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ARTICLE

Integration of germline pharmacogenomic burden to predict
fluoropyrimidine-related toxicity – A secondary analysis of the
PREPARE trial
Elena De Mattia 1,13, Yoomi Park2,3,13, Elena Peruzzi1, Yitian Zhou 2, Rossana Roncato1,4, Jerry Polesel 5, Lucia Scarabel1,
Matthias Schwab 6,7,8, Henk-Jan Guchelaar9, Jesse Joachim Swen9, Michele Spina10, Fabio Puglisi 4,10, Giuseppe Toffoli1,
Volker M. Lauschke 2,6,11,12,14✉ and Erika Cecchin 1,14✉

© The Author(s), under exclusive licence to Springer Nature Limited 2025

Testing for four dihydropyrimidine dehydrogenase (DPYD) variants (DPYD*2 A, DPYD*13, c.2846 A > T, DPYD-HapB3) is currently
implemented in clinical practice to prevent fluoropyrimidines (FLs) related toxicity but with limited sensitivity. This study aimed to
identify novel genetic factors in FL-related genes to enhance risk prediction using data from the PREPARE trial (NCT03093818). Two
hundred seventy-four patients receiving FL-based chemotherapy with severe toxicity were sequenced for 60 candidate genes.
Gene and pathway-level association analyses focusing mainly on rare variants were performed using dedicated statistical tests,
including gene-wise variant burden (GVB) analysis. DPYD germline variant burden beyond the four routinely tested markers
emerged to contribute to toxicity, indicating that rarer genetic variants could help in refining the optimal FL dosage (p < 0.1).
Functional rare variant burden in ABCB5, PARP1, ENOSF1, CYP3A4 and nuclear receptors pathway impacted on toxicity risk (p < 0.05
in at least one statistical test). GVB analysis confirmed ABCB5 as a significant risk gene and highlighted ABCC4, HNF4A, and XRCC3 as
additional candidates. A predictive model combining genetic burden scores with clinical variables improved the identification of
high-risk patients (sensitivity=0.71, specificity=0.74, accuracy=0.73). This study indicated a paradigm shift from population to
individual-level arguing for an extension of testing beyond the four DPYD currently considered variants to predict FL-related
toxicity.

Oncogene (2025) 44:4352–4362; https://doi.org/10.1038/s41388-025-03587-7

BACKGROUND
In recent years, human germline rare (minor allelic frequency
[MAF] <1%) and novel variants, identified by next-generation
sequencing (NGS) technologies, have been suggested to play an
important role in the field of pharmacogenetics and to represent
promising predictive markers for a personalized treatment [1–4].
Overall, it is estimated that approximately 30–40% of the overall
functional variability in pharmacogenes (i.e., transporters, phase I
and II enzymes, nuclear receptors) is caused by rare variants that
are not commonly considered in conventional targeted genotyp-
ing tests [5].
For specific genes, a high contribution in the observed

interindividual variability is hypothesized to be ascribable to rare
variants, as for instance for the dihydropyrimidine dehydrogenase

(DPD, encoded by the DYPD gene) [6]. DPD is the first and rate-
limiting enzyme in the detoxification pathway of fluoropyrimi-
dines (FLs), which include 5-fluorouracil (5-FU) and its oral prodrug
capecitabine. FL are widely prescribed for the treatment of many
different solid tumors [7, 8] but are affected by high rates of severe
toxicity, with a negative impact on treatment adherence, patients’
quality of life, and medical costs [9–14]. At present, four
prospectively validated DPYD variants (DPYD*2 A, rs3918290;
DPYD*13, rs55886062; c.2846 A > T, rs67376798; c.1236 G > A-
c.1129-5923 C > G [HapB3]; rs56038477-rs75017182) are routinely
tested for pre-treatment drug adjustments based on specific
clinical guidelines [7, 15–18]. However, they identify only a
minority (about 17%) of patients experiencing severe FL-related
toxicity [9, 13]. Among pharmacogenes, DPYD was found to have
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the highest number of relevant variants that are not captured by
conventional targeted genotyping [6, 19] and several clinical case
reports have shown that DPYD rare and novel variants could be
causative for severe toxic reactions to FL treatment [1]. Previous
studies suggested that DPYD rare and novel variants could
negatively impact the DPD enzyme activity [20]. Testing DPYD
sequence in a clinical setting failed to identify a role of rare DPYD
variants in developing FL-related toxicity at a population level but
pointed out a potential utility at the single patient level [21].
Our previous data suggested that DPYD rare and novel

missense variants could collectively detect an appreciable
additional fraction (about 13%) of patients at increased risk for
developing severe FL-related toxicity, improving the preemptive
identification of at-risk patients [22]. Successively our group
further showed that the burden of rare and novel variants in the
DPYS, encoding another member of the catabolic FL pathway, is
an additional predictive marker for the risk of developing severe
FL-related toxicity [23]. Based on these findings, it could be
anticipated that rare variants also in other genes involved in FL
disposition could play an important role in the pharmacogenetics
of FLs.
The aim of the present study is to identify additional markers for

the prediction of severe FL-related toxicity. To this end, data from
the multicenter, international, controlled, open, block-randomized
PREemptive Pharmacogenomic Testing for Preventing Adverse
Drug REactions (PREPARE)- Ubiquitous Pharmacogenomics trial
[24] were analyzed.

