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Abstract9

Large-scale perturbation atlases are increasingly used to train models that predict cellular10

responses, yet responses to individual perturbations are often measured only a few times.11

The resulting averages are commonly used as training targets, although they contain both12

reproducible perturbation effects and measurement-specific variation. Here we present13

RePert, a framework that uses independent measurements to construct reproducible targets14

for cellular-response prediction. RePert learns from separate measurements of the same15

perturbation, combines complementary estimates using independent calibration data, and16

uses a second assay to refine an existing response estimate. In two Cell Painting datasets17

and one gene-expression dataset, RePert estimates agreed more closely with held-out18

measurements than averages of the same measurements. In Cell Painting, they also better19

distinguished the correct compound from matched alternatives. In BBBC047, these esti-20

mates outperformed larger neural networks given identical inputs. Matched measurements21

from a second assay provided additional compound-specific information, with smaller gains22

when more Cell Painting measurements were available. The recovered responses also23

better preserved independently supported morphological features, response directions24

and patterns across doses. As training targets, they improved prediction of unseen com-25

pounds in BBBC047, whereas in sci-Plex3, with two measurements per condition, the effect26

depended on the prediction setting. Target construction is therefore a design dimension of27

perturbation modelling, distinct from model architecture and capacity.28

Introduction29

Large-scale perturbation atlases are becoming a foundation for predicting cellular responses30

and building virtual cells [1]. High-throughput assays such as Cell Painting (CP) [2] and31
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gene expression (GE) [3] now profile tens of thousands to more than one hundred thousand32

chemical and genetic perturbations [4, 5], providing models with broad coverage of how33

interventions alter cellular state and enabling prediction of responses to previously unseen34

perturbations [6–8]. This scale, however, has been achieved primarily through breadth rather35

than deep measurement of individual conditions. BBBC047, for example, profiled 30,61636

compounds, each in quadruplicate [9], and JUMP covers about 136,000 chemical and37

genetic perturbations, typically with five replicates each [5]. Perturbation modelling therefore38

increasingly operates in a regime in which models observe many distinct interventions,39

but the response assigned to each intervention is estimated from only a few independent40

acquisitions.41

Limited replication makes the learning target itself uncertain. An observed profile com-42

bines perturbation-induced changes with measurement-specific variation arising from43

plates, batches, acquisition procedures and cellular state [10, 11]. Averaging a small44

number of replicates reduces this variation but still yields an uncertain estimate, part of45

which may not recur in another independent experiment. Nevertheless, observed or aver-46

aged measurements are commonly used directly as training and evaluation targets for47

perturbation-response models [7, 8, 12]. At the same time, much of the field has focused48

on model architecture, scale and representation [1, 13], even as recent benchmarks have49

shown that simple baselines such as the training-set mean or a linear model often match50

deep-learning and foundation models, particularly when training data are limited [14, 15],51

and that apparently strong performance can partly reflect systematic variation shared52

across perturbations [16]. These observations motivate a more basic question that pre-53

cedes model capacity: which components of an observed cellular response are reproducible54

enough to be worth learning?55

Independent measurements provide an operational answer to this question. Replicates56

are usually averaged into consensus profiles [4, 17] or used to assess quality and repro-57

ducibility [10, 18], but they can also participate directly in defining the learning target. If58

an estimate constructed from a subset of measurements predicts a separately acquired59

measurement of the same perturbation that was not used to construct it, the recovered60

structure is supported across independent acquisitions. This principle is related to learning61

from independent noisy observations [19, 20], but perturbation experiments provide addi-62

tional structure: repeated measurements can supply both supervision for learning response63

components that recur across acquisitions and independent evidence for calibrating alter-64

native estimators. Independent evidence need not come from the same assay. CP and65

GE capture complementary aspects of cellular state [4, 17, 21], so once an estimate of a66

target-modality response is available, another assay can be treated as additional evidence.67

Its value should then be judged not simply by the performance of a jointly fitted multimodal68

model, but by whether it improves prediction of an independent target measurement beyond69

the information already contained in the current estimate, and whether that increment is spe-70

cific to the correct perturbation. From this perspective, multimodal information is conditional71

and incremental evidence about the remaining uncertainty in a cellular response.72

