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Abstract 

Synthetic lethality represents a promising therapeutic approach in precision oncology, y et sy stematic identification of clinically rele v ant synthetic 
lethal interactions remains challenging. Here, we present SLAYER (Synthetic Lethality AnalYsis for Enhanced t aRgeted therapy), a comput ational 
frame w ork that integrates cancer genomic data and genome-wide CRISPR knockout screens to identify potential synthetic lethal interactions. 
SLAYER emplo y s parallel analytical approaches examining both direct mutation-dependency associations and pathway-mediated relationships 
across 1080 cancer cell lines. Our integrative method identified 682 putative interactions, which were refined to 148 high-confidence candidates 
through stringent filtering for effect size, druggability, and clinical prevalence. Systematic validation against protein interaction databases revealed 
an ∼1 4-fold enric hment of known associations among SLAYER predictions compared with random gene pairs. Through pathway-level analysis, we 
identified inhibition of the aryl h y drocarbon receptor (AhR) as potentially synthetically lethal with RB1 mutations in bladder cancer. Experimental 
studies demonstrated selective sensitivity to AhR inhibition in RB1-mutant versus wild-type bladder cancer cells, which probably operates through 
indirect pathw a y -mediated mechanisms rather than direct genetic interaction. In summary, b y integrating mutation profiles, gene dependencies, 
and pathw a y relationships, our approach pro vides a resource f or in v estigating genetic vulnerabilities across cancer types. 
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ynthetic lethality represents a promising therapeutic strategy
n precision oncology by exploiting genetic vulnerabilities ex-
lusive to tumor cells [ 1 ]. This approach targets nononcogenic
artners of mutated genes that cancers become dependent on,
roviding a means to selectively kill cancer cells while spar-
ng normal tissues [ 2 ]. Notable examples of clinically relevant
ynthetic lethal interactions (SLIs) include PARP inhibitors
n BRCA-mutated cancers [ 3 ] and WEE1 inhibitors in TP53-
utated tumors [ 4 ]. 
The systematic identification of SLIs has been pursued

hrough various computational approaches. Early methods
ocused on evolutionary conservation of genetic interactions
 5 ], while more recent approaches have leveraged cancer ge-
omic data. For instance, computational frameworks like
AISY integrated somatic copy number alterations, gene ex-
ression, and short hairpin RNA (shRNA) data to predict SLIs
 6 ]. Another approach, MiSL, analyzed mutation and copy
umber profiles to identify candidate synthetic lethal partners
 1 ]. The advent of genome-wide CRISPR screens has enabled
ore direct approaches, as demonstrated by Chan et al. in

dentifying WRN as a synthetic lethal target in microsatellite
nstable cancers [ 7 ]. Recent studies have highlighted the im-
ortance of pathway-level analysis in SLI prediction. For ex-
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ample, the ISLE framework incorporated pathway informa-
tion to prioritize SLI candidates [ 1 ], while others have fo-
cused on specific pathway contexts, like DNA damage re-
sponse genes [ 8 ]. However, most existing approaches either
rely on direct gene–gene associations or treat pathways as
discrete sets, potentially missing complex regulatory relation-
ships that could influence synthetic lethality. 

The Cancer Dependency Map (DepMap, https://depmap.
org/ portal/ ) provides comprehensive multi-omics data span-
ning over a thousand cancer cell lines, including genome-wide
CRISPR–Cas9 knockout screens that measure cellular via-
bility upon individual gene disruptions. While this resource
has been leveraged for various analyses, systematic integra-
tion of mutation profiles, gene dependencies, and pathway-
level information remains challenging. Previous studies us-
ing DepMap data have primarily focused on direct mutation-
dependency associations through large-scale CRISPR screens
[ 9 ] of pathway-level information. 

Here, we present SLAYER (Synthetic Lethality AnalYsis
for Enhanced taRgeted therapy), a computational framework
that integrates multidimensional DepMap data to systemat-
ically identify associations between common cancer muta-
tions and pathway dependencies. SLAYER builds upon pre-
vious approaches in three key ways: (i) it combines direct
, 2025. Accepted: April 16, 2025 
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mutation-dependency analysis with pathway-level investiga-
tion, (ii) it incorporates druggability and clinical relevance
filters to prioritize actionable targets, and (iii) it enables ex-
ploration of indirect synthetic lethal relationships mediated
through pathway rewiring. By intersecting mutation profiles
with CRISPR gene essentiality patterns and pathway enrich-
ment scores, our approach provides a systematic framework
for nominating potential SLIs for experimental validation and
therapeutic development. 