PATIENTS AND METHODS
Patient cohorts and clinical data collection
The study population for this single-country secondary analysis was
selected from patients enrolled in the prospective PREPARE trial
(NCT03093818) between March 7, 2017, and June 30, 2020 in three
participating clinical centers in Italy (Centro di Riferimento Oncologico,
Aviano; San Filippo Neri Hospital, Rome; Ca’ Foncello Hospital, Treviso) [24].
The PREPARE study adhered to the principles outlined in the 1975

Declaration of Helsinki (with the 1983 revision) and was granted ethical
approval by the local ethic committee. All patients provided written
informed consent before entering the study to donate their anonymized
blood samples for further studies including NGS analysis. While the
analyses described here were not pre-specified among the secondary aims
in the PREPARE protocol, a sub-study focusing on the role of rare and novel
genetic variants as markers of extreme toxicity phenotypes was planned
from the beginning [25]. All experiments were carried out in accordance
with the relevant guidelines and regulations of Centro di Riferimento
Oncologico di Aviano.
The flowchart of the study is shown in Fig. 1. Of the 1232 patients with a

histologically confirmed diagnosis of solid cancer enrolled in the PREPARE
trial, 727 patients were eligible for the study based on the following
criteria: (1) assumption of treatment containing fluoropyrimidines (5-FU or
capecitabine), given either as monotherapy or in combination with other
chemotherapy drugs; (2) available biological sample from peripheral blood
or saliva; (3) available detailed demographic and clinical data collected
within PREPARE trial as well as additional information extracted from the
patients’ clinical records in accordance with the study objective (e.g.,
tumor location, treatment regimen and schedule, setting of treatment,
detailed on toxicity)[12]; and (4) available genotype data for the four DPYD
risk genetic variants (i.e., DPYD*2 A, DPYD*13, c.2846 A > T, c.1236 G > A-
HapB3).
The study set was selected from the 727 eligible patients considering

the absence of any of the four DPYD risk genetic variants. Patients were
selected for the “toxicity group” if they developed at least one episode of
grade ≥3 hematologic or nonhematologic toxicity according to the
Common Terminology Criteria for Adverse Events (CTCAE) v.4.0, during the
first three months of therapy. Only those toxicities that were most likely to
be related to FL administration were considered (i.e., neutropenia,
leukopenia, and thrombocytopenia as hematological toxicity; nausea,
vomiting, diarrhea, hand-foot syndrome, mucositis, and cardiotoxicity as
non-hematological toxicity). Patients were selected for the “no-toxicity
group” if they did not develop any grade ≥3 hematologic or nonhema-
tologic FL-related toxicities during the first three months of treatment at
the standard dose conditions.

Candidate genes and polymorphism selection
Candidate genes were selected based on a literature search (PubMed-
MEDLINE) based on their described involvement within FL-related

Fig. 1 Flowchart of the study strategy.
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pathways (e.g., drug metabolism, folate pathway, drug membrane
transporters, gene transcription regulators, DNA repair enzymes). A set of
60 genes were eventually selected for the pharmacogenetic analysis. The
custom design of the panel was carried out by HyperDesign software,
based on Genome Build hg19/GRCh37 (February 2009), and captured the
genetic variability of all exons and their adjacent splice junctions (about 35
bases up- and downstream of the exon). The list of genes included in the
panel (n= 60), the pathway (n= 5) to which they belong, and the number
of bases covered by the custom design for each gene are shown in
Supplementary Table S1.

Library preparation and sequencing
Genomic DNA was extracted from peripheral blood samples, using the
BioRobot EZ1 automated system in association with the “EZ1 DNA Blood
Kit 350 μl” Kit (Qiagen), or from saliva samples, using the manual
purification method with the GeneJET Whole Blood Genomic DNA
Purification Mini Kit (Thermo Scientific). The extracted DNA was stored at
+4°C. The quality and quantity of DNA samples were assessed using the
Nanodrop (Thermo Scientific) spectrophotometric method (i.e., 260/280
and 260/230 ratio) and the Quantus™ Fluorometer (Promega), respectively.
Gene sequencing was carried out by a hybrid capture-based custom

Roche assay. DNA library preparation for all samples was conducted on
100 ng of input DNA. The library preparation was performed according to
the manufacturer’s instructions in KAPA HyperCap Workflow v3.4 User’s
Guide with the KAPA EvoPlus Kit (Roche). Briefly, the genomic DNA was
enzymatically fragmented, and after adapter ligation, a double-sided size
selection was performed to obtain fragments of approximately
300–350 bp, which were then amplified. Each library was pooled prior to
in-solution hybridization with custom KAPA HyperCap Target Enrichment
Probes (Roche) containing complementary oligonucleotide DNA baits.
Following washing, the captured libraries were amplified by PCR. The
concentration of single and pooled libraries was measured using a
Quantus™ Fluorometer (Promega), while quality and size distribution were
assessed using the 2200 TapeStation system (Agilent). Pooled libraries
were sequenced on a MiSeq platform (Illumina) according to the
manufacturer’s instructions, using a 300-cycle kit with a 2 × 150 paired-
end read setup.

Bioinformatic analysis, variants annotation and functional
prediction
Raw paired-end sequencing reads were aligned to the hg19/GRCh37
human reference genome using BWA-MEM (v0.7.18) with appropriate read
group identifiers to ensure consistent tracking across samples [26]. The
resulting SAM files were converted into BAM format, sorted, and indexed
with SAMtools (v1.20) [27]. Duplicate reads were then identified using
Picard (v2.2.1) and base quality score recalibration was conducted using
the Genome Analysis Toolkit (GATK, v4.2.1.0) with known variant sites from
dbSNP build 138 [28]. Variants were subsequently called using GATK’s
HaplotypeCaller in GVCF mode, restricting analysis to targeted genomic
regions as defined by a BED file. Each variant type underwent stringent
quality filtering based on depth, strand bias, mapping quality and rank
sum metrics to eliminate low-confidence calls. Based on allele frequencies
from non-Finnish Europeans (NFE) in gnomAD, variants were classified into
very rare (MAF ≤ 0.1%), rare (0.1% < MAF < 1%), common (MAF ≥ 1%), or
novel (not registered, MAF= 0). Variant classes were inferred using SnpEff
[29]. For missense variants, predictions from seven established in silico
tools (CADD phred, Mutation Assessor, PROVEAN, Polyphen2 HDIV,
Polyphen2 HVAR, REVEL, and SIFT) were obtained using ANNOVAR [30].
Additionally, the ADME-optimized prediction framework (APF) and the
updated APF2 score, were calculated [31, 32].

