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ABSTRACT

Oncogene-induced replication stress characterizes many aggressive cancers. Several 
treatments are being developed that target replication stress, however, identification of 
tumors with high levels of replication stress remains challenging. 

We describe a gene expression signature of oncogene-induced replication stress. A panel 
of triple-negative breast cancer (TNBC) and non-transformed cell lines were engineered 
to overexpress CDC25A, CCNE1 or MYC, which resulted in slower replication kinetics. RNA 
sequencing analysis revealed a set of 52 commonly upregulated genes. In parallel, mRNA 
expression analysis of patient-derived tumor samples (TCGA, n=10,592) also revealed 
differential gene expression in tumors with amplification of oncogenes that trigger 
replication stress (CDC25A, CCNE1, MYC, CCND1, MYB, MOS, KRAS, ERBB2, and E2F1). Upon 
integration, we identified a six-gene signature of oncogene-induced replication stress 
(NAT10, DDX27, ZNF48, C8ORF33, MOCS3, and MPP6). Immunohistochemical analysis 
of NAT10 in breast cancer samples (n=330) showed strong correlation with expression 
of phospho-RPA (R=0.451, p=1.82x10-20) and γH2AX (R=0.304, p=2.95x10-9). Finally, we 
applied our oncogene-induced replication stress signature to patient samples from TCGA 
(n=8,862; Supplementary Table 2) and GEO (n=13,912; Supplementary Table 2) to define 
the levels of replication stress across 27 tumor subtypes, identifying diffuse large B cell 
lymphoma, ovarian cancer, TNBC and colorectal carcinoma as cancer subtypes with high 
levels of oncogene-induced replication stress.



2323

An mRNA expression-based signature for oncogeneinduced replication-stress

2

INTRODUCTION 

Breast cancers can be classified based on the expression of the estrogen receptor (ER), the 
progesterone receptor (PR) and the human epidermal growth factor receptor 2 (HER2). 
Breast cancers that lack expression of the ER, PR and HER2 are called ‘triple-negative breast 
cancer’ (TNBC), and are characterized by profound genomic instability1,2. This phenomenon 
is characterized by continuous gains and losses of chromosomal fragments and complex 
genomic rearrangements. This genomic instability underlies the rapid acquisition of 
genomic aberrations that drive therapy failure3. Finding new treatment options for 
genomically unstable cancers is not only relevant for TNBC, but also other hard-to-treat 
cancers with extensive genomic instability, including high-grade serous ovarian cancer 
(HGSOC)4. Genomic instability is observed in multiple aggressive cancer subtypes and is 
associated with the inability of cancer cells to faithfully repair DNA damage. An important 
source of the DNA lesions that fuels genomic instability is replication stress5,6.

During S-phase of the cell cycle, all DNA must be replicated in a coordinated manner, 
which is initiated at genomic loci called 'replication origins'7. Replication origins firing 
adheres to a temporally-controlled program, which prevents exhaustion of the nucleotide 
pool and warrants the availability of essential components of the replication machinery8. 
DNA replication can be challenged in various ways, which is collectively referred to as 
replication stress. An important cause of replication stress is the uncoordinated initiation 
of origin firing due to oncogene activation5,9,10. Consequently, oncogene activation leads 
to depletion of the nucleotide pool and collisions of the replisome with the transcription 
machinery, resulting in slowing or complete stalling of replication forks5,8,11. When stalled 
replication forks are not resolved in time, they can collapse and cause DNA double-strand 
breaks (DSBs) and lead to genomic instability.

Several oncogenes have been linked to induction of replication stress, many of them 
leading to aberrant activation of CDK2. For instance, overexpression of the CDK2-binding 
partner Cyclin E1 (CCNE1) or the CDK2-activating phosphatase CDC25A leads to replication 
slow-down and reversal of replication forks12. In line with this notion, amplification of 
CCNE1 has been proposed as a biomarker for tumors with high levels of replication stress13. 
However, multiple other oncogenic events beyond CCNE1 amplification also can lead to 
replication stress, including overexpression of MYC14,15, MOS16, E2F110, or expression of 
the E6/E7 HPV oncoproteins8. Currently, there is no uniform way to determine oncogene-
induced replication stress levels in cancer samples.

Identification of cancers with high levels of replication stress is increasingly relevant 
because several drugs have been developed that specifically target tumor cells with 
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high levels of replication stress. Inhibition of WEE1 has been shown to have therapeutic 
efficacy in HGSOC, which is considered as a prototypical tumor type with high levels of 
replication stress17. Interestingly, patients with the largest decrease in tumor size upon 
WEE1 inhibitor treatment showed enrichment for CCNE1 amplification17. In line with this 
notion, overexpression of CCNE1 sensitized TNBC cell lines to WEE1 inhibition18,19. In good 
agreement with these data, an unbiased genomic screen identified regulators of CDK2 as 
determinants of WEE1 inhibitor sensitivity20. Mechanistically, WEE1 inhibition is thought 
to exacerbate levels of replication stress further, while it inactivates the G2/M cell cycle 
checkpoint, driving cells into mitotic catastrophe21. Similarly, inhibition of the ATR or CHK1 
checkpoint kinases has been shown to preferentially target tumor cells with molecular 
characteristics that are associated with replication stress22,23.

It is currently unclear how patients can be optimally selected for treatment with agents that 
target replication stress. To this end, we performed gene expression profiling of cell lines 
with oncogene-induced replication. Further refinement with expression profiles of patient 
derived tumor samples yielded a gene expression signature of replication stress, which 
allowed us to describe a pan-cancer landscape of oncogene-induced replication stress.

Results

Overexpression of CDC25A, CCNE1, or MYC results in replication stress
To develop an mRNA expression-based signature for oncogene-induced replication stress, 
we engineered a panel of cell lines to overexpress CDC25A, CCNE1, or MYC in a doxycycline-
inducible manner. This cell line panel included non-transformed human retina epithelial 
(RPE1) cell lines, either with wild type TP53 (RPE1-TP53wt) or a derivative in which TP53 was 
mutated using CRISPR-Cas9 (RPE1-TP53mut), and TNBC cell lines MDA-MB-231, BT549 and 
HCC-1806 (Fig. 1A, Suppl. Fig. 1). To validate that oncogene induction indeed affected DNA 
replication, DNA fiber analysis was performed (Fig. 1B). A severe reduction in DNA synthesis 
velocity was observed upon induction of CDC25A, CCNE1, or MYC, as measured by IdU 
fiber tract lengths in RPE1-TP53wt cells (32%, 23% and 42% decrease in CDC25A, CCNE1, 
and MYC overexpressing cells versus controls, respectively, Fig. 1C). Similar decreases 
in DNA replication dynamics were observed in RPE1-TP53mut cells (34%, 27%, and 51% 
decrease in CDC25A, CCNE1 and MYC overexpressing cells versus controls, respectively, 
Fig. 1D), indicating that these effects are independent of TP53 status. Subsequently, the 
impact of oncogene expression on DNA synthesis was analyzed in TNBC cell lines. Again, 
we consistently observed shortening of IdU tract lengths in MDA-MB-231, BT549 and HCC-
1806 cell lines upon doxycycline-induced overexpression of CDC25A, CCNE1 or MYC (Fig. 
1E-G), but not in empty vector controls (Fig. 1C-G). Taken together, these data indicate that 
induction of CDC25A, CCNE1, or MYC results in replication stress in cancer cells, as well as 
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Figure 1
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Figure 1. Overexpression of CDC25A, CCNE1 or MYC leads to replication stress. 

