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Simple Summary: There is an unmet need for novel anticancer therapeutics that work differently
to current standard-of-care therapies. BOLD-100 is a unique clinical-stage anticancer compound that
is based on the rare metal, ruthenium. Understanding the bioactivity of BOLD-100 can accelerate its
development towards approval and into clinical practice. The aim of this study was to use a large
panel of cancer cell lines to formulate a sensitivity profile of BOLD-100 across various cancer types.
BOLD-100 demonstrated increased activity in cell lines from esophageal cancer, blood cancers, and
bladder cancer. These indications are in addition to the gastrointestinal cancers currently in clinical
development, thus opening new opportunities. Using the sensitivity profile for downstream bioin-
formatics and pathway analysis revealed associations between cancer cell lines’ sensitivity to BOLD-
100 and ribosomal gene expression, including several genes coding for large- and small-ribosomal
subunits. These findings provide evidence that ribosomal processes may be a critical component of
BOLD-100"s mechanism.

Abstract: BOLD-100 (sodium trans-[tetrachlorobis(1H indazole)ruthenate(III)]) is a ruthenium-
based anticancer compound currently in clinical development. The identification of cancer types
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Response to BOLD-100 showed only moderate correlation to anticancer compounds in the Ge-
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extensive avenues for drug design and discovery [1-4]. The platinum-based therapeutic
cisplatin, and its derivatives oxaliplatin and carboplatin, are mainstay chemotherapies ex-
tensively utilized in advanced cancer patient care [5,6]. However, intrinsic and acquired
resistance to cisplatin and low response rates in advanced settings has triggered the search
for novel metal-based alternatives with differentiated mechanisms and improved thera-
peutic outcomes [7]. The development of metal-based therapeutics has proceeded in a
range of metals including gold, copper, iridium, and ruthenium [8-11]. Despite this, very
few metal-based anticancer drugs have completed clinical development [12,13]. There-
fore, advanced development strategies for metal-based compounds are needed to fulfill
the therapeutic potential of this class of molecules.

Preclinical screening of novel therapeutics against panels of cancer cell lines remains
a pertinent protocol in drug development [14]. Since the pioneering work of the NCI60
cell line panel, which sought to link drug sensitivity and cancer genotypes, large cancer
cell line panels and subsequent pharmacogenomic analysis have become crucial in iden-
tifying development strategies and providing novel insights into mechanisms of action
(MOA) [15,16]. The depth of knowledge and data around cancer cell lines have accelerated
the advancements in accurate drug prediction tasks in oncology [17,18], with several con-
sortia including the Genomics of Drug Sensitivity in Cancer (GDSC) project and the Can-
cer Therapeutics Response Portal (CTRP) providing screening data for over one thousand
cancer cell lines in response to hundreds of chemical compounds [19,20]. Furthermore, the
abundance of cell line molecular data available in public databases such as the Cancer Cell
Line Encyclopedia (CCLE) allows for pharmacogenomic analyses to uncover molecular
determinants of drug sensitivity [21]. Genomic modalities, including gene expression,
protein expression, copy number variation, and somatic mutations, have been used in
drug prediction tasks and can be utilized to understand potential drug targets and MOAs.
Gene expression in particular is one of the most predictive modalities of drug response
[22-26] and can provide insights into the drug MOA [27,28]. This facilitates the translation
of in vitro findings in the laboratory to the clinic, which remains a rate-limiting step in
novel metal-based drug development [29].

The ruthenium complex BOLD-100 is a clinical-stage anticancer compound that is
composed of sodium trans-[tetrachlorobis(1H indazole) ruthenate(Ill)] with cesium as an
intermediate salt form. Predecessor molecules include IT-139, NKP-1339, and KP1339.
BOLD-100 has successfully completed a Phase 1 monotherapy trial and is currently in a
Phase 1b/2 clinical trial in combination with chemotherapy in advanced gastrointestinal
cancers (NCT04421820) [30]. Beyond gastrointestinal cancers, BOLD-100 has shown effi-
cacy in a range of preclinical models, including breast, lung, and liver cancer [31-33].
Mechanistically, BOLD-100 has a complex, multifaceted MOA which includes the modu-
lation of the endoplasmic reticulum (ER) chaperone 78 kDa glucose regulated protein
(GRP78) in conjunction with ER stress, as well as the induction of reactive oxygen species
(ROS) and a subsequent DNA damage response (DDR) [31,32,34-37]. Additionally, po-
tential interactions between BOLD-100 and ribosomal proteins have been recognized, as
well as the effect of BOLD-100 on altered cellular metabolism [38-41]. Collectively, both
the optimal development strategy and the definitive MOA for BOLD-100 remains elusive.

The depth of knowledge and data yielded by in vitro cell line screening assays pre-
sents an opportunity to assess the efficacy of BOLD-100 across a large panel of cancer
types. In this study, a cell viability screen across 319 cancer cell lines spanning 24 tissues
of origin using BOLD-100 monotherapy was utilized to determine cancer types with in-
creased sensitivity. In order to build the knowledge base of BOLD-100"s potential bioac-
tivity, the sensitivity profile of BOLD-100 across the cancer cell lines was compared to
anticancer compounds in the GDSC database. Utilizing the depth of cancer cell line ge-
nomic data from CCLE, a statistical modeling analysis was performed to identify candi-
date genes which associated with BOLD-100 susceptibility, identifying the importance of
ribosomal gene expression for BOLD-100 response. Finally, a machine learning model was
trained using the sensitivity profile of BOLD-100 and cell line genomic data in order to
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assess the ability to predict BOLD-100 sensitivity in cancer cell lines. This incorporation of
cell line screening, pharmacogenomics, drug response modeling, and multivariate ma-
chine learning has formulated a more cohesive understanding of BOLD-100’s therapeutic
potential and provides opportunities for future research for clinical applications.

2. Materials and Methods
2.1. Cancer Cell Screen

The effect of BOLD-100 (Bold Therapeutics Inc.; Vancouver, BC, Canada) and cispla-
tin (Qilu Pharmaceuticals; Jinan, China) on the growth inhibition in 319 cancer cell lines
(Table S1) across 24 tissues of origin was evaluated (Crown Bioscience Inc.; Beijing,
China). All cell lines were acquired and tested by Crown Bioscience Inc. Cell lines were
seeded in 96-well plates and were subject to BOLD-100 or cisplatin treatment for 72 hin a
Cell Titer-Glo Luminescent Cell Viability Assay (Promega; Madison, WI, USA). Initial vi-
ability measurements were obtained prior to drug treatment. For BOLD-100, a top con-
centration of 250-500 uM and two-fold serial dilutions in dimethyl sulfoxide (DMSO)
were used to achieve nine dose levels. For cisplatin, a top concentration of 100 uM and
3.16-fold serial dilutions were used to achieve nine dose levels. Culture media was used
as a means of vehicle control. Each treatment at each dose level per cell line was tested in
triplicate. Cell culture media was based on recommended media for optimal growth of
each cell line, with Dulbecco’s Modified Eagle Medium (DMEM) or Roswell Park Memo-
rial Institute (RPMI1640) medium as the primary media used, supplemented with fetal
bovine serum (FBS) (ExCell Bio; Shanghai, China). Envision Multi Label Reader 2104-
0010A (Perkin Elmer; Waltham, MA, USA) was used for plate readout.

2.2. Calculation of BOLD-100 and Cisplatin Sensitivity Profile in Cancer Cell Lines

R package PharmacoGx (version 3.0.2) was used to fit a four-parameter log-logistic
curve on the cell line viability data and compute the half maximal inhibitory concentration
(ICs0) [42]. The normalized measure of drug efficacy (GRmax) was calculated using the
online web tool GRCalculator (http://www.grcalculator.org/grcalculator/; accessed on 31
May 2021) [43]. Within-tissue median values for BOLD-100 and cisplatin ICs0 and GRmax
were calculated in order to compare the two drugs’ sensitivity profiles. The within-tissue
distributions of ICs0 and GRmax were visualized in boxplots, where the length of the boxes
represent the interquartile range (IQR) (i.e., the range between 25th (Q1) and 75th (Q3)
percentiles) and the bottom and top whiskers represent Q1 — 1.5xIQR and Q3 + 1.5xIQR,
respectively, which denote the threshold for outliers. ANOVA was used to test whether
BOLD-100 and cisplatin sensitivity profiles showed significant variability across the tis-
sues of origin. Cell lines in the following tissues of origin were further classified into can-
cer subtypes according to data available in Cell Model Passports (https://cellmodelpass-
ports.sanger.ac.uk/; accessed on 30 September 2021): blood, bone, brain, kidney, head and
neck, thyroid, esophagus, lung, ovary, prostate, soft tissue, cervix, and uterus [44]. The
following tissues were classified into subtypes according to the literature: bladder [45,46],
breast [47], colon [48], and liver [49]. The BOLD-100 ICs0 measurements for the following
cell lines could not be obtained due to the values being out of the range of the concentra-
tions tested: HT-1376 (bladder), SK-N-AS (brain and nerves), BT-483 (breast), HeLa,
MS751 (cervix), and 22RV1 (prostate). Therefore, these cell lines were excluded in the anal-
ysis of BOLD-100 sensitivity. All statistics and data visualizations were performed using
the R programming language (version 4.0.5). The centrality and dispersion of the drug
sensitivity values were reported using the median and the IQR and comparison of ICso
distributions were carried out using non-parametric tests such as the Wilcoxon signed-
rank test and the Kruskal-Wallis ANOVA.
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2.3. Comparison of BOLD-100 and Cisplatin Sensitivity Profiles versus GDSC Database

Drug sensitivity profiles of anticancer compounds across cancer cell lines were ob-
tained from the GDSC database (https://www.cancerrxgene.org/; accessed on 10 May
2021). Data from two separate drug screen cohorts termed GDSC1 and GDSC2 were col-
lected. In cases where a drug entry appeared in both datasets, data from the GDSC2 cohort
was used, as per the database documentation [20,50]. This produced a dataset containing
449 drugs screened against 988 cancer cell lines. The initial dataset was then trimmed ac-
cording to the following criteria: (1) cell lines not tested in the current BOLD-100/cisplatin
cell panel were removed and (2) cell lines whose drug sensitivity data was missing in
more than 50% of drugs tested were excluded. The result was a dataset of 412 drugs across
260 cancer cell lines. BOLD-100 and cisplatin ICso data were log transformed and sepa-
rated based on whether cell lines originated from solid or liquid tumors. Spearman rank
correlation analysis was performed between BOLD-100 ICso profile and the individual
sensitivity profiles within the GDSC dataset in order to compare the BOLD-100 response
signature to the 412 other drugs (Table S2). The Benjamini-Hochberg false discovery rate
(FDR) correction was performed for multiple testing corrections. The statistical signifi-
cance level a was set at 0.01. This analysis was repeated with the cisplatin ICso profile. The
associated pathway annotations for each drug were obtained from the GDSC database
(accessed on 10 May 2021).