Here we introduce RePert, a framework that turns independent measurements from73

retrospective reproducibility checks into supervision and calibration signals for pertur-74

bation modelling (Fig. 1). RePert constructs response estimators with complementary75

inductive biases from limited target-modality measurements and combines them through76

reproducibility-calibrated aggregation (ReCA), using independent measurements that are77
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Fig. 1 | Independent measurements guide reproducible target construction and

conditional multimodal updating.

separated from estimator fitting. When a second assay is available, RePert evaluates78

its incremental contribution beyond the current response estimate and tests the pertur-79

bation specificity of that contribution. Across BBBC047 and cpg0004-LINCS [17], this80

strategy recovered responses that agreed more closely with independent measurements81

and, in CP, retained specificity to the correct compound. Given identical inputs in BBBC047,82

repeat-aware estimation also outperformed larger generic neural predictors. Matched mea-83

surements from the second assay added compound-specific evidence, and added less84

when the target modality was measured more deeply. The recovered responses more faith-85

fully preserved independently supported morphological features, response directions and86

dose organization, and improved prediction of unseen compounds when used as training87

targets in BBBC047. By contrast, sci-Plex3 [22], with only two independent measurements88

per condition, showed that the benefit depends on the available measurement structure89

and prediction setting. More broadly, perturbation modelling includes constructing targets90

that reflect the responses finite experiments can reproducibly support. RePert makes this91

step explicit and treats target construction as a design dimension distinct from model92

architecture and capacity.93

Results94

We used RePert (Fig. 1) to test three consequences of letting independent measurements95

define response targets. First, if limited measurements contain a perturbation-specific96

component that recurs across acquisitions, estimators supervised and calibrated by inde-97

pendent measurements should recover it better than averaging or generic predictors given98

the same inputs. Second, if a second assay provides conditional evidence, it should add99

compound-specific information beyond the estimate already available from the target assay,100

and add less as that estimate improves. Third, if the recovered responses are better targets,101
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they should preserve morphological structure seen in independent references and, when102

used for training, improve prediction for unseen compounds.103

Table 1 | Datasets and profile representations

Dataset Cell line(s) Assay Representation Dimensions

BBBC047

(Rosetta)

U2OS CP CellProfiler features 775

GE L1000 profiles 977

cpg0004-LINCS A549 CP CellProfiler featuresa 242

sci-Plex3 A549, K562, MCF7 GE RNA-seq pseudobulk 2,000

Limited measurements contain reproducible perturbation signals104

We first examined whether a compound-specific response could be detected across105

independent measurements. In BBBC047 CP, we compared non-overlapping measure-106

ments from the same compound with measurements from different compounds occupying107

matched experimental conditions. For each compound, we calculated the Pearson correla-108

tion between same-compound measurements and subtracted the corresponding correlation109

obtained from the matched different-compound control. We refer to this difference as110

excess agreement. Across 18,082 compounds, the median excess agreement was 0.1392111

when each side contained one measurement and increased to 0.2431 when each side112

averaged two independent measurements (Fig. 2a). The median paired increase within113

compounds was 0.0861, with a 95% confidence interval (CI) of 0.0845–0.0877, and 82.2%114

of compounds showed an increase.115

Because excess agreement subtracts the agreement with matched measurements of116

other compounds, the increase with averaging reflects a stronger compound-specific117

response. Individual measurements are therefore noisy but contain a reproducible pertur-118

bation response that becomes clearer when independent measurements are combined.119

GE showed the same pattern in the 38 compounds with four eligible, non-overlapping120

measurements (Supplementary Table S1).121

Independent measurements improve estimates of reproducible responses122

The aggregation analysis showed that additional measurements strengthen the reproducible123

component of a perturbation response, but increasing experimental replication is not124

always practical. We therefore evaluated a different strategy: using patterns learned across125

compounds to improve the estimate for a new compound without collecting additional126

measurements. Independent-measurement regression (IMR), the simplest estimator in127