(A) Indicated RPE1-TP53wt cell lines were treated with doxycycline for 48 hours. Immunoblotting was 

performed for CDC25A, CCNE1, p53, and β-Actin. (B) Cells were treated with doxycycline as described 
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in untransformed cell lines, independently of TP53 status.

Gene expression profiling of cell line models with oncogene-induced replications 
stress 
To map the transcriptional consequences of overexpression of CDC25A, CCNE1 and MYC, 
RNA sequencing of RPE1-TP53wt, RPE1-TP53mut, MDA-MB-231, BT549, and HCC-1806, 
cells was performed both at 48 hours and at 120 hours after oncogene induction to 
capture gene expression changes provoked by replication stress (Fig. 2A). Subsequently, 
all cell lines and genetic perturbations were analyzed in a pooled fashion. To this end, the 
pooled RNAseq dataset was first normalized to remove any possible effects of doxycycline 
treatment in control cell lines as well as cell line-specific effects (see Supplementary 
Methods for details). Subsequently, permutational multivariate analysis of variance 
(PERMANOVA) was performed to identify genes that were differentially expressed upon 
overexpression of each oncogene (CDC25A, CCNE1, and MYC) across cell lines (Fig. 2B). 
Induction of CCNE1 or CDC25A led to significantly differentially upregulated genes 
(n=1,330 and n=309, respectively; p<0.01), with only 2 genes being downregulated (Fig. 
2A, right panel). In contrast, MYC overexpression resulted in a substantial differential gene 
expression, involving both downregulation (n=2,576) and upregulation (n=935) of gene 
expression (Fig. 2A, right panel). Interestingly, expression of 52 genes was found to be 
commonly upregulated in response to induction of CCNE1, CDC25A, or MYC (Fig. 2A, right 
panel).

Importantly, gene-set enrichment analysis (GSEA) on metrics obtained from PERMANOVA 
(see Supplementary Methods for details) revealed that common biological pathways were 
affected upon induction of CCNE1, CDC25A, or MYC (Fig. 2B), with strong upregulation 
in expression of MYC targets, and genes involved in cell cycle control and oxidative 
phosphorylation (Fig. 2B). In contrast, expression of genes related to biological pathways 
involved in cellular morphology and inflammatory signaling were commonly downregulated 
(Fig. 2B). Taken together, these results indicate that oncogene overexpression induces 
distinct yet overlapping gene expression changes, affecting common biological pathways.

Common differential gene expression upon oncogene overexpression between in 
vitro models and patient samples
To investigate whether the differential gene expression we observed in our cell line models 

for panel A and subsequently pulse-labeled for 20 minutes with CldU (25 µM) and 20 minutes with IdU 

(250 µM). Representative DNA fibers from RPE1-TP53wt cells are shown. Scale bar represents 10 µm. (C-G) 

Quantification of IdU DNA fiber lengths, as described in panel B. Per condition, 300 fibers from RPE1-TP53wt 

cells were analyzed. P values were calculated using the Mann-Whitney U test for RPE1-TP53wt (panel C), RPE1-

TP53mut (panel D), MDA-MB-231 (panel E), BT549 (panel F) and HCC1806 (panel G).
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Figure 2. Overexpression of CDC25A, CCNE1, or MYC leads to upregulation of 52 genes. 

(A) RNAseq data of 5 cell lines were corrected for cell line-specific and doxycycline treatment effects on 

gene expression. Subsequently, PERMANOVA was used to identify common differentially expressed genes 

upon oncogene expression. 52 genes were found to be commonly upregulated whereas no genes were 

found to be commonly downregulated in response to induction of CCNE1, CDC25A or MYC (B) Gene Set 

Enrichment Analysis using two-sided Welch's t-test for the MSigDB Hallmark collection. An orange box 

indicates enrichment for upregulated genes due to overexpression of oncogenes in corresponding cell 

lines, and a green box indicates enrichment for downregulated genes. verexpression of CDC25A, CCNE1 or 

MYC leads to replication stress. 

overlaps with patient-derived tumor samples with amplification of these oncogenes, we 
retrieved copy number data and mRNA expression data from The Cancer Genome Atlas 
(TCGA) (Fig. 3A). TCGA samples were classified into two groups based on the copy number of 
each of the oncogenes ('amplified' versus 'neutral'). After that, genes that were significantly 
differentially expressed upon amplification of each oncogene (CDC25A, CCNE1, or MYC) 
were identified (Fig. 3A). In tumor samples with amplification of the three oncogenes, 
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expression of 720 common genes was significantly upregulated (permutation test: 
p<1.0x10-6), and that of 597 genes was down-regulated (permutation test: p<1.0x10-6). 
GSEA revealed strong upregulation in expression of genes related to MYC targets, cell 
cycle control, and oxidative phosphorylation (Fig. 3B). In contrast, expression of genes 
related to immune signatures was commonly downregulated in samples with oncogene 
amplification (Fig. 3B). The majority of the enrichments in the TCGA data were similar to 
those obtained by differential expression analysis from the cell line data. Of note, two 
genesets (i.e., "allograft rejection" and "IL-6/JAK/STAT3 signaling") were only significantly 
enriched in the analysis with patient-derived tumor samples. This is in line with immune 
activities in the patient samples not being reflected in cell line models.

Since replication stress can also be caused by oncogenes beyond MYC, CCNE1, and 
CDC25A, we additionally identified commonly upregulated genes in TCGA tumor samples 
overexpressing other oncogenes that have been associated with replication stress, 
including CCND1, MYB, MOS, KRAS, ERBB2, and E2F110,16,24–29 (Fig. 3C). Analysis of overlap 
between genes that were commonly upregulated upon oncogenes expression in cell line 
models (n=52, Fig. 2A) with genes upregulated in patient-derived tumor samples revealed 
six genes (i.e., NAT10, DDX27, ZNF48, C8ORF33, MOCS3, and MPP6) (Fig. 3C, D). For cross 
validation, we also conducted differential expression analysis using the ‘limma’ package, 
and found that these 6 commonly upregulated genes were also part of 104 commonly 
upregulated genes upon overexpression or amplification of oncogenes in cell line dataset 
or TCGA dataset respectively (see Supplementary Fig. 4). Subsequently, we investigated if 
these genes were differentially expressed in the TCGA dataset by using PERMANOVA. We 
found that the 6 signature genes are significantly upregulated in all these conditions with a 
p-value cutoff of 0.01, except MPP6 in the condition of CDC25A amplification, which showed 
borderline significance (p= 0.0112) (see Supplementary Fig. 5). Co-functionality analysis 
of commonly upregulated genes using the GenetICA algorithm30 (see Supplementary 
Methods for details) pointed at roles for these genes in ncRNA processing, DNA repair, and 
ribosome biogenesis (Fig. 3D).

