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Abstract: Growing evidence is showing that acetylation plays an essential role in cancer, but studies
on the impact of KDAC inhibition (KDACi) on the metabolic profile are still in their infancy. Here, we
analyzed, by using an iTRAQ-based quantitative proteomics approach, the changes in the proteome
of KRAS-mutated non-small cell lung cancer (NSCLC) A549 cells in response to trichostatin-A (TSA)
and nicotinamide (NAM) under normoxia and hypoxia. Part of this response was further validated
by molecular and biochemical analyses and correlated with the proliferation rates, apoptotic cell
death, and activation of ROS scavenging mechanisms in opposition to the ROS production. Despite
the differences among the KDAC inhibitors, up-regulation of glycolysis, TCA cycle, oxidative phos-
phorylation and fatty acid synthesis emerged as a common metabolic response underlying KDACi.
We also observed that some of the KDACi effects at metabolic levels are enhanced under hypoxia.
Furthermore, we used a drug repositioning machine learning approach to list candidate metabolic
therapeutic agents for KRAS mutated NSCLC. Together, these results allow us to better understand
the metabolic regulations underlying KDACi in NSCLC, taking into account the microenvironment
of tumors related to hypoxia, and bring new insights for the future rational design of new therapies.

Keywords: cancer metabolism; lysine deacetylase inhibitors; hypoxia; NSCLC

1. Introduction

Lung cancer is the leading cause of cancer-related death worldwide, with an estimated
upward trend of 2.1 million new cases and 1.8 million deaths per year (approximately
18.4% of total cancer deaths) in 2018 [1]. Non-small cell lung cancer (NSCLC) represents
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about 80–85% of all lung cancer cases, with an overall 5-year survival rate of 19% [2].
Traditional therapies in NSCLC such as radiotherapy and platinum-based chemotherapy
lack specificity and often cause severe side effects as they affect healthy cells [3]. To
address this problem, targeted therapies and immunotherapies have emerged as a way to
specifically target cancer cells. However, the therapeutic response may be limited as tumors
are often heterogeneous, and some cell populations within the tumor can be resistant to the
inhibition of the selected target [4]. Thus, targeted therapies and immunotherapies will not
benefit patients harboring other molecular driver gene mutations, such as patients whose
tumors harbor activating KRAS mutation that leads to constitutively active RAS signaling
independent of upstream signals [5]. To date, clinical approaches targeting mutated KRAS
have been unsuccessful [6]. Several studies have shown that mutations in KRAS play a
critical role in metabolic reprogramming in multiple cancers, including lung cancer [7,8].

Generally, in cancer cells, metabolic reprogramming is considered to be one of the
hallmarks of cancer disease allowing them to produce enough energy, reducing power and
precursors required for growth and proliferation [9,10]. The general metabolic phenotype
of cancer cells consists of elevated glycolysis and lactate production even under aerobic con-
ditions; a phenomenon called the “Warburg effect” [11]. This switch in metabolism allows
cancer cells to survive with a limited oxygen supply characteristic of the tumor microen-
vironment as they become less dependent on oxidative phosphorylation (OXPHOS) [12].
Furthermore, an enhanced glucose uptake favors the pentose phosphate pathway (PPP)
flux to generate enough reducing power for antioxidant defense and intermediates for
nucleotide synthesis [13,14]. Additionally, a higher glutamine uptake is also considered a
major component of the general metabolic phenotype of tumor cells, providing an addi-
tional advantage in synthesizing amino acids, nucleotides, and lipids [15]. Although many
cancers share similar metabolic adaptations, cancer cells rewire their metabolic programs
in response to changes in the tumor microenvironment and oncogenic signals such as an
activating KRAS mutation. Indeed, KRAS mutated NSCLC A549 cell line, which exhibits
high resistance to current treatments, is characterized by specific metabolic adaptations
that rely on glycolysis and PPP [16].

Multiple studies have demonstrated that the hypoxic tumor microenvironment plays
a critical role in cancer progression and drug resistance [17–20]. Under hypoxia, cancer
cells engage metabolic adaptation strategies to survive and growth by activating a relevant
gene expression program through HIF-1α. The HIF-1α-dependent gene program involves
the up-regulation of genes associated with increased glycolysis and lactate production,
such as glucose transporters, glycolytic enzymes, and LDH-A [21]. Interestingly, HIF-1α
is regulated by acetylation and deacetylation processes: The transcriptional activity of
HIF-1α is repressed by KDAC activity, and also sirtuins have emerged as regulators of
HIF-1α [17,19–22]

On the other hand, and given the increasing importance of the post-translational
modifications in cancer and metabolism, the inhibition of lysine deacetylases (KDAC) has
emerged in recent years as another promising therapeutic strategy in cancer [23–25]. Lysine
deacetylase inhibitors (KDACIs) are used clinically to treat hematological malignancies [26]
but have not demonstrated clinical benefit in solid tumors [27]. Current research focuses
on developing new KDACIs and prospects for therapeutic application in cancer and other
pathological conditions. Additionally, even though the use of KDACIs in NSCLC is less
established, several studies using them either as monotherapy or in combination with other
inhibitors has created a new therapeutic scenario offering the possibility to improve the
effectiveness reducing resistance to current treatments [27–31].

KDACIs target different classes of KDACs, suggesting that they may have a different
effect on gene expression, affecting key cellular processes that ultimately can lead to
apoptotic cell death. The use of KDACIs such as trichostatin A (TSA), an inhibitor of
classes I, II, and IV KDAC enzymes, and nicotinamide (NAM), an inhibitor of class III
KDACs (also known as sirtuins), has been shown to exhibit significant antitumor activity
in terms of cell proliferation, viability and apoptosis in cell models of lung cancer [32,33].
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However, their impact on cancer metabolism has not been addressed in detail in these
studies although acetylation is known to play a critical role in regulating metabolism [34].
Herein, we investigated the effect of inhibition of KDAC by using TSA and NAM on the
global proteome of the active KRAS-mutant NSCLC A549 cell line, which exhibits high
resistance to current therapies. The inhibition of KDAC allowed us to explore how protein
acetylation status affects the metabolic profile, thus better elucidating the link between
acetylation and metabolic reprogramming in cancer.

Several studies have demonstrated the utility of isobaric Tags for Relative and Abso-
lute Quantitation (iTRAQ)-based quantitative proteomic approaches for global in-depth
profiling of proteomes by measuring the relative protein abundance in cancer samples.
The evaluation of the differences between proteomes from cancer samples cultured under
different culture conditions might identify specific proteome signatures associated with
tumor growth and survival [35]. One of such culture conditions is certainly hypoxia ex-
posure, which has been shown to induce a substantial shift in the proteome supporting
metabolic processes when oxygen is limiting [36–41].

In this study, we performed a quantitative iTRAQ-based proteomic experiment cou-
pled with two-dimensional (2D) fractionation (OFFGEL/RP-nano-LC) and mass spectrom-
etry (MS) analysis together with other metabolic measurements and enzyme activity assays.
Furthermore, we used a drug repositioning strategy to identify potential therapeutic op-
portunities for existing drugs targeting the metabolic reprogramming induced by KDAC
inhibition and hypoxia. Our results explored new mechanisms of metabolic adaptations
that lead to a deeper understanding of the regulation of lung cancer metabolism under
KDACIs and hypoxic conditions, which may contribute to the development and design of
new cancer therapies.

2. Results
2.1. KDAC Inhibition Leads to Reduced Cell Proliferation by Inducing Apoptosis, Cell Cycle
Arrest, and Oxidative Stress in A549 Cells

The overall proliferation of A549 cells varied among the different KDACI treatments
(Figure 1A). Both TSA and TSA/NAM double-treated cells inhibited cell proliferation,
and decreased cell viability, which correlates with the significantly increased cell death
by apoptosis (Figure 1B). NAM-treated cells, instead, exhibited a lower growth rate than
control cells, also accompanied by a significant increase in apoptosis. The TSA/NAM
double treatment further induced apoptotic cell death by approximately 2-fold compared
with TSA single treatment. Finally, the hypoxic treatment only limited cell proliferation,
and KDACI-treated cells under hypoxia followed a similar cell proliferative and apoptosis
pattern to treated cells under normoxia.

TSA-treated cells exhibited a high percentage of cells at G2/M phase, while NAM-
treated cells showed a delayed progression through the G1 phase. The combination of TSA
and NAM treatment led to a drastic cell cycle arrest at the G2/M phase and decreased
S phase. A similar trend was observed in KDACI treatments under hypoxia (Figure S2).
ROS generation increased substantially in A549 cells under KDAC inhibition (Figure S3)
and was enhanced under hypoxia. These elevated ROS levels could be associated with the
dysregulation of the antioxidant defense system, a possibility that is further explored below.
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Figure 1. (A) Effect of trichostatin-A (TSA) and nicotinamide (NAM) treatments on A549 cell proliferation. A549 cells 
treated with 1 μM TSA, 20 mM NAM, or both 1 μM TSA and 20 mM NAM for 24 h and 48 h of incubation under normoxia 
or hypoxia. Dots represent means ± standard deviations of three independent experiments. (B) Apoptosis analysis of 
KDACI-treated A549 cells under normoxia and hypoxia. Apoptosis was measured after 24 h of incubation. Cells in the 
stage of early apoptosis are represented as the percentage with respect to total cells. A549 cells were treated with 1 μM 
TSA, 20 mM NAM or both 1 μM TSA and 20 mM NAM for 24 h under normoxia or hypoxia. Bars represent the means ± 
standard error of the mean of three independent experiments. The asterisks above bars indicate statistically significant 
differences compared to normoxic control cells. Asterisks above curly brackets indicate statistically significant differences 
between hypoxic and normoxic treatments and between hypoxic treatments and hypoxic control cells. Statistical signifi-
cance was assessed by a two-tailed Student’s t-test. ** p ≤ 0.01; *** p ≤ 0.001. 
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Figure 1. (A) Effect of trichostatin-A (TSA) and nicotinamide (NAM) treatments on A549 cell proliferation. A549 cells
treated with 1 µM TSA, 20 mM NAM, or both 1 µM TSA and 20 mM NAM for 24 h and 48 h of incubation under normoxia
or hypoxia. Dots represent means ± standard deviations of three independent experiments. (B) Apoptosis analysis of
KDACI-treated A549 cells under normoxia and hypoxia. Apoptosis was measured after 24 h of incubation. Cells in the
stage of early apoptosis are represented as the percentage with respect to total cells. A549 cells were treated with 1 µM TSA,
20 mM NAM or both 1 µM TSA and 20 mM NAM for 24 h under normoxia or hypoxia. Bars represent the means± standard
error of the mean of three independent experiments. The asterisks above bars indicate statistically significant differences
compared to normoxic control cells. Asterisks above curly brackets indicate statistically significant differences between
hypoxic and normoxic treatments and between hypoxic treatments and hypoxic control cells. Statistical significance was
assessed by a two-tailed Student’s t-test. ** p ≤ 0.01; *** p ≤ 0.001.

2.2. KDAC Inhibition Modulates the Tumor Phenotype through Changes in the Metabolic Profile

The TSA treatment did not significantly alter the glucose consumption and lactate
production under normoxia (Figure 2A,B). In contrast, both the NAM and TSA/NAM
double treatments showed a significantly decreased glucose uptake and lactate production
compared with the control cells. Under hypoxia, the glucose consumption and lactate
production rates were significantly different in the TSA, NAM, and TSA/NAM treatments
with respect to control cells under normoxia (Figure 2A,B). The glutamine uptake was
significantly increased only under the TSA treatment in both contexts of normoxia and
hypoxia (Figure 2C).