RePert, learns from training compounds to map the mean of the R measurements available128

as input (support measurements) to a separately acquired measurement of the same129

compound (Fig. 1b; Methods). Because this target measurement is excluded from the130

input, IMR can reduce its error only by learning response patterns that recur across131
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measurements. All estimators were evaluated on compounds not used for fitting, and132

agreement with the held-out measurement was measured as the Fisher z-transformed133

Pearson correlation.134

IMR estimates agreed better with the held-out CP measurement than the mean of the same135

number of support measurements at every tested budget in both datasets (Fig. 2b). With one136

support measurement, agreement increased by 0.0805 Fisher-z units in BBBC047 (95%137

CI, 0.0714–0.0891; 4,023 compounds) and by 0.1328 in cpg0004-LINCS (0.1141–0.1509;138

127 compounds). Gains remained positive with two and three support measurements in139

both datasets (Supplementary Table S1). In morphology, the gain was largest at the lowest140

measurement budget and decreased as more support measurements became available,141

consistent with simple averaging recovering more of the reproducible response when142

additional measurements are present.143

The same principle extended beyond morphology. In BBBC047 GE, agreement with held-144

out measurements increased by 0.0698 Fisher-z units with one support measurement145

and by 0.0876 with two (Fig. 2b). Unlike in CP, the GE gain was larger with two support146

measurements than with one, so the value of independent-measurement learning depended147

on the readout as well as on the measurement budget.148

We next compared three estimators with different inductive biases, each built from inde-149

pendent measurements. IMR learns nonlinear relationships across response features;150

aggregated-target IMR reduces variation in the training target by aggregating measure-151

ments excluded from the input; and covariance-based empirical-Bayes shrinkage uses152

cross-measurement covariance to shrink less reproducible directions. Agreement can also153

rise when an estimate moves towards a response shared by many compounds. We there-154

fore evaluated these estimators using perturbation specificity, which measures whether155

an estimate is more similar to the held-out measurement of the correct compound than to156

condition-matched measurements of other compounds. With foreign references from the157

support plates, all three estimators improved perturbation specificity at low measurement158

budgets in BBBC047 (Fig. 2c). With one support measurement, the gains over the support159

mean were 0.0609 for IMR, 0.0783 for aggregated-target IMR and 0.0859 for empirical-160

Bayes shrinkage. The gains decreased as more support measurements became available161

(Fig. 2c). For IMR and aggregated-target IMR, this reflected a smaller gain in agreement162

with the correct compound. For empirical-Bayes shrinkage, agreement with other com-163

pounds also increased, from 0.044 to 0.078 Fisher-z units between one and three support164

measurements.165

Repeat-aware estimation outperforms generic predictors at matched inputs166

Empirical-Bayes shrinkage gave the largest gain at every budget. Because the three167

estimators rest on different assumptions, the best combination can differ across datasets168

and budgets. RePert therefore combines them by reproducibility-calibrated aggregation169

(ReCA), which uses independent calibration measurements to determine how much each170

candidate estimate should contribute. ReCA combines IMR, aggregated-target IMR and171

empirical-Bayes shrinkage using non-negative weights that sum to one, learned from172

independent calibration measurements.173
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In an independent evaluation, 60% of the original training compounds were used to fit174

the candidate estimators, 20% to select the ReCA weights and comparator hyperparame-175

ters, and 20% to assess the resulting procedure under four conditions, with one or three176

support measurements in each dataset. Relative to the support mean, ReCA increased177

perturbation specificity by 0.017–0.069 Fisher-z units across the four conditions (Supple-178

mentary Table S1). Relative to the strongest individual estimator, which was empirical-Bayes179

shrinkage in every condition, the average gain was 0.0072 (95% CI, 0.0053–0.0091). This180

increment was larger in cpg0004-LINCS (0.0158 and 0.0105 with one and three support181

measurements) than in BBBC047 (0.0006 and 0.0018; Supplementary Table S1). Empirical-182