2.4. Identification of BOLD-100 Response Associated Genes

The sensitivity profile of BOLD-100 and cisplatin was tested for possible confounding
variables in the experimental design. Variables included age, gender, doubling time, mu-
tation rate, microsatellite instability (MSI) status, growth property (adherent, semi-adher-
ent. Suspension), and cell culture media. The age, gender, doubling time, and mutation
rate data for the cell lines were obtained from the CCLE database (https://sites.broadinsti-
tute.org/ccle; accessed on 13 July 2021). The growth property and MSI status data were
obtained from the study by Iorio et al. [50]. Using ordinary least squares (OLS) regression,
the following were treated as numeric variables: age, mutation rate, and doubling time,
while the following were encoded as categorical variables: gender, MSI status, growth
property, and culture media. Cell lines were analyzed separately based on whether they
were derived from liquid cancers or from solid cancers (Table S3).

For the modeling analysis, genomic data was obtained from the CCLE database (ac-
cessed on 31 May 2021), which included gene expression, mutations, metabolomics, and
reverse-phase protein array data [27]. For the mutation data, 470 cancer genes were se-
lected as per the list identified by Iorio et al. [50]. Each set of genomic data was modeled
against BOLD-100 ICso using a multiple regression model. The multiple regression model
incorporated the following as the predictor variables for a given cell line: a given genomic
feature X1, a categorical variable X> representing the tissue of origin, and a categorical
variable Xs representing the culture media used. The natural-log of the BOLD-100 ICso was
encoded as the continuous response variable Y. For gene expression, metabolomics, and
protein expression data, the genomic features (X1) were treated as continuous variables.
For mutation data, X1 were binarized based on the absence or the presence of a given
mutation prior to regression. A generalized additive model method was used to fit the
regression model using the R package gam (version 1.20.2). The Benjamini-Hochberg FDR
correction was performed on the regression p-values (Table S4).

2.5. Functional Enrichment Analysis of BOLD-100 Related Genes

Significant gene expression associations (Benjamini-Hochberg FDR < 0.1) were used
as input for functional enrichment analysis using the R package clusterProfiler (version
3.10.1) [51]. The Gene Ontology (GO) database was used for the pathway over-represen-
tation analysis, including the biological process (BP), molecular function (MF), and cellu-
lar component (CC) sub-ontologies (Table S5). A minimum pathway term size of 10 and
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a maximum size of 500 was used, with FDR cut-off of 0.05. Over-represented GO terms
were summarized using the web tool REVIGO (http://revigo.irb.hr/; accessed on 31 May
2021) and the R package treemap (version 2.4.3) [52].

2.6. Development of Predictive Learning Model Using Gene Expression

To investigate whether cancer cell lines” gene expression showed predictive ability
in estimating BOLD-100 sensitivity, a nonlinear machine learning model was trained to
predict BOLD-100 ICso. For this, a random forest regression model was used with the
BOLD-100 ICso obtained from the cell screen as the continuous target variable using the R
package caret (version 6.0.92) [53]. For feature selection, the top 300 genes from the gene
expression multiple regression model (sorted by FDR) were selected as predictors. An
80:20 training-testing split was used on the data. Hyperparameter tuning during model
training was performed using a five-fold cross-validation on the training data prior to
evaluation on the test data; this was performed to prevent overfitting and potential data
information leak [54]. The fitted regression model was evaluated on the test data using R?
and root-mean-squared-error (RMSE). Using the Gini impurity method, genes with high
influence on the model performance were identified. The model training and evaluation
process was repeated using 500 and 600 features instead in order to investigate any po-
tential biases of feature selection on model fitting and performance.

3. Results
3.1. BOLD-100 Response Shows Variability across Cancer Cell Lines’ Tissue of Origin

To identify cancer types with greater susceptibility to BOLD-100, sensitivity profiles
were obtained from 319 cancer cell lines and assessed based on tissues of origin. Non-
cancerous cell lines were not assessed in this study. The distribution of BOLD-100 ICso
showed significant variability across the different tissues (ANOVA, p = 6.8 x 10-) (Figure
1A), with values ranging from 25.1 uM to 664 uM and a median value of 149 uM (IQR =
98.4 uM), which is in line with previous reported values for this compound [31,37]. Esoph-
agus, bladder, pancreas, and soft tissue cancer cell lines, as well as those from blood can-
cers showed lower ICs0 with respect to the pan-cancer median. In contrast, lung, kidney,
and breast cancer cell lines showed relatively higher median ICso. Cell lines derived from
liquid cancers (i.e., leukemia, lymphoma, and multiple myeloma) showed a significantly
lower median ICso (120 uM, IQR = 52.4 uM) compared to cell lines derived from solid
cancers (162 uM, IQR =103 uM; Wilcoxon, p = 5.3 x 107).

Tissue-based classification does not encompass the complete complex nature of can-
cer [55]. Therefore, subclassifications within each tissue were tested for BOLD-100 sensi-
tivity. Of the tissue types profiled in the cell panel, cell lines from bladder (1 =8; ANOVA,
p =0.02) and breast (n =29; ANOVA, p =0.012) showed a statistically significant variation
in response to BOLD-100 across the defined subtypes (Figure 1B,C). In bladder cancer, the
luminal subtype cell lines had the strongest response to BOLD-100, while HER2+ cell lines
were the most responsive in breast cancer. These results suggest that certain subtypes
within cancer tissues have a greater potential to benefit from BOLD-100 treatment.

Cancer cell line viability data in response to cisplatin was obtained and analyzed in
parallel to BOLD-100. The distribution of cisplatin ICso showed a statistically significant
variability across the tissues of origin (ANOVA, p = 3.1 x 10-%) (Figure S1A). The range of
ICs0 was 0.177 uM to 105 uM, with a median of 5.89 uM (IQR =9.21 uM), which was within
the expected range for cisplatin [20,50]. Similarly to BOLD-100, liquid cancers showed rel-
atively lower median ICso in response to cisplatin (1.82 uM, IQR = 3.48 uM) compared to
solid cancers (7.73 uM, IQR =10.3 uM; Wilcoxon, p =2.7 x 10-%). In within-tissue subtypes,
the response to cisplatin showed a statistically significant variation within breast cancers
(n =30; ANOVA p =0.0026) (Figure S1B), but, differing from BOLD-100, did not show a
significant variability within the bladder cancer subtypes (n = 9) (Figure S1C). Cisplatin
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response did not show any significant within-tissue variability in other tissue types pro-
filed (a <0.05).
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Figure 1. Sensitivity profile in BOLD-100 across a cancer cell line panel. 319 cancer cell lines were
treated with BOLD-100 or cisplatin and the ICso was calculated. (A) The ICso distribution of BOLD-
100 was grouped by tissue lineages and ranked by median ICso. X-axis label indicates the tissue
lineage (number of cell lines). (B) The ICso distribution of BOLD-100 across the subtypes of bladder
cancer (n =9), classified into basal, mixed, or luminal subtypes. The ICso for one cell line (HT-1376)
with a subtype classification of ‘mixed’ could not be computed as it was above the concentration
range tested. (C) The ICso distribution of BOLD-100 across the subtypes of breast cancer (1 = 30),
classified into luminal A (LA), luminal B (LB), HER2+ (H), triple negative A (TNA), and triple neg-
ative B (TNB). The ICso for one cell line (BT-483) with a subtype classification of LA could not be
computed as it was above the concentration range tested. (D) Comparison of the within-tissue ICso
median for BOLD-100 and cisplatin treatment. The red bisecting lines represent the pan-cancer me-
dian ICso for each treatment across the cell panel (149 pM for BOLD-100 and 5.89 uM for cisplatin).
The blue line represents the linear line of best fit between the two distributions. The gray shaded
area represents the 95% confidence interval for the linear line of fit. Spearman correlation coefficient
0 and corresponding p-value is shown. For the box plots, the length of each box represents the range
between the 25th and the 75th percentile whereas the whiskers represent the threshold for outlier

values (A-C). For boxplots of cancer subtypes, the x-axis label indicates the subtypes (number of
cell lines) (B,C).
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Within-tissue median ICso values were used to directly compare the sensitivity pro-
files of BOLD-100 and cisplatin (Figure 1D). A moderately positive correlation was ob-
served (o = 0.61, p = 0.002), suggesting that the majority of tissues shared similar suscepti-
bility to BOLD-100 and cisplatin. However, esophagus, bile duct, liver, breast, and colon
cancer cell lines showed a relatively greater degree of susceptibility to BOLD-100 com-
pared to cisplatin. In breast cancer, the luminal A (LA) subtype showed the highest me-
dian ICso in response to cisplatin (Figure S1C), while it showed the second lowest in re-
sponse to BOLD-100. Therefore, even though the cell line panel showed largely concord-
ant trends in relative responses to the two drug treatments, select cases which break this
trend warrant further investigation and indicate potential leads for clinical development.