The iTRAQ-based quantitative proteomic analysis was performed using a 4800 MALDI-
TOF/TOF mass spectrometer (AB Sciex, Les Ulis, France) and allowed the quantification of
834 proteins from 2,710 peptides. This analysis evidenced dysregulation of several proteins
related to metabolism upon the different KDACI treatments (Figure 3A and Table S1).
The Gene Ontology (GO) enrichment analysis of the dysregulated proteins allowed us to
decipher the biological processes (Table S2) and the protein information resource (PIR)
keywords (Table S3) related to these treatments. Overall, proteins related to the generation
of energy and intracellular transport were up-regulated (Figure 3B), while the transcription
and RNA processing were generally down-regulated. Furthermore, according to the PIR
keywords enrichment analysis, approximately 60–70% of the proteins that were dysregu-
lated in all the treatments were proteins modified by acetylation, phosphorylation, or both
post-translational modifications (Table S3).
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Figure 2. Extracellular metabolite quantitation of KDACI-treated A549 cells under normoxia and hypoxia. The glucose
uptake (A), lactate production (B), and glutamine uptake (C) were measured in the beginning and at the end of the 24 h-
incubation, and the metabolite consumption/production rates were normalized by the number of cells in each condition.
(A–C) A549 cells were treated with 1 µM TSA, 20 mM NAM, or both 1 µM TSA and 20 mM NAM for 24 h under normoxia or
hypoxia. Bars represent the means ± standard error of the mean of three independent experiments. The asterisks above bars
indicate statistically significant differences compared to normoxic control cells. The asterisks above curly brackets indicate
statistically significant differences between hypoxic and normoxic treatments and between hypoxic treatments and hypoxic
control cells. Statistical significance was assessed by a two-tailed Student’s t-test. * p ≤ 0.05; ** p ≤ 0.01; *** p ≤ 0.001.

Our iTRAQ analysis confirmed a metabolic reprogramming in A549 cells treated with
KDACIs (Figure 3C). Upon TSA treatment, enzymes from glycolysis (fructose-bisphosphate
aldolase C, ALDC and phosphofructokinase 1, PFK1), TCA cycle (2-oxoglutarate dehydro-
genase, OGDH) were found to be significantly up-regulated, while lactate dehydrogenase
B (LDH-B) was down-regulated. This pattern was confirmed by Western blot and enzyme
activity analysis (Figure 4), although glucose uptake and lactate production were not
altered. Furthermore, some enzymes involved in the synthesis of fatty acids were signif-
icantly up-regulated after TSA treatment (very-long-chain enoyl-CoA reductase, TECR,
and long-chain-fatty-acid-CoA ligase, ACSL3), whereas the fatty aldehyde dehydrogenase
(ALDH10) involved in fatty acid β-oxidation was down-regulated (Figure 3C). Interestingly,
the spermidine synthase (SRM) levels, which catalyzes the synthesis of the polyamine
spermidine, were strongly down-regulated (Figure 3C).
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Figure 3. Effect of KDAC inhibition on the global proteome and metabolic enzymes compared to control A549 cells.
Quantitative proteomic analysis of differentially expressed proteins in A549 cells treated with 1 µM of TSA, 20 mM of
NAM or both 1 µM TSA, and 20 mM NAM for 24 h under normoxic conditions. (A) The number of up-regulated and
down-regulated proteins (isobaric Tags for Relative and Absolute Quantitation (iTRAQ) ratio > 1 and <1, respectively)
showing significant (p-value ≤ 0.05) differences between TSA, NAM and TSA/NAM treatments with respect to control
cells. (B) GO enrichment analysis of the Biological process term for each condition shown as the percentage of proteins
related to each process. All biological processes are shown as significantly (p-value ≤ 0.05) up-regulated or down-regulated.
(C) Quantitative measurement of the main metabolic enzymes identified using the iTRAQ approach for the different
conditions compared to untreated control cells. Significantly up-regulated enzymes (iTRAQ ratio > 1 and p-value ≤ 0.05)
are represented in green and significantly down-regulated enzymes (iTRAQ ratio < 1 and p-value ≤ 0.05) are represented in
red. Non-significantly up-regulated, and down-regulated enzymes are represented in gray.

In the NAM treatment, the glycolytic enzymes PFK1 and alpha-enolase (ENO1) were
significantly increased, together with TECR (Figures 3C and 4A). A similar pattern to the
TSA treatment was also found in the TSA/NAM combined treatment (Figure 3C). Although
in this case, enzymes involved in glutamine metabolism such as glutaminase 1 (GLS1)
and ornithine aminotransferase (OAT) were significantly up-regulated. Additionally, SRM
was again strongly down-regulated in the double treatment at similar levels than in the
TSA treatment.
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Figure 4. Effect of KDAC inhibition on enzyme activities in A549 cells under normoxia and hypoxia. (A,B) The ATP-
dependent 6-phosphofructokinase (PFK1) (A) and lactate dehydrogenase (LDH) (B) enzymatic activities were measured
after 24 h of incubation, and activities were normalized to intracellular protein content in each condition. A549 cells were
treated with 1 µM of TSA, 20 mM of NAM, and both 1 µM TSA and 20 mM NAM for 24 h of incubation under normoxia
and hypoxia. Cells incubated in medium without KDACIs served as control. Bars represent the means ± standard error of
the mean of three independent experiments. The asterisks above bars indicate statistically significant differences compared
to normoxic control cells. The asterisks above curly brackets indicate statistically significant differences between hypoxic
and normoxic treatments and between hypoxic treatments and hypoxic control cells. Statistical significance was assessed by
a two-tailed Student’s t-test. *, p ≤ 0.05; **, p ≤ 0.01; ***, p ≤ 0.001. (C) Western blot images of HIF-1α and selected metabolic
enzymes identified by iTRAQ. A549 cells were treated with 1 µM of TSA, 20 mM of NAM and both 1 µM TSA and 20 mM
NAM for 24 h of incubation under normoxia and hypoxia. Cells incubated in medium without KDACIs served as control.
Immunoblotting of hypoxia-inducible factor-1α (HIF-1α), glucose-6-phosphate isomerase (GPI), phosphofructokinase-1
(PFK1), fructose-bisphosphate aldolase C (ALDC), glyceraldehyde-3-phosphate dehydrogenase (GAPDH), alpha-enolase
(ENO1), lactate dehydrogenase A (LDH-A), lactate dehydrogenase B (LDH-B) and 2-oxoglutarate dehydrogenase (OGDH).
β-actin was used as the loading control. (D) Densitometry analysis of selected metabolic enzymes shown in C. The ratios of
the Western blot bands (WB ratios) of KDACI-treated cells to control cells under normoxia after normalization to β-actin.
Densitometric values are presented as mean ± standard deviation. Asterisks indicate significant differences compared to
untreated normoxic control cells assessed by two-tailed Student’s t-test in WB ratios and R software package Isobar (iTRAQ
ratios) * p ≤ 0.05; ** p ≤ 0.01; *** p ≤ 0.001.
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2.3. The Metabolic Changes Observed in KDAC Inhibition Are Enhanced under Hypoxia

As expected, in all the treatments under hypoxia, the HIF-1α factor appeared to be
overexpressed compared to normoxia (Figure 4C). The KDAC inhibition under hypoxia
showed a similar behavior to the one observed in normoxia, although the metabolic
changes resulted in a larger magnitude (Figure 5A). Similarly, as the analysis performed
in normoxic conditions, the GO enrichment analysis on biological processes showed that
proteins related to the generation of energy and intracellular transport were significantly
enriched when cells were treated with TSA, NAM, and both compounds under hypoxia
(Figure 5B). In contrast, proteins involved in transcription and translation processes were
down-regulated. The PIR keywords enrichment analysis also showed that 60–70% of the
dysregulated proteins were acetylated or phosphorylated (Table S3).
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Figure 5. Effect of KDAC inhibition and hypoxia on the global proteome and metabolic enzymes compared to control A549
cells under normoxia. Quantitative proteomic analysis of differentially expressed proteins in A549 cells treated with 1 µM
of TSA, 20 mM of NAM, and both 1 µM TSA and 20 mM NAM for 24 h under hypoxic conditions. (A) The number of
up-regulated and down-regulated proteins (iTRAQ ratio > 1 and <1, respectively) showing significant (p-value ≤ 0.05)
differences between TSA, NAM, and TSA/NAM treatments under hypoxia with respect to control cells under normoxia.
(B) GO enrichment analysis of the Biological process term for each condition shown as the percentage of proteins related
to each process. All biological processes are shown as significantly (p-value ≤ 0.05) up-regulated or down-regulated.
(C) Quantitative measurement of the main metabolic enzymes identified using the iTRAQ approach for the different
conditions compared to untreated control cells under normoxia. Significantly up-regulated enzymes (iTRAQ ratio > 1 and
p-value ≤ 0.05) are represented in green and significantly down-regulated enzymes (iTRAQ ratio < 1 and p-value ≤ 0.05)
are represented in red. Non-significantly up-regulated and down-regulated enzymes are represented in gray.



Int. J. Mol. Sci. 2021, 22, 3378 9 of 28

Regarding the changes in the abundance of metabolic enzymes, the inhibition of TSA
under hypoxia had similar effects as control cells under normoxia, although in this case,
hypoxia elicited a different metabolic response affecting both glycolysis and mitochondrial
respiration. Upon TSA treatment, glycolytic enzymes and mitochondrial enzymes such as
succinate dehydrogenase complex subunit A (SDHA), which is part of the mitochondrial
respiratory complex II, and cytochrome c oxidase subunits 6A1 and 2 (COX6A1 and COX2)
of mitochondrial complex IV were significantly up-regulated (Figures 4C,D and 5C). Fatty
acid metabolism was also altered, and SRM was strongly down-regulated (Figure 5C). The
sirtuin inhibition by NAM treatment under hypoxia showed few significant effects on
metabolic enzymes. Similar to the TSA treatment, in the TSA/NAM double treatment under
hypoxia, the levels of ALDC, pyruvate dehydrogenase subunit E1 (PDHE), COX6A1, and
ACSL3 were significantly up-regulated, whereas LDH-B was significantly down-regulated
(Figure 5C).

Furthermore, concerning the oxidative stress results reported above, the proteomic
analysis showed the dysregulation of some enzymes related to the antioxidant defense
system (Figures 3C and 5C). The expression of thioredoxin domain-containing protein 17
(TXNDC17) was significantly up-regulated in all the KDACI treatments except for TSA un-
der normoxia. Thioredoxin domain-containing protein 5 (TXNDC5) was also up-regulated
by TSA/NAM treatment under normoxia. In addition, the expression of peroxiredoxin-1
(PRDX1) and -4 (PRDX4) resulted altered upon NAM treatment and hypoxia.

2.4. Chemicals Targeting Proteins Affected by KDAC Inhibition under Hypoxia

Machine learning based on the integration of large-scale omics data is an emerging
approach for identifying new therapeutic targets, new molecules, and repurposing existing
drugs [42–44]. We applied this approach to our proteomic data to reveal which chemicals
are known to target proteins revealed, in our study, affected by KDAC inhibition under
hypoxia in KRAS mutated NSCLC A549 cells. We classified 500 chemicals according to their
link to lung cancer and our network enriched in the following cell metabolism processes:
ATP metabolic process (GO:0046034), oxidation–reduction process (GO:0055114), carbohy-
drate metabolic process (GO:0005975), lipid metabolic process (GO:0006629), and cellular
protein metabolic process (GO:0044267) (Table S4). Chemicals with higher scores target our
network more, while chemicals in lower ranks were more reported to have a connection
with lung cancer (especially MESH: D002282 pulmonary adenocarcinoma) in the literature,
clinical trials, or clinical care. In Figure 6, we selected the top 70 chemicals targeting the
protein dysregulation network when KDACi treatment favored A549 cell apoptosis (i.e., for
combined KDACi (TSA and NAM) treatment in hypoxia conditions) (Table S4-bis). Each
chemical’s score was higher than 100 confirming a substantial connection with our protein
network and metabolic processes. Among the 70 chemicals that our machine learning
approach proposed for targeting protein adaptation network of KDAC inhibitors (TSA and
NAM) upon hypoxia, we found drugs used as anti-cancer agents for NSCLC and other
cancers or known for some anti-cancer properties in NSCLC (such as metformin, gemc-
itabine, 5-Fluorouracil, paclitaxel, imatinib, doxorubincin, and tamoxifen) target similar
protein network in KDAC inhibitors (TSA and NAM) under hypoxia and normoxia.
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Figure 6. Classification of drugs targeting metabolic protein networks modulated by TSA and NAM in hypoxia conditions.
The classification of chemicals is done through a deep machine learning according to their link to bronco-alveolar adenocar-
cinoma and cell metabolism processes (ATP metabolic process (GO:0046034), oxidation–reduction process (GO:0055114),
carbohydrate metabolic process (GO:0005975), lipid metabolic process (GO:0006629), and cellular protein metabolic process
(GO:0044267)). Five hundred chemicals were classified. A high score symbolized a high link of the chemical with the cell
metabolism process and our protein network. The classification presented here was obtained by extracting drugs obtained
by our machine learning analysis in the top 70 rank of chemicals related to MESH: D002282 pulmonary adenocarcinoma
with exclusion of chemicals/metabolites. The top 70 rank ensures a high link between the chemical and data reported on
these chemicals in the literature in broncho-alveolar adenocarcinoma (MESH: D002282 pulmonary adenocarcinoma).

