (nodes).
3.2.8. Estimation of Partial Correlations Using Gaussian Graphical Models
Partial correlations were estimated using a Gaussian Graphical Model as implemented
in the GeneNet R package [101,102]. GeneNet allows estimating a GGM from a small
sample of high-dimensional data in a computationally and statistically efficient way. It
uses an analytic shrinkage estimation of covariance and partial correlation matrices and
performs optimal model selection based on local false discovery rate multiple testing. The
edges (i.e., the associations) to be included in the final association network are selected
using a computational algorithm depending on the relative values of the pairwise partial
correlations. For more details on GeneNet implementation, we refer to the original publication. Networks were inferred for both the transcriptomics and metabolomics data sets.
For each data set, separate interaction networks were computed for cancer and control
groups, respectively. To reduce noise and computational load of the network estimation
from transcriptomics data, only the most variable genes were considered. These were
defined as genes that occur in all transcriptomics data sets and have a variance that is
one standard deviation higher than the mean variance across all data sets. To make this
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one sigma cutoff, variances for all genes were log-transformed to normalize them before
calculating the mean and standard deviation of the variance. Furthermore, for genetic
association networks, Niter = 100, MaxPerm = 100, and a probability threshold of 0.99 were
used.
3.2.9. Differential Node Connectivity
The connectivity each node i in a given association network (either specific to cancer
or control samples), corresponding to either a gene or metabolite, is defined as:
!
J

χi =

∑

rij

− 1.

(2)

j =1

The differential connectivity ∆i for metabolites or genes i is defined as subtracting the
connectivity of control group from the cancer group:
control
∆cancer,
= χicancer − χicontrol
i

(3)

3.2.10. Assessment of the Significance of Differential Connectivity
Statistical significance of these differentially connected nodes (metabolites/genes)
was assessed using a permutation test. Briefly, the columns of input data matrices were
independently permuted to destroy the relationship among variables while preserving
their variance obtaining a permuted matrix Mk . For each node i in the permuted matrix
Mk , the differential connectivity was determined as:
control
cancer
control
∆cancer,
= χi,k
− χi,k
i,k

(4)

Repeatedly permutating for k = 1000 yields an empirical null distribution Di of differential connectivity values ∆i,k . For each node in the network. From Di , the corresponding
p-value for ∆i (for the original, non-permuted network connectivity of node i) is calculated
as:


1 + | Di | > |∆icancer, control |
.
(5)
p ∆i =
k
p-values for differentially connected metabolite and genes were corrected for multiple
testing using the Benjamini–Hochberg method.
3.2.11. Metrics for Network Topology Characterization
The topology of interaction networks was characterized using various metrics besides
node connectivity χi . We used Centralization, Diameter, Hub Nodes, In Proceedings of theBetweenness, Closeness, Degree, Minimal Distance, Page rank and Transivity. All topological
measures considered were calculated using the Igraph R package [103] and are defined in
Appendix B.
3.2.12. Software
All code used for analysis is available in the Supplementary File Code.zip.
4. Conclusions
In this study, we attempted a joined re-analysis of publicly available metabolomics
and transcriptomics data to examine the metabolic and gene expression profiles of different
cancer types and to investigate similarities and dissimilarities that can be described at
different omics levels. Despite living in the era of Open Access to information, knowledge,
and data, metabolomics cancer data sets proved difficult to acquire.
The metabolomic community has proposed and agreed on data standards and reporting guidelines [104,105] but has not yet embraced broad data science. In contrast,
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the genomics community has strong precedents for broad data sharing and open science,
most notably the Bermuda Principles of 1996 [106]: since then, many scientific journals
have made deposition of transcriptomics profiles to the GEO database as (almost) a precondition for publication. In fact, and we found no difficulties in finding and accessing
high-quality cancer transcriptomics data satisfying our inclusion criteria and matching the
selected metabolomics data in terms of cancer types. A comprehensive re-analysis of cancer
metabolomics data sets is challenging at least. Low-level data fusion (i.e., merging of data
sets before analysis) [107,108] of publicly available data sets, when obtained, is challenged
by the different number and type of metabolites measured and different sample sizes. At
the moment, the only viable solution for the de novo re-analysis of existing metabolomics
cancer data is to perform high-level data fusion, i.e., applying the same analysis on different
data sets and then integrate and compare the results as in the present study.
Metabolomic and transcriptomic landscapes highlight different patterns of variability
among different cancer types to the point that some cancers are similar in the metabolomic
space but not in the transcriptomic space and vice versa. This can be attributed to the
fact that the fluxes of metabolically regulated reactions are mainly a function of the substrates and product levels, while the fluxes of transcriptionally regulated reactions are
mainly controlled by the expression level of the catalyzing enzymes [109]. Such differences
may also be attributed to different metabolite coverages among different experimental
studies, indicating the necessity of standardized metabolomics experiments to directly
compare different cancer types. Moreover, it proved to be impossible to obtain data where
metabolomics and transcriptomics data were obtained from the same patients. This adds
heterogeneity to the data that is difficult to overcome.
Overall, our results confirm that deregulations of protein metabolism and cell cycle
pathways are the main hallmarks of cancer, but cancer-specific signatures exist that are
better captured when both metabolite and gene expression landscapes are considered
simultaneously. For instance, cell cycle was mainly impacted in breast, liver, and colorectal cancer, while liver cancer was found to be impacted in a relatively large number of
metabolic pathways, but especially in valine, leucine, and isoleucine degradation. Breast
and lung cancer both showed aberrations in cell adhesion mechanisms and several oncogene signaling-related pathways. We also showed the added value of using topological
features of association networks representing molecular codependences that are able to
accurately distinguish between cancer and control cases in genetic networks.
In summary, there is a great benefit in integrating and analyzing data at different
omics levels to elucidate the differences and similarities of cancer landscapes. However,
a true fusion of metabolomics and transcriptomics can only be accomplished through
improved metabolomic data reporting and sharing.
Supplementary Materials: The following are available online at https://www.mdpi.com/2072-6
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analysis, D.v.T. and E.S.; investigation, E.S.; data curation, D.v.T.; writing—original draft preparation,
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Appendix A
Through manual curation of metabolic profiling studies, we selected 220 papers
adhering to our inclusion criteria. From these papers, 11 provided direct access to the
data. After contacting 129 corresponding authors, we managed to acquire three more. In
total, we considered 14 data sets encompassing eight different cancer types: breast, lung,
gastric, renal, liver, colorectal, prostate, and multiple myeloma and contains samples from
organ tissue (five), urine (two), and blood (four plasma, three serum) as given in Table 1
together with data descriptors. After cleaning and standardization, the data sets comprised
of 1095 different metabolites suitable for analysis. The most ubiquitous metabolite is
threonine, followed by creatinine, phenylalanine, proline, valine, and pyroglutamic acid,
occurring in nearly all data sets. A complete list of all metabolite occurrences can be found
in Supplementary Table S1.
For each of the eight different cancer types represented by the 14 metabolomics data
sets, we were able to find and access high-quality cancer transcriptomics data satisfying
our inclusion criteria and matching the selected metabolomics data in terms of cancer
types. Seven out of eight data sets originate from a homogenized microarray compendium
consisting of 95 different GEO studies [22]. A list of the cancer data sets obtained, and
associated data descriptors is given in Table 1. The eight data sets cover 22,470 genes of
which 16,040 are common among all data sets.
Appendix B
Inferred association networks are defined as a matrix Mij , where i and j are nodes. In
this matrix, the number of connections node i has, is defined by its degree k, where
∑ j mij
N−1

ki =

(A1)

with N being the number of nodes in a network, which is used no normalize for network
size. Size normalization allows for direct comparison between differently sized networks.
Node degree is equal to connectivity in binary networks.
Similar to node degree, Closeness was determined, which measures the distance of a
node to all other nodes. Closeness is defined as:
Ci =

1

(A2)

∑ j dij
N −1

where dij is the distance between nodes i and j [110].
Another centrality measure, betweenness, represents the extent to which nodes are
in-between each other and is defined as:
Bi =

∑

v6= j,v6=i,j6=i

σvij
,
σvj

(A3)

where σvj is the total number of shortest paths from node v to j and σvij is the number of
those paths passing through node i. Node betweenness is also normalized for network size
by:
2 ∗ Bi
Bi norm =
(A4)
N ( N − 3)( N − 2)
In addition, the importance of a node was also described by its page rank [111]
and whether it was a hub node. Page rank was calculated using the PRPACK algorithm
(https://github.com/dgleich/prpack) [112] using 0.85 as damping factor. The page rank
of a node is calculated as:
xj
xi = ∑
,
(A5)
n
j
j∈ L
i
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where Li is the set of nodes that link to node i and nj is the number of nodes that are liked
to by node j. A node i was considered a hub node, on the other hand, if it has a clustering
coefficient ci < 0.03 and a degree ki > 5 [113], where:
ci =

number o f triangles connected to node i
,
number o f triples centered around node i

(A6)

with a triple centered around node i being defined as a set of two edges connected to i.
Since different networks generally do not contain identical nodes, the mean of all
node-level topology measures was taken to compare the characteristics of whole networks.
However, the topology of each network was also described using multiple global measures.
The size of a network was described by the number of nodes and the number of edges
∑ mij . Additionally, the diameter D and the mean shortest path length ` of the network
was computed, where:

D = max sij ,
(A7)
and

`=

1
N ( N − 1)

∑ sij ,

(A8)

i6= j

with sij being the number of edges in the shortest path from node i to j.
Besides network size, its shape was evaluated by measuring a network level centralization metric using degree centrality:
CM =

∑i (max(k i ) − k i )
,
N 2 − 3N + 2

(A9)

where a CM of 1 would mean a star network and a CM of 0 a fully connected network.
Finally, the tendency of a network to exhibit modular organization can be measured
by the transivity, which is a global clustering coefficient [114,115]:
c=

1
N

∑ Ci .