NAT10 protein expression is associated with markers of replication stress in breast 
cancer samples
To validate the mRNA-based replication stress signature, we selected NAT10 for 
immunohistochemical analysis. The acetyltransferase NAT10 (N-Acetyltransferase-10) has 
previously been implicated in regulation of various processes, including regulation of the 
DNA damage response31,32 and regulation of translation33,34. NAT10 is a nuclear protein,  
predominantly localized to the nucleolus35. Immunohistochemical analysis of NAT10 
staining in a series of breast cancer tissues (n=410), confirmed nuclear localization of NAT10, 
with nucleolar expression in a subset of cancer samples (Fig. 4A). Importantly, a significant 



2929

An mRNA expression-based signature for oncogeneinduced replication-stress

2

M
Y

C

C
C

N
E

1

C
D

C
25

A

B

EMT transition
Apical junction

TNFα signaling via NFκB
Myogenesis

UV response down
Coagulation

Hypoxia
Cholesterol homeostasis

IFN-α response
Complement

IFN-γ response
Apoptosis

KRAS signaling up
Inflammatory response

IL2/STAT5 signaling
P53 pathway

KRAS signaling down
IL-6/JAK/STAT3 signaling

Estrogen response early
Xenobiotic metabolism

TGF-β signaling
Mitotic spindle

Androgen response
Protein secretion

Apical surface
PI3K/AKT/mTOR signaling

Angiogenesis
Estrogen response late

Bile acid metabolism
Hedgehog signaling

Heme metabolism
Glycolysis

Allograft rejection
Adipogenesis
ROS pathway

Pancreas β cells
Fatty acid metabolism

Notch signaling
Peroxisome

Wnt/β catenin signaling
UV response up

mTORC1 signaling
Unfolded protein response

DNA repair
Spermatogenesis

Oxidative phosphorylation
G2M checkpoint

E2F targets
MYC targets V2
MYC targets V1

−20 −10 0 10 20

correct expression levels for cancer types

identification of differentially expressed 
genes using Welch T-test

-log10(p-value)

up-regulated

398 253 797

128
720

1339

1155

CCNE1

MYC
P<1.0x10-6

down-regulated

410 137 257

295
597

414

1102

CDC25A CCNE1

MYC

P<1.0x10-6

C

−1.5−1 −0.5 0.0 0.5 1
0
1
2
3
4
5

(copy number/2)

neutral

amplification

CDC25A

TC
G

A 
R

N
A

-s
eq

 d
at

a
ne

ut
ra

l
am

pl
ifi

ca
tio

n

CCNE1
MYC

CDC25A

37
3

280

4
6

431

496

CDC25A
CCNE1
MYC 

CDC25A
CCNE1
MYC 

CCND1, MYB
MOS, KRAS

ERBB2, E2F1

D
MOCS3

NAT10
C8ORF33

DDX27ZNF48

MPP6

0.0 0.5 1.0

6.97     NCRNA PROCESSING

6.93     RIBONUCLEOPROTEIN COMPLEX B

6.89     RIBOSOME BIOGENESIS

6.32     DNA REPAIR

6.32     AMIDE BIOSYNTHETIC PROCESS

6.24     ORGANELLE FISSION

5.96     MRNA PROCESSING

5.96     RRNA METABOLIC PROCESS

5.64     RNA SPLICING

5.51     DNA REPLICATION

Enriched gene set of selected genes

distance correlation coefficient

Figure 3
A

P<1.0x10-6

      Z score

cell line TCGA

TCGA



30

Chapter 2

30

variation in protein expression was observed, with triple-negative breast cancer samples 
showing the highest NAT10 expression levels (Fig. 4B). Of note, absence or presence of 
nucleolar localization was not different between breast cancer subgroups (Fig. 4B). 

For this breast cancer cohort, we previously reported the presence of p-RPA, a marker 
of replication stress, and γH2AX, which reflects DNA breaks, a possible result of stalled 
replication forks collapse36. In line with NAT10 expression being part of the oncogene-
induced replication stress signature, Spearman correlation analysis showed an association 
of NAT10 expression with both p-RPA (R=0.451, p=1.82x10-20) and γH2AX (R=0.304, 
p=2.95x10-9) (Supplemental Table 1A). Subgroup analysis showed that the most significant 
correlations between NAT10 expression and pRPA or γH2AX were observed in ER/PR-/
HER2+ and TNBC samples (Supplemental Table 1A).

Next, we tested whether NAT10 expression was also correlated to expression of two 
oncogenes that are frequently amplified in breast cancer, Cyclin E1 and MYC. NAT10 
expression was positively correlated to expression of both Cyclin E1 (R=0.303, p=1.86x10-9) 
and MYC (R=0.264, p=1.45x10-7) (Supplemental Table 1B). Again, associations were most 
significant in ER/PR-/HER2+ and TNBC samples (Supplemental Table 1B). Combined, these 
analyses validated NAT10 as part of our oncogene-induced replication stress signature, 
which is associated with markers of replication stress as well as expression of oncogenes, 
which are known to induce replication stress.

Landscape of replication stress across tumor types
To investigate the landscape of oncogene-induced replication stress across cancer 
types, we used the six-gene signature of oncogene-induced replication stress, as a proxy 
for oncogene-induced replication stress levels. We applied our signature to RNAseq 
expression data of 8,862 samples retrieved from TCGA. This dataset represents 27 cancer 

Figure 3. Common differential gene expression of 6 genes upon oncogene overexpression between in vitro 

models and patient samples. 

(A) TCGA RNAseq samples were queried for amplification of CCNE1, CDC25A or MYC. Expression of 

720 genes was found to be commonly upregulated, whereas 597 genes were found to be commonly 

downregulated in response to amplification of CCNE1, CDC25A or MYC. (B) Gene Set Enrichment Analysis 

using two-sided Welch’s t-test for the MSigDB Hallmark collection. An orange box indicates enrichment for 

upregulated genes due to overexpression of oncogenes in corresponding cell lines, whereas a green box 

indicates enrichment for downregulated genes. (C) TCGA RNAseq samples were queried for amplification of 

CCND1, MYB, MOS, KRAS, ERBB2 and E2F1. The resulting commonly upregulated genes were overlaid with 

upregulated genes identified upon overexpression of CCNE1, CDC25A or MYC in cell lines and upregulated 

genes in TCGA samples with CCNE1, CDC25A or MYC amplifications, resulting in 6 commonly upregulated 

genes (D) Co-functionality analysis of commonly upregulated genes using the GenetICA algorithm.
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subtypes as well as non-cancer tissues, and displayed large differences in the oncogene-
induced replication stress signature score, with diffuse large B cell lymphoma (DLBCL), 
ovarian cancer and colorectal carcinoma showing highest scores (Supplemental Fig. 3A). 
in line with expectations, normal tissues were among the tissue types with lowest scores 
(Supplemental Fig. 3A). These observations are in line with previous reports on these cancer 
subtypes15,37,38. To validate the landscape of oncogene-induced replication stress levels in 
an independent dataset, we retrieved microarray mRNA expression data of 13,912 patient-
derived samples from the GEO database (Fig. 4D). A high concordance between the tumor 
type replication stress levels in TCGA and GEO was observed (Pearson R=0.77), indicating 
that our oncogene-induced replication stress signature captures the level of oncogene-
induced replication stress also in a platform-independent fashion.

