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C A N C E R

Proteogenomic discovery of RB1-defective phenocopy 
in cancer predicts disease outcome, response to 
treatment, and therapeutic targets
Jacopo Iacovacci1,2, Rachel Brough1,3, Fatemeh Ahmadi Moughari1, John Alexander1,  
Harriet Kemp1, Andrew N. J. Tutt1, Rachael Natrajan1, Christopher J. Lord1,3*, Syed Haider1*

Genomic defects caused by truncating mutations or deletions in the Retinoblastoma tumor suppressor gene (RB1) 
are frequently observed in many cancer types leading to dysregulation of the RB pathway. Here, we propose an 
integrative proteogenomic approach that predicts cancers with dysregulation in the RB pathway. A subset of 
these cancers, which we term as “RBness,” lack RB1 genomic defects and yet phenocopy the transcriptional profile 
of RB1-defective cancers. We report RBness as a pan-cancer phenomenon, associated with patient outcome and 
chemotherapy response in multiple cancer types, and predictive of CDK4/6 inhibitor response in estrogen-positive 
breast cancer. Using RNA interference and a CRISPR-Cas9 screen in isogenic models, we find that RBness cancers 
also phenocopy synthetic lethal vulnerabilities of cells with RB1 genomic defects. In summary, our findings sug-
gest that dysregulation of the RB pathway in cancers lacking RB1 genomic defects provides a molecular rationale 
for how these cancers could be treated.

INTRODUCTION
RB1 is a prototypic tumor suppressor gene that is frequently mutated 
and/or deleted in a variety of human cancers (1). RB1’s canonical role 
is in the regulation of the cell cycle, a function that is primarily medi-
ated by its control over the E2F family of transcription factors (2). 
The Rb protein recruits chromatin regulators via the LxCxE-binding 
cleft in its pocket domain, which in turn controls the expression of 
E2F target genes (3). The LxCxE motif that enables interactions with 
histone deacetylases (HDACs) and chromatin modelers is inde-
pendent of Rb’s E2F binding domain and therefore adds further 
complexity to E2F-mediated functionality of Rb (4). For instance, 
deacetylation of histones by HDACs is necessary for the Rb-mediated 
repression of genes activated in G1 cell cycle. Furthermore, Rb also 
binds to histone methyltransferases and histone demethylases, 
suggesting an epigenetic role in the maintenance of heterochromatin 
organization and stability (4). In summary, the Rb protein complex is 
multifunctional (2) and regulates a plethora of biological processes 
from chromatin regulation and stability, senescence, apoptosis, and 
mitochondrial function (1, 5, 6). In part, at least, the loss of Rb func-
tion in tumor cells results in augmented cell proliferation due to dys-
regulation of the G1-S cell cycle checkpoint (1, 7).

From a clinical perspective, RB1 deleterious mutations and dele-
tions are associated with poor overall survival (OS) and response to 
chemotherapy in cancers such as those of the breast, lung, and pros-
tate (8). For example, in triple-negative breast cancer (TNBC), a 
highly aggressive subtype with poor survival properties (5-year OS 
rate of 77%), approximately 13% of tumors harbor mutations or de-
letions of the RB1 gene. Similarly, mutational and structural defects 
in RB1 are frequently observed in many cancers accounting for up 
to 25% of bladder cancer (BLCA) and sarcomas (9). Recent studies 

have also demonstrated that RB1 mutation causes clinical resistance 
to inhibition of cyclin-dependent kinases 4 and 6 (CDK4/6) (10–
12), and in preclinical studies, RB1 mutation, deletion, or loss of 
protein expression are associated with sensitivity to inhibition of 
either PLK1, CHK1, SKP2, AURKA, or AURKB (13–15). Given the 
clinical implications of RB1 status in cancer (8,  16), a number of 
molecular signatures that define the functional state of RB1 have 
been proposed (17–20). Chen et al. (17) identified a transcriptomic 
RB loss signature (RBS) associated with RB1 genomic alterations in 
pan-cancer cell lines. Ertel et al. (18) also identified a transcriptomic 
RB loss signature by aggregating genes up-regulated by RB1 deletion 
in fibroblastic models or murine liver and genes repressed by the 
activation of RB1 in cell lines. Malorni et al. (19) proposed a tran-
scriptomic RB1 loss-of-function signature (RBsig) capturing genes 
correlated with E2F1 and E2F2 gene expression in breast cancer cell 
lines. Knudsen et  al. (20) derived a gene expression–based RB-
pathway activity signature in RB1-deleted isogenic breast cancer cell 
lines exposed to CDK4/6 inhibitors, thereby modulating RB phos-
phorylation and resulting in inactivation of RB1. While these signa-
tures have been tested in clinical samples, there are three key 
limitations of these signatures. First, none of these signatures take 
into account instances where RB1 protein is reduced or hyperphos-
phorylated in the absence of RB1 mutation or RB1 deletion. Second, 
the discovery of these signatures is primarily influenced by cell line 
models, and it remains to be elucidated whether the signatures iden-
tified in patient samples would capture additional sources of clinical 
heterogeneity. Third, it remains unclear whether existing molecular 
signatures of RB1 status are associated with response to chemother-
apy in adequately powered clinical studies. To address these limita-
tions, we describe here a proteogenomic approach that allows the 
identification of RB1-defective cancers as well as cancers that phe-
nocopy RB1-defective cancers, a class of cancers we term as “RB-
ness.” Part of our reason for defining RBness cancers is that these are 
likely to behave in much the same way as RB1 mutant cancers and 
could be treated in a similar way. By analogy, BRCAness cancers, 
i.e., those that share molecular features of germline BRCA1 or 
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BRCA2 mutated cancers (gBRCAm), also phenocopy the platinum-
salt or poly(adenosine diphosphate–ribose) polymerase (PARP) in-
hibitor sensitivity seen in gBRCAm cancers (21–23). In defining 
RBness, we find that it is common in cancers such as of the breast 
and ovary, that it is associated with aggressive forms of the disease, 
and that it is associated with outcome in chemotherapy-treated pa-
tients. We also show that RBness cancers have a transcriptional pro-
gram that is correlated with genes that are known to be synthetic 
lethal with RB1 mutation, suggesting new ways these cancers that 
phenocopy RB1 defects could be treated.

RESULTS
Integration of tumor proteogenomic data identifies an 
RBness subtype of breast cancer that exists in the absence of 
RB1 genomic alterations
To identify cancers that phenocopy RB1 genomic defects (deleteri-
ous mutations or deletions), we integrated proteomic, transcriptom-
ic, and genomic data from 1093 breast tumors described in The 
Cancer Genome Atlas’ (TCGA) breast cancer (BRCA) dataset (Fig. 
1) (24). First, we defined high-confidence RB1-defective (n =  19) 
and -proficient (n = 28) samples using both the protein abundance 
and phosphorylation status of Rb (pRb) in TCGA’s Clinical Pro-
teomic Tumor Analysis Consortium (CPTAC) mass spectrometry 
proteomic dataset (Materials and Methods: Discovery of RBNSigs). 
TCGA mass spectrometry protein abundance data were preferred 
since these data demonstrated higher correlation with mRNA abun-
dance (Pearson’s r = 0.637, P = 1 × 10−9; Fig. 2A) when compared to 

the reverse-phase protein microarray (RPPA) platform (Pearson’s 
r = 0.24, P = 6.9 × 10−13; fig. S1). Second, we extended the RB1-
defective group by including additional 34 tumor samples harboring 
either an RB1 deep deletion or RB1 truncating mutation (MT). Sam-
ples with a deep deletion exhibited the lowest median Rb protein 
abundance, and, as expected, the Rb abundance was proportional on 
average to the number of RB1 copies present in the tumor sample 
(Fig. 2A). Using this discovery set of high-confidence RB1-proficient 
and RB1-defective samples, a subsampling-driven robust differential 
mRNA abundance analysis was performed between these two 
groups resulting in an RBness signature (RBNSig) of breast cancer 
(BC) (fig. S2 and table S1; Materials and Methods: Discovery of 
RBNSigs). The RBNSig-BC was tested in the entire TCGA BRCA 
dataset (n = 1093; Fig. 2B and table S2) by classifying samples into 
RBNSig-high (signature alignment >55%, n  =  375), RBNSig-low 
(signature alignment <45%, n  =  569), and no confidence groups 
(signature alignment 45 to 55%, n = 149). As expected, the RBNSig-
high group was enriched with samples displaying either an RB1 deep 
deletion, an RB1 MT, low Rb abundance, or high pRb [n = 47, odds 
ratio (OR) = 81.06, P < 2.2 × 10−16, Fisher’s exact test]. However, the 
RBNSig-high group also identified additional 328 patients lacking 
RB1 genomic defects, hereafter termed an RBness group that repre-
sents a transcriptional phenocopy of genomically defective RB1 can-
cers (Fig. 2B). We acknowledge that, if matched proteomic profiles 
were available, many of these patients with RBness in the TCGA 
breast cancer cohort could be explained by low Rb protein or hyper-
phosphorylated Rb. This observed fraction of RBness breast cancers 
raises an interesting question as to what fraction of the RBness 