Statistical analysis
To investigate associations between rare variants and severe FL-related
toxicity, three statistical methods were employed: the burden tests,
variance component tests and Sequence Kernel Association Tests (SKAT-O)
tests [33]. Analyses considered rare variants (MAF < 1% or novel) that were
predicted as putatively functional (i.e., variants causing frameshifts, stop-
gain, start-lost and splice-site variants, in-frame indels, as well as
deleterious missense variants). Tests were performed at gene and pathway
levels using logistic regression under an additive genetic model adjusted
for FL type, administration of an anticancer co-treatment, age and sex. A
gene or pathway was considered significantly associated with toxicity if at
least one of the three statistical models yielded a p-value < 0.05. To correct

for multiple testing, raw p-values were adjusted using the
Benjamini–Hochberg false discovery rate procedure, with q-value thresh-
old of 0.05 defining statistical significance. Jackknife sampling approach
was used to identify influential variants contributing to associations. Gene-
wise variant burden (GVB) scores that quantify the cumulative effects of
genetic variation at the individual level were calculated for each of the
aforementioned nine variant effect predictors [34]. Scores were normalized
to a 0–1 scale, with lower values indicating higher functional impact
(Supplementary Table S2). Logistic regression analyses for GVB score were
performed with adjustment for FL type, co-treatment, age and sex. Genes
or pathways achieving a significant logistic regression p-value (<0.05) in at
least five out of the nine tools were prioritized. Individual variant effects
were subsequently tested within prioritized genes and pathways.
Interactions between genetic variants and co-medications (oxaliplatin or
irinotecan) on toxicity were evaluated using logistic regression models
incorporating GVB-comedication interaction terms, adjusted for age and
sex, at both the gene and pathway levels.
Predictive modeling of toxicity outcomes involved clinical, genetic, and

combined clinical-genetic models. Clinical variables included sex, age, FLs
type, co-treatment with other anti-cancer drugs (yes/ no), and type of co-
administered anticancer drugs (irinotecan or oxaliplatin). Genetic pre-
dictors incorporated GVB scores from prioritized genes. All predictive
models were constructed using Python’s scikit-learn [35], employing
standardized numerical features, one-hot encoding for categorical
features, and logistic regression classifiers. Model performance was
evaluated using repeated stratified k-fold cross-validation (a five-fold
scheme repeated 100 times, 500 total iterations per model), with the area
under the receiver operating characteristic curve (AUC) as the primary
evaluation metric. At the optimal threshold, binary predictions were
generated and confusion matrices used to calculate sensitivity, specificity,
accuracy, false positive rate (FPR), false negative rate (FNR), and positive
predictive values (PPV). The number needed to surveil (NNS) was
calculated as 1/PPV and the ratio of false positives to true positives (FP/
TP) were derived to quantify clinical surveillance burden. Standardized
logistic regression coefficients were extracted from the final combined
model to assess the relative contributions of individual predictors.

RESULTS
Sequencing and patient characteristics
A total of 274 FL-treated patients (n= 143 in the “toxicity group”;
n= 131 in the “no-toxicity group”) were selected and analyzed by
targeted NGS covering 60 genetic loci. All the sequenced samples
passed quality checks by FastQC. Overall, an average of 528,457.9
( ± 115,375.3, sd) mapped reads per sample was generated, with
99.95% ( ± 0.02) of reads aligning and 95.5% ( ± 1.7) of bases
achieving a recalibrated quality score of Q20 or higher. The mean
depth of coverage across targeted regions was 151.2 ( ± 31.3).
The main clinical-demographic features of the two study

populations are shown in Table 1. The two groups were balanced
in terms of clinical-demographic characteristics. Almost all
patients (272 [99.2%]) were of self-reported European ethnicity;
one patient each was of self-reported African and Hispanic
ancestry. Of the 143 patients in the “toxicity group”, 105 (73.4%)
developed grade 3 toxicity, 36 (20.2%) grade 4 toxicity, and 2
(1.4%) grade 5 toxicity, as the maximum grade of hematologic or
non-hematologic toxicity during the first three months of
treatment. 110 of 143 patients (76.9%) developed grade ≥3
hematologic toxicity, with neutropenia being the most common
adverse event (89/143; 62.2%). 52 of 143 patients (36.4%)
developed grade ≥3 non-hematologic toxicity of which diarrhea
was the most common (29/143; 20.3%).

Genetic landscape in 60 FL-related pharmacogenes
The genetic variability in 60 genes involved in the mechanism of
action of FLs was analyzed. These include genes involved in drug
metabolism and folate cycle (n= 9), phase I-II enzymes (n= 4),
ABC/SLC transporters (n= 15), nuclear receptors (n= 10), and
DNA repair pathways (n= 22, Fig. 2A). From 274 individuals a total
of 908 exonic single-nucleotide variants and indels were identified
(Fig. 2B). Of these, 520 variants (57.3%) were classified as missense,
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start-lost, stop-gained, frameshifts, or affected canonical splice
sites. The remaining variants were synonymous changes (307;
33.8%) or were localized in untranslated regions (2 in the 5’ UTR
[0.2%] and 27 in the 3’ UTR [3%]). Among the exonic variants,
several putative loss-of-function variants were identified, including
22 frameshift variants, 8 stop-gain variants, 2 start-loss variants,
and 1 variant affecting a splice site (Fig. 2B). Notably, the majority
of variants were rare (69.9%) or very rare (52.1%). Furthermore,
nearly half (48.3%) of all variants were only observed in a single
individual, highlighting the genetic diversity within these phar-
macogenes (Fig. 2C). To evaluate the functional importance of rare
pharmacogenetic variants, the frequencies of putatively functional
variants were calculated and substantial differences across the 60
genes were observed. Overall, the majority of the genetically
encoded functional variability was attributed to rare variants
whereas in ABCG2, PPARG, PMS1, OGG1, XRCC3 and MSH2,
functional variability was driven primarily by common variants

(Fig. 2D). The number of putatively functional variants was
particularly low in STAT3, and no functional variants were detected
in ERCC1. Overall, each patient harbored an average of 48.4
variants that affected the amino acid sequence of the respective
gene products across the 60 target genes, with rare variants
accounting for 4.2 (8.6%) of these (Fig. 2E).

