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[bookmark: _Toc241683931]Scope and reading guide
The main manuscript evaluates incremental bioactivity prediction in EU-OPENSCREEN and the paired change in gain between cellular contexts. Supplementary Figures S1–S5 address measurement sensitivity, comparator dependence, perturbation pairing, cardiomyocyte-target stability and response concentrations. Supplementary Tables S1–S20 contain complete numerical results in individual Excel files. Additional file 2 retains full figure source data and preceding supporting-result tables. These resources are different analyses, not independent replications of a common effect. Earlier exploratory comparisons that chose a comparator from test performance are retained as oracle descriptions and are not the corrected primary supporting comparisons.
[bookmark: _Toc241683932]EU-OPENSCREEN data
The analysis used version 3.0.0 of the aggregated EU-OPENSCREEN profiles (https://doi.org/10.5281/zenodo.19347244), not the version-2 record cited by the source article. Aggregated_Profiles.zip contained 1,348,543,344 bytes, with MD5 69885f22ea74fd61e062ab27191b4f8e, matching the version-3 record. The analysis retained 140 CSV files and 53,476 observed wells after excluding one obsolete plate-label duplicate; the file-level manifest is supplied with the source-data archive. Profiles represented FMP-HepG2, IMTM-HepG2, MEDINA-HepG2, USC-HepG2 and FMP-U2OS. Missing experimental contexts were not filled with zeros. Plate-matched negative controls were retained for normalization.
The 2,464 distinct source compound identifiers mapped to 2,463 standardized parent structures, a net reduction of one identity; replicate-well aggregation was a separate operation. Consistent Tox21 labels were available for 576 parents: 353 development compounds, 145 strict new-entity/new-scaffold compounds and 78 new-entity/seen-scaffold compounds. Three labeled parents lacked an observed profile in at least one HepG2 laboratory. Endpoint qualification required all four HepG2 contexts and a nonmissing label. Only SR-ARE and SR-MMP met the minimum of 20 actives, 20 inactives and ten chemical groups in both development and strict evaluation. Their strict sets comprised 85 compounds/85 scaffolds and 95 compounds/92 scaffolds; the union contained 117 compounds/114 scaffolds. In the secondary seen-scaffold stratum, the corresponding sets were 44 compounds/25 scaffolds and 56 compounds/35 scaffolds, with 9 and 7 actives; the union contained 67 compounds/38 scaffolds. Table S1 retains all endpoint qualification results.
Parent identity and chemical-history exclusions used the preceding JUMP, EveBio and cardiomyocyte analyses. Label conflicts within a standardized parent were excluded rather than resolved by a favorable label. The initial strict set contained cefoxitin because the historical cefalotin representation produced a different tautomer-dependent Murcko scaffold string. Incorporating the scaffold representations of already known connectivity identities moved cefoxitin into the seen-scaffold stratum. This reduced the strict pool from 146 to 145, SR-ARE from 86 to 85, and SR-MMP from 96 to 95; positive counts did not change. All models were rerun without changing their settings. The corrected analysis follows initial external scoring and is not an additional blinded experiment.
[bookmark: _Toc241683933]Features and preprocessing
Chemical features were radius-2, 2,048-bit Morgan fingerprints. Count was the measured segmented-object count, not a manually adjudicated count of viable cells. We used log2(count + 1) relative to the corresponding plate's DMSO controls. Morphology excluded direct counts, object identifiers and image-position fields. Each feature was centered on the control median and divided by its median absolute deviation. Zero deviations triggered an interquartile-range fallback; features with neither dispersion measure available became missing. Values were clipped at ±20. No test-label information or distribution of test-compound treatment profiles entered this normalization.
Technical wells were aggregated by the median within parent compound and experimental context. During each model fit, features missing in more than 20% of training rows and zero-variance features were removed. Missing values were imputed with training medians. Continuous features were standardized using the current training set, whereas fingerprints retained their binary coding. Neither dimensionality reduction nor imputation was fitted on a pooled training-plus-test matrix. Each compound contributed total weight one across its laboratory-specific training rows.
[bookmark: _Toc241683934]Models and nested selection
The primary logistic-regression regularization grid was C = 0.01, 0.1 and 1. Random forests used 200 trees, square-root feature subsampling and minimum leaf sizes of 1, 3 and 8. Each information arm received the same three-configuration search within a model family. The seed was 20260921. Natural class proportions were retained. S, C and M denote structure, count and morphology; B denotes S+C. Candidate arms included S, C, M, B, S+M and early fusion S+C+M.
The selected fusion F was either early fusion or (1−w)B+wM, where w belonged to {0, 0.25, 0.5, 0.75, 1}. The fusion specification and model parameters were chosen using development Brier score. Ties within the late-fusion weight grid favored the smaller weight. The final specification was selected within the full development set rather than from external performance. No external-label calibration was performed.
