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Machine Learning Application Identifies 
Germline Markers of Hypertension in Patients 
With Ovarian Cancer Treated With Carboplatin, 
Taxane, and Bevacizumab
Maurizio Polano1 , Luca Bedon1 , Michele Dal Bo1 , Roberto Sorio2, Michele Bartoletti2,  
Elena De Mattia1 , Erika Cecchin1 , Carmela Pisano3, Domenica Lorusso4,5, Andrea Alberto Lissoni6, 
Andrea De Censi7, Sabrina Chiara Cecere3, Paolo Scollo8, Sergio Marchini9, Laura Arenare10,  
Ugo De Giorgi11, Daniela Califano12, Elena Biagioli13, Paolo Chiodini14, Francesco Perrone10,  
Sandro Pignata3,† and Giuseppe Toffoli1,*,†

Pharmacogenomics studies how genes influence a person’s response to treatment. When complex phenotypes are 
influenced by multiple genetic variations with little effect, a single piece of genetic information is often insufficient to 
explain this variability. The application of machine learning (ML) in pharmacogenomics holds great potential —  namely, 
it can be used to unravel complicated genetic relationships that could explain response to therapy. In this study, ML 
techniques were used to investigate the relationship between genetic variations affecting more than 60 candidate 
genes and carboplatin- induced, taxane- induced, and bevacizumab- induced toxicities in 171 patients with ovarian cancer 
enrolled in the MITO- 16A/MaNGO- OV2A trial. Single- nucleotide variation (SNV, formerly SNP) profiles were examined 
using ML to find and prioritize those associated with drug- induced toxicities, specifically hypertension, hematological 
toxicity, nonhematological toxicity, and proteinuria. The Boruta algorithm was used in cross- validation to determine the 
significance of SNVs in predicting toxicities. Important SNVs were then used to train eXtreme gradient boosting models. 
During cross- validation, the models achieved reliable performance with a Matthews correlation coefficient ranging 
from 0.375 to 0.410. A total of 43 SNVs critical for predicting toxicity were identified. For each toxicity, key SNVs were 
used to create a polygenic toxicity risk score that effectively divided individuals into high- risk and low- risk categories. In 
particular, compared with low- risk individuals, high- risk patients were 28- fold more likely to develop hypertension. The 
proposed method provided insightful data to improve precision medicine for patients with ovarian cancer, which may be 
useful for reducing toxicities and improving toxicity management.

Received March 7, 2023; accepted May 22, 2023. doi:10.1002/cpt.2960

Study Highlights

WHAT IS THE CURRENT KNOWLEDGE ON THE 
TOPIC?
	;Hypertension and other adverse drug reactions are  

common side effects of chemotherapy and bevacizumab 
therapy. Pharmacogenomics can be used to predict patient- 
specific variability in adverse drug effects, due to complex 
phenotypes simultaneously influenced by multiple genetic 
variations.
WHAT QUESTION DID THIS STUDY ADDRESS?
	; Can machine learning be useful to examine patients’ sin-

gle nucleotide polymorphism profiles to possibly comprehend 
complex genetic relationships that might explain drug- induced 
toxicities, particularly hypertension, in patients with ovarian 
cancer?

WHAT DOES THIS STUDY ADD TO OUR 
KNOWLEDGE?
	; This study identified germline genetic variants associated 

with drug- induced toxicities in patients with ovarian cancer 
receiving first- line therapy with bevacizumab, paclitaxel, and 
carboplatin. It was discovered that 43 single nucleotide poly-
morphisms were important for toxicity prediction. We also cre-
ated a comprehensive scoring system that classified patients as 
having a high or low risk of toxicity.
HOW MIGHT THIS CHANGE CLINICAL PHARMA-
COLOGY OR TRANSLATIONAL SCIENCE?
	; Decision support tools developed by machine learning to pre-

dict the likelihood of toxicity can reduce the proportion of patients 
with genetic drug toxicities and improve toxicity management.
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Pharmacogenomics (PGx) aims to use the genetic information 
of an individual’s germline to predict differences in drug re-
sponse in order to provide safer, more effective, and less costly 
treatment.1

Machine learning (ML) is one of the “key technologies” for 
the development of precision medicine.2 By using patients’ SNP 
profiles as training data during model development, ML offers the 
potential to unravel intricate genetic relationships that explain re-
sponse to therapy.3