Materials and methods 

Data processing and quality control 

This study utilized multi-omics data from the DepMap ( https:
// depmap.org/ portal/ ) portal, comprising 1080 cancer cell
lines spanning 15 tissue types (DepMap 21Q1 release). We
obtained gene expression profiles (RNA-seq), mutation an-
notations (DNA-seq), copy number alterations, and gene de-
pendency scores from genome-scale CRISPR–Cas9 essential-
ity screens. To minimize confounding effects from genomic
instability, we excluded 238 cell lines with excessive muta-
tional burden ( > 100 putative damaging mutations). This fil-
tering was applied across all tissue types, with varying exclu-
sion rates depending on the typical mutation burden of each
cancer type ( Supplementary Table S1 ). We focused on 15 can-
cer types that had sufficient cell line representation ( ≥25 cell
lines after filtering) and could be matched with TCGA data. 

Driver gene-oriented analysis 

The identification of driver genes began with characteriza-
tion of nonsilent mutations (missense, nonsense, frameshift,
or splice site) across the cell line panel. We defined recurrent
mutations as those occurring at ≥2.5% frequency within spe-
cific cancer types. For each identified gene, we stratified cell
lines into mutant and wild-type groups. We then calculated
the delta dependency (DD) score between groups as 

DD g,dg = d epend ency g in W T dg − d epend ency g in MUT dg 

(1)

where g represents the gene being tested and dg represents the
driver gene. The term “dependency” refers to the gene essen-
tiality scores derived from the DepMap CRISPR–Cas9 knock-
out screens, which quantify the impact of gene knockout on
cell viability. These scores range from −1 (most essential) to 1
(least essential), with scores below ∼−0.5 typically indicating
genes that are essential for cell survival. The overbar notation
represents the mean dependency score across all cell lines in
the respective group (wild-type or mutant for the driver gene).
Statistical significance was assessed using two-sample t -tests
with Benjamini–Hochberg correction for multiple testing. 

Pathway enrichment-oriented analysis 

Our pathway-level analysis framework incorporated 189
canonical oncogenic pathway signatures from the MSigDB C6
collection. We specifically selected this collection of oncogenic
signatures because these gene sets directly capture transcrip-
tional states associated with cancer-relevant signaling events.
Unlike general biological pathways (such as those from KEGG
or Reactome), these signatures represent experimentally de-
rived gene expression patterns associated with oncogenic ac-
tivation or tumor suppressor loss, making them particularly
well suited for identifying synthetic lethal relationships in 

cancer. 
We quantified pathway activity using single-sample gene set 

enrichment analysis and normalized enrichment scores across 
cell lines. To calculate the pathway score for each potential 
synthetic lethal pair, we implemented a two-tiered approach.
First, we identified pathways potentially related to the driver 
gene by searching for the driver gene name within pathway an- 
notations. For gene pairs where driver-related pathways were 
identified, we calculated the maximum absolute correlation 

between the partner gene’s dependency profile and the enrich- 
ment scores of these driver-specific pathways. 

These correlation-based relationships were then integrated 

into a weighted bipartite graph connecting genes and path- 
ways, with edge weights determined by correlation coeffi- 
cients. This network representation enabled visualization and 

exploration of the complex relationships between genetic al- 
terations, pathway activities, and cellular dependencies. Edge 
weights in the network were determined by correlation coeffi- 
cients, with edges filtered using an absolute correlation thresh- 
old of 0.5. The network visualization employed a sigmoid- 
based transparency function: 

σ (w ) = 1 − 1 

1 + e 20(| w |−0 . 6) 
. (2) 

To identify potential pathway-mediated relationships, we 
implemented a breadth-first search algorithm to discover con- 
necting paths between driver gene mutations, gene dependen- 
cies, and intermediate pathway nodes. Path scoring incorpo- 
rated both edge weights and directionality of correlations. 