3.2. BOLD-100 Exhibits Differential Cytotoxic Effects across Cancer Indications

Cytotoxicity involves the rapid killing of dividing cells, while cytostatic drugs im-
pede cell growth via disruption of cell signaling and replication [56]. This distinction be-
tween the two types of therapy is not clear as many compounds display both effects in
varying proportions [57]. However, the efficacy gain of cytotoxic therapy in cancer has
been shown in both primary and metastatic tumors [58]. As both cytotoxicity and cyto-
staticity depend on the growth rate of dividing cells, representative metrics can be calcu-
lated to infer the degree of drug efficacy [43,59]. Evaluating both the potency (i.e., the ICso)
and the efficacy (i.e., measure of cytotoxicity) thus provides additional dimensions in as-
sessing the differential drug effect across disease types. Therefore, to infer the efficacy of
BOLD-100, the growth rate metric GRmax was calculated using the cell screen viability data.
GRmax is defined as the primary growth metric for drug efficacy and is bound by values
-1 and +1, where positive values indicate partial growth inhibition, negative values indi-
cate cytotoxic effects, and a value of 0 indicates a completely cytostatic effect [43,59]. Sim-
ilarly to the ICso values, the distribution of GRmax values in cell lines treated with BOLD-
100 also showed statistically significant variability across the different tissues (ANOVA, p
= 7.5 x 101%) (Figure 2A). The majority of cell lines in the cell panel showed a degree of
cytotoxicity in response to BOLD-100. Cells from blood cancers, as well as liver, bladder,
and skin cancers tended to show higher degrees of cytotoxicity. Mesothelioma and stom-
ach cancers were the only tissues that had positive median GRmax values, indicating
BOLD-100 showed primarily cytostatic effects in these cell lines.

A comparison of the GRmax values between BOLD-100 and cisplatin showed that cell
lines derived from liquid cancers tended to show the greatest degree of cytotoxicity in both
treatments, which suggests that liquid cancers may be more predisposed to showing cyto-
toxic effects, or there may be assay biases related to cell growth conditions and drug expo-
sure (Figure 2B). Cell lines derived from the liver, colon, soft tissues, bladder, and esophagus
showed a larger extent of cytotoxicity in response to BOLD-100 than to cisplatin (Figure 2B).
In contrast, tissues such as the breast, uterus, brain, and thyroid showed higher median
GRumax values in response to cisplatin than to BOLD-100. This asymmetric behavior suggests
the efficacy of the two treatments were not consistent with each other and such inconsisten-
cies may favor the clinical use of BOLD-100 in select disease types. Furthermore, the overall
distribution of GRmax across the entire cell panel in the two treatments showed a statistically
significant difference (Wilcoxon, p = 0.045) with cisplatin showing a higher degree of cyto-
toxic activity (median GRmax =-0.609, IQR = 0.582) compared to BOLD-100 (median GRmax =
-0.554, IQR = 0.677) (Figure 2C). Both distributions were skewed towards negative values
with the BOLD-100 GRmax distribution exhibiting a longer tail at positive values. Despite the
majority of cell lines showing a varying degree of cytotoxic activity in response to BOLD-
100, the range of efficacy is broader compared to the cisplatin profile, suggesting that BOLD-
100 has differential effects in certain cell lines.
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Figure 2. The cytotoxicity of BOLD-100 in the cancer cell line panel. (A) The GRmax distribution of
BOLD-100 grouped by tissue lineages. The red horizontal line represents the threshold for cytotox-
icity (i.e., GRmax = 0). The length of each box represents the range between the 25th and the 75th
percentile whereas the whiskers represent the threshold for outlier values. The x-axis labels indicate
the tissues of origin (number of cell lines). (B) The comparison of within-tissue median GRmax in
response to BOLD-100 or cisplatin treatment. The bisecting diagonal line represents the decision
boundary for which treatment exerts a more cytotoxic response. (C) The comparison of overall
GRmax distribution across the entire cell panel in response to BOLD-100 or cisplatin. The vertical red
line indicates the threshold for cytotoxicity (i.e., GRmax = 0).

3.3. BOLD-100 Response Shows Variability across Cell Culture Media

Variables related to the experimental design are known to affect sensitivity screening
and can lead to misleading results and irreproducible findings [22,59-61]. Therefore, spe-
cific variables were tested for an association with the sensitivity to BOLD-100, including
age, gender, microsatellite instability (MSI) status, doubling time, mutation rate, growth
property (i.e., adherent, semi-adherent, or suspension), and culture media. OLS identified
a significant association between BOLD-100 ICso and culture media in both solid and lig-
uid cancer derived cell lines (a < 0.05). In both stratifications, cells grown in RPMI + FBS
media showed greater susceptibility to BOLD-100 based on the median ICso (median of
139 uM in solid cancers and 112 pM in liquid cancers) compared to cells grown in
DMEM+FBS media (median of 178 uM in solid cancers and 138 uM in liquid cancers). In
contrast, comparing the ICso of cisplatin across the two culture conditions showed no sig-
nificant differences, which suggests this bias is related to BOLD-100 sensitivity. No other
associations with BOLD-100 or cisplatin response were found across the confounding var-
iables (Table S3).



Cancers 2023, 15, 28

9 of 21

3.4. BOLD-100 Response Profile Shows Weak Correlation to Other Known Drugs

A comparative analysis of drug sensitivity profiles allows for the identification of
underlying similarities in the drugs” MOA and has previously been used to infer the bio-
activity of novel compounds [62-64]. To compare the sensitivity profile of BOLD-100 with
other anticancer compounds, a correlation analysis was performed using the GDSC’s
large-scale drug screening data. A total of 260 cancer cell lines with complete datasets
were available for BOLD-100 cell screen and the GDSC dataset and were further stratified
into solid or liquid cancers due to the previously observed increased response to BOLD-
100 in liquid cancers. In solid cancer cell lines (n = 202), a total of 12 drugs’ sensitivity
profiles showed a significant correlation with that of BOLD-100 (Tables 1 and S2, Figure
S2; Spearman rank correlation, ot <0.01). A parallel analysis in solid cancers with cisplatin
identified 195 significantly correlated drug sensitivity profiles. In liquid cancer cell lines
(n=58), a total of 39 drugs’ sensitivity profiles showed significant correlations with BOLD-
100 (Spearman rank correlation, a < 0.01), while 35 drugs were significantly correlated
with cisplatin.

Cisplatin had a high degree of similarity to itself (solid tumors; o = 0.688; liquid tu-
mors; 0 = 0.640) and the top associated drugs were exclusively from pathways related to
DNA replication and genome integrity, which corresponds to the known mechanism of
cisplatin’s cytotoxicity (Table 1) [7,65-67]. In solid cancer cell lines, BOLD-100 showed the
largest degree of correlation to AT-7519, a cyclin-kinase inhibitor (o = 0.321) [68,69]. In
liquid cancer derived cell lines, an inhibitor of the mutant KRAS-G12C protein showed
the largest degree of correlation with BOLD-100 (o = 0.657). In both sets of analyses, there
was no clear overarching theme in the correlated drugs to BOLD-100 with respect to their
mode of action. This contrasting evidence suggests the MOA of BOLD-100 may be unique,
multimodal, or complex in nature.

Table 1. Spearman correlation results between sensitivity profiles of anticancer compounds from
the Genomics of Drug Sensitivity in Cancer (GDSC) database and BOLD-100 and cisplatin profile
from the cell panel. Associated pathway annotated for each drug was obtained from the GDSC da-
tabase.

BOLD-100 vs. GDSC—Solid Cancers

Drug Pathway Name o) FDR
AT-7519 Cell cycle 0.321 0.00290
Bleomycin DNA replication 0.316 0.00290
Thapsigargin Other 0.314 0.00290
FMK Other, kinases 0.310 0.00327
Bosutinib Other, kinases 0.291 0.00327
BOLD-100 vs. GDSC—Liquid Cancers
Drug Pathway Name o] FDR
KRAS (ilrzlcz) Inhibi- £ RK MAPK signaling 0.658 0.000698
ULK1_4989 Other, kinases 0.640 0.000698
VSP34_8731 Other 0.635 0.000698
Vincristine Mitosis 0.626 0.000698
Carmustine DNA replication 0.622 0.000698
Cisplatin vs. GDSC—Solid Cancers
Drug Pathway Name o] FDR
Cisplatin DNA replication 0.688 1.54 x 1024
Camptothecin DNA replication 0.547 6.68 x 1014
Mitoxantrone DNA replication 0.516 7.45 %101
Topotecan DNA replication 0.509 1.21 x 1010
Irinotecan DNA replication 0.473 5.94 x 1010
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Cisplatin vs GDSC—Liquid Cancers
Drug Pathway Name o) FDR
Epirubicin DNA replication 0.792 1.41 %108
Talazoparib Genome integrity 0.776 1.48 x 10
PARP_9482 Genome integrity 0.756 1.41 x 108
PARP_0108 Genome integrity 0.747 1.46 x 108
Camptothecin DNA replication 0.729 3.74 x107

3.5. Multiple Regression Analysis Reveals Genes Associated to BOLD-100 Response

Multiple regression analyses were performed to identify potential associations be-
tween BOLD-100 sensitivity and various genomic modalities. For gene expression data
analysis, a total of 294 cell lines were used. At a significance cut-off of a < 0.1, a total of
124 genes’ expression values showed an association with BOLD-100 response (Table S4).
Using cancer driver mutations, metabolomics, and protein expression data from CCLE,
multiple regression analysis did not return any significant associations with BOLD-100
sensitivity after FDR correction (a < 0.1). These results suggest that genomic modalities
outside of gene expression showed no significant association with BOLD-100 sensitivity
in the cell panel, at least in the scope of the data available in CCLE and the number of cell
lines profiled in the current assay.

3.6. Pathway Enrichment Analysis of Associated Genes Reveals Key Biological Pathways

To identify underlying biological pathways related to genes associated with BOLD-
100 sensitivity, the results from the gene expression multiple regression model (n = 124
genes) were used as input for functional enrichment analysis. Over-representation analy-
sis using the GO annotation database returned a total of 51 enriched terms after FDR cor-
rection (o < 0.05) (Figure S3, Table S5). The top over-represented GO terms were associ-
ated with ribosomal processes, protein translation, and processes related to the ER. This
over-representation was attributed to the abundance of genes coding for ribosomal pro-
teins (RPs) including both large- and small-subunit proteins (RPLs and RPSs, respectively)
present in the significant gene hit list (Table 54). To consolidate the pathway over-repre-
sentation results, the GO analysis result was exported to the tool REVIGO for summariza-
tion based on representative pathways [52]. The REVIGO treemap based on the GO: BP
over-representation result (n = 38) showed that the GO terms were grouped into the fol-
lowing families: processes related to protein targeting, RNA metabolic processes and
translation, viral gene expression, and ribosomal biogenesis and assembly (Figure 3).