Ovarian cancer is the most malignant gynecologic cancer, with 
314,000 new diagnoses and 207,000 deaths in 2020.4 The 5- year 
overall survival rate ranges from 30% to 50%, with most patients 
diagnosed with advanced- stage disease (III- IV).5 The standard 
treatment approach for advanced- stage cancer was limited to 
surgical removal of the tumor and platinum- based chemother-
apy until bevacizumab was approved as a monoclonal antibody 
for ovarian cancer. Bevacizumab enhanced progression- free sur-
vival in patients with ovarian cancer, as shown by a phase III 
trial, but additional adverse side effects were also noted, particu-
larly hypertension.6 In this context, the presence of basal hyper-
tension (prior to bevacizumab administration) was associated 
with a high probability of treatment- related hypertension from 
bevacizumab.7– 9 A genome- wide association study (GWAS) 
was conducted to associate gene polymorphisms with treatment 
toxicity,10 and further associations were observed between the 
presence of several SNVs and the occurrence of toxicity, in-
cluding proteinuria and nonhematological and hematological 
toxicity.9,10

The MITO- 16A/MaNGO- OV2A trial sought to evaluate 
clinical and molecular factors that may predict the prognosis and 
safety of patients receiving combined chemotherapy plus beva-
cizumab.11 Here, through an analysis of toxicity and germline 
DNA sequencing data from 171 patients enrolled in the phase 
IV MITO- 16A/MaNGO- OV2A trial,11 ML techniques were 
used to investigate the association between germline genetic 
variants in over 60 candidate genes and carboplatin- induced, 
taxane- induced, and bevacizumab- induced toxicities in patients 
with ovarian cancer. The proposed multistep approach involving 
genotype calling, toxicity model training, variant prioritization, 
and variant analysis allowed us to reveal associations between 
germline genotypes and drug- induced toxicities, providing valu-
able information to improve precision medicine for patients 
with ovarian cancer.

METHODS
Trial description and study population.

The MITO- 16A/MaNGO- OV2A trial (Clini calTr ials.gov Identifier: 
NCT01706120) was designed as a single- arm, open- label, noncompar-
ative, multicenter phase IV study in patients with advanced or recurrent 
previously untreated ovarian cancer who received a combination of beva-
cizumab, paclitaxel, and carboplatin as first- line treatment.11,12

The main inclusion criteria were previously untreated patients aged 
at least 18 years, histologically confirmed stage IIIB- IV ovarian cancer 
(International Federation of Gynecology and Obstetrics, FIGO), perfor-
mance status 0– 2 according to the Eastern Cooperative Oncology Group 
(ECOG), and a life expectancy of at least 12 weeks. The inclusion criteria 
for diastolic and systolic pressure were ≤90 Hg and ≤140 Hg, respectively. 
Treatments for hypertension were allowed.

Patients were treated with carboplatin (5 area under the curve (AUC)) 
and paclitaxel (175 mg/m2) plus bevacizumab (15 mg/kg) on Day 1 for six 
3- week cycles, followed by bevacizumab monotherapy (15 mg/kg), up to a 
maximum of 22 cycles in total.

Toxicity was graded according to Common Terminology Criteria for 
Adverse Events (CTCAE) 4.03. Survival response rate was coded ac-
cording to Response Evaluation Criteria in Solid Tumors (RECIST) 1.1 
guidelines. Hypertension was defined as the presence of at least one of 
the following conditions: systolic blood pressure ≥ 140 mmHg, diastolic 
blood pressure ≥ 90 mmHg, or new medical intervention.

A prospective PGx study was conducted in a subset of patients who had 
agreed to provide blood samples for PGx analysis as part of the MITO study. 
The primary objective was to determine whether a patient’s PGx analysis can 
be used to predict adverse drug reactions. In the context of the prospective 
PGx study, a total of 171 patients (White women, median age 59 years, in-
terquartile range (IQR) 50– 66 years) were selected as candidates for targeted 
next- generation sequencing (NGS) and included in the toxicity assessment.

Targeted next- generation gene sequencing
DNA (germline DNA) was extracted from blood samples of 171 patients 
using the BioRobot EZ1 (Qiagen SPA, Milan, Italy).

A custom panel was developed in- house using 60 genes derived 
from candidate ovarian cancer genes as previously shown.13 The 
pharmacogenomic germline profiles of the samples were character-
ized by NGS using a custom hybrid capture- based assay (Roche/
NimbleGen, Madison, WI). Custom panel design was performed 
using NimbleDesign software based on Genome Build hg19/GRCh37 
(February 2009) to capture the genetic variability of each exon and 
nearby splice junctions (~ 35 bases upstream and downstream of the 
exon). Sample preparation was performed according to the manufac-
turer’s instructions as described in the SeqCap EZ Library SR User’s 
Guide v3.0 (Roche/NimbleGen, Madison, WI).

DNA libraries were sequenced using the Miseq Illumina platform 
(Illumina, Inc., San Diego, CA).

