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1. Introduction

Colorectal cancer (CRC) is the third most common cancer worldwide and one of the most
common diseases diagnosed in the USA among both men and women [1]. Interestingly, the
incidence and mortality rates have been declining in the United States over the past decades
for those aged over 50, with the pace accelerating to 3% annually from 2003 to 2012.
However, there has been an alarming increase (51%) in colorectal cancer incidence in those
under 50 since 1994 [2-4]. The reasons for this increase are not fully understood. Known
risk factors, such as obesity, alcohol, smoking and a sedentary lifestyle, are likely to underlie
early-onset cancers [3].

Genetic predisposition and epigenetic alterations are likely to contribute to this increase.
Both play an important role in the disruption of several oncogenic signaling pathways which
have been identified in colorectal cancer. Numerous reports have highlighted the importance
of early mutations in the adenomatous polyposis coli (APC) tumor suppressor gene and in
the CTNNBL (B-catenin) gene; both of these genes influence the Wnt/g pathway signaling
by preventing axin-dependent phosphorylation and degradation of p-catenin [5-8]. In
addition to these mutations, a synergistic interaction between the genetic and epigenetic
alterations is believed to contribute in the development of CRC [8]. Methylations, such as
H3K9 and H3K27, have been found to contribute to the regulation of gene expression in
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both embryonic stem cells and adult stem cells by silencing genes. On the other hand, H3K4
methylation is critical for gene activation [9]. Another mechanism, which is the subject of
intensive research, is the one activated by aldehyde dehydrogenase (ALDH) and that
promotes tumor growth. ALDH catalytic activity has been identified as a biomarker of many
cancers and cancer stem cells [10]. Our group has recently shown that high ALDH1B1
expression was observed throughout the cells of human colon adenocarcinomas, suggesting
a close association between ALDH1B1 presence and activation of Wnt/p-catenin [11, 12].
However, other groups have suggested the ALDH1A1 isozyme to be present in CRC [13,
14]. However, the mechanism by which ALDH1AL1 contributes to CRC has not been
elucidated.

Athough important signaling pathways and genes have been identified as playing a role in
CRC, identification of new prognostic biomarkers continues to be a challenge, because it is a
highly heterogeneous cancer, with various molecular alterations taking place throughout the
natural course of the disease [15]. Evaluation of the transcriptome allows investigation of
alterations in the molecular constituents of the cells and tissues induced by disease. RNA-
Seq is one approach that uses deep-sequencing technologies to measure the levels of
transcripts and their isoforms, thereby providing a detailed insight into the transcriptome
[16]. By identify cellular proteins, proteomics provides additional insights into cellular
changes that are downstream of the transcriptome. Metabolite profiling (or metabolomics)
provides information about the biochemical consequences of changes in protein expression.
This is a powerful approach that measures and identifies small molecules that change during
a disease, providing valuable insights into how biochemistry is linked to cell metabolism
[17]. Each one of these approaches contributes in a different way in advancing to our
understanding of the molecular basis and cellular changes occurring in diseases, such as
CRC. They also facilitate the discovery novel biomarkers. For example, transcriptomics can
identify the differences in gene expression profiles in key oncogenes and tumor suppressors
CRC cells. Proteomics can provide insight into changes in proteins involved in molecular
pathways contributing to the development and progression of CRC. Metabolomics can
elucidate the biochemical pathways that are altered in the tumor tissue. Each of these
approaches enhance our understanding of CRC biology. Recent advances in
biocomputational tools make it feasible to (i) analyze large data sets from transcriptomic,
proteomic and metabolomic studies, (ii) efficiently integrate them, and (iii) generate a
comprehensive systems biology analysis of the disease [18-20]. The use of a multilayer
“omics” approach that integrates transcriptomics, proteomics and metabolomics has the
potential to greatly increase our understanding of the mechanisms underlying disease. The
changes in the metabolome can be linked to alterations in enzymes identified with
proteomics, and when combined with transcriptomics data, can enhance the interpretation of
the genetic background of thedisease, leading to a more comprehensive molecular view of
CRC. The end result of the multi “omics’” approaches to a disease should improve
prognosis, and ultimately lead to improved treatment and patient outcomes.

Using a multi-omics approach, we have investigated the impact of genetic suppression
(shRNA) of ALDH1AL1 expression on transcriptomics, proteomics and untargeted
metabolomics analyses in a human colon cancer cell line (COLO320) which has a high
constitutive expression of ALDH1AL. The present study (i) generates an integrative omic
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profile of scramble shRNA vs. ALDH1A1 shRNA COLO320 cells, and (ii) identifies
possible alterations in biological pathways caused by suppression of ALDH1A1 expression.