Fig. 1. Study overview. Schematic depicting a proteogenomic computational approach for the discovery and validation of mRNA phenocopy of RB1-defective cancers 
using multiomic molecular profiles. Constituent genes of RBNSig were interrogated for association with the clinical outcome and therapeutic response and for the iden-
tification of candidate therapeutic vulnerabilities. For details, see Materials and Methods: Discovery of RBNSigs.
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population could be explained by obvious genomic or proteomic al-
terations in the RB1 gene/protein and what fraction might have a 
different cause of RBness. To estimate this, we applied RBNSig-BC 
to TCGA breast cancers where matched DNA and protein profiling 
data were available (n = 74). RBNSig-BC called 33 samples as signa-
ture high. Of these, the majority (n = 23, 70%) had RB1 disruption 
(either RB1 mutation or copy number alteration, low Rb protein, or 
hyperphosphorylated Rb), with only 30% harboring RBness in the 
absence of a genomic or proteomic alteration in RB1 itself. We fur-
ther tested the reproducibility of RBNSig-BC–defined subtypes in 
an independent proteogenomic cohort of breast cancer (CPTAC 
2/3, n  =  122) (25). RBNSig-BC–predicted groups (low, no confi-
dence, and high) showed a gene expression profile similar to that 
observed in the TCGA discovery data, with enrichment of RB1-
defective cancers in RBNSig-BC–high group (OR = 4, P = 0.0016, 
Fisher’s exact test; fig. S3A); however, 16 low Rb patients were mis-
classified as RBNSig-BC–low (i.e., RB1 proficient). The presence of 
these false negatives is likely due to a combination of factors includ-
ing the predictive limitations of RBNSig-BC and the absence of 
thresholds for defining the functional state of Rb, which could affect 
the resulting ground truth.

To characterize RBNSig-BC, we evaluated the functional proper-
ties of the signature genes using the Local STRING network clusters 
(26). The STRING protein clusters revealed an enrichment for key 
hallmarks of Rb-associated dysregulation including (i) events in G1 
phase and G1-S transition associated with cyclin D and E (CCNE1, 
CCNE2, CDKN2A, E2F1, and RB1), (ii) the prereplicative complex 
and DNA replication (CDC45, CDC7, CDCA7, CDT1, MCM2, and 
ORC1), (iii) the Fanconi anemia pathway (CLSPN, FANCA, FANCE, 
and RAD54L), and (iv) chromosome condensation (CDC20, CDCA3, 
CENPA, DEPDC1, FAM83D, and SKA1) (table S3; Materials and 
Methods: Enrichment analysis). Furthermore, most of the genes in 
the enriched clusters were found to be overexpressed on average in 
the RBNSig-high patients, suggesting that these clusters represent 
mRNA up-regulation (rather than loss of function) of both the ca-
nonical RB-regulated processes (i) and the noncanonical/indirectly 
RB-regulated processes (ii to iv) associated with chromosomal sta-
bility and mitotic fidelity. As expected, genes down-regulated in 
RBNSig-BC included key markers of cell cycle control, such as RB1 
and CCND1, but also genes from a diverse range of molecular processes 
including AP-1 transcription factor complex (FOS and FOSB), neu-
ronal system (SLC18A2 and SYT1), hemostasis (SERPINA5, F10, 
F13A1, and MMRN1), and immunoregulatory signaling (FCER1A, 
MS4A2, and CD22) (table S3). Next, we assessed whether RBNSig-
BC scores were confounded by the level of tumor immune infil-
tration (27). We did not find evidence of correlation between the 
immune infiltration and RBNSig-BC alignment scores (P = 0.46). As 
an additional control, we tested the gene expression patterns of 
RBNSig-BC in four independent datasets of retinoblastomas (28–
31), which can spontaneously arise following the loss of RB1 (31, 32). 
All four datasets exhibited overexpression of genes that were up-
regulated in RBNSig-BC confirming RB1-dependent expression of 
these genes (fig. S3B).

Since RB/E2F target genes are known correlates of poor outcome 
(33), we asked whether RBNSig-BC enables prioritization of aggres-
sive tumors in TCGA BRCA cohort. To delineate aggressive RBness 
cancers independent of the bona fide RB1 defects (patients with low 
Rb or pRb, RB1 MTs, and/or deep deletions), we assessed the out-
come of the RBNSig-high group’s patients with RBness (n = 328) 

independently. While the RB1-defective group confirmed an ex-
pected poor outcome [Hazard ratio (HR) = 2.2, 95% confidence in-
terval (CI) = 1.05 to 4.64, P = 0.037; Fig. 2C], patients in the RBness 
group also had significantly worse outcome (independent of clinical 
covariates) when compared to the RBNSig-low group (HR = 1.56, 
95% CI = 1.06 to 2.29, P = 0.023). Independent prognostic valida-
tion of RBNSig-BC in the Metabric breast cancer cohort (34) re-
vealed similar association between the RBness group and poor 
outcome for both OS as well as disease-specific survival (DSS) (Fig. 
2, D and E, and table S4). This association was maintained in estro-
gen receptor–positive (ER+) breast cancer subtype for both OS and 
DSS (fig. S3, C and D). However, RB1-defective and RBness groups 
in TNBC and HER2+ subtypes were not associated with significantly 
worse outcome compared to the RBNSig-BC–low group (fig. S3, 
E to H).

To elucidate molecular drivers of RBness other than RB1 defects, 
we examined RBness cancers for the enrichment of mutations, am-
plifications, and deletions of known breast cancer driver genes (35). 
When compared to the RB1-defective group, patients in the RBness 
group showed significant enrichment for PIK3CA amplifications 
(OR = 6.54, P = 0.037; Fisher’s exact test) and, unexpectedly, a de-
crease in PTEN deletions, albeit driven by small numbers (OR = 0.2, 
P = 0.004; Fisher’s exact test) (Fig. 2F and table S5). Amplifications 
in either Cyclin D1 (CCND1) or Cyclin E1 (CCNE1), both of which 
are members of the RB pathway, were also enriched in the RBness 
group (OR = 2.10, P = 0.058; Fisher’s exact test). However, amplifi-
cations in CCND1 were observed at similar rates in the RBNSig-low 
group. Further, amplifications in either ESR1, FOXA1, or GATA3, 
which are key members of the ER signaling pathway (36), showed 
increased prevalence in the RBness group compared to the RB1-
defective group (OR = 2.24, P = 0.079; Fisher’s exact test). Collec-
tively, amplifications in either PIK3CA, the RB pathway (CCND1 or 
CCNE1), or ER signaling (ESR1, FOXA1, or GATA3) were found in 
49.7% of patients with RBness, highlighting potential driver mecha-
nisms that could explain RBness in the absence of RB1 MTs and 
deletions. Overall, both the RB1-defective and RBness groups con-
stituted predominantly aggressive subtypes of breast cancer [PAM50 
(37): Basal-like and HER2-enriched] compared to the RBNSig-low 
group, which was composed of Luminal subtypes (Fig. 2F). This also 
suggests a limitation when interpreting the observed better out-
come of patients in RBNSig-low group since most of these patients 
belong to Luminal-A subtype, which is known for its association 
with good prognosis (37).

RBNSig-BC predicts response to chemotherapy and 
contemporary neoadjuvant treatments
Although RBNSig-BC was able to identify aggressive tumors with 
poor outcome in relatively old retrospective clinical cohorts such as 
TCGA and Metabric, we also acknowledge the established associa-
tion between RB1 defects and sensitivity to chemotherapy (38–41). 
Therefore, we asked whether RBness cancers respond to recent che-
motherapy agents in a contemporary breast cancer cohort: SCAN-B 
(n = 3250). Using the TCGA-derived RBNSig-BC, SCAN-B patients 
were classified into high, low, and no confidence groups (table S6). 
RB1-defective patients were enriched in the RBNSig-BC–high 
group (OR = 6.1, P < 2.2 × 10−16; Fisher’s exact test), confirming the 
reproducibility of RBNSig-BC in this contemporary cohort. To test 
association with chemotherapy, we divided the RBNSig-BC–high 
group into bona fide RB1-defective cancers and RBness cancers. 
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Fig. 2. RBNSig of breast cancer. (A) Rb protein abundance as a function of RB1 mRNA abundance z score (scatter plot) and RB1 copy number alteration (CNA) across the 
74 TCGA BRCA samples (discovery set) for which CPTAC proteomics data were available. (B) The RBNSig of breast cancer (BC) along with predicted RBNSig-BC groups (low, 
no confidence, and high) is shown for all samples of TCGA’s breast cancer cohort (1093 patients). Vertical black lines in the heatmap show patients’ stratification into three 
RBNSig-BC groups: high (>55% signature alignment; RBNSig, blue), low (<45% signature alignment; RBNSig, black), no confidence (45 to 55% alignment; RBNSig, red). “RB1 
CNA” indicates copy number states: amplification, neutral, and deep deletion. “RB1 mutation” indicates mutation status: MT, truncating mutation; WT, nontruncating muta-
tion; or wild type. “RB1 protein” indicates low Rb abundance or high phosphorylated Rb (pRb) relative to total Rb. “RB1 status” indicates RB1-defective and RB1-proficient 
status inferred from CNA, mutation, or proteomic profiles. (C) Prognostic assessment (OS) of RBNSig-BC groups. The RBNSig-BC–low group was treated as the reference 
group in a multivariable Cox proportional hazards model adjusted for age, tumor size (T-stage), and lymph node status. The RB1-defective group (n = 53) represents 
samples with known RB1 defects from both the RBNSig-BC–low and RBNSig-BC–high groups. (D and E) Prognostic assessment of RBNSig-BC in Metabric cohort using OS 
(D) and DSS (E). Multivariable Cox proportional hazards model was adjusted for age, tumor size (T-stage), and lymph node status. (F) Breast cancer driver gene enrichment 
in RBNSig-BC groups. Columns represent patients, and rows indicate CNA status: amplifications (red) and deletions (blue). PAM50 classification “Other” (gray) include both 
normal-like and unclassified samples.
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Chemotherapy-treated patients in both groups showed better OS 
compared to the chemotherapy-naïve patients in these group (RB1 
defective: HR = 0.40, 95% CI = 0.25 to 0.64, P = 1.4 × 10−4; RBness: 
HR = 0.40, 95% CI = 0.28 to 0.56, P = 8.7× 10−8; Fig. 3A and fig. 
S4). This association remained statistically significant when SCAN-
B patients were further stratified into ER+ and TNBC subtypes (ER+ 
RB1 defective: P = 0.012; ER+ RBness: P = 3.6 × 10−9; TNBC RB1 
defective: P = 1.2 × 10−4; TNBC RBness: P = 8.2 × 10−8; Fig. 3A and 
fig. S4). These data suggest that some of the patients with RBness 
exhibiting phenocopy of RB1-defective cancers could potentially 
benefit from chemotherapy.