Candidate SLI prioritization 

The prioritization of SLIs followed a systematic framework 

integrating multiple evidence sources. Statistical significance 
requirements included adjusted P -value < .05 and DD > 0.2,
and additionally pathway score > 0.2. For driver gene identi- 
fication, we initially identified genes with mutation frequency 
≥2.5% across cell lines, but additionally required that these 
genes must be classified as known cancer genes in at least 
one established database (COSMIC Cancer Gene Census, On- 
coKB, or IntOGen) to ensure focus on true cancer drivers 
rather than passenger mutations. Clinical relevance was fur- 
ther assessed through TCGA mutation frequency data from 

cBioPortal, requiring > 15% frequency in the relevant cancer 
type. Therapeutic potential was evaluated using the DepMap 

PRISM repurposing database to identify druggable target 
genes. 

We validated predicted interactions through comparison 

with STRING database version 12.0, considering all evidence 
types with a minimum combined score threshold of 0.4. While 
STRING does not directly catalog synthetic lethal relation- 
ships, protein–protein interactions and functional associations 
have been shown to be enriched among synthetic lethal gene 
pairs [ 6 , 7 ]. Statistical analyses were performed using R (ver- 
sion 4.1.0), with multiple testing correction applied within 

each cancer type. 
All code and detailed documentation are available at https: 

// github.com/ zivc888/ SLICE . A Shiny application is publicly 
available at https:// dviraran.shinyapps.io/ SLAYER and pro- 
vides an accessible way to interact with our results, examine 
specific driver genes or cancer types of interest, and visualize 
the supporting evidence for predicted SLIs. 

https://depmap.org/portal/
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf052#supplementary-data
https://github.com/zivc888/SLICE
https://dviraran.shinyapps.io/SLAYER


SLAYER: identifying synthetic lethal interactions in cancer 3 

E
a

C
T  

(  

b  

p  

p  

E  

i  

p

L
L  

H  

t  

#  

3  

t  

a  

t  

1  

i  

a

s
s  

a  

#  

w  

c  

g  

m  

p  

q  

s
T

R
T  

a  

t  

t  

r  

R  

P  

M  

p  

p  

A  

c

A
B

S
F  

p  

T  

d  

i  

S  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

xperimental validation of the SLI between RB1 

nd AhR in bladder cancer 

ell lines and cell culture 
24 and 5637 cell lines were grown in RPMI-1640 medium

Gibco) supplemented with 10% heat-inactivated fetal
ovine serum (FBS), 2 mM l -glutamine, and 100 mg / ml
enicillin / streptomycin. RPE1-hTERT wild-type and
53 −/ − cell lines were grown in Dulbecco’s modified
agle’s medium (Gibco) supplemented with 10% heat-

nactivated FBS, 2 mM l -glutamine, and 100 mg / ml
enicillin / streptomycin. 

entivir al tr ansduction 

entiviral particles were generated by co-transfecting
EK293T cells plated in 10-cm plates with 1.64 pmol

arget vector, together with 1.3 pmol psPAX2 (Addgene,
12260) and 0.72 pmol pMD2.G (Addgene, #12259) using
:1 μg Polyethylenimine (PEI) to μg DNA ratio. Media con-
aining the viral particles was collected 48 h post-transfection
nd filtered with 0.45- μm filters. The indicated cell lines were
ransduced with the lentiviral particles in the presence of
0 μg / ml polybrene (Sigma–Aldrich, H9268). At 48 h post-
nfection, transduced cells were selected using the appropriate
ntibiotics. 

hRNA knockdown 

hRNA oligonucleotides directed against RB1 were annealed
nd cloned into pLKO-puro lentiviral vector (Addgene,
10878) digested with EcoRI and AgeI. Lentiviral particles
ere generated as described above and used to transduce T24

ells, followed by selection with 1 μg / ml puromycin (Invivo-
en, #ant-pr) for 3 days. Cells were maintained in complete
edium in the presence of 0.6 μg / ml puromycin. Gene ex-
ression knockdown was validated by reverse transcription-
uantitative PCR (RT-qPCR). The shRNA and qPCR primer
equences used in this study are included in Supplementary 
able S2 . 