(A10)

i
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Győrffy, B.; Surowiak, P.; Budczies, J.; Lánczky, A. Online survival analysis software to assess the prognostic value of biomarkers
using transcriptomic data in non-small-cell lung cancer. PLoS ONE 2013, 8, e82241. [CrossRef]
Sager, M.; Yeat, N.C.; Der Stadt, S.P.; Lin, C.; Ren, Q.; Lin, J. Transcriptomics in cancer diagnostics: Developments in technology,
clinical research and commercialization. Expert Rev. Mol. Diagn. 2015, 15, 1589–1603. [CrossRef]
Chakraborty, S.; Hosen, M.I.; Ahmed, M.; Shekhar, H.U. Onco-Multi-OMICS Approach: A New Frontier in Cancer Research.
BioMed Res. Int. 2018, 2018, 1–14. [CrossRef]
Buescher, J.M.; Driggers, E.M. Integration of omics: More than the sum of its parts. Cancer Metab. 2016, 4, 1–8. [CrossRef]
[PubMed]
Das, T.; Andrieux, G.; Ahmed, M.; Chakraborty, S. Integration of Online Omics-Data Resources for Cancer Research. Front. Genet.
2020, 11, 578345. [CrossRef]

Cancers 2021, 13, 393

13.
14.
15.
16.
17.
18.
19.
20.

21.
22.
23.

24.
25.

26.
27.
28.
29.
30.
31.
32.
33.
34.

35.
36.
37.
38.
39.
40.
41.

