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| ABSTRACT

Background: The functional implications of cancer genomes can be measured using mass-spectrometry proteomics,
but for clinical translation, the ability to measure the same signaling across independent disease cohorts needs to
be demonstrated. Methods: Harmonized CPTAC breast cancer data (n=122) were used for discovery, with ovarian
cancer (n=83) and lung adenocarcinoma (n=110) for external validation. After cross-cohort filtering, 7,053 proteins
and 3,822 phosphosites were analyzed. Three models (elastic-net regression) were used to predict the activity of
MAPK/RTK, PI3K-AKT-mTOR, and cell-cycle activity, which were assessed by correlation, RMSE, R? bootstrap
confidence intervals, and AUC. Results: Pooled external correlations of MAPK/RTK, PI3K-AKT-mTOR, and cell cycle
were 0.603, 0.561, and 0.782, respectively. External AUCs ranged from 0.810 to 0.956. However, integration was not
always superior to the best single modality. Bootstrap-adjusted Rand index for the two stable states identified by
the clustering was 0.974: signaling-low (n=78) and co-activated (n=114). LAMC2, GRB10-S104, RRM2, and CEP152-
S1461 were some of the key contributors. Conclusions: Computational validity and development of targeted assays
were supported by the validation of locked mass-spectrometry signatures, which signalled states across cancers,
particularly those involving cell-cycle activity, with prospective clinical applications pending.
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1. Introduction

Genomic profiling has revolutionized the classification of cancer, but most cancer therapies are based on the
biochemical state, which is not fully captured in the DNA sequence. Whether or not a genomic lesion is functionally
expressed depends on protein abundance, post-translational modification, complex formation and pathway
feedback. However, the Clinical Proteogenomic Tumor Analysis Consortium (CPTAC) has established highly
characterized proteogenomic cohorts that relate genomic variation to RNA and protein measurements and
phosphosite intensities for a variety of tumors (1-10). These analyses, now possible through pan-cancer
harmonization, reveal that more than one thousand tumors can be analyzed on common functional states and that
distinct oncogenic drivers can converge on shared functional states (1,2).

Phosphorylation is particularly informative, as it captures the dynamic regulation of kinase networks, and is also
analytically challenging. Phosphosite matrices are sparse; identities of the sites must be explicitly stated; the same
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kinase can act on several substrates in different contexts. Signaling inference has become more systematic with the
methods of PTM-SEA, KSEA, INKA, RoKAI, KSTAR and related methods (11-19). Inferred activities, however, are
highly dependent on the context of a biological system and feature coverage and the substrate library used for the
benchmarking (18,19). A clinically plausible measurement system should thus show that a signal acquired by one
group of specimens is preserved when it is translated to new specimens and disease situations.

Typical analytical validation studies in clinical laboratory science involve precision, trueness, selectivity, linearity,
reportable range, limits of detection and quantification, calibration verification, stability and interference testing
studies (20-24). While the public processed omics matrices can provide many of the pieces of that puzzle, they
cannot provide all the pieces because the raw instrument runs, replicate injections, calibrators, and standardized
reference materials are not equally available to all public processed matrices. They can, however, ask a unique and
essential question: can a measurement of the desired complexity and discriminatory power be reproduced at the
level of biological ordering and state discrimination, in independently acquired cohorts? This is referred to as
computational cross-cohort analytical validation.

We predicted that proteomic and phosphoproteomic signatures developed to predict orthogonal transcriptomic
pathway activity in breast cancer will hold quantitative validity in ovarian high-grade serous carcinoma (HGSC) and
lung adenocarcinoma (LCA). A priori, three pathways were selected for their pathway activity: MAPK/RTK signaling,
PI3K-AKT-mTOR signaling, and cell-cycle activity. These axes play a key role in oncogenesis, targeted therapy,
proliferation, and resistance and are depicted by complementary PROGENy and Hallmark transcriptional footprints
(25-29). We also assessed whether a consistent increase in transportability was observed with the integration of
protein and phosphosite features, whether locked scores distinguished between the high and low molecular state
and whether external tumors assembled stable cross-cancer signaling classes.