Bayes shrinkage received most of the weight, aggregated-target IMR made an additional183

contribution, and IMR contributed appreciably only in some settings. Most of the gain over184

the support mean therefore came from covariance-based shrinkage, and calibration against185

independent measurements added a smaller, setting-dependent increment.186

We next compared ReCA with standard response-estimation baselines, denoising meth-187

ods and generic neural predictors on a common task. In a BBBC047 benchmark, every188

method received the same one, two or three 775-dimensional CP support profiles and was189

evaluated against the same held-out measurement and the same 32 condition-matched190

measurements of other compounds. The comparison included the support mean, princi-191

pal component analysis (PCA) reconstruction, Noise2Self-style self-supervised denoising192

[20], a multilayer perceptron (MLP) control, tabular ResNet and FT-Transformer models193

[23], and TabM [24], alongside ReCA (Fig. 2d). The ResNet, FT-Transformer and TabM194

models shown in the main panel use the larger reference configurations; capacity-matched195

compact variants are reported in Supplementary Table S5.196

ReCA achieved the highest perturbation specificity at all three measurement budgets, with197

values of 0.221, 0.254 and 0.282 for one, two and three support measurements, respectively.198

TabM was the strongest generic neural predictor, with corresponding values of 0.209, 0.238199

and 0.268. The paired ReCA–TabM differences were 0.012 (95% CI, 0.008–0.017), 0.017200

(0.012–0.021) and 0.014 (0.009–0.019). Larger ResNet and TabM models outperformed201

their compact counterparts at all three budgets, and scaling FT-Transformer had mixed202

effects. Empirical-Bayes shrinkage alone, the component with the largest ReCA weight, also203

exceeded every generic neural predictor (0.216, 0.251 and 0.280; Supplementary Table S4).204

The advantage of repeat-aware estimation therefore comes mainly from modelling how205

measurements vary, not from model capacity. Additional classical and component-level206

comparators, including Median, moderated z-score (MODZ), Ridge, IMR, aggregated-target207

IMR and empirical-Bayes shrinkage, are reported in Supplementary Tables S4–S5.208

We also evaluated cpDistiller-C, a recent Cell Painting representation-learning method209

designed to reduce batch, row and column effects through contrastive and domain-210

adversarial learning [25]. cpDistiller-C produces a 50-dimensional latent representation211

rather than a 775-dimensional response estimate. We therefore assessed it by how well212

each estimate retrieved the held-out measurement of the same compound from among 32213

measurements of other compounds (mean average precision, mAP@33). Across one, two214

and three support measurements, ReCA achieved the highest mAP@33, followed by the215

support mean, whereas cpDistiller-C showed the lowest retrieval performance (Fig. 2e). On216

this replicate-retrieval task, ReCA therefore preserved compound identity more effectively217

than either simple averaging or cpDistiller-C.218
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Fig. 2 | Independent measurements improve estimates of reproducible perturbation

responses.

A second modality provides compound-specific, conditional evidence219

RePert treats a second assay as conditional evidence that updates an existing estimate of220

the target-modality response (Fig. 1c). We first tested the compound specificity of this evi-221

dence by adding GE information to a CP estimate. In BBBC047, the GE evidence increased222

agreement between the CP estimate and a held-out CP measurement by 0.0215 Fisher-z223

units across 4,023 compounds (Fig. 3a, GE→CP). To test the compound specificity of this224

gain, we compared the correctly matched GE evidence with two controls. The improvement225

was 0.0374 larger than with randomly reassigned GE evidence and 0.0108 larger than226

with GE evidence from a different compound measured under matched conditions (3,538227

compounds). The same direction was observed in a more restrictive analysis requiring228

exact dose matching (715 compounds; Supplementary Table S2). These controls show229

that the improvement required GE information from the same compound.230

Using CP to update GE gave the same qualitative result. CP evidence improved agreement231

with an independent GE measurement by 0.0094 Fisher-z units across 3,691 compounds232

(Fig. 3a, CP→GE). The improvement was 0.0142 larger than with shuffled CP evidence233

and 0.0114 larger than with condition-matched CP evidence from another compound. The234

effect remained positive across all three training runs (Supplementary Fig. S1). Thus, each235

modality provided information about the perturbation response that was not fully captured236

by the other modality alone.237

We next compared conditional cross-modal updating with joint prediction. For GE prediction,238

a model that received GE and CP together improved on the target-only estimate by 0.0049239

Fisher-z units, whereas the conditional CP update improved it by 0.0094. On the same240

compounds and doses, the conditional update exceeded joint prediction by 0.0045 (Fig. 3b).241
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Fig. 3 | A second modality adds compound-specific, conditional evidence.