To elucidate the directionality of associations between BOLD-100 response and indi-
vidual ribosomal gene expressions, correlation analyses were carried out (Figure 4). There
was a consistently negative correlation between significant genes within the GO term
GO:0042254: ribosome biogenesis and BOLD-100 ICso from the cell panel. This finding
suggests that the expression levels of genes associated with ribosome biogenesis are in-
versely related to the susceptibility to BOLD-100 treatment in the cell panel. Though the
interaction between BOLD-100 and RPs have been elucidated in the past [38], the possi-
bility of an association at the transcriptional level has not yet been studied; our current
finding suggests there may be a predisposition in cell lines with higher levels of ribosome
related genes to be more susceptible to BOLD-100 treatment.
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Figure 3. Over-represented Gene Ontology, biological process (GO:BP) terms in BOLD-100 sensitiv-
ity associated genes summarized by semantic similarity. Over-represented GO:BP terms (1 = 38)
were grouped and summarized via a treemap using REVIGO. The coloring of the individual tiles in
the treemap represents family groupings based on term similarity while the size represents the size

of the GO term in the database.
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Figure 4. Correlation between genes related to ribosome biogenesis and BOLD-100 sensitivity in the
cancer cell line panel. Significant genes within the Gene Ontology (GO) term GO:0042254—ribo-
some biogenesis showed consistent negative correlation with BOLD-100 ICso from the cell panel.
The x-axis denotes the natural log of BOLD-100 ICso obtained from the cell panel. The y-axis denotes
the normalized gene expression values for each gene in log-counts-per-million (Icpm), as per the
data obtained from the Cancer Cell Line Encyclopedia (CCLE).
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3.7. Cell Line Gene Expression Data Shows Predictive Potential for BOLD-100 Response

Modeling techniques allow for drug response prediction using unseen data and the
identification of variables with high predictive power [70,71]. In order to assess the potential
of cancer cell line gene expression data in predicting BOLD-100 sensitivity, a machine learn-
ing model was trained to predict BOLD-100 ICso in cancer cell lines. To select the number of
features in the model (i.e., number of genes and their expression values), n=300 genes sorted
by statistical significance from the multiple regression model output were used for model
training. Higher numbers of features (i.e., n = 500 and n = 600) were also tested and no sig-
nificant differences in model performance was found (Figure 54). The model was trained on
80% of the cell line panel in response to BOLD-100 with their corresponding gene expression
data. Hyperparameter tuning was performed using five-fold cross-validation within the
training dataset; this reduced the possibility of overfitting and potential biases in the data
partitions. The trained model was then tested on the remaining 20% of the cell panel data in
order to obtain model evaluation metrics such as R? and the RMSE by comparing the pre-
dicted ICso values to the actual ICs0 values measured from the viability assay. Using 300
features, the predictive model returned an R? of 0.399 with an RMSE of log 0.473 pM (Figure
5A). This finding suggests that based on the BOLD-100 cell screen data, expression of select
genes associated with BOLD-100 response had a moderate predictive potential in line with
previous studies on drug response prediction models [22,23].

In a random forest model, variable importance describes a variable’s influence on
output predictions. In ensemble tree models such as the random forest, this is typically
measured by the drop in prediction accuracy after permutation of a given variable or the
reduction in impurity in tree nodes that contain a given variable [72]. In order to identify
pertinent genes in predicting BOLD-100 sensitivity, variable importance of each feature
was extracted from the random forest model using the Gini impurity method. The tumor
suppressor candidate 1 (TUSC1) gene scored the highest in terms of variable importance,
which suggests its level of expression has the greatest influence on the model’s ability to
predict BOLD-100 response (Figure 5B). Therefore, the prediction modeling work pro-
vides an additional dimension in the identification of genomic biomarkers that relate to
BOLD-100 sensitivity.
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Figure 5. Evaluation of the random forest regression model fitting BOLD-100 sensitivity to gene
expression data. (A) Model evaluation using the Pearson correlation between the model predicted
BOLD-100 ICso values on the test dataset and the measured ICso values from the cell panel. Blue line
represents the linear line of best fit and the gray shaded area represents the 95% confidence interval
for the line of fit. The root-mean-squared-error (RMSE), mean-absolute-error (MAE), and R? are re-
ported for the model evaluation. (B) Variable importance of genes in the BOLD-100 ICso prediction
model. Top 20 features are shown. X-axis denotes the variable importance score, which is measured
by the Gini impurity method.

4. Discussion

There is a significant unmet need for novel anticancer therapeutics, especially in ad-
vanced patients, that molecules such as BOLD-100 can address. In this study, a cell line
screening assay of 319 cancer cell lines across 24 cancer types was completed in order to
(1) identify possible cancer indications with greater susceptibility to BOLD-100 treatment
and (2) generate a sensitivity profile of BOLD-100 to investigate its potential MOA. Spe-
cific cancer types, including esophageal, bladder and liquid cancers, were identified as
having strong potential for further investigations. Using an integrated bioinformatics ap-
proach, this study also expanded the understanding of BOLD-100"s potential mechanism,
with the identification of the importance of ribosomal proteins, thus providing avenues
for future validation studies.

By screening broad categories of cancer types, this study supports the current clinical
strategies with BOLD-100. BOLD-100 is currently being tested in a multiple-arm Phase
1b/2 clinical study (NCT04421820) in combination with fluorouracil, oxaliplatin and leu-
covorin (FOLFOX) for patients with advanced metastatic colorectal, bile duct, gastric, and
pancreatic cancer. Encouragingly, this cell screen identified colorectal, bile duct, and pan-
creatic cancer as potential indications where BOLD-100 might have increased efficacy.
Colorectal cancer has previously been identified as an indication with strong potential for
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BOLD-100 efficacy. In a previous Phase 1 monotherapy study of KP1339/IT-139 (a precur-
sor version of BOLD-100 with the same active ingredient), the two patients with the largest
decrease in target lesion size were both colorectal cancer patients [30]. This may be due to
the differentiated resistance profile in colon cancer. In contract to BOLD-100, cisplatin had
high intrinsic resistance in colon cancer cell lines in the cell screen, a phenotype which is
reflected in the clinic [73]. Further, KP1019 (an imidazolium salt precursor to BOLD-100)
does not have cross resistance to cisplatin in the A2780 ovary cisplatin resistant model
[74]. Mechanistically, resistance to BOLD-100 has been linked to elevated glucose update
and an increased lysosomal compartment [40], which differs from cisplatin’s primary re-
sistance pathways that include transporters and DNA repair genes [75]. Collectively, the
findings from the current study and early clinical findings both highlight BOLD-100’s dif-
ferentiated clinical and resistance profile from cisplatin.

Cancer types with development potential were identified. Esophageal cancer is of
particular interest due to it being the most responsive cancer type by median to BOLD-
100 in the screen, while having high resistance to cisplatin. Within the esophageal cell
lines, four out of five cell lines profiled were squamous cell carcinomas (SCCs), a cancer
type that has low progression-free survival and overall survival for advanced patients,
even with immunomodulating agents [76-78]. Liquid tumors were also identified as hav-
ing an increased response to BOLD-100, reflecting earlier data on the precursor molecule
KP1019 in an NCI60 screen [79]. Finally, bladder cancer is a potential development strat-
egy, especially within the luminal subtype (Figure 1B). Although these new development
directions are encouraging, cell screens can underrepresent certain cancer types, and do
not fully recapitulate the clinical landscape, highlighting the need for additional valida-
tion work and investigations into additional cancer types [80-83]. Indeed, though the uti-
lization of a cell panel may be limited in its ability to represent the complex landscape of
cancer, current findings support the early clinical strategies in the development of BOLD-
100 and provided potential new avenues for translational research.

The mechanism of action of BOLD-100 is likely to be multimodal and complex, with
contributions from the regulation of multiple cellular stress pathways. Previous work on
BOLD-100, and earlier generation molecules KP1339 (also referred to as NKP1339 and IT-
139) and KP1019, have shown that ER stress and the downregulation of the stress regula-
tor GRP78 are critical for BOLD-100’s efficacy [31,35,37]. In contrast, others have sug-
gested ROS generation and DNA damage are the primary pathways involved in the anti-
cancer effects of BOLD-100 [32,36]. Additional pathways including lipid metabolism have
also been proposed [40,41]. Collectively, this suggests the presence of a multimodal mech-
anism that helps explain the results identified in this study. A considerably larger range
of GRmax values with BOLD-100 compared to cisplatin was observed, suggesting that the
pathways altered by BOLD-100 may be cell-line dependent. Similarly, comparison of the
drug sensitivity profile against that of other compounds, a method that has previously
been used to elucidate drug mechanisms [62,63], provided limited overlap to standard
drugs. Differing from cisplatin, which was primarily associated with drugs related to
DNA replication and genomic stability in concordance with its well-known mechanism
of DNA chelation [5], BOLD-100's association hits were across multiple drug classes, in-
cluding cell cycle, DNA replication, and kinases. Of interest was a correlation of BOLD-
100 to thapsigargin, a classical ER stress agent that has a very different impact on GRP78
expression but has similar downstream activation of the unfolded protein response (UPR)
and C/EBP homologous protein (CHOP) induced apoptosis to BOLD-100 [31,84-86]. This
association highlights the importance of ER stress as part of BOLD-100"s mechanism. The
heterogeneity in correlated drugs with respect to their mode of action—as well as gener-
ally moderate correlation coefficients —suggests BOLD-100 may employ a complex, mul-
timodal MOA dissimilar to a well-characterized compound such as cisplatin.

Ribosomal biogenesis was identified to be associated with the response to BOLD-100,
with the expression levels of the RPs showing an inverse relationship with BOLD-100 sen-
sitivity. In target identification studies, BOLD-100 was shown to bind RPLs and BOLD-
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100 increased expression of RPLs in treated HCT116 cells [38]. These results support the
possible association between ribosomal processes and BOLD-100’s bioactivity. Indeed, the
link between cytotoxic cancer therapy and the ribosome has been postulated in the past,
with a variety of chemotherapeutic drugs targeting ribosome biogenesis [87,88]. Mecha-
nistically, ribosomal stress is linked to downstream apoptosis via interactions between
RPs and E3 ubiquitin-protein ligase (MDM2), which subsequently leads to P53 stabiliza-
tion and cell cycle arrest [89]. This behavior has been shown to be dependent on protein
kinase R (PKR)-like ER kinase (PERK), which is one of the downstream UPR effectors that
BOLD-100 activates [31,90]. PERK induced phosphorylation of eukaryotic initiation factor
2a (elF2a), also upregulated by BOLD-100, has been shown to cause the inhibition of ribo-
somal recycling and ribosomal disruption, which in turn enables RPs to sequester MDM?2
from P53 [31,90]. The increasing evidence of an association between BOLD-100 and ribo-
somal processes suggests a potential role of the RP-MDM2-P53 axis in BOLD-100’s bioac-
tivity. Ribosomal homeostasis and regulation are complex cellular processes and down-
stream validation analyses are required to identify the role of BOLD-100 in this context.