2. Materials and methods

2.1 Study design and reporting framework

The analysis was a retrospective, computational, secondary analysis of de-identified open molecular data. A single
discovery cohort and two external validation cohorts were used for the design. For all, feature selection and
hyperparameter selection were limited to the breast-cancer discovery cohort. The ovarian and lung cohorts were
not included in the selection of features, tuning of the complexity of the model, definition of coefficients, or in the
selection of pathway targets. Analyses used a fixed random seed of 42. The full executable workflow as well as
machine-readable tables of results are provided with the manuscript.

2.2 Data sources and cohort eligibility

The pan-cancer processed tumor proteome, phosphoproteome, and phenotype matrices were retrieved from the
LinkedOmics distribution of the pan-cancer processed CPTAC resource (1). There were 122 breast cancers in the
discovery cohort. External validation consisted of 83 ovarian high-grade serous carcinomas and 110 lung
adenocarcinomas (total, n = 315). All tumours were eligible in the distributed matrices. The composite
transcriptomic outcomes were not available for a single ovarian tumor, so 82 ovarian tumor were available for
supervised validation. The main cohort publications outline the biospecimen collection, mass-spectrometry
protocols, quality control and molecular results specific to the disease (4-6).

2.3 Molecular data and feature harmonization

The actual abundance values were used as processed values without any back transformation or retranslation of the
absolute units. Protein features were identified using Ensemble gene identifiers. Phosphoproteomic features
preserved the whole distributed identifier, including gene, protein isoform, residue, local peptide sequence and
multiplicity field. Features had to be the same in all three cohorts and present in 70% or more of the tumors in each
cohort. This "lite" approach minimized the number of features available on each platform and cohort prior to
evaluating association with the outcome.
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Non-finite values were coded as missing, missing values were replaced by the feature median and each feature was
standardized to have a mean of zero and a variance of one within the cohort. The imputation and scaling were done
separately within each cohort, so that distributional information in the validation cohort does not affect discovery
coefficients. Due to the robustness required and that the analysis focussed on the relative sample ordering and not
absolute concentration, median imputation was selected (30-33).

2.4 Orthogonal transcriptomic signaling outcomes

The response variables were built from transcriptomic phenotype scores provided with the pan-cancer resource as a
means to avoid circular validation. The scores of these components were standardized within the cohort and then
averaged and re-standardized. The PROGENy MAPK pathway was enriched with the MAPK/RTK pathway, along with
PROGENy EGFR and HALLMARK_KRAS_SIGNALING_UP. Combined PROGENy PI3K,
HALLMARK_PI3K_AKT_MTOR_SIGNALING and HALLMARK_MTORC1_SIGNALING. The combined pathways were
Cell-cycle activity, HALLMARK_E2F_TARGETS, HALLMARK_G2M_CHECKPOINT and HALLMARK_MITOTIC_SPINDLE.
While Hallmark sets group coherent biological programs (25-29), PROGENy summarizes perturbation-responsive
transcriptional footprints. The composite outcomes were thus the molecular states rather than clinical endpoints.

2.5 Discovery feature selection and elastic-net signatures

Among components of the breast-cancer discovery cohort, features were sorted by the absolute Pearson
correlation with each pathway outcome. In the cases of protein-only models, the top 120 proteins were retained,
while 180 phosphosites were retained in the case of phosphoprotein-only models. The top 80 proteins and top 120
phosphosites were retained in the integrated models, where the modality prefixes indicate the source of the
features. Extensive correlation among proteins and phosphosites made elastic-net linear regression the preferred
method (34-37). For the discovery cohort, ten-fold cross-validation was performed at |1 ratios of 0.1, 0.3, 0.5, 0.7
and 0.9 with 50 logarithmically spaced alpha values ranging from 0.001 to 1.0. The hyperparameters and coefficients
that were selected were then frozen.