1Experimental and Clinical Pharmacology Unit, Centro di Riferimento Oncologico di Aviano, Istituto di Ricovero e Cura a Carattere Scientifico, Aviano, 
Italy; 2Dipartimento di Oncologia Medica, Centro di Riferimento Oncologico di Aviano, Istituto di Ricovero e Cura a Carattere Scientifico, Aviano, Italy; 
3Uro- Gynecologic Oncology Unit, Istituto Nazionale Tumori Istituto di Ricovero e Cura a Carattere Scientifico Fondazione G. Pascale, Naples, Italy; 
4Department of Women and Child Health, Division of Gynecologic Oncology, Fondazione Policlinico Universitario A. Gemelli Istituto di Ricovero e Cura 
a Carattere Scientifico, Rome, Italy; 5Department of Life Science and Public Health, Catholic University of Sacred Heart Largo Agostino Gemelli, 
Rome, Italy; 6Clinica Ostetrica e Ginecologica, Istituto di Ricovero e Cura a Carattere Scientifico S. Gerardo Monza, Università di Milano Bicocca, 
Milano, Italy; 7Oncologia Medica, Ospedali Galliera, Genoa, Italy; 8Unità Operativa Ostetricia e Ginecologia, Dipartimento Materno- Infantile, Ospedale 
Cannizzaro, Catania, Italy; 9Molecular Pharmacology laboratory, Group of Cancer Pharmacology Istituto di Ricovero e Cura a Carattere Scientifico 
Humanitas Research Hospital, Rozzano, Italy; 10Clinical Trial Unit, Istituto Nazionale Tumori, Istituto di Ricovero e Cura a Carattere Scientifico, 
Fondazione G. Pascale, Naples, Italy; 11Istituto di Ricovero e Cura a Carattere Scientifico Istituto Romagnolo per lo Studio dei Tumori Dino Amadori, 
Meldola, Italy; 12Microenvironment Molecular Targets Unit, Istituto Nazionale Tumori IRCCS, Fondazione G. Pascale, Naples, Italy; 13Department Of 
Oncology, Istituto di Ricerche Farmacologiche Mario Negri IRCCS Milano, Milano, Italy; 14Department of Mental Health and Public Medicine, Section of 
Statistics, Università degli Studi della Campania Luigi Vanvitelli, Naples, Italy. *Correspondence: Giuseppe Toffoli (gtoffoli@cro.it)
†Co- last authors.

ARTICLE

 15326535, 2023, 3, D
ow

nloaded from
 https://ascpt.onlinelibrary.w

iley.com
/doi/10.1002/cpt.2960 by Fondazione Irccs San G

erardo D
ei T

intori, M
onza, W

iley O
nline L

ibrary on [20/01/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

http://clinicaltrials.gov
mailto:gtoffoli@cro.it


VOLUME 114 NUMBER 3 | September 2023 | www.cpt-journal.com654

From sequencing to genotype data
FASTQ files from the NGS were processed using a custom pipeline for 
germline calling based on GATK4 best practices. A full coverage check of 
the targets was also integrated into this pipeline to assess calling rate and 
genotype quality. To further develop our models, we selected all dbSNP 
(Single Nucleotide Polymorphism Database)– derived SNVs (table build 
151) with a coverage of more than 50. A merged variant call format file 
(vcf) with high quality SNVs was converted to a PED file using PLINK2 
software. The genotype was coded as 0, 1, or 2, according to the number 
of copies of the alternative allele.

We excluded SNVs with a cohort- calculated minor allele frequency 
(MAF) of ≤0.05. Since strongly linked polymorphic sites lead to highly 
correlated variables, the genotype table was filtered to retain only one site 
(Cramér’s V ≥ |0.9|). The retained SNV sites isolated from germline NGS 
data were used for subsequent analysis.

Toxicity prediction models: Training, validation, and 
performance
Based on the final SNV table, we trained and validated ML algorithms 
to predict toxicities that occurred during the study (Figure S1). A de-
tailed workflow summarizing the model development pipeline is shown 
in Figure S2.

For this task, we implemented eXtreme Gradient Boosting models 
(XGB) with a linear function as the booster model.14

Features were selected by implementing the Boruta algorithm with five-
fold cross- validation (CV).15,16 The importance value was determined as 
mean decreased accuracy (MDA) for all features.16

The features selected from the variant importance step were used 
as inputs to the XGB classifier, which was then validated using leave- 
one- out cross- validation (LOOCV). Within LOOCV, performance 
metrics were calculated in terms of both Matthews correlation coef-
ficient (MCC)17 and accuracy (ACC). Optimization of the XGB hy-
perparameters was performed within CV by passing a user- defined grid 
parameter.