Outer development evaluation combined three laboratory-held-out partitions and three scaffold folds. The outer validation compounds and laboratory were absent from model fitting. Three scaffold folds within the outer training set selected hyperparameters and the fusion form. The final fit used the development laboratories and selected specification to predict the withheld USC laboratory. Secondary predictions used the same evaluation compound identities in the other contexts. Training histories, selected configurations and sealed predictions remain in the reproducibility materials.
[bookmark: _Toc241683935]Similarity-fusion comparator
The adapted comparator combined structure-model and morphology-model predictions with similarity to active training compounds. Structural similarity was the mean of the five highest Tanimoto similarities; morphology similarity was the mean of the five highest Pearson correlations. The published text described a median morphology similarity, whereas its inspected public implementation used a mean; we followed that implementation and retained the discrepancy in the method record. Training-derived predictions and similarity terms entered a logistic second-stage model.
This adaptation maintained scaffold and laboratory separation, training-only preprocessing and the same available compounds. It retained natural class prevalence and omitted the original probability stretching around a Youden threshold. A balanced second-stage variant was also evaluated and remains in Table S3. We did not reproduce the original paper's entire assay benchmark. These differences matter because a probability-score comparison is not interchangeable with a ranking comparison after nonlinear probability transformation.
[bookmark: _Toc241683936]Selection rules and uncertainty
Development gain was baseline Brier score minus fusion Brier score. The simple rule selected fusion if the one-sided 95% lower bound of development gain exceeded zero; otherwise it selected B. The context rule added the condition that mean gain in every development laboratory was at least −0.005. Zero and −0.01 margins were sensitivity specifications. The original primary external comparison was context rule minus simple rule, using the equal-weight mean of the two endpoints. It was exactly zero because the decisions were identical. This negative result is retained despite the manuscript's empirical focus on incremental prediction and transfer.
Brier intervals used 5,000 scaffold bootstrap resamples, preserving model pairing and overlapping compounds between endpoints. AP calculations attempted 2,000 resamples, omitting any with only one outcome class; all 2,000 were valid in each reported comparison. These were fixed resampling counts, not counts selected by a demonstrated convergence analysis. The models were not refitted within these resamples. Two-sided intervals used the 2.5th and 97.5th percentiles and were not multiplicity-adjusted. For SR-ARE, singleton scaffolds made resampling equivalent to compound resampling; joint resampling still preserved overlap between endpoints. Screening budgets used the ceiling of 5%, 10% or 20% of compounds. Differences and intervals were computed at full precision before display rounding. In Table S4, model-minus-reference Brier differences favor the model when negative, whereas main-text gains use the opposite sign; AP differences favor fusion when positive.
[bookmark: _Toc241683937]Measurement sensitivity
Repeatability compared morphology profiles for the same compound with within-plate identity-permuted controls. Within each site and partition, each of the six replicate-pair summaries was the median across compounds of Pearson correlation across morphology features. The reported 0.33–0.58 range is the range of the five site-level medians of these six summaries within the strict held-out pool (Table S6). The single-well analysis replaced aggregate test features in an aggregate-trained model; it did not retrain a single-well pipeline. It therefore estimates sensitivity to loss of aggregation, not optimal single-well performance.
Residual morphology was obtained through cross-fitted baseline prediction using ridge regression with alpha = 100; downstream logistic regression used C = 0.1. These settings were specified after primary external scoring. Residual fusion can discard useful information shared between structure/count and morphology, so a negative residual result does not establish that morphology is wholly redundant. Additional random-forest seeds were sensitivity checks, not new independent external experiments.
[bookmark: _Toc241683938]Simulation design
Twenty cells combined five mechanisms, development sample sizes of 200 or 500, and morphology-noise standard deviations of 0.3 or 1. Each cell had 100 formal replicates. Pilot replicates were excluded. The domain-shift cell split by prespecified replicate parity into 50 visible and 50 hidden shifts per size–noise setting, giving 200 replicates of each subtype. Other conditions each had 400 replicates. Every target sample comprised 1,000 independently generated entities.