We further challenged the observed association between RBNSig-
BC and chemotherapy response in a recent TNBC phase 3 neoadju-
vant chemotherapy trial “BrighTNess” (n  =  482) (42). Across the 
entire dataset irrespective of the treatment arm (Arm A: paclitaxel 
plus carboplatin plus veliparib, Arm B: paclitaxel plus carboplatin 
plus veliparib placebo, and Arm C: paclitaxel plus carboplatin pla-
cebo plus veliparib placebo), patients with pathologic complete re-
sponse (pCR; defined as the disappearance of all invasive cancer in 
the breast after completion of neoadjuvant chemotherapy) were en-
riched in the RBNSig-BC–high group (log odds = 0.73, P = 3.7 × 
10−4; Fig. 3B and table S7), suggesting that patients who are RB1 de-
fective and patients with RBness are likely sensitive to chemotherapy 
agents such as paclitaxel or carboplatin in neoadjuvant setting. This 
association remained statistically significant when each of the three 
treatment arms were analyzed independently, providing evidence 
that RBNSig-BC can further improve patient selection for neoadju-
vant paclitaxel combination with carboplatin (Fig. 3B, Arms A to C). 
Given that the TNBC neoadjuvant standard-of-care treatment op-
tions are rapidly evolving, with recent approval for combination of 
immunotherapy with carboplatin, taxane, and anthracycline, we fur-
ther tested the suitability of RBNSig-BC in contemporary neoadju-
vant drug combinations that are currently investigated for breast 
cancer as a part of I-SPY2 adaptive phase 2 neoadjuvant trial 
(n = 987) (43). I-SPY2 assessed 10 drug combinations with pacli-
taxel targeting different aspects of tumor biology. Of these, we fo-
cused on eight drug combinations, excluding treatment arms with 
approved HER2-directed agents (pertuzumab and trastuzumab) 
since effective targeted therapies for the latter groups already exist 
(44). The RBNSig-BC–high group showed higher pCR rates com-
pared to the RBNSig-BC–low group in the paclitaxel arm (log 
odds = 1.52, P = 0.0086; Fig. 3C). Consistent with our results in the 
BrighTNess trial, the RBNSig-BC–high group also showed signifi-
cant enrichment of patients with pCR compared to the RBNSig- 
BC–low group when carboplatin and veliparib were added to paclitaxel 
(P = 1.04 × 10−5). Similar enrichment was observed in combination 
treatment arms of trebananib (antiangiogenic peptide inhibitor), 
pembrolizumab (anti–PD-1 immunotherapy), and ganitumab (IGF1R 
inhibitor) (Fig. 3C). While the RBNSig-BC–high group contained a 
higher fraction of patients with pCR compared to the RBNSig-BC–low 
group in other treatment arms, this increased fraction was not 
significant. These data further highlight potential translational ap-
plication of RBNSig-BC as a biomarker to assist in patient selection 
to further improve pCR rates in contemporary neoadjuvant treat-
ment setting.

RBNSig-BC predicts response to CDK4/6 inhibitors
Recent studies have shown RB1 inactivation as one of the potential 
mechanisms underlying resistance to CDK4/6 inhibitors in ER+ 

breast tumors (10–12). Hence, we asked whether RBNSig-BC could 
be used to identify patients harboring early transcriptional indica-
tors of RBness and therefore unsuitable for CDK4/6 inhibitors. To 
test this, we applied RBNSig-BC to gene expression profiles of ER+ 
breast cancer patients in a phase 2 neoadjuvant trial “NeoPalAna” 
(45). Briefly, NeoPalAna evaluated the efficacy of palbociclib (a se-
lective inhibitor of CDK4 and CDK6) in combination with anastro-
zole in ER+/HER2− patients who fail to respond to anastrozole 
monotherapy for 4 weeks (C1D1). The primary end point of the 
study was complete cell cycle arrest (Ki67  ≤  2.7%) at 2 weeks of 
combination therapy (C1D15) following C1D1. We applied RBNSig-
BC to palbociclib-naïve tumor biopsies taken at the baseline (C0D1) 
and anastrozole monotherapy–treated samples (C1D1) (Fig. 3D). 
Overall, RBNSig-BC–predicted alignment scores for palbociclib-
resistant samples were significantly higher compared to the palbociclib-
sensitive samples (C0D1  +  C1D1 samples: P  =  2.9 × 10−5; C0D1 
samples: P = 2.3 × 10−4; Fig. 3, E and F). Specifically, RBNSig-BC clas-
sified all seven palbociclib-resistant samples (five patients; five C0D1 
and two C1D1 biopsies) as RBNSig-high group with 100% sensitivity. 
Since only one of these five palbociclib-resistant patients had an RB1 
mutation (patient 106), the presence of RBness phenocopy in the oth-
er four patients was potentially a biomarker of palbociclib resistance. 
RBNSig-BC also classified an additional 12 of 38 palbociclib-sensitive 
samples as RBNSig-high (specificity =  68.42%). Of the palbociclib-
sensitive group, two patients carried RB1 mutations (MT) (patient 
identifiers: 131 and 203) at the C0D1 biopsy. For patient 131, gene ex-
pression profile at C0D1 was not available; however, its C1D1 biopsy 
was correctly classified as RBNSig-low. For patient 203, RBNSig-BC 
classified the RB1MT C0D1 biopsy as RBNSig-high, while RB1WT 
C1D1 biopsy was correctly classified as RBNSig-low. This change in 
the classification of RBNSig-BC for patient 203 correctly mirrors the 
change in subclonal composition of the tumor that lost the RB1MT 
subclone (variant allele frequency at C0D1 = 5.4%) over the course of 
neoadjuvant treatment. This highlights the importance of dynamic 
profiling of tumors as they evolve through treatment for better clinical 
decision-making.

Benchmarking of RB-related signatures reveal limited 
overlap between genes and superior performance 
of RBNSig-BC
To compare the constituent genes and benchmark performance of 
RBNSig-BC with previously identified signatures of RB loss, we col-
lated a panel of eight RB-related signatures constituting five RB loss 
signatures of breast cancer (15, 18–20, 39), a proliferation signature 
(46), a pan-cancer RB1 loss signature (17), and a CDK2 activity sig-
nature (47). Consistent with previous findings (17,  18,  39), these 
signatures showed limited overlap of genes (Fig. 4A). Only five 
genes were shared by at least seven signatures, encompassing genes 
involved in cell cycle, proliferation, and DNA replication during mi-
tosis (CDC20, CDC45, CDCA8, CENPA, and MKI67). An additional 
11 genes were shared by six signatures (Fig. 4A). Despite this limited 
overlap, these signatures shared known pathways implicated in 
RB1-defective cancers such as cell cycle, DNA replication and syn-
thesis, and DNA repair (fig. S5 and table S8), suggesting higher-
order similarities in the underlying biology of these signatures. Of 
these signatures, Knudsen et al. (20) and Malorni et al. (19), both of 
which were designed for predicting palbociclib resistance, shared 17 
genes each with RBNSig-BC including 11 genes (KIF2C, RAD54L, 
KIFC1, ORC1, CDCA8, CDC45, FAM83D, CDC20, CENPA, RRM2, 
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and PIF1) that were present in all three signatures. This overlap is a 
likely explanation for the predictive performance of RBNSig-BC in 
the NeoPalAna trial (Fig. 3, D to F).