DISCUSSION

In the present study, we examined transcriptional changes that go along with oncogene-
induced replication stress in cell line models and tumor samples to build a gene expression 
signature of oncogene-induced replication stress. Analysis of a panel of TNBC and non-
transformed RPE1 cell lines, combined with analysis of a large dataset of patient-derived 
cancer samples, yielded a six-gene signature of oncogene-induced replication stress.

Our mRNA-based signature points towards ovarian cancers, colorectal cancers, DLBCLs, 
TNBCs, cholangiocarcinomas, and esophageal carcinomas having high levels of replication 
stress. Among these are cancer subtypes that were previously described as prototypical 
cancers with high levels of replication stress. Specifically, HGSOCs almost invariably have 
TP53 mutations (96%), frequently contain high levels of somatic copy number alterations 
and structural variations, and often have amplification of MYC (>30%) and CCNE1 (>20%)4, 
both of which have been linked to replication stress and genomic instability6,12. Likewise, 
TNBCs show biological similarities with HGSOC and also frequently contain somatic TP53 
mutations as well as amplification of MYC and CCNE11,2. In good agreement with these 

Figure 4. Immunohistochemical analysis of NAT10 in breast cancer patients and the landscape of oncogene-

induced replication stress across cancer types. 

(A) Representative staining of NAT10 in breast cancer patient samples (n=410). Scale bar represents 

100 µm. (B, C) Patients from the combined cohort (n=410) and breast cancer subgroups ER/PR+HER2- 

(n=164), ER/PR+HER2+ (n=95), ER/PR-HER2+ (n=21) and TNBC (n=130) were analyzed. Tumor tissue was 

immunohistochemically scored for expression of NAT10 and NAT10 nucleoli. indicated P values were 

calculated using Mann-Whitney U test. Interquartile ranges are displayed, dashed red line represents the 

median score from the combined cohort and outliers are shown as dots. (D) Scatter plot of replication stress 

signature for 27 cancer types as well as non-cancerous tissues of patient samples from TCGA (y axis) and 

GEO (x axis).
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data, our immunohistochemical analysis of TNBC samples revealed high levels of p-RPA 
and γH2AX, markers of single-stranded DNA and DNA breaks, which have associated with 
replication stress36.

Cholangiocarcinoma was among the highest-ranked cancer subtypes based on our 
replication stress signature. These bile duct cancers have not previously been linked to 
genomic features associated with replication stress. However, recent studies described 
recurrent alterations in the proto-oncogene CCND1, cell cycle regulatory gene CDKN2A as 
well as the chromatin remodelers ARID1A, IDH1/2 and PBRM139, which could underlie DNA 
replication perturbations25,40–43. Of note, mixed type hepatocellular-cholangiocarcinoma 
was described to share genetic features with hepatocellular carcinoma44, including CCNE1 
amplification, which are causally implicated in hepatocellular carcinogenesis13.

Also, diffuse large B-cell lymphoma (DLBCL) showed a high score using our gene expression 
signature. This finding is in line with observations of MYC amplification, ARID1A mutation 
and CDKN2A/B deletion in DLBCL, with accompanying sensitivity to inhibitors of replication 
checkpoint kinases15,45,46. Although colorectal cancer (CRC) is not commonly regarded as a 
tumor type with high levels of oncogene-induced replication stress, CRC scored high in our 
classifier. This observation is strengthened by earlier observations that CRC subgroups in 
which pRB is inactivated show activation of the DNA damage response10,47. Additionally, 
the chromosomal instability that characterizes CRCs was shown to be linked to replication 
stress, as judged by slower replication fork progression, and increased numbers of ultrafine 
anaphase bridges and 53BP1 bodies in G1 cells37.

A gene expression signature may aid in patient selection for drugs that target cancers with 
high levels of replication stress. Early clinical trials evaluating inhibitors of the ATR, WEE1, 
and CHK1 checkpoint kinases have shown promising results17,48,49, but not all patients 
respond and biomarkers defining optimal patient subgroups has been challenging. For 
instance, TP53 mutation status was used to select patients for Wee1 inhibitor treatment, but 
additional features are needed to define patients who will likely benefit17,50. Interestingly, 
CCNE1 amplification was among the genetic features that appeared enriched in patients 
responding to Wee1 inhibitor treatment17. focused analysis of oncogene-induced 
replication stress in these clinical trials is warranted to test whether a more optimal patient 
selection is achievable.

MATERIALS AND METHODS

Methodology is described in the Supplemental Methods document.
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Supplementary Figure 1. Overexpression of CDC25A, CCNE1, or MYC upon doxycycline treatment. 

(A-D) Immunoblotting of CDC25A, CCNE1, MYC, p53, and β-Actin after 48 hours after doxycycline treatment 

of indicated RPE1-TP53mut, MDA-MB-231, BT549, and HCC1806 cell lines.

Supplementary Figure 2. Immunohistochemical NAT10 analysis breast cancer tissue.

(A) Representative staining of NAT10 and IgG control staining in breast cancer sample. Scale bar in the left 

panel is 1 mm, whereas in the right panel represents 10 μm.
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Supplementary Figure 3. The landscape of oncogene-induced replication stress across cancer types. 

(A) Distribution of the replication stress signature across 27 cancer types as well as non-cancerous tissues 

of patient samples from TCGA. (B) Scatter plot of replication stress signature for 27 cancer types as well as 

non-cancerous tissues of patient samples from TCGA (y axis) and GEO (x axis).
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Supplementary Figure 4. Differential expression analysis using the limma package and comparison with the 

PERMANOVA-Welch T test approach. 
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(A) RNAseq data of 5 cell lines were corrected for cell line-specific and doxycycline treatment effects on 

gene expression. Subsequently, limma was used to identify common differentially expressed genes 

upon oncogene expression. 104 genes were found to be commonly upregulated, whereas no genes 

were commonly downregulated in response to induction of CCNE1, CDC25A or MYC. (B) TCGA RNAseq 

samples were queried for amplification of CCNE1, CDC25A or MYC. Expression of 4,341 genes was found 

to be commonly upregulated using limma, whereas 15 genes were found to be commonly downregulated 

in response to amplification of CCNE1, CDC25A or MYC. (C) TCGA RNAseq samples were queried for 

amplification of CCND1, MYB, MOS, KRAS, ERBB2 and E2F1. The resulting commonly upregulated genes 

using limma were overlaid with upregulated genes identified using limma upon overexpression of CCNE1, 

CDC25A or MYC in cell lines and upregulated genes using limma in TCGA samples with CCNE1, CDC25A or 

MYC amplifications, resulting in 104 commonly upregulated genes. (D) The log-transformed p-values after 

using limma along with the sign of the fold changes are provided in the table for the 6 signature genes.

Supplementary Figure 5

Supplementary Figure 5. Differential expression analysis using PERMANOVA on TCGA data for 6 signature 

genes. 

P-values after using PERMANOVA along with the sign of the fold changes are provided in the table for the 

6 signature genes upon amplification of CCNE1, CDC25A, MYC, CCND1, MYB, MOS, KRAS, ERBB2 and E2F1.
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Supplementary Figure 6

Supplementary Figure 6. Sensitivity analysis of differential mRNA expression using different cut-off values of 

segment mean copy number for defining amplification and deletion. 

