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Abstract

Background: Methotrexate (MTX) resistance remains clinically relevant in gestational trophoblastic neoplasia and choriocarcinoma.
Because disease-specific molecular cohorts are limited, computational prioritisation of therapeutic hypotheses from heterogeneous public
data must explicitly distinguish experimental prioritisation from therapeutic validation. Methods: Protein and phosphoprotein changes
from an MTX-resistant JEG-3 model were used as effect-size seeds for random walk with restart propagation across four molecu-
lar interaction networks. Computational robustness was assessed using dropout analyses, degree-preserving edge randomisation, and
seed-degree-matched permutation. Orthogonal evidence from DepMap/PRISM, external transcriptomic datasets, DrugComb records, a
normal-placenta single-cell reference, and normal-tissue RNA expression was integrated to evaluate biological plausibility and transla-
tional constraints. Candidate hypotheses were prioritised using transparent multi-criteria decision analysis (MCDA), and cross-modal
agreement was summarised descriptively using rank concordance rather than a combined-probability test, because the evidence sources
share overlapping cell-cycle and DNA-damage-repair signal and therefore do not satisfy the independence assumption required by such
tests. Results: PLK1 ranked first across all 3000 MCDA perturbations, demonstrating stable prioritisation despite uncertainty in ev-
idence weighting. Network propagation supported prioritisation but not discovery-level significance: the edge-degree-preserving em-
pirical p value was 0.017 (BH-FDR, 0.479), and the seed-degree-matched p value was 0.048 (BH-FDR, 0.896). No candidate reached
FDR significance in external transcriptomic meta-analysis or lineage- and proliferation-adjusted DepMap/PRISM regression. PLK1
was the only candidate ranked first across all four evaluated evidence analyses (both network null models, adjusted DepMap analysis,
and external transcriptomic meta-analysis), indicating complete descriptive cross-modal rank concordance without assuming statisti-
cal independence across analyses. PLK1 also showed strong but nonselective basal dependency across three choriocarcinoma models.
DrugComb contained one independent MTX plus PLK1-inhibitor observation with positive ZIP synergy, and the exploratory tumour-to-
highest-critical-normal RNA ratio was 1.25. Conclusions: This bias-controlled computational prioritisation framework identifies MTX
plus PLK1 inhibition as the highest-priority therapeutic hypothesis for experimental evaluation in choriocarcinoma. PARP1 and PRKDC
remain secondary biomarker-stratified hypotheses. More broadly, the framework demonstrates how heterogeneous molecular data can
be integrated into transparent, reproducible therapeutic hypothesis prioritisation while explicitly separating computational prioritisation
from therapeutic validation.

Keywords: choriocarcinoma; gestational trophoblastic disease; methotrexate; drug resistance, neoplasm; Polo-like kinase 1; antineo-
plastic combined chemotherapy protocols; systems biology; computational biology; decision support techniques; network propagation;
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1. Introduction

Methotrexate (MTX) remains an important treatment
component for low-risk gestational trophoblastic neopla-
sia (GTN) [1,2,3]. However, resistance to first-line single-
agent MTX develops in a substantial proportion of patients,
affecting approximately 25–30% of low-risk GTN cases in
contemporary reviews [4]. This challenge is particularly
pronounced in choriocarcinoma, a rare trophoblastic ma-

lignancy with limited disease-specific molecular datasets,
matched clinical series, and MTX-combination evidence.
After first-line MTX failure in low-risk GTN, second-
line actinomycin D is commonly used, while multi-agent
chemotherapy is generally reserved for patients who fail
sequential single-agent chemotherapy [4], leaving molec-
ularly guided MTX-combination strategies insufficiently
supported for therapeutic validation. While this guideline-
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based approach is clinically prudent and prioritises patient
safety, it also limits opportunities to systematically priori-
tise new therapeutic targets or rational combination strate-
gies from available molecular evidence.

The clinical problem extends beyond the occurrence
of MTX resistance. Low-risk GTN remains highly cur-
able even after first-line MTX failure, which represents a
major clinical achievement but also limits the availability
of large untreated or longitudinal disease-context cohorts
for studying resistance biology. Second-line actinomycin
D achieves sustained remission in roughly 72% of MTX-
resistant low-risk cases [5] and in 75% in a further series
[6]. Although only a minority of patients require an alter-
native therapeutic strategy, this subgroup remains clinically
important because treatment escalation can increase toxic-
ity, delay remission, and require multi-agent chemotherapy.

Mechanistically, MTX is a synthetic folic acid ana-
logue that interferes with folate-dependent pathways re-
quired for nucleotide synthesis and DNA replication in
rapidly proliferating cells [7]. MTX resistance in GTN
and choriocarcinoma is biologically consistent with adap-
tive gene- and protein-level programs involving kinase sig-
nalling, oxidative-stress regulation, and broader proteomic
remodelling [8,9,10,11]. However, the available molecular
evidence is heterogeneous across assay platforms, model
systems, and disease contexts, making candidate therapeu-
tic hypotheses difficult to compare systematically. A tar-
get identified from a single omics layer may behave differ-
ently when evaluated as an MTX-combination strategy in
the choriocarcinoma context. Consequently, robust com-
putational prioritisation of heterogeneous molecular data
is needed to distinguish consistently supported hypothe-
ses from context-specific observations while explicitly ac-
counting for uncertainty and potential analytical bias. Such
an approach can rank experimentally testable combina-
tions, identify evidence gaps, and define the experiments
required to distinguish competing therapeutic hypotheses.
Prior work has characterised individual layers of this adap-
tation. Wu et al. [8] showed that RSK2 activation upregu-
lates SOX8 to promote MTX resistance in GTN; Jun et al.
[9] applied quantitative proteomics to nominate novel reg-
ulators of choriocarcinoma MTX resistance; Georgiou et
al. [10] combined proteomic and phosphoproteomic pro-
filing of MTX-resistant JEG-3 cells and identified ATR-
and CDK4/6-directed vulnerabilities; and Bolze et al. [11]
identified HLA-G as a predictor of monochemotherapy re-
sistance in gestational choriocarcinoma. Each provides a
defensible single-modality signal, but none compares can-
didate hypotheses across modalities, quantifies how much
of a signal reflects network topology or pan-essentiality, or
separates computational prioritisation from therapeutic val-
idation. That comparative step is the gap addressed here.

Accordingly, we framed this study as a computa-
tional prioritisation problem for experimental triage. Rather
than asking whether a candidate is therapeutically val-

idated, we asked which MTX-combination hypothesis
should be tested first, which alternatives should remain as
secondary candidates, and which claims should be with-
held until direct experimental evidence becomes avail-
able. To address these questions, we developed a bias-
controlled computational prioritisation framework that in-
tegrates network propagation, pharmacogenomic evidence,
drug-combination records, transcriptomic datasets, normal-
placenta single-cell projections, and normal-tissue RNA
counterscreens. Computational evidence was treated as
structured support for experimentally testable hypotheses,
while clinically relevant cautionary factors, including pan-
essentiality and normal-tissue expression, were incorpo-
rated into transparent candidate prioritisation. The resulting
framework provides both a reproducible strategy for inte-
grating heterogeneous molecular data and a preclinical vali-
dation roadmap to guide rational MTX-combination testing
in choriocarcinoma. Our primary objective was to identify
the most defensible first experiment while explicitly defin-
ing its translational constraints.

2. Materials and Methods
2.1 Study Design

The study was designed as a bias-controlled public-
data hypothesis-ranking analysis to prioritise MTX-
combination hypotheses in choriocarcinoma. The analysis
was anchored in the MTX-sensitive JEG-3 versus MTX-
resistant JEG-3R proteomic and phosphoproteomic
changes as hypothesis-generating seed evidence reported
by Georgiou et al. [10], which had identified DNA-damage
repair and cell-cycle regulation as major programs asso-
ciated with MTX-resistant choriocarcinoma. Terms such
as synthetic lethality, validation, and therapeutic efficacy
were reserved for conclusions that would require direct
experimental evidence.