Next, we systematically compared the performance of RBNSig-
BC against these eight signatures and a control signature developed 
using the same approach as RBNSig-BC without proteomics data 
(RBNSig-BC-woP). A coherent signature scoring and benchmarking 
approach was implemented using two breast cancer clinical cohorts 
(SCAN-B and Metabric), one breast cancer clinical trial (NeoPalA-
na), and breast cancer cell lines (CCLE) with known RB1 status 
(Materials and Methods: Benchmarking RBNSig-BC). In the breast 
cancer clinical cohorts, while all signatures were significantly associ-
ated with poor outcome, RBNSig-BC was superior to all other signa-
tures in accurate identification of low- and high-risk patients (Fig. 4, 
B and C). In the NeoPalAna trial, RBNSig-BC’s classification was the 
strongest predictor of CDK4/6i response compared to other signa-
tures (Fig. 4D). When tested in breast cancer cell lines, RBNSig-BC, 
Chen et al. (17) and RBNSig-BC-woP were the only signatures pre-
dictive of known RB1 defects (Fig. 4E).

Cancer type–specific RBNSigs highlight RBness as a general 
pan-cancer phenomenon
To test the generalization of our proteogenomic approach to other 
cancer types, we repeated the discovery of the RBNSig in a discovery 
subset (n = 89) of TCGA’s high-grade serous ovarian adenocarcinoma 

(OV) (48) and tested it in the entire TCGA OV cohort (n = 304). The 
resulting signature (RBNSig-OV) was composed of 41 genes (Fig. 5A, 
fig. S6, and table S9) and successfully validated in an independent 
proteogenomic cohort (CPTAC 2/3, n = 81; fig. S7) where the pre-
dicted RBNSig-OV–high group was enriched with samples harboring 
either an RB1 deep deletion, an RB1 MT, low Rb abundance, or high 
pRb (n = 35, OR = 88.57, P = 3.71 × 10−10, Fisher’s exact test). While 
the constituent genes in RBNSig-OV showed a limited overlap of four 
genes (RB1, CCNE2, FAM111B, and TYMSOS) with the RBNSig of 
breast cancer (RBNSig-BC), the RBNSig-BC genes showed similar 
expression profile in ovarian cancer albeit with smaller effect size, 
suggesting similarities in the biology of RB1-defective cancers of 
breast and ovary (fig. S8).

The standard of care for high-grade serous OVs includes surgery 
followed by platinum-taxane chemotherapy (48). However, response 
to these agents remains heterogeneous (49), and, hence, we asked 
whether RBNSig-OV is associated with chemotherapy response. 
Among the RBNSig-OV–high group, both RB1-defective and RBness 
subgroups showed a trend of better OS compared to the RBNSig-low 
group indicating increased chemosensitivity, but this was not sta-
tistically significant (RB1 defective: HR = 0.7, 95% CI = 0.43 to 1.14, 
P = 0.148; RBness: HR = 0.68, 95% CI = 0.43 to 1.07, P = 0.098; 
Fig. 5B).

Inactivation of RB1 was recognized in early studies to be a recur-
rent hallmark of tumor development and progression across many 
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cancer types (50, 51). Therefore, we applied the RBNSig discovery 
pipeline to the transcriptomes of three further cancer types where 
matched proteogenomic profiles were available [CPTAC 2/3: lung 
adenocarcinoma (LUAD), glioblastoma (GBM), endometrial carcino-
ma (UCEC)] and an additional 27 cancer types where only genomic 
profiles were available (Materials and Methods: Pan-cancer identifica-
tion of RBNSigs). Of these cancer types, 12 successfully generated a 
valid RBNSig (tables S10 and S11). The number of genes in RBNSig 
across different cancer types varied considerably, with prostate adeno-
carcinoma (PRAD) having the largest signature (491 genes) and uter-
ine carcinosarcoma (UCS) the smallest signature (5 genes) (table S10). 
The overlap between the constituent genes of RBNSig for different 
cancer types remained low to moderate, with OV showing the highest 
overlap coefficient (OC) with BLCA (OC = 0.32) and liver carcinoma 
(LIHC, OC  =  0.30) (Fig. 5C). To investigate whether the genes in 
RBNSig of different cancers were predictive of aggressive disease as 
observed for the RBNSig of breast cancer and OV, we examined the 
relationship between RBNSig alignment scores (Materials and Meth-
ods: Alignment score and signature direction) and key markers for 
disease aggression including percent genome alteration (PGA), tumor 
purity, hypoxia, mutation burden, and clonal heterogeneity (52–55). 
Except for stomach adenocarcinoma (STAD) and uterine cancers 
(UCS and UCEC), all other cancers showed significant positive corre-
lation with at least one of these markers of tumor aggressivity (Spear-
man’s correlation P  <  0.05; Fig. 5D). The number of mutations in 
STAD showed significant negative correlation with RBNSig alignment 
scores, which is consistent with previous findings describing high tu-
mor mutation burden as a marker of good prognosis in gastric cancers 
(56, 57). These data further support RBness as a pan-cancer phenom-
enon associated with tumor aggression.

To identify pan-cancer molecular drivers in patients exhibiting 
RBness in the absence of known RB1 defects, we interrogated TCGA 
molecular datasets to test for enrichment of somatic mutations, 
amplifications, and deletions using high-confidence cancer driver 
genes (table S12; Materials and Methods: Association with candidate 
driver alterations) (58). Amplifications in CCND1, BCL11A, EML4, 
XPO1, ALK, MSH2, and GPC3 were enriched in RBness cancers 
compared to RB1-defective cancers (P < 0.05; Fig. 5E). Deletions in 
cyclin-dependent kinase inhibitor 2A (CDKN2A/p16) and muta-
tions in CDKN2A and β-catenin (CTNNB1) were also enriched in 
the RBness group (Fig. 5, F and G). While CDKN2A deletions were 
enriched in RBness cancers, conversely, amplifications in CDKN2A 
were enriched in RB1-defective cancers. These data provide basis for 
understanding the differences in molecular drivers of RBness com-
pared to RB1-defective tumors that still result in similar transcrip-
tional phenotypes.

To reconcile differences in RBNSig of 14 cancers, we hypothe-
sized that a core universal functional module may exist across can-
cers and that this could be captured by a higher-order analysis of 
RBNSig of different cancers. To test this hypothesis, we first defined 
a core set of pan-cancer RBNSig genes that were present in at least 
three (20%) of the 14 cancer types. The resulting pan-cancer signa-
ture, called RBNSig-core, was composed of 107 genes (Fig. 5H and 
table S13). Up-regulated genes in RBNSig-core were concordant 
with RB1-dependent up-regulation of key genes observed in retino-
blastomas (fig. S9A). To characterize the shared pan-cancer biology 
captured by RBNSig-core, we performed STRING enrichment anal-
ysis, which revealed two primary modules: (i) processes and com-
plexes playing a role in DNA replication, Fanconi anemia pathway, 

the prereplicative complex and the origin of replication complex 
and (ii) processes and complexes playing a role during the G1 cell 
cycle phase. Both modules mediate chromosomal integrity during 
mitosis (fig. S9B and table S14). These data suggest that while differ-
ences in RBNSig of different cancer types exist, they also converge 
on well-known shared biology of RB1-defective cancers.

Next, we evaluated the prognostic and predictive performance of 
RBNSig-core in 14 cancer types where RB1 defects were frequently 
observed (table S10). RBNSig-core was prognostic in breast, liver, 
stomach, skin, and lung cancer datasets and was also predictive of 
CDK4/6i response in breast cancer (fig. S9C). RBNSig-core’s prog-
nostic performance remained superior to two previously published 
pan-cancer signatures of RB1 loss (17) and CDK2 activity (47) but 
inferior to the performance of RBNSig-BC overall (fig. S9, D to G). 
While it was not possible to generate valid RBNSigs for 18 other 
cancer types that lacked frequent RB1 defects or have limited prote-
ogenomic data (table S10), we asked whether there exist patients 
with RBness in these additional cancer types. In the absence of RB1 
defects as a ground truth for these cancers, we assumed that patients 
with RBness are more likely to exhibit poor clinical outcome than 
those without RBness. To test this phenomenon, we applied RBNSig-
core to patients in these 18 cancer types and correlated the resulting 
RBNSig-core–predicted high and low groups with patients’ OS. The 
RBNSig-core–predicted high group was associated with poor out-
come in five cancer types (fig. S9H), suggesting the presence of RB-
ness in cancers that lack classical RB1 genetic defects.