3. Discussion

In recent years, increasing evidence has demonstrated the involvement of acetylation
in the metabolic reprogramming of cancer cells, which mediates tumorigenesis, tumor
progression, and resistance to cancer therapies. The aberrant expression and activity of
KDACs are postulated to be one of the drivers of this metabolic reprogramming [45].

KDACIs exhibit multiple antitumor activities, including tumor cell differentiation,
growth arrest, autophagy, and apoptosis in various NSCLC cancer cell lines and tumor
xenografts [32,33,46–48]. The activation of either the extrinsic or intrinsic apoptotic pathway
is a key event involved in the antitumor activity of KDACIs, although many aspects of
their mechanisms of action remain conflicting and unclear [49]. Consistent with previous
studies, our results confirmed increased apoptosis and cell cycle arrest under the inhibition
of KDAC activity in adenocarcinoma A549 cells [50–53]. Furthermore, a remarkable
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synergistic apoptotic response and cell cycle arrest were observed following the TSA and
NAM combined treatment.

The inhibition of KDAC induces a general increase in the level of acetylated pro-
teins [54]. The exposure of cells to KDACIs not only induces hyperacetylation of histones,
which is typically associated with a general increase of transcriptional activity but also
targets other proteins from different subcellular compartments that regulate the proteome
through the transcriptome. Wu et al. reported that the increased acetylation level in A549
cells under suberoylanilide hydroxamic acid (SAHA) treatment is positively correlated with
the down-regulation of the global proteome expression level due to the crosstalk between
acetylation and ubiquitination [55]. Indeed, protein acetylation and ubiquitination sites
have now been considered cancer driver mechanisms per se [56]. In our study, proteins
involved in the proteasome activity such as the proteasome activator complex subunits 1
and 2 (PSME1 and PSME2) and the ubiquitin-like modifier-activating enzyme 1 (UBA1)
were significantly up-regulated under both TSA and NAM treatments, suggesting a higher
protein degradation. On the other hand, both transcription and translation processes were
down-regulated in KDACI treatments according to the DAVID functional annotation anal-
ysis. Therefore, both TSA and NAM treatments might cause general protein degradation
in A549 cells, which also correlates with the low-proliferative phenotype reported here.
Previous studies indicated that KDACs, especially KDAC6, play an essential role in protein
quality control mechanisms [57]. Thus, the inhibition of KDAC to maintain proteostasis
has been proposed to have therapeutic potential in cancer [58]. Indeed, several studies
have demonstrated the potential therapeutic value of combining proteostasis regulators
such as KDACIs and proteasome inhibitors in cancer [59,60].

Mitochondrial function and ROS production, have been reported to be altered during
KRAS-driven malignant transformation [61–63]. KDACIs have also been shown to generate
ROS in cancer [64–66]. The excessive production of ROS results in cellular oxidative
damage and ultimately cell death [67]. For that reason, tumor cells usually have an
enhanced antioxidant capacity to combat ROS. In addition to the classical antioxidant
enzymes, thiol-containing redox enzymes such as the family of thioredoxins (TRXs) are
also expressed in human lungs [68]. In our proteomic approach, we identified significant
alterations in several enzymes involved in the antioxidant defense system. Interestingly,
the expression of TXNDC17 has been recently associated with paclitaxel resistance in
ovarian and colorectal cancer [69,70]. The activation of the antioxidant defense requires the
coordinated action of a number of sirtuins that work together with ROS scavenging and
generating pathways to maintain ROS homeostasis. Altogether, the iTRAQ results indicate
that activation of ROS scavenging mechanisms, most likely in response to increased ROS
levels is involved in the KDAC inhibition response.

The inhibition of KDAC may increase the acetylation level of metabolic enzymes,
thereby affecting their catalytic activity, substrate accessibility, or amount of enzyme [71].
Besides, fluctuations of acetyl-CoA levels due to the changes in protein acetylation can
affect metabolic processes as acetyl-CoA is required for the TCA cycle and fatty acid
biosynthesis [72]. The changes in the levels of metabolic enzymes found in the current
study suggest a switch in the metabolic profile of A549 cells towards a higher capacity of
mitochondrial OXPHOS. This metabolic change correlates with the proliferation rates and
apoptotic cell death reported here and with the impaired antioxidant defense and increased
ROS production, which was previously described in KDACIs treatment of KRAS-driven
cancers [64–66].

As most cancer cell lines, NSCLC A549 cells tend to exhibit the Warburg effect by
relying on both an enhanced glycolysis and production of lactate together with an enhanced
mitochondrial metabolism relying on other sources such as glutamine [73,74]. In our
analysis, inhibition of KDAC classes I, II, and IV showed a significant overexpression and
increased activity of several glycolytic enzymes. However, this glycolytic response did not
induce a proportional increase in lactate production, whereas LDH-B was down-regulated.
Therefore, the conversion from pyruvate and lactate seems to be impaired by TSA, which
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implies that the inhibition of Zn2+-dependent KDAC classes could compromise not only
the Warburg effect but also other cancer metabolic adaptations related to LDH-B such as
mTOR hyperactivation or lysosome acidification and autophagy [75,76]. Furthermore, the
higher levels of TCA cycle enzymes are consistent with the hypothesis that a low lactate
production would favor oxidation of pyruvate from glycolysis to acetyl-CoA for entry into
the TCA cycle under TSA treatment. Furthermore, the up-regulation of ACSL3, which has
recently demonstrated to be essential for tumorigenesis in KRAS-driven lung cancer [77,78],
may also be involved in activating mitochondrial respiration from fatty acids. On the
other hand, sirtuin inhibition exhibited a lower effect on metabolic enzymes than the other
classes of KDAC inhibition, where it seems that only the glycolytic pathway was affected.
Although the up-regulation of PFK1 and ENO1, the observed net decrease of glucose
uptake and lactate production supports the hypothesis that NAM treatment may inhibit
glycolysis most likely by the inactivation of the AMPK/SIRT1 pathway, impairing the
Warburg effect even more than TSA treatment. AMPK plays a critical role in stimulating
glucose uptake, and the link between AMPK and SIRT1 has been described in various
studies [22,79,80]. Some of the metabolic changes observed in TSA or NAM treatment
alone were particularly acute in the double treatment, suggesting that the effect of targeting
both Zn2+-dependent KDAC classes and sirtuins on metabolic enzymes was stronger than
only inhibiting Zn2+-dependent KDAC classes.

The up-regulation of glycolytic enzymes in cancer cells under hypoxic conditions were
consistent with previous comparative proteomic studies [37–39]. However, while a switch
from OXPHOS to glycolysis for ATP production is considered a major cancer cell adaptation
to hypoxia, it has been suggested as well that low oxygen concentration in hypoxic regions
of tumors may not be limiting OXPHOS [81–83]. Thus, A549 cells under hypoxia may still
retain the function of OXPHOS to generate ATP. Our study confirmed the overexpression of
HIF-1α among all the treatments except TSA single treatments whose expression was down-
regulated. It has been previously demonstrated that KDACIs such as TSA can degrade
HIF-1α stimulated by hypoxia with variable efficiency in different tumor cell lines [84].
Interestingly, we found increased iTRAQ ratios of TCA cycle enzymes under KDAC classes
I/II and IV inhibition in hypoxia compared with normoxia. Since the mitochondrial
function is usually attenuated in response to HIF-1α and hypoxia, we assume that A549
cells may activate mitochondrial metabolism as an adaptive response to KDACIs. This is
supported by the fact that TSA treatments repressed the induction of HIF-1α, probably
allowing mitochondrial respiration. In contrast, we suggest that sirtuin inhibition may
enhance HIF-1α response, which agrees with the activation of HIF-1α through acetylation
by SIRT1 [85–87]. Therefore, the metabolic adaptation of cancer cells to hypoxia could
be less affected by NAM treatment than by TSA treatment. Finally, the TSA and NAM
double treatment under hypoxia might cause a controversial scenario where HIF-1α may
be stimulated and repressed simultaneously at different levels. Interestingly, we found
LDH-B significantly down-regulated, while pyruvate dehydrogenase (PDHE) resulted
significantly up-regulated. Such evidence confirms our precedent interpretation where
residual production and release of lactate is enough to maintain an increased glycolytic
flux, meanwhile it allows the entry of pyruvate in the TCA cycle under KDAC inhibition
and hypoxia, thus equally impairing the Warburg effect as in normoxia. In addition, COX2
and COX6A1 were highly probably increased to enhance OXPHOS and ROS level, even
though the limited oxygen availability.

Our machine learning analysis revealed a list of chemotherapeutic agents, including
doxorubicin, paclitaxel, etoposide, tamoxifen, bortezomib, 5-fluorouracil, methotrexate,
imatinib, gemcitabine, and metformin that may target proteins affected by KDAC inhibition
under hypoxia in KRAS mutated NSCLC A549 cells.

Doxorubicin induces cell death by regulating oxidative stress mediated through the
formation of mitochondrial ROS [88–90]. In contrast, paclitaxel and etoposide trigger cell
death by engaging the intrinsic mitochondrial pathway of apoptosis [91]. Tamoxifen is a
selective estrogen receptor (ER) modulator used as a hormonal therapeutic agent to treat
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ER-positive breast cancer. Several ER-independent mechanisms that modulate metabolic
pathways have been reported; for example, an AMPK activation induced by tamoxifen
through inhibition of mitochondrial complex I leading to a glycolysis activation, alteration
of fatty acid metabolism, and inhibition of the mTOR pathway and translation [92]. In ER-
positive NSCLC, tamoxifen was found to play a negative role in the growth of ER-positive
NSCLC alone [93] or used as an adjuvant EGFR-TKI treatment [94,95].

It should be noted that previous studies have demonstrated that hypoxia protects
tumor cells from apoptosis induced by chemotherapeutic agents. For instance, it leads
chemoresistance to doxorubicin and tamoxifen in NSCLC cells, including A549 cells,
through the HIF pathway [19,96], thus limiting chances of successful treatment. However,
hypoxia may have no effect on apoptosis triggered by etoposide in A549 cells, suggesting a
cell type-specific effect to trigger apoptosis under hypoxia by different chemotherapeutic
agents [97].

Bortezomib is a protease inhibitor currently approved to treat multiple myeloma and
mantle cell lymphoma that has been studied in preclinical and clinical settings of lung
cancer, showing potential benefit in combination therapies [98].

Our analysis also identified therapeutic agents that interfere with DNA synthesis,
such as nucleoside analogs 5-fluorouracil and gemcitabine, and the nucleotide biosynthesis
inhibitor methotrexate. Gemcitabine has been used to treat NSCLC, either in combina-
tion with cisplatin or carboplatin or as a single drug adjuvant treatment. By contrast,
5-fluorouracil and methotrexate have shown limited therapeutic benefit in NSCLC [99].