The XGBoost library was used to implement the XGB classifier.18 The 
importance of the variables within the recursive feature elimination (RFE) 
process was calculated using Boruta as a z- scaled mean of reduced preci-
sion (MDA).16 The R package “caret” was used to implement and tune the 
XGB classifier within the CV and RFE processes.19

Variants analysis and polygenic toxicity score
A logistic regression model was used to determine the effect of SNV 
genotype on the occurrence of toxicity. The association between 
SNV genotype and toxicity was measured by the odds ratio (OR). OR 
greater than 1 indicates an increased incidence of toxicity in patients 
with an alternative genotype (1 or 2 coded genotype) compared with 
the reference (0 coded genotype); conversely, OR less than 1 indicates 
a decreased incidence of toxicity in patients with an alternative gen-
otype (1 or 2 coded genotype) compared with the reference (0 coded 
genotype).

For each model, we constructed a multivariate logistic regression model 
using stepwise model selection (stepAIC function from the “MASS” pack-
age, USA).20

The toxicity probability of each patient was calculated using the final 
logistic regression model and then patients were stratified into high- risk 
toxicity and low- risk toxicity based on the probability cutoff of 0.5.

To describe the association of SNVs with genes and pathways, each 
SNV was assigned to a specific gene in the panel based on its genomic 
position; genes were assigned to a specific reactome pathway (http://react 
ome.org) using the functional enrichment analysis of the STRING tool 
(https://strin g- db.org).

LDpair from the LDlinkR package, USA21 was used to investigate po-
tentially correlated alleles for a pair of variants using European (“EUR”) 
populations (1000 Genomes Project).

Graphical representations were created using the “ggplot2” pack-
age22 and heatmap visualization was done using the “ComplexHeatmap” 
package.23

RESULTS
Targeted next- generation gene sequencing and genotype 
calling
To characterize the genotype variants of the entire cohort of 
171 cases, DNA libraries were sequenced with 75- fold mean 
coverage for each sample. More than 95% of each sequenced 
sample was covered at least 30- fold. Mutations at the 3’- UTR 
were the type of DNA variants most frequently detected in this 
panel (Table S1).

A total of 588 SNVs were mapped within the 699 sequenced 
genomic regions. Of these, the target bases of 348 SNVs were se-
lected. During the filtering step, 120 SNVs were removed due to 
a low MAF (cohort MAF ≤ 0.05) and another 60 SNVs were re-
moved because they were highly correlated (Cramér’s V ≥ |0.9|). 
Finally, 168 SNV sites (Figure 1) were isolated from the germline 
NGS data and used for further analysis.

The waterfall diagram in Figure S3 shows the 20 genes with the 
highest mutation rates in the sequenced cohort. Notably, this list 
includes genes well known to be associated with chemotherapy, 
such as ABCC2 (100%), HNF1 (100%), and MMPN9 (100%).

Predictive performances of toxicity models
Adverse event data for 171 patients are presented in Table S2. 
Although the population studied is a subsample of the MITO- 
16A/MaNGO- OV2A study (398 patients), the distribution of 
adverse events is consistent with the original study.11

The most common toxicities that occurred throughout the 
treatment course were hypertension (grade ≥3 in 38%), protein-
uria (grade ≥1 in 27.8%), gastrointestinal toxicity (grade ≥1 in 
67.5%), neurotoxicity (grade ≥1 in 62.7%), anemia (grade ≥1 in 
52.8%), neutropenia (grade ≥1 in 66.3%, grade 3 in 43%), and 
thrombocytopenia (grade ≥1 in 23.9%).

In order to simplify the analysis when applying ML, we created 
additional new toxicity categories by combining different CTCAE 
toxicities of interest in the original studies (Table S2).11,12 These 
two new toxicity categories were hematological toxicity ≥3, in-
cluding anemia, neutropenia and thrombocytopenia, and non-
hematological toxicity ≥3, including hypertension, proteinuria, 
gastrointestinal toxicity, hepatological toxicity, and neurotoxicity. 
Since the high clinical relevance of hypertension and proteinuria 
these two toxicities were also singularly evaluated.10

Thus, we used novel categories and grade groupings to create 
binary predictive categories representing our research questions 
(Table S2); the categories were hypertension ≥3 (yes in 38%), he-
matological toxicity ≥3 (yes in 46%), nonhematological toxicity 
≥3 (yes in 43%) and proteinuria ≥1 (yes in 27%).