DPYD variants and FL-induced toxicity
Since functional DPYD variants are known to be strongly
associated with grade ≥3 toxicity during FL chemotherapy,
genetic variability in DPYD was evaluated. Carriers of the four
clinically established DPYD variants were excluded during cohort
selection and these variants were thus not present in the selected
patients. However, ten other DPYD variants with putative
functional impacts (9 missense and 1 frameshift; Supplementary
Table S3) were identified. While these variants have been
previously reported in the PharmVar database [36], they had not
been implicated in FL toxicity. Rare variant association tests for
rare functional DPYD variants did not yield statistically significant
results (burden test p= 0.1624; variance component test
p= 0.3320; SKAT-O test p= 0.2492), likely at least in part due to
the low numbers of carriers. However, when the aggregated
functional impact of all identified DPYD variants was evaluated
using GVB analysis, marginally significant associations were
identified (p < 0.1, Supplementary Fig. S1), suggesting a residual
increase in risk among rare variant carriers to develop severe FL-
induced toxicity. This finding indicates that DPYD variability
beyond the four clinically validated variants may contribute to
toxicity in this specific set of Italian patients of self-declared
European ancestry.

Rare variants association analyses
Next, rare variant association tests for the remaining 59 target
genes were performed. It was hypothesized that rare variants tend
to be functional; therefore, the effects of putative functional
variants with low minor allele frequencies within defined regions
were aggregated and analyzed using three complementary tests
(i.e., burden tests, variance component tests and SKAT-O tests).
Specifically, the burden test collapses all rare variants within a
gene into a single score, assuming that variants act in the same
direction. The variance component test instead treats each
variant’s effect as a random variable, allowing for heterogeneity
in both direction and magnitude. SKAT-O adaptively combines the
two approaches to maximize power across a range of effect
scenarios. Importantly, four genes showed significant associations
with FL-induced toxicity at the gene level (Table 2A). ABCB5
exhibited the strongest association, with significant results across
all three tests (burden test p= 0.0027; variance component test
p= 0.0330; SKAT-O test p= 0.0052). PARP1 showed a strong signal
in the burden (p= 0.0058) and SKAT-O (p= 0.0087) tests,
suggesting that variants in PARP1 likely have similar directional
and comparable magnitudes effects on toxicity. In contrast,
ENOSF1 and CYP3A4 yielded the strongest signals in the variance
component test (ENOSF1: variance component test p= 0.0105 and
SKAT-O test p= 0.0178; CYP3A4: variance component test,
p= 0.0488; SKAT-O test, p= 0.0776), indicating that these genes
may harbor both risk and protective variants or include many non-
causal variants. At the pathway level, nuclear receptors emerged
as significantly associated with severe toxicity (burden test,
p= 0.0060; SKAT-O test, p= 0.0113, Table 2B). After Benjamini-
Hochberg multiple testing correction, the nuclear receptor path-
way remained significantly associated with toxicity (FDR
q= 0.0302), whereas individual genes were only borderline
significant (ABCB5, q= 0.13 and PARP1, q= 0.14).
When individuals with at least one nonsynonymous rare variant

were recoded as carriers, the variant carriers in ABCB5, PARP1, and
CYP3A4 were associated with increased risk of toxicity, whereas
carriers in ENOSF1 and the nuclear receptor pathway exhibited a

Table 1. Socio-demographic and clinical characteristics of solid cancer
patients enrolled in the study.

Toxicity
group
(n= 143)

No-toxicity
group
(n= 131)

p-value

Sex, N (%)a

Female 80 (55.9) 68 (51.9) 0.5448

Male 63 (44.1) 63 (48.1)

Age, years (median,
range)b

63 (29-81) 64 (37-81) 0.4460

Cancer Type, N (%)c

Head-neck cancer 44 (30.8) 18 (13.7) 0.718

Colorectal cancer 43 (30.1) 61 (46.6)

Gastro-esophageal
cancer

21 (14.7) 24 (18.3)

Pancreatic cancer 15 (10.5) 11 (8.4)

Breast cancer 12 (8.4) 8 (6.1)

Other 8 (5.6) 9 (6.9)

Fluoropyrimidines, N (%)a

5-Fluorouracil 109 (76.2) 73 (55.7) 0.0005

Capecitabine 34 (23.8) 58 (44.3)

Co-treatment, N (%)a

Monotherapy 14 (9.8) 18 (13.7) 0.3494

Association with
oxaliplatin

104 (72.7) 93 (71.0) 0.7887

Association with
irinotecan

25 (17.5) 23 (17.6) 1

Max Toxicity Grade*, N (%)

0 - 50 (38.2)

1 - 78 (59.5)

2 - 3 (2.3)

3 105 (73.4) -

4 36 (25.2) -

5 2 (1.4) -

Early G3-5 toxicity
(within 30 days), N
(%)

96 (67.1) -

aP values were calculated using the Fisher’s exact test. bP values were
calculated using Wilcoxon test.
cP values were calculated using chi-squared test for trend in proportions.
*Maximum grade of hematological or non-hematological toxicity experi-
enced by the patients.
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decreased risk. Specifically, ABCB5 variant carriers have a 4.8-fold
increased risk of developing toxicity compared to non-carriers
(95%CI:1.7–13.3, p= 0.0028), while individuals with at least one
nonsynonymous rare variant in the nuclear receptor pathway
experience about a 58% reduction in the odds of developing
toxicity (OR= 0.42, 95%CI:0.19–0.93, p= 0.0327). Using jackknife
sampling to prioritize the main contributing variants, the
aggregated effects of rare variants (9 of 12 in ABCB5, 6 of 6 in

PARP1, 3 of 5 in CYP3A4, 3 of 7 in ENOSF1, and 15 of 24 in the
nuclear receptor pathway) that contributed to FL-induced toxicity
was identified (Supplementary Fig. S2, Supplementary Table S4).