Imatinib is a TKI with clinical activity in the treatment of chronic myeloid leukemia
and gastrointestinal stromal tumors [100]. In lung cancer models, several studies have
shown that imatinib has indirect antitumor activity through the inhibitory effects on lung
cancer-associated fibroblasts [101–103]. Interestingly, imatinib resistance can be mediated
by a metabolic shift characterized by an up-regulation of OXPHOS but also in part by
HIF1α-dependent up-regulation of glycolysis [104–107]. Therefore, the use of OXPHOS
inhibitors may reverse imatinib resistance.

The standard antidiabetic agent metformin has already been investigated for NSCLC
repositioning drugs in clinical trials for non-diabetic NSCLC treatment patients [Clinical-
Trial.gov identifier: NCT02285855] as it decreases lung cancer incidence and mortality [108].
It also improved the progression-free survival of diabetic patients chemoradiotherapy
for NSCLC [109]. Metformin has been reported to sensitize EGFR-TKI–resistant NSCLC
through the inhibition of IL-6 or AMP-activated kinase signaling [110,111] and increase
the radiosensitivity of NSCLC through ATM and AMPK [112]. In addition to its repressive
effects on IGF-1R and PI3K/AKT/mTOR pathways, inhibition of tumor angiogenesis,
aerobic glycolysis, DNA repair, activation of the antitumoral immunity, metformin showed
benefic effects on cancer cells by inhibiting mitochondrial complex I and lipid/protein
synthesis, regulating glycolysis, glucose level uptake and insulin/insulin-like growth factor
signaling availability for tumor cells.

Additionally, synergistic antitumor interactions of KDAC inhibitors with the proposed
drugs have been identified in different cancer types, including NSCLC, representing novel
approaches potentially exploitable in therapy [113–115]. The anti-cancer properties in
NSCLC treatments, their role in metabolic reprogramming, and the synergistic effects with
KDAC inhibitors of these chemical agents support the purpose of considering the drugs
proposed by our machine learning approach for targeting metabolic reprogramming of
KRAS-mutated NSCLC treatment upon hypoxia conditions.

In our study, we comprehensively investigated the regulation of metabolic enzymes
of the NSCLC A549 cell line under the effects of the KDAC inhibitors (TSA and NAM)
in normoxic and hypoxic conditions by using an iTRAQ-based quantitative proteomic
approach. A549 cells, which present mutation in KRAS and display the Warburg phenotype,
are resistant to current lung cancer therapies. Besides the low proliferation behavior under
KDAC inhibition, we found altered expression patterns in metabolic enzymes, which were
exacerbated by hypoxia (Figure 7). This allowed profiling the metabolic heterogeneity of
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the NSCLC A549 cell line according to the oxygen level. Under KDAC classes I/II and
IV inhibition, we observed that A549 cells stimulate oxidative metabolism and oxidative
stress while glycolysis is increased, but lactate production is decreased. Sirtuin inhibition
impaired both glucose uptake and lactate production, although the up-regulation of some
glycolytic enzymes.
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Figure 7. Schematic representation of the dysregulation of metabolic enzymes triggered by TSA and NAM under nor-
moxia and hypoxia in A549 cells. Metabolic pathways are represented with dysregulated enzymes quantified by iTRAQ.
Significantly up-regulated enzymes (iTRAQ ratio > 1 and p-value ≤ 0.05) are represented by green arrows. Significantly
down-regulated enzymes (iTRAQ ratio < 1 and a p-value ≤ 0.05) are represented by red arrows. Non-significantly dysreg-
ulated enzymes are represented by grey arrows. Metabolic dysregulations confirmed by enzyme activities and Western
blot analyses are represented by check box and check marks, respectively. Downward and upward white arrows indicate
significant changes in metabolite consumption and production rates. (A) Metabolic enzyme profile in A549 cells under
inhibition of classes I/II/IV KDAC by 1 µM of TSA for 24 h incubation under normoxic conditions. (B) Metabolic en-
zymes regulation in A549 cells under sirtuin inhibition by 20 mM NAM for 24 h incubation under normoxic conditions.
(C) Metabolic enzymes regulation in A549 cells under hypoxic conditions for 24 h incubation. (D) Metabolic enzymes
regulation in A549 cells under inhibition of both classes I/II/IV KDAC and sirtuins by 1 µM TSA and 20 mM NAM for 24 h
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incubation under hypoxic conditions. AcCoA: Acetyl-CoA; ACSL3: Long-chain-fatty-acid-CoA ligase 3; ALDC: Fructose-
bisphosphate aldolase C; ALDH10: Fatty aldehyde dehydrogenase; COX6A1: Cytochrome c oxidase subunit 6A1; ENO1:
Alpha-enolase; Glc: Glucose; Gln: Glutamine; KDAC: Lysine deacetylases; Lac: Lactate; LDH-B: Lactate dehydrogenase B;
NAM: Nicotinamide; OGDH: 2-oxoglutarate dehydrogenase, mitochondrial; OXPHOS: Oxidative Phosphorylation; Pyr:
Pyruvate; PDHE: Pyruvate dehydrogenase E1; PFK1: ATP-dependent 6-phosphofructokinase 1, liver type; Pyr: Pyruvate;
SIRT: Sirtuins; SRM: Spermidine synthase; TCA: tricarboxylic acid; TECR: Very-long-chain enoyl-CoA reductase; TSA:
Trichostatin A; TXNDC17: Thioredoxin domain-containing protein 17; TXNDC5: Thioredoxin domain-containing protein
Our machine learning analysis revealed a list of chemotherapeutic agents, including doxorubicin, paclitaxel, etoposide,
tamoxifen, bortezomib, 5-fluorouracil, methotrexate, imatinib, gemcitabine and metformin that may target proteins affected
by KDAC inhibition under hypoxia in KRAS mutated NSCLC A549 cells.

Therefore, we propose the inhibition of both KDAC classes I/II/IV and sirtuins as
a valid strategy to explore cancer metabolic reprogramming, as their inhibition provides
new insights into the metabolic adaptations of the A549 cell line that may help design
new and more effective therapies. Moreover, our machine learning approach revealed
which chemicals may target the metabolic adaptations observed by KDAC inhibition under
hypoxia when apoptosis was favored. These chemicals should be further explored to
evaluate the therapeutic efficacy in KRAS mutated NSCLC under hypoxia conditions
Although this study brings new insights to elucidate the effects of hypoxic response
upon KDACi treatments on metabolic reprogramming, it is important to mention that the
present study did not assess whether wild-type KRAS cells undergo distinct metabolic
reprogramming events upon KDAC inhibition. Thus, we certainly cannot claim that the
metabolic reprogramming observed in the study is a common response among KRAS
mutant NSCLC cells and differs from wild-type KRAS NSCLC cells. Further studies
involving wild-type and KRAS mutant NSCLC cells might help understand the impact of
KRAS mutation on the metabolic reprogramming upon KDAC inhibition.

4. Materials and Methods
4.1. Cell Culture

Human lung adenocarcinoma epithelial cell line A549 was obtained from American
Type Culture Collection and cultured in Dulbecco’s modified Eagle’s medium (DMEM;
Gibco) containing 10 mM glucose, 10% fetal bovine serum (Gibco 10270), 0.5% penicillin
(50 U mL−1) and streptomycin (50 µg mL−1). Cells were seeded and incubated for 24 h
at 37 ◦C in a humidified 5% CO2 incubator. After 24 h, A549 cells were treated with
24hIC20 concentrations of 1 µM TSA (Sigma-Aldrich), 20 mM NAM (Sigma-Aldrich) and its
combination (1 µM TSA and 20 mM NAM). A549 cells were either maintained in normoxia
or placed into hypoxia for 24 h of treatment. Cells incubated in medium without KDACIs
served as control. Hypoxia was achieved by placing cells in a Whitley H35 Hypoxystation
(Don Whitley Scientific, UK) hypoxic incubator flushed with 5% CO2 and 95% N2 until the
O2 content reached 1%.

4.2. Cell Viability Assay

Viability tests of both KDACIs (TSA and NAM) were performed at 24 h to determine
the respective 24hIC50 values (Figure S1). A549 cells were cultured on 96-well plates in the
aforementioned culture conditions, adding TSA or NAM at different concentrations in six
replicates for 24 h. The cell viability was determined by the MTT colorimetric assay [116]
after 1 h of incubation with 0.5 mg mL−1 of MTT.

4.3. Cell Proliferation Assay

A549 cells were seeded in 6-well plates at the density of 6 × 103 cells mL−1. Once
cells were attached, they were treated with 1 µM TSA, 20 mM NAM separately and in
combination under both normoxia and hypoxia for 24 h and 48 h. Untreated cells cultured
under both normoxia and hypoxia were used as controls. After the incubations, cells were
washed with PBS, trypsinized, centrifuged and resuspended in PBS. Cell proliferation was
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determined by direct cell counting with Scepter™ 2.0 Handheld Automated Cell Counter
(Millipore, Burlington, MA, USA).

4.4. Apoptosis Assay

Apoptosis was tested by fluorescence-activated cell sorting (FACS) analysis using
Annexin V and propidium iodide (PI) staining to differentiate non-apoptotic cells (An-
nexin V−, PI−) and late apoptotic/necrotic cells (Annexin V+, PI+) from early apoptotic
cells (Annexin V+, PI−) [117]. A549 cells were seeded in 6-well plates at the density
of 6 × 103 cells mL−1 and treated as described above. After the incubation, cells were
trypsinized, centrifuged and resuspended in binding buffer (10 mM HEPES/NaOH, pH
7.4, 140 mM NaCl and 2.5 mM CaCl2). Annexin V conjugated to fluorescein isothiocyanate
(FITC) was added to each sample and incubated for 30 min in darkness. Following PI
addition, cells were analyzed by a flow cytometer (Gallios, Beckman Coulter, Brea, CA,
USA) using FlowJo software.

4.5. Cell Cycle Analysis

Cell cycle analysis was assayed by flow cytometry using FACS after treatments de-
scribed above. Following 24 h of incubation, adherent cells were collected by centrifugation
after trypsinization, washed with PBS, resuspended in 0.5 mL of PBS and fixed by dropwise
addition of 4.5 mL ice-cold 70% (v/v) ethanol. Cells were fixed for at least 4 h at −20 ◦C.
Then, cells were centrifuged, washed with ice-cold PBS and incubated in PBS contain-
ing 50 µg mL−1 propidium iodide (PI, Sigma–Aldrich), 20 µg mL−1 DNase-free RNase A
(Roche) for 1 h at room temperature. FACS analysis was carried out in a flow cytometer
(Gallios, Beckman Coulter, Brea, CA, USA) and data were analyzed using FlowJo software
(see flow cytometry gating strategy in Figure S4).

4.6. Measurement of Extracellular Metabolites

The concentration of glucose, glutamine, and lactate in media was determined spec-
trophotometrically [118–120]. The media were collected at the beginning and end of
incubations and measured using a Cobas Mira Plus chemistry analyzer (Horiba ABX, Mont-
pellier, France) by monitoring the production of NADPH in the specific reactions at 340 nm.
Glucose concentration was measured using the hexokinase (HK) and glucose-6-phosphate
dehydrogenase (G6PDH) coupled enzymatic reactions (ABX PentraTM Glucose HK CP;
A11A01667). Lactate concentration was determined based on the lactate dehydrogenase
(LDH) reaction. Glutamine concentration was measured by means of the conversion of
glutamate via the glutaminase (GLS) reaction and glutamate, in turn, was determined
using the glutamate dehydrogenase reaction. The metabolite consumption/production
rates were normalized according to the cell proliferation. Metabolite concentrations were
expressed as µmol mL−1 × 106 cells h−1.