NA isolation and qPCR 

otal RNA was isolated from cells using the TRIzol reagent
ccording to the manufacturer’s instructions (Sigma). A to-
al of 1 μg RNA was used for complementary DNA syn-
hesis using the qScript cDNA Synthesis Kit (Quanta) with
andom primers. Real-time qPCR for measuring messenger
NA levels was performed using Step-One-Plus Real-Time
CR System (Applied Biosystems) and the Fast SYBR Green
aster Mix (Applied Biosystems) with three technical re-

eats for each PCR. Data analysis and quantification were
erformed using StepOne software version 2.2 supplied by
pplied Biosystems. Primer sequences used for qPCR are in-
luded in Supplementary Table S2 . 

hR inhibitor 
AY-2416964 was purchased from Selleckchem. 

hort-term growth delay assay 
or determining drug sensitivity, cells were seeded in 96-well
lates in duplicates at a density of 3000–7500 cells per well.
hen, 24 h post-seeding, BAY-2416964 was added at the in-
icated concentrations. Cell viability was measured at the
ndicated timepoints using the CellTiter 96 

® AQueous One
olution Cell Proliferation Assay (Promega) following the
manufacturer’s protocol, and absorbance was measured using
Epoch Microplate Spectrophotometer (BioTek). Cell viability
was normalized to the viability of untreated cells. 

Results 

The SLAYER computational framework integrates multidi-
mensional data from the DepMap resource to systematically
identify SLIs across cancer types. Our analysis included 1080
cancer cell lines with complete genomic and transcriptomic
profiles alongside CRISPR–Cas9 gene essentiality screens. For
our initial analysis, we selected genes with mutations present
in at least 2.5% of cell lines within each cancer type, ensur-
ing sufficient statistical power when comparing mutant and
wild-type groups. From this set, we identified putative driver
genes by requiring presence in established cancer databases,
ultimately yielding 79 cancer-associated driver genes across
the 15 cancer types analyzed. 

Using the DepMap CRISPR–Cas9 knockout viability data,
we calculated gene-specific dependency scores and their asso-
ciations with driver gene mutations to identify potential SLIs
through complementary analytical approaches (Fig. 1 ). Our
integrated methodology combines two analytical dimensions:
a direct mutation-dependency analysis examining the imme-
diate impact of driver mutations on gene essentiality, and a
pathway-oriented analysis that captures broader cellular con-
text using experimentally-derived oncogenic signatures from
MSigDB (see the “Materials and methods” section). This in-
tegrated analysis yielded 682 statistically significant potential
SLIs (adjusted P -value < .05) with both DD scores and path-
way enrichment scores exceeding 0.2. 

We then applied stringent filtering criteria to prioritize
clinically actionable candidates. First, we filtered for partner
genes that are possible therapeutic targets by cross-referencing
against the DepMap PRISM repurposing data, retaining only
SLIs where the partner gene is inhibitable by an existing
drug or compound. Next, we filtered for SLIs involving driver
gene mutations with a population frequency > 15% based on
TCGA data. This ensures the SLIs are applicable to a suf-
ficiently broad patient population. After this multistep fil-
tering process focused on statistical significance, effect size,
druggability, and clinical relevance, we identified a refined
set of 148 high-confidence, actionable potential SLIs for fur-
ther prioritization and experimental validation (Fig. 2 and
Supplementary Table S3 ). The top-scoring SLIs from this
analysis are presented in Table 1 , showing strong statisti-
cal significance and high effect sizes across multiple cancer
types. 

We analyzed our list of 148 putative SLIs and identified
numerous pairs with strong mechanistic coherence, includ-
ing several that have been previously experimentally vali-
dated. Among the 55 pairs involving TP53 as the driver
gene, the TP53–TXNRD1 interaction (in liver cancer, DD =
0.94, pathway score = 0.55) showed the strongest depen-
dency effects. This interaction has a strong mechanistic basis,
as p53-deficient cancer cells exhibit increased reliance on re-
dox management systems. We also identified TP53–TXN in
the same pathway, suggesting that the entire thioredoxin sys-
tem becomes critical when p53 is lost. Studies demonstrate
that simultaneously disabling glutathione and thioredoxin an-
tioxidant pathways is lethal to cancer cells, making these
compelling targets for p53-mutant tumors [ 10 ]. The well-
studied TP53–CHEK1 interaction (in melanoma, DD = 0.49,

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf052#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf052#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf052#supplementary-data
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Figure 1 . Sc hematic o v ervie w of the SLAYER methodology. Dat a from the DepMap port al, including mut ations, gene dependencies, and expression 
profiles across 1080 cancer cell lines, were integrated using two complementary approaches: (i) a driver gene-oriented analysis associating gene 
dependencies with driver mutations, and (ii) a pathway enrichment-oriented analysis connecting gene dependencies with mutation-associated pathway 
activities. P utativ e SLIs w ere identified b y requiring statistical significance and effect siz e thresholds (scores > 0.2) in both analytical approaches. T hese 
candidates were further filtered based on the driver gene mutation frequency in the patient population and druggability of the partner gene. From an 
initial ∼5 billion possible gene pairs, 682 statistically significant SLI candidates were identified, which were then refined to a set of 148 high-confidence, 
actionable SLIs based on effect size, t arget abilit y, and clinical relevance filters. 