By applying the model development pipeline (Figure S2) to the 
final 168 SNVs, we trained and validated the XGB classifier for 
predicting predefined toxicity categories (Table S2), specifically 
hypertension ≥3, hematological toxicity ≥3, nonhematological 
toxicity ≥3, and proteinuria ≥1. The results of implementation are 
shown in Table 1.
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Variant importance highlights impact of individual SNVs on 
predicting toxicities
The contribution of each SNV to the prediction of toxicities was 
calculated as a z- scaled MDA using the Boruta algorithm. If an 
SNV performed better than the maximum MDA z score among 

the shadow attributes, it was considered important for toxicity 
prediction (Figure 2). The list of important SNVs and their rela-
tive z- scaled MDA is shown in Table S3.

Twenty SNVs were determined to be important for the hyper-
tension model (Figure 2a); the mean z- scaled MDA of the selected 

Figure 1 Heatmap of 171 patients clustered by the final 168 SNPs. The patients in the columns are divided into three main groups based on 
hierarchical clustering of SNV genotype (Euclidean distance, Ward method). The genotypes of the 168 SNVs are shown in rows and coded with 
the colors 0, 1, or 2. The gene and pathway annotation of the SNPs is given on the right- hand side. SNV, single- nucleotide variation.

Table 1 ML algorithms’ performance computed within the LOOCV.

Model nvar nrounds lambda alpha eta MCC

Hypertension ≥3 20 100 1.00 0.10 0.001 0.375

Proteinuria ≥1 11 1 0.01 0.01 0.001 0.410

Nonhematological ≥3 25 100 0.01 0.10 0.001 0.400

Hematological toxicity ≥3 13 1 0.10 1.00 0.001 0.388

Performances of each XGB classifier computed within the LOOCV validation and expressed as MCC. The best XGB hyperparameters are also reported.
alpha, Lasso regularization 1 term on weights; eta, step size shrinkage used in update; lambda, Lasso regularization 2 term on weights; LOOCV, leave- one- out 
cross- validation; MCC, Matthew correlation coefficient; nrounds, the number of rounds for boosting; nvar, the number of variables used to train the model; XGB, 
eXtreme Gradient Boosting model.
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Figure 2 Importance plots of toxicity models. (a) Hypertension; (b) proteinuria; (c) hematological toxicity; (d) nonhematological toxicity. Boruta 
plot with box plots of SNV importance over the course of cross- validation. Importance is given as z- scaled MDA, and SNVs are sorted by the 
median of the z- scaled MDA. The red box plots correspond to the minimum (shadowMin), average (shadowMean), and maximum (shadowMax 
or MZSA) z score of the shadow attributes. The green box plots represent confirmed important SNVs that perform better than the shadowMax 
attribute. MDA, mean decreased accuracy; SNV, single- nucleotide variation.
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SNVs was 6.13 (IQR = 4.99– 7.04), and ABCB1 rs9282564 was the 
best (z- scaled MDA = 9.05). Eleven SNVs were determined to be 
important for the proteinuria model (Figure 2b); the mean z- scaled 
MDA of the selected SNVs was 5.52 (IQR = 4.62– 6.36), and IL18 
rs5744292 was the best (z- scaled MDA = 6.82). Thirteen SNVs 
were identified as important in the hematologic toxicity model 
(Figure 2c); the mean z- scaled MDA of the selected SNVs was 
6.92 (IQR = 5.64– 8.48), and CYP3A4 rs28371763 was the best (z- 
scaled MDA = 9.74). Twenty- five SNVs were identified as import-
ant for the nonhematologic toxicity model (Figure 2d); the mean 
z- scaled MDA of the selected SNVs was 6.07 (IQR = 5.16– 6.83), 
and ABCB1 rs9282564 was the best (z- scaled MDA = 12.02). It is 
noteworthy that the mean value of the z- scaled MDA, which ex-
presses the mean significance of the selected SNVs, is comparable 
for all models, resulting in comparable performance of the models.

To assess whether significant SNVs were primarily detected in a 
particular gene or pathway, each SNV was assigned to a single gene 

in the panel based on its genomic position, and the genes were then 
assigned to a particular reactome pathway (Figure 3). For each tox-
icity model, the list of genes containing important SNVs is summa-
rized in Table S4.

Relationships between important SNVs of examined 
toxicities
A total of 43 SNVs were used for the models out of the 168 SNV 
sites originally extracted from the germline NGS data. The non-
hematological ≥3 models and hypertension ≥3 have 14 SNVs in 
common (nonhematological toxicity ⋂ hypertension) (Figure 4), 
which are probably sufficient to explain the hypertension cases 
with nonhematological toxicity. Most of the common SNVs were 
identified in the platelet derived growth factor (PDFG)(4 SNVs) 
and vascular endothelial growth factor (VEGF ) (3 SNVs) path-
ways, suggesting a key role for these pathways in the development 
of hypertension. Of note, ABCB1 rs9282564 was present in both 

Figure 3 Enrichment plots of important SNVs. (a) Hypertension; (b) proteinuria; (c) hematological toxicity; (d) nonhematological toxicity. An 
enrichment plot indicates the pathways in which the most important SNVs are found. Importance as z- scaled MDA is reported in the y- axis 
while pathways are given in the x- axis. After SNVs were mapped to genes based on their genomic position, genes were assigned to a reactome 
pathway. MDA, mean decreased accuracy; MZSA, maximum MDA Z score among shadow attributes; SNV, single- nucleotide variation.
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toxicities and proved to be the most significant SNV in both 
toxicities.