4.7. Determination of Intracellular ROS levels

Total intracellular reactive oxygen species (ROS) levels were determined using flow
cytometry after treatments with TSA (1 µM) and NAM (20 mM) alone or in combination
using 2′-7′-dichlorodihydrofluorescein diacetate (H2DCFDA, Invitrogen) probe. A549 cells
were incubated with 5 µM H2DCFA in PBS supplemented with 5.5 mM glucose for 30 min
at 37 ◦C. Next, PBS was replaced with DMEM supplemented with 10% FBS and incubated
for 45 min at 37 ◦C. After incubation, cells were trypsinized and resuspended in a solution
consisted of 50 mM H2DCFDA with 20 µg ml−1 propidium iodide (PI, Sigma–Aldrich)
for flow cytometry analysis (Cyan ADP analyzer, Dako Cytomation, Agilent Technologies,
Santa Clara, CA, USA). Cells positive only for PI were considered as necrotic and excluded
from the analysis. Data analysis was performed using FlowJo software.
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4.8. Proteomic Analysis

The overall workflow of our quantitative proteomic approach for the study is il-
lustrated in Figure 8. Briefly, our approach included a filter-aided sample preparation
(FASP) step prior iTRAQ labeling of peptides, followed by a two-step fractionation of
labeled peptides (OFFGEL IEF/RP-nano-LC), MALDI-MS/MS analysis, database search
and quantitative iTRAQ analysis as already published [121,122].
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Figure 8. Schematic workflow of the proteomic approach used in the present study. A549 cells were
treated with 1 µM of TSA, 20 mM of NAM and both 1 µM TSA and 20 mM NAM for 24 h under
normoxia and hypoxia. Cells incubated in medium without KDACIs served as control. Cell lysates
were processed according to the filter-aided sample preparation (FASP) protocol. Digested peptides of
each treatment group were labeled with iTRAQ tags and separated in a 2-step fractionation. Fraction
peptides were spotted on MALDI plates using a spotting system. Mass spectrometer 4800 MALDI
TOF/TOF analyzer was used to collect MS and MS/MS data for identify and quantify proteins.
iTRAQ ratios were quantified and validated. Proteins with iTRAQ ratios > 1 and a p-value ≤ 0.05
were considered to be significantly increased whereas proteins with iTRAQ ratios < 1 and a p-value
≤ 0.05 were considered to be significantly decreased.

4.9. Filter-Aided Sample Preparation for iTRAQ Quantitation

Following 24 h of treatment, A549 cells were washed twice with PBS, frozen in liquid
nitrogen and stored at −80 ◦C. For protein extraction, cells were scraped off the plates
and incubated for 10 min at 4 ◦C using lysis buffer (0.1 M Tris-HCl pH 7.5 and 4% sodium
dodecyl sulfate) containing protease inhibitors (1X Halt Protease Inhibitor Cocktail, Thermo
Scientific), phosphatase inhibitors (1×Phosphatase Inhibitor Cocktail, Sigma-Aldrich) and
KDACIs (2.5 µM TSA and 20 mM NAM). Lysates were sonicated at 4 ◦C and centrifuged
at 14,000× g for 10 min at room temperature. Protein concentration was determined
using the bicinchoninic acid (BCA) method (Thermo Fisher Scientific) according to the
manufacturer’s instructions. An equal amount of protein for each condition (1 mg) was
digested using a filter-aided sample preparation (FASP) protocol [123] modified for iTRAQ-
OFFGEL-LC-MS/MS analysis as proposed by Campone, et al. [124]. Briefly, protein
samples were boiled for 5 min at 95 ◦C with 0.1 M dithiothreitol (DTT) in the lysis buffer
described previously. Then, the buffer was changed to 8 M urea in 0.1 M Tris-HCl pH
8.5 using a Microcon® 30 kDa filter (Millipore). Samples were incubated with 12 mM
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of methylmethanethiosulfate (MMTS) for 30 min at room temperature. Afterwards, the
buffer was changed to 0.5 M triethylammonium bicarbonate (TEAB) pH 8. Digestion was
performed in the same filter device using trypsin/lysine C mix (Promega) in a 1:40 (w/w)
protease-to-protein ratio and incubated on a shaker for 16 h at 37 ◦C. Peptides eluted after
digestion on the filter device were purified and desalted using Pierce® C-18 Spin Columns
(Thermo-Scientific) according to the manufacturer’s instructions. Peptides were washed
with 1% acetonitrile (ACN), 0.1% trifluoroacetic acid (TFA) and eluted with 80% ACN
and 0.1% TFA in HPLC grade water before vacuum-drying samples using a Speed-vac
(Eppendorf, Hamburg, Germany). The amount of peptides was measured using the BCA
method at appropriate dilutions.

4.9.1. iTRAQ Labeling

The use of iTRAQ allows to differentially quantify the proteins from each sample
in the mass spectrometry analysis [125]. Samples were labeled using the 8-plex iTRAQ
Reagent Kit (Sciex, Les Ulis, France) following the manufacturer’s instructions. Equal
amounts (100 µg) of peptides from each sample were labeled with each iTRAQ reagent
as follows: The iTRAQ reporter ions of m/z 113.1 for control cells in normoxia, the m/z
114.1 for TSA treated cells in normoxia, the m/z 115.1 for NAM treated cells in normoxia,
the m/z 116.1 for TSA/NAM double-treated cells in normoxia, the m/z 117.1 for control
cells in hypoxia, the m/z 118.1 for TSA treated cells in hypoxia, the m/z 119.1 for NAM
treated cells in hypoxia and the m/z 121.1 for double-treated cells in hypoxia. Then, all the
samples were pooled, and the labeling reaction was stopped by evaporation in a vacuum
concentrator before the 2D fractionation.

4.9.2. Two-dimensional (2D) fractionation: Peptide OFFGEL Isoelectrofocusing and
Reversed Phase Nano-liquid Chromatography

Peptide fractionation was performed in two dimensions: OFFGEL isoelectrofocusing
for pI-based peptide separation followed with reverse phase nano-liquid chromatogra-
phy (RP-nano-LC) for further separation based on peptide hydrophobicity. The peptide
OFFGEL fractionation was performed on a 3100 OFFGEL Fractionator using the 24-well
OFFGEL Kit linear pH 3–10 (Agilent Technologies, Les Ulis, France) according to the man-
ufacturer’s instructions. The pooled samples (containing in total 800 µg of peptides) were
resuspended in 3.6 mL of focusing OFFGEL buffer and loaded in each of the 24 wells. The
IPG gel strip was rehydrated and 150 µL of sample was loaded into each well. Peptides
were focused with a maximum voltage of 8000 V, 50 µA, and 200 W until 50 kVh was
reached. Afterwards, the 24 fractions were collected into individual tubes, dried in a
vacuum concentrator and stored at −20 ◦C. Previous to the RP-nano-LC fractionation, OF-
FGEL fractions were purified and desalted using C18 ZipTip® columns (Merck Millipore,
Molsheim, France), vacuum-dried and then resuspended in 2% (v/v) ACN and 0.05% (v/v)
TFA loading buffer. The peptides were separated according to their hydrophobicity on
Ultimate 3000 nano-HPLC system controlled by Chromeleon 7 software (Dionex/Thermo
Scientific, The Netherlands). For each sample, peptides were trapped on a µ-Precolumn
(300 µm i.d. × 5 mm, C18 PepMap100, 5 µm, 100 Å pore size; Thermo Scientific) in 2%
(v/v) ACN and 0.05% (v/v) at a flow rate of 20 µL min−1 for 3 min. Afterwards, peptides
were separated in the reversed phase nano-HPLC column (Acclaim PepMap300 75 µm,
15 cm, nanoViper C18, 2 µm, 100 Å pore size; Thermo Scientific) in a binary gradient
of buffer A (0.05% (v/v) TFA) and buffer B (80% (v/v) ACN and 0.05% (v/v) TFA) at a
flow rate of 0.3 µL min−1. The entire run last for 60 min and the nano-LC gradient was
performed during 5–40 min (5–35 min, 12–46% of buffer B; 35–40 min, 46–62% of buffer
B). Finally, the column was washed with buffer B at 40 min (62–94%), 40–50 min (94%)
and re-equilibrated at 50 min (94–4%). The nano-HPLC eluted peptides of each OFFGEL
fraction were spotted by a PROBOT MALDI spotting device controlled by the µCarrier
2.0 software (Dionex/Thermo Scientific/LC Packings, The Netherlands) onto a MALDI
sample plate, with a spot collection time of 15 s resulting in 200 spots per fraction. Samples
were spotted on MALDI plates in duplicates. The matrix (α-Cyano-4-hydroxycinnamic
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acid, HCCA, 2 mg mL−1 in 70% ACN and 0.1% TFA) was continuously added at a dosage
speed of 0.9 µL min−1.

4.9.3. MALDI-TOF/TOF Analysis

RP-nano-LC-MS/MS analysis of spotted peptides was performed by using a 4800
MALDI-TOF/TOF mass spectrometer (AB Sciex, Les Ulis, France) controlled by the 4000
Series Data Explorer software (V.3.5.3, AB Sciex, Les Ulis, France). The mass spectrometer
was operated in positive ion reflector mode externally calibrated by using the Peptide
Calibration Standard II (Bruker Daltonics, Champs sur Marne, France) with 50 ppm of
mass tolerance. Each spectrum was recorded in the mass range of 700–4000 m/z. Up
to 40 of the most intense ions per spot characterized by a signal/noise ratio ≥ 40 were
considered for MS/MS analysis. Selected ions for MS/MS analysis were activated using
CID (collision-induced dissociation) activation mode.

4.9.4. Database Search and Quantitative iTRAQ Analysis

MS and MS/MS raw data were processed using ProteinPilot software (version 4.5,
Sciex, Les Ulis, France) with the Paragon Algorithm (Sciex, Les Ulis, France). The analysis
was performed using the human reference-proteome database UniProtKB/Swiss-Prot
(release 2015_06; 20,206 protein entries; European Bioinformatics Institute, Hinxton, United
Kingdom). After the identification and quantification of peptides, a statistical analysis with
the R software package Isobar [126] was used to relatively quantify the levels of proteins
present in the different conditions. Only proteins with high confidence identification (≥95%
of peptide confidence level), positive “used score” of 1 and global False Discovery Rate
(FDR) cutoff of 1%, were considered for the Isobar analysis. iTRAQ ratios and p-values were
calculated by Isobar estimating both technical and biological variability using a Cauchy
distribution. iTRAQ ratios of the different treatments were normalized to the control cells
under normoxia (114:113; 115:113; 116:113; 117:113; 118:113; 119:113; 121:113). The level
of proteins with iTRAQ ratios >1 and a p-value ≤ 0.05 was considered to be significantly
increased whereas the level of proteins with iTRAQ ratios < 1 and a p-value ≤ 0.05 was
considered to be significantly decreased.

4.10. Gene Ontology Enrichment Analysis

The Database for Annotation, Visualization, and Integrated Discovery was used to
explore the functional annotation of significantly dysregulated proteins. The corresponding
UniProtKB accession numbers of these proteins were imported into the Gene Functional An-
notation Tool of DAVID bioinformatics resources v6.7 (https://david.ncifcrf.gov/, accessed
on 23 March 2021) [127,128]. The human genome was set as background. The functional
category Protein Information Resource (PIR) Keywords and the Biological Process (BP)
term were taken into consideration.