Protein and phosphoprotein effect-size signals from
the MTX-sensitive JEG-3 versus MTX-resistant JEG-3R
comparison were first used as disease-context seeds and
propagated through public interaction networks. The re-
sulting candidates were assessed with network-level bias
controls and global null models to reduce the influence of
graph topology, seed placement, and network-degree ef-
fects. A candidate target panel was then defined for struc-
tured downstream analysis. Transparent MCDA and un-
certainty analysis were applied to rank these targets and
identify the lead hypothesis. In parallel, orthogonal con-
text and clinical risk layers examined biological plausibility
and translational constraints, including transcriptomic sup-
port, pharmacogenomic and drug-combination evidence,
trophoblast-state context, and normal-tissue expression.
The overall workflow is summarised in Fig. 1.

Signals replicated in non-trophoblastic MTX-
resistance datasets were considered external context, not
disease-specific validation. DepMap/PRISM analyses were
considered pan-cancer stress tests because they provide
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Fig. 1. Bias-controlled public-data workflow and claim boundary. Protein and phosphoprotein effect-size seeds from the Methotrex-
ate (MTX)-sensitive versus MTX-resistant JEG-3/JEG-3R comparison were propagated through public interaction networks and then
stress-tested with global network nulls, DepMap/PRISM, external transcriptomic datasets, DrugComb, normal-placenta single-cell data
and normal-tissue RNA expression. The final output is an experimental-priority roadmap for MTX-combination testing, not a validated
therapeutic claim.

scale but lack matched choriocarcinoma MTX-sensitivity
measurements. DrugComb evidence was treated as direct
combination context only whenMTX itself was present and
when records could be collapsed to independent drug-pair
and cell-line units. Normal-tissue RNA comparisons were
interpreted as toxicity-awareness heuristics and were not
used as pharmacologic therapeutic-index estimates.

Candidate selection was deliberately conservative.
The final evaluated panel included PLK1, PARP1,
PRKDC, TP53, CLIP1, CHEK1, ATR and WEE1 because
these targets represented recurrent network, DNA-repair,
mitotic-checkpoint and translationally actionable hypothe-
ses emerging from the public-data workflow. Tier labels
from earlier exploratory analyseswere not used asmodel in-
puts. This avoided circularity in which a manually assigned
priority label would be rediscovered by a downstream scor-
ing procedure.

No new patient samples, cell-line experiments, or
unpublished clinical measurements were generated. This
computational study was designed to provide scientific
value by guiding the selection of combination experiments
for trophoblastic models, not claiming therapeutic efficacy.

2.2 Data Sources and Evidence Layers
2.2.1 Proteomic and Phosphoproteomic Seed Data

Protein and phosphoprotein abundance changes from
a stable isotope labelling by amino acids in cell culture
(SILAC) quantitative mass spectrometry comparison of
MTX-sensitive JEG-3 and MTX-resistant JEG-3R chorio-
carcinoma cells were obtained from Georgiou et al. [10]
(Imperial College London, London, UK). This originating
comparison does not include independent biological repli-
cates and therefore carries unquantified measurement error.
It was consequently treated as hypothesis-generating seed
evidence only, and no inferential claim in this study is de-
rived from the seed data themselves. Descriptive protein-
phosphoprotein effect-size concordance in the originating
SILAC dataset is shown in Supplementary Fig. 1. This
constraint is the explicit reason the analysis was constructed
as a bias-controlled prioritisation framework: seed reliabil-
ity is stress-tested downstream by seed-dropout analysis, by
separate propagation of the protein and phosphoprotein lay-
ers, and by a seed-degree-matched null model.

2.2.2 Public Interaction Networks and Bias Controls
Seeds were propagated across four public protein in-

teraction resources: STRING v12.0 (University of Zurich,
Zurich, Switzerland), OmniPath (European Molecular Bi-
ology Laboratory, Heidelberg, Germany), BioGRID release
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4.4 (University of Toronto, Toronto, Canada), and Reac-
tomeFI (Ontario Institute for Cancer Research, Toronto,
Canada).

Two global null models were applied using the
STRING graph as the reference network. Benjamini-
Hochberg false discovery rate (FDR) correction was ap-
plied across the evaluated gene universe.

2.2.3 Transcriptomic and Pharmacogenomic Data
Gene expression data from five non-trophoblastic

MTX-resistance datasets (GSE16066, GSE16070,
GSE16080, GSE16082, GSE16089) and one disease-
context trophoblastic dataset (GSE88873) were retrieved
from the Gene Expression Omnibus (GEO; National Center
for Biotechnology Information, Bethesda, MD, USA).
A perturbation-context dataset (GSE192446) including
vorinostat versus dimethyl sulfoxide transcriptional pro-
files in JEG-3 and JAR cells was also obtained from GEO
and used as a phenotypic reversal reference.

CRISPR-Cas9 genome-scale gene effect scores were
obtained from DepMap Public 26Q1 (Broad Institute,
Cambridge, MA, USA). Drug sensitivity data for MTX
were obtained from the PRISM Repurposing dataset, ac-
cessed through the DepMap portal. Three choriocarci-
noma cell lines available in DepMap were included for
disease-context dependency analysis: JAR (HTB-144),
JEG-3 (HTB-36), both available from the American Type
Culture Collection (ATCC, Manassas, VA, USA), and
T3M-3 (RCB1018; RRID:CVCL_8065), catalogued by the
RIKEN BioResource Research Center Cell Bank (Tsukuba,
Japan). Pathway analysis used preranked gene set enrich-
ment analysis (GSEA) applied to Hallmark gene sets from
the Molecular Signatures Database (MSigDB; Broad Insti-
tute, Cambridge, MA, USA) and Reactome gene set col-
lections (Ontario Institute for Cancer Research, Toronto,
Canada).

Drug combination synergy records were obtained
fromDrugComb (Finnish Institute for Molecular Medicine,
Helsinki, Finland), and from the Therapeutics Data Com-
mons (TDC) DrugComb DrugSyn resource (Harvard Med-
ical School, Boston, MA, USA). Single-cell trophoblast
context was assessed using the GSE89497 normal-placenta
dataset from GEO and the Vento-Tormo first-trimester at-
las (E-MTAB-6701) from ArrayExpress (European Bioin-
formatics Institute, Hinxton, UK).

2.2.4 Normal-Tissue RNA Reference Data
Normal-tissue RNA consensus expression values

were obtained from the Human Protein Atlas (KTH Royal
Institute of Technology, Stockholm, Sweden), reported in
normalised transcripts per million (nTPM). These data were
used as the reference source for the normal-tissue expres-
sion counterscreen.

2.3 Network Propagation and Bias Controls
Weighted omics seeds were propagated across

STRING, OmniPath, BioGRID, and ReactomeFI networks
[12,13,14,15] using Random Walk with Restart [16]. In
this algorithm, a virtual walker departs from seed nodes
and at each step either moves to a neighbouring node with
probability (1 − r) or returns to the seed distribution with
restart probability r (r = 0.7). Iteration continues until the
node-score vector converges. Nodes receiving consistently
high stationary scores across iterations were considered
candidates supported by network proximity to the seed set.
A total of 171 proteins and phosphoproteins meeting the
published significance threshold were successfully mapped
to gene identifiers and used as seed nodes.

As propagation scores in protein interaction networks
can be inflated by hub node connectivity rather than bi-
ological relevance to the phenotype of interest, bias con-
trols were applied in the form of two complementary global
null models on the STRING graph. First, degree-preserving
double-edge swaps were used to randomise network wiring
across 1000 permutations, testing whether candidate scores
were exceptional given the network’s degree structure. Sec-
ond, the STRING graph was held fixed while 171 mapped
seeds were replaced by genes from matched degree bins,
testing whether the target markers reflected the biological
signal of the seed proteins or just a consequence of their
favourable position in the network. A candidate could be
nominally supported by one null and not the other; there-
fore, both were reported and interpreted jointly. Benjamini-
Hochberg FDR correction [17] was applied across the full
evaluated universe of 10,746 genes to account for multiple
testing, and candidates that did not survive this correction
were not considered sufficient to support discovery-level
network claims, even when nominal p-values were below
0.05.

Candidate robustness was further evaluated by three
dropout analyses to test whether rankings were stable across
data sources. Network leave-one-out tested whether a can-
didate ranking depends on any single network source. Seed-
dropout analysis testedwhether ranking persistedwhen por-
tions of the omics seed set were removed. Omics-layer-
dropout repeated network propagation using protein and
phosphoprotein seed signals separately, allowing us to as-
sess whether candidate support was robust across measure-
ment layers or dominated by one omics modality. These
analyses were not designed to create additional p-values;
they were used to distinguish broadly supported candidates
from artefacts of a single data source.