Figure 2. Potential SLIs across cancer types. The heatmap displays the top 10 most significant SLIs identified for each cancer type in the analysis. The 
red color scale corresponds to the DD score, representing the difference in gene essentiality between the mutant and wild-type groups. The blue bar at 
the bottom indicates the number of cancer types where the SLI was determined as statistically significant. SLIs with P -value < .01 are marked with an 
asterisk. 
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Table 1. Top potential SLIs 

Pair Cancer type Driver’s freq P -value DD Pathway Validation 

TP53–TXNRD1 Liver cancer 30.8% .014 0.94 0.58 Yes 
KDM6A–CCND1 Bladder cancer 25.2% .004 0.76 0.54 Yes 
SMAD4–SLC7A1 Pancreatic cancer 22.4% .003 0.68 0.44 No 
MUC16–FDPS Lung cancer 40.7% .013 0.52 0.50 No 
RB1–PAICS Bladder cancer 16.9% .049 0.48 0.52 No 
RYR2–CCND1 Lung cancer 38.9% .008 0.55 0.41 No 
RB1–AHR Bladder cancer 16.9% .019 0.46 0.44 Yes 
RB1–CDK2 Bladder cancer 16.9% .005 0.42 0.41 Yes 
KMT2D–OAZ1 Lymphoma 29.8% .018 0.41 0.42 No 

Top SLIs from our analysis are presented, including DD scores and pathway scores. Validation indicates interactions with experimental evidence in STRING- 
db. SLIs presented have DD > 0.4 and pathway score > 0.4, ordered by the sum of both. 

Figure 3. Validation of predicted SLIs against STRING-db database. Bar plots show the percentage of gene pairs from the SLAYER analysis that 
e xhibited e vidence of interaction or co-occurrence in the S TRING-db database, which integrates kno wn and predicted protein associations from multiple 
sources. The blue bars represent the percentages for the 148 high-confidence SLIs identified by SLAYER, while the red bars indicate the background 
percentages when analyzing all possible pairwise combinations of driver genes and genes across the different cancer types. Fisher’s exact test revealed 
highly significant enrichment in multiple cancer types ( P < 1e −5 for bladder, liver, and skin cancer), with all cancer types showing significant enrichment 
( P < .05). 
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athway score = 0.36) has been experimentally validated as
ynthetically lethal [ 11 ], although subsequent studies have
aised concerns about its clinical utility [ 12 , 13 ]. Intriguingly,
P53–NAMPT appeared as a potential SLI across four differ-
nt cancer types (brain, ovarian, bladder, and lung), suggesting
AMPT as a broadly applicable target in p53-mutated can-

ers. This aligns with studies showing that TP53-deficient cells
ely more heavily on NAD+ metabolism, making them partic-
larly vulnerable to NAMPT inhibition [ 14 ]. 
For the 15 RB1-driven pairs, the RB1–CDK2 interaction

n bladder cancer (DD = 0.42, pathway score = 0.41) is
upported by strong evidence. Studies have shown that RB1-
eficient cells have unrestrained E2F activity, making Cyclin
 / CDK2 crucial for S-phase progression. Loss of RB1 leads to
upregulation of E2F target genes, causing cells to become “ad-
dicted” to CDK2 for continued cycling. Multiple experiments
have demonstrated that knocking down or inhibiting CDK2
selectively killed cells with RB1 loss while sparing RB1-intact
cells [ 15 ]. Among the nine CDKN2A pairs, the most signif-
icant was with CDK4 (DD = 0.25, pathway score = 0.44),
a well-established relationship where loss of p 16 