4.11. Western Blot Analysis

Equal amounts of protein lysates (35 µg) were separated by 12% SDS polyacrylamide
gel electrophoresis (SDS-PAGE) and transferred to a nitrocellulose membrane (0.45 µm
pore size, Bio-Rad) in transfer buffer (25 mM Tris-HCl, 192 mM glycine and 20% (v/v)
ethanol) using the Mini Trans-Blot Electrophoretic Transfer Cell (Bio-Rad) at 45 V for 2 h.
Membranes were blocked with PBS-0.1% (w/v) Tween 20 containing 5% (w/v) nonfat dry
milk for 1 h at room temperature. Primary and secondary antibodies were diluted in
the same solution. After primary and secondary antibody incubations, the blots were
washed three times with PBS-0.1% (w/v) Tween 20. Membranes were blotted with primary
antibodies overnight at 4 ◦C. Primary antibodies used include rabbit anti-β-actin (PA1-
183, Thermo Fisher Scientific, 1:500), rabbit anti-PGI (SAB 2100894, Sigma-Aldrich, 1:500),
rabbit anti-PFK1 (AB170868, Abcam, 1:1000), rabbit anti-ALDC (PA5-27659, Thermo Fisher
Scientific, 1:500), rabbit anti-GAPDH (SAB 2100894, Sigma-Aldrich, 1:500), rabbit anti-
ENO1 (PA5-29660, Thermo Fisher Scientific, 1:500), rabbit anti-LDH-A (SAB 1100050,
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Sigma-Aldrich, 1:500) and rabbit anti-LDH-B (PA5-27505, Thermo Fisher Scientific, 1:500),
rabbit anti-OGDH (PA5-28195, Thermo Fisher Scientific, 1:1000) and anti-HIF1α (clone 28B,
sc-13515, Santa Cruz Biotechnology, 1:200). HRP labeled anti-mouse IgG (A8924, Sigma-
Aldrich, 1:3000) and anti-rabbit IgG (7074, Cell signaling, 1:2000) were used as secondary
antibodies. Horseradish peroxidase (HRP) activity was assessed with the Clarity Western
ECL substrate (Bio-Rad Laboratories, Inc.) and visualized with ChemidocTM XRS+ system
(Bio-Rad Laboratories, Inc.), except for HIF-1α, which was analyzed by film detection
of chemiluminescence. The levels of proteins were normalized and relatively quantified
according to β-actin levels in at least three independent experiments. Western blot ratios
(WB ratios) of the different metabolic enzymes amongst treatments were normalized
to untreated A549 control cells under normoxia. Image analysis and quantification by
densitometric scanning of replicate blots were performed using Image LabTM software
(version 4.1, Bio-Rad Laboratories, Hercules, CA, USA).

4.12. Enzyme Activities

A549 cells were rinsed with ice-cold PBS and scraped with lysis buffer 20 mM Tris-
HCl pH 7.5 containing 1 mM DTT, 1 mM EDTA, 0.2% (v/v) Triton, 0.02% (v/v) sodium
deoxycholate and supplemented with a protease inhibitor cocktail (Sigma-Aldrich). Cell
lysates were disrupted by sonication using a titanium probe (Vibra-CellTM, Sonics &
Materials, Newtown, CO, USA) and immediately centrifuged at 12,000× g for 20 min
at 4 ◦C. The supernatant was used for the determination of specific LDH and PFK-1
enzyme activities using a Cobas Mira Plus chemistry analyzer (Roche) in two independent
experiments performed in triplicate. LDH activity in the forward reaction was measured
in 100 mM KH2PO4/K2HPO4 (pH 7.4) containing 0.2 mM pyruvate and 0.2 mM NADH,
and the mixture was incubated at 37 ◦C. PKF1 activity was measured in 62.5 mM Tris-HCl
(pH 8.0) containing 94 mM KCl, 1.85 mM DTT, 0.24 mM ATP, 0.60 mM MgSO4, 0.24 mM
fructose-6-phosphate, 43.2 U mL−1 aldolase, 15.6 U mL−1 triosephosphate isomerase and
2.4 U mL−1 glyceraldehyde 3-phosphate dehydrogenase. The mixture was incubated at 37
◦C. The enzyme activities were normalized by protein content using BCA method (Thermo
Fisher Scientific). Enzyme activities are expressed as milliunits per milligram (mU mg−1)
of protein.

4.13. Network Analysis by Node Embeddings

Protein-protein interaction signaling networks were modelized throughout Reckonect
process based on the machine learning algorithm node2vec [129]. This process produces
for each protein of the network a vector in an embedding space. These vectors can be
compared via a cosine distance to predict their proximity. To predict the proximity between
two groups of proteins, we sum of the cosine distance (exceeding a threshold set at 0.5 in
this article) in the cosine similarity matrix of the nodes embeddings of all proteins of the
2 groups. We model a disease (or a chemical) through proteins co-cited with the disease
(or the chemical) in the scientific literature (bioassays and scientific articles). The more
a protein is co-cited with the disease (or the chemical), more important its embedding
vector will have in the representation of the disease (or the chemical). Finally, the proximity
of a group of proteins and a disease (or chemical) can be predicted by comparing the
embedding vectors of the protein group to the embedding vectors of the proteins co-cited
in the literature with the disease (or the chemical) by considering the number of co-citations
has a weight of the vectors.

Altogether, this machine learning method produces a proximity score that we used
to rank therapeutic candidates. It should be distinguished from restricted enrichment
methodologies. Noteworthy, it uses the recurrence frequency of therapeutic association
with proteins, and learns a model in an unsupervised dependent manner. As a machine
learning method, it relies on previously described statistical methods [129].

This process uses several databases of protein-protein interactions as well as databases of
relationships between chemicals, diseases, biological processes and proteins. (ChEMBL [130],
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PubChem [131], PUBMED/MEDLINE, CTD [132], DGIdb [133], SIGNOR [134], UniProt [135],
BioGRID [136], Complex Portal [137], IntAct [138], mentha [139], MINT [140], Reactome [141],
and STRING [142]).

In our analysis, we took into account only proteins extracted by proteomic analy-
sis that are involved in cell metabolism processes (ATP metabolic process (GO:0046034),
oxidation–reduction process (GO:0055114), carbohydrate metabolic process (GO:0005975),
lipid metabolic process (GO:0006629) and cellular protein metabolic process (GO:0044267)).
We compared the different sets of proteins extracted by proteomic analysis with bron-
choalveolar adenocarcinoma (MESH: D002282 pulmonary adenocarcinoma) (Table S4).
Drug repositioning was performed for each condition with phase 4 used drugs targeting
each network of deregulated proteins upon TSA, NAM under hypoxic and normoxic
treatments (Table S4). Only the top 500 chemicals are presented here.

4.14. Experimental Design and Statistical Rationale

Three biological replicates were used in all experiments except for the proteomic
analysis. The statistical analysis of the proteomic data described above in “Database search
and quantitative iTRAQ analysis” was based on one experiment setup prior to confirm the
dysregulation of eight proteins by three biological replicates through Western blot analysis.
Statistical significance of differences between treatments was calculated by Student’s t-test.
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-0067/22/7/3378/s1, Figure S1: IC50 determination for trichostatin A (TSA) and nicotinamide
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S3: Intracellular ROS levels of KDACI-treated A549 cells under normoxia and hypoxia, Figure
S4: Representative FACS plots showing the gating strategy of the cell cycle analysis of KDACI-
treated cells under normoxia and hypoxia, Table S1: Total list of quantified proteins, Table S2: Gene
ontology enrichment analysis on biological process, Table S3: Gene ontology enrichment analysis
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Abbreviations

AcCoA Acetyl-CoA
ACSL3 Long-chain-fatty-acid-CoA ligase 3
ALDC Fructose-bisphosphate aldolase C
ALDH10 Fatty aldehyde dehydrogenase
ALK Anaplastic lymphoma kinase
CID Collision-induced dissociation
COX6A1 Cytochrome c oxidase subunit 6A1
COX2 Cytochrome c oxidase subunit 2
EGFR Epidermal growth factor receptor
ENO1 Alpha-enolase
ER Estrogen receptor
FDR False discovery rate
GAPDH Glyceraldehyde-3-phosphate dehydrogenase
Glc Glucose
Gln Glutamine
GLS Glutaminase
GLS1 Glutaminase 1
GO Gene ontology
GPI Glucose-6-phosphate isomerase
HIF Hypoxia-inducible factor
HK Hexokinase
IPG Immobilized pH gradient
iTRAQ Isobaric tags for relative and absolute quantitation
KDAC Lysine deacetylase
KDAC6 Lysine deacetylase 6
KDACI Lysine deacetylase inhibitor
Lac Lactate
LC Liquid chromatography
LDH Lactate dehydrogenase
NAM Nicotinamide
NSCLC Non-small cell lung cancer
MMTS Methylmethanethiosulfate
OAT Ornithine aminotransferase
OGDH 2-oxoglutarate dehydrogenase
OXPHOS Oxidative phosphorylation
PFK1 ATP-dependent 6-phosphofructokinase
PDHE Pyruvate dehydrogenase subunit E
PGI Glucose-6-phosphate isomerase
Pyr Pyruvate
pI Isoelectric point
PI Propidium iodide
PIR Protein information resource
PPP Pentose phosphate pathway
PRDX1 Peroxiredoxin-1
PRDX4 Peroxiredoxin-4
PSME1 Proteasome activator complex subunit 1
PSME2 Proteasome activator complex subunit 2
ROS Reactive oxygen species
SAHA Suberoylanilide hydroxamic acid
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SDHA Succinate dehydrogenase complex subunit A
SIRT Sirtuin
SIRT1 Sirtuin 1
SRM Spermidine synthase
RP Reversed phase
TCA Tricarboxylic acid
TEAB Triethylammonium bicarbonate buffer
TECR Very-long-chain enoyl-CoA reductase
TKI Tyrosine kinase inhibitor
TRX Thioredoxin
TSA Trichostatin A
TXNDC17 Thioredoxin domain-containing protein 17
TXNDC5 Thioredoxin domain-containing protein 5
UBA1 Ubiquitin-like modifier-activating enzyme 1
Wb Western blot
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10. Bober, P.; Alexovič, M.; Tomková, Z.; Kilík, R.; Sabo, J. RHOA and mDia1 promotes apoptosis of breast cancer cells via a high

dose of doxorubicin treatment. Open Life Sci. 2019, 14, 619–627. [CrossRef]
11. Warburg, O.; Wind, F.; Negelein, E. The metabolism of tumors in the body. J. Gen. Physiol. 1927, 8, 519–530. [CrossRef]
12. Kroemer, G.; Pouyssegur, J. Tumor cell metabolism: Cancer’s Achilles’ heel. Cancer Cell 2008, 13, 472–482. [CrossRef] [PubMed]
13. Benito, A.; Diaz-Moralli, S.; Coy, J.F.; Centelles, J.J.; Cascante, M. Role of the Pentose Phosphate Pathway in Tumour Metabolism.

In Tumor Cell Metabolism: Pathways, Regulation and Biology; Mazurek, S., Shoshan, M., Eds.; Springer: Wien, Austria, 2015; pp.
143–163. [CrossRef]

14. Jiang, P.; Du, W.; Wu, M. Regulation of the pentose phosphate pathway in cancer. Protein Cell 2014, 5, 592–602. [CrossRef]
15. Cluntun, A.A.; Lukey, M.J.; Cerione, R.A.; Locasale, J.W. Glutamine Metabolism in Cancer: Understanding the Heterogeneity.