RBness phenocopies therapeutic vulnerabilities and drug 
response of RB1-defective cancers
Because RBness shared the transcriptional profile of RB1-defective 
cancers and was associated with aggressive forms of cancer, we next 
asked whether these cancers shared therapeutic vulnerabilities with 
RB1-defective cancers that could be exploited for designing targeted 
therapies. To answer this question, we first applied the patient-
derived RBNSig-core to a lineage-matched pan-cancer mRNA data-
set of cell line models (n  =  563) and classified the cell lines as 
RBNSig-low, no confidence, or -high (table S15). RB1-defective cell 
lines were enriched in the RBNSig-high group (69 of 100, OR = 11.12, 
P = 3.66 × 10−16, Fisher’s exact test; Fig. 6A) confirming validity of 
the patient-derived RBNSig-core signature in cell line models. Sec-
ond, using these RBNSig-core–predicted groups, we interrogated 
publicly available genome-wide CRISPR-Cas9 screens carried out in 
these same cell lines (DepMap) (59, 60) to identify vulnerabilities 
associated with RB pathway defects. Similar to patient analyses de-
scribed earlier in this study, known RB1-defective cell lines were 
evaluated independent of RBness group. To do this, we performed 
two comparisons: (i) RB1-defective versus RBNSig-low and 2) RB-
ness versus RBNSig-low, to define candidate genes that were syn-
thetic lethal with RB1 defects and RBness. Comparison of DepMap 
CRISPR-Cas9 gene effect profiles revealed 90 and 87 candidate genes 
that exhibited synthetic lethality with RB1 defects and RBness, re-
spectively (P < 0.05, one-sided Welch’s t test; Fig. 6B and tables S16 
and S17; Materials and Methods: CRISPR perturbation screens anal-
ysis). Of these, 34 genes were shared synthetic lethal vulnerabilities 
between the RB1-defective and RBness groups (a statistically signifi-
cant overlap, P = 2.08 × 10−57, Fisher’s exact test), suggesting that 
these genes are likely to phenocopy treatment response to RB1 tar-
geting agents in the RBness group. In addition, there were 56 and 53 
candidate synthetic lethal genes exclusive to RB1-defective and 
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Fig. 5. RBNSig of high-grade ovarian cancer and pan-cancer. (A) Heatmap showing the RBNSig of ovarian cancer in TCGA’s high-grade serous ovarian adenocarcinoma 
(OV) dataset (246 patients). Vertical black lines in the heatmap show patient stratification into three RBNSig-OV groups: high (>55% signature alignment; RBNSig, blue), 
low (<45% signature alignment; RBNSig, black), and no confidence (45 to 55% signature alignment; RBNSig, red). RB1 CNA indicates copy number states: amplification, 
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RBness groups, respectively. To account for differences in cell line 
histology, we repeated this analysis using the generalized linear 
models adjusted for histotype, where we also found a significant 
overlap in synthetic lethal genes of RB1-defective and RBness groups 
(P = 3.07 × 10−14, Fisher’s exact test; fig. S10A).

To validate these results in vitro, we analyzed a genome-wide 
CRISPR-Cas9 loss of function screen using an isogenic MCF10ATP53−/− 
breast epithelial cell line pair with or without RB1 deletion (Fig. 6C). 
The RNA interference knockdown of key selective gene dependencies 
of RB1 (SKP2, E2F3, and TFDP1) in MCF10ATP53−/−RB1−/− cells cor-
roborated our findings made using the DepMap dataset and confirmed 
the suitability of this model when interpreting RB1-associated gene 
dependencies (fig. S10, B to D). Furthermore, RNA sequencing (RNA-
seq) profiling of MCF10ATP53−/− and MCF10ATP53−/−RB1−/− cells also 
confirmed RB1-dependent activity of RBNSig-core genes (fig. S10E). 
By comparing CRISPR-Cas9 screen data in MCF10ATP53−/−RB1−/− ver-
sus MCF10ATP53−/− cells, we identified 764 candidate RB1 synthetic 
lethal genes. These included known vulnerabilities of RB1-defective 
cells such as SKP2, CDK2, and TAF1 (15). Among these 764 genes, 
there was a strong enrichment of RBNSig-core–identified candidate 
synthetic lethal genes from DepMap dataset (47 of 143; P = 1.16 × 
10−28, Fisher’s exact test). Thirteen of 34 synthetic lethal genes common 
between RBness and RB1-defective cell lines successfully validated in 
the MCF10ATP53−/−RB1−/− screen, including SKP2, CDK2, GTF2A1, 
TIMM44, TAF1, and TAF7 (Fig. 6D and fig. S10F). These data further 
support the notion that RBness phenocopies genetic vulnerabilities of 
RB1-defective cancers and hence opens the possibility of repurposing 
treatment strategies for patients exhibiting RBness in the absence of 
RB1 genomic defects. Of the vulnerabilities identified as exclusive to 
RB1-defective or RBness-harboring cell lines, a further 28 and 6 genes 
respectively were validated in the MCF10ATP53−/−RB1−/− screen (figs. 
S11 and S12), suggesting potentially distinct synthetic lethal candi-
dates present in these two subgroups of RBNSig-high cell lines. Of 
the validated vulnerabilities of RBness, poly(A)-binding protein 1 
(PABPC1) and mitochondrial dynamin–like GTPase (optic atrophy 
1, OPA1) showed the strongest effect (fig. S12). Both PABPC1 and 
OPA1 are aberrantly expressed in many cancers and are known to 
promote tumorigenesis and progression, thereby serving as promis-
ing candidates to target in RBness cancers (61, 62). To benchmark 
RBNSig-core’s ability in detecting synthetic lethal dependencies, we 
compared its performance with eight other previously published 
RB-related gene signatures (15, 17–20, 39, 46, 47). For this analysis, 
a synthetic lethal gene list identified from the isogenic RB1 MC-
F10ATP53−/− CRISPR-Cas9 screen was considered as the ground 
truth. Next, we tested the overlap of this gene list with the synthetic 
gene lists identified by each of the RB-related gene signatures using 
the DepMap dataset. RBNSig-core was superior in performance 
compared to other signatures in predicting the candidate synthetic 
lethal genes identified in the isogenic RB1 MCF10ATP53−/− CRISPR-
Cas9 screen (fig. S13A).

While the isogenic RB1 MCF10ATP53−/− cells were ideal for estab-
lishing the causal relationship between RB1 loss and corresponding 
synthetic lethal genes, we acknowledged that these cells may not mir-
ror those cancers that exhibit RBness where it occurs in the absence 
of genomic RB1 defects. As shown earlier (Fig. 2F), RBness breast 
cancers frequently exhibited cyclin E1 (CCNE1) amplifications com-
pared to RB1-defective breast cancers. We therefore used a previ-
ously described isogenic MCF7 CCNE1–amplified cell line model 
of RBness (MCF7 and a daughter clone with CCNE1 amplification, 

MCF7CCNE1amplified) (11, 63) (Fig. 6E). Gene expression data from 
isogenic cells confirmed differential activity of RBNSig-core signature 
genes between the parental MCF7 and isogenic MCF7CCNE1amplified 
daughter clone (fig. S13B). To assess whether this isogenic RBness 
model phenocopies synthetic lethal effects associated with RB1 de-
fects, we evaluated the sensitivity of isogenic RBness cells (MCF-
7CCNE1amplified) to a toolbox SKP2 small-molecule inhibitor SKPinC1. 
This inhibitor has previously been shown to elicit synthetic lethality 
in isogenic RB1 MCF10ATP53−/− cells (15). We found that MCF-
7CCNE1amplified cells were more sensitive to SKP2 inhibition when 
compared to parental MCF7 cells (Fig. 6, F and G), corroborating the 
hypothesis that RBness cancers harbor synthetic lethal targeting op-
portunities similar to those found in RB1-defective cancers.

To further test the translational potential of RBNSig, we interro-
gated drug response data from 461 pan-cancer cell lines when ex-
posed to 481 compounds from the Cancer Target Discovery and 
Development (CTD2) project (64, 65). Consistent with the previous 
analyses, we compared the dose-response scores between (i) RB1-
defective versus RBNSig-low and (ii) RBness versus RBNSig-low, to 
identify candidate drugs that show sensitivity in RB1-defective and 
RBness cell lines. These results highlighted five drugs that were sig-
nificantly associated with reduced viability in both RB1-defective and 
RBness cell lines, while one drug was exclusively associated with re-
duced viability in each group (Fig. 6H and table S18). Five drugs that 
showed reduced viability in both RB1-defective and RBness cell lines 
included compounds of clinically actionable targets such as PARP1/2, 
NF-κB pathway, mitosis, EHMT2/EZH2, and metabolic enzyme glu-
taminase (GLS1). When compared to other RB-related signatures 
(15, 17–20, 39, 46, 47), RBNSig-core was a superior predictor in iden-
tifying these drug associations (fig. S13C). In summary, these data 
further underscore the hypothesis that RBness cancers phenocopy 
molecular and clinical characteristics of RB1-defective cancers and 
therefore could benefit from the same treatment strategies.

DISCUSSION
This work introduces a transcriptional phenocopy of RB1-defective 
cancers, called RBness, that identifies aggressive forms of cancers. 
These aggressive cancers mimic the altered expression patterns ob-
served in tumors with structural genomic defects in the RB1 gene 
such as MTs and homozygous loss, which are frequently observed in 
human cancers (50). To capture RBness phenocopy, a proteogenomic 
signature extraction methodology was designed and applied to a se-
ries of clinical cohorts and trials. The integration of mass-spectrometry 
protein data, along with mutational, copy number, and mRNA abun-
dance data, were shown to be a powerful tool in capturing not only 
genomic and transcriptomic alterations but also posttranslational 
modifications. The functional complexity of the Rb protein, resulting 
from varied multisite phosphorylation, needs further investigation in 
preclinical and clinical studies aiming at quantifying Rb functional 
states and their role in human cancers. Here, Rb protein abundance 
data played a key role in the robust identification of aggressive breast 
(ER+ and TNBC) and ovarian tumors that are sensitive to chemo-
therapy, therefore supporting the use of high-throughput proteomic 
data in biomarker discovery.