2.4 Orthogonal Stress Tests
2.4.1 Pharmacogenomic and Transcriptomic Analysis

After a disease-context candidate panel was de-
fined from network propagation and bias controls, or-
thogonal public-data analyses were performed to evaluate
whether these candidates retained biological and pharma-
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cogenomic plausibility across independent resources. Ac-
cordingly, DepMap CRISPR gene-effect data and PRISM
MTX-sensitivity profiles were used as pharmacogenomic
stress tests [18,19,20]. DepMap assessed basal depen-
dency of candidate targets, including in JAR, JEG-3, and
T3M-3 choriocarcinoma models, whereas PRISM evalu-
ated candidate-associated patterns in available MTX drug-
sensitivity data. These analyses were interpreted cautiously
because broad gene dependency may indicate experimen-
tal tractability, but it does not necessarily imply MTX-
specific sensitisation or clinical exploitability. For this rea-
son, DepMap CRISPR results were summarised separately
from pan-cancer regression models and were interpreted as
basal dependency evidence only. PRISM MTX data were
not available for the three public choriocarcinoma models,
so no disease-specific public drug response validation was
claimed.

External transcriptomic stress tests were evaluated us-
ing MTX-resistance datasets from GEO [21]. Gene ex-
pression data from five non-trophoblastic MTX-resistance
datasets (GSE16066, GSE16070, GSE16080, GSE16082,
GSE16089) were pooled using random-effects meta-
analysis [22]. This approach was chosen to accom-
modate heterogeneity in tissue origin, assay platform,
and experimental design, rather than to force a disease-
specific pooled estimate. The choriocarcinoma trophoblas-
tic dataset (GSE88873) was retained but reported descrip-
tively only, as its MTX-sensitive arm contained a single
sample and was therefore unsuitable for inferential pool-
ing. Preranked GSEA [23] was used to examine pathway-
level patterns across Hallmark and Reactome collections,
in which genes were ranked by log2 fold change from
each dataset to identify biological processes consistently
enriched across MTX-resistance contexts. Mechanism-
keyword prefiltering was deliberately omitted to avoid in-
troducing prior bias toward expected pathways.

2.4.2 Single-Cell Contextualisation

Single-cell analysis was used to contextualise the
MTX-resistance signature within trophoblast lineage states.
Given the trophoblastic origin of choriocarcinoma, this
analysis examined whether the JEG-3R resistance signa-
ture preferentially aligned with specific normal trophoblast
compartments, thereby providing lineage-state context for
interpreting MTX-resistance biology.

The top 100 upregulated and top 100 downregu-
lated GSE88873 JEG-3R genes were projected onto the
GSE89497 normal-placenta single-cell expression matrix
from the human placental single-cell RNA-seq reference
reported by Liu et al. [24]. An AddModuleScore-like pro-
cedure was applied to log1p(TPM) values, in which target
gene scores were corrected against expression-bin-matched
background genes to account for differences in mean ex-
pression level across cells. The resistance scorewas defined
as the upregulated-module score minus the downregulated-

module score. Cell-level findings were reported descrip-
tively because many cells may originate from a limited
number of biological samples, making cell-level p-values
unsuitable for patient-level inference.

As a predefined-panel sensitivity analysis, the final
genes were projected onto both GSE89497 and the larger
Vento-Tormo E-MTAB-6701 normal first-trimester atlas
[25]. Because several candidate genes are involved in cell
cycle regulation and mitotic progression, a separate prolif-
eration score was computed using established proliferation
marker genes (MKI67, TOP2A, PCNA, MCM2, MCM5,
CCNB1, CDK1, and AURKB) with no overlap with the
target panel, to distinguish candidate-specific expression
patterns from general proliferative activity. E-MTAB-6701
cells were pseudobulked by individual and trophoblast sub-
type before paired comparisons. A small-sample sensi-
tivity model used individual fixed effects and individual-
clustered standard errors to estimate subtype differences af-
ter adjustment for the proliferation score.

2.4.3 Drug-Combination Evidence
Drug combination synergy records from DrugComb

were used to identify whether any direct MTX and can-
didate inhibitor combination evidence existed in the pub-
lic domain [26]. MTX combinations were separated from
other antifolates. Before analysis, records were collapsed
into independent units defined by antifolate type, target
class, drug pair, and cell line to avoid overcounting re-
peated doses, replicate matrices, or closely related records
that could overstate evidence density. MTX was separated
from pralatrexate and other antifolates because antifolates
can differ in cellular transport, polyglutamation, target en-
gagement, or resistance biology. Given the sparse number
of independent records after collapse, positive results were
reported descriptively only.

As a separate exploratory prioritisation layer, the pub-
lic TDCDrugCombDrugSyn file was used to fit ExtraTrees
regression models for ZIP and Bliss scores [27,28,29].
Symmetric Morgan fingerprint features were generated for
each drug pair so that the order of the drugs did not affect
the model input. These chemical features were evaluated
alone and together with a 16-component RNA embedding
learned from the 59 NCI-60 cell lines represented in the
TDC DrugComb DrugSyn training data. JEG-3 DepMap
RNA values were gene-matched and projected into that
embedding. Model generalisability was assessed using
three data-splitting strategies that followed the TDC data-
splitting framework and common drug-synergy prediction
evaluation settings: random-row, cold drug-pair, and cold
cell-line splits. Because JEG-3 is outside the NCI-60 train-
ing domain and the proposed inhibitors were not exact train-
ing compounds, these estimates were treated as in-silico
assay-ordering priors only, not calibrated JEG-3 synergy
predictions.
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2.5 Clinical Risk Assessment
Clinical risk assessment was performed as a normal-

tissue RNA counterscreen for the candidate target panel.
RNA expression values from the three DepMap chorio-
carcinoma models were back-transformed where applica-
ble and compared descriptively with the Human Protein At-
las [30] consensus RNA expression values in selected crit-
ical normal tissues. The selected tissues included prolif-
erative or treatment-relevant compartments, such as bone
marrow, thymus, lymphoid tissue, and other normal tissues
considered relevant for toxicity-aware preclinical planning.
Because these two sources use different measurement plat-
forms, the resulting ratios were treated as expression win-
dow estimates rather than precise quantitative comparisons.

Normal-tissue RNA expression was used only as a
warning layer. A high tumour-to-normal RNA ratio does
not ensure efficacy, and a low ratio does not prove toxic-
ity. The intent was to prioritise experiments with toxicity
awareness, not to estimate patient therapeutic index.

2.6 Candidate Ranking and Exploratory Cross-Modal
Integration

Transparent MCDA was used to integrate supportive
evidence and translational caution signals across the pub-
lic data workflow [31]. Transparent MCDA was used be-
cause the evidence layers were heterogeneous and could not
be reduced to a single validated likelihood model. Higher
scores reflected stronger biological and pharmacogenomic
support, while pan-essentiality and normal tissue expres-
sion concerns reduced practical priority. For the evidence-
toxicity visualisation in Fig. 2D, the integrated evidence
score was calculated as the weighted sum of network con-
sensus, degree-aware support, seed-dropout stability, phar-
macogenomic direction, external context, and direct MTX-
combination evidence, normalised by their total weight
(0.73). The toxicity-risk score was calculated from the
weighted pan-essentiality and normal-expression penalties,
normalised by their total weight (0.10). Actionability was
retained in the overall MCDA score but was not included
on either axis of the Pareto visualisation.

Rank uncertainty was assessed by repeating MCDA
across 3000 weight perturbation simulations and by leave-
one-component-out analysis, which tested whether candi-
date rankings were stable to changes in component weights
or driven by any single evidence category. Weight perturba-
tion further assessed whether the top-ranked candidate re-
mained stable when different weights were assigned to the
MCDA components.