Trends Cancer 2017, 3, 169–180. [CrossRef] [PubMed]
16. Martín-Bernabé, A.; Cortés, R.; Lehmann, S.G.; Seve, M.; Cascante, M.; Bourgoin-Voillard, S. Quantitative Proteomic Approach to

Understand Metabolic Adaptation in Non-Small Cell Lung Cancer. J. Proteome Res. 2014, 13, 4695–4704. [CrossRef] [PubMed]
17. Minakata, K.; Takahashi, F.; Nara, T.; Hashimoto, M.; Tajima, K.; Murakami, A.; Nurwidya, F.; Yae, S.; Koizumi, F.; Moriyama, H.;

et al. Hypoxia induces gefitinib resistance in non-small-cell lung cancer with both mutant and wild-type epidermal growth factor
receptors. Cancer Sci. 2012, 103, 1946–1954. [CrossRef]

18. Jing, X.; Yang, F.; Shao, C.; Wei, K.; Xie, M.; Shen, H.; Shu, Y. Role of hypoxia in cancer therapy by regulating the tumor
microenvironment. Mol. Cancer 2019, 18, 1–15. [CrossRef] [PubMed]

19. Song, X.; Liu, X.; Chi, W.; Liu, Y.; Wei, L.; Wang, X.; Yu, J. Hypoxia-induced resistance to cisplatin and doxorubicin in non-small
cell lung cancer is inhibited by silencing of HIF-1α gene. Cancer Chemother. Pharmacol. 2006, 58, 776–784. [CrossRef]

20. Wu, H.-M.; Jiang, Z.-F.; Ding, P.-S.; Shao, L.-J.; Liu, R.-Y. Hypoxia-induced autophagy mediates cisplatin resistance in lung cancer
cells. Sci. Rep. 2015, 5, 12291. [CrossRef]

21. Semenza, G.L. HIF-1 mediates metabolic responses to intratumoral hypoxia and oncogenic mutations. J. Clin. Investig. 2013, 123,
3664–3671. [CrossRef]

22. Price, N.L.; Gomes, A.P.; Ling, A.J.; Duarte, F.V.; Martin-Montalvo, A.; North, B.J.; Agarwal, B.; Ye, L.; Ramadori, G.; Teodoro, J.S.;
et al. SIRT1 Is Required for AMPK Activation and the Beneficial Effects of Resveratrol on Mitochondrial Function. Cell Metab.
2012, 15, 675–690. [CrossRef] [PubMed]

http://doi.org/10.3322/caac.21492
http://doi.org/10.3322/caac.21590
http://doi.org/10.1016/j.ejphar.2014.07.025
http://doi.org/10.1186/s13045-019-0818-2
http://doi.org/10.1002/ijc.28594
http://doi.org/10.1111/febs.14125
http://www.ncbi.nlm.nih.gov/pubmed/28570035
http://doi.org/10.3389/fonc.2019.00848
http://www.ncbi.nlm.nih.gov/pubmed/31544066
http://doi.org/10.1016/j.cell.2011.02.013
http://www.ncbi.nlm.nih.gov/pubmed/21376230
http://doi.org/10.1515/biol-2019-0070
http://doi.org/10.1085/jgp.8.6.519
http://doi.org/10.1016/j.ccr.2008.05.005
http://www.ncbi.nlm.nih.gov/pubmed/18538731
http://doi.org/10.1007/978-3-7091-1824-5
http://doi.org/10.1007/s13238-014-0082-8
http://doi.org/10.1016/j.trecan.2017.01.005
http://www.ncbi.nlm.nih.gov/pubmed/28393116
http://doi.org/10.1021/pr500327v
http://www.ncbi.nlm.nih.gov/pubmed/25029028
http://doi.org/10.1111/j.1349-7006.2012.02408.x
http://doi.org/10.1186/s12943-019-1089-9
http://www.ncbi.nlm.nih.gov/pubmed/31711497
http://doi.org/10.1007/s00280-006-0224-7
http://doi.org/10.1038/srep12291
http://doi.org/10.1172/JCI67230
http://doi.org/10.1016/j.cmet.2012.04.003
http://www.ncbi.nlm.nih.gov/pubmed/22560220


Int. J. Mol. Sci. 2021, 22, 3378 24 of 28

23. Marks, P.A.; Xu, W.-S. Histone deacetylase inhibitors: Potential in cancer therapy. J. Cell. Biochem. 2009, 107, 600–608. [CrossRef]
24. Verza, F.A.; Das, U.; Fachin, A.L.; Dimmock, J.R.; Marins, M. Roles of Histone Deacetylases and Inhibitors in Anticancer Therapy.

Cancers 2020, 12, 1664. [CrossRef] [PubMed]
25. Martín-Bernabé, A.; Balcells, C.; Tarragó-Celada, J.; Foguet, C.; Bourgoin-Voillard, S.; Seve, M.; Cascante, M. The importance of

post-translational modifications in systems biology approaches to identify therapeutic targets in cancer metabolism. Curr. Opin.
Syst. Biol. 2017, 3, 161–169. [CrossRef]

26. Huang, M.; Geng, M. Exploiting histone deacetylases for cancer therapy: from hematological malignancies to solid tumors. Sci.
China Life Sci. 2016, 60, 94–97. [CrossRef]

27. Suraweera, A.; O’Byrne, K.J.; Richard, D.J. Combination Therapy with Histone Deacetylase Inhibitors (HDACi) for the Treatment
of Cancer: Achieving the Full Therapeutic Potential of HDACi. Front. Oncol. 2018, 8, 92. [CrossRef] [PubMed]

28. Damaskos, C.; Tomos, I.; Garmpis, N.; Karakatsani, A.; Dimitroulis, D.; Garmpi, A.; Spartalis, E.; Kampolis, C.F.; Tsagkari, E.; A
Loukeri, A.; et al. Histone Deacetylase Inhibitors as a Novel Targeted Therapy Against Non-small Cell Lung Cancer: Where Are
We Now and What Should We Expect? Anticancer Res. 2018, 38, 37–43. [CrossRef] [PubMed]

29. Neal, J.W.; Sequist, L.V. Complex Role of Histone Deacetylase Inhibitors in the Treatment of Non–Small-Cell Lung Cancer. J. Clin.
Oncol. 2012, 30, 2280–2282. [CrossRef]

30. Wang, L.; Li, H.; Ren, Y.; Zou, S.; Fang, W.; Jiang, X.; Jia, L.; Li, M.; Liu, X.; Yuan, X.; et al. Targeting HDAC with a novel inhibitor
effectively reverses paclitaxel resistance in non-small cell lung cancer via multiple mechanisms. Cell Death Dis. 2016, 7, e2063.
[CrossRef] [PubMed]

31. Witta, S. Histone Deacetylase Inhibitors in Non–Small-Cell Lung Cancer. J. Thorac. Oncol. 2012, 7, S404–S406. [CrossRef]
32. Mukhopadhyay, N.K.; Weisberg, E.; Gilchrist, D.; Bueno, R.; Sugarbaker, D.J.; Jaklitsch, M.T. Effectiveness of Trichostatin A as a

Potential Candidate for Anticancer Therapy in Non–Small-Cell Lung Cancer. Ann. Thorac. Surg. 2006, 81, 1034–1042. [CrossRef]
33. Tang, Y.; Zhao, W.; Chen, Y.; Zhao, Y.; Gu, W. Acetylation Is Indispensable for p53 Activation. Cell 2008, 133, 612–626. [CrossRef]

[PubMed]
34. Guan, K.-L.; Xiong, Y. Regulation of intermediary metabolism by protein acetylation. Trends Biochem. Sci. 2011, 36, 108–116.

[CrossRef]
35. Cheung, C.H.Y.; Juan, H.-F. Quantitative proteomics in lung cancer. J. Biomed. Sci. 2017, 24, 1–11. [CrossRef]
36. Vinaiphat, A.; Low, J.K.; Yeoh, K.W.; Chng, W.J.; Sze, S.K. Application of Advanced Mass Spectrometry-Based Proteomics to

Study Hypoxia Driven Cancer Progression. Front. Oncol. 2021, 11, 98. [CrossRef]
37. Bush, J.T.; Chan, M.C.; Mohammed, S.; Schofield, C.J. Quantitative MS-Based Proteomics: Comparing the MCF-7 Cellular

Response to Hypoxia and a 2-Oxoglutarate Analogue. ChemBioChem 2020, 21, 1647–1655. [CrossRef]
38. Song, Z.; Pearce, M.C.; Jiang, Y.; Yang, L.; Goodall, C.; Miranda, C.L.; Milovancev, M.; Bracha, S.; Kolluri, S.K.; Maier, C.S.

Delineation of hypoxia-induced proteome shifts in osteosarcoma cells with different metastatic propensities. Sci. Rep. 2020, 10,
1–17. [CrossRef]

39. Zhang, K.; Xu, P.; Sowers, J.L.; Machuca, D.F.; Mirfattah, B.; Herring, J.; Tang, H.; Chen, Y.; Tian, B.; Brasier, A.R.; et al. Proteome
Analysis of Hypoxic Glioblastoma Cells Reveals Sequential Metabolic Adaptation of One-Carbon Metabolic Pathways. Mol. Cell.
Proteom. 2017, 16, 1906–1921. [CrossRef] [PubMed]

40. Djidja, M.-C.; Chang, J.; Hadjiprocopis, A.; Schmich, F.; Sinclair, J.; Mršnik, M.; Schoof, E.M.; Barker, H.E.; Linding, R.; Jorgensen,
C.B.; et al. Identification of Hypoxia-Regulated Proteins Using MALDI-Mass Spectrometry Imaging Combined with Quantitative
Proteomics. J. Proteome Res. 2014, 13, 2297–2313. [CrossRef]

41. Bousquet, P.A.; Sandvik, J.A.; Arntzen, M.Ø.; Edin, N.F.J.; Christoffersen, S.; Krengel, U.; Pettersen, E.O.; Thiede, B. Hypoxia
Strongly Affects Mitochondrial Ribosomal Proteins and Translocases, as Shown by Quantitative Proteomics of HeLa Cells. Int. J.
Proteom. 2015, 2015, 1–9. [CrossRef] [PubMed]

42. Napolitano, F.; Zhao, Y.; Moreira, V.M.; Tagliaferri, R.; Kere, J.; D’Amato, M.; Greco, D. Drug repositioning: a machine-learning
approach through data integration. J. Cheminform. 2013, 5, 30. [CrossRef]

43. Aliper, A.; Plis, S.; Artemov, A.; Ulloa, A.; Mamoshina, P.; Zhavoronkov, A. Deep Learning Applications for Predicting
Pharmacological Properties of Drugs and Drug Repurposing Using Transcriptomic Data. Mol. Pharm. 2016, 13, 2524–2530.
[CrossRef] [PubMed]

44. Ekins, S.; Puhl, A.C.; Zorn, K.M.; Lane, T.R.; Russo, D.P.; Klein, J.J.; Hickey, A.J.; Clark, A.M. Exploiting machine learning for
end-to-end drug discovery and development. Nat. Mater. 2019, 18, 435–441. [CrossRef] [PubMed]

45. Zhao, D.; Li, F.-L.; Cheng, Z.-L.; Lei, Q.-Y. Impact of acetylation on tumor metabolism. Mol. Cell. Oncol. 2014, 1, e963452.
[CrossRef] [PubMed]

46. Cantor, J.P.; Iliopoulos, D.; Rao, A.S.; Druck, T.; Semba, S.; Han, S.-Y.; McCorkell, K.A.; Lakshman, T.V.; Collins, J.E.; Wachsberger,
P.; et al. Epigenetic modulation of endogenous tumor suppressor expression in lung cancer xenografts suppresses tumorigenicity.
Int. J. Cancer 2006, 120, 24–31. [CrossRef]

47. Chang, J.; Varghese, D.S.; Gillam, M.C.; Peyton, M.; Modi, B.; Schiltz, R.L.; Girard, L.; Martinez, E.D. Differential response of
cancer cells to HDAC inhibitors trichostatin A and depsipeptide. Br. J. Cancer 2011, 106, 116–125. [CrossRef]

48. Miyanaga, A.; Gemma, A.; Noro, R.; Kataoka, K.; Matsuda, K.; Nara, M.; Okano, T.; Seike, M.; Yoshimura, A.; Kawakami, A.; et al.
Antitumor activity of histone deacetylase inhibitors in non-small cell lung cancer cells: development of a molecular predictive
model. Mol. Cancer Ther. 2008, 7, 1923–1930. [CrossRef]

http://doi.org/10.1002/jcb.22185
http://doi.org/10.3390/cancers12061664
http://www.ncbi.nlm.nih.gov/pubmed/32585896
http://doi.org/10.1016/j.coisb.2017.05.011
http://doi.org/10.1007/s11427-016-0300-y
http://doi.org/10.3389/fonc.2018.00092
http://www.ncbi.nlm.nih.gov/pubmed/29651407
http://doi.org/10.21873/anticanres.12189
http://www.ncbi.nlm.nih.gov/pubmed/29277754
http://doi.org/10.1200/JCO.2011.41.0860
http://doi.org/10.1038/cddis.2015.328
http://www.ncbi.nlm.nih.gov/pubmed/26794658
http://doi.org/10.1097/JTO.0b013e31826df29c
http://doi.org/10.1016/j.athoracsur.2005.06.059
http://doi.org/10.1016/j.cell.2008.03.025
http://www.ncbi.nlm.nih.gov/pubmed/18485870
http://doi.org/10.1016/j.tibs.2010.09.003
http://doi.org/10.1186/s12929-017-0343-y
http://doi.org/10.3389/fonc.2021.559822
http://doi.org/10.1002/cbic.201900719
http://doi.org/10.1038/s41598-019-56878-x
http://doi.org/10.1074/mcp.RA117.000154
http://www.ncbi.nlm.nih.gov/pubmed/28874504
http://doi.org/10.1021/pr401056c
http://doi.org/10.1155/2015/678527
http://www.ncbi.nlm.nih.gov/pubmed/26421188
http://doi.org/10.1186/1758-2946-5-30
http://doi.org/10.1021/acs.molpharmaceut.6b00248
http://www.ncbi.nlm.nih.gov/pubmed/27200455
http://doi.org/10.1038/s41563-019-0338-z
http://www.ncbi.nlm.nih.gov/pubmed/31000803
http://doi.org/10.4161/23723548.2014.963452
http://www.ncbi.nlm.nih.gov/pubmed/27308346
http://doi.org/10.1002/ijc.22073
http://doi.org/10.1038/bjc.2011.532
http://doi.org/10.1158/1535-7163.MCT-07-2140


Int. J. Mol. Sci. 2021, 22, 3378 25 of 28

49. Rosato, R.R.; Almenara, J.A.; Dai, Y.; Grant, S. Simultaneous activation of the intrinsic and extrinsic pathways by histone
deacetylase (HDAC) inhibitors and tumor necrosis factor-related apoptosis-inducing ligand (TRAIL) synergistically induces
mitochondrial damage and apoptosis in human leukemia cells. Mol. Cancer Ther. 2003, 2, 1273–1284.