Previous studies (38–41) have highlighted significant association 
between RB1 defects and improved chemotherapy outcome. Our 
data corroborate this association in contemporary cohorts of breast 
cancer and OV for both RB1-defective patients and additional 
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patients who exhibit RBness. These patients could benefit from simi-
lar treatments to RB1-defective patients, such as combination thera-
pies including chemotherapy and immunotherapy, especially in the 
neoadjuvant setting. This is evidenced by our results in the TNBC 
neoadjuvant clinical trial BrighTNess (42) and breast cancer neoad-
juvant trial I-SPY2 (43), showing significantly higher pathological 
complete response rate in RBNSig-BC–high cancers. While the 
chemotherapy benefit for RB1-defective or Rbness cancers is a key 
finding and may be directly applicable to some cancer types, the 
emerging landscape of TNBC neoadjuvant standard-of-care treat-
ment options that now includes a combination of immunotherapy 
with carboplatin, taxane, and anthracycline, adds to the complexity 
of using RBNSig-BC for TNBC (66). Therefore, the translational ap-
plication of RBNSig-BC in TNBC neoadjuvant setting would require 
further testing in appropriately sized patient studies with contempo-
rary treatment arms.

Selection of genomic amplifications is a hallmark of tumorigen-
esis (67,  68) and often represent cancer cell vulnerabilities (69). 
While our data suggested several pan-cancer genomic gains/amplifi-
cations specific to patients with RBness patients (CCND1, BCL11A, 
EML4, XPO1, ALK, MSH2, and GPC3), none were a selective gene 
dependency in cancer cell lines, suggesting a potentially redundant 
contribution in driving RBness. In breast cancer alone, up to 50% of 
patients with Rbness in the absence of RB1 genomic alterations har-
bored amplifications in PIK3CA, RB (CCND1 and CCNE1), and ER 
signaling modules (ESR1, FOXA1, and GATA3). This offers exciting 
therapeutic opportunities such as the targeting of the PI3K pathway 
(70) for patients exhibiting RBness. Further, CCND1, a transcrip-
tional target of ER signaling, along with its binding partners CDK4/6, 
modulates phosphorylation of Rb (71, 72). Hence, palbociclib (73), a 
selective CDK4/6 inhibitor, for CDK4/6-driven RB1 defects is also 
a promising option for RBNSig-BC–identified aggressive cancers. 
However, data shown in this study also highlight RBNSig-BC as a 
potential biomarker of palbociclib resistance in a small phase 2 clin-
ical trial NeoPalAna (45). Although these data should be treated 
with caution because of small sample size, assessment of palbociclib 
response only after a 2-week treatment window and lack of Rb pro-
tein and phosphorylation status; a possible interpretation is that the 
patients exhibiting transcriptional phenocopy of RB1 defects espe-
cially in the absence of CDK4/6-driven phospho-Rb may not re-
spond to CDK4/6 inhibitors. Moreover, RBNSig-BC’s sensitivity of 
100% and specificity of 68.42% in NeoPalAna may also indicate that 
RBness is necessary but not sufficient for palbociclib resistance, and, 
in some cases, RBness may be irrelevant to resistance. In summary, 
as the interplay between the endocrine therapy, CDK4/6 inhibitors 
and adaptive resistance becomes more precise (14, 74) in adequately 
powered studies, there exist future opportunities to further refine 
the use of RBness in patient selection for combination therapies in 
translational studies.

Despite the paucity of high-throughput mass spectrometry pro-
teomics data for large cancer cohorts, a pan-cancer analysis revealed 
a common set of RBness-associated genes (RBNSig-core). While the 
RBNSig-core signature could be used in the preclinical setting to 
assess RBness for cancer types where proteogenomic RBNSigs are 
not yet available, the cancer type–specific proteogenomic RBNSigs 
should be preferred for increased sensitivity and specificity for pre-
dicting RBness. The composition of RBNSig-core suggested that a few 
altered biological pathways could be the universal driving mecha-
nisms behind aggressiveness and sustained proliferation of cancers 

with RBness. In particular, the increased expression of genes in-
volved in Fanconi anemia core complex and prereplication complex 
revealed that abnormal DNA replication is likely to codrive RBness 
together with the canonical cell cycle dysregulation associated to 
RB1 dysfunction. While the pan-cancer RBness data can be recon-
ciled on a pathway level, our results also highlight diverse signatures 
of RBness across cancer types encompassing pathways and genes 
beyond the cell cycle. For example, interleukin signaling was en-
riched in genes from RBNSig of LIHC and LUAD only, and the en-
hancer of zeste homolog 2 (EZH2), a histone methyltransferase and 
catalytic subunit of polycomb repressive complex 2 (PRC2) was spe-
cific to RBNSig of LIHC, lung squamous cell carcinoma, and sarcoma. 
EZH2 catalyzes tri-methylation of histone H3 at Lys27 (H3K27me3) 
and has a role in epigenetic activation and silencing of key onco-
genes and tumor suppressor genes in multiple cancers as well as 
contributing to drug resistance (75). Hence, this heterogeneity in 
cancer type–specific signatures could explain the variable drug re-
sponses seen in patient studies and underscores the importance of 
targeting the right component of the pathway for a given patient to 
deliver a durable response. For instance, targeting of EZH2, the cat-
alytic subunit of the PRC2, is currently under evaluation in several 
phase 1/2 clinical trials (76) and therefore could potentially offer 
previously unknown epigenetic therapeutic options for RBNSig-
high cancers with EZH2 dysregulation. However, this possibility 
requires careful consideration since PRC2 is also a tumor suppres-
sor in both breast and lung cancers and leads to context-dependent, 
phenotypically distinct transitions to mesenchymal state, which re-
wires the cell cycle and alters their sensitivity to conventional che-
motherapy (77, 78).

Previous studies have highlighted RB1-dependent sensitivity to 
AURKA/B inhibitors and also identified AURKB as a synthetic 
lethal dependency in RB1-defective small cell lung cancers (SCLC) 
(79, 80). However, we did not find AURKA or AURKB as a synthetic 
lethal hit in the isogenic RB1 MCF10ATP53−/− breast epithelial cell 
line. This might be influenced by the specific molecular context of 
the cancer rather than being a universal feature of RB1 loss. For 
instance, Gong et  al. (79) observed an up-regulation of spindle-
assembly checkpoint (SAC) genes that leads to a primed (activated) 
state of SAC, as an essential context for the synthetic lethality be-
tween RB1 defects and AURKA inhibition. Similarly, Pearson et al. 
(81) observed that retinoblastoma and SCLC that are YAP/TAZ 
silenced and RB1 defective are characterized by metabolic depen-
dencies that correlate with high MYC activity as well as by AURK 
inhibition. These data further highlight additional requirements for 
the malignant transformation of RB1-defective retinoblastoma and 
SCLCs. Hence, the repurposing potential of AURK inhibitors for 
RBness needs further work to identify relevant contexts and associ-
ated in vitro lineages/models that are suitable for AURK targeting.

In summary, our data show that RBness is not only a transcrip-
tional phenocopy of RB1-defective cancers but that it also exhibits 
clinical characteristics and synthetic lethal vulnerabilities that are 
known correlates of RB1 defects. This leads us to predict that addi-
tional patients exhibiting RBness in the absence of RB1 genomic 
defects could benefit from existing and next-generation treatment 
strategies designed for RB1-defective cancers. For this reason, the 
identification of an RBness group has translational implications for 
rationalizing clinical heterogeneity and understanding the unique 
molecular drivers of treatment resistance and sensitivity. Therefore, 
this group, alongside bona fide RB1-defective patients, also warrants 
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inclusion in preclinical and clinical studies, thereby increasing both 
statistical power and opportunities to stratify patients into treatment-
matched groups. For instance, a logical extension of this work would 
be to test the efficacy of molecular targeting of RBNSig-associated 
drug targets such as Fanconi anemia nuclear complex or dual target-
ing of EHMT2/EZH2 (82) in preclinical models that harbor RBness.

MATERIALS AND METHODS
TCGA data
Preprocessed mRNA abundance, DNA copy number, somatic muta-
tion profiles and clinical data for TCGA datasets were downloaded 
from TCGA DCC (gdac), release: 2016_01_28. Genes with >75% 
zeros across samples for a given cancer type were removed from that 
cancer type. Copy number calls were based on log2 ratio; gain/loss: 
±0.3 to ±1, amplification/deep deletion: >±1. For the survival 
analysis of high-grade OV, clinical stage and grade were grouped into 
broader categories to improve model fitting since the vast majority of 
cases in this aggressive cancer type are high stage and grade. For clin-
ical stage, stage ic, stage iia, stage iib, and stage iic were merged into 
one group, and stage iiia, stage iiib, stage iiic and stage iv were merged 
into another group. For clinical grade, grades g1 and g2 were merged 
into one group, and grades g3 and g4 were merged into another 
group. Although standard-of-care treatment for high-grade OV in-
cludes chemotherapy, we identified 34 patients where chemotherapy 
status was ambiguous and hence these samples were removed from 
the survival analysis, which was designed to assess chemosensitivity.