2.6 External validation endpoints

The main outcome was the correlation between the locked proteomic signature score and orthogonal
transcriptomic pathway score in each external cohort (Spearman correlation). Secondary continuous endpoints were
the R® and root-mean-square error (RMSE). Two-sided Spearman P-values were provided and 95% Cls were
computed from 1000 nonparametric bootstrap re-samples. External Spearman correlations were Fisher z
transformed, weighted by n-3, pooled, and then z reverted. The pooled estimate was considered descriptive as only
two external cohorts were available, rather than a general random-effects meta-analysis.

2.7 Molecular-state discrimination

Each external cohort and pathway was classified as either having a low or high tumour score, based on the overlap
with the 33th percentile and 67th percentile, respectively, of the transcriptomic outcome. The area under the
receiver-operating-characteristic (ROC) curve was used to determine the locked continuous signature score; 1,000
bootstrap resamples with 95% confidence intervals were used. This extreme-tertile analysis was pre-specified as an
endpoint to be interpreted as the molecular-stratification and was not presented as a diagnostic threshold to guide
patient care.

2.8 Unsupervised cross-cancer signaling states

Predictions for these three pathways (MAPK/RTK, PI3K-AKT-mTOR, and cell cycle prediction) were standardized
within each external cohort and then pooled. The average silhouette width was compared for K-means models
ranging from 2 to 6 clusters (38). The selected two-cluster solution was evaluated after 500 iterations, in which 80%
of the tumors were sampled without replacement, re-clustered, oriented according to the average activity of
pathway, and compared with the full-sample solution using the adjusted Rand index (39).
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2.9 Feature-stability analysis

A total of 100 bootstrap samples of the discovery cohort was drawn for each integrated signature. The feature pool
was determined by discovery, the hyperparameters for the elastic-net used the previously determined values and
the model was refitted. The selection frequency for each coefficient was the number of models in the bootstrap
sample in which the coefficient was different from zero. Caution was used when interpreting the direction of
coefficients as they may flip when there is correlated predictors, and biological interpretation was given weight to
the stability of the chosen coefficient and not just the sign of the coefficient.

2.10 Software, ethics, and reproducibility

The analyses were conducted in Python with the packages Pandas, NumPy, SciPy, scikit-learn and Matplotlib. The
script provided reproduces feature filtering, fixed fitting, locked cross-validated parameters, external prediction,
bootstrapping, clustering, source data tables and figures. No new human subject participants were recruited and no
new IRB review was needed for this study because only de-identified public data from the original reports of the
CPTAC studies were used.

3. Results

3.7 Cohort composition and cross-cohort analytical feature space

The analysis included 315 tumors: 122 breast cancers in discovery and 193 tumors in external validation (83 ovarian
high-grade serous carcinomas and 110 lung adenocarcinomas). The raw proteome features varied from 10,589 to
12,433, while the raw phosphoproteome features ranged from 37,334 to 61,705 features of phosphosites (Table 1;
Figure 2). The missingness was significantly higher in the phosphoproteome (59.2%-65.2%) than the proteome
(16.9%-20.9%), reflecting the added enrichment and site-localization restrictions when working with
phosphoproteomic acquisition.

Identifiers intersecting exactly and coverage of 70% within the cohort resulted in 7,053 proteins and 3,822
phosphosites remaining. On this basis, the modeling space preferred was features that were measureable in more
than one disease, and not features that were most informative in one disease. This limitation was in place prior to
feature-outcome ranking.

Table 1. Cohorts, raw molecular depth, missingness, and shared filtered feature space.