Gene wise variant burden (GVB) analysis
To evaluate the cumulative impact of all identified variants within
defined regions, GVB analyses were performed. For each of the
274 samples, a GVB score was computed for each of the 60 target
genes and logistic regression analyses were conducted. Four
genes (ABCB5, ABCC4, HNF4A, XRCC3) exhibited significant
associations (Table 3). Specifically, ABCB5 and ABCC4 were
associated with an increased risk of severe FL-induced toxicity,
as indicated by negative beta coefficients (lower GVB score
corresponds to higher risk). In contrast, HNF4A and XRCC3
exhibited protective effects (positive beta coefficients). Notably,
two common variants (rs6461515 in ABCB5 and rs861539 in
XRCC3) showed statistically significant frequency differences
between the “toxicity” and “no-toxicity” groups (p < 0.05) by
themselves, suggesting that they substantially contributed to
toxicity risk (Supplementary Fig. S3). Approximately 40% of the
variants in each gene (ABCB5: 8/21, ABCC4: 5/12, HNF4A: 2/5,
XRCC3: 2/3) were detected exclusively in the “toxicity group”. In
the putative risk genes, over 60% of these rare variants (ABCB5: 5/
8, ABCC4: 3/5) were predicted to be damaging, suggesting that
while other individual variants may not reach statistical signifi-
cance on their own, their aggregated effect constitutes a
substantial risk signal. A high degree of concordance (84%) in
functional predictions was observed across nine established in

Fig. 2 The landscape of genetic variants in the study population across all tested target genes. Only variants annotated with target genes
were included in the analysis. Multi-allelic variants were split and counted as separate variants and single variants with unclear classification
(e.g. structural interaction variants) were merged into “missense” A Pie chart illustrating the distribution of the 60 target genes across various
pathway. B 520 (57.3%) of the 908 identified variants were nonsynonymous. The pie chart details the distribution of each nonsynonymous
variant type. C The minor allele frequency (MAF) distribution of all the identified variants is displayed for both the gnomAD Non-Finnish
European (NFE, green line) and the PREPARE study population (blue line). Based on gnomAD NFE frequencies, 69.9% of variants were classified
as rare (MAF < 1%) and 52.1% as very rare (MAF < 0.1%), whereas in PREPARE, 66.6% were rare and 48.3% were singletons. Variants found only
in the PREPARE dataset (i.e., absent in gnomAD NFE) were assigned a pseudo-value of 1e-6 to ensure that all variants are represented on the
plot. D The frequency of putative functional variants is plotted on a log scale, shown as dots connected by a white line for each of the 60
target genes (right y-axis). The fraction of overall genetic variability allotted to common (light blue) and rare (dark blue) variants is shown on
the left y-axis. The proportion of putative functional variants is indicated by a hatched overlay. E Across the 60 target genes analyzed, each
individual carried, on average, 4.18 rare and 44.24 common putative functional variants.

Table 2. Genes A and pathways B significantly (p < 0.05) associated
with fluoropyrimidine-induced toxicity in at least two of the three rare-
variant association tests.

Burden
test*

Variance
component test*

SKAT-O*

(A) Gene

ABCB5 0.0027 0.0330 0.0052

PARP1 0.0058 0.1480 0.0087

ENOSF1 0.5488 0.0105 0.0178

CYP3A4 0.3260 0.0488 0.0776

(B) Pathway

Nuclear
Receptors

0.0060 0.1131 0.0113

*p-values were estimated adjusting for sex, age, and fluoropyrimidine type
and co-treatment (yes/no).
Associations with p < 0.05 are evidenced in bold.
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silico tools for the majority of rare variants identified in these key
genes (Supplementary Table S5).
To investigate whether FL-toxicity was influenced by drugs co-

administered with FL (i.e., oxaliplatin and irinotecan), an interac-
tion analysis was performed. In the oxaliplatin treated group, three
genes (MGMT, SLCO1B1, ABCC3) showed significant associations
(Table 4). Specifically, the DNA methyltransferase MGMT and the
ABC transporter ABCC3 were shown to be associated with an
increased risk of severe FL-induced toxicity, suggesting that
variant carriers in these genes are more likely to develop toxicity
when treated with oxaliplatin. Conversely, carriers of SLCO1B1
variants had a lower risk of FL-toxicity under oxaliplatin co-
treatment. Follow-up allele-specific interaction analyses of the
reduced function alleles SLCO1B1*5 and SLCO1B1*15 abolished
significance (p > 0.35) and recalculation of GVB score without
these alleles abolished the protective interaction (all interaction
p-values > 0.05). These results suggest that *5 and *15 are the
primary drivers of the observed protective signal. No significant
associations were identified in the subgroup analysis when
stratifying by irinotecan treatment.