23 of 26

Saccenti, E.; Hoefsloot, H.C.J.; Smilde, A.K.; Westerhuis, J.A.; Hendriks, M.M.W.B. Reflections on univariate and multivariate
analysis of metabolomics data. Metabolomics 2014, 10, 361–374. [CrossRef]
Rosato, A.; Tenori, L.; Cascante, M.; Carulla, P.R.d.A.; Santos, V.A.P.M.D.; Saccenti, E. From correlation to causation: Analysis of
metabolomics data using systems biology approaches. Metab. Off. J. Metab. Soc. 2018, 14, 1–20. [CrossRef] [PubMed]
Huang, S.; Chong, N.; Lewis, N.E.; Jia, W.; Xie, G.; Garmire, L.X. Novel personalized pathway-based metabolomics models reveal
key metabolic pathways for breast cancer diagnosis. Genome Med. 2016, 8, 1–14. [CrossRef] [PubMed]
Park, J.; Shin, Y.; Kim, T.H.; Kim, D.-H.; Lee, A. Plasma metabolites as possible biomarkers for diagnosis of breast cancer. PLoS
ONE 2019, 14, e0225129. [CrossRef] [PubMed]
Zhu, J.; Djukovic, D.; Deng, L.; Gu, H.; Himmati, F.; Chiorean, E.G.; Raftery, D. Colorectal cancer detection using targeted serum
metabolic profiling. J. Proteome Res. 2014, 13, 4120–4130. [CrossRef]
Lario, S.; Ramírez-Lázaro, M.J.; Brunet-Vega, A.; Pericay, C.; Gombau, L.; Junquera, F.; Quintás, G.; Calvet, X. Plasma sample
based analysis of gastric cancer progression using targeted metabolomics. Sci. Rep. 2017, 7, 1–10. [CrossRef]
Chen, T.; Xie, G.; Wang, X.; Fan, J.; Qiu, Y.; Zheng, X.; Qi, X.; Cao, Y.; Su, M.; Wang, X.; et al. Serum and urine metabolite profiling
reveals potential biomarkers of human hepatocellular carcinoma. Mol. Cell. Proteom. MCP 2011, 10, M110. [CrossRef]
Kami, K.; Fujimori, T.; Sato, H.; Sato, M.; Yamamoto, Y.; Ohashi, Y.; Sugiyama, N.; Ishihama, Y.; Onozuka, H.; Ochiai, A.; et al.
Metabolomic profiling of lung and prostate tumor tissues by capillary electrophoresis time-of-flight mass spectrometry. Metab.
Off. J. Metab. Soc. 2012, 9, 444–453. [CrossRef]
Kim, K.; Taylor, S.L.; Ganti, S.; Guo, L.; Osier, M.V.; Weiss, R.H. Urine metabolomic analysis identifies potential biomarkers and
pathogenic pathways in kidney cancer. OMICS J. Integr. Biol. 2011, 15, 293–303. [CrossRef] [PubMed]
Lim, S.B.; Tan, S.J.; Lim, W.-T.; Lim, C.T. Compendiums of cancer transcriptomes for machine learning applications. Sci. Data
2019, 6, 1–8. [CrossRef] [PubMed]
López-Corral, L.; Corchete, L.A.; Sarasquete, M.E.; Mateos, M.V.; García-Sanz, R.; Fermiñán, E.; Lahuerta, J.; Bladé, J.; Oriol, A.;
Teruel, A.I.; et al. Transcriptome analysis reveals molecular profiles associated with evolving steps of monoclonal gammopathies.
Haematologica 2014, 99, 1365–1372. [CrossRef] [PubMed]
Tiziani, S.; Lopes, V.; Günther, U.L. Early stage diagnosis of oral cancer using 1H NMR-based metabolomics. Neoplasia 2009, 11,
269–276. [CrossRef] [PubMed]
Chan, E.C.Y.; Koh, P.K.; Mal, M.; Cheah, P.Y.; Eu, K.W.; Backshall, A.; Cavill, R.; Nicholoson, J.K.; Keun, H.C. Metabolic profiling of
human colorectal cancer using high-resolution magic angle spinning nuclear magnetic resonance (HR-MAS NMR) spectroscopy
and gas chromatography mass spectrometry (GC/MS). J. Proteome Res. 2009, 8, 352–361. [CrossRef] [PubMed]