Cohort Modality n Raw features Missing Shared >70%
Breast cancer Proteome 122 12,022 17.7% 7,053

Breast cancer Phosphoproteome | 122 | 49,871 65.2% 3,822

Ovarian HGSC Proteome 83 10,589 20.9% 7,053

Ovarian HGSC Phosphoproteome | 83 37,334 59.2% 3,822

Lung Proteome 110 12,433 16.9% 7,053
adenocarcinoma

Lung Phosphoproteome | 110 61,705 64.1% 3,822
adenocarcinoma

3.2 Locked integrated signatures transport across independent cancers

All three integrated signatures retained statistically strong associations with their orthogonal transcriptomic states
in both external cohorts (Figure 4; Table 2). In ovarian cancer, MAPK/RTK validation yielded p=0.684 (95% CI 0.517-
0.808; R*=0.515), PI3K-AKT-mTOR yielded p=0.589 (0.417-0.721; R*=0.371), and cell cycle yielded p=0.703 (0.550-
0.803; R?=0.531). In lung adenocarcinoma, corresponding correlations were 0.533 (0.390-0.658; R?=0.269), 0.540
(0.349-0.715; R?=0.232), and 0.828 (0.703-0.914; R?=0.618). All external correlation P values were below 6x107°.

Fisher-z pooled external correlations were 0.603 (95% Cl 0.503-0.686) for MAPK/RTK, 0.561 (0.455-0.652) for PI3K-
AKT-mTOR, and 0.782 (0.719-0.832) for cell cycle. The median of the six external integrated correlations was 0.637.
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These results established reproducible sample ordering across distinct tumor lineages, with cell-cycle state showing
the greatest transportability.

Table 2. External validation performance of locked integrated proteomic-phosphoproteomic signatures.

Pathway External cohort | n Spearman p | 95% ClI R? RMSE P-value
Cell cycle Lung 110 0.828 0.703- 0.618 | 0.618 <0.001
adenocarcinoma 0.914
Cell cycle Ovarian HGSC 82 0.703 0.550- 0.531 | 0.685 <0.001
0.803
MAPK/RTK Lung 110 0.533 0.390- 0.269 | 0.855 <0.001
adenocarcinoma 0.658
MAPK/RTK Ovarian HGSC 82 0.684 0.517- 0.515 | 0.696 <0.001
0.808
PI3K-AKT- Lung 110 0.540 0.349- 0.232 | 0.876 <0.001
mTOR adenocarcinoma 0.715
PI3K-AKT- Ovarian HGSC 82 0.589 0.417- 0.371 | 0.793 <0.001
mTOR 0.721

3.3 Modality contributions are pathway and disease dependent

Integration was not uniformly superior to the best single modality (Figure 5), an important constraint against an
overly simple multi-omics narrative. For ovarian MAPK/RTK activity, the integrated model (p=0.684) exceeded
protein-only (p=0.662) and phosphoprotein-only (p=0.527) models. In lung MAPK/RTK, phosphoprotein-only
performance was modestly higher (p=0.558) than integrated performance (p=0.533), while protein-only
performance was lower (p=0.444).

For PI3K-AKT-mTOR, protein-only models were strongest in both ovarian cancer (p=0.721 versus 0.589 integrated)
and lung adenocarcinoma (p=0.574 versus 0.540 integrated). For cell cycle, protein-only performance was highest in
ovarian cancer (p=0.768), while phosphoprotein-only performance was highest in lung adenocarcinoma (p=0.848).
The integrated cell-cycle model remained strong in both cohorts (p=0.703 and 0.828). These findings indicate that
phosphosites add context-sensitive dynamic information, but abundance-level proteins may carry more portable
information for some pathways.

3.4 Locked scores discriminate high and low molecular pathway states

Extreme-tertile classification converted the continuous external validation problem into molecular-state
discrimination (Table 3; Figure 6). MAPK/RTK AUC was 0.927 (95% Cl 0.848-0.982) in ovarian cancer and 0.877
(0.788-0.955) in lung adenocarcinoma. PI3K-AKT-mTOR AUC was 0.832 (0.719-0.931) and 0.810 (0.695-0.911),
respectively. Cell-cycle AUC was 0.925 (0.849-0.977) and 0.956 (0.882-1.000), respectively. Across all six tests, the
median AUC was 0.901. No classification threshold was optimized or proposed for clinical use.

Table 3. External discrimination of high versus low transcriptomic pathway states using locked integrated scores.