2. Materials and Methods

2.1 Culture of COLO320 cells and puromycin selection

COL0320 cells (American Type Culture Collection; ATCC, VA, USA) were cultured in
RPMI 1640 (Life Technologies, Carlshad, CA) medium supplemented with an antibiotic-
antimycotic cocktail (100 U/mL penicillin and 100 ug/mL streptomycin; Life Technologies,
Carlsbad, CA) and 10% heat-inactivated fetal bovine serum (FBS; Life Technologies,
Carlsbad, CA) under a humidified atmosphere of 5% CO in air at 37°C. Cells ( 0.5-
1.0x10%) were seeded into 25 cm? culture flasks (Eppendorf AG, Hamburg, Germany) and
passaged at 70-80% confluency. To assess the effect of puromycin on cell viability, 0.02-0.1
x 10° cells were seeded in RPMI containing 10% FBS (100 uL/well) in a 96-well cell
culture plate (Eppendorf AG, Hamburg, Germany). All cultures were performed in triplicate.
After 12 h, the medium was replaced with RPMI 1640 medium with 10% FBS that
contained 0-20 pug/mL puromycin (Life Technologies, Carlsbad, CA). Cells were then
allowed to incubate for 48 h at 37°C before cell viability was determined using the CellTiter
96® AQeous ONe Solution Reagent assay (Promega, Madison, WI) per the manufacturer’s
protocol.

Cells were passaged using 0.25% trypsin-EDTA followed by counting (ViaStain AOPI
Staining Solution,cridine orange/propidium iodide Nexcelom Bioscience, Lawrence, MA)
using an automated cellometer (Cellometer K2, Nexcelom Bioscience, Lawrence, MA) and
then harvested at 90% confluency.

2.1.1 ALDH1A1 shRNA knockdown—Cellular ALDH1AL expression was suppressed
using MISSION shRNA lentiviral transduction particles containing validated ALDH1A1
SshRNA in a pLKO plasmid vector. Scramble control shRNA in pLKO plasmid vector was
used to generate control cells (Sigma-Aldrich, St. Louis, MO). The shRNA transfection was
carried out as described previously [21] and five individual stable clones were selected using
puromycin (10 pg/mL). Western blot analysis was used to verify changes in ALDH1A1
expression using methods described previously [22]. The clone that had the greatest
suppression of ALDH1A1 expression was used in the present study.

2.2 Unified sample preparation for RNAseq and proteomic analyses

Knock-down and scramble shRNA-transfected cells were seeded (1x106) into six 150 mm
dishes (Corning Inc., Corning, NY, USA) and cultured in RPMI containing 10% heat-
inactivated FBS and puromycin (10 pg/mL). Cells were continuously grown in the presence
of puromycin until 90% confluency, and then harvested using 5 mL of 0.25% trypsin EDTA
(Invitrogen, Thermo Fisher Scientific) for analyses (as described below). The cells were
centrifuged at 2,000 rpm for 10 min at room temperature, the supernatant was discarded and
the cell pellet was collected. The cell pellet was further rinsed and processed for RNA-seq
and proteomics analyses, as described in the following sections, respectively.
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2.2.1 RNA-seq analysis—The cell pellet (n=3 for each group) was resuspended in ice-
cold Dulbecco’s phosphate-buffered saline (DPBS) and centrifuged at 10,000 rpm for 15
min at 4°C and the supernatant was discarded. This step was repeated three times. Then 600
pL RLT Plus buffer supplemented with 1% pB-mercaptoethanol was then added, and the
resultant suspension was stored in —80°C. The samples were submitted to the Yale Center
for Genome Analysis for RNA-seq analysis.

RNA Seq Library Prep: mRNA (*500 ng total) was purified with oligo-dT beads and
sheared by incubation at 94°C (first-strand synthesis with random primers). Then, the
second strand synthesis was performed using dUTP to generate strand-specific sequencing
libraries. The cDNA library was then end-repaired, A-tailed adapters were ligated, and
second-strand digestion was performed using uracil-DNA-glycosylase. Indexed libraries
(that met appropriate cut-offs for both) were quantified by gRT-PCR using a commercially-
available kit (KAPA Biosystems), and insert size distribution was determined using a
LabChip GX or Agilent Bioanalyzer. Samples with a yield =0.5 ng/uL were used for
sequencing.

Flow cell preparation and sequencing: Sample concentrations were normalized to 10 nM
and loaded onto Illumina Rapid or High-output flow cells at a concentration that yielded
150-250 million passing filter clusters per lane. Samples were sequenced using 75 bp single
or paired-end sequencing on an Illumina HiSeq 2000 or 2500 according to manufacturer’s
protocols. The 6 bp index was read during an additional sequencing read that automatically
followed the completion of read 1. Data generated during sequencing runs were
simultaneously transferred to the YCGA high-performance computing cluster. A positive
control (prepared bacteriophage Phi X library) provided by Illumina was spiked into every
lane at a concentration of 0.3% to monitor sequencing quality in real time.