INK 4 A leads
to hyperactivation of CDK4 / 6-Cyclin D, creating dependency
on CDK4 / 6 activity. This forms the basis for treating p16-null
cancers with CDK4 / 6 inhibitors, with clinical evidence show-
ing ∼50% of p16-null patients responded to palbociclib in
trials [ 16 ]. We also identified CDKN2A–CCND1 as synthet-
ically lethal, representing the same pathway and reinforcing
the critical nature of this cell cycle vulnerability. 
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Figure 4. Potential SLIs in bladder cancer. ( A ) Heatmap depicting the top SLI pairs in bladder cancer, with redder colors indicating higher DD scores. 
Similar heatmaps for each of the cancer types are available in Supplementary Fig. S1 . ( B ) Volcano plot showing all potential SLIs for the RB1 mutation, 
with AHR and CDK2 identified as the top-ranking candidates based on DD ( x -axis) and statistical significance ( −log 10 P -value on y -axis). More examples in 
Supplement ary Fig . S2 . ( C ) B o xplots illustrating the separation in gene dependency scores betw een RB1 wild-t ype and RB1 mut ant bladder cancer cell 
lines for the AHR and CDK2. ( D ) Dependency network for AHR in bladder cancer, highlighting edges that connect these genes to RB1-associated 
pathw a y s. ( E ) Correlation plot between the dependency scores of AHR and the enrichment of RB1-related pathway across the cell lines. 

 

 

 

 

 

 

 

To systematically validate our predictions, we compared
them against STRING-db, a comprehensive database inte-
grating known and predicted protein–protein interactions. We
found that 42 of 148 (28.4%) high-confidence predictions
showed STRING-db support compared with only 1.0%–
7.0% for random pairs of driver genes and partner genes
(Fig. 3 ). This striking ∼14-fold enrichment highlights the abil-
ity of our integrated analytical approach to capture biologi-
cally meaningful relationships. 
In bladder cancer, our analysis focused on 46 cell lines har- 
boring 7 recurrent driver mutations (Fig. 4 A; similar analyses 
for other cancer types are available in Supplementary Figs S1 –
S2 ). The top SLIs implicated KDM6A mutant sensitivity to 

CCND1 knockout and several potential vulnerabilities in RB1 

mutant tumors (Fig. 4 B and C). RB1 mutations were observed 

in 18.9% of the bladder cancer cohort, consistent with 16.8% 

prevalence in TCGA patient samples. Pathway enrichment 
analysis confirmed associations between AHR knockout de- 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf052#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf052#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf052#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf052#supplementary-data
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Figure 5. Synthetic lethality between RB1 and aryl h y drocarbon receptor (AhR) in bladder cancer.( A ) Short-term cell viability assay in T24 and 5637 cells 
treated with increasing concentrations of BAY-2416964. Cell viability was measured 24 h after drug treatment. Data are presented as mean ± s.d. ( n = 

3). * P < .05; ** P < .01; *** P < .001 . ( B ) Short-term cell viability assay in p53 wild-type (WT) and p53 null RPE1-hTERT cells treated with increasing 
concentrations of BAY-2416964. Cell viability was measured 24 h after drug treatment. Data are presented as mean ± s.d. ( n = 3). ( C ) Short-term cell 
viability assay in T24 cells expressing either scramble shRNA or shRNA targeting Rb1 and treated with increasing concentrations of BAY-2416964. Cell 
viability was measured 72 h after drug treatment. Data are presented as mean ± s.d. ( n = 3). ( D ) Quantitative RT-qPCR analysis of Rb1 knockdown in 
indicated T24 cell lines. **** P < .0 0 01. 
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endency and RB1-related signatures, prompting experimen-
al validation of this SLI (Fig. 4 D and E). 

To provide preliminary experimental support for this com-
utational prediction, we examined cellular responses to the
HR inhibitor BAY-2416964 in bladder cancer cell lines.
he RB1-mutant cell line 5637 exhibited markedly increased
ensitivity to AHR inhibition compared with the RB1-wild-
ype T24 line (Fig. 5 A). Importantly, BAY-2416964 treatment
howed no significant impact on noncancerous RPE cells, sup-
orting the context-specific nature of this SLI (Fig. 5 B). We
hen tested whether acute RB1 loss would sensitize cells to
HR inhibition by depleting RB1 in T24 cells using shRNA.
espite achieving significant RB1 knockdown, RB1-depleted
24 cells showed no enhanced sensitivity to BAY-2416964

Fig. 5 C and D). This suggests the synthetic lethality may
rise through indirect mechanisms involving broader cellular
ewiring in the context of established RB1 mutations rather
han acute RB1 loss. 

iscussion 

n this study, we developed SLAYER, an integrated com-
utational framework that systematically mines multi-omics
ata from the DepMap cancer cell line resource to nominate
nd prioritize SLIs associated with recurrent driver mutations
cross cancer types. Our approach combines complementary
echniques examining mutational patterns alongside CRISPR
ene essentiality profiles and pathway enrichment signatures.
his integration enables detection of both direct genetic de-
endencies and indirect relationships mediated through cellu-
ar networks, providing a more comprehensive view of poten-
ial therapeutic vulnerabilities. 