50. Amoedo, N.D.; Rodrigues, M.F.; Pezzuto, P.; Galina, A.; Da Costa, R.M.; De Almeida, F.C.L.; El-Bacha, T.; Rumjanek, F.D.
Energy Metabolism in H460 Lung Cancer Cells: Effects of Histone Deacetylase Inhibitors. PLoS ONE 2011, 6, e22264. [CrossRef]
[PubMed]

51. Choi, Y.H. Induction of apoptosis by trichostatin A, a histone deacetylase inhibitor, is associated with inhibition of cyclooxygenase-
2 activity in human non-small cell lung cancer cells. Int. J. Oncol. 2005, 27, 473–479. [CrossRef] [PubMed]

52. Liu, X.; Shao, K.; Sun, T. SIRT1 Regulates the Human Alveolar Epithelial A549 Cell Apoptosis Induced byPseudomonas
AeruginosaLipopolysaccharide. Cell. Physiol. Biochem. 2013, 31, 92–101. [CrossRef]

53. Platta, C.S.; Greenblatt, D.Y.; Kunnimalaiyaan, M.; Chen, H. The HDAC Inhibitor Trichostatin A Inhibits Growth of Small Cell
Lung Cancer Cells. J. Surg. Res. 2007, 142, 219–226. [CrossRef]

54. Zhao, S.; Xu, W.; Jiang, W.; Yu, W.; Lin, Y.; Zhang, T.; Yao, J.; Zhou, L.; Zeng, Y.; Li, H.; et al. Regulation of Cellular Metabolism by
Protein Lysine Acetylation. Science 2010, 327, 1000–1004. [CrossRef] [PubMed]

55. Wu, Q.; Cheng, Z.; Zhu, J.; Xu, W.; Peng, X.; Chen, C.; Li, W.; Wang, F.; Cao, L.; Yi, X.; et al. Suberoylanilide Hydroxamic Acid
Treatment Reveals Crosstalks among Proteome, Ubiquitylome and Acetylome in Non-Small Cell Lung Cancer A549 Cell Line.
Sci. Rep. 2015, 5, 9520. [CrossRef]

56. Narayan, S.; Bader, G.D.; Reimand, J. Frequent mutations in acetylation and ubiquitination sites suggest novel driver mechanisms
of cancer. Genome Med. 2016, 8, 55. [CrossRef] [PubMed]

57. Li, Y.; Shin, D.; Kwon, S.H. Histone deacetylase 6 plays a role as a distinct regulator of diverse cellular processes. FEBS J. 2012,
280, 775–793. [CrossRef] [PubMed]

58. Kulka, L.A.M.; Fangmann, P.-V.; Panfilova, D.; Olzscha, H. Impact of HDAC Inhibitors on Protein Quality Control Systems:
Consequences for Precision Medicine in Malignant Disease. Front. Cell Dev. Biol. 2020, 8, 425. [CrossRef] [PubMed]

59. Heider, U.; Rademacher, J.; Lamottke, B.; Mieth, M.; Moebs, M.; Von Metzler, I.; Assaf, C.; Sezer, O. Synergistic interaction of the
histone deacetylase inhibitor SAHA with the proteasome inhibitor bortezomib in cutaneous T cell lymphoma. Eur. J. Haematol.
2009, 82, 440–449. [CrossRef]

60. Laporte, A.N.; Poulin, N.M.; Barrott, J.J.; Wang, X.Q.; Lorzadeh, A.; Werff, R.V.; Jones, K.B.; Underhill, T.M.; Nielsen, T.O. Death
by HDAC Inhibition in Synovial Sarcoma Cells. Mol. Cancer Ther. 2017, 16, 2656–2667. [CrossRef]

61. Park, M.-T.; Kim, M.-J.; Suh, Y.; Kim, R.-K.; Kim, H.; Lim, E.-J.; Yoo, K.-C.; Lee, G.-H.; Kim, Y.-H.; Hwang, S.-G.; et al. Novel
signaling axis for ROS generation during K-Ras-induced cellular transformation. Cell Death Differ. 2014, 21, 1185–1197. [CrossRef]

62. Ralph, S.J.; Rodríguez-Enríquez, S.; Neuzil, J.; Saavedra, E.; Moreno-Sánchez, R. The causes of cancer revisited: “Mitochondrial
malignancy” and ROS-induced oncogenic transformation – Why mitochondria are targets for cancer therapy. Mol. Asp. Med.
2010, 31, 145–170. [CrossRef]

63. Weinberg, F.; Hamanaka, R.; Wheaton, W.W.; Weinberg, S.; Joseph, J.; Lopez, M.; Kalyanaraman, B.; Mutlu, G.M.; Budinger,
G.R.S.; Chandel, N.S. Mitochondrial metabolism and ROS generation are essential for Kras-mediated tumorigenicity. Proc. Natl.
Acad. Sci. USA 2010, 107, 8788–8793. [CrossRef]

64. Gong, K.; Xie, J.; Yi, H.; Li, W. CS055 (Chidamide/HBI-8000), a novel histone deacetylase inhibitor, induces G1 arrest, ROS-
dependent apoptosis and differentiation in human leukaemia cells. Biochem. J. 2012, 443, 735–746. [CrossRef] [PubMed]

65. Rosato, R.R.; Almenara, J.A.; Maggio, S.C.; Coe, S.; Atadja, P.; Dent, P.; Grant, S. Role of histone deacetylase inhibitor-induced
reactive oxygen species and DNA damage in LAQ-824/fludarabine antileukemic interactions. Mol. Cancer Ther. 2008, 7, 3285–3297.
[CrossRef] [PubMed]

66. You, B.R.; Park, W.H. Trichostatin A induces apoptotic cell death of HeLa cells in a Bcl-2 and oxidative stress-dependent manner.
Int. J. Oncol. 2012, 42, 359–366. [CrossRef] [PubMed]

67. Liou, G.Y.; Storz, P. Reactive oxygen species in cancer. Free Radic. Res. 2010, 44, 479–496. [CrossRef]
68. Kinnula, V.L.; Pääkkö, P.; Soini, Y. Antioxidant enzymes and redox regulating thiol proteins in malignancies of human lung. FEBS

Lett. 2004, 569, 1–6. [CrossRef]
69. Zhang, S.-F.; Wang, X.-Y.; Fu, Z.-Q.; Peng, Q.-H.; Zhang, J.-Y.; Ye, F.; Fu, Y.-F.; Zhou, C.-Y.; Lu, W.-G.; Cheng, X.-D.; et al. TXNDC17

promotes paclitaxel resistance via inducing autophagy in ovarian cancer. Autophagy 2015, 11, 225–238. [CrossRef]
70. Zhang, Z.; Wang, A.; Li, H.; Zhi, H.; Lu, F. RETRACTED: STAT3-dependent TXNDC17 expression mediates Taxol resistance

through inducing autophagy in human colorectal cancer cells. Gene 2016, 584, 75–82. [CrossRef]
71. Xiong, Y.; Guan, K.-L. Mechanistic insights into the regulation of metabolic enzymes by acetylation. J. Cell Biol. 2012, 198, 155–164.

[CrossRef]
72. Guarente, L. The Logic Linking Protein Acetylation and Metabolism. Cell Metab. 2011, 14, 151–153. [CrossRef]
73. Smith, B.; Schafer, X.L.; Ambeskovic, A.; Spencer, C.M.; Land, H.; Munger, J. Addiction to Coupling of the Warburg Effect with

Glutamine Catabolism in Cancer Cells. Cell Rep. 2016, 17, 821–836. [CrossRef]
74. Liberti, M.V.; Locasale, J.W. The Warburg Effect: How Does it Benefit Cancer Cells? Trends Biochem. Sci. 2016, 41, 211–218.

[CrossRef] [PubMed]
75. Zha, X.; Wang, F.; Wang, Y.; He, S.; Jing, Y.; Wu, X.; Zhang, H. Lactate Dehydrogenase B Is Critical for Hyperactive mTOR-Mediated

Tumorigenesis. Cancer Res. 2011, 71, 13. [CrossRef] [PubMed]

http://doi.org/10.1371/journal.pone.0022264
http://www.ncbi.nlm.nih.gov/pubmed/21789245
http://doi.org/10.3892/ijo.27.2.473
http://www.ncbi.nlm.nih.gov/pubmed/16010430
http://doi.org/10.1159/000343352
http://doi.org/10.1016/j.jss.2006.12.555
http://doi.org/10.1126/science.1179689
http://www.ncbi.nlm.nih.gov/pubmed/20167786
http://doi.org/10.1038/srep09520
http://doi.org/10.1186/s13073-016-0311-2
http://www.ncbi.nlm.nih.gov/pubmed/27175787
http://doi.org/10.1111/febs.12079
http://www.ncbi.nlm.nih.gov/pubmed/23181831
http://doi.org/10.3389/fcell.2020.00425
http://www.ncbi.nlm.nih.gov/pubmed/32582706
http://doi.org/10.1111/j.1600-0609.2009.01239.x
http://doi.org/10.1158/1535-7163.MCT-17-0397
http://doi.org/10.1038/cdd.2014.34
http://doi.org/10.1016/j.mam.2010.02.008
http://doi.org/10.1073/pnas.1003428107
http://doi.org/10.1042/BJ20111685
http://www.ncbi.nlm.nih.gov/pubmed/22339555
http://doi.org/10.1158/1535-7163.MCT-08-0385
http://www.ncbi.nlm.nih.gov/pubmed/18852132
http://doi.org/10.3892/ijo.2012.1705
http://www.ncbi.nlm.nih.gov/pubmed/23165748
http://doi.org/10.3109/10715761003667554
http://doi.org/10.1016/j.febslet.2004.05.045
http://doi.org/10.1080/15548627.2014.998931
http://doi.org/10.1016/j.gene.2016.03.012
http://doi.org/10.1083/jcb.201202056
http://doi.org/10.1016/j.cmet.2011.07.007
http://doi.org/10.1016/j.celrep.2016.09.045
http://doi.org/10.1016/j.tibs.2015.12.001
http://www.ncbi.nlm.nih.gov/pubmed/26778478
http://doi.org/10.1158/0008-5472.CAN-10-1668
http://www.ncbi.nlm.nih.gov/pubmed/21199794


Int. J. Mol. Sci. 2021, 22, 3378 26 of 28
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