Data analysis and storage: Signal intensities were converted to individual base calls
during a run using the system’s Real Time Analysis (RTA) software. Primary analysis
sample de-multiplexing and alignment to the human genome was performed using
Illumina’s CASAVA 1.8.2 software suite. The reads were trimmed for quality and aligned
with the hgl19 reference genome using TopHat2 [23]. The transcripts were assembled using
Cufflinks [24]. The assembled transcripts were used to estimate transcript abundance and
differential gene-expression using Cuffdiff [24]. The results were visualized using R
(CRAN) and CummeRbund [25].

2.2.2 Proteomic analysis

Sample preparation: The cell pellet was resuspended in ice-cold Dulbecco’s phosphate-
buffered saline (DPBS) which was supplemented with complete protease and phosphatase
inhibitor cocktails (Roche Diagnostics GmbH, Mannheim, Germany), centrifuged at 10,000
rpm for 15 min at 4°C and the supernatant was discarded. This step was repeated three
times. The resultant sample was stored at —80°C and submitted to the Yale Mass
Spectrometry (MS) & Proteomics Resource of the W.M. Keck Foundation Biotechnology
Resource Laboratory for analysis.
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The samples (n=3 for each group) were subjected to three 15 sec bursts of sonication on ice
using a Digital Sonifier (Model 450, Branson Ultrasonics Corportation, Danbury, CT). The
sonicate was centrifuged at 16,0009 for 10 min at 4°C. One hundred pL of the supernatant
was added to chloroform:methanol:water (at ratio of 1:4:3 %vl/v, respectively) to precipitate
proteins, vortexed, and subsequently subjected to centrifugation at 16,0009 for 1 min. The
top aqueous layer of the supernatant was removed and discarded (with caution not to disturb
the formed meniscus) and an additional 400 uL methanol was added to the remaining
mixture, and vortexed well. The resultant mixture was centrifuged at 16,0009 for 2 min, and
the methanol was removed (with caution not to disturb the pellet) and discarded. The protein
pellet was dried using a SpeedVac (SPD111V Savant, Fisher Thermo Scientific), and
resuspended in 25 pL Rapigest SF surfactant solution (Waters Corporation, Milford, MA)
containing 50 mM NH4HCO3 reduced by addition of 5 pL dithiothreitol (45 mM), and
subsequently alkylated by the addition of 5 UL iodoacetamide (100 mM). The resultant
sample underwent enzymatic digestion by incubation with LysC (at 1:10 enzyme:protein
ratio) and trypsin (at 1:10 enzyme:protein ratio) at 37°C overnight. This digestion was
quenched with 0.1% formic acid, and subsequently desalted with a C18 UltraMicroSpin
columns. The effluents from the de-salting step were dried and then re-dissolved in a
mixture of 5 uL 70% formic acid (FA) and 35 pL 0.1% trifluoroacetic acid (TFA). A 2 L
aliquot was reserved to obtain total digested protein amount and 3.2 L of Pierce Retention
Time Calibration Mixture (Cat#88321) was added to each sample resulting in 80 pL total
sample volume (containing 0.08 pg/uL sample peptide concentration) prior to injecting 5 pL
sample volume on the UPLC Orbitrap Fusion mass spectrometer for normalization of Label-
Free Quantitation (LFQ) data.

LC-MS/MS conditions: Label-Free Quantitation (LFQ) was performed on a Thermo
Scientific Orbitrap Fusion mass spectrometer connected to a Waters nano ACQUITY UPLC
system equipped with a Waters Symmetry® C18 180 pm x 20 mm trap column and a 1.7-
pm, 75 um x 250 mm nano ACQUITY UPLC column (maintained at 35°C). The digested
protein samples were diluted to a final concentration of 0.05 pg protein/uL in 0.1% TFA.
Five uL of these solutions were injected in triplicate into the LC MS/MS system in block
randomized order. To ensure a high level of identification and quantitation integrity, a
resolution of 120,000 and 60,000 was utilized for MS and MS/MS scans, respectively.
Trapping was carried out for 3 min at 5 uL/min in 97% Buffer A (0.1% FA in water) and 3%
Buffer B (0.075% FA in acetonitrile) prior to eluting with linear gradients that reached 6% B
at 5 min, 35% B at 170 min, and 50% B at 175 min, and 97% B at 180 min for 5 min; then
dropped down to 3% B at 186 min for 14 min.

Data analysis: The LC-MS/MS data was processed using Progenesis QI Proteomics
software (Nonlinear Dynamics, version 2.0), with protein identification carried out using the
Mascot search algorithm. The Mascot search results were exported using a significance
cutoff of p<0.05 and FDR of 1% into the Progenesis QI software, where search hits were
assigned to corresponding peak features that were extracted from the MS data. Only proteins
with two or more unique quantifiable peptides were utilized in downstream analyses. These
protein abundances and their accession number were then utilized in Ingenuity Pathway
Analysis for networking functions of the identified and quantified proteins.