Source-specific p-values and FDR values remained
the primary inferential outputs. Because the available ev-
idence sources concentrate signal within overlapping cell-
cycle and DNA-damage-repair programs, they do not sat-
isfy the independence assumption required for combined-
probability tests such as Fisher’s method. Cross-modal
support was therefore summarised without combining p-

values: candidates were ranked within each evidence
source separately, and the number of sources ranking a
candidate among the top three was reported as a descrip-
tive concordance measure. Sources with missing coverage
were recorded as unavailable and were neither imputed nor
treated as negative evidence. This approach was used for
hypothesis ordering only and does not constitute a signif-
icance test. It was kept descriptive because candidate se-
lection was not preregistered. To test whether the fixed
analysis weights introduced subjective bias, the panel was
rescored under two objective weighting schemes. Entropy
weights were derived from the dispersion of the normalised
component matrix, and analytic hierarchy process weights
were obtained from the principal eigenvector of a Saaty
pairwise comparison matrix constructed from the stated cri-
terion ordering. The three weighting strategies, together
with the 3000-draw Monte Carlo perturbation already de-
scribed, are compared in Supplementary Table 1 and Sup-
plementary Fig. 2. The fixed weights and their assigned
directions are listed in Supplementary Table 2.

3. Results
3.1 Network Propagation and Bias-Controlled Candidate
Panel Derivation

Computational prioritisation denotes in-silico rank-
ing of candidate hypotheses without functional validation,
which is the scope of this study. Preclinical experimen-
tal validation denotes wet-laboratory combination testing
in cell or tumour models, which is proposed here but not
performed. Clinical therapeutic efficacy denotes patient-
level tumour response and survival endpoints, which this
study does not address. Terms such as synergy, sensitisa-
tion, validation and efficacy are reserved for the level at
which the supporting evidence was actually generated. Net-
work propagation across four interaction databases yielded
a ranked list of candidate genes with elevated propagation
scores relative to the seed distribution. Bias-control anal-
yses were then used to examine whether nominated candi-
dates reflected disease-context seed proximity rather than
graph topology, hub connectivity, or seed-placement ef-
fects. These results were used to define a hypothesis panel
for downstream stress testing, not to claim discovery-level
network significance. From this list, a final panel of eight
candidates was defined for structured downstream analy-
sis: PLK1, PARP1, PRKDC, TP53, CLIP1, CHEK1, ATR,
and WEE1. Selection was deliberately conservative and
based on three criteria: recurrent prioritisation across mul-
tiple networks, biological relevance toMTX resistance, and
translational actionability. Candidates representing distinct
mechanistic hypotheses were retained even when their net-
work scores were moderate, to avoid premature narrowing
before orthogonal stress tests were applied. Tier labels from
earlier exploratory analyses were not used as selection in-
puts to avoid circularity in downstream ranking. The mech-
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Fig. 2. Integrated evidence prioritisation for MTX-combination assay design. (A) Network-null sensitivity across prioritised tar-
gets. (B) External MTX-resistance random-effects meta-analysis. (C) Disease-context DepMap CRISPR dependency heatmap. (D)
Transparent multi-criteria decision analysis (MCDA) evidence-toxicity Pareto view, showing the normalised weighted evidence score
versus the normalised weighted toxicity-risk score. (E) Explainable weighted-component MCDA decomposition. These panels support
experimental triage rather than therapeutic efficacy or disease-selective vulnerability claims.

anistic STRING protein-protein interaction context of the
predefined eight-target panel is shown in Supplementary
Fig. 3.

3.2 Multi-Source Evidence Supports PLK1 as the
Strongest Candidate for Integrated Prioritisation

The supporting evidence remained constrained by
source-specific uncertainty. In the network bias-control
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analysis, PLK1, PRKDC, and PARP1 retained nominal
empirical support, with PLK1 showing the strongest sig-
nal under both the degree-preserving edge-swap null (p =
0.017) and the seed-degree-matched null (p = 0.048) (Fig.
2A). However, no candidate passed all-gene Benjamini–
Hochberg FDR correction across the 10,746-gene universe,
indicating that the network results supported candidate pri-
oritisation rather than discovery-level significance. De-
tailed global network-null results for all final candidates are
provided in Supplementary Table 3.

External MTX-resistance meta-analysis likewise pro-
vided limited target-level statistical support. PLK1 and
PARP1 showed directionally positive pooled estimates, but
no candidate reached FDR significance across the five non-
trophoblastic MTX-resistance datasets (Supplementary
Table 4; Fig. 2B). For PLK1, the pooled log2 fold change
was 0.557, with a 95% confidence interval spanning zero (–
0.084 to 1.197; BH-FDR, 0.364) and substantial between-
study heterogeneity (I2 = 88.9%). These findings indi-
cate that single-gene expression changes were not suf-
ficiently consistent across heterogeneous MTX-resistance
models to support target-level transcriptomic significance.
At the pathway level, preranked enrichment analysis re-
currently highlighted E2F-target andG2/M-checkpoint pro-
grams, although the direction of enrichment varied by dis-
ease context. Together, these results provide pathway-level
rationale for testing a mitotic-stress strategy while indi-
cating that MTX resistance is not explained by a single
pathway or a uniform direction of transcriptional change
(Supplementary Table 5; Supplementary Fig. 4).

PLK1 also showed strong basal dependency across
the three DepMap choriocarcinoma models, with a median
CRISPR gene-effect score of –2.735 across JAR, JEG-3,
and T3M-3 cells (Fig. 2C). Its pan-cancer median gene-
effect score was similarly strong (–2.778), however, indi-
cating that PLK1 dependency was broadly observed across
cancer models rather than selectively enriched in chorio-
carcinoma (Supplementary Table 6). WEE1, CHEK1,
and ATR also showed strong basal dependency, whereas
PARP1 showed more modest dependency and PRKDC
lacked DepMap CRISPR coverage in the evaluated chori-
ocarcinoma models. None of the three choriocarcinoma
models had public PRISM MTX AUC measurements. Ac-
cordingly, DepMap CRISPR results were interpreted as
evidence of basal target dependency and experimental
tractability rather than MTX-specific sensitisation. Model-
level and pan-cancer summaries are provided in Supple-
mentary Table 6.

Taken together, the network, transcriptomic, and phar-
macogenomic analyses did not provide source-specific
FDR-significant evidence for any single candidate, but
they consistently placed PLK1 among the most strongly
supported targets. These complementary signals were
therefore integrated with the remaining evidence and
translational-constraint layers in the MCDA framework.

3.3 MCDA Uncertainty Analysis Identifies PLK1 as the
Lead Experimental Priority

PLK1 ranked first in all 3000 MCDA weight-
perturbation simulations (Table 1; Fig. 2), with the highest
fixed-weight MCDA score (0.811), a rank 95% interval of
1–1, and a top-three probability of 1.000. Thus, its lead po-
sition was completely stable to uncertainty in the assigned
component weights. Component-level MCDA profiles for
all eight targets are shown in Supplementary Fig. 5.

The lead position was also robust to the method used
to derive the weights. Rescoring the candidate panel
using entropy weights derived from the component ma-
trix and analytic hierarchy process weights derived from
a pairwise comparison matrix (consistency ratio, 0.023)
placed PLK1 first under all three weighting schemes. Rank
agreement with the fixed-weight analysis was complete for
the analytic hierarchy process (Spearman (rho = 1.000))
and remained high for entropy weighting (Spearman (rho
= 0.905); Kendall (tau = 0.786)). PRKDC remained
ranked third under all three schemes, whereas PARP1 and
TP53 exchanged ranks 2 and 4 under entropy weighting
(Supplementary Table 1; Supplementary Fig. 2).

PARP1 and PRKDC occupied the next two posi-
tions after PLK1, with top-three probabilities of 0.977
and 0.906, respectively, supporting their retention as sec-
ondary biomarker-stratified hypotheses. TP53 ranked
fourth, with a substantially lower top-three probability of
0.117, whereas CLIP1, CHEK1, ATR, and WEE1 each had
top-three probabilities of 0.000. Although CHEK1, ATR,
andWEE1 remained biologically relevant checkpoint com-
parators, their integrated priorities were reduced by pan-
essentiality and weaker support across the evidence layers
represented in the MCDA. The analysis therefore separated
the predefined panel into a leading PLK1 hypothesis, two
retained secondary candidates, and a lower-priority com-
parator group.

The integrated MCDA views further clarify why
PLK1 remained the lead despite the source-specific limita-
tions described above. Score decomposition showed that its
ranking reflected cumulative support across multiple com-
ponents rather than dominance by a single evidence source
(Fig. 2E). In the evidence-toxicity trade-off view, PLK1
occupied the strongest evidence region while also carrying
a visible toxicity-risk signal (Fig. 2D). This caution did not
remove PLK1 from the leading position; instead, it identi-
fied toxicity-aware and schedule-sensitive experimental de-
sign as an important constraint for subsequent validation.