We used the 14 SNVs shared by the nonhematological toxicity 
≥3 and hypertension ≥3 models (nonhematological toxicity ⋂ hy-
pertension) to determine whether the smaller set of SNVs was still 
sufficient to predict such toxicities. The MCC score for LOOCV 
prediction of hypertension was 0.406 (ACC = 0.725), while the 
MCC score for prediction of nonhematological toxicity was 0.387 
(ACC = 0.702); the set of 14 SNVs not only provides sufficient in-
formation to predict hypertension, but also slightly increases the 
MCC score. Focusing on SNVs that can explain hypertension cases 
within nonhematological toxicity leads, as expected, to a slightly 
lower MCC value for the prediction of global nonhematological 
toxicity.

Association variants: Toxicity and polygenic toxicity risk 
score.
To investigate the influence of SNV genotype on the occurrence 
of toxicity, we used a logistic regression model; odds ratios were 
used to evaluate the relationship between SNV genotype and tox-
icity. The results of the univariate regression modeling are shown 
in Table S5.

We then created a polygenic toxicity risk score using multivar-
iate logistic regression with stepwise model selection to reduce 
Akaike information criteria to further investigate the cumula-
tive effects of significant SNVs on the development of toxicity 
(Table S6, Figure 5). When calculating the polygenic risk score 

for hypertension ≥3, basal hypertension values were taken into 
account because basal hypertension was associated with an in-
creased risk of developing hypertension toxicity (Table S7). The 
corresponding log odds of each patient was calculated based on the 
patient’s genotype, and then a hypertension ≥3 probability was cal-
culated. Finally, patients were stratified into high- risk hypertension 
and low- risk hypertension (Figure 6a). Log odds for the other tox-
icities were derived using the same method, using the odds ratios 
of their SNVs (table S6) to stratify individuals into high- risk and 
low- risk groups for each toxicity (Figure 6b– d). The ability of the 
scoring system to correctly classify patients into high- risk or low- 
risk is summarized as the odds ratio for high- risk patients in Table 
S8. Compared with low- risk patients, high- risk patients were 8.44 
to 45.3 times more likely to develop toxicity.

DISCUSSION
In this study, a rule- based ML approach was used to identify rela-
tionships between genome- related characteristics and treatment- 
related toxicity, particularly hypertension, the most common 
nonhematologic adverse effect reported with bevacizumab/che-
motherapy treatment.8,24

A basal hypertension state (prior to bevacizumab administra-
tion) was associated with a higher incidence of hypertension tox-
icity.11,25,26 Several studies, including a GWAS with four clinical 
trials, have shown an association between different germline vari-
ants and bevacizumab- related toxicities such as hypertension.10 In 
the present study, we specifically focused on a limited gene panel of 

Figure 4 Relationships between important SNVs. The association between significant 43 SNVs from the toxicity analyzed is illustrated on the 
left by the Venn diagram. The heatmap reflecting the 43 SNVs is shown on the right, with patients in the columns sorted into seven primary 
groups by severity of overall toxicity (grade sum of hematological and nonhematological toxicities) and the SNVs in the rows are grouped by 
toxicity and relative intersections. Row and column groups are clustered by hierarchical clustering of SNV genotypes (Euclidean distance, Ward 
method). Genotypes of 43 SNVs are displayed in rows and color- coded as 0, 1, or 2. SNV, single- nucleotide variation.
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Figure 5 Odds ratios of each polygenic risk score. (a) Hypertension; (b) proteinuria; (c) hematological toxicity; (d) nonhematological toxicity. 
We used multivariate logistic regression to further investigate the cumulative effects of significant SNVs on the development of toxicity. Blue 
dots and relative confidence interval bars represent odds ratios greater than 1 indicating increased incidence of toxicity in patients carrying 
that particular genotype; conversely, red dots and relative confidence interval bars represent odds ratios less than 1 indicating decreased 
incidence of toxicity in patients carrying that particular genotype. SNV, single- nucleotide variation. *P < 0.05; **P < 0.01, ***P < 0.001.