Chem Biol Interact. Author manuscript; available in PMC 2021 March 24.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Charkoftaki et al. Page 6

2.3 Metabolomics

Sample preparation: Briefly, the cell culture medium was removed from the culture
dishes, and the cells were rinsed three times with ice-cold DPBS. For quenching and
metabolite extraction, 1 mL ice-cold methanol was added to the plate and the cells were
immediately removed from the culture dish by scraping. The cell suspension was collected
into 2 mL Protein Lobind Eppendorf tubes that were placed on ice. After cell counting
(ViaStain AOPI Staining Solution,cridine orange/propidium iodide Nexcelom Bioscience,
Lawrence, MA) using an automated cellometer (Cellometer K2, Nexcelom Bioscience,
Lawrence, MA), the cell number was adjusted to 4x106 cells/tube. The cells were lysed by
the application of a freeze-thaw cycle (freezing in liquid nitrogen for 5 min, thawing in
warm water for 5 min), followed by sonication for 2 min. This process was repeated three
times. The samples were then centrifuged at 15,000 rpm for 10 min at 4°C, and the
supernatant was transferred to 2 mL tubes and dried using a Speed Vac (SPD111V Savant,
Thermo Fisher Scientific). The samples were then reconstituted in
isopropanol:acetonitrile:water (2:1:1 %v/v) and 2.5 pL Splash® Lipidomix® (Avanti Polar
Lipids Inc.) was added to each sample as an internal standard. A previously published
method was utilized [26] to study alterations in the lipid metabolome of the two groups.
Samples were randomized and analyzed by UPLC-electrospray ionization quadrupole time-
of-flight mass spectrometry in positive mode. A pooled sample containing 10 pL of each
individual sample was injected every five injections for quality control.

Data analysis: Raw data were processed using R-XCMS version 3.0.0 [27]. This
workflow involves typical data-processing steps including peak detection, peak filtering, and
peak alignment. Final peakpicking parameters were: peak width = ¢(2,30), snthresh = 5,
mzdiff = 0.05, ppm = 15; alignment (bw = 10, mzwid = 0.05) and retention time correction
(obiwarp, plottype = c(deviation), profstep = 1). Subsequent data processing was carried out
in Matlab R2016b using in-house written routines. More specifically, the data was truncated
to peaks with less than 30% missing values. Next, the truncated data was normalized using
probabilistic quotient normalization, subsequently missing values were imputed using the k-
nearest neighbors method (k=5) and, finally, the data was transformed using a generalized
log-transformation (glog) [28]. The glog-transformed data was used as an input to principal
component analysis (PCA) for exploratory analysis. PCA analysis revealed tight clustering
of the quality control samples, but also two potential outliers (one in the knock-down-group
and one in the scramble control-group). The QC-samples and two outliers were not taken
into account in subsequent analyses. The KNN-imputed data was used as an input to
univariate analysis where the Wilcoxon rank sum test in combination with FDR correction
(=5%) was used to detect significant differences between the knock-down and scramble
control cells. Focusing on the significant peaks, network analysis using the Mummichog
software was performed, which identified pathways that were significantly (Benjamini—
Hochberg False Discovery Rate, FDR adjusted p-value < 0.05) impacted in the studied
groups. Mummichog annotates metabolites based on accurate mass /7/zand tests significant
pathway enrichment within a reference network (human metabolic network) using a Fisher’s
exact test [29].
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2.4 Bioinformatics and Pathway Analysis of the transcriptome and proteome

Qlucore Omics Explorer v 3.2 (Qlucore AB, Lund, Sweden) was used to identify
differentially-expressed transcripts and proteins using a two-tailed Student’s unpaired t-test
comparison between the knock-down and scramble control groups. The g-values (g< 0.1)
were generated based on the FDR method [30]. Unsupervised hierarchical clustering and
heat maps were also generated in the Qlucore program. Pathway analysis of differentially-
expressed genes across groups was performed by using the Ingenuity Pathway Analysis
Knowledge Base (IPA Build 458397M, version 39408507; Ingenuity Systems, QIAGEN).
The top canonical pathways involving those differentially-expressed transcripts and proteins
were calculated based on the Fisher’s right-tailed exact test (p < 0.05).

2.4.1 Integrated network analysis of the transcriptome, proteome, and
metabolome—Differentially abundant transcripts, proteins (Log, Fold Change = 0.5, g <
0.1) and the all the metabolites (tentatively annotated by Mummichog software) were
analyzed using MetScape (v3.1.3) [31], a pathway-based networks algorithm in Cytoscape
(v3.6.1). The metabolic pathways that were associated with transcript-protein-metabolite
interactions were mapped onto each of the networks.

2.5 Raw data availability

The proteomics data from this publication are available at the ProteomeXchange Consortium
[32] (dataset identifier PXD012230, http://www.proteomeexchange.org/) via the PRIDE
partner repository [33]. For the RNA sequencing data, the FASTQ and processed data are
available at Gene Expression Omnibus (GSE121043, https://www.ncbi.nlm.nih.gov/geo/).
Metabolomics data are available at the NIH Metabolomics workbench (study ID
ST0001093, http://www.metabolomicsworkbench.org/).