Classification of samples into three groups (deleted, neutral and amplified) were conducted on multiple 

cut-off values of log2(copy number/2) to check the sensitivity of differential mRNA expression analysis. Cut-

off values used for categorizing deleted samples were -0.2, -0.21, -0.22, -0.23, -0.24, -0.25, -0.26, -0.27, -0.28, 

-0.29, -0.3. Cut-off values used for categorizing amplified samples were 0.2, 0.21, 0.22, 0.23, 0.24, 0.25, 0.26, 

0.27, 0.28, 0.29, 0.3. Correspondingly neutral samples were also categorized using the above cut-off values. 

Along with these cut-off values, per sample different cut-off values were obtained using GISTIC2.0 algorithm. 

Entries in the table are 1 if the corresponding signature gene is significantly upregulated (p-value < 0.01) 

upon amplification of respective oncogene using the cut-off of segment mean copy number mentioned on 

the column, otherwise 0.
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Supplementary Table 1. Spearman rank correlation analysis of γH2AX, p-RPA, and oncogene expression 

versus NAT10 expression in the study population.

(A) Association analysis between γH2AX, p-RPA and NAT10 expression in the combined cohort (n=330) and 

in breast cancer subgroups. (B) Association analysis between oncogene expression (Cyclin E and MYC) and 

NAT10 expression in the combined cohort (n=330) and in breast cancer subgroups.

S Table 1A  BC Subgroup

Variable Combined 
cohort
n=502

ER/PR+
HER2-
n=211

ER/PR+
HER2+
n=120

ER/PR-
HER2+
n=28

TNBC
n=143

γH2AX
Correlation
P-value

n=330
0.316
4.23x10-9

n=132
0.275
0.001

n=78
0.015
0.898

n=20
0.614
0.004

n=100
0.297
0.003

p-RPA
Correlation
P-value

n=330
0.454
3.42x10-18

n=132
0.280
0.001

n=78
0.256
0.023

n=20
0.498
0.026

n=100
0.483
2.00x10-10

S Table 1B  BC Subgroup

Variable Combined 
cohort
n=502

ER/PR+
HER2-
n=211

ER/PR+
HER2+
n=120

ER/PR-
HER2+
n=28

TNBC
n=143

Cyclin E
Correlation
P-value

n=330
0.324
1.76x10-9

n=132
0.136
0.120

n=78
0.218
0.141

n=20
0.625
0.003

n=100
0.299
0.002

MYC
Correlation
P-value

n=330
0.282
1.91x10-7

n=132
0.171
0.050

n=78
0.170
0.137

n=20
0.238
0.311

n=100
0.272
0.006
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SUPPLEMENTARY METHODS

Extensive supplementary material available at https://doi.org/10.1038/s41388-021-02162-
0.

Cell lines
hTERT-immortalized human retina epithelial (RPE1), Human embryonic kidney 293 (HEK-
293T) and triple-negative breast cancer cell lines MDA-MB-231, BT549, and HCC1806 were 
obtained from ATCC (#CRL4000, #CRL3216, #HTB26, #HTB122, #CRL2335). RPE1, HEK-293T, 
and MDA-MB-231 cells were maintained in Dulbecco's Minimum Essential Media (DMEM, 
Thermofisher), supplemented with 10% (v/v) fetal calf serum (FCS) and 1% penicillin/
streptomycin (Gibco). BT-549 and HCC1806 were cultured in Roswell Park Memorial 
Institute medium (RPMI, Thermofisher), complemented with 10% FCS and 1% penicillin/
streptomycin. All cells were grown at 37°C in normoxic conditions (20% O2 and 5% CO2). 
To inactivate TP53 in RPE1 cells, exon 4 of TP53 was targeted with CRISPR-CAS9 using the 
following single guide RNA (sgRNA) (5'-CTGTCATCTTCTGTCCCTTC-3’) and TP53 mutation 
was confirmed using Sanger sequencing. 

Immunohistochemistry
Immunohistochemical analysis was performed on tissue specimens taken before 
treatment of 558 patients with breast cancer who underwent surgery at the University 
Medical Center Groningen (UMCG) as described previously1. Immunohistochemistry 
was performed with primary antibody against NAT10 (1:500; rabbit, #ab194297, clone 
EPR18663; Abcam, Cambridge, UK) for 1 hour at room temperature. NAT10 expression was 
categorized according to percentages of cells that showed staining and on the intensity of 
staining. Staining intensity was scored in three categories: 0 (negative), 1 (medium), and 
2 (high). To calculate the score for each core, the percentage of cells in each group was 
multiplied by their intensity score, resulting in a range from 0 to 200 points. In addition 
to NAT10 expression scores, the tumors were scored for the presence of nucleolar NAT10 
localization. Next, the scores from each case and staining were averaged and considered 
for analysis. The status of ER, PR, and HER2 was determined according to the guidelines of 
the American Society of Clinical Oncology/College of American Pathologists by counting 
at least 100 cells. Of 558 cases, 410 cases contained complete clinical data and evaluable 
immunohistochemical staining for NAT10 expression and were included for statistical 
analysis. Analyses were performed on the 410 cases as well as on patient subgroups based 
on hormone receptor status and HER2 expression. 

Mutagenesis
TP53 was mutated in RPE1 cells as described previously2. In short, exon 4 of TP53 
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was targeted with CRISPR-CAS9 using the following single guide RNA (sgRNA) 
(5'-CTGTCATCTTCTGTCCCTTC-3’), cloned into pSpCas9(BB)-2A-GFP, which was a gift from 
Feng Zhang3 (PX458, plasmid #48138, Addgene). Subsequently, PX458 was transfected into 
RPE1 cells, followed by three weeks of selection with Nutlin-3a (10 µM, Axon Medchem). 
The resulting RPE1-TP53mut cells were sorted into a monoclonal cell line using a MoFLO XDP 
cell sorter. TP53 mutations in exon 4 were confirmed by Sanger sequencing, and lack of p53 
expression was confirmed by Western blot analysis. One TP53 allele was mutated in exon 4 
by a 7 base pair deletion (TCA-TCT-T), leading to a frameshift at codon 97. The other TP53 
allele showed a 217 base pair insertion, also leading to a frameshift.