3.4 Exploratory Perturbation Context
GSE192446 was included as an exploratory perturba-

tion reference because it provides vorinostat versus DMSO
transcriptional profiles in JEG-3 and JAR cells. This dataset
allowed us to examine whether the predefined target panel
showed similar reversal context patterns across two tro-
phoblastic cell lines.
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Table 1. Transparent MCDA ranking of final MTX-combination target hypotheses.
Gene MCDA score Rank Rank 95% interval Probability top 3

PLK1 0.811 1 1–1 1.000
PARP1 0.587 2 2–3 0.977
PRKDC 0.557 3 3–4 0.906
TP53 0.522 4 2–4 0.117
CLIP1 0.287 5 5–6 0.000
CHEK1 0.229 6 5–6 0.000
ATR 0.179 7 7–8 0.000
WEE1 0.148 8 7–8 0.000
The table reports the fixed-weightMCDA score, observed rank, rank uncertainty
from 3000 weight-perturbation simulations and the probability that each target
remains in the top three under weight perturbation.

Across 28,910 genes, vorinostat-associated reversal
context scores were positively correlated between the two
cell lines (Spearman rho, 0.299; Fig. 3). Because posi-
tive values indicate downregulation after vorinostat, the up-
per right quadrant represents concordant downregulation in
both cell lines. Among the predefined eight targets, CLIP1
and TP53 were positioned in this concordant downregula-
tion quadrant. PLK1, PRKDC, CHEK1, ATR and WEE1
showed partial or cell-line-specific patterns, while PARP1
did not show a positive reversal context score in either cell
line.

This analysis is descriptive by design. GSE192446
measures transcriptional response to vorinostat, not MTX
combination viability or resensitisation of an MTX-
resistant phenotype. Therefore, Fig. 3 should be interpreted
as a perturbation context visualisation, not as evidence of
validated MTX collateral sensitivity.

3.5 Normal Placenta Projection

Within the shared HE8W source prefix, medianMTX-
resistance module scores were lowest in EVT cells (–0.228,
n = 440), intermediate in CTB (–0.042, n = 248) and STR
cells (0.086, n = 615), and highest in STB cells (0.342,
n = 64). Although score distributions overlapped across
cell types, the MTX resistance signature was not prefer-
entially associated with an EVT-like transcriptional state
(Fig. 4). Cell-level associationswere reported descriptively
because independent source-prefix replication was insuffi-
cient. This pattern is consistent with the proliferative ar-
chitecture of the trophoblast lineage rather than being an
unexplained negative result. Extravillous trophoblast occu-
pies an invasive but comparatively low-proliferative state
in this reference (median proliferation score –0.977, ver-
sus –0.116 in cytotrophoblast and 0.130 in stromal cells),
whereas the MTX-resistance module derived from JEG-3R
is weighted toward cell-cycle and DNA-damage-repair pro-
grams. Reduced module scores in extravillous trophoblast
are therefore the expected consequence of lineage prolifera-
tive state. Full HE8W-only cell-type contrasts are provided
in Supplementary Table 7.

This single-cell projection produced a negative result,
which limits a tempting but unsupported biological story.
If the resistance signature had mapped strongly to EVT
cells, it might have suggested a lineage-state interpreta-
tion. Instead, the shared-source analysis showed lower re-
sistance scores in EVT than in cytotrophoblast and syncy-
tiotrophoblast cells. The normal-placenta reference there-
fore provides a contextual stress test rather than a positive
disease model. Corroboration in an MTX-challenged tro-
phoblast single-cell dataset would be the appropriate next
test, and we searched for one. Queries of the Gene Ex-
pression Omnibus and of ArrayExpress combining MTX
with trophoblast, choriocarcinoma or placenta and with
single-cell terms returned no MTX-challenged primary tro-
phoblast or choriocarcinoma single-cell dataset. The near-
est available resource, GSE300458, profiles MTX-resistant
JAR choriocarcinoma cells but is bulk RNA-seq rather than
single-cell and was released after the present analysis was
completed; it is noted here as available context and is not in-
corporated into any analysis. Publicly available trophoblast
single-cell atlases remain drug-naive, so no existing dataset
can currently corroborate a resistance signature at single-
cell resolution. This absence is itself the gap that motivates
computational prioritisation, and generating such data is in-
cluded in the proposed roadmap.

The predefined eight gene sensitivity analysis in
E-MTAB-6701 confirmed the same directional result
(Supplementary Fig. 6). Cell-type descriptive sum-
maries of the predefined eight-gene score, proliferation
score, and proliferation-adjusted residual are provided in
Supplementary Table 8. After pseudobulking 14,034
annotated trophoblast cells across seven individuals, the
median paired score difference for EVT versus cytotro-
phoblast was –0.181 (n = 7; Wilcoxon p = 0.0156; BH-
FDR across paired contrasts = 0.0893). The proliferation-
adjusted small-sample sensitivitymodel also retained a neg-
ative EVT coefficient (–0.196). The predefined panel score
and its residual after adjustment for proliferation and donor
indicators did not form an EVT-high region on the atlas em-
bedding. Cell-level overlays were used for visualisation
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Fig. 3. GSE192446 perturbation-context phenotypic reversal scatter. Each pale point is a measured gene. Axes show the negative
vorinostat-versus-DMSO log2 fold change in JEG-3 and JAR cells, so positive values indicate vorinostat-associated downregulation. Di-
amonds identify the predefined eight-target panel. The upper-right quadrant marks concordant downregulation context. This visualisation
does not establish MTX collateral sensitivity or therapeutic reversal.

only, whereas donor level pseudobulk contrasts remained
the primary analysis (Supplementary Fig. 7). Donor-level
estimates for the predefined panel are given in Supplemen-
tary Table 9.

3.6 Drug Combination Evidence

After DrugComb records were collapsed to indepen-
dent units and MTX was separated from other antifolates,
only 1 independent MTX plus PLK1-inhibitor unit had pos-
itive ZIP synergy (median ZIP, 11.916). This single obser-
vation derives from the U-HO1 cell line, which is not of
trophoblastic origin, further limiting its disease relevance.
PARP-class combinations had broader coverage, with 79 in-
dependent units across 40 cell lines and two drug pairs, but
the aggregate median ZIP synergy score across available
MTX records was not supportive (median ZIP, –0.466).

No direct MTX-combination evidence was available for
PRKDC. Detailed collapsedMTX-combination evidence is
provided in Supplementary Table 10.

This analysis prevents a misleading conclusion that
public combination screens already validate the proposed
strategy. The PLK1-class observation is directionally
encouraging because it involves MTX itself and has a
positive ZIP score, but it is a single independent unit.
The PARP-class result is almost the inverse: coverage
is broader, but the aggregate MTX-combination signal is
not favourable. For PRKDC, the absence of direct public
MTX-combination evidence means that any DNA-PK hy-
pothesis must begin as a mechanistic experiment rather than
as screen-supported repurposing.

An exploratory TDC DrugSyn-based prioritisation
layer was added to order candidate-level dose matrix assays
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Fig. 4. Normal-placenta single-cell context projection within the shared HE8W source prefix. The MTX-resistance module score
was calculated from the top 100 upregulated minus the top 100 downregulated GSE88873 JEG-3R genes using expression-bin-matched
control correction. The score is lower in extravillous trophoblast than in cytotrophoblast and syncytiotrophoblast cells. Distributions are
descriptive because independent source-prefix replication is insufficient.

(Supplementary Table 11; Fig. 5B). Model performance
decreased under themore stringent cold drug pair split com-
pared with the random row split. In the RNA hybrid model,
ZIP Spearman rho decreased from 0.513 to 0.384, while
Bliss Spearman rho decreased from 0.447 to 0.256. None of
the six MTX candidate projections produced a strong pre-
dicted ZIP signal relative to model spread. Peposertib had
the highest projected ZIP score (0.721; tree-level standard
deviation, 3.990), followed by talazoparib (0.322; tree-level
standard deviation, 3.439). These estimates were limited by
domain mismatch. None of the six candidate compounds
appears in the TDC training set (exact-structure match ab-
sent for all six; nearest-neighbour Tanimoto similarity 0.40
to 0.51), and JEG-3 lies outside the NCI-60 training do-
main. Critically, the projected values are smaller than the
model’s own dispersion: the highest projected ZIP score is
accompanied by a tree-level standard deviation of 3.990, so
the predicted signal lies within model noise and does not
support compound-level discrimination. This layer there-
fore documents an attempted analysis whose predictive res-

olution proved insufficient, and it does not contribute to
candidate prioritisation.