3. Results

3.1 Transcriptomic and Proteomic Analyses

Short hairpin RNA was effective at suppressing expression of ALDH1AL in COLO320 cells
(Fig. 1). RNA-seq and proteomic analyses revealed 1747 differentially-expressed transcripts
and 336 differentially-expressed proteins in cells in which ALDH1A1 expression had been
suppressed (Fig. 2). Of these, 71 of the differentially-expressed genes related directly to
differentially-expressed proteins. Unsupervised hierarchical clustering of the RNA-seq and
proteomics data showed that scramble control and ALDH1A1 knock-down samples
clustered separately (Fig. 2). Pathway analysis was used to explore the pathways enriched
within these differentially-expressed transcripts, proteins and common genes.

In case of transcriptomics results, the most statistically significant pathways were grouped
into two categories: those relevant to signaling (such as Wnt/p-catenin (p=3.47E-6,
WNT10A and c-MYC genes were down-regulated, with Log, Fold-Changes=-3.096 and
-0.667, g=9.88E-3 and 2.92E-2, respectively)), axonal guidance signaling (1.74E-5),
molecular mechanisms of cancer (7.41E-5), and those relevant to lipid metabolism, such as
cholesterol biosynthesis I, 1l and 11 (p=1.82E-4, for all three pathways) (Fig. 3). Pathway
analysis of the differentially-regulated proteins showed oxidative phosphorylation to be the
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most highly significant pathway (p=5.01E-31), followed by mitochondrial dysfunction
(p=1.00E-25) and the sirtuin signaling pathway (p=2.00E-25). For all three pathways, thirty
out of the forty proteins that belong to the mitochondrial complex I (NADH:ubiquinone
oxidoreductase subunits, NDUF and MT-ND) were all found to be down-regulated
(Supplement). In addition, TIMM13 (Log, Fold-Change=-0.663, q=2.26E-2), PARP1 (Log»
Fold-Change =-0.614, g=1.5E-3), and HIST1H1B (Log, Fold-Change=-0.734, q=2.89E-3)
were all down-regulated in the sirtuin signaling pathway. Furthermore, pathways linked to
lipid synthesis, such as the superpathway of cholesterol biosynthesis (p=3.24E-6) and
cholesterol biosynthesis (p=3.31E-5) were also significant (Fig. 3).

Further analysis of the 71 shared differentally-expressed genes and proteins revealed
asparagine biosynthesis (p=3.16E-3) as the most enriched pathway. The superpathway of
cholesterol biosynthesis was also significant (p=3.36E-3). In both datasets (Supplement),
DHCR7 was down-regulated (proteomics: Log, Fold-Change =-1.488, q=1.55E-4;
transcriptomics: Log, Fold-Change=-1,153, g=0.06), and all of the proteins identified in the
proteomics dataset were down-regulated, specifically CYP51A1 (Log, Fold-Change=
-1.465, q=8.54E-5), HMGCS1 (Log, Fold-Change=-1.396, q=1.55E-5) MSMO1 (Log,
Fold-Change=-1.433, g=2.16E-3), HSD17B7 (Log, Fold-Change=-0.75, q=3.84E-5),
IDI1(Log, Fold-Change=-1.026, q=6.72E-3) and CYP51A1 (Log, Fold-Change=-1,026,
g=6.72E-3). In addition, pathways, such as pyrimidine ribonucleotides interconversion
(p=9.12E-3), N-acetylglucosamine degradation Il (p=1.36E-2) and cell cycle control of
chromosomal replication (p=1.38E-2) were also significant (Fig. 3).

3.1.2 Metabolomics Analysis—Untargeted metabolomics was performed to determine
the variation in metabolic profiles between the scramble control (n=8) vs. ALDH1A1 knock-
down cells (n=8). Comprehensive profiles were acquired from the cell extracts and a total of
5,774 features were detected. Unsupervised multivariate analysis was performed for all the
samples. Visual inspection of the PCA scores plot revealed two potential outliers: one in the
SC group and one in the KO group. This was confirmed by robust PCA (ROBPCA) analysis
[34]. Due to the observed skewness in the original PCA scores plot (Supplement), ROBPCA
was applied to the glog-transformed data [35]. A scree plot was used to determine how many
ROBPCA components should be retained and, subsequently, an outlier detection test was
carried out by assessing the score and orthogonal distance of each observation using
Hotelling’s T2 and the Q-statistic, respectively. This revealed that the metabolomics profile
of the visually-identified outlier in the KO group to be significantly different (p<0.05) from
the other KO samples. The outlier in the SC group was not marked as significantly different
from the other observations due to its similarity to some of the KO samples (Fig. 4A).
Therefore, the ROBPCA analysis was repeated on a reduced data matrix that did not include
the KO samples. This resulted in the potential outlier in the SC group being significantly
different (p<0.05) from the other SC samples. The principal component analysis that was
performed showed separation along the first and the second principal component (Fig. 4A),
indicating relevant differences in their basal metabolic activities. There was more variation
in the knock-down cells than in the scramble control cells, likely reflective of the variability
associated with targeted genetic manipulation by shRNA. Global metabolomics volcano plot
analysis revealed 859 ions to be significant (Supplement). The tentative metabolic pathways
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(shown in Table 1) are mainly linked to lipid metabolism. Of these, the carnitine shuttle
pathway (p=5.3E-4) was the most significant pathway. Other pathways linked to energy
metabolism, such as pyruvate metabolism and fatty acid oxidation, were also significant
(p=1.8E-3 and 2.9E-2, respectively). In addition, both bile acid biosynthesis (p=8.5E-3) and
vitamin A (retinol) metabolism (p=2.9E-2) were altered in the ALDH1A1 knock-down cells.