Drug sensitivity prediction modeling is an opportunity to develop unique response
profiles for therapeutics. This study employed a simple generalized linear model as a
means of feature selection and a classical machine learning model in the random forest
regressor, which is a standardly utilized approach in the field of pharmacogenomics
[23,91,92]. The model evaluation revealed an R? of 0.399, which suggests the model ex-
plained the variability in the dataset to a reasonable degree, in line with the previous lit-
erature on drug sensitivity prediction tasks using random forests [92]. In phar-
macogenomic models such as the one deployed in this study, collinearity between predic-
tor variables (i.e., correlation between individual gene expression levels) may introduce
biases in variable importance calculations [93]. However, there is evidence in the literature
that genetic markers associated with interactions with other markers can be more effi-
ciently identified using the random forest model [94]. Indeed, the advantage of the ran-
dom forest compared to a univariate model is that variable importance captures the im-
pact of not only the predictors on their own but also of interactions with other predictor
variables. The top identified variable TUSC1 is a putative tumor suppressor gene [95] with
no previously identified relationship to BOLD-100 response, and follow-up experiments
are needed to elucidate the impact of this relationship. The results suggest that the in vitro
BOLD-100 response profile can be modeled by readily available gene expression data with
minimal feature engineering or preprocessing.

The cell screening approach and subsequent bioinformatics analysis using gene ex-
pression provided a wealth of new information around BOLD-100. However, no signifi-
cant associations in the other genomic datasets were identified, including oncogene or
tumor suppressor gene mutations or protein expression patterns. Gene expression data
has been shown to be the most predictive modality in drug sensitivity prediction tasks
[22-24]. Further, chemotherapeutics such as BOLD-100 are less likely to have significant
association than targeted therapies in cell screens [50]. Additionally, Iorio et al. illustrated
that larger cell screens are more likely to identify significant associations. They showed
that a reduction from 1001 cell lines to 500 cell lines caused an ~80% loss in the number of
statistically significant associations, a number that still exceeds the size of this study’s cell
panel [50]. Although we cannot exclude the potential of unidentified molecular markers
in hypersensitive cells driving the results, the response profile of BOLD-100 aligns with
the current clinical strategies in bile duct, colorectal, and pancreatic cancer indications.
This provides an encouraging outlook in the translation of BOLD-100 efficacy to patient
populations. Collectively, the efforts outlined in this study have elucidated some of the
complex features of BOLD-100"s mode of action, which provides hypotheses for further
validation studies in more clinically relevant models.
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5. Conclusions

The current study employed a cancer cell line panel to infer the differential sensitivity
of BOLD-100 across different tissues and build a sensitivity profile that can be used for
downstream pathway analysis. This enabled the finding of potential routes for clinical
development of BOLD-100 in cancer types which were not identified previously, includ-
ing esophageal, bladder, and liquid cancers. BOLD-100 generally exhibited cytotoxic ef-
fects across the cell panel and shared moderate correlations to a heterogeneous group of
anticancer drugs found in the literature, with no clear overarching theme in bioactivity.
Furthermore, potential molecular determinants of BOLD-100 sensitivity were identified,
namely the association with genes coding for RPs and related pathways. This study thus
provides a platform for translational research in BOLD-100 to expand the current findings
toin vivo models and additional avenues towards next-generation machine learning tasks
in oncology and drug prediction.

Supplementary Materials: The following supporting information can be downloaded at:
https://www.mdpi.com/article/10.3390/cancers15010028/s1, Figure S1: The sensitivity profile of cis-
platin across the 319 cancer cell line panel. Figure S2: Correlation between BOLD-100/cisplatin sen-
sitivity profile from the cell panel and drugs from the Genomics of Drug Sensitivity in Cancer
(GDSC) database. Figure S3: Over-represented Gene Ontology (GO) terms in BOLD-100 sensitivity
associated genes. Figure S4: Performance of the random forest regression model trained on Cancer
Cell Line Encyclopedia (CCLE) gene expression data and BOLD-100 ICso from the cell panel. Table
S1: Sensitivity profile of BOLD-100 and cisplatin across the cancer cell line panel. Table S2: Correla-
tion analysis results between BOLD-100/Cisplatin sensitivity profile to the drugs from Genomics of
Drug Sensitivity in Cancer (GDSC) database. Table S3: Linear regression result between possible
confounding variables and BOLD-100 sensitivity profile across cell line panel. Table S4: Multiple
regression results between BOLD-100 sensitivity profile and various genomic modalities from Can-
cer Cell Line Encyclopedia (CCLE). Table S5: Gene Ontology over-representation analysis result
using genes (n = 124) associated with BOLD-100 sensitivity.

Author Contributions: Conceptualization, M.B. and ]J.P.; Methodology, B.].P., P.R. and M.B.; Soft-
ware, B.J.P; Validation, B.J.P., P.R. and M.B.; Formal Analysis, B.].P., P.R. and M.B.; Investigation,
B.J.P. and P.R.; Resources, B.].P. and P.R.; Data Curation, B.].P.; Writing—Original Draft Prepara-
tion, B.J.P.,, P.R. and M.B.; Writing—Review & Editing, J.P., BJ.P., P.R. and M.B.; Visualization,
B.J.P.; Supervision, M.B. and ].P.; Project Administration, M.B.; Funding Acquisition, M.B. All au-
thors have read and agreed to the published version of the manuscript.

Funding: This research was funded by Bold Therapeutics Inc. Additional support was provided by
the National Research Council of Canada Industrial Research Assistance Program (NRC IRAP) in
the form of advisory services and research and development funding; project number 948659.

Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: All original contributions presented in the study, including generated
data and analysis outputs are included in the article/supplementary material. Publicly available da-
tasets were analyzed from the GDSC (https://www.cancerrxgene.org/) and CCLE
(https://sites.broadinstitute.org/ccle).

Conlflicts of Interest: M.B., ].P., B.J.P. and P.R., are or were employees of Bold Therapeutics Inc.
M.B., ].P. and B.].P. hold stock or stock options at Bold Therapeutics Inc. ].P. is a co-founder of Bold
Therapeutics Inc.

1. Frezza, M.; Hindo, S.; Chen, D.; Davenport, A.; Schmitt, S.; Tomco, D.; Dou, Q.P. Novel Metals and Metal Complexes as Plat-
forms for Cancer Therapy. Curr. Pharm. Des. 2010, 16, 1813-1825.

2. Ndagi, U.,; Mhlongo, N.; Soliman, M.E. Metal Complexes in Cancer Therapy —An Update from Drug Design Perspective. Drug
Des. Devel. Ther. 2017, 11, 599-616. https://doi.org/10.2147/DDDT.S119488.

3. Yan, Y.K; Melchart, M.; Habtemariam, A.; Sadler, P.J. Organometallic Chemistry, Biology and Medicine: Ruthenium Arene
Anticancer Complexes. Chem. Commun. 2005, 38, 4764-4776. https://doi.org/10.1039/B508531B.



Cancers 2023, 15, 28 17 of 21

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

Haas, K.L.; Franz, K.J. Application of Metal Coordination Chemistry to Explore and Manipulate Cell Biology. Chem. Rev. 2009,
109, 4921-4960. https://doi.org/10.1021/cr900134a.

Dasari, S.; Tchounwou, P.B. Cisplatin in Cancer Therapy: Molecular Mechanisms of Action. Eur. . Pharmacol. 2014, 740, 364—
378. https://doi.org/10.1016/j.ejphar.2014.07.025.

Desoize, B.; Madoulet, C. Particular Aspects of Platinum Compounds Used at Present in Cancer Treatment. Crit. Rev. Oncol.
Hematol. 2002, 42, 317-325. https://doi.org/10.1016/s1040-8428(01)00219-0.

Amable, L. Cisplatin Resistance and Opportunities for Precision Medicine. Pharmacol. Res. 2016, 106, 27-36.
https://doi.org/10.1016/j.phrs.2016.01.001.

Wernitznig, D.; Kiakos, K.; Del Favero, G.; Harrer, N.; Machat, H.; Osswald, A.; Jakupec, M.A.; Wernitznig, A.; Sommergruber,
W.; Keppler, B.K. First-in-Class Ruthenium Anticancer Drug (KP1339/IT-139) Induces an Immunogenic Cell Death Signature in
Colorectal Spheroids in Vitrot. Metallomics 2019, 11, 1044-1048. https://doi.org/10.1039/c9mt00051h.

Konda, P.; Lifshits, L.M.; Roque, J.A.; Cole, H.D.; Cameron, C.G.; McFarland, S.A.; Gujar, S. Discovery of Immunogenic Cell
Death-Inducing Ruthenium-Based Photosensitizers for Anticancer Photodynamic Therapy. Oncolmmunology 2021, 10, 1863626.
https://doi.org/10.1080/2162402X.2020.1863626.

Le, H.V,; Babak, M.V.; Ehsan, M.A.; Altaf, M.; Reichert, L.; Gushchin, A.L.; Ang, W.H.; Isab, A.A. Highly Cytotoxic Gold(I)-
Phosphane Dithiocarbamate Complexes Trigger an ER Stress-Dependent Immune Response in Ovarian Cancer Cells. Dalton
Trans. 2020, 49, 7355-7363. https://doi.org/10.1039/DODT01411G.

Xiong, X.; Huang, K.-B.; Wang, Y.; Cao, B.; Luo, Y.; Chen, H,; Yang, Y.; Long, Y.; Liu, M.; Chan, A.S5.C; et al. Target Profiling of
an Iridium(Ill)-Based Immunogenic Cell Death Inducer Unveils the Engagement of Unfolded Protein Response Regulator BiP.
J. Am. Chem. Soc. 2022, 144, 10407-10416. https://doi.org/10.1021/jacs.2c02435.