Each entity had S in four independent standard-normal dimensions and an independent standard-normal latent variable Z. Outcomes were Bernoulli with probability sigmoid(−0.6+S0+0.5S1+γZ). The same S, Z and outcome were used across laboratory contexts for each entity, with independent technical noise. M had ten dimensions. In the uninformative condition, γ = 0 and M was noise. In the redundant condition, γ = 0 and the first four morphology dimensions were 2S plus noise. In the informative condition, γ = 1.5, M0 was Z plus noise and M1 was the noncausal S0² feature; remaining dimensions were noise.
The mismatch condition selected approximately half of the entities for random morphology permutation within four exchange blocks defined by the signs of S0 and S1. A random permutation can retain fixed points. The condition could retain useful information and was not assumed harmful by definition. Domain shift reversed M0 in the target context; visible shifts also reversed it in one development laboratory, whereas hidden shifts did not. Development entities were randomly divided into equal fitting and calibration halves, with laboratory holdout. B used S and F used S+M, both with fixed logistic C = 0.1. The calibration interval used 500 entity-level resamples after averaging each entity's gains across laboratories; no chemical-scaffold structure was simulated. These simulations isolate rule behavior rather than reproducing the full experimental pipeline. Figure 4 shows acceptance fractions with Wilson 95% intervals and the distribution of target gains if fusion was always used, with mean ±1.96 Monte Carlo standard errors. This is distinct from the realized gain of a selection rule, which uses the baseline in rejected replicates.
[bookmark: _Toc241683939]JUMP and EveBio comparisons
JUMP–Tox21 used parent-compound matching and three seeds with five scaffold folds. Morphology scaling and 64-component PCA were fitted only within each training fold. All logistic models used balanced L2 regularization with C = 1. The corrected fixed comparison was S+C+M versus S+C, where C is a count proxy rather than the directly measured EU-OPENSCREEN count. S+M versus S and C+M versus C were supporting contrasts. Fold contrasts share training observations and should not be treated as independent biological replicates.
EveBio used 268 deduplicated compounds across 24 endpoints, with three seeds and three scaffold folds. Three direct count features were removed from morphology. Logistic comparisons used fixed S+C+M versus S+C and C+M versus C. AP differences were calculated on the original AP scale; the source-column label “logit” identifies logistic regression, not a transformation of AP. Same-family random-forest C+M versus C separated modality from classifier changes. Earlier benchmark reproduction and test-fold-best-baseline comparisons remain in the result archive but do not replace these corrected contrasts. In the historical JUMP proxy comparison, SR-ARE and NR-ER-LBD mean AP differences were −0.0010 and −0.1750, respectively; the reported fold-distribution bounds were descriptive quantiles, not confidence intervals. The corrected fixed-baseline means were +0.0107 and −0.1656. Assay-profile similarity can suggest biological connections without resolving them [1], and structural relationships can explain shared profiles [2].
[bookmark: _Toc241683940]Cell Health analyses
MODZ consensus profiles represented 119 guides targeting 59 genes across A549, ES2 and HCC44 cells. The prediction unit was the guide–cell-line profile. Models used 946 non-count morphology features and three count features. Training-only scaling and up to 64 principal components preceded ridge regression with alpha = 10. Five-fold gene holdout and three cell-line holdouts were evaluated separately. Global-mean and training-cell-line-mean predictors were included where applicable. Reported correlations were calculated within cell lines to avoid crediting separation of cell backgrounds as perturbation prediction.
Training morphology identities were permuted within cell line 25 times. Test features and labels were not permuted. The controls assess pairing dependence but were not formal permutation-test P values. Retention required all criteria in both gene and cell-line holdout: morphology correlation at least 0.20, morphology-minus-count increment above 0.05, observed-minus-permuted increment above 0.10, and a positive morphology-minus-count increment in at least two of three cell lines. We also required a positive median of the endpoint-specific morphology-minus-count summaries across holdout schemes in the preceding median-consensus analysis. Varying each of the three numerical cutoffs separately, with the other requirements retained, yielded 6–9 endpoints. Channel removal was restricted to the eight endpoints meeting the main criteria. It locates predictive information but does not establish mediation or causation. Comparisons of RNAi and CRISPR transcriptomic perturbations also caution against treating perturbation technologies as equivalent interventions [3].
[bookmark: _Toc241683941]Cardiomyocyte prediction and target diagnostics