(a) (b)

(c) (d)

Odds ratios

S
N

V
S

N
V

S
N

V
S

N
V

Odds ratios

Odds ratios Odds ratios

ARTICLE

 15326535, 2023, 3, D
ow

nloaded from
 https://ascpt.onlinelibrary.w

iley.com
/doi/10.1002/cpt.2960 by Fondazione Irccs San G

erardo D
ei T

intori, M
onza, W

iley O
nline L

ibrary on [20/01/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



VOLUME 114 NUMBER 3 | September 2023 | www.cpt-journal.com660

60 genes reported to be involved in the pharmacodynamic effect 
of bevacizumab, carboplatin, and taxane.27 It should be noted that 
genes belonging to the panel used for this study are involved in sev-
eral signaling pathways, some of which are related to VEGF path-
ways, others to drug metabolism, and still others to the immune 
system and inflammation.28

Then, starting from 168 polymorphic DNA sites, we investi-
gated and ranked genetic germline variants associated with drug- 
induced toxicities, specifically hypertension ≥3, hematological 

toxicity ≥3, nonhematological toxicity ≥3, and proteinuria ≥1, 
using ML techniques. In this context, we have chosen grade 3 as 
the cutoff point for hypertension, as generally only severe hyper-
tension toxicities are considered the most clinically relevant.10

Our ML approach has two advantages. First, the SNV- based 
toxicity model provides reliable risk predictions and can therefore 
help in clinical decision making. In fact, CV was used to build the 
model and prioritize the variants, which provides accurate power 
estimates regardless of sample size.20 The MCC was used to assess 

Figure 6 Heatmap of patients stratified as low and high risk for each toxicity. (a) Hypertension; (b) proteinuria; (c) hematological toxicity; 
(d) nonhematological toxicity. The patients are arranged in the columns according to increasing probability of toxicity calculated from each 
polygenic risk score, from left to right. The genotypes of the SNVs used to classify patients into high and low risk are shown in rows and color- 
coded as 0, 1, or 2. SNV, single- nucleotide variation. Nonhem., nonhematological; tox., toxicity.
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classification performance in our binary classification. This metric 
outperforms the accuracy measure by preventing overly optimistic 
results.17 Second, this technique can be used to infer putative bio-
logical pathways underlying the development of toxicity in ovarian 
cancer patients treated with a combination of carboplatin, taxane 
and bevacizumab.

Here, a total of 43 SNVs were identified as critical for predict-
ing toxicity, 14 of which are present in both hypertension and 
nonhematological toxicity and are likely sufficient to explain the 
cases of hypertension with nonhematological toxicity. These 14 
SNVs could improve the prediction of hypertension. In addition, 
considering all nonhematological toxicities, including hyperten-
sion, as a single group increased the performance of the model. 
This argues for limiting the analysis to this approach without ex-
amining the predictability of the individual toxicities considered 
singularly. The different results obtained in our study compared 
with previous studies might depend on the different sequencing 
techniques used (gene panel vs. GWAS) and on the different sta-
tistical vs. ML approaches. Our approach allowed us to define 
SNVs important for hypertension and associated with PDFG and 
VEGF signaling. Moreover, we found that ABCB1 rs9282564 
was most significant in both hypertension and nonhematological 
toxicities.29,30 Conversely, despite that certain significant SNVs 
associated with hematological toxicity are associated with PDFG 
and VEGF signaling, the most significant and prominent SNVs in 
hematological toxicity are those associated with the biological oxi-
dation pathway, most notably CYP3A4 rs28371763 and CYP1B1 
rs9341266.31,32

In our study, the most frequent and significant association be-
tween SNVs and toxicity was found between coding synonym 
changes and noncoding variations in the 5′ and 3′ sides of the 
untranslated regions (or UTRs) of genes. The regulatory sites 
required for the modulation of transcription by proteins, microR-
NAs, and long noncoding RNAs can be altered by genetic varia-
tions in the UTRs as well as by variations in the coding regions.33 
In addition, association signals that appear meaningless at first 
glance may actually be SNVs that are in linkage disequilibrium 
(LD) with other unobserved SNVs that are likely to be relevant to 
the event under study.

To further assess the cumulative impact of genetic risk variations, 
we also developed a polygenic toxicity risk score that allowed us to 
divide patients into those at high and low risk of toxicity. The poly-
genic risk scores we created reflect the likelihood of toxicity for pa-
tients quite well, as the odds of developing toxicity was higher in 
high- risk patients than in low- risk patients.