Anthony, E.J.; Bolitho, E.M.; Bridgewater, H.E.; Carter, O.W.L.; Donnelly, ] M.; Imberti, C.; Lant, E.C.; Lermyte, F.; Needham,
R..; Palau, M,; et al. Metallodrugs Are Unique: Opportunities and Challenges of Discovery and Development. Chem. Sci. 2020,
11, 12888-12917. https://doi.org/10.1039/D0SC04082G.

Das, U.; Kar, B.; Pete, S.; Paira, P. Ru(Il), Ir(IlI), Re(I) and Rh(III) Based Complexes as next Generation Anticancer Metallophar-
maceuticals. Dalton Trans. 2021, 50, 11259-11290. https://doi.org/10.1039/D1DT01326B.

Wilding, J.L.; Bodmer, W.F. Cancer Cell Lines for Drug Discovery and Development. Cancer Res. 2014, 74, 2377-2384.
https://doi.org/10.1158/0008-5472.CAN-13-2971.

Ciriello, G.; Miller, M.L.; Aksoy, B.A.; Senbabaoglu, Y.; Schultz, N.; Sander, C. Emerging Landscape of Oncogenic Signatures
across Human Cancers. Nat. Genet. 2013, 45, 1127-1133. https://doi.org/10.1038/ng.2762.

Nelson, M.R,; Tipney, H.; Painter, J.L.; Shen, J.; Nicoletti, P.; Shen, Y.; Floratos, A.; Sham, P.C.; Li, M.].; Wang, J.; et al. The
Support of Human Genetic Evidence for Approved Drug Indications. Nat. Genet. 2015, 47, 856-860.
https://doi.org/10.1038/ng.3314.

Adam, G.; Rampasek, L.; Safikhani, Z.; Smirnov, P.; Haibe-Kains, B.; Goldenberg, A. Machine Learning Approaches to Drug
Response Prediction: Challenges and Recent Progress. Npj Precis. Oncol. 2020, 4, 19. https://doi.org/10.1038/s41698-020-0122-1.
Xia, F.; Allen, J.; Balaprakash, P.; Brettin, T.; Garcia-Cardona, C.; Clyde, A.; Cohn, ]J.; Doroshow, J.; Duan, X.; Dubinkina, V.; et
al. A Cross-Study Analysis of Drug Response Prediction in Cancer Cell Lines. Brief. Bioinform. 2022, 23, bbab356.
https://doi.org/10.1093/bib/bbab356.

Rees, M.G.; Seashore-Ludlow, B.; Cheah, ].H.; Adams, D.J.; Price, E.V.; Gill, S.; Javaid, S.; Coletti, M.E.; Jones, V.L.; Bodycombe,
N.E.; et al. Correlating Chemical Sensitivity and Basal Gene Expression Reveals Mechanism of Action. Nat. Chem. Biol. 2016, 12,
109-116. https://doi.org/10.1038/nchembio.1986.

Yang, W.; Soares, ].; Greninger, P.; Edelman, E.J; Lightfoot, H.; Forbes, S.; Bindal, N.; Beare, D.; Smith, J.A.; Thompson, L.R.; et
al. Genomics of Drug Sensitivity in Cancer (GDSC): A Resource for Therapeutic Biomarker Discovery in Cancer Cells. Nucleic
Acids Res. 2013, 41, D955-61. https://doi.org/10.1093/nar/gks1111.

Ghandi, M.; Huang, F.W_; Jané-Valbuena, J.; Kryukov, G.V.; Lo, C.C.; McDonald, E.R.; Barretina, J.; Gelfand, E.T.; Bielski, C.M.;
Li, H.; et al. Next-Generation Characterization of the Cancer Cell Line Encyclopedia. Nature 2019, 569, 503-508.
https://doi.org/10.1038/s41586-019-1186-3.

Haverty, P.M.; Lin, E.; Tan, J.; Yu, Y.; Lam, B.; Lianoglou, S.; Neve, R.M.; Martin, S.; Settleman, J.; Yauch, R.L.; et al. Reproducible
Pharmacogenomic Profiling of Cancer Cell Line Panels. Nature 2016, 533, 333-337. https://doi.org/10.1038/nature17987.
Kurilov, R.; Haibe-Kains, B.; Brors, B. Assessment of Modelling Strategies for Drug Response Prediction in Cell Lines and Xen-
ografts. Sci. Rep. 2020, 10, 2849. https://doi.org/10.1038/s41598-020-59656-2.

Dong, Z.; Zhang, N.; Li, C; Wang, H.; Fang, Y.; Wang, J.; Zheng, X. Anticancer Drug Sensitivity Prediction in Cell Lines from
Baseline Gene Expression through Recursive Feature Selection. BMIC Cancer 2015, 15, 489. https://doi.org/10.1186/s12885-015-
1492-6.

Ali, M,; Aittokallio, T. Machine Learning and Feature Selection for Drug Response Prediction in Precision Oncology Applica-
tions. Biophys. Rev. 2018, 11, 31-39. https://doi.org/10.1007/s12551-018-0446-z.

Menden, M.P.; Iorio, F.; Garnett, M.; McDermott, U.; Benes, C.H.; Ballester, P.J.; Saez-Rodriguez, ]. Machine Learning Prediction
of Cancer Cell Sensitivity to Drugs Based on Genomic and Chemical Properties. PLoS ONE 2013, 8, e61318.
https://doi.org/10.1371/journal.pone.0061318.



Cancers 2023, 15, 28 18 of 21

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

Barretina, J.; Caponigro, G.; Stransky, N.; Venkatesan, K.; Margolin, A.A_; Kim, S.; Wilson, C.J.; Lehar, J.; Kryukov, G.V.; Sonkin,
D.; et al. The Cancer Cell Line Encyclopedia Enables Predictive Modeling of Anticancer Drug Sensitivity. Nature 2012, 483, 603
607. https://doi.org/10.1038/nature11003.

Papillon-Cavanagh, S.; De Jay, N.; Hachem, N.; Olsen, C.; Bontempi, G.; Aerts, H.J.W.L.; Quackenbush, J.; Haibe-Kains, B. Com-
parison and Validation of Genomic Predictors for Anticancer Drug Sensitivity. J. Am. Med. Inform. Assoc. JAMIA 2013, 20, 597-
602. https://doi.org/10.1136/amiajnl-2012-001442.

Sun, D.; Gao, W.; Hu, H.; Zhou, S. Why 90% of Clinical Drug Development Fails and How to Improve It? Acta Pharm. Sin. B
2022, 12, 3049-3062. https://doi.org/10.1016/j.apsb.2022.02.002.

Burris, H.A.; Bakewell, S.; Bendell, ].C.; Infante, J.; Jones, S.F.; Spigel, D.R.; Weiss, G.J.; Ramanathan, R.K.; Ogden, A.; Von Hoff,
D. Safety and Activity of IT-139, a Ruthenium-Based Compound, in Patients with Advanced Solid Tumours: A First-in-Human,
Open-Label, Dose-Escalation Phase I Study with Expansion Cohort. ESMO Open 2017, 1, e000154.
https://doi.org/10.1136/esmoopen-2016-000154.

Bakewell, S.J.; Rangel, D.F.; Ha, D.P.; Sethuraman, J.; Crouse, R.; Hadley, E.; Costich, T.L.; Zhou, X.; Nichols, P.; Lee, A.S. Sup-
pression of Stress Induction of the 78-Kilodalton Glucose Regulated Protein (GRP78) in Cancer by IT-139, an Anti-Tumor Ru-
thenium Small Molecule Inhibitor. Oncotarget 2018, 9, 29698-29714. https://doi.org/10.18632/oncotarget.25679.

Bakewell, S.; Conde, I; Fallah, Y.; McCoy, M.; Jin, L.; Shajahan-Haq, A.N. Inhibition of DNA Repair Pathways and Induction of
ROS Are Potential Mechanisms of Action of the Small Molecule Inhibitor BOLD-100 in Breast Cancer. Cancers 2020, 12, 2647.
https://doi.org/10.3390/cancers12092647.

Heffeter, P.; Atil, B.; Kryeziu, K.; Groza, D.; Koellensperger, G.; Kérner, W.; Jungwirth, U.; Mohr, T.; Keppler, B.K.; Berger, W.
The Ruthenium Compound KP1339 Potentiates the Anticancer Activity of Sorafenib in Vitro and in Vivo. Eur. ]. Cancer Oxf.
Engl. 1990 2013, 49, 3366-3375. https://doi.org/10.1016/j.ejca.2013.05.018.

Kapitza, S.; Jakupec, M.A.; Uhl, M.; Keppler, B.K.; Marian, B. The Heterocyclic Ruthenium(III) Complex KP1019 (FFC14A)
Causes DNA Damage and Oxidative Stress in Colorectal Tumor Cells. Cancer Lett. 2005, 226, 115-121.
https://doi.org/10.1016/j.canlet.2005.01.002.

Flocke, L.S.; Trond], R.; Jakupec, M.A.; Keppler, B.K. Molecular Mode of Action of NKP-1339— A Clinically Investigated Ruthe-
nium-Based Drug—Involves ER- and ROS-Related Effects in Colon Carcinoma Cell Lines. Investig. New Drugs 2016, 34, 261—
268. https://doi.org/10.1007/s10637-016-0337-8.

Carson, R; Karelia, S.; Lavin, D.; Tiwari, V.; Kennedy, R.; Savage, K.; Carie, A.; Pankovich, ]J.; Bazett, M.; Van Schaeybroeck, S.
Abstract 1183: Targeting the DNA Repair Pathway with BOLD-100 in BRAF Mutant Colorectal Cancer. Cancer Res. 2021, 81,
1183. https://doi.org/10.1158/1538-7445. AM2021-1183.