Qiu, Y.; Cai, G.; Su, M.; Chen, T.; Zheng, X.; Xu, Y.; Ni, Y.; Zhao, A.; Xu, L.; Cai, S.; et al. Serum metabolite profiling of human
colorectal cancer using GC-TOFMS and UPLC-QTOFMS. J. Proteome Res. 2009, 8, 4844–4850. [CrossRef]
Sugimoto, M.; Wong, D.T.; Hirayama, A.; Soga, T.; Tomita, M. Capillary electrophoresis mass spectrometry-based saliva
metabolomics identified oral, breast and pancreatic cancer-specific profiles. Metab. Off. J. Metab. Soc. 2009, 6, 78–95. [CrossRef]
Graff, S. Glutamic acid in malignant tumors. J. Biol. Chem. 1939, 130, 13–17. [CrossRef]
Lieu, E.L.; Nguyen, T.; Rhyne, S.; Kim, J. Amino acids in cancer. Exp. Mol. Med. 2020, 52, 15–30. [CrossRef]
Heiden, M.G.V.; Cantley, L.C.; Thompson, C.B. Understanding the Warburg Effect: The Metabolic Requirements of Cell
Proliferation. Science 2009, 324, 1029–1033. [CrossRef]
Dhup, S.; Dadhich, R.K.; Porporato, P.E.; Sonveaux, P. Multiple biological activities of lactic acid in cancer: Influences on tumor
growth, angiogenesis and metastasis. Curr. Pharm. Des. 2012, 18, 1319–1330. [CrossRef] [PubMed]
Choi, S.Y.C.; Collins, C.C.; Gout, P.W.; Wang, Y. Cancer-generated lactic acid: A regulatory, immunosuppressive metabolite? J.
Pathol. 2013, 230, 350–355. [CrossRef] [PubMed]
Rafter, J. Lactic acid bacteria and cancer: Mechanistic perspective. Br. J. Nutr. 2002, 88, S89–S94. [CrossRef] [PubMed]
Goveia, J.; Pircher, A.; Conradi, L.; Kalucka, K.; Lagani, V.; Dewerchin, M.; Eelen, G.; DeBerardinis, R.J.; Wilson, I.D.; Carmeliet, P.
Meta-analysis of clinical metabolic profiling studies in cancer: Challenges and opportunities. EMBO Mol. Med. 2016, 8, 1134–1142.
[CrossRef]
Creixell, P.; Reimand, J.; Haider, S.; Wu, G.; Shibata, T.; Vazquez, M.; Gonzalez-Perez, A.; Pearson, J.; Sander, C.; Raphael, B.J.;
et al. Pathway and network analysis of cancer genomes. Nat. Methods 2015, 12, 615–621. [CrossRef]
Vaske, C.J.; Benz, S.C.; Sanborn, J.Z.; Earl, D.; Szeto, C.; Zhu, J.; Haussler, D.; Stuart, J.M. Inference of patient-specific pathway
activities from multi-dimensional cancer genomics data using PARADIGM. Bioinforma. Oxf. Engl. 2010, 26, i237–i245. [CrossRef]
Amelio, I.; Cutruzzolá, F.; Antonov, A.; Agostini, M.; Melino, G. Serine and glycine metabolism in cancer. Trends Biochem. Sci.
2014, 39, 191–198. [CrossRef]
Labuschagne, C.F.; Van den Broek, N.J.F.; Mackay, G.M.; Vousden, K.H.; Maddocks, O.D.K. Serine, but not glycine, supports
one-carbon metabolism and proliferation of cancer cells. Cell Rep. 2014, 7, 1248–1258. [CrossRef]
Reina-Campos, M.; Diaz-Meco, M.T.; Moscat, J. The complexity of the serine glycine one-carbon pathway in cancer. J. Cell Biol.
2020, 219, 6. [CrossRef]
Jonsson, P.F.; Bates, P.A. Global topological features of cancer proteins in the human interactome. Bioinforma. Oxf. Engl. 2006, 22,
2291–2297. [CrossRef]
Cho, D.-Y.; Kim, Y.-A.; Przytycka, T.M. Chapter 5: Network biology approach to complex diseases. PLoS Comput. Biol. 2012, 8,
e1002820. [CrossRef] [PubMed]

Cancers 2021, 13, 393

42.
43.
44.
45.