3.7 RNA Expression Window

PLK1 median expression was 51.09 TPM across the
three DepMap choriocarcinoma models, compared with
30.2 nTPM in Human Protein Atlas bone marrow and 40.9
nTPM in thymus, the highest selected critical normal tis-
sue. PLK1 expression in the tumour models was 1.69-fold
higher than the bone marrow value and 1.25-fold higher
than the highest selected critical normal tissue value. This
narrow RNA expression window reflected relatively high
PLK1 expression in proliferative normal tissues, which can
be explained by its role as a core mitotic regulator. This
finding highlighted the need for toxicity-aware validation
in normal proliferating cell contexts.

The expression window result changes how PLK1
should be tested. A narrow tumour-to-normal RNA mar-
gin does not invalidate PLK1 as a preclinical target, but
it makes continuous high-intensity exposure less attrac-
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Fig. 5. Translational roadmap for staged MTX-combination testing. (A) Translational prioritisation bubble matrix. Development
readiness reflects the highest documented stage of representative target-directed agents: class-approved, clinical-stage, mixed clini-
cal/preclinical, or preclinical/genetic-perturbation only, based on published clinical-development literature and public trial/regulatory
information. (B) Exploratory in-silicoMTX-combination assay ordering. (C) Target-mechanism-drug hypothesis network. (D) Schedule-
aware preclinical validation workflow. Drug links and projected synergy estimates define testable hypotheses, not validated combinations
or predicted clinical benefit.

tive. A more defensible design would test MTX pretreat-
ment followed by intermittent PLK1 inhibition, measure
mitotic arrest and apoptosis, and include marrow-relevant
or trophoblast-like normal-cell controls. This design di-
rectly addresses the main translational liability identified by
the public data.

The expression window differed across secondary
candidates. PARP1 showed less favourable normal tis-
sue RNA context because its highest selected critical nor-
mal tissue expression exceeded its tumour model expres-
sion. PRKDC showed a wider RNA expression window,
although its broader public evidence remained limited.

The cross-platform RNA expression window proxy is
shown in Supplementary Fig. 8. Detailed values are pro-
vided in Supplementary Table 12.

3.8 Cross-Modal Rank Concordance Identifies PLK1 as
the Most Consistently Supported Candidate

No individual public data modality provided source-
specific FDR support for any candidate. Rather than com-
bining source-specific p-values into an omnibus statis-
tic, which would require an assumption of statistical in-
dependence that these sources do not satisfy, candidates
were compared by their relative rank within each modal-
ity, and agreement across modalities was reported descrip-
tively. PLK1 was ranked first by all four evidence sources:
the edge-degree-preserving network null (p = 0.017), the
seed-degree-matched network null (p = 0.048), the ad-
justed DepMap analysis (p = 0.081; Supplementary Table
13) and the external transcriptomic random-effects meta-
analysis (p = 0.088). No other candidate achieved this
agreement (Supplementary Table 14).
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PARP1 and TP53 were each ranked among the top
three by two of four sources, and the remaining candidates
showed no consistent cross-modal agreement. This concor-
dance is descriptive. It indicates that the same candidate is
repeatedly favoured by methodologically distinct analyses,
which supports experimental ranking; it does not constitute
a combined significance test, and the underlying source-
specific results remain non-significant after FDR correc-
tion.

PRKDC ranked second in all three evidence sources
for which it had coverage, but it lacks DepMap CRISPR
gene-effect data in the evaluated models. It is therefore
reported with an explicit missing-coverage flag and is not
treated as rank-comparable with candidates assessed across
all four sources. Missing public-data coverage, rather than
weak evidence, limits its comparability.

3.9 Focused Validation Roadmap
The integrated evidence was translated into a staged

preclinical validation roadmap (Fig. 5). PLK1 occupied
the highest-priority testing region because it combined the
highest MCDA priority with clinically developed inhibitor
candidates, including onvansertib and volasertib (Fig. 5A).
PARP1 and PRKDCwere retained as secondary experimen-
tal arms, represented by olaparib and talazoparib for PARP1
and peposertib and AZD7648 for PRKDC. WEE1, ATR,
and CHEK1 remained lower-priority checkpoint compara-
tors, whereas CLIP1 and TP53 were represented as genetic
perturbation hypotheses rather than direct small-molecule
strategies.

The exploratory in-silico assay-ordering analysis was
retained as a secondary guide and did not override the
evidence-based ranking (Fig. 5B). The target–mechanism–
drug network organised the candidate panel into mitotic-
control, DNA-repair, checkpoint/replication-stress, and
genetic-perturbation arms (Fig. 5C), which were mapped
onto a common staged workflow comprising baseline
MTX-response assessment, combination testing, mechanis-
tic readouts, durability assessment, and normal-cell coun-
terscreening before assay expansion (Fig. 5D). The com-
plete preclinical validation roadmap is provided in Supple-
mentary Table 15.

4. Discussion
4.1 Candidate Panel Interpretation

The eight-candidate panel was defined conservatively
as a rank experimental roadmap (Table 1). PLK1 was des-
ignated the lead hypothesis on the basis of complete rank
stability across all weight-perturbation simulations and con-
sistent multi-source evidence convergence.

PARP1 and PRKDC remain useful secondary hy-
potheses but should not be presented as equivalent to PLK1.
PARP1 has clinically accessible inhibitors, yet the aggre-
gate DrugComb signal is non-supportive. PRKDC is mech-
anistically plausible, but public pharmacogenomic and di-

rect combination evidence are insufficient. Both require
biomarker-stratified testing.

Clinical PARP-inhibitor experience and preclini-
cal/early clinical DNA-PK inhibitor studies support the fea-
sibility of these drug classes, but they do not validate MTX-
combination activity in choriocarcinoma.

The PARP1 result shows why actionability is not
enough. PARP inhibitors are clinically mature and exper-
imentally accessible, but the public MTX-combination ev-
idence did not show a favourable aggregate signal. This
does not rule out a stratified PARP1 hypothesis, especially
in HRD-like or RAD51-low contexts, but it argues against
making PARP1 the default first experiment. PRKDC
presents the opposite problem: the biology is coherent
for DNA double-strand break repair and non-homologous
end joining, but public disease-context coverage is thin.
PRKDC is therefore better handled as a smaller mechanistic
arm than as public-data-supported repurposing.

4.2 Biological and Clinical Rationale for PLK1 Inhibition

This bias-controlled public-data analysis identifies
PLK1 inhibition as the leading MTX-combination hypoth-
esis for experimental testing in choriocarcinoma. The sta-
bility of this prioritisation across varied evidence weight-
ings suggests that PLK1’s lead position was not driven by a
single scoring assumption. The biological rationale for this
result lies in the intersection between antifolate-induced nu-
cleotide stress, DNA-damage response, and mitotic recov-
ery.

MTX is an antifolate antimetabolite that interferes
with folate-dependent nucleotide synthesis, thereby pre-
venting DNA synthesis in proliferating cells. In chorio-
carcinoma models, MTX exposure has been shown to in-
duce DNA strand breaks and suppress RAD51-associated
homologous recombination repair, linking antifolate pres-
sure to DNA damage response biology [32]. Thus, these
effects show that MTX can limit choriocarcinoma cell pro-
liferation by creating nucleotide stress and DNA damage
pressure.