A systems biology approach was used to integrate all three datasets. Pathway visualization
on MetScape of the significant genes and proteins (q<0.05) and the putatively-identified
metabolites resulted in 61 pathways being identified (Supplement). The generated pathways
showed the associations between the transcript-protein-metabolite interactions and how they
can be displayed simultaneously on the same map. The identified pathways were related to
lipid metabolism (such as omega-3 and omega-6 fatty acid metabolism, de novo fatty acid
biosynthesis, glycophospholipid biosynthesis), and to energy metabolism (such as
pyrimidine metabolism, TCA cycle, purine metabolism and di-unsaturated fatty acid beta-
oxidation). Suppression of the ALDH1A1 gene showed a direct association with the vitamin
A (retinol) metabolism pathway (Fig. 5). As shown in Fig. 5, there were three more genes
involved in this pathway that were also down-regulated. These included two members of the
UDP glucuronosyltransferase 2 family (UGT2B17, Log, Fold-Change =-8.686, q=0.01, and
UGT2A3, Log, Fold-Change =-2.566, q=0.01) and peroxiredoxin 6 (PRDX6, Log, Fold-
Change =-1.102, g=0.04). The putatively-identified metabolite with m/z 287.2391 (retinol
or its isomers 9-, 11- or 13-cis retinol) was down-regulated (Log, Fold-Change =-2.14,
g=0.03) (Supplement).

4. Discussion

To date, a systems biology integration of transcriptomics, proteomics and metabolomics has
not been used to study the role of ALDH genes in CRC. Using this approach, the present
study revealed metabolic pathways affected by suppressing the ALDH1A1 gene. New
functional links between genes, proteins and metabolites were revealed, providing us with
greater understanding of the functional interactions of the disease, and shedding additional
insights into the complex biology of CRC.

A large body of research exists that demonstrates metabolites to function as cell signaling
molecules involved in many physiological and pathophysiological conditions, including the
control of inflammation [36, 37], altered lipid metabolism, [38-40] and CRC [41]. In the
present study, the individually analysed datasets uncovered pathways relating to cell
signaling and lipid metabolism. Several studies have shown the critical role of Wnt signaling
in the proliferation and/or differentiation of stem cells in the intestinal crypts. This role is
fundamental and any dysregulation of this pathway is a major contributor to colorectal
carcinogenesis, since its activation leads to the accumulation of -catenin in the nucleus
which can be detected in over 80% of CRC tumors [7, 42]. Aberrant Wnt/p-catenin
signaling causes unregulated expression of the c-Myzc, a proto-oncogene that drives
colorectal carcinogenesis. The overexpression of ¢c-Myc s associated with cancer stem cell
maintenance and chemoresistance [43—-45]. In our work, the transcriptomics dataset showed
that both WNT10A and c-MYC were significantly down-regulated, showing that ALDH1A1
may play a role in suppression of these genes in the COL0O320 cell line. In addition, the

Chem Biol Interact. Author manuscript; available in PMC 2021 March 24.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Charkoftaki et al.

Page 10

results provide further evidence for targeting ALDHA1 as a drug target for the treatment of
CRC.

It is known that metabolic reprogramming is one of the hallmarks of cancer because the
energy generated through aerobic glycolysis is considered to be sufficient to offset the
energy demands associated with rapid cancer cell division [46]. In a growing tumour, there
is enhanced oxidative phosphorylation, mitochondrial biogenesis and oxygen consumption
rate [47, 48]. Studies have shown that inhibition of mitochondrial complex | by metformin
diminished tumor growth in CRC [49-51]. In our study, thirty out of forty proteins in the
mitochondrial complex I (NADH: ubiquinone oxidoreductase subunits, NDUF and M7-ND)
were all down-regulated. These changes in a subset of mitochondrial enzymes may underlie
the mitochondrial dysfunction pathway identified by the IPA, and lead to the abnormal
metabolic and apoptotic processes in CRC. Other studies have shown that alterations in
metabolic reprogramming pathways in CRC, such as those involved in pyrimidine
biosynthesis and fatty acid oxidation, are caused by aberrant ¢c-Myc expression [52]. Our
results showing the down-regulation of c-Myc are consistent with these studies.