46.
47.
48.
49.
50.
51.
52.
53.
54.
55.
56.
57.
58.
59.
60.
61.
62.
63.

64.
65.
66.
67.
68.
69.
70.
71.

24 of 26

Hirayama, C.; Suyama, K.; Horie, Y.; Tanimoto, K.; Kato, S. Plasma amino acid patterns in hepatocellular carcinoma. Biochem.
Med. Metab. Biol. 1987, 38, 127–133. [CrossRef]
Watanabe, A.; Higashi, T.; Sakata, T.; Nagashima, H. Serum amino acid levels in patients with hepatocellular carcinoma. Cancer
1984, 54, 1875–1882. [CrossRef]
Gao, P.; Yang, C.; Nesvick, C.L.; Feldman, M.J.; Sizdahkani, S.; Liu, H.; Chu, H.; Yang, F.; Tang, L.; Tian, J.; et al. Hypotaurine
evokes a malignant phenotype in glioma through aberrant hypoxic signaling. Oncotarget 2016, 7, 15200–15214. [CrossRef]
Choe, E.S.; McGinty, J.F. Cyclic AMP and mitogen-activated protein kinases are required for glutamate-dependent cyclic AMP
response element binding protein and Elk-1 phosphorylation in the dorsal striatum in vivo. J. Neurochem. 2001, 76, 401–412.
[CrossRef] [PubMed]
Dingledine, R.; Borges, K.; Bowie, D.; Traynelis, S.F. The glutamate receptor ion channels. Pharmacol. Rev. 1999, 51, 7–61.
Altman, B.J.; Stine, Z.E.; Dang, C.V. From Krebs to clinic: Glutamine metabolism to cancer therapy. Nat. Rev. Cancer 2016, 16,
619–634. [CrossRef]
Hill, D.P.; Smith, B.; McAndrews-Hill, M.S.; Blake, J.A. Gene Ontology annotations: What they mean and where they come from.
BMC Bioinform. 2008, 9 (Suppl. 5), S2. [CrossRef]
Liu, Y.; Chen, S.; Wang, S.; Soares, F.; Fischer, M.; Meng, F.; Du, Z.; Lin, C.; Meyer, C.; DeCaprio, J.A.; et al. Transcriptional
landscape of the human cell cycle. Proc. Natl. Acad. Sci. USA 2017, 114, 3473–3478. [CrossRef]
Bello, M.J.; Rey, J.A. The p53/Mdm2/p14ARF cell cycle control pathway genes may be inactivated by genetic and epigenetic
mechanisms in gliomas. Cancer Genet. Cytogenet. 2006, 164, 172–173. [CrossRef]
Dash, B.C.; El-Deiry, W.S. Cell cycle checkpoint control mechanisms that can be disrupted in cancer. Methods Mol. Biol. Clifton NJ
2004, 280, 99–162. [CrossRef]
Malumbres, M.; Barbacid, M. Cell cycle, CDKs and cancer: A changing paradigm. Nat. Rev. Cancer 2009, 9, 153–166. [CrossRef]
[PubMed]
Koundouros, N.; Poulogiannis, G. Reprogramming of fatty acid metabolism in cancer. Br. J. Cancer 2020, 122, 4–22. [CrossRef]
[PubMed]
Baenke, F.; Peck, B.; Miess, H.; Schulze, A. Hooked on fat: The role of lipid synthesis in cancer metabolism and tumour
development. Dis. Model. Mech. 2013, 6, 1353–1363. [CrossRef] [PubMed]
Chen, M.; Huang, J. The expanded role of fatty acid metabolism in cancer: New aspects and targets. Precis. Clin. Med. 2019, 2,
183–191. [CrossRef]
Chang, Y.; An, H.; Xu, L.; Zhu, Y.; Yang, Y.; Lin, Z.; Xu, J. Systemic inflammation score predicts postoperative prognosis of patients
with clear-cell renal cell carcinoma. Br. J. Cancer 2015, 113, 626–633. [CrossRef]
Cui, H.; Shan, H.; Miao, M.Z.; Jiang, Z.; Meng, Y.; Chen, R.; Zhang, L.; Liu, Y. Identification of the key genes and pathways
involved in the tumorigenesis and prognosis of kidney renal clear cell carcinoma. Sci. Rep. 2020, 10, 4271. [CrossRef]
Velazquez-Caldelas, T.E.; Alcalá-Corona, S.A.; Espinal-Enríquez, J.; Hernandez-Lemus, E. Unveiling the Link Between Inflammation and Adaptive Immunity in Breast Cancer. Front. Immunol. 2019, 10, 56. [CrossRef]
Ortega, M.A.; Fraile-Martínez, O.; Asúnsolo, Á.; Buján, J.; García-Honduvilla, N.; Coca, S. Signal Transduction Pathways in Breast
Cancer: The Important Role of PI3K/Akt/mTOR. J. Oncol. 2020, 2020, 9258396. [CrossRef]
Maziveyi, M.; Alahari, S.K. Cell matrix adhesions in cancer: The proteins that form the glue. Oncotarget 2017, 8, 48471–48487.
[CrossRef]
Nagano, M.; Hoshino, D.; Koshikawa, N.; Akizawa, T.; Seiki, M. Turnover of focal adhesions and cancer cell migration. Int. J. Cell
Biol. 2012, 2012, 310616. [CrossRef] [PubMed]
Gkretsi, V.; Stylianopoulos, T. Cell Adhesion and Matrix Stiffness: Coordinating Cancer Cell Invasion and Metastasis. Front.
Oncol. 2018, 8, 145. [CrossRef] [PubMed]
Chen, S.; Hourwitz, M.J.; Campanello, L.; Fourkas, J.T.; Losert, W.; Parent, C.A. Actin Cytoskeleton and Focal Adhesions Regulate
the Biased Migration of Breast Cancer Cells on Nanoscale Asymmetric Sawteeth. ACS Nano 2019, 13, 1454–1468. [CrossRef]
[PubMed]
Dang, C.V. Links between metabolism and cancer. Genes Dev. 2012, 26, 877–890. [CrossRef] [PubMed]
DeBerardinis, R.J.; Chandel, N.S. Fundamentals of cancer metabolism. Sci. Adv. 2016, 2, e1600200. [CrossRef]
Vettore, L.; Westbrook, R.L.; Tennant, D.A. New aspects of amino acid metabolism in cancer. Br. J. Cancer 2020, 122, 150–156.
[CrossRef]
Wanders, R.J.A.; Duran, M.; Loupatty, F.J. Enzymology of the branched-chain amino acid oxidation disorders: The valine pathway.
J. Inherit. Metab. Dis. 2010, 35, 5–12. [CrossRef]
Desideri, E.; Vegliante, R.; Ciriolo, M.R. Mitochondrial dysfunctions in cancer: Genetic defects and oncogenic signaling impinging
on TCA cycle activity. Cancer Lett. 2015, 356, 217–223. [CrossRef]
Raimundo, N.; Baysal, B.E.; Shadel, G.S. Revisiting the TCA cycle: Signaling to tumor formation. Trends Mol. Med. 2011, 17,
641–649. [CrossRef]
Refae, M.A.; Wong, N.; Patenaude, F.; Bégin, L.R.; Foulkes, W.D. Hereditary leiomyomatosis and renal cell cancer: An unusual
and aggressive form of hereditary renal carcinoma. Nat. Clin. Pract. Oncol. 2007, 4, 256–261. [CrossRef]
Vogelstein, B.; Papadopoulos, N.; Velculescu, V.E.; Zhou, S.; Diaz, L.A.; Kinzler, K.W. Cancer Genome Landscapes. Science 2013,
339, 1546–1558. [CrossRef] [PubMed]