In this setting, estimating the GE response first and then using CP as additional evidence242

recovered more reproducible GE signal than combining the two modalities as joint inputs.243

The contribution of the second modality also depended on how much information was244

already available from the target modality. Among 3,983 compounds evaluated against the245

same held-out CP measurement, adding GE after one CP measurement increased agree-246

ment by 0.0194 Fisher-z units, compared with 0.0149 after two CP measurements. Adding247

a second CP measurement increased agreement by 0.0252 without GE and by 0.0207248

when GE evidence was already available (Fig. 3c). Thus, CP and GE provided partially249

overlapping information. Each source remained useful, but its incremental contribution was250

smaller when the other source had already supplied additional evidence.251

These results show that cross-modal information acts as compound-specific evidence252

whose value depends on the response estimate already available. The second modality253

was most useful when it contributed information not already captured by the target modality,254

which supports using multimodal measurements conditionally.255

Recovered responses preserve morphological structure supported by independent256

references257

We next evaluated how well the recovered responses preserved the biological organization258

of morphological profiles. We used cpg0004-LINCS, where six doses and five measure-259

ments per condition allow independent references for feature groups and dose series. For260

each condition, the one-support ReCA estimate and the single measurement it was derived261

from (Raw) were each compared with the mean of the four other measurements. Across262

the seven feature groups, agreement increased from 0.5927 for Raw to 0.7339 for ReCA263

(difference, 0.1412 Fisher-z units; 95% CI, 0.1312–0.1511; 291 compounds; Fig. 4a; Sup-264

plementary Table S3). All seven group-level contrasts were positive, ranging from 0.1016265

in mitochondria to 0.1976 in shape. The improvement therefore extended across multiple266

components of cellular morphology.267

We then examined whether ReCA recovered the dominant morphological changes identi-268

fied by the independent reference. The reference’s 25 largest absolute feature changes269

were defined from the reference alone. ReCA increased overlap with these features from270
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Fig. 4 | Recovered responses preserve morphological structure supported by

independent references.

0.2612 to 0.3196 (difference, 0.0584; 95% CI, 0.0533–0.0635) and increased agreement271

in their direction from 0.7902 to 0.8632 (difference, 0.0730; 95% CI, 0.0679–0.0784; 291272

compounds; Fig. 4b). The recovered responses therefore captured both which features273

changed most strongly and the direction of those changes. In the independent evaluation274

on cpg0004-LINCS, one-support ReCA also increased perturbation specificity over the275

single measurement, by 0.069 Fisher-z units (Supplementary Table S1).276

ReCA also better preserved the organization of responses across doses. For each com-277

pound, we represented the six-dose response by the 15 pairwise distances between doses278

and compared the resulting distance pattern with the independent reference across the279

seven feature groups. Dose concordance increased from 0.3267 for Raw to 0.3717 for ReCA280

(difference, 0.0450; 95% CI, 0.0356–0.0542; 289 compounds; Fig. 4c). The recovered281

responses therefore also preserved how responses were organized across doses.282

Effects on annotation-based tasks depended on the task. ReCA improved confirmed-activity283

ranking, with average precision increasing from 0.1126 to 0.1791 (difference, 0.0665; 95%284

CI, 0.0212–0.1294; 262 compounds, of which 7 had confirmed activity; Supplementary285

Fig. S3). In contrast, mechanism, target and curated Reactome target-neighbour retrieval286

showed no detectable change (paired mAP differences, −0.0025 to −0.0002; Supplementary287

Table S3). Recovering reproducible morphological structure therefore improved activity288

ranking but not annotation retrieval.289

Reproducibility-aware targets improve unseen-compound prediction in BBBC047290

We next evaluated the effect of reproducibility-aware training targets on a separate model291

that predicts measured profiles from molecular and control features (Figs. 1b and 5). The292

Raw and ReCA-derived predictors used identical inputs, matched total parameter counts293

and the same measured evaluation targets. Performance was assessed using the Pearson294
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Fig. 5 | Reproducibility-aware training targets improve unseen-compound prediction in