In the integrated analysis of both transciptomic and proteomics results, the asparagine
biosynthesis | and the superpathway of cholesterol biosynthesis were found to be two most
significantly affected pathways by ALDH1A1 gene suppression. It is well-established that
cancer cells depend on aerobic glycolysis (a process known as the Warburg effect [46]), and
on glutamine to support cell growth and survival [53, 54]. Glutamine is one of the most
heavily consumed nutrients by cells in culture [55]. Once imported into the cells, glutamine
serves as a carbon source for the tricarboxylic acid (TCA) cycle and as a nitrogen source for
the synthesis of nucleotide and non-essential amino acids, such as asparagine [56]. There has
been a significant amount of research lately focusing on the role of glutamine and asparagine
in cancer. Recent studies have linked increased levels of asparagine to CRC and shown
asparagine deprivation to prevent cell proliferation [57-59]. In our study, the down-
regulation of asparagine biosynthesis indicates that this pathway is possibly regulated by
ALDH1AL. The suppression of this gene could lead to cell growth inhibition, due to
asparagine biosynthesis down-regulation, by depriving the cells from essential nutrient
supplementation. In addition, studies have shown that alterations in cholesterol biosynthesis
play a critical role in colon cancer and a high rate of cholesterol synthesis leads to multidrug
resistance (MDR) in this condition [60]. 7-dehydrocholesterol reductase (DHCRY7) is the
enzyme responsible for converting 7-dehydrocholesterol to cholesterol and the final step in
cholesterol synthesis [61, 62]. It was down-regulated in our transcriptomic and proteomic
analyses, indicating down-regulation of cholesterol synthesis in cells in which ALDH1A1
expression had been suppressed. Interestingly, lower cholesterol has been associated with
increased survival in colon cancer [63, 64]. In addition, many studies have shown that
inhibition of cholesterol synthesis using statins can be chemopreventive against CRC;
however, the mechanism is unclear [65-67].

The integrated “omics” analysis of all three datasets provided an overview of the possible
pathway connections and the crosstalk between the transcripts, the proteins and the
metabolites. ALDH1A1 suppression was directly correlated to the vitamin A (retinol)
metabolism. Previously published work from our group had shown that retinol binding to
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fatty acid-binding protein 5 (FABPS5) activates orphan nuclear receptor peroxisome
proliferator-activated receptor (PPAR)B/6 and acts as procarcinogenic agent [68]. Our
integrated omics analysis revealed alterations (down-regulation) in three other genes that are
involved in the retinol metabolism, specifically UGT2B17, UGTZ2A3and PRDX6. The UGT
superfamily is comprised of two major sub-families (UGT1 and UGT2). They are Phase Il
enzymes that play an important role in the metabolism and biotransformation of exogenous
(e.g., drugs, pesticides, components of tobacco smoke) and endogenous (e.g., bilirubin, bile
acids, steroid hormones) compounds [69, 70]. Several studies have shown that
polymorphisms in phase 1l enzymes affect CRC risk [70, 71]. Related more specifically to
the results of the present study, a UGT72B17 deletion genotype was associated with a
decrease in CRC risk [69, 71, 72], and increased levels of UGT2A3 in the primary tumor
tissues have been observed in CRC patients with liver metastases [73]. The PRDX6 gene is
involved in the control of many cellular physiological functions, including growth,
differentiation, apoptosis, embryonic development, and lipid metabolism [74]. PRDX6 binds
and reduces phospholipid hydroperoxides, thereby serving a role in the repair of membrane
damage caused by oxidative stress. Its expression is regulated mainly? by the redox-active
regulators, including c-Myc [75]. Several studies have shown the elevated levels of PRDX6
in breast, bladder lung, ovarian, and pancreatic cancer [76—80]. The present study is the first
to show reduced levels of PRDX6 after ALDH1AL suppression in colon cancer cells and its
possible involvement in CRC.