However, the effect of MTX is not uniform across
all tumour cells. A fraction of cells may be eliminated,
whereas others can persist by entering a more tolerant state
in which proliferation is delayed and repair pathways are re-
inforced. InMTX-resistant choriocarcinomamodels, Geor-
giou et al. [10] showed that resistant cells were associ-
ated with cell cycle and DNA damage repair programs, in-
cluding G1 cell cycle delay and ATR-dependent nonhomol-
ogous end joining. MTX-resistant choriocarcinoma cells
may also avoid apoptosis by shifting toward protective au-
tophagy, a stress-tolerance program that helps residual cells
survive MTX pressure. Consistently, Shen et al. [33]
reported that MTX-resistant JEG-3 cells showed reduced
apoptosis with increased protective autophagy, describing
this as a switch from ER stress-induced apoptosis to au-
tophagy through ROS-mediated JNK/p62 signalling.
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PLK1 provides a mechanistic bridge from MTX-
induced damage tolerance to mitotic progression. Prior
work has shown that PLK1 promotes recovery from DNA
damage-induced arrest and enables cells to re-enter mitosis
after damage checkpoint activation [34,35]. PLK1 activity
is itself suppressed during the damage response through loss
of Aurora A recruitment by Bora. Pharmacologic PLK1
inhibition therefore provides a way to interrupt the post-
stress mitotic recovery step that MTX-tolerant cells may
require to continue proliferating. This is consistent with
broader PLK1 inhibitor literature. Gutteridge et al. [36]
reviewed PLK1 inhibitors as cancer therapeutics and noted
that PLK1 inhibition can cause mitotic block and apopto-
sis in cells with high mitotic activity, while also emphasis-
ing that combination strategies may be needed because of
resistance to monotherapy and limited clinical translation.
At the therapeutic strategy level, PLK1-based combination
therapies have also been reported to produce stronger anti-
cancer effects and show potential to overcome resistance
compared with monotherapy [37]. In ovarian cancer mod-
els, Huo et al. [38] identified the PLK1 inhibitor BI 2536
as an effective anti-ovarian cancer agent that inhibited pro-
liferation, induced cell cycle arrest, and promoted apopto-
sis and pyroptosis. In cervical cancer models, volasertib
further supported a PLK1-directed combination strategy by
reducing tumour growth and enhancing the antitumour ef-
fect of cisplatin-based treatment in both in vitro and in vivo
experiments [39]. More recently, two studies published in
2025 have extended this rationale to onvansertib, a selec-
tive PLK1 inhibitor. Sinha et al. [40] showed that onva-
nsertib reduced malignant cell growth, impaired invasive
behaviour, and suppressed tumour growth in a genetically
engineered mouse model of endometrioid endometrial can-
cer. In parallel, Haag et al. [41] reported that onvansertib
inhibited proliferation and increased paclitaxel sensitivity
in uterine serous cancer cells. Together, these data are
particularly relevant because they place PLK1 inhibition
within uterine malignancy models, a gynaecologic disease
context that is biologically and anatomically close to tro-
phoblastic tumours such as choriocarcinoma. These find-
ings support the emerging view that PLK1 inhibition may
be most promising when developed as part of rational com-
bination strategies in female reproductive tract malignan-
cies, thereby supporting the plausibility of testing as a post-
MTX mitotic blockade in choriocarcinoma models.

4.3 Methodological Contribution

Current therapeutic strategies for MTX-resistant
GTN can be broadly grouped into conventional salvage
chemotherapy, immunotherapy, and molecularly targeted
therapy, with surgery or other lesion-directed interventions
reserved for selected cases. Several individual studies
and reviews have suggested that treatment strategies for
chemotherapy-resistant GTN are expanding beyond con-
ventional salvage chemotherapy, particularly through im-

mune checkpoint inhibition and molecularly targeted ther-
apy [42,43,44]. Immunotherapy has shown encouraging
clinical activity in selected resistant or relapsed GTN cases,
with pembrolizumab, avelumab, and PD-1-based combi-
nation regimens showing meaningful results [45,46,47].
Molecularly targeted therapy has also attracted growing in-
terest, with VEGFR-directed strategies, anti-endoglin tar-
geting, and other targetable pathways showing prelim-
inary promise in refractory GTN and choriocarcinoma
[10,48,49,50]. However, the available evidence remains
fragmented across disease subtypes, treatment lines, cohort
sizes, and outcome measures. This fragmentation makes it
difficult to determine which therapeutic hypothesis should
be prioritised for MTX-resistant choriocarcinoma, espe-
cially when direct disease-specific combination evidence
is sparse. Therefore, a systematic screening approach is
needed to compare candidate strategies across heteroge-
neous evidence layers while explicitly controlling for these
sources of bias.

The present study addresses this methodological gap
by converting dispersed public evidence into a multi-
layered screening framework. Its methodological value
lies in forcing each candidate hypothesis to pass through
complementary evidence filters, including disease-context
molecular signals, network-level bias controls, pharma-
cogenomic stress tests, external expression context, tro-
phoblast biological relevance, and normal-tissue con-
straints. This design is vital because a ranking based only
on network proximity, druggability or dependency would
probably promote familiar cell-cycle and DNA-repair tar-
gets, but it would say little about whether the signal re-
flects network structure, pan-essentiality or sparse combi-
nation evidence. Separating prioritisation from validation
makes the evidence easier to audit and helps define the
boundary between experimentally testable hypotheses and
unsupported therapeutic claims. That distinction is useful
for rare cancers and for resistance questions where matched
datasets are unlikely to appear quickly. Waiting for large
public cohorts may not be realistic, but moving from a sin-
gle omics signal directly to a therapeutic claim is not jus-
tified. A transparent evidence-ranking framework helps
bridge discovery and validation, and prevents exploratory
evidence from being overstated. Set against recent multi-
criteria prioritisation work, the contribution here is the com-
bination rather than any single element (Supplementary
Table 16). Resources such as the Open Targets Platform
aggregate evidence at far greater scale and include safety
annotation, but do not quantify uncertainty in the result-
ing prioritisation [51]. Network-based frameworks that
weigh therapeutic efficacy against adverse-reaction poten-
tial [52], and co-essentiality approaches that apply degree-
controlled permutation testing [53], each implement one of
the controls used here but not the others. Pipelines built
on CRISPR dependency data commonly exclude common-
essential genes yet rely on sequential filtering rather than
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an explicit weighted model [54], and recent frameworks
that penalise expression in critical normal organs do not
report ranking confidence [55]. Three features distinguish
the present workflow: six heterogeneous evidence types are
combined in one quantitative model; bias control operates
at every layer, including two degree-preserving permuta-
tion nulls, all-gene FDR correction across 10,746 genes,
weight perturbation, and a rank-based cross-modal con-
cordance analysis that avoids the independence assump-
tion of combined-probability tests; and the decision model
is explicitly bidirectional, penalising pan-essentiality and
normal-tissue expression rather than rewarding tumour-
directed signal alone. That penalty is consequential here,
since it is what exposes the narrow PLK1 expression win-
dow and drives the intermittent rather than continuous dos-
ing schedule we propose. Consistent with this broader prin-
ciple, recent oncology work has shown that integrating bulk
and single-cell transcriptomic evidence with external vali-
dation can support biomarker development for treatment-
response prediction [56].

4.4 Limitations

The originating SILAC comparison lacks independent
biological replicates and is therefore unsuitable for inferen-
tial omics discovery. Disease-specific public data remain
sparse: the GSE88873 sensitive arm contains one sam-
ple, none of the three choriocarcinoma DepMap models
have public PRISMMTX-AUCmeasurements and the pos-
itive DrugComb PLK1 observation is a single independent
unit. External MTX-resistance datasets are largely non-
trophoblastic and heterogeneous. No candidate passes the
global network FDR correction or source-specific pharma-
cogenomic FDR correction. Cross-modal agreement is de-
scriptive and based on relative ranks; it is not a combined
significance test, and the underlying source-specific results
remain non-significant after FDR correction. The normal-
placenta single-cell reference does not support patient-level
inference. The TDC DrugSyn-based estimates also remain
exploratory because JEG-3 lies outside the NCI-60 train-
ing domain, its projected RNA norm slightly exceeds the
training-domain maximum and none of the proposed in-
hibitors is an exact training compound. Finally, cross-
platform RNA ratios do not model drug exposure, dose-
response or clinical toxicity. Direct MTX-combination as-
says in paired sensitive and resistant trophoblastic models
remain necessary.