The cardiomyocyte source was GSE262419 at 48 hours and 0.2, 1 and 10 µM. Log2(count+1) expression was centered on plate-matched vehicle controls, and technical replicates were median-aggregated. Nine fixed KEGG pathway scores were unweighted gene means; each target was its slope against log10(1 + concentration in µM). This transcriptomic summary is not a direct measure of beating, arrhythmia or clinical toxicity. The source structure table listed 464 compounds; 462 appeared in the pathway-slope matrix. Basic Blue 7 and Gentian Violet had no matching compound-name entries in the downloaded well-level metadata and therefore did not contribute slopes. The upstream reason for that absence was not established. L1000 Level 5 data came from GSE92742 and GSE70138. Parent matching yielded 119 compounds in 91 scaffolds. The representative-signature rule preferred 24 hours and 10 µM, followed by the recorded cell-line priority.
The expression-transfer rationale builds on the Connectivity Map concept of relating perturbations through transcriptional signatures [4]. Nevertheless, signature similarity and target prediction are different tasks; computational connectivity methods have their own context and scoring assumptions [5]. Morphology–transcriptome queries provide another cross-modal association route without making the measurements interchangeable [6]. Perturbation barcodes and expression compression similarly concern representations of cellular response, not validation of our cardiac slope target [7, 8]. We did not implement those methods in this study.
The original nested scaffold comparison yielded mean normalized RMSE values of 0.9972 for the null, 0.9807 for structure, 1.0145 for L1000 and 0.9810 for fusion. The fusion-minus-structure difference was 0.00026, with a compound-bootstrap interval of −0.00735 to 0.00759. Multi-signature sensitivity summarized 8,477 available signatures or 2,146 near-context signatures using pathway medians, interquartile ranges and signature count. Ten scaffold seeds, identity permutations, applicability-based risk–coverage analyses and distinct functional or cross-platform stress tests did not establish a stable general increment. These prior analyses are retained in the accompanying supporting-results archive and are not additional replications of the EU-OPENSCREEN tasks.
The target reconstruction matched the preceding target matrix to numerical precision. Single-well and leave-one-replicate-out slopes were compared within the same compound sets. Dose omission tested dependence on each of the three concentrations. Principal-component diagnostics assessed the common variation across the nine pathway targets in the prediction subset and full 462-compound set. These diagnostics indicate measurement limitations and shared response structure; a normalized error near one cannot support a claim that most predictable variation was captured. Phosphoproteomic and chromatin perturbation signatures provide different readouts of cellular response, but were not measured in this reanalysis [9].
[bookmark: _Toc241683942]OASIS concentration comparisons
OASIS profiled primary human hepatocytes exposed to eight concentrations of 1,085 compounds. Its accompanying assay readouts included Cell Painting, cell count, metabolic activity (MT; RealTime-Glo substrate reduction) and lactate dehydrogenase release (LDH). MT is not an imaging-channel ablation or mitochondrial staining measurement. We used 121 compounds with detected response concentrations in all four readouts. Comparisons were paired within compound, with geometric means calculated from log ratios of comparator concentration to morphology concentration. Bootstrap intervals resampled compounds; binomial intervals described the fraction with a lower morphology response concentration.
Morphology had a lower response concentration than count for 116/121 compounds. The geometric mean comparator/morphology ratios were 1.79 for MT, 4.28 for count and 8.15 for LDH. The selected complete-case design does not estimate unconditional detection sensitivity across all screened compounds. A lower response concentration does not establish temporal precedence, molecular specificity or clinical toxicity. Published OASIS prediction benchmarks retained in the supporting archive use their own task definitions and labels and are not part of the EU-OPENSCREEN fusion evaluation.
[bookmark: _Toc241683943]Reproducibility and reporting boundaries
Core EU-OPENSCREEN analyses used Python with NumPy 2.4.4, pandas 2.3.3, SciPy 1.17.1, scikit-learn 1.8.0 and RDKit 2025.09.6. Generation code reads the numerical result tables without changing models, endpoints or thresholds. The supplementary tables separate compound counts, fixed-task estimates, correlated fold summaries and simulation repetitions. Missing or nonapplicable table cells are not zero. Figures contain no invented microscopy images or molecular mechanisms. Analysis and figure-generation source code is retained locally and has not yet been deposited in a public repository.
The study is a retrospective computational reanalysis of public compound and cell measurements. No patient data or newly collected human specimens were used. Prospective clinical-prediction checklists do not turn these assay labels into clinical outcomes. Reporting instead emphasizes explicit data provenance, split units, training-only transformations, comparator definitions, model selection, uncertainty, all endpoint eligibility results and secondary-analysis boundaries. Author names, contributions, funding, competing interests and the final AI-assistance statement remain subject to author completion.
[bookmark: _Toc241683944]List of abbreviations
	Abbreviation
	Full term