Pathway External cohort Extreme- AUC 95% bootstrap
tertile n Cl
Cell cycle Lung adenocarcinoma 74 0.956 0.882-1.000
Cell cycle Ovarian HGSC 56 0.925 0.849-0.977
MAPK/RTK Lung adenocarcinoma 74 0.877 0.788-0.955
MAPK/RTK Ovarian HGSC 56 0.927 0.848-0.982
PI3K-AKT-mTOR | Lung adenocarcinoma 74 0.810 0.695-0.911
PI3K-AKT-mTOR | Ovarian HGSC 56 0.832 0.719-0.931

Page | 55



Cross-Cohort Analytical Validation of Mass-Spectrometry Proteomic and Phosphoproteomic Signalling Signatures in Molecularly
Stratified Cancer Cohorts

3.5 External tumors form stable signaling-low and co-activated states

Integrated pathway predictions were available for 192 external tumors. Among k=2-6 solutions, k=2 had the
highest silhouette width (0.333; versus 0.297 for k=3 and <0.281 for k=4-6). A two-state solution was used to divide
the sample into a signaling-low group (n=78) and a co-activated group (n=114). Within-cohort standardized scores
for MAPK/RTK, PI3K-AKT-mTOR, and cell-cycle were, respectively, -0.379, -0.930, and -0.801 in the signaling-low
state and 0.260, 0.636, and 0.548 in the co-activated state. In both cancers, both states were found in both cancers:
lung adenocarcinoma (48 signaling-low and 62 co-activated) and ovarian cancer (30 signaling-low and 52 co-
activated).

Cluster assignments were very reproducible when subjecting to repeated 80% subsampling (median adjusted Rand
index: 0.974; empirical interval: 0.665-1.000). Figure 7 illustrates heatmap of state reflectivity that suggests that there
was no single dominant pathway.

3.6 Stable features connect the signatures to plausible signaling biology

Bootstrap refitting revealed small groups of features that were selected repeatedly (Figure 8). LPCAT2 protein,
SOS1-S1178 and RPS6KA3 protein were also selected in 90%, 88% and 84% of the bootstrap models, respectively,
for MAPK/RTK, LAMC2 protein and MRTFA-S385. LAMC2 is linked to programs of invasive epithelial cells, SOS1
directly links receptor tyrosine kinases to RAS, and RPS6KA3 is a kinase that is regulated by ERK, which provides
biological coherence and does not imply causality between the coefficients.

The protein—protein interactions that were selected for high stability were CHDH protein and RRBP1-S615 (97% of
the models); MYH10-S1975, GRB10-S104, OGT-S20, and DCAF8 also had high stability. GRB10 is an adaptor that is
linked to feedback in insulin/PI3K signaling, while nutrient sensing occurs through OGT, which is linked to mTOR-
dependent metabolism. For cell cycle, RRM2 protein was selected in every bootstrap model, CEP152-S1461 in 95%,
HP1BP3-S156 in 92%, CAVIN3-S56 in 90%, and LIG1-S76 and PPM1G protein in 89%. The DNA synthesis/replication,
centrosome biology and chromosome segregation are linked by RRM2, LIG1, CEP152 and SPC24, which is
consistent with the remarkable external function of the cell-cycle signature.

4. Figures
Cross-cohort analytical validation design
External validation
Discovery Locked signatures / OV/HGSC, n=83
BRCA, n=122 — 7,053 proteins
feature selection + elastic net 3,822 phosphosites

External validation
LUAD, n=110

v

Endpoints
Spearman rho, R?, RMSE
AUC, molecular states

Figure 1. Study design. Discovery-only feature selection and elastic-net tuning were performed in CPTAC breast cancer.
Coefficients were locked and evaluated without retuning in ovarian high-grade serous carcinoma and lung
adenocarcinoma.
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Raw feature depth and cross-cohort analytical feature space

---- Shared proteins after filter: 7,053
----- Shared phosphosites after filter: 3,822
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Figure 2. Raw feature depth and the common analytical feature space. Dashed lines show 7,053 proteins and 3,822
phosphosites retained after exact identifier intersection and at least 70% coverage in every cohort.