Conclusions

Omics approaches have, in many respects, revolutioned the means by which the molecular
mechanisms operating in cells under physiological and pathophysiological conditions can be
investigated in an unbiased manner. A systems biology approach not only amplifies the
precision of the insights gleaned from each individual omic approach, but also provides even
greater insights into the pathways that drive cancer. Using this approach in a CRC cell line,
suppression of ALDH1A1 expression was shown to down-regulate oxidative
phosphorylation, mitochondrial function, the sirtuin signaling pathway, cholesterol
biosynthesis and the vitamin A (retinol) metabolism pathways. How ALDH1A1 causes these
changes remains to be established. It may involve already known functions of this protein,
such as enzymatic/catalytic activity (i.e., retinoic acid), and/or protein-protein interaction
capabilities. In addition, some of the products generated by this protein may be contributors,
such as retinoic acid or acetate. This study represents the first effort to integrate multi-omics
in the study of ALDHs in the pathophysiology of tumor cells.
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Highlights
Role of the ALDH1A1 gene in colorectal cancer cells
Integrated network analysis of transcriptomics, proteomics and metabolomics

Down-regulation of the Vitamin A (retinol) metabolism caused by ALDH1A1
suppression

Down-regulation of the cholesterol pathway caused by ALDH1A1 suppression
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ALDHI1A1
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Figure 1:
Suppression of ALDH1A1 by shRNA in COLO320 cells. ALDH1A1 and GAPDH

expression were determined by Western blot analysis of COLO320 cells that had been
transfected with scramble (scramble control, SC) or ALDH1A1 (knock-down, KD) shRNA.
Blots are shown for three different samples of the SC or KD clone.
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Figure 2:
Hierarchical clustering and heatmaps of 1747 differentially-expressed RNA transcripts (A)

and 336 proteins (B) in scramble (scramble control, SC W) and ALDH1A1 (knock down,
KD M) shRNA-transfected COLO320 cells. Scale bar ranges from —2.0 (light blue) to 2.0
(soft gold) Log, Fold-Change. RNA transcripts were determined in three separate culture
plates of SC and KD cells. Proteomic analyses (B) were determined in triplicate samples

obtained from three separate culture plates of SC and KD cells.
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Integrated analysis
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N-acetylglucosamine Degradation Il 1.26E-02
Cell Cycle Control of Chromosomal Replication 1.38E-02
CMP-N-acetylneuraminate Biosynthesis | (Eukaryotes) 1.58E-02
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Urea Cycle 1.91E-02
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3.31E-05

3.31E-05
3.31E-05
6.61E-05
6.76E-04
2.82E-03

Figure 3:

Pathway analysis of genes and proteins differentially-expressed in ALDH1A1 knock-down
cells. 1747 RNA transcripts (in red) and 336 proteins (in yellow) were mapped to the
Ingenuity Knowledge Base. 71 genes and proteins were common between between both lists
(blue). Probability (p-values) were calculated using Fisher’s exact test.
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Figure 4:
A) Principal component analysis scores plot of control (scramble shRNA, 4) and

ALDH1A1 (knock-down, @) COLO320 cells. B) volcano plot (univariate analysis)
highlighting 859 significant ions. The horizontal dashed line in the panel shows the FDR-
corrected critical p-value (g < 0.05), i.e. all points with p-values smaller tan the critical value
(all values above the line) are the 859 ions for which the null hypothesis of no difference
was rejected. The blue and red vertical dashed lines correspond to foldchanges of 0.5 and 2,
respectively.
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Figure 5:
Vitamin A (retinol) metabolism visualized in MetScape. Dark blue symbols represent genes

and proteins from the transcriptomics and proteomics datasets, and dark red symbols
represent putatively annotated metabolites (see Supplement). ALDH1A1 (aldehyde
dehydrogenase 1A1, Log, Fold Change = -5,292, g = 0.001), UGT2B17 (UDP
glucuronosyltransferase 2B17, Log, Fold-Change=-8.686, g=0.01), UGT2A3 (UDP
glucuroosyltransferase, Log, Fold-Change=-2.566, q=0.01) and PRDX6 (peroxiredoxin 6,
Log, Fold-Change=-1.102, g=0.04). The putatively-identified ion was the m/z 287.2391
(retinol or its isomers 9-, 11- or 13-cis retinol, Log, Fold-Change= —2.142, q=0.03).
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Metabolomics pathway analysis using the Mummichog software showing the pathway, the molecules

Table 1:

Page 23

putatively identified (number of metabolites that were identified in the metabolomics dataset and overlap with
the metabolites that consist the metabolic pathway), the size of the metabolic pathway (number of metabolites

that contribute to the pathway) and the p-value of the pathway (Fisher’s exact test).

Pathway Molecules (overlap) Pathway size p-value
Carnitine shuttle 9 23 53E-4
Pyruvate Metabolism 4 10 18E-3
Vitamin E metabolism 6 21 24E-3
Propanoate metabolism 3 7 3.4E-3
Glycine, serine, alanine and threonine metabolism 5 18 4.1E-3
Glutathione Metabolism 2 3 5.8E-3
Heparan sulfate degradation 2 3 5.8 E-3
Chondroitin sulfate degradation 2 3 5.8 E-3
Bile acid biosynthesis 8 38 85E-3
Aspartate and asparagine metabolism 6 29 14E-3
Arginine and Proline Metabolism 2 5 18E-3
Fatty acid oxidation 2 6 28E-3
Vitamin A (retinol) metabolism 5 26 29E-3
Urea cycle/amino group metabolism 3 14 39E-2
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