DNA cloning and Retroviral infections
RPE1-TP53wt, RPE1-TP53 , MDA-MB-231, BT549, and HCC1806 cell lines were stably 
transduced with pRetroX-Tet-On Advanced (Clontech). To this end, HEK-293T cells 
were transfected with ten µg of pRetroX-Tet-On Advanced, 2.5 µg of pMDg, and 7.5 µg 
of pMD-g/p as described previously4. At 24, 36, and 48 hours after transfection, virus-
containing supernatant was filtered and added to target cells, which were subsequently 
selected for seven days using geneticin (G418 Sulfate, 800 µg/mL, Thermofisher). Next, 
target cell lines harboring pRetroX-Tet-On Advanced were transduced with pRetroX-
Tight-Pur containing CDC25A, CCNE1 or MYC. To this end, human CDC25A was PCR 
amplified from FLAG-CDC25A-WT, which was a gift from Peter Stambrook5, using the 
following oligos: forward: 5'-CGCGGCCGCCATGGAACTGGGCCCGGAGCCC-3’, reverse: 
5'-GATGAATTCTCACAGCTTCTTCAGACG-3’. Human CCNE1 was PCR amplified from 
Rc-CycE, which was a gift from Bob Weinberg (Plasmid #8963, Addgene)6, using the 
following oligos:  forward: 5'-CGCGGCCGCCATGAAGGAGGACGGCGGCGCG-3’, reverse: 
5'-GATGAATTCTCACGCCATTTCCGGCCC-3’. The resulting fragments were cloned into 
pJET1.2/blunt, GeneJET, (ThermoFisher). Human MYC was PCR amplified from MSCV-
MYC -T58A-puro, which was a gift from Scott Lowe (Plasmid #18773, Addgene)7, using 
the following oligos: forward: 5'-CGCGGCCGCCATGCCCCTCAACGTTAGCTTC-3’, reverse: 
5'-GATGAATTCTTACGCACAAGAGTTCCG-3’. CDC25A, CCNE1, and MYC were subcloned into 
pRetroX-Tight-Pur using NotI and EcoRI restriction sites. Subsequently, cell lines harboring 
pRetroX-Tet-On Advanced were transduced with pRetroX-Tight-Pur containing CDC25A, 
CCNE1, MYC, or empty plasmid. After three rounds of transduction, cells were selected 
for two days with 1 µg/mL (MDA-MB231, BT-549, and HCC1806) or 5 µg/mL (RPE1) of 
puromycin dihydrochloride (Sigma). 

Western blotting
Cells were lysed in M-PER lysis buffer (Pierce), supplemented with protease and phosphatase 
inhibitor cocktail (Thermo Scientific). Protein content was measured using the Pierce BCA 
protein quantification Kit (Thermo Scientific). Protein samples were separated using SDS-
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polyacrylamide gels (SDS-PAGE) and transferred to polyvinylidene fluoride membranes 
(Immobilon). Membranes were blocked in 5% skimmed milk (Sigma) in Tris-buffered 
saline (TBS) containing 0.05% Tween-20 (Sigma) and incubated overnight with primary 
antibodies at 4ºC and subsequently incubated with secondary antibodies for 1 hour at room 
temperature. Primary antibodies used were mouse anti-MYC (Santa Cruz Biotechnology, 
Sc-40, 1:200), mouse anti-CDC25A (Santa Cruz Biotechnology, Sc-7389, 1:200), mouse 
anti-CCNE1 (Abcam, ab3927, 1:500), mouse anti-p53 (Santa Cruz Biotechnology, Sc-126, 
1:1,000) and mouse anti-β-actin (MpBiomedicals, 69100, 1:10,000). Secondary antibodies 
used were horseradish peroxidase-linked anti-mouse IgG (1:2,000, DAKO) and visualized 
using chemiluminescence (Lumi-Light, Roche Diagnostics) on a Bio-Rad bioluminescence 
device. Protein imaging was performed using Image Lab software (Bio-Rad).

Immunofluorescence microscopy
RPE1-TP53wt or RPE1-TP53mut doxycycline-inducible cell lines were seeded on glass 
coverslips. Cells were treated with doxycycline (1 µg/mL) for 48 hours or left untreated. 
Next, cells were fixed in 3.7% formaldehyde in PBS for 15 minutes and permeabilized in 
0.1% Triton X-100 for 5 minutes. Subsequently, cells were incubated with primary and 
secondary antibodies at room temperature for 80 minutes, respectively. Primary antibodies 
used were mouse anti-MYC (Santa Cruz Biotechnology, Sc-40, 1:100), mouse anti-CDC25A 
(Santa Cruz Biotechnology, Sc-7389, 1:50 or 1:100) and mouse anti-CCNE1 (Abcam, ab3927, 
1:100). Secondary antibody used was Alexa488-conjugated rabbit anti-mouse (1:300), and 
DAPI was applied as counterstaining. Images were acquired on a Leica DM-6000B (63x 
immersion objective with 1.30 NA) or DM-4000B (63x immersion objective with 0.5 NA) 
fluorescence microscope, equipped with Leica Application Suite software.

DNA fiber analysis
To assess replication dynamics, RPE1-TP53wt, RPE1-TP53mut, MDA-MB-231, BT-549, and 
HCC1806 doxycycline-inducible cell lines were pulse-labeled with CldU (25 µM) for 20 
minutes. Next, cells were washed with warm medium and pulse-labeled with IdU (250 
µM) for 20 minutes either alone or in combination of hydroxyurea (0.1 or 5 mM). Cells 
were collected using trypsin and lysed on top of a microscope slide in lysis solution (0.5% 
sodium dodecyl sulfate (SDS), 200 mM Tris [pH 7.4], 50 mM EDTA). DNA fibers were spread 
by tilting the microscope slide and were subsequently air-dried and fixed in methanol/
acetic acid (3:1) for 10 minutes. Next, DNA spreads were immersed in 2.5M HCl for 75 
minutes. DNA fibers were blocked in blocking solution (5% BSA in PBS) for 30 minutes and 
incubated with primary antibodies for 60 minutes at room temperature. CldU was detected 
with rat anti-BrdU (1:1,000, Abcam, ab6326), whereas IdU was detected with mouse anti-
BrdU (1:250, BD Biosciences, Clone B44). Secondary antibodies used for detection were 
Alexa488-conjugated goat anti-rat IgG (1:500) and Alexa647-conjugated goat anti-mouse 
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IgG (1:500). Images were acquired on a Leica DM-6000B (63x immersion objective with 1.30 
NA) fluorescence microscope equipped with Leica Application Suite software. The lengths 
of 300 IdU tracts were measured per condition using ImageJ software. Statistical analysis 
was performed using the nonparametric Mann-Whitney U test in GraphPad Prism 6.
 
RNA sequencing 
Expression of CDC25A, CCNE1, or MYC in MDA-MB-231, BT549, HCC1806, RPE1-TP53wt, and 
RPE1-TP53mut cells was induced using 1 µg/mL of doxycycline. Cells were harvested and 
frozen at -80°C at 48 hours and 120 hours after doxycycline induction. Next, RNA was isolated 
using the mirVANA kit (Ambion, AM1561). To determine RNA quality, RNA was separated 
by electrophoresis on microfluidic sipper chips and detected by fluorescence (LabChip GX, 
Caliper LifeSciences). RNA Quality Scores (RQS) were based on electropherogram features 
(total and fast region areas, 28S, and 18S height), and ranged from 0-10. Only samples with 
RQS scores above 5 were included for analysis. To generate cDNA libraries suitable for next-
generation sequencing (NGS), the QuantSeq RNAseq 3' mRNA kit (Lexogen) was employed. 
Briefly, the poly-A tail from total RNA was bound to oligo-dT primers to synthesize the 
first cDNA strand. After RNA removal, a second cDNA strand was synthesized by random 
priming. The double-stranded cDNA library was purified, and PCR amplified with Illumina 
sequencing adapters. The libraries were sequenced with 65 base-pair reads on a NextSeq 
500 sequencer (Illumina) and generated 7.2 to 19.8 million of reads per sample. FastQC 
and Samtools Flagstat software assessed RNA sequencing quality control according to 
manufacture guidelines.