BBBC047.

correlation coefficient (PCC) on full profiles, PCC on control-subtracted responses (∆PCC),295

root mean squared error (RMSE) and perturbation specificity (E).296

In BBBC047, the Raw predictor was trained on the mean of exactly two, three or four297

selected measurements (2R, 3R and 4R). ReCA+Res split the same training target into298

two parts: the mean of one-support ReCA estimates computed from each selected mea-299

surement, and the remaining residual. Separate branches predicted the two parts, which300

were summed to reconstruct the measured profile. Across unseen compounds, ReCA+Res301

improved all four metrics at every measurement budget, and the 95% CI of every paired302

gain excluded zero (Fig. 5). PCC increased from 0.2934 to 0.3017 at 2R, from 0.3425 to303

0.3500 at 3R and from 0.3723 to 0.3792 at 4R. At 3R, ∆PCC increased from 0.3834 to304

0.3922, while RMSE decreased from 0.6818 to 0.6755. Perturbation specificity increased305

by 0.0196, 0.0139 and 0.0104 Fisher-z units at 2R, 3R and 4R (95% CIs, 0.0163–0.0229,306

0.0103–0.0174 and 0.0065–0.0143), so the predictions also became more specific to the307

correct compound.308

We also tested ReCA-derived targets in sci-Plex3, which provides only two measurements309

per drug–dose condition. There, the effect depended on the prediction setting and on how310

the targets were estimated, and no target construction improved perturbation specificity311

consistently (Supplementary Fig. S2 and Supplementary Tables S3 and S6).312

Discussion313

The responses that perturbation models can learn are bounded by the targets they are314

trained to reproduce. Large perturbation atlases typically estimate each condition from only315

a few measurements, so these targets combine perturbation effects that recur across acqui-316

sitions with measurement-specific variation. Replicate measurements are usually averaged317

or used to assess reproducibility; RePert uses them to supervise and calibrate response318

estimation. At the same measurement budget, learning from separate measurements319

improved agreement with held-out acquisitions in CP and GE data, and in CP the recovered320

responses better distinguished the correct compound from condition-matched alternatives.321
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Most of the specificity gain came from covariance-based empirical-Bayes shrinkage, and322

ReCA added a smaller, setting-dependent increment. Given identical inputs in BBBC047,323

shrinkage alone exceeded every generic neural predictor tested, including larger models,324

indicating that exploiting measurement structure and increasing model capacity address325

distinct aspects of the learning problem. Target construction is therefore a design dimension326

distinct from model architecture and capacity, which have been the main focus of current327

perturbation-response models [6–8, 12, 26, 27].328

This perspective changes the role of repeated and multimodal measurements in perturba-329

tion modelling. In RePert, an independent acquisition provides the operational criterion for330

whether response structure is supported beyond the measurements used to estimate it.331

RePert builds on learning from independent noisy observations [19, 20], empirical-Bayes332

shrinkage [28, 29] and stacked generalization [30–32], and organizes them around the333

acquisition structure of perturbation experiments, so that separate measurements serve334

as evidence, calibration and evaluation. The same principle extends across assays. CP335

and GE each provided compound-specific information beyond an estimate obtained from336

the other assay, and GE added less to a CP estimate when more CP measurements337

were available. In the GE setting tested here, updating an existing estimate with CP also338

recovered more independently supported signal than joint prediction from both assays.339

The value of an additional assay therefore depends on what has already been measured,340

which connects multimodal modelling to experimental allocation: an additional replicate341

and an additional assay are both sources of information whose marginal value can depend342

on the existing measurement regime. Beyond agreement with held-out measurements,343

the recovered responses better preserved independently supported morphological fea-344

tures, response directions and dose organization, and improved confirmed-activity ranking,345

whereas mechanism, target and Reactome target-neighbour retrieval showed no detectable346

change. Reproducibility and annotation-defined biological similarity are therefore distinct347

criteria for target construction. When used to split training targets into a reproducible com-348

ponent and a residual, ReCA estimates improved prediction of unseen compounds in349