CPTAC data
Preprocessed standardized CPTAC mass spectrometry data (total 
protein and phosphoprotein) were downloaded from cBioPortal in 
the form of iTRAQ ratios for BRCA and OV samples and precursor 
area intensity measurements for the colon and rectal adenocarci-
noma (COADREAD) samples (83). Preprocessed CPTAC (phase 
2/3) mass spectrometry data (total protein and phosphoprotein), 
mRNA RB1 genomic data for BRCA samples were downloaded 
from cBioPortal. Preprocessed CPTAC (phase 2/3) mass spectrom-
etry data (total protein and phosphoprotein) and mRNA data for 
OV samples were downloaded from the supplementary materials of 
the original study (84), and RB1 mutation and copy number status 
was shared by the corresponding authors. Preprocessed CPTAC 
(phase 2/3) mass spectrometry data (total protein and phosphopro-
tein) and RB1 genomic data for LUAD, GBM, and UCEC were 
downloaded from cBioPortal. Corresponding raw mRNA counts 
data for LUAD, GBM, and UCEC were downloaded from https://
portal.gdc.cancer.gov/.

SCAN-B data
Normalized RNA-seq data were downloaded from GEO using ac-
cession id GSE96058. Sample repeats were removed. Normalized 
data were exponentiated, and the existing prior of 0.1 was removed 
and subsequently replaced with a prior of 1, followed by log2 trans-
formation. Genes with >75% of samples having zero counts were 
removed from the dataset.

Metabric data
The Metabric dataset (34) was acquired through formal access made 
by the Institute of Cancer Research, London, and subsequent pro-
cessing was performed as detailed previously (85).

BrighTNess trial data
Normalized mRNA abundance and clinical data were downloaded 
from GEO using accession id GSE164458.

I-SPY2 trial data
Normalized mRNA abundance data were downloaded from GEO 
using accession id GSE194040. Clinical data were downloaded from 
Wolf et al. (43).

NeoPalAna trial data
Normalized mRNA abundance data along with probe to gene an-
notations and clinical annotations was downloaded from GEO us-
ing accession id GSE93204.

Retinoblastoma data
Gene expression data from four retinoblastoma studies were downloaded 
from GEO using accession ids GSE29683, GSE58780, GSE59983, 
and GSE196420.

Discovery of RBNSigs
RBNSigs for BRCA, OV, LUAD, GBM, and UCEC were extracted 
by combining cancer proteomic, genomic, and transcriptomic data 
from TCGA (24, 48) and the CPTAC (25, 84, 86, 87). A discovery 
population was identified within the patient cohort of each cancer 
type/subtype, and included two groups:

(i) RB1-defective group: containing those samples displaying Rb 
abundance ≤ −0.2 (low Rb) or hyperphosphorylation of Rb 
[pRb ≥0.3 and Rb ≤0.2 and (pRb – Rb) ≥0.2] or having a truncating 
mutation (MT) in the RB1 gene or a copy number deep deletion at 
the RB1 locus. Missense mutations were excluded from both RB1-
defective or proficient groups due to uncertainty around the func-
tional consequence of RB1 missense mutations. pRb was calculated 
as the median pRb across individual phospho sites for which data 
were available for a given sample. Using the breast (BRCA) cohort 
where two CPTAC datasets were available, the threshold for low Rb 
for the CPTAC phase 2/3 dataset (validation dataset) was set to 
≤−0.7 as this ensured matching proportion of low-Rb patients in 
the discovery and validation datasets. Further, this BRCA-derived 
threshold was also used to define low Rb for the remainder of the 
CPTAC phase 2/3 datasets (OV, LUAD, GBM, and UCEC).

(ii) RB1-proficient group: containing all samples with no MT(s) 
in RB1, no deep deletion in RB1, and having Rb protein abundance 
>0 (high Rb) as well as mRNA abundance z score ≥0.2. This “soft” 
mRNA abundance filter enables the exclusion of samples potentially 
harboring an RB1 loss while showing Rb abundance >0 that would 
be otherwise considered proficient (Fig. 2A).

The conditions that define RB1-defective/RB1-proficient samples 
are strong indicators of the RB1 dysfunction/functional status in the 
tumor. Although RPPA data were also available for most of TCGA 
BRCA samples, mass spectrometry data were preferred because of the 
stronger correlation between protein and mRNA profiles (fig. S1).

To extract a robust transcriptomic signature from the discovery 
population, a subsampling procedure was implemented that consist-
ed of rerunning multiple times a differential expression analysis us-
ing limma (88) while leaving out one sample from the RB1-defective 
group and one sample from the RB1-proficient group at a time. 
Limma was first run on all transcriptomes of the discovery popula-
tion to identify a set of differentially expressed genes of interest 
[|log2(FC)| ≥0.585 i.e., 1.5 folds in normal scale] and false discovery 

https://portal.gdc.cancer.gov/
https://portal.gdc.cancer.gov/
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rate (FDR)–adjusted (Benjamini-Hochberg) P value <0.1. Subse-
quently, the Leave-One-Out-Limma (LOOL) algorithm evaluated 
the robustness in significance of the selected genes across all n ⋅m 
unique combinations of (n−1) ⋅ (m−1) sample subsets in the dis-
covery population, where n and m are the number of samples from 
the RB1-defective group and the RB1-proficient group, respectively. 
Limma was run using all transcriptomes from the samples in a sub-
set, and the robustness in significance of the selected genes was as-
sessed by counting the fraction of times each of them satisfied 
certain significance thresholds stricter than the ones previously used 
[|log2(FC)| ≥1 and FDR-adjusted P value <0.1]. Exception to this 
method was for CPTAC-provided raw RNA-seq datasets (LUAD, 
GBM, and uterine corpus UCEC), where a more suitable Limma-voom 
was used for differential gene expression analysis and a |log2(FC)| 
≥0.585 filter was applied during the optimization step.

The final set of differentially expressed genes included all genes 
that satisfied those thresholds for at least 20% of the combinations 
and, additionally, showed an average expression (mRNA abundance 
z score) of at least 0.2 in absolute value across the RB1-defective 
samples and a consistent direction in expression in at least 60% of 
RB1-defective samples.

Signature optimization
To increase the generality of the signatures, a filtering procedure was 
applied on the basis of a multiscale extraction of genetic relevance 
networks from the signature genes [Butte AJ et al. (89)]. Four step-
wise increasing values of RB1 mRNA abundance z score were cho-
sen: α∈[0.4, 0.6, 0.8, 1]. For each value of α (RB1 expression scale), 
RB1 characteristic tumors were selected by selecting those samples 
showing RB1 expression greater than α or smaller than −α, and a 
genetic relevance network was then extracted by measuring the cor-
relation coefficient between the mRNA z score profiles of the genes 
across the selected samples (Spearman’s correlation) according to

where Aij are the elements of the adjacency matrix describing the 
network, Cij is the correlation coefficient between the expression 
profile of gene i and gene j, and c∗ is the optimal relevance threshold 
for which the expression profile of the connected genes in the net-
work (disconnected genes filtered out) were able to best distinguish, 
in terms of accuracy, the samples with RB1 expression greater than 
α from the samples with RB1 expression smaller than −α. The value 
of c∗ was searched heuristically in the range [0.1, 0.8] with steps of 
0.02. The classification of samples via the signature was done by 
computing the alignment score of the connected gene expression to 
the signature direction for the same genes (see details in subsection 
Alignment score and signature direction) and grouping them into 
samples with more than 50% alignment and samples with less than 
50% alignment. This procedure was repeated at different scales of 
RB1 expression, and a final multiscale consensus of optimized sig-
nature genes was identified as the set of genes that were part of the 
connected network core at all four scales in the case of BRCA and at 
least two scales in the case of OV (strict optimization for large signa-
tures of more than 50 genes, tolerant optimization for signatures 
containing less than 50 genes). Figures S2B and S6B show the behav-
ior of the accuracy of sample classification for RBNSig-BC and 

RBNSig-OV, respectively, expressed as a function of the optimal rel-
evance threshold c∗ at different expression scales α.

Alignment score and signature direction
The direction in expression of gene gi in a given sample sj was de-
fined as the mathematical sign of the corresponding z score mRNA 
abundance value z

sj
gi

The direction of an RBNSig containing N  genes labeled 
{g1, g2, … , gN } was defined as the vector containing the signs of the 
average z score mRNA abundance values of each gene measured 
across the M samples { s1, s2, … , sN } of the RB1-defective discov-
ery group

The alignment score (or simply alignment) of a given sample sj 
with the signature was defined as the fraction of signature genes in 
the sample that had a direction concordant to the signature direc-
tion for that gene

When the signature was validated on a dataset different from the 
discovery dataset, only the available genes measured were used to 
calculate the alignment score.