Data acquisition (GEO and TCGA)
GEO dataset
Publicly available microarray expression data generated with Affymetrix HG-U133 Plus 2.0 
was obtained from GEO (accession number GPL570).8 To select healthy or cancer tissue 
samples, we applied a two-step search strategy – automatic filtering on keywords followed 
by manual curation. This search strategy was applied to the Simple Omnibus Format in Text 
(SOFT) files obtained from GEO for GPL570, which contains metadata for each individual 
sample, including experimental conditions and patient information. In the automatic 
filtering step, samples were retained if one of the keywords could be matched in any of the 
associated descriptive fields in the SOFT file. The keywords used in the automatic filtering 
were chosen in such a way that the chance to miss relevant samples would be minimized 
(e.g. colon, breast, lung). Because this automatic filtering was aimed at sensitivity, not 
specificity, a manual curation step was necessary to obtain a list containing only relevant 
samples. In the manual curation step, samples were retained if they represented healthy or 
cancer tissue obtained from patients and raw data (CEL files) were available. Samples from 
cell lines, cultured human biopsies and animal-derived tissue were excluded. This dataset 
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is referred to as the GEO dataset throughout this manuscript.

TCGA dataset
From TCGA, we obtained the pre-processed and normalized level 3 RNA-seq (version 2) 
data for 34 cancer datasets available at the Broad GDAC Firehose portal (downloaded 
January 2017 https://gdac.broadinstitute.org/). For each sample, we downloaded RNA-Seq 
with Expectation Maximization (RSEM) gene normalized data (identifier: illuminahiseq_
rnaseqv2-RSEM_genes_normalized).9 RNA-Seq expression level read counts were 
normalized using FPKM-UQ (Fragments per Kilo-base of transcript per Million mapped 
reads upper quartile normalization).10 This dataset is referred to as the TCGA dataset 
throughout this manuscript. 

Quality control and normalization
Cell line RNA-sequencing data
Samples from doxycycline-treated cells expression oncogenes at 48 and 120 hours 
were analysed as a pooled group of samples with oncogene-induced replication stress. 
Ensembl IDs having a robust average read count (Hodges Lehmann estimate) lower than 
20, were removed from the analysis. Thereafter, normalization was performed on the RNA 
sequencing data. Firstly, the difference in read counts due to difference in cell lines was 
adjusted for every cell line separately (MDA-MB-231, BT549, HCC1806, RPE-1-TP53wt and 
RPE-1-TP53mut) using the following steps:
1. The robust average read count for each Ensembl ID was obtained using Hodges 

Lehmann estimator. The Hodges-Lehmann estimator of a variable (y) is the median of 
the combined data points of y and Walsh averages of y.13 The sample Walsh averages 
are the pairwise averages (xi+xj)/2, i=1,2,...n, j=1,..., i. The Hodges-Lehmann estimator 
was used as robust average of the read counts to get the expression levels of the genes 
to be compared. The Hodges-Lehman estimator was used instead of regular mean, so 
that the adjusted read counts are not biased due to outliers.

2. The robust standard deviation of read counts for each Ensembl ID was obtained using 
Hall’s estimator. Hall’s estimator of a variable (y) is a weighted sum of squared elements 
of y.14 Hall’s estimator was used as robust standard deviation of the read counts to 
scale the expression levels of all the genes to a robust standard deviation of 1. The 
Hall’s estimator was used instead of regular standard deviation so that the adjusted 
read counts do not get biased due to outliers.

3. The read count of each Ensembl ID was normalized using the following formula
           Adjusted read count = (read count – robust average)/robust standard deviation

To eliminate difference between read counts of doxycycline-treated samples and non-
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doxycycline-treated samples, the following steps were taken:
1. The robust average read count corresponding to doxycycline-treated samples in the 

empty plasmid for each Ensembl ID was obtained using Hodges Lehmann estimator 
(RA_empty_dox).

2. The robust average read count corresponding to non-doxycycline induced samples in 
the empty plasmid samples for each Ensembl ID was obtained using Hodges Lehmann 
estimator (RA_empty_no_dox).

3. The robust standard deviation of read counts corresponding to doxycycline induced 
samples in the empty plasmid for each Ensembl ID was obtained using Hall’s estimator 
(RSD_empty_dox).

4. The robust standard deviation of read counts corresponding to non-doxycycline 
treated samples in the empty plasmid for each Ensembl ID was obtained using Hall’s 
estimator (RSD_empty_no_dox).

5. The read counts for all doxycycline-treated samples were adjusted using the following 
formula:

           Adjusted read count = (read count - RA_empty_dox)/ RSD_empty_dox
6. The read counts for all non-doxycycline induced samples were adjusted using the 

following formula:
           Adjusted read count = (read count - RA_empty_no_dox)/ RSD_empty_no_dox

TCGA RNA-sequencing data
Genes having robust average read counts (Hodges Lehmann estimate) lower than 20, 
were removed from the analysis. Thereafter, normalization was performed on the RNA 
sequencing data. To this end, the difference in read counts due to difference in cancer types 
was adjusted for every cancer type separately using the following steps:
1. The robust average read count for each gene was obtained using Hodges Lehmann 

estimator.
2. The robust standard deviation of read counts for each gene was obtained using Hall’s 

estimator.
3. The read count of each gene was normalized using the following formula
          Adjusted read count = (read count – robust average)/robust standard deviation

Permutational multivariate analysis of variance (PERMANOVA)
PERMANOVA was conducted on the mRNA expression dataset after adjusting for cell 
line-specific effects and treatment with doxycycline to analyse differences between 
means of gene expression values for overexpressed/amplified samples compared to 
normal/neutral samples for the corresponding oncogene. This method aims to perform 
classical partitioning with no assumption of multivariate normality. The model for gene g 
corresponding to samples with over-expression of oncogene o is the following:
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RNAseq_expressiong,o =  alphag,o + betag,o*oncogene_induction_indicatoro

In this model, oncogene_induction_indicatoro = 1, if in the sample the oncogene o is 
induced, otherwise this value = 0
If P-value for a gene from PERMANOVA was less than 0.01, then the corresponding gene 
was considered as significantly differentially expressed. PERMANOVA was performed using 
the function adonis in the package vegan version 2.5-7 in R version 4.1.0.

Classification of TCGA samples based on copy number data
For each oncogene o, all TCGA samples are categorized into three groups (‘amplified’, 
‘neutral’ or ‘deleted’). Samples with a log2(copy number/2) value of each oncogene o 
smaller than -0.2 were categorized as ‘deleted’ (Do). Samples with a copy number variation 
value of each oncogene greater than 0.2 were categorized as ‘amplified’ (Ao). Samples with 
a copy number variation value of each oncogene between -0.2 and 0.2 were categorized as 
‘neutral’ (No). Differential mRNA expression analysis based on oncogene classification was 
conducted. 
For every oncogene o, differential mRNA expression analysis was conducted between 
samples of class Ao and No using the following steps:
1. For every gene g, which followed quality control criteria
2. Mean of mRNA expression values of gene g for samples in class Ao were compared to 

the mean of mRNA expression values of gene g for samples in class No using Welch’s 
t-test with unequal variance. For comparison analysis, we also conducted differential 
expression analysis using limma and PERMANOVA.