The systematic validation of SLAYER predictions against
TRING database interactions demonstrates the biological
elevance of our computational approach. The ∼14-fold en-
ichment of known protein associations among predicted syn-
hetic lethal pairs suggests our methodology effectively cap-
ures meaningful cellular relationships rather than statistical
rtifacts. This enrichment is particularly noteworthy given
hat STRING interactions represent a conservative validation
et, as many genuine synthetic lethal relationships may involve
enes without direct physical interactions. 

Among the high-confidence predictions, the synthetic lethal
elationship between RB1 mutations and AHR inhibition in
bladder cancer emerged as particularly promising. Our exper-
imental studies confirmed increased sensitivity to AHR inhi-
bition in RB1-mutant versus WT bladder cancer cells, while
sparing noncancerous cells. However, the lack of sensitiza-
tion in RB1-depleted cells suggests this synthetic lethality may
arise through indirect mechanisms involving broader cellular
adaptations to established RB1 loss. We hypothesize that long-
term RB1 deficiency leads to compensatory rewiring of cel-
lular pathways and epigenetic reprogramming that creates a
dependency on AHR function which is not immediately estab-
lished upon acute RB1 depletion. 

The apparent indirectness of the RB1–AHR relationship
also highlights the value of our pathway-oriented analytical
approach. Traditional methods focused solely on direct ge-
netic interactions might miss such context-dependent vulner-
abilities. By incorporating pathway-level information and al-
lowing for network-mediated relationships, SLAYER can po-
tentially identify therapeutic opportunities that emerge from
complex cellular rewiring during tumor evolution. This capa-
bility is especially relevant for tumor suppressors like RB1,
where acute gene loss may not fully recapitulate the cel-
lular state that develops through prolonged adaptation to
mutation. 

However, we acknowledge that genetic background differ-
ences between the cell lines used in our study may contribute
to the observed synthetic lethality beyond the RB1 mutation
status alone. The complex mutational landscapes of cancer
cell lines can harbor additional genetic alterations that interact
with both RB1 and AHR pathways, potentially confounding
the interpretation of direct synthetic lethal relationships. Ad-
ditional studies with isogenic cell line pairs and broader panels
of cell lines would be necessary to fully delineate the mecha-
nisms and genetic contexts in which the RB1–AhR synthetic
lethality operates. 

Several limitations of our study warrant discussion. First,
while our computational predictions showed strong statistical
enrichment for known interactions in STRING-db, broader
validation against experimental synthetic lethal datasets [ 17–
19 ] would strengthen confidence in our predictions. Sec-
ond, direct comparison with other computational predic-
tion methods would help establish SLAYER’s relative perfor-
mance. These important validations were beyond the scope
of this study but represent valuable directions for future
work. 
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Despite these limitations, SLAYER represents a valuable
framework for systematic exploration of SLIs in cancer. The
successful prediction and preliminary validation of RB1–AHR
synthetic lethality demonstrates the potential for computa-
tional approaches to guide therapeutic discovery. Our com-
prehensive characterization of potential SLIs across multiple
cancer types provides a rich resource for future investigation.
The pathway-oriented analytical approach may be particu-
larly valuable for understanding complex dependencies that
emerge through cellular adaptation to oncogenic mutations. 

Looking forward, several promising directions emerge for
extending this work. Integration of additional data modali-
ties, such as metabolomic or proteomic profiles, could pro-
vide deeper mechanistic insights. Incorporation of patient-
derived models or clinical response data could help bridge
the gap between cell line predictions and therapeutic applica-
tions. Finally, adaptation of our framework to analyze tem-
poral dynamics or cellular plasticity might reveal context-
dependent synthetic lethal relationships that could inform
treatment strategies. 

In conclusion, SLAYER provides a systematic approach for
discovering potential SLIs with direct therapeutic relevance.
While additional validation studies are warranted, our com-
putational framework offers a valuable resource for priori-
tizing experimental investigation of cancer-specific vulnera-
bilities. The identification of AHR inhibition as a potential
therapeutic strategy in RB1-mutant bladder cancer exempli-
fies the capacity of integrated computational analysis to reveal
promising therapeutic opportunities. 
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