Figure 3. Observed orthogonal transcriptomic pathway states versus locked integrated mass-spectrometry signature
scores in the two external cohorts. Each panel reports n, Spearman correlation, and R’
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Figure 4. External transportability of the locked integrated signatures. Error bars are 95% nonparametric bootstrap
confidence intervals.
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External performance by molecular modality
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Figure 5. External Spearman correlations by protein-only, phosphoprotein-only, and integrated signatures. Multi-omic
integration was beneficial in selected pathway-cohort combinations but was not uniformly superior.
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Figure 6. Discrimination of extreme-tertile high versus low transcriptomic pathway states by locked integrated scores.

Error bars are 95% bootstrap confidence intervals; the dashed line denotes chance performance.

Two reproducible cross-cancer molecular signaling states
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Figure 7. Heatmap of external integrated signaling scores after within-cohort standardization and ordering by the

selected two-state k-means solution.

Figure 8. Bootstrap selection stability of leading contributors to the three integrated signatures. Selection frequency
was calculated over 100 discovery-cohort bootstrap refits with the feature pool and hyperparameters fixed.
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CHDH (protein)
RRBP1-5615 (phosphosite)
MYH10-51975 (phosphosite)
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GLOD4 (protein)

DCAF8 (protein)

CASP3 (protein)

DDB2 (protein)
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5. Discussion
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The findings of this study show that multivariate measurements of mass-spectrometry proteomics and
phosphoproteomics can maintain quantitative values in separate cohorts of cancer patients. Moderate-to-strong
associations with independent states of transcriptomic pathways were preserved for ovarian high-grade serous
carcinoma and lung adenocarcinoma, in a model developed in breast cancer. The best was the cell-cycle signaling
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pathway, with a pooled external correlation of 0.782, and AUCs of 0.925 and 0.956. Significant lineage dependence
was also observed with MAPK/RTK and PI3K-AKT-mTOR states, as these states were also reproducible.

The analysis goes beyond the within-cohort association in three aspects. First, it is to note that the validation
cancers were not used to select features nor to tune the coefficients. Second, it was a totally orthogonal
transcriptomic state, as it was not trained and validated on different transformations of the same proteomic matrix.
Third, outcome ranking was preceded by a definition of the feature space of the analysis, which was based on cross-
cohort measurability. These decisions were made with the intent to compromise a measure's "discovery-cohort fit"
in favor of transportability - a key consideration for any measurement system that is planned for use across
laboratories, cohorts, and clinical settings.

The result of the cell-cycle is biologically plausible. Coordinated DNA replication, mitosis, centrosome function, and
chromosome segregation all play a role in proliferation programs, resulting in a wide and redundant molecular
footprint. The conserved state across epithelial cancers is then encoded by stable features like RRM2, LIG1, CEP152,
SPC24 and replication-associated phosphosites. In contrast, different receptors, mutations, paracrine signals and
feedback loops in different lineages can activate MAPK and PI3K signaling. The fact that they performed moderately
but significantly on the outside has special significance because they were not allowed to recalibrate as a disease-
specific group.

Unfalsifiedness of the assumption of more omics layers better measurement is tempered by comparison between
modalities. Protein-only models were superior in both cohorts in the validation models of PI3K-AKT-mTOR and
ovarian cancer, and for cell cycle in lung adenocarcinoma.Protein-only models were superior in both cohorts in the
validation models of PI3K-AKT-mTOR and ovarian cancer, while phosphoprotein-only models were superior in cell
cycle in lung adenocarcinoma. If the second layer is sparse, noisier or subject to context-specific regulation,
integration can cause a strong single-layer signal to be weakened. Thus, the selection of modality should be based
on pathway, intended use in a particular context, and not just maximal molecule coverage.