3. A metric (metricg,o) was obtained from the Welch’s t-test as -log10(p-value)*sign(t 
statistic). If p-value for a gene from Welch T test was less than 0.01, then the 
corresponding gene was considered as significantly differentially expressed. Welch T 
test was performed using the function t.test in the package stats version 3.6.2 in R 
version 4.1.0. A metric (metricg,o) was obtained from the linear model from limma 
as -log10(p-value)*sign(fold-change). If p-value for a gene from linear model was less 
than 0.01, then the corresponding gene was considered as significantly differentially 
expressed. limma was performed using the functions lmFit, eBayes and topTable in the 
package limma version 3.48.3 in R version 4.1.0.

Sensitivity of differential mRNA expression analysis
Classification of samples into three groups (deleted, neutral and amplified) were conducted 
on multiple cut-off values of log2(copy number/2) to check the sensitivity of differential 
mRNA expression analysis. The cutoff value of -0.2 and 0.2 were chosen based on threshold 
chosen by Laddha et al.15 Cut-off values used for categorizing deleted samples were 
-0.2, -0.21, -0.22, -0.23, -0.24, -0.25, -0.26, -0.27, -0.28, -0.29, -0.3. Cut-off values used for 
categorizing amplified samples were 0.2, 0.21, 0.22, 0.23, 0.24, 0.25, 0.26, 0.27, 0.28, 0.29, 
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0.3. Correspondingly neutral samples were also categorized using the above cut-off 
values. Along with these cut-off values, per sample different cut-off values were obtained 
using GISTIC2.0 algorithm.16 Supplementary Fig. 6 shows a table in which the entry is 1 
if the corresponding signature gene is significantly upregulated (p-value < 0.01) upon 
amplification of respective oncogene using the cutoff of segment mean copy number 
mentioned on the column, otherwise 0.

Replication stress signature score
The replication stress signature score of each sample from either TCGA or GEO was obtained 
in two steps. First the average of standardized mRNA expression levels of 6 genes for each 
sample was calculated. Thereafter the scores of each sample were transformed linearly 
between zero and one by subtracting the minimum score and dividing by the maximum 
score. Standardization of mRNA expression levels of individual genes was done using all 
the samples present in the corresponding dataset (TCGA or GEO). Scores for individual 
samples are shown in supplemental tables 3 and 4. 

Gene Set Enrichment Analysis
GSEA was performed utilizing 12 gene set databases from the MSigDB.17 Gene sets 
containing less than 10 genes or more than 500 genes (after filtering out genes that were 
not present in our data sets) were excluded from further analysis. Enrichment of a gene set 
was tested according to the two-sample Welch’s t-test for unequal variance.  Welch’s t-test 
was conducted between the set of metrics from PERMANOVA or Welch’s t-test of genes 
whose corresponding gene identifiers are members of the gene set under investigation 
and metrics of genes whose corresponding gene identifiers are not members of the 
gene set under investigation. To be able to compare gene sets of different sizes, Welch’s 
t statistics were transformed to z-scores. To control the false discovery rate, we performed 
a multivariate permutation test with 100 permutations. For each permutation round gene 
identifiers were randomly assigned to metrics. This allowed us to present the number of 
significantly enriched gene sets per gene set database using a false discovery rate of 1% 
and a confidence level of 80%.

Prediction of gene functionalities
We used a Guilt by association (GBA) approach to predict likely functions for genes based 
on gene co-regulation. For this, we conducted a consensus-Independent component 
analysis (consensus-ICA) on an unprecedented scale (manuscript under review). In short, a 
covariance matrix was calculated between 19,635 genes using the expression patterns of 
106,462 gene expression profiles generated with Affymetrix HG-U133 Plus 2.0 representing 
the many disease states, cellular states, and genetic and chemical perturbations that were 
obtained. Consensus-ICA was performed on the covariance matrix, which resulted in the 
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identification of a large set of Consensus estimated sources (CESs) and a mixing matrix 
reflecting the activity of each source in the expression pattern of each gene across the 
samples. Next, a GBA approach was used to predict the functionality of individual genes. 
First, we retrieved 16 public gene set collections describing a large range of biological 
processes and phenotypes. For each gene set, we calculated its ‘bar code’ by averaging the 
mixing matrix (MM) weight of its member genes. Next, for each gene in the MM, the distance 
correlation was determined between its MM weights and the gene set bar code. A high 
correlation between a gene’s MM weight and a gene set bar code indicated that the gene 
under investigation shared a functionality with the genes of the specific gene set under 
investigation. Significance levels were obtained with permutated data (250 permutations). 
This strategy was used on 23,372 well-described functional gene sets, which enabled us 
to create a comprehensive network of predicted functionalities of individual genes. This 
framework is available at http://www.genetica-network.com.

Immunohistochemistry
Immunohistochemical analysis was performed on tissue specimens taken before treatment 
of 558 patients with breast cancer who underwent surgery at the University Medical Center 
Groningen (UMCG) as described previously.1

TMA slices were deparaffinized using xylene. Antigen retrieval was done using microwave 
treatment in Tris/EDTA buffer (pH 9) for 15 minutes. Slides were incubated for 30 minutes 
in 0.3% hydrogen peroxidase (H2O2) to suppress endogenous peroxidase activity. 
Immunohistochemistry was performed with primary antibody against NAT10 (1:500; rabbit, 
#ab194297, clone EPR18663; Abcam, Cambridge, UK) for 1 hour at room temperature. 
Subsequently, slides were incubated with horse-radish-peroxidase (HRP)-conjugated 
secondary antibody goat anti-rabbit (1:100, Dako) for 30 minutes. Staining was detected 
by the application of 3,3-diaminobenzidine (DAB), and hematoxylin as a counterstaining. 
Scoring was performed semi-quantitatively by a researcher and was supervised by a breast 
cancer pathologist. NAT10 expression was categorized according to percentages of cells 
that showed staining and on the intensity of staining. Staining intensity was scored in 
three categories: 0 (negative), 1 (medium), and 2 (high). To calculate the score for each 
core, the percentage of cells in each group was multiplied by their intensity score, resulting 
in a range from 0 to 200 points. In addition to NAT10 expression scores, the tumors were 
scored for the presence of nucleolar NAT10 localization. Next, the scores from each case 
and staining were averaged and considered for analysis. The status of ER, PR, and HER2 
was determined according to the guidelines of the American Society of Clinical Oncology/
College of American Pathologists by counting at least 100 cells. 
Immunohistochemical stainings were considered evaluable when a tumor core contained 
at least 10% of tumor cells. Also, tumor stainings were included for analysis when at least 
2 out of 3 cores were evaluable. Core loss over 558 cases was 20.4% (NAT10 expression, 
n=114; NAT10 nucleoli, n=114). Of 558 cases, 410 cases contained complete clinical data 
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and evaluable immunohistochemical staining for NAT10 expression and NAT10 nucleoli and 
were included for statistical analysis. Analyses were performed on the 410 cases as well as 
on patient subgroups based on hormone receptor status and HER2 expression. Numbers of 
patients in in each subgroup were as follows: ER/PR+HER2- (n=164), ER/PR+HER2+ (n=95), 
ER/PR-HER2+ (n=21) and TNBC (n=130). Differences regarding immunohistochemical 
expression levels or nucleoli amounts between the four groups were analyzed using Mann-
Whitney U tests. Associations between different immunohistochemical expression levels or 
nucleoli amounts were calculated using Spearman correlation tests. All statistical analyses 
in this study were performed using SPSS Statistics 23.0 (IBM). 
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