BBBC047 while the residual variation was retained in a separate branch.350

The data analysed here set the scope of these conclusions. Independent measurements351

were separated at the physical-plate level within existing CP and GE resources. Measure-352

ments within the same resource can share plate effects or other systematic factors [11],353

and responses computed against a shared control estimate share its sampling noise, which354

inflates their correlation [33]. Agreement across repeats therefore measures reproducibility355

within an acquisition design, which can include such shared effects. Cross-modal evidence356

was paired by compound identity rather than by dose or acquisition. Replication depth357

was uneven across datasets: GE and higher-budget analyses contained fewer eligible358

conditions, and sci-Plex3 provided two independent measurements per condition. With359

two measurements, aggregated-target IMR reduces to IMR and covariance shrinkage to a360

diagonal rule, leaving little information for independent supervision, estimation and calibra-361

tion; under this regime, no target-construction strategy consistently improved perturbation362

specificity. The morphological analyses used extracted profiles rather than raw images,363

and other biological endpoints may require different response components to be retained.364

Validation across sites, platforms and independently generated experiments will be impor-365

tant for determining how well reproducibility-defined targets transfer beyond the systems in366

which they are estimated.367
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In summary, independent measurements that are usually used to check reproducibility368

can also define the responses that perturbation models learn. Estimators supervised and369

calibrated by separate measurements agreed better with held-out acquisitions and, in CP,370

were more specific to the correct compound. A second assay added evidence whose value371

depended on what had already been measured, and the recovered responses improved372

prediction of unseen compounds when used as training targets in BBBC047. As perturbation373

atlases continue to expand [5], measurements and learning objectives can be designed374

together so that finite experiments define responses that models can reliably learn.375

Methods376

Data and experimental design377

We analysed CP and GE profiles from the Rosetta-paired BBBC047 resource, CP profiles378

from cpg0004-LINCS, and GE profiles from sci-Plex3 (Table 1). The Rosetta resource379

provides paired CP and L1000 GE measurements from separate acquisition plate sets [4].380

Cross-modal analyses matched CP and GE profiles by compound identity alone, without381

pairing acquisition repeats or dose levels across assays. CP inputs were provided as382

CellProfiler-derived tabular profiles [9, 17, 34]; image segmentation, feature extraction and383

single-cell-to-well aggregation were performed by the original data providers. The fixed384

BBBC047 representations contained 775 CP features and 977 GE features. The cpg0004-385

LINCS representation contained 242 coordinates, including 241 biological features and one386

batch coordinate, which was excluded from feature-group analyses. The preprocessing387

steps are described in the Supplementary Information.388

An independent response measurement was defined at the plate level rather than at the389

cell or technical-well level. For BBBC047, treated-cell profiles were first aggregated within390

each compound–plate combination and then normalized by subtracting the feature-wise391

median dimethyl sulfoxide (DMSO) control profile from the same plate. For cpg0004-LINCS,392

technical wells were median-aggregated within each compound–dose–plate condition393

before subtraction of the corresponding same-plate control profile. Subsequent aggregation394

assigned equal weight to physical plates. Compound-disjoint partitions contained 12,175,395

4,059 and 4,060 BBBC047 compounds and 941, 314 and 313 cpg0004-LINCS compounds396

for training, validation and test, respectively. Compound identities in BBBC047 followed397

the supplied mapping to canonical simplified molecular-input line-entry system (SMILES)398

strings.399

For each condition, R support measurements were averaged with equal weights to form the400

input profile, while a separate plate-level measurement served as the evaluation reference.401

Support and reference assignments were made from compound and acquisition identifiers402

alone. We evaluated one, two and three CP support measurements and one or two403

GE support measurements; with three GE supports, four compounds retained a disjoint404

reference. Each budget had its own set of eligible compounds, so comparisons between405

budgets involve different compounds. Eligible sample counts and the separate descriptive406

analysis of measurement aggregation are reported in Supplementary Information.407
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Reproducible-response formulation408