	AGP
	actin/Golgi/plasma membrane

	AP
	average precision

	AUROC
	area under the receiver operating characteristic curve

	CI
	confidence interval

	DNA
	deoxyribonucleic acid

	DMSO
	dimethyl sulfoxide

	ER
	endoplasmic reticulum

	FMP
	Leibniz Institute for Molecular Pharmacology

	IMTM
	Institute of Molecular and Translational Medicine

	JUMP
	Joint Undertaking for Morphological Profiling

	KEGG
	Kyoto Encyclopedia of Genes and Genomes

	LDH
	lactate dehydrogenase

	MEDINA
	Fundación MEDINA

	Mito
	mitochondria

	MODZ
	moderated z-score

	MT
	metabolic activity

	NRMSE
	normalized root mean squared error

	PCA
	principal component analysis

	RF
	random forest

	RMSE
	root mean squared error

	RNA
	ribonucleic acid

	SE
	standard error

	SR-ARE
	stress-response antioxidant response element assay

	SR-MMP
	stress-response mitochondrial membrane potential assay

	USC
	University of Santiago de Compostela
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Figure S1. Measurement and residualization sensitivities
a, Change in Brier loss when single-well features replace replicate aggregates in the fixed aggregate-trained logistic models. b, Residual-morphology fusion compared with the baseline; positive values favor the baseline. Points and bars show paired estimates and 95% scaffold-bootstrap intervals (5,000 resamples). SR-ARE and SR-MMP include 85 and 95 strict held-out compounds; their union has 117 compounds/114 scaffolds. Residual-model parameters were specified after primary scoring. These diagnostics do not compare separately optimized single-well pipelines or establish biological independence. Source data are provided in Additional file 2.
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Figure S2. Dependence on the available comparator
a, All 15 paired seed–fold AP differences per JUMP endpoint for morphology fusion versus a fixed structure-plus-count-proxy baseline. Gray points are fold differences, orange diamonds means and blue ticks medians. b, All 24 EveBio endpoint medians, each across three seeds and three scaffold folds. Columns compare count plus morphology versus count, and structure plus count plus morphology versus structure plus count. Colors are centered at zero; positive favors morphology. Values are differences on the original AP scale from logistic regression, not logit-transformed AP. Ant. and ago. denote antagonist and agonist tasks. Folds share training observations; neither their spread nor these medians are confidence intervals. Source data are provided in Additional file 2.
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Figure S3. Perturbation information and channel contributions
a, Morphology-minus-count Spearman correlations for all 70 Cell Health endpoints under gene and cell-line holdout. Correlations are calculated within cell lines, then summarized. b, Correlation losses after removing each imaging channel during cell-line holdout, for all eight endpoints retained by exploratory criteria. Positive values indicate worse prediction after removal. The dataset represents 119 guides targeting 59 genes in three cell lines; model units are guide–line profiles, not cells. Endpoints and folds are correlated. No confidence interval or confirmatory test is assigned to the heatmap. Channel ablation locates predictive information, not a causal mechanism. DNA, nuclear channel; ER, endoplasmic reticulum; RNA, RNA-rich compartments; AGP, actin/Golgi/plasma membrane; Mito, mitochondria. Source data are provided in Additional file 2.
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Figure S4. Stability of the cardiomyocyte response target
a, Median pairwise Spearman correlations among single-well slopes or leave-one-replicate-out aggregate slopes, with compound-bootstrap 95% intervals. b, Correlations between the full three-dose slope and slopes after omitting one concentration. Equally spaced columns denote categorical dose-omission conditions, not a continuous or logarithmic dose axis. All nine pathways retain the same 119 compounds; the full 462-compound cohort is reported in Tables S16–S18. Heatmap correlations are descriptive, without inferential intervals. Slopes summarize 48-hour, vehicle-centered transcriptomic responses against log10(1 + concentration in µM). The pathway targets share a strong common response component and are not independent biological confirmations. Source data are provided in Additional file 2.
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Figure S5. Response-concentration distributions in OASIS
a, Empirical cumulative distributions of comparator/morphology response-concentration ratios for all 121 compounds with detected measurements in all four modalities. Each step represents observed compounds; logarithmic horizontal axes retain the full ratio range. b, Geometric mean paired ratios with compound-bootstrap 95% intervals. A ratio above one indicates morphological change at a lower concentration, not earlier time. MT is metabolic activity measured by RealTime-Glo; LDH is lactate dehydrogenase release. Complete cases exclude compounds lacking a detected response, so these estimates do not describe all 1,085 screened compounds or establish target specificity or clinical toxicity. Source data are provided in Additional file 2.
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