Cancers 2021, 13, 393

72.

25 of 26

Ramadan, E.; Alinsaif, S.; Hassan, M.R. Network topology measures for identifying disease-gene association in breast cancer.
BMC Bioinform. 2016, 17 (Suppl. 7), 274. [CrossRef] [PubMed]
73. Smith, J.P.; Nadella, S.; Osborne, N. Gastrin and Gastric Cancer. Cell. Mol. Gastroenterol. Hepatol. 2017, 4, 75–83. [CrossRef]
[PubMed]
74. Hirai, M.Y.; Yano, M.; Goodenowe, D.B.; Kanaya, S.; Kimura, T.; Awazuhara, M.; Arita, M.; Fuijwara, T.; Saito, K. Integration of
transcriptomics and metabolomics for understanding of global responses to nutritional stresses in Arabidopsis thaliana. Proc.
Natl. Acad. Sci. USA 2004, 101, 10205–10210. [CrossRef] [PubMed]
75. Chong, J.; Wishart, D.S.; Xia, J. Using MetaboAnalyst 4.0 for Comprehensive and Integrative Metabolomics Data Analysis. Curr.
Protoc. Bioinform. 2019, 68, e86. [CrossRef] [PubMed]
76. Jenkins, G.M.; Frohman, M.A. Phospholipase D: A lipid centric review. Cell. Mol. Life Sci. CMLS 2005, 62, 2305–2316. [CrossRef]
77. Grasmann, G.; Smolle, E.; Olschewski, H.; Leithner, K. Gluconeogenesis in cancer cells—Repurposing of a starvation-induced
metabolic pathway? Biochim. Biophys. Acta Rev. Cancer 2019, 1872, 24–36. [CrossRef]
78. Brown, M.C.; Gromeier, M. MNK inversely regulates TELO2 vs. DEPTOR to control mTORC1 signaling. Mol. Cell. Oncol. 2017, 4,
e1306010. [CrossRef]
79. Grabiner, B.C.; Nardi, V.; Birsoy, K.; Possemato, R.; Shen, K.; Sinha, S.; Jordan, A.; Beck, A.H.; Sabatini, D.M. A diverse array of
cancer-associated MTOR mutations are hyperactivating and can predict rapamycin sensitivity. Cancer Discov. 2014, 4, 554–563.
[CrossRef]
80. Efeyan, A.; Zoncu, R.; Sabatini, D.M. Amino acids and mTORC1: From lysosomes to disease. Trends Mol. Med. 2012, 18, 524–533.
[CrossRef]
81. Haug, K.; Cochrane, K.; Nainala, V.C.; Williams, M.; Chang, J.; Jayaseelan, K.V.; O’Donovan, C. MetaboLights: A resource
evolving in response to the needs of its scientific community. Nucleic Acids Res. 2019, 48, D440–D444. [CrossRef] [PubMed]
82. Metabolights. Available online: https://www.ebi.ac.uk/metabolights/ (accessed on 3 January 2020).
83. Metabolomics Workbench. Available online: https://www.metabolomicsworkbench.org/ (accessed on 3 January 2020).
84. Edgar, R.; Domrachev, M.; Lash, A.E. Gene Expression Omnibus: NCBI gene expression and hybridization array data repository.
Nucleic Acids Res. 2002, 30, 207–210. [CrossRef] [PubMed]
85. Gene Expression Omnibus. Available online: https://www.ncbi.nlm.nih.gov/geo/ (accessed on 3 January 2020).
86. Kanehisa, M.; Goto, S. KEGG: Kyoto encyclopedia of genes and genomes. Nucleic Acids Res. 2000, 28, 27–30. [CrossRef]
87. Wishart, D.S.; Feunang, Y.D.; Marcu, A.; Guo, A.C.; Liang, K.; Vázquez-Fresno, R.; Sajed, T.; Johnson, D.; Li, C.; Karu, N.; et al.
HMDB 4.0: The human metabolome database for 2018. Nucleic Acids Res. 2018, 46, D608–D617. [CrossRef] [PubMed]
88. Kim, S.; Chen, J.; Cheng, T.; Gindulyte, A.; He, J.; He, S.; Li, Q.; Shoemaker, B.A.; Thiessen, P.A.; Yu, B.; et al. PubChem 2019
update: Improved access to chemical data. Nucleic Acids Res. 2019, 47, D1102–D1109. [CrossRef]
89. Hastings, J.; Owen, G.; Dekker, A.; Ennis, M.; Kale, N.; Muthurishnan, V.; Turner, S.; Swainston, N.; Mendes, P.; Steinbeck,
C. ChEBI in 2016: Improved services and an expanding collection of metabolites. Nucleic Acids Res. 2016, 44, D1214–D1219.
[CrossRef]
90. Smith, C.A.; O’Maille, G.; Want, E.J.; Qin, C.; Trauger, S.A.; Brandon, T.R.; Custodio, D.E.; Abagyan, R.; Siuzdak, G. METLIN: A
metabolite mass spectral database. Ther. Drug Monit. 2005, 27, 747–751. [CrossRef]
91. Bruford, E.A.; Braschi, B.; Denny, P.; Jones, T.E.M.; Seal, R.L.; Tweedie, S. Guidelines for human gene nomenclature. Nat. Genet.
2020, 52, 754–758. [CrossRef]
92. White, J.A.; McAlpine, P.J.; Antonarakis, S.; Cann, H.; Eppig, J.T.; Frazer, K.; Frezal, J.; Lancet, D.; Nahmias, J.; Pearson, P.; et al.
Guidelines for human gene nomenclature (1997). HUGO Nomenclature Committee. Genomics 1997, 45, 468–471. [CrossRef]
93. Smedley, D.; Haider, S.; Durinck, S.; Pandini, L.; Provero, P.; Allen, J.; Arnaiz, O.; Awedh, M.H.; Baldock, R.; Barbiera, G.; et al.
The BioMart community portal: An innovative alternative to large, centralized data repositories. Nucleic Acids Res. 2015, 43,
W589–W598. [CrossRef]
94. Hastie, T.; Tibshirani, R.; Narasimhan, B.; Chu, G. Impute: Imputation for Microarray data. Bioinformatics 2001, 17, 520–525.
95. Robinson, M.D.; McCarthy, D.J.; Smyth, G.K. edgeR: A Bioconductor package for differential expression analysis of digital gene
expression data. Bioinformatics 2009, 26, 139–140. [CrossRef] [PubMed]
96. Benjamini, Y.; Hochberg, Y. Controlling the False Discovery Rate: A Practical and Powerful Approach to Multiple Testing. J. R.
Stat. Soc. Ser. B Methodol. 1995, 57, 289–300. [CrossRef]
97. Rokach, L.; Maimon, O. Clustering Methods. In Data Mining and Knowledge Discovery Handbook; Maimon, O., Rokach, L., Eds.;
Springer: New York, NY, USA, 2005; pp. 321–352.
98. Battaglia, O.R.; Di Paola, B.; Fazio, C. Unsupervised quantitative methods to analyze student reasoning lines: Theoretical aspects
and examples. Phys. Rev. Phys. Educ. Res. 2019, 15, 020112. [CrossRef]
99. Saccenti, E.; Suarez-Diez, M.; Luchinat, C.; Santucci, C.; Tenori, L. Probabilistic Networks of Blood Metabolites in Healthy Subjects
As Indicators of Latent Cardiovascular Risk. J. Proteome Res. 2015, 14, 1101–1111. [CrossRef]
100. Faith, J.J.; Hayete, B.; Thaden, J.T.; Mogno, I.; Wierzbowski, J.; Cottarel, G.; Kasif, S.; Collins, J.J.; Gardner, T.S.; Levchenko, A.
Large-Scale Mapping and Validation of Escherichia coli Transcriptional Regulation from a Compendium of Expression Profiles.
PLoS Biol. 2007, 5, e8. [CrossRef]
101. Opgen-Rhein, R.; Strimmer, K. From correlation to causation networks: A simple approximate learning algorithm and its
application to high-dimensional plant gene expression data. BMC Syst. Biol. 2007, 1, 37. [CrossRef]