Integration of germline genetic burden into a predictive
model for severe FL-induced toxicity
To enhance translational application, three predictive models were
developed that considered clinical information, genetic data or
both. For genetic data, the GVB scores for all significant results
from the association analyses were used (i.e., DPYD along with
ABCB5, PARP1, ENOSF1, CYP3A4, HNF4A, ABCC4, and XRCC3 as well
as ten genes from the Nuclear Receptors group). Performance of all
models was evaluated using repeated stratified five-fold cross-
validation. The genetic model exhibited comparable accuracy to
the clinical model based solely on patient clinical characteristics
(clinical model AUC= 0.6 ± 0.06 [mean ± SD] versus genetic model
AUC= 0.62 ± 0.07). The combined clinical-genetic model, which
integrated both clinical variables and genetic data, achieved the
highest performance (AUC= 0.66 ± 0.066). At an optimal prob-
ability threshold of 0.542, the combined model achieved a
sensitivity of 0.71, specificity of 0.74 and accuracy of 0.73 with
false-positive and false-negative rates of 0.26 and 0.29, respectively
(Table 5, Supplementary Fig. S4). The clinical model showed the
highest sensitivity, reflecting that clinical risk factors can be
identified in most individuals. In contrast, the genetic model, which
is mostly composed of rare variants that are only identified in a
subset of patients, exhibited lower sensitivity but higher specificity.
By comparison, the clinical model had substantially lower
specificity (0.46) and a much higher false-positive rate of 0.54.
The positive predictive value of the combined model was 0.75,
meaning that out of 100 patients flagged for increased genetic risk,
75 patients experienced severe FL-related toxicity. In contrast, only
61 patients would manifest toxicity per 100 identified patients
when using clinical parameters only (PPV= 0.61).
To further evaluate the clinical utility of the combined model,

we simulated a cohort of 10,000 patients receiving FL-based
chemotherapy. Parameter estimates for toxicity prevalence, DPYD

variant carrier frequency, and the sensitivity and specificity of
DPYD-only testing were derived from an aggregated literature-
based dataset [37]. In the simulation, DPYD genotyping was
applied to the full cohort, followed by application of our predictive
combined model to DPYD-negative individuals. Predicted metrics
were calculated for both DPYD-only testing and the combined
strategy to enable direct comparison of performance and
estimation of the additional number of at-risk patients identified
by the integrated approach (Supplementary Table S6). Assuming a
DPYD variant carrier prevalence of 1.45% and an overall toxicity
prevalence of 25.2%, the simulation showed that DPYD-only
testing would identify only 73 out of 2520 toxicity cases (2.9%
sensitivity) but with high specificity (99.0%). NGS-based evaluation
of non-carriers using the combined strategy identified an
additional 1741 true positives (1814 toxicity cases in total;
sensitivity 71%). However, specificity was reduced to 74%. This
improvement may reflect the model’s ability to integrate risk
signals from a broader range of pharmacogenes, particularly rare
variants not captured by standard DPYD genotyping. These results
indicate that in patients without actionable DPYD variants who
currently do not benefit from genetically guided dose adjust-
ments, the consideration of genetic information can improve
personalized risk stratification for severe FL-induced toxicity and
that integration of clinical and genetic data yields the most
efficient strategy to identify at-risk individuals.

DISCUSSION
Currently, genotyping for the four validated DPYD markers
(DPYD*2 A, DPYD*13, c.2846 A > T, c.1236 G > A-HapB3) is the only
validated test to preemptively identify patients at risk of
developing severe FL-related toxicity. However, a significant
number of severe toxicity events are missed by this targeted
genotyping strategy. Evolving sequencing technologies now allow
to obtain a comprehensive picture of a patient’s genetic
variability, facilitating the transition from candidate analyses to
the interpretation of genetic signatures for the guidance FL-based
therapy [1, 3, 22, 23].
The present study defines an analytical framework for the

identification of genes that modulate FL toxicity risk based on
germline variant burden and their integration in a clinical
predictive model. The results suggest that other DPYD variants,
beyond the four routinely tested in clinical practice, could
contribute to refine the prediction of the risk of toxicity thus
improving the selection of the optimal FL dosage. While statistical
significance for individual rare and ultrarare variations is difficult to
obtain using conventional single variant association tests, these
results align with various clinical cases that indicate severe toxicity
in rare variant carriers [38–44]. In addition, the analyses reveal that
functional variants in ABCB5, DNA repair genes or in nuclear
receptors may significantly modify the risk of developing FL-
related toxicity at the patient level. While the effect sizes of these
novel associations are lower than the four well-established DPYD
variants (Supplementary Table S7) and the predictive performance

Table 5. Performance metrics for clinical, genetic, and combined predictive models of severe FL-induced toxicity.

Model Sensitivity Specificity Accuracy FPR FNR PPV NNS Unnecessary surveillance per
TP

Optimal
threshold

Clinical 0.76 0.46 0.62 0.54 0.24 0.61 1.65 0.65 0.472

Genetic 0.62 0.73 0.67 0.27 0.38 0.71 1.40 0.40 0.549

Combined 0.71 0.74 0.73 0.26 0.29 0.75 1.33 0.33 0.542

The key diagnostic measures for each model are evaluated at the optimal probability threshold determined by Youden’s index. The number needed to surveil
(NNS= 1/PPV), representing how many patients must be monitored to identify one true high-risk case, and the number of false positives per true positive
(FP / TP), reflecting unnecessary surveillance burden.
FPR false positive rate, FNR false negative rate, PPV positive predicted value, NNS number needed to surveil, FPfalse positives, TP true positives.
Associations with p < 0.05 are evidenced in bold.
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primarily driven by rare variants is moderate, the results suggest
that the identified markers might be powerful complements to
refine current DPYD genotyping strategies. However, larger,
independent replication cohorts will be needed to refine effect
size estimates. The predictive model, which combines genetic
data with clinical information, significantly improves both
sensitivity and specificity for the identification of at-risk patients,
thereby opening possibilities for patients that do not benefit from
conventional targeted DPYD genotyping. Importantly, this inte-
grated clinical–genetic approach provides the most efficient
surveillance strategy, requiring fewer patients to monitor per true
at-risk case and minimizing unnecessary follow-up, highlighting its
practical feasibility in the clinical setting. Overall, these findings
demonstrated that integration of comprehensive sequencing and
computational variant effect predictions can identify new FL risk
genes and support the development of more personalized
treatment strategies for severe FL-induced toxicity. Previous
evidences demonstrated the value of developing predictive
algorithms that incorporate the most relevant clinical factors
[45] as well as the four routinely genotyped DPYD variants [46] to
predict the high risk of life-threatening FL-related toxicity.
However, at our knowledge this is the first study looking at the
integration of clinical data with rare or novel variants markers in
DPYD gene as well as in other FL-related pharmacogenes. Notably,
for the presented analyses, only variations covered by our NGS
panel were evaluated. As such, some regulatory variations, such as
the DPYD rs4294451 enhancer variant, previously associated with
an increased risk of severe FL-related toxicity [47], are not
considered. The inclusion of such variants could potentially further
enhance the predictive accuracy of the developed GVB model.
ABCB5 belongs to the most polymorphic members of the ABC