The high versus low analyses serve as a meaningful transition between the continuous reproducibility and
stratification. Lock scores have been found to distinguish molecular extremes across external tests without the need
for retraining the coefficient for each cohort AUC values over 0.80. However, these tertiles did not represent
clinically validated cut points, but were defined from the external molecular outcome. Prospective development
would always involve fixed thresholds that are tied to reference materials, independent endpoints and a context of
use, e.g.,, the enrichment of a targeted therapy, the measurement of residual pathway activity or the selection of
combination therapies.

The two unsupervised external states indicate that the signatures represent a higher-order signaling structure. The
co-activated state had scores that were both high for MAPK/RTK and PI3K-AKT-mTOR, and was found in both
diseases, while the signaling-low state had low scores for both pathways. High bootstrap support suggests that the
structure was not reliant on a limited number of tumors. Future studies should identify if the co-activated state is a
good indicator of therapeutic sensitivity, aggressive behavior, or escape of compensatory pathways. Beyond that,
the analysis of the present case cannot make such claims due to the fact that response to treatment and future
outcomes were not part of the validation endpoint.

There must be a clear distinction between computational and laboratory assay validity in clinical translation. The
current findings confirm the biological replicability of a multivariate measurement in are different cohorts. They do
not develop precision and overall imprecision within runs or between runs, lot to lot stability, peptide recovery,
matrix effects, interference, linearity, lower LOQ or traceability to certified reference materials (20-24). The pre-
analytical ischemia, phosphatase activity, enrichment efficiency, site localization and missingness are significant
when studying phosphoproteomics. A next step towards practice is to narrow down each pathway to a small set of
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stable proteotypic peptides and phosphopeptides, then generate the internal standards and test performance in a
formal fit-for-purpose protocol.

There are some limitations in this study. It could only handle processed relative-abundance matrices and it was
incapable of performing an independent audit of the quality metrics of the instruments. Harmonization in CPTAC
enhance comparability, but can overestimate transport to unrelated laboratories and acquisition platforms. The
median imputation method relies on the assumption that a central estimate for the cohort is appropriate and that it
is not able to address abundance-dependent missingness. Biologically important sites may be missed from feature
filtering because they are not measured as frequently. The discovery cohort consisted of one cancer type and there
were only two external cohorts available. Transcriptomic pathway scores are not direct kinase assays, treatment
response biomarkers or treatment outcomes. Discovery performance was not considered as external validation. Last,
stable coefficients detect predictors that can be reproduced, but do not establish a mechanistic causality.

These limitations notwithstanding, the study offers a rigorously set and repeatable basis for the development of
assays. All of the above, from locked coefficients to independent cohorts of diseases, orthogonal pathway
comparators, and feature-stability analysis, and openly executable code, are in keeping with recommendations for
transitioning clinical proteomics from repeated discovery to explicit validation.

6. Conclusions

Proteomic and phosphosite signatures derived from mass spectrometry measurements quantitatively reproduced
MAPK/RTK, PI3K-AKT-mTOR and cell-cycle molecular states in independent breast, ovarian and lung cancer
datasets. High versus low molecular states were discriminated with consistently strong AUCs and cell-cycle activity
was the most portable. Multi-omic integration was helpful but not always optimal, highlighting a need for pathway-
specific assays. The findings provide a basis for the computational cross-cohort analytical validity, which is intended
to inform targeted validation in prospective laboratory and clinical studies but should not be used as a substitute
for such validation.

Highlights

e A breast-cancer discovery model was locked before testing in ovarian high-grade serous carcinoma and lung
adenocarcinoma.

e External integrated-signature correlations ranged from 0.533 to 0.828 across MAPK/RTK, PI3K-AKT-mTOR, and
cell-cycle states.

e High-versus-low molecular pathway states were discriminated with AUCs from 0.810 to 0.956.

e Cell-cycle signatures showed the strongest cross-cancer transportability, whereas the value of integrating
proteome and phosphoproteome was pathway dependent.

e Unsupervised analysis identified stable signaling-low and co-activated cross-cancer states (median bootstrap
adjusted Rand index, 0.974).
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