Most of the confirmed SNVs are found in the PDGF and 
VEGF signaling pathways. VEGF signaling regulates a number of 
factors that may be associated with systemic hypertension.25 The 
FLT1 (VEGFR1) rs7993418 G allele enhances the efficiency of 
VEGFR1 messenger RNA translation.32 Platelet- derived growth 
factor (PDGF) stimulates smooth muscle cell migration and pro-
liferation in the pulmonary artery and may contribute to the de-
velopment of pulmonary arterial hypertension.30 An in silico study 
identified rs2229561 at the 3’- UTR site of the PDGFRB gene as a 
target of microRNA; variations at this site may alter PDGF signal-
ing by increasing expression of the corresponding gene.34

Remodeling of the extracellular matrix by matrix metallopro-
teinases (MMPs) affects the mechanical properties of conducting 
vessels. Higher MMP2 expression has been associated with intima 
and medial thickness of guide vessels.35 MMP2 rs7201 has been 
shown to be located in a microRNA- binding region, and the risk 
C allele acts as a loss- of- function mutation causing higher expres-
sion of MMP2.36 Interleukin 18 (IL- 18) is capable of altering en-
dothelial function or triggering vascular changes associated with 
hypertension, either directly or indirectly via oxidative stress path-
ways and induction of MMPs; clinical studies have consistently 
found a significant association between blood pressure and IL- 18 
levels.37 Alterations in serum levels of IL- 18 have been linked to 
the IL18 promoter polymorphism rs360717.38 In our analysis, the 
IL18 coding synonym variant rs549908 was identified as import-
ant. Although no data on this site can be found in the literature, 
rs549908 is linked to rs5744292 (R2 = 0.12, P ≤ 0.0001), which 
has been associated with diastolic blood pressure.39

The transmembrane efflux permeability glycoprotein ABCB1, 
also known as multidrug resistance 1 (MDR1), is widely known 
for its function in the transport of various drugs and other xeno-
biotics.40 In our study, missense C variation at rs9282564 was as-
sociated with a low risk of hypertension (OR = 0.11, P = 0.002). 
Cells with genotype CT were shown to have a slightly reduced 
ability to efflux paclitaxel compared with cells with genotype 
TT.41 Accordingly, human ABCB1 genes may be involved in 
blood pressure regulation, and several antihypertensive drugs are 
ABCB1 substrates; rs9282564 is linked to rs2032582 (R2 = 0.10, 
P ≤ 0.0001), which influences the pharmacokinetics of antihyper-
tensive drugs in healthy subjects.42 Cytochrome P450 Family 1 
Subfamily B Member 1 mediates pathways involved in blood pres-
sure control, migration, proliferation, and hypertrophy of vascular 
smooth muscle cells; its overexpression causes hypertension and 
associated pathologies.43 The alternative 3′ UTR variant at the site 
of the CYP1B1 gene rs162549 has been associated with a 1.5- fold 
increase in CYP1B1 expression.44

NR1I2 (nuclear receptor subfamily 1 group I member 2) en-
codes a protein that is a known regulator of CYP3A4 expression, 
an enzyme involved in the metabolism of 40– 50% of all drugs. 
The polymorphic locus rs3814057 was selected as a significant 
candidate for predicting hypertension, and patients with AC and 
CC have a lower risk of developing hypertension; the C allele 
rs3814057 is correlated with the G allele rs6785049 (R2 = 0.34, P 
≤ 0.0001). Sunitinib is a multicenter receptor tyrosine kinase in-
hibitor that acts similarly to bevacizumab by blocking VEGF and 
PDGF signaling pathways. Patients carrying the rs6785049 GG 
genotype may have a lower risk of hypertension when treated with 
sunitinib.45

We are fully aware of the limitations of our ML approach. First, the 
selection of the study population was limited to White women who 
participated in the clinical trial. In addition, the number of patients 
involved is relatively small compared with GWAS. Nevertheless, the 
validation techniques we used are the best solution when dealing 
with a limited sample size.46 Second, our discovery approach was 
unbiased, as it was a panel- based approach, with the possibility that 
some genes outside the sequencing panel were missed. However, the 
fact that we selected only a specific subset of genes related to the 
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metabolism of the drugs used in the study at least overcame this lim-
itation by deeply photographing the germline mutation landscape. 
Together with the limited panel of genetic variants, the limited 
number of patients and the unfeasibility to include different ethnic 
populations, the application of the proposed polygenic risk score 
may not be readily transferable to other ethnicities.47

The results of this study suggest that ML can be used to de-
velop a decision support tool to predict the risk of toxicity, es-
pecially in relation to hypertension. This may help to reduce the 
number of women affected by genetic toxicities and improve the 
management of this toxicity. Furthermore, the analytical frame-
work here used is generalizable and can be adapted to outcomes 
and pathologies that go far beyond the field of oncology and 
pharmacology.

SUPPORTING INFORMATION
Supplementary information accompanies this paper on the Clinical 
Pharmacology & Therapeutics website (www.cpt-journal.com).
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