transporter superfamily [48]. In the described cohort, patients
carrying at least one nonsynonymous rare variant exhibited a
significantly increased risk of developing FL toxicity compared to
non-carriers. This association was also confirmed by considering
both common and rare variants. The common missense ABCB5
polymorphism rs6461515 (p.Glu970Lys) emerged as a significant
predictor of severe FL-related toxicity in the GVB analysis. This
finding aligns with previous preclinical studies in human colorectal
cancer models that suggest that ABCB5 mediates chemoresistance
against 5-FU [49, 50]. Specifically, the ABCB5 rs6461515 poly-
morphism impacts the substrates-interaction site at the protein
level, potentially affecting the substrate specificity [51]. These
results provide a first molecular underpinning to the identified
association. Further in vitro studies, such as transporter activity
assays, may be helpful to characterize the functional effect of the
ABCB5 rs6461515 polymorphism on FL efflux at the molecular level
and thus elucidate the biological mechanism behind this genetic
association. Similarly, the identification of ABCC4 (MRP4), are in
agreement with preclinical and clinical data showing that MRP4 is
involved in modulating sensitivity to FLs and individual response to
FL-based chemotherapy [52–54]. Thus, it can be hypothesized that
deleterious variation in ABCB5 or ABCC4 may lead to reduced
export of FL or its metabolites, leading to increased toxicity risk.
Although further studies are needed to better understand the
biological mechanism underlying this association, the burden of
putatively functional variants in these genes may represent a good
candidate marker for predicting FL-related toxicity and point out a
major role of drug efflux in this clinical phenotype.
An additional gene related to the expression level of the major

FL pharmacodynamic target thymidylate synthase (TS, TYMS) is
enolase superfamily member 1 (ENOSF1), which encodes a
mitochondrial enzyme also known as reverse TS (rTS). The ENOSF1
gene locus is adjacent to TYMS and a regulatory interaction
between the two genes has been suggested. High expression
levels of ENOSF1 have been found to suppress TS expression, either
by inducing the production of an antisense RNA targeting TYMS or
by inducing the expression of a protein that modulates TS protein

translation [55, 56]. Hence, alterations in ENOSF1 might impact the
pharmacodynamic effects of FLs either directly or indirectly.
DNA repair mechanisms have been demonstrated to play a

crucial role in determining the sensitivity to FLs [57, 58]. In vitro,
ex vivo, and in vivo experimental results have indicated that PARP1
may modulate the sensitivity to 5-FU through the regulation of the
mismatch repair (MMR) pathway [59–61]. Additionally, GVB high-
lighted an enrichment in genetic polymorphisms in other genes
involved in DNA damage repair, comprising both the mismatch
repair and homologous recombination pathways. XRCC3 is
involved in the repair of 5-FU-induced DNA damages [57] and a
specific XRCC3 missense variant (rs861539, p.Thr241Met) [62, 63]
emerged as protective marker in our analyses. While the functional
effect of this polymorphism is still unclear, previous reports
suggested associations with treatment outcomes and survival
upon FLs therapies in various solid malignancies [64, 65].
Nuclear receptors encode for a family of transcriptional factors

that can be induced by endo or xenobiotic molecules and
modulate the expression of phase I and II drug metabolizing
enzymes and membrane transporters [66–69]. Genetic variants in
these genes were previously suggested to impact the bioavail-
ability of anti-cancer drugs, including FLs [66–68], and thus
represent potential candidates as pharmacogenetic marker.
Among the nuclear receptors, the analysis presented here
identified the strongest signal for HNF4A, which emerged as a
significant protective marker against FL-related toxicity. This
finding is supported by data from the literature, as multiple
papers, including a meta-analysis combining the analysis of
several microarray studies, have identified HNF4A as a hub gene
that plays a key role in the regulation of responsiveness to FL-
containing chemotherapy, probably because of its strong regula-
tion of genes encoding the 5-FU membrane transporters [70, 71].
The results of the present work thus support the predictive value
of rare HNF4A variations in the clinical setting. Besides HNF4A,
experimental in vitro and ex vivo evidence also implicates other
members of the nuclear receptor family, such as PXR (NR1I2), GR
(NR3C1) and PPARG in the modulation of 5-FU sensitivity [72–74].
Mechanistically, these receptors can increase cellular drug efflux
by inducing P-gp and MRP3, or they can act via controlling the
expression of genes related to 5-FU pharmacoresistance including
pro- and anti-apoptotic proteins.
Interaction analysis suggested that variants in MGMT, ABCC3 and