Cancers 2021, 13, 393

26 of 26

102. Schäfer, J.; Opgen-Rhein, R.; Strimmer, K. Reverse Engineering Genetic Networks using the GeneNet Package. R News 2006, 6,
50–53.
103. Csardi, G.; Nepusz, T. The igraph software package for complex network research. Inter J. Complex Syst. 2006, 1695, 1–9.
104. Viant, M.R.; Ebbels, T.M.D.; Beger, R.D.; Ekman, D.R.; Epps, D.J.T.; Kamp, H.; Leonards, P.E.G.; Loizou, G.D.; MacRae, J.I.; Van
Ravenzwaay, B.; et al. Use cases, best practice and reporting standards for metabolomics in regulatory toxicology. Nat. Commun.
2019, 10, 3041. [CrossRef]
105. Spicer, R.A.; Salek, R.; Steinbeck, C. Compliance with minimum information guidelines in public metabolomics repositories. Sci.
Data 2017, 4, 170137. [CrossRef] [PubMed]
106. Cook-Deegan, R.; McGuire, A.L. Moving beyond Bermuda: Sharing data to build a medical information commons. Genome Res.
2017, 27, 897–901. [CrossRef] [PubMed]
107. Smilde, A.K.; Van Mechelen, I. A Framework for Low-Level Data Fusion. In Data Handling in Science and Technology; Elsevier:
Amsterdam, The Netherlands, 2019; Volume 31, pp. 27–50.
108. Waaijenborg, S.; Korobko, O.; Willems van Dijk, K.; Lips, M.; Hankemeier, T.; Wilderjans, T.F.; Smilde, A.K.; Westerhuis, J.A.;
Motta, A. Fusing metabolomics data sets with heterogeneous measurement errors. PLoS ONE 2018, 13, e0195939. [CrossRef]
[PubMed]
109. Auslander, N.; Yizhak, K.; Weinstock, A.; Badhu, A.; Tang, W.; Wang, X.W.; Ambs, S.; Ruppin, E. A joint analysis of transcriptomic
and metabolomic data uncovers enhanced enzyme-metabolite coupling in breast cancer. Sci. Rep. 2016, 6, 2966. [CrossRef]
[PubMed]
110. Bavelas, A. Communication Patterns in Task-Oriented Groups. J. Acoust. Soc. Am. 1950, 22, 725–730. [CrossRef]
111. Brin, S.; Page, L. The anatomy of a large-scale hypertextual Web search engine. Comput. Netw. ISDN Syst. 1998, 30, 107–117.
[CrossRef]
112. GitHub. Available online: https://github.com/dgleich/prpack (accessed on 4 October 2020).
113. Lu, X.; Jain, V.V.; Finn, P.W.; Perkins, D.L. Hubs in biological interaction networks exhibit low changes in expression in
experimental asthma. Mol. Syst. Biol. 2007, 3, 98. [CrossRef]
114. Wasserman, S.; Faust, K. Social Network Analysis: Methods and Applications; Cambridge University Press: Cambridge, UK, 1994;
Volume 8.
115. Lorenz, W.W.; Alba, R.; Yu, Y.-S.; Bordeaux, J.M.; Simões, M.; Dean, J.F.D. Microarray analysis and scale-free gene networks
identify candidate regulators in drought-stressed roots of loblolly pine (P. taeda L.). BMC Genom. 2011, 12, 264. [CrossRef]