Pan-cancer identification of RBNSig
Genomic RBNSigs were extracted from TCGA cancer types where 
mass spectrometry proteomic data were unavailable. The list of 27 
TCGA cancer types is available in table S10. For COADREAD, mass 
spectrometry proteomics data were available; however, only two 
samples with associated proteomics had matching RB1 mRNA 
abundance RNA-seq data and only two RB1-defective samples could 
be identified with MT of the RB1 gene, resulting in insufficient sam-
ple size for proteogenomic signature discovery.

For each cancer type, a discovery population was identified as 
the set of patients satisfying the conditions of either of the following 
two groups:

(i) RB1-defective group, containing those samples displaying ei-
ther an MT (in the absence of proteomics data, we included splice 
site mutations) at the RB1 locus, or RB1 copy number deletion;

(ii) RB1-proficient group, containing the top-M samples with 
highest z-score value of RB1 mRNA abundance that were not mem-
bers of the RB1-defective group, where M is the number of samples 
in the RB1-defective group.

This choice provided a statistical balance in terms of number of 
samples between the two groups. A list of RB1-associated genes was 
found by running a linear model using limma that identified genes 
differentially expressed between the two groups with significance 

Aij =

{
1, i≠ j andCij≥ c∗

0, otherwise

d
sj
gi
= sign

(
z
sj
gi

)

�⃗d RBness = sign
(
zg1 , zg2 , … , zgN

)
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∑
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z
sj
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thresholds: |log2(FC)|  ≥0.585 and FDR-adjusted (Benjamini-
Hochberg) P value <0.1. This was done for all cancer types with at 
least three samples in the RB1-defective group.

Analogous to the methodology used to extract the RBNSigs, the 
LOOL algorithm was used to select the more robust gene sets with 
respect to finite population size effects. The thresholds used at each 
subsampling step to identify significance in differential expression 
were |log2(FC)| ≥1 and FDR-adjusted P value <0.1. The final sets of 
genes included all the genes with average expression larger than 0.2 
and at least 60% consistency in direction across the RB1-defective 
samples, which were significantly differentially expressed in at least 
50% of the LOOL steps for the cancer types with more than 20 genes 
initially found, and in at least 20% of the LOOL steps for the cancer 
types with less than 20 genes initially found. Last, a multiscale gene 
set optimization was carried out by following the same procedure 
already described in the Signature optimization subsection by using 
the tolerant optimization criterion resulting in valid RBNSigs for 
nine TCGA cancer types (table S10).

Survival analysis
Survival modeling was performed using Cox proportional hazards 
model using the R package survival (v3.2-10). Cox models were ad-
justed for age, tumor size (T-stage), and lymph node status (positive 
and negative).

Benchmarking RBNSig-BC
Singular value decomposition (SVD) for each signature was used to 
generate the signature score. Each gene in the signature was standard-
ized to have mean 0 and SD 1 before performing SVD, and the first 
eigenvector for the signature was used to estimate SVD. RBNSig-BC 
and previously published RB-related, E2F targets and proliferation 
signatures were quantified using the SVD approach for performance 
comparison. For breast cancer cell lines, RB1-defective status was in-
ferred using three datasets: (i) RB1 MTs were curated from DepMap.
org (annotated as “damaging”), (ii) RB1 deep deletions were curated 
from cBioPortal.org, and (iii) Rb protein status was curated from 
Brough et al. (15).

RBNSig-core
Genes in the proteogenomic RBNSigs of BRCA, GBM, LUAD, OV, 
and UCEC, and genomic RBNSigs of BLCA, HNSC, LIHC, LUSC, 
PRAD, SARC, SKCM, STAD, and UCS were used to extract RBNSig-
core. RBNSig-core was defined as the genes that consistently oc-
curred in at least three (20%) of these diseases.

Overlap between cancer type–specific RBNSigs was assessed us-
ing the OC given by the formula

RB1 was excluded from all RBNSigs to adjust for the single count 
overlap bias.

Markers of aggressive disease
The hypoxia score for all samples across different cancer types was 
calculated from the log2 RSEM mRNA abundance values of the hy-
poxia signature genes (52) for all TCGA samples of interest using 
the median of signature genes. The number of clones, somatic muta-
tions, and the tumor purity score were retrieved from TCGA anno-
tation data. The PGA was calculated by estimating the proportion of 

segmented regions considered as altered (|log2 ratio| >  0.2) using 
TCGA processed segmented data, gdac release 2016_01_28.

Association with candidate driver alterations
Association between RBNSig alignment scores and candidate so-
matic driver mutations, amplifications, and deletions was tested us-
ing logistic regression. For the pan-cancer model, cancer type was 
used as a covariate. For the pan-cancer analysis, candidate driver 
genes were retrieved from COSMIC’s Cancer Gene Census (58) that 
were annotated as “Tier = 1” and “Hallmark = Yes” (download ver-
sion: 2023-05-16).

Association with candidate drugs
Preprocessed CTD2 data were downloaded from Ben-Hamo et al. 
(65). Association between RBNSig-core–predicted groups (low, 
high-RBness, and RB1 defective), and z-transformed dose-response 
area under the receiver operating characteristic curves (dr-AUC) of 
481 cancer targeting compounds from the CTD2 network (64) was 
tested using Welch’s t test. Statistical evaluation was performed for 
drugs where the mean dr-AUC of RBNSig-core–low group ≥0 
and mean dr-AUC of RBNSig-core RBness (or RB1 defective) 
group < −0.5.

CRISPR perturbation screens analysis
Pan-cancer cell lines with available RNA-seq data from CCLE and 
matched CRISPR gene essentiality profiles were downloaded from 
the DepMap portal (https://depmap.org/portal/depmap/, version: 
21Q4). To lineage-match cell lines with the primary cancer types 
used for the discovery of RBNSig-core, this analysis was limited to 
cell lines from these lineages: breast, urinary_tract, central_ner-
vous_system, upper_aerodigestive, liver, lung, prostate, skin, gastric, 
uterus, ovary, and sarcomas. RB1-defective cell lines were defined as 
those harboring RB1 deleterious/damaging mutations or RB1 deep 
deletion or gene fusions involving RB1 or RB1 mRNA abundance z 
score <−2. RB1 mutation and mRNA data were accessed from dep-
map.org (version: 21Q4), and copy number and structural variation 
data (gene fusions) were accessed from cbioportal.org (dated: 
2023_02_20). Statistical analyses assessing CRISPR gene effect scores 
between the RB1 defective versus RBNSig-low and RBness versus 
RBNSig-low were performed using two-sample one-sided Welch’s t 
test where a minimum of three observations per group were avail-
able. Statistical testing was restricted to genes satisfying the follow-
ing gene effect (GE) scores criteria

where group A is either the RB1-defective or RBness group. These 
thresholds ensured that the mean gene effect in RB1-defective or 
RBness group (< −0.5) represented at least synthetic sickness and 
remained significantly lower compared to the RBNSig-low group.

Genome-wide CRISPR-Cas9 screen of isogenic MCF10ATP53−/− 
breast epithelial cell line with and without RB1−/− was performed 
using a previously published sgRNA library (Yusa, Sanger) (90). 
Methods pertaining to the generation of RB1 mutant cells using the 
MCF10ATP53−/− cells and the resulting CRISPR-Cas9 libraries have 
been described previously here (91–93). For the prioritization of 
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∣A ∩ B ∣
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candidate genes, gene-level sgRNA z scores were subjected to the 
following filters

Enrichment analysis
The STRING online analysis tool v.11 (26) (https://version-11-0.
string-db.org/) was used to perform enrichment analysis of the 
RBNSig genes for local STRING network clusters, a set of precom-
puted protein clusters derived by hierarchically clustering the full 
STRING network via an average linkage algorithm. Default settings 
were used except for interactions inferred from “Textmining,” which 
were excluded. The cluster annotations are derived from a consensus 
of annotations taken from GO, KEGG, REACTOME, UniProt, Pfam, 
SMART, and InterPro associated to the proteins inside the clusters 
and can contain combinations of standard annotation terms. The en-
richment analysis was performed using a significance threshold of 
FDR < 0.05. An enrichment network was constructed by defining as 
nodes all the enriched terms with at least 2 counts and less than 200 
overall annotated genes and by connecting nodes that shared at least 
half of the enriched genes.

Overrepresentation analyses for pathways in REACTOME data-
base as well as elsewhere here were performed using the Fisher’s 
exact test (R function: phyper). REACTOME pathways were down-
loaded from MSigDB v7.5.1.

Data processing, statistical analyses, and visualizations
All data processing, statistical analyses, and plotting were performed 
in the R statistical environment (v3.6.0).

Supplementary Materials
The PDF file includes:
Figs. S1 to S13
Legends for tables S1 to S18

Other Supplementary Material for this manuscript includes the following:
Tables S1 to S18
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All data needed to evaluate the conclusions in the paper are present in the paper and/or the 
Supplementary Materials. Analyses based on published data are cited in Materials and 
Methods. Processed data for the isogenic screen was accessed from Zenodo, DOI: 10.5281/
zenodo.14178444.
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