Schoenhacker-Alte, B.; Mohr, T.; Pirker, C.; Kryeziu, K,; Kuhn, P.-S; Buck, A.; Hofmann, T.; Gerner, C.; Hermann, G.;
Koellensperger, G.; et al. Sensitivity towards the GRP78 Inhibitor KP1339/IT-139 Is Characterized by Apoptosis Induction via
Caspase 8 upon Disruption of ER Homeostasis. Cancer Lett. 2017, 404, 79-88. https://doi.org/10.1016/j.canlet.2017.07.009.
Neuditschko, B.; Legin, A.A.; Baier, D.; Schintlmeister, A.; Reipert, S.; Wagner, M.; Keppler, B.K.; Berger, W.; Meier-Menches,
S.M.; Gerner, C. Interaction with Ribosomal Proteins Accompanies Stress Induction of the Anticancer Metallodrug BOLD-
100/KP1339 in the Endoplasmic Reticulum. Angew. Chem. Int. Ed. 2021, 60, 5063-5068. https://doi.org/10.1002/anie.202015962.
Rusz, M.; Rampler, E.; Keppler, B.K,; Jakupec, M.A.; Koellensperger, G. Single Spheroid Metabolomics: Optimizing Sample
Preparation of Three-Dimensional Multicellular Tumor Spheroids. Metabolites 2019, 9, 304.
https://doi.org/10.3390/metabo9120304.

Baier, D.; Schoenhacker-Alte, B.; Rusz, M.; Pirker, C.; Mohr, T.; Mendrina, T.; Kirchhofer, D.; Meier-Menches, S.M.;
Hohenwallner, K.; Schaier, M.; et al. The Anticancer Ruthenium Compound BOLD-100 Targets Glycolysis and Generates a
Metabolic Vulnerability towards Glucose Deprivation. Pharmaceutics 2022, 14, 238. https://doi.org/10.3390/pharmaceu-
tics14020238.

Herrmann, H.A.; Rusz, M.; Baier, D.; Jakupec, M.A.; Keppler, B.K.; Berger, W.; Koellensperger, G.; Zanghellini, . Thermody-
namic Genome-Scale Metabolic Modeling of Metallodrug Resistance in Colorectal Cancer. Cancers 2021, 13, 4130.
https://doi.org/10.3390/cancers13164130.

Smirnov, P.; Safikhani, Z.; El-Hachem, N.; Wang, D.; She, A.; Olsen, C.; Freeman, M.; Selby, H.; Gendoo, D.M.A.; Grossmann,
P.; et al. PharmacoGx: An R Package for Analysis of Large Pharmacogenomic Datasets. Bioinformatics 2016, 32, 1244-1246.
https://doi.org/10.1093/bioinformatics/btv723.

Clark, N.A.; Hafner, M.; Kouril, M.; Williams, E.H.; Muhlich, J.L.; Pilarczyk, M.; Niepel, M.; Sorger, P.K.; Medvedovic, M. GRcal-
culator: An Online Tool for Calculating and Mining Dose-Response Data. BMC Cancer 2017, 17, 698.
https://doi.org/10.1186/s12885-017-3689-3.

van der Meer, D.; Barthorpe, S.; Yang, W.; Lightfoot, H.; Hall, C.; Gilbert, J.; Francies, H.E.; Garnett, M.]. Cell Model Passports —
A Hub for Clinical, Genetic and Functional Datasets of Preclinical Cancer Models. Nucleic Acids Res. 2019, 47, D923-1D929.
https://doi.org/10.1093/nar/gky872.

Zuiverloon, T.C.M.; de Jong, F.C.; Costello, J.C.; Theodorescu, D. Systematic Review: Characteristics and Preclinical Uses of
Bladder Cancer Cell Lines. Bladder Cancer 2018, 4, 169-183. https://doi.org/10.3233/BLC-180167.

Ramakrishnan, S.; Huss, W.; Foster, B.; Ohm, J.; Wang, J.; Azabdaftari, G.; Eng, K.H.; Woloszynska-Read, A. Transcriptional
Changes Associated with in Vivo Growth of Muscle-Invasive Bladder Cancer Cell Lines in Nude Mice. Am. ]. Clin. Exp. Urol.
2018, 6, 138-148.



Cancers 2023, 15, 28 19 of 21

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

Dai, X.; Cheng, H.; Bai, Z.; Li, J. Breast Cancer Cell Line Classification and Its Relevance with Breast Tumor Subtyping. J. Cancer
2017, 8, 3131-3141. https://doi.org/10.7150/jca.18457.

Medico, E.; Russo, M.; Picco, G.; Cancelliere, C.; Valtorta, E.; Corti, G.; Buscarino, M.; Isella, C.; Lamba, S.; Martinoglio, B.; et al.
The Molecular Landscape of Colorectal Cancer Cell Lines Unveils Clinically Actionable Kinase Targets. Nat. Commun. 2015, 6,
7002. https://doi.org/10.1038/ncomms8002.

Hirschfield, H.; Bian, C.B.; Higashi, T.; Nakagawa, S.; Zeleke, T.Z.; Nair, V.D.; Fuchs, B.C.; Hoshida, Y. In Vitro Modeling of
Hepatocellular Carcinoma Molecular Subtypes for Anti-Cancer Drug Assessment. Exp. Mol. Med. 2018, 50, e419.
https://doi.org/10.1038/emm.2017.164.

Iorio, F.; Knijnenburg, T.A.; Vis, D.J.; Bignell, G.R.; Menden, M.P.; Schubert, M.; Aben, N.; Gongalves, E.; Barthorpe, S.; Lightfoot,
H; e al. A Landscape of Pharmacogenomic Interactions in Cancer. Cell 2016, 166, 740-754.
https://doi.org/10.1016/j.cell.2016.06.017.

Yu, G; Wang, L.-G.; Han, Y.; He, Q.-Y. ClusterProfiler: An R Package for Comparing Biological Themes Among Gene Clusters.
OMICS ]. Integr. Biol. 2012, 16, 284-287. https://doi.org/10.1089/0omi.2011.0118.

Supek, F.; Bosnjak, M; Skunca, N.; Smuc, T. REVIGO Summarizes and Visualizes Long Lists of Gene Ontology Terms. PLoS
ONE 2011, 6, €21800. https://doi.org/10.1371/journal.pone.0021800.

Kuhn, M. Building Predictive Models in R Using the Caret Package. . Stat. Softw. 2008, 28, 1-26.
https://doi.org/10.18637/jss.v028.i05.

Parvandeh, S.; Yeh, H.-W.; Paulus, M.P.; McKinney, B.A. Consensus Features Nested Cross-Validation. Bioinformatics 2020, 36,
3093-3098. https://doi.org/10.1093/bioinformatics/btaa046.

Yang, X.; Wen, Y.; Song, X.; He, S.; Bo, X. Exploring the Classification of Cancer Cell Lines from Multiple Omic Views. Peer]
2020, 8, €9440. https://doi.org/10.7717/peerj.9440.

Kummar, S.; Gutierrez, M.; Doroshow, ].H.; Murgo, A.]J. Drug Development in Oncology: Classical Cytotoxics and Molecularly
Targeted Agents. Br. . Clin. Pharmacol. 2006, 62, 15-26. https://doi.org/10.1111/j.1365-2125.2006.02713 x.

Rixe, O.; Fojo, T. Is Cell Death a Critical End Point for Anticancer Therapies or Is Cytostasis Sufficient? Clin. Cancer Res. 2007,
13, 7280-7287. https://doi.org/10.1158/1078-0432.CCR-07-2141.

Anttila, ].V.; Shubin, M.; Cairns, J.; Borse, F.; Guo, Q.; Mononen, T.; Vazquez-Garcia, I.; Pulkkinen, O.; Mustonen, V. Contrasting
the Impact of Cytotoxic and Cytostatic Drug Therapies on Tumour Progression. PLoS Comput. Biol. 2019, 15, e1007493.
https://doi.org/10.1371/journal.pcbi.1007493.

Hafner, M.; Niepel, M.; Chung, M.; Sorger, P.K. Growth Rate Inhibition Metrics Correct for Confounders in Measuring Sensi-
tivity to Cancer Drugs. Nat. Methods 2016, 13, 521-527. https://doi.org/10.1038/nmeth.3853.

Larsson, P.; Engqvist, H.; Biermann, J.; Werner Ronnerman, E.; Forssell-Aronsson, E.; Kovacs, A.; Karlsson, P.; Helou, K.; Parris,
T.Z. Optimization of Cell Viability Assays to Improve Replicability and Reproducibility of Cancer Drug Sensitivity Screens. Sci.
Rep. 2020, 10, 5798. https://doi.org/10.1038/s41598-020-62848-5.

Niepel, M.; Hafner, M.; Mills, C.E.; Subramanian, K.; Williams, E.H.; Chung, M.; Gaudio, B.; Barrette, A.M.; Stern, A.D.; Hu, B.;
et al. A Multi-Center Study on the Reproducibility of Drug-Response Assays in Mammalian Cell Lines. Cell Syst. 2019, 9, 35—
48.5. https://doi.org/10.1016/j.cels.2019.06.005.

Naasani, . COMPARE Analysis, a Bioinformatic Approach to Accelerate Drug Repurposing against Covid-19 and Other Emerg-
ing Epidemics. SLAS Discov. Adv. Sci. Drug Discov. 2021, 26, 345-351. https://doi.org/10.1177/2472555220975672.

Zaharevitz, D.W.; Holbeck, S.L.; Bowerman, C.; Svetlik, P.A. COMPARE: A Web Accessible Tool for Investigating Mechanisms
of Cell Growth Inhibition. ]. Mol. Graph. Model. 2002, 20, 297-303. https://doi.org/10.1016/s1093-3263(01)00126-7.

Krushkal, J.; Negi, S.; Yee, L.M.; Evans, ].R.; Grkovic, T.; Palmisano, A.; Fang, J.; Sankaran, H.; McShane, L.M.; Zhao, Y; et al.
Molecular Genomic Features Associated with in Vitro Response of the NCI-60 Cancer Cell Line Panel to Natural Products. Mol.
Oncol. 2021, 15, 381-406. https://doi.org/10.1002/1878-0261.12849.

Galluzzi, L.; Senovilla, L.; Vitale, I.; Michels, J.; Martins, I.; Kepp, O.; Castedo, M.; Kroemer, G. Molecular Mechanisms of Cis-
platin Resistance. Oncogene 2012, 31, 1869-1883. https://doi.org/10.1038/onc.2011.384.

Kumar, S.; Tchounwou, P.B. Molecular Mechanisms of Cisplatin Cytotoxicity in Acute Promyelocytic Leukemia Cells. Oncotar-
get 2015, 6, 40734-40746. https://doi.org/10.18632/oncotarget.5754.