Several limitations follow from the deliberate use of
public data. The analysis cannot account for patient-level
treatment history, tumour purity, pharmacokinetics, drug
scheduling or acquired resistance mechanisms that are ab-
sent from the source datasets. The network analyses de-
pend on curated interaction resources that are biased to-
ward well-studied genes. The external transcriptomic anal-
ysis pools non-trophoblastic MTX-resistance models and
is therefore best interpreted as a pathway context. The

normal-tissue RNA comparison crosses platforms and does
not include protein abundance, target occupancy or tissue-
specific adverse-event data. Each of these constraints has
a specific consequence for interpretation rather than being
a generic caveat. First, no patient-derived choriocarcinoma
line and no in vivo xenograft model were available, so no
statement can be made about in vivo activity, exposure or
tolerability; the roadmap therefore places in vivo testing be-
fore any translational claim. Second, the public datasets
differ in tissue origin, sequencing platform and MTX ex-
posure schedule, and this heterogeneity is quantitatively
visible as between-study inconsistency reaching an I2 of
95.3% in the random-effects meta-analysis; it is the princi-
pal reason no candidate reaches FDR significance, and it is
why the transcriptomic layer is interpreted as pathway-level
context rather than target-level evidence. Third, normal-
tissue nTPM values and proteomic abundance readouts are
not quantitatively commensurable, so the expression win-
dow functions only as an ordinal warning layer and pre-
cludes therapeutic-indexmodelling. Fourth, all conclusions
are restricted to MTX-resistant choriocarcinoma; the seed
evidence derives from a single MTX-resistant choriocarci-
noma model, and no extension to high-risk GTN, placental-
site or epithelioid trophoblastic tumour, or other trophoblas-
tic subtypes is supported. In addition, this study does
not include in vivo models. The proposed PLK1 strategy
and the secondary DNA-damage-response arms, including
PARP1/PRKDC, still require mouse or other appropriate in
vivo testing to assess systemic toxicity, exposure, schedule
feasibility and whether an apparent MTX-combination ef-
fect can be achieved at tolerable doses, withWEE1 retained
only as a lower-priority exploratory comparator. These lim-
itations do not negate the prioritisation result, but they de-
fine the boundary between computational triage and ex-
perimental validation. A further question is how far the
framework itself transfers beyond this disease. No step in
the workflow is specific to trophoblastic tumours: network
propagation, both permutation nulls, the MCDA layer and
the uncertainty analyses operate on any seed set, and the
pharmacogenomic, transcriptomic, drug-combination and
normal-tissue layers draw on species-level resources. The
binding requirement is the seed itself, namely a matched
drug-sensitive versus drug-resistant proteomic and phos-
phoproteomic comparison in the disease of interest. Sup-
plementary Table 17 sets out this requirement layer by
layer alongside the current public availability of each re-
source for other gynaecologic malignancies. For MTX
specifically, that seed does not exist outside trophoblastic
disease, because MTX is not a standard agent in ovarian,
endometrial or cervical cancer and matched resistant mod-
els have therefore not been generated. Prospective applica-
tion to a second disease context, using an agent for which
such paired resources exist, is the natural next step for this
framework.
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4.5 Clinical Implications
The principal translational constraint on the PLK1 hy-

pothesis is its lack of disease-selective dependency together
with the narrow RNA expression window observed in pro-
liferative normal tissues. PLK1 should therefore be re-
garded not simply as a target-selection hypothesis, but as
a schedule-dependent combination hypothesis. MTX may
first impose nucleotide depletion and replication stress, af-
ter which PLK1 inhibition could interfere with recovery
and subsequent mitotic progression. Sequential MTX ex-
posure followed by intermittent PLK1 inhibition is there-
fore a more defensible starting design than continuous con-
current treatment, although the optimal sequence, interval,
and dose intensity cannot be determined from the present
public-data analysis and require direct experimental mea-
surement.

A focused validation study should consequently ex-
tend beyond short-term viability. For PLK1, evidence
of combination benefit should be accompanied by phar-
macodynamic confirmation of PLK1 pathway inhibition,
mitotic-arrest or apoptosis readouts, and assessment of
durable response using clonogenic or recovery assays. Ex-
periments should include paired MTX-sensitive and MTX-
resistant or resistance-enriched trophoblastic models, to-
gether with a normal proliferating-cell comparator. Phar-
macodynamic measurements should be collected under the
same schedules used for combination testing so that mech-
anism and response can be interpreted together.

The secondary hypotheses require different exper-
imental strategies. PARP1 should be evaluated pref-
erentially in HRD-like or RAD51-low contexts because
the available public MTX-combination evidence is mixed
and does not support assuming a general synergistic ef-
fect. For PRKDC, the principal mechanistic question is
whether MTX-induced replication stress generates a DNA-
PK-dependent repair state in trophoblastic models; ap-
propriate validation would therefore include DNA-damage
readouts such as γH2AX, 53BP1 foci, and clonogenic re-
covery. These biomarker- and mechanism-informed de-
signs reflect the different uncertainties underlying the sec-
ondary candidates rather than treating them as equivalent
alternatives to PLK1.

Toxicity represents an equally important go/no-go cri-
terion. Clinically evaluated PLK1 inhibitors, including
volasertib, have shown substantial haematological toxicity,
particularly neutropenia and thrombocytopenia [57]. The
normal-tissue counterscreen independently highlights the
same concern: PLK1 expression in the choriocarcinoma
models was only 1.69-fold higher than that in bone marrow
and 1.25-fold higher than the highest selected critical nor-
mal tissue, representing the narrowest expression window
among the prioritised candidates. Thus, tolerability rather
than target engagement may ultimately define the feasible
exposure and schedule. Preclinical evaluation should there-
fore include marrow-relevant or other rapidly proliferating

normal-cell controls and explicitly report the exposure mar-
gin achieved.

Reproductive toxicity is also relevant because GTN
predominantly affects women of reproductive age, for
whom preservation of fertility is frequently an important
treatment objective. As a core regulator of mitosis, PLK1
inhibition would require careful evaluation of gonadal toxi-
city and reproductive safety before any translational devel-
opment. Together, these considerations support intermit-
tent rather than sustained PLK1 exposure and reinforce the
need for toxicity-aware scheduling rather than simply max-
imising target inhibition.

The single-cell analyses further constrain the biolog-
ical interpretation of the proposed strategy. The MTX-
resistance signature did not preferentially map to EVT cells
in the normal-placenta reference, and neither theGSE89497
resistance score nor the predefined eight-gene score in
the donor-level E-MTAB-6701 analysis supported an EVT-
high state. The present data therefore do not support de-
scribing MTX resistance as EVT-like lineage reprogram-
ming or proposing that PLK1 maintains such a state. In-
stead, the single-cell results narrow the interpretation to
drug-response prioritisation and illustrate the value of con-
textual analyses in excluding otherwise plausible but un-
supported mechanisms.

Overall, the validation roadmap converts the com-
putational ranking into a set of falsifiable experimental
questions. PLK1 should be tested first using schedule-
aware, mechanism-informed, and toxicity-controlled com-
bination experiments, whereas PARP1 and PRKDC should
remain smaller biomarker- or mechanism-stratified arms.
Advancement beyond this stage should require repro-
ducible combination benefit, mechanistic confirmation,
durable response, and an acceptable separation from nor-
mal proliferating-cell toxicity.

5. Conclusions
This bias-controlled computational prioritisation

framework integrates heterogeneous molecular data to sys-
tematically rank therapeutic hypotheses for MTX-resistant
choriocarcinoma while explicitly distinguishing compu-
tational prioritisation from therapeutic validation. Within
this framework, MTX plus PLK1 inhibition emerged as the
highest-priority preclinical combination for experimental
evaluation, whereas PARP1 and PRKDC remain secondary
biomarker-stratified hypotheses. The appropriate next
step is a focused experimental study incorporating paired
MTX-sensitive and MTX-resistant trophoblastic models,
schedule optimisation, pharmacodynamic characterisation,
and normal-cell counterscreens.

More broadly, this study demonstrates how heteroge-
neous molecular evidence can be integrated into a trans-
parent, reproducible, and biologically interpretable com-
putational prioritisation strategy for therapeutic hypothesis
generation in data-limited diseases. The central message
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is therefore practical: computational analyses do not estab-
lish a new therapy, but they can justify a disciplined first
experiment. Accordingly, PLK1 should be evaluated as a
schedule-dependent, toxicity-aware MTX-combination hy-
pothesis, whereas PARP1 and PRKDC should be retained
as secondary mechanistic arms until supported by direct ex-
perimental validation.
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