SLCO1B1 have a more significant effect on the subgroup of patients
receiving oxaliplatin cotreatment. MGMT, or O6-methylguanine-
DNA methyltransferase, is a DNA repair enzyme that plays a crucial
role in protecting cells from the damaging effects of chemother-
apeutic drugs such as alkylating agents [75]. Although literature
data have not directly associated MGMT with oxaliplatin cytotoxi-
city, DNA repair mechanisms play a crucial role in the activity of
platinum agents [55, 56, 76], and thus support a potential
interaction between MGMT and oxaliplatin [77]. Preliminary data
have also suggested an involvement of the transporters encoded
by ABCC3 and SLCO1B1 in membrane translocation of oxaliplatin,
potentially modulating its bioavailability and toxicity profile [78–80].
Although preliminary, these data indicate that integrating FL‑spe-
cific markers with additional genetic predictors related to the
co‑treatment may yield a more comprehensive assessment of an
individual’s risk of developing toxicity.
The disposition and cytotoxicity of FLs is the result of several

interconnected biological mechanisms that interact and converge
[56, 76, 81, 82]. It could be hypothesized that nuclear receptors,
such as HNF4A, alter the expression of membrane transporters
and phase I enzymes [66–68], thereby impacting FL pharmacoki-
netics and intracellular FL concentrations. The resulting altered
exposure can impact FL effects on its target thymidylate synthase
(TS) and the related enzyme system, thereby providing a plausible
model that unifies effects in pharmacokinetic and pharmacody-
namic genes [55, 81]. In addition, FL cytotoxicity can be
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modulated by DNA damage repair proteins [58]. Notably, we
identify FL sensitivity signatures in both pharmacokinetic (ABCB5,
ABCC4 and CYP3A4), pharmacodynamic (ENOSF1) and DNA
damage repair pathways (PARP1 and XRCC3), thus providing
genetic evidence that corroborates the complexity and interaction
of the different pathways in modulating FL toxicity risk.
The overall effect of these non-DPYD genes is promising but still

limited as compared to current DPYD genotyping strategies, and
further validation is needed to elucidate their real predictive value
and the potential strategies for their prospective application to
guide FLs precision dosing in the clinical practice. Furthermore, it will
be important to determine the extent of dose adjustment required
in patients with pharmacogenetic risk signatures beyond DPYD and
whether the clinical benefit of upfront dose reductions in at-risk
patients would outweigh unnecessary dose-reductions in false-
positives. Although this analysis was focused on the identification of
toxicity markers, it was already previously demonstrated how
genetic signatures related to drug pharmacokinetics may affect
treatment efficacy by impairing treatment exposure and adherence
[12, 83–86]. It is worthwhile considering a future evaluation of what
role the germline pharmacogenomic burden may have on the
tumor response and survival in patients treated with FLs.
Combined, these data indicate that comprehensive sequencing

of candidate genes, including but not limited to DPYD, can
provide clinically useful additional information that is not captured
by targeted genotyping approaches. However, challenges remain
for the widespread implementation of such NGS-based strategies.
These include higher turnaround times, higher costs, a lack of
standardization with regards to the functional interpretation of
rare and novel variations and a paucity of formal cost-
effectiveness evaluations, which are required by most national
health care providers to consider the reimbursement of such test
costs [87]. Currently, efforts by several international working
groups aim to address these limitations and pave the way for the
integration of rare variant information into pharmacogenomic
guidance documents [88]. These efforts are fertilized by the
increasingly widespread use of NGS technology and reduced
analytical costs, which jointly facilitate the adoption of such
targeted sequencing approaches in routine clinical practice.
Some limitations of the present study need to be considered.

First, the study included patients treated mainly with FL in
combination with oxaliplatin and irinotecan. An interaction
analysis was performed to account for comedication confounding,
but the low patient number in the different strata did not allow for
conclusions with sufficient statistical power. Similarly, the cohort
size did not allow for an evaluation of the effect of genetic profiles
on severe grade 4–5 toxicities [47]. An additional limitation is the
lack of replication in an external cohort. While we aimed to
mitigate this concern through rigorous and extensive internal
cross-validation, validation in independent cohorts, ideally com-
prising also other ethnogeographic groups to increase the
generalizability of our findings [89, 90], remains to be of high
importance. With few exceptions, the rare variants identified in
our study showed limited inter-ethnic variability (Supplementary
Table S5); yet, external validation in multiethnic cohorts remains
an important objective for future work. We anticipate that the
predictive model could be further improved by incorporation of
additional clinical parameters known to influence FL toxicity risk,
such as kidney and liver function [45]. However, these data were
unfortunately not available for the analyzed patient population.
In conclusion, the presented results underscore the potential of

comprehensive pharmacogenomic strategies coupled to variant
burden analyses to highlight genes that contribute to FL toxicity
risk. Specifically, rare variants in ABC transporters (ABCB5, ABCC4),
nuclear receptors (especially HNF4A), DNA repair enzymes (PARP1,
XRCC3), regulators of TYMS activity (ENOSF1) and cytochrome
P450s (CYP3A4), emerged as significant predictors that could
improve patient stratification in addition to DPYD. The present

study thus paves the way for a paradigm shift from population-
level screening of candidate variants towards a truly individualized
pharmacogenetic approach of FL therapy that comprehensively
considers genomic variability at the single patient level. Current
clinical algorithms focus on four well-characterized DPYD variants -
DPYD*2 A, DPYD*13, c.2846 A > T, c.1236 G > A-c.1129-5923 C > G
[HapB3]. Our data, however, demonstrate that this population-
based prevention concept leaves carriers of rare or novel
deleterious alleles unaccounted for, exposing them to a persistent
risk of severe toxicity. Additional studies are probably needed to
validate a strategy for a prospective clinical application of novel
and rare deleterious variants in FL risk genes, other than DPYD. On
the other hand, due to the well-established association between
DPD deficiency and FL safety, a comprehensive definition of the
variant profiles in DPYD by NGS before treatment could be already
envisioned as a promising strategy to increase the pool of at-risk
patients that can be flagged for in-depth surveillance or dose
adjustment, maximizing the sensitivity of risk prediction.
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