Siddik, Z.H. Cisplatin: Mode of Cytotoxic Action and Molecular Basis of Resistance. Oncogene 2003, 22, 7265-7279.
https://doi.org/10.1038/sj.0nc.1206933.

Mahadevan, D.; Plummer, R.; Squires, M.S.; Rensvold, D.; Kurtin, S.; Pretzinger, C.; Dragovich, T.; Adams, J.; Lock, V.; Smith,
D.M,; et al. A Phase I Pharmacokinetic and Pharmacodynamic Study of AT7519, a Cyclin-Dependent Kinase Inhibitor in Patients
with Refractory Solid Tumors. Ann. Oncol. 2011, 22, 2137-2143. https://doi.org/10.1093/annonc/mdq734.

Squires, M.S,; Feltell, R.E.; Wallis, N.G.; Lewis, E.].; Smith, D.-M.; Cross, D.M.; Lyons, J.F.; Thompson, N.T. Biological Charac-
terization of AT7519, a Small-Molecule Inhibitor of Cyclin-Dependent Kinases, in Human Tumor Cell Lines. Mol. Cancer Ther.
2009, 8, 324-332. https://doi.org/10.1158/1535-7163.MCT-08-0890.

Koras, K.; Juraeva, D.; Kreis, J.; Mazur, ].; Staub, E.; Szczurek, E. Feature Selection Strategies for Drug Sensitivity Prediction. Sci.
Rep. 2020, 10, 9377. https://doi.org/10.1038/541598-020-65927-9.

Sharifi-Noghabi, H.; Jahangiri-Tazehkand, S.; Smirnov, P.; Hon, C.; Mammoliti, A.; Nair, S.K.; Mer, A.S.; Ester, M.; Haibe-Kains,
B. Drug Sensitivity Prediction from Cell Line-Based Pharmacogenomics Data: Guidelines for Developing Machine Learning
Models. Brief. Bioinform. 2021, 22, bbab294. https://doi.org/10.1093/bib/bbab294.



Cancers 2023, 15, 28 20 of 21

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

Han, H.; Guo, X,; Yu, H. Variable Selection Using Mean Decrease Accuracy and Mean Decrease Gini Based on Random Forest.
In Proceedings of the 2016 7th IEEE International Conference on Software Engineering and Service Science (ICSESS), Beijing,
China, 26-28 August 2016; pp. 219-224.

Koberle, B.; Schoch, S. Platinum Complexes in Colorectal Cancer and Other Solid Tumors. Cancers 2021, 13, 2073.
https://doi.org/10.3390/cancers13092073.

Groessl, M.; Zava, O.; Dyson, P.J. Cellular Uptake and Subcellular Distribution of Ruthenium-Based Metallodrugs under Clin-
ical Investigation versus Cisplatin. Metallomics 2011, 3, 591. https://doi.org/10.1039/cOmt00101e.

Chen, S.-H.; Chang, J.-Y. New Insights into Mechanisms of Cisplatin Resistance: From Tumor Cell to Microenvironment. Int. J.
Mol. Sci. 2019, 20, 4136. https://doi.org/10.3390/ijms20174136.

Kojima, T.; Shah, M.A.; Muro, K.; Francois, E.; Adenis, A.; Hsu, C.-H.; Doi, T.; Moriwaki, T.; Kim, S.-B.; Lee, S.-H.; et al. Ran-
domized Phase III KEYNOTE-181 Study of Pembrolizumab Versus Chemotherapy in Advanced Esophageal Cancer. |. Clin.
Oncol. 2020, 38, 4138-4148. https://doi.org/10.1200/JCO.20.01888.

Kato, K.; Cho, B.C,; Takahashi, M.; Okada, M.; Lin, C.-Y.; Chin, K.; Kadowaki, S.; Ahn, M.-J.; Hamamoto, Y.; Doki, Y.; et al.
Nivolumab versus Chemotherapy in Patients with Advanced Oesophageal Squamous Cell Carcinoma Refractory or Intolerant
to Previous Chemotherapy (ATTRACTION-3): A Multicentre, Randomised, Open-Label, Phase 3 Trial. Lancet Oncol. 2019, 20,
1506-1517. https://doi.org/10.1016/S1470-2045(19)30626-6.

Sun, J.-M.; Shen, L.; Shah, M. A.; Enzinger, P.; Adenis, A.; Doi, T.; Kojima, T.; Metges, J.-P.; Li, Z.; Kim, S.-B.; et al. Pembrolizumab
plus Chemotherapy versus Chemotherapy Alone for First-Line Treatment of Advanced Oesophageal Cancer (KEYNOTE-590):
A Randomised, Placebo-Controlled, Phase 3 Study. Lancet 2021, 398, 759-771. https://doi.org/10.1016/S0140-6736(21)01234-4.
Bytzek, A K.; Koellensperger, G.; Keppler, B.K.; Hartinger, C. Biodistribution of the Novel Anticancer Drug Sodium Trans-
[Tetrachloridobis(1H-Indazole)Ruthenate(III)] KP-1339/IT139 in Nude BALB/c Mice and Implications on Its Mode of Action. .
Inorg. Biochem. 2016, 160, 250-255. https://doi.org/10.1016/j.jinorgbio.2016.02.037.

Virtanen, C.; Ishikawa, Y.; Honjoh, D.; Kimura, M.; Shimane, M.; Miyoshi, T.; Nomura, H.; Jones, M.H. Integrated Classification
of Lung Tumors and Cell Lines by Expression Profiling. Proc. Natl. Acad. Sci. USA. 2002, 99, 12357-12362.
https://doi.org/10.1073/pnas.192240599.

Domcke, S.; Sinha, R.; Levine, D.A ; Sander, C.; Schultz, N. Evaluating Cell Lines as Tumour Models by Comparison of Genomic
Profiles. Nat. Commun. 2013, 4, 2126. https://doi.org/10.1038/ncomms3126.

Vincent, K.M.; Findlay, S.D.; Postovit, L.M. Assessing Breast Cancer Cell Lines as Tumour Models by Comparison of MRNA
Expression Profiles. Breast Cancer Res. 2015, 17, 114. https://doi.org/10.1186/s13058-015-0613-0.

Goodspeed, A.; Heiser, LM.; Gray, ].W.; Costello, J.C. Tumor-Derived Cell Lines as Molecular Models of Cancer Phar-
macogenomics. Mol. Cancer Res. MCR 2016, 14, 3-13. https://doi.org/10.1158/1541-7786.MCR-15-0189.

Zhang, Y.; Liu, R.; Ni, M,; Gill, P.; Lee, A.S. Cell Surface Relocalization of the Endoplasmic Reticulum Chaperone and Unfolded
Protein Response Regulator GRP78/BiP. J. Biol. Chem. 2010, 285, 15065-15075. https://doi.org/10.1074/jbc.M109.087445.
Jaskulska, A.; Janecka, A.E.; Gach-Janczak, K. Thapsigargin—From Traditional Medicine to Anticancer Drug. Int. . Mol. Sci.
2020, 22, 4. https://doi.org/10.3390/ijms22010004.

Gifford, J.B.; Huang, W.; Zeleniak, A.E.; Hindoyan, A.; Wu, H.; Donahue, T.R; Hill, R. Expression of GRP78, Master Regulator
of the Unfolded Protein Response, Increases Chemoresistance in Pancreatic Ductal Adenocarcinoma. Mol. Cancer Ther. 2016, 15,
1043-1052. https://doi.org/10.1158/1535-7163.MCT-15-0774.

Burger, K.; Miihl, B.; Harasim, T.; Rohrmoser, M.; Malamoussi, A.; Orban, M.; Kellner, M.; Gruber-Eber, A.; Kremmer, E.; Holzel,
M.; et al. Chemotherapeutic Drugs Inhibit Ribosome Biogenesis at Various Levels. J. Biol. Chem. 2010, 285, 12416-12425.
https://doi.org/10.1074/jbc. M109.074211.

Zisi, A.; Bartek, ].; Lindstrom, M.S. Targeting Ribosome Biogenesis in Cancer: Lessons Learned and Way Forward. Cancers 2022,
14, 2126. https://doi.org/10.3390/cancers14092126.

Liu, Y.; Deisenroth, C.; Zhang, Y. RP-MDM2-P53 Pathway: Linking Ribosomal Biogenesis and Tumor Surveillance. Trends
Cancer 2016, 2, 191-204. https://doi.org/10.1016/j.trecan.2016.03.002.

Zhang, F.; Hamanaka, R.B.; Bobrovnikova-Marjon, E.; Gordan, ].D.; Dai, M.-S.; Lu, H.; Simon, M.C.; Diehl, J.A. Ribosomal Stress
Couples the Unfolded Protein Response to P53-Dependent Cell Cycle Arrest. J. Biol. Chem. 2006, 281, 30036-30045.
https://doi.org/10.1074/jbc.M604674200.

Sharma, A.; Rani, R. Ensembled Machine Learning Framework for Drug Sensitivity Prediction. IET Syst. Biol. 2020, 14, 39-46.
https://doi.org/10.1049/iet-syb.2018.5094.

Riddick, G.; Song, H.; Ahn, S.; Walling, J.; Borges-Rivera, D.; Zhang, W.; Fine, H.A. Predicting in Vitro Drug Sensitivity Using
Random Forests. Bioinformatics 2011, 27, 220-224. https://doi.org/10.1093/bioinformatics/btq628.

Strobl, C.; Boulesteix, A.-L.; Kneib, T.; Augustin, T.; Zeileis, A. Conditional Variable Importance for Random Forests. BMC
Bioinformatics 2008, 9, 307. https://doi.org/10.1186/1471-2105-9-307.

Lunetta, K.L.; Hayward, L.B.; Segal, ].; Van Eerdewegh, P. Screening Large-Scale Association Study Data: Exploiting Interac-
tions Using Random Forests. BMC Genet. 2004, 5, 32. https://doi.org/10.1186/1471-2156-5-32.

Shan, Z.; Shakoori, A.; Bodaghi, S.; Goldsmith, P.; Jin, J.; Wiest, ].S. TUSC1, a Putative Tumor Suppressor Gene, Reduces Tumor
Cell Growth In Vitro and Tumor Growth In Vivo. PLoS ONE 2013, 8, e66114. https://doi.org/10.1371/journal.pone.0066114.



Cancers 2023, 15, 28 21 of 21

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual au-
thor(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.