For condition c, modality m and independent measurement r, we represent the observed409

response as410

Y c,m,r = µc,m + εc,m,r, (1)

where µc,m denotes the reproducible component of the response under the acquisition411

design and εc,m,r denotes measurement-specific variation. This formulation defines µc,m412

operationally, as the response component supported across independent measurements413

under the acquisition design.414

For clarity, we suppress the modality index below. Let Sc denote the available support415

measurements for condition c, and let Y held
c denote a separate measurement that is416

excluded from the support. We define the reproducibility risk of an estimator f as417

Rrepro(f) = E

[⃦⃦
f(Sc)− Y held

c

⃦⃦2

2

]
. (2)

If the held-out measurement error satisfies E[εheldc | Sc,µc] = 0, then418

Rrepro(f) = E
[
∥f(Sc)− µc∥

2

2

]
+ E

[⃦⃦
εheldc

⃦⃦2

2

]
. (3)

The second term does not depend on f . Thus, under this condition, minimizing prediction419

error to an independently acquired measurement has the same population optimum as420

minimizing error to the reproducible response component, even though the held-out mea-421

surement itself is noisy [19]. Shared acquisition effects or systematic errors can violate422

this condition; we therefore use matched controls and physically separated measurements423

where the data permit. The full derivation and assumptions are provided in Supplementary424

Methods.425

RePert response estimation426

RePert constructs three candidate estimates from the same support measurements and427

combines them using independent calibration measurements. The candidates differ in how428

information from repeated measurements is used to estimate the reproducible response:429

IMR predicts a separate measurement directly, aggregated-target IMR predicts an aggre-430

gate of measurements excluded from the support, and empirical-Bayes shrinkage shrinks431

response directions according to their estimated cross-measurement reproducibility.432

Let433

Ȳ c,S =
1

R

∑

r∈Sc

Y c,r (4)

denote the equal-weight mean of the R support measurements for condition c.434

Independent-measurement regression (IMR).435

IMR learns a mapping from the support mean to a separately acquired response. Given436

a held-out measurement Y held
c that is excluded from the support set, the regression437

parameters are learned by minimizing438

θ̂IMR = argmin
θ

∑

c∈Dtrain

⃦⃦
fθ

(
Ȳ c,S

)
− Y held

c

⃦⃦2

2
. (5)
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The resulting estimate is µ̂IMR
c = fθ̂IMR

(Ȳ c,S). Because the target measurement is disjoint439

from the input, the model is trained to recover response structure that generalizes across440

measurements rather than to reconstruct the observed support profiles themselves. We441

implemented fθ as a multilayer perceptron, allowing nonlinear relationships among response442

features to be learned.443

Aggregated-target IMR.444

The aggregated-target variant of IMR uses the same regression architecture but replaces445

the single held-out target with an aggregate of all eligible training measurements that are446

excluded from the support set. For condition c, let447

Ȳ c,−S =
1

|Hc|

∑

r∈Hc

Y c,r, Hc ∩ Sc = ∅, (6)

where Hc contains the eligible non-support measurements. The aggregated-target variant448

is trained by minimizing449

θ̂agg = argmin
θ

∑

c∈Dtrain

⃦⃦
fθ

(
Ȳ c,S

)
− Ȳ c,−S

⃦⃦2

2
. (7)

Here, agg denotes the aggregated-target variant. Averaging the non-support measurements450

reduces variation in the regression target.451

Covariance-based empirical-Bayes shrinkage.452

This covariance-based empirical-Bayes estimator uses repeated training measurements to453

estimate within-condition measurement covariance and between-condition signal covari-454

ance. These covariance estimates identify response directions that are more consistently455

supported across measurements. After whitening by the estimated measurement covari-456

ance, directions with negative estimated signal eigenvalues are truncated to zero. A direction457

with non-negative signal eigenvalue λj receives the support-dependent shrinkage factor458

gj(R) =
λj

λj + 1/R
. (8)

Directions with stronger estimated reproducible variation therefore undergo less shrinkage,459

whereas weakly supported directions are pulled more strongly towards the fitted population460

mean. The estimate is then transformed back to the original response coordinates. This461

covariance-based estimator provides a different inductive bias from the nonlinear IMR and462

aggregated-target IMR regressors [29]. Full covariance estimation and the working-model463

derivation are provided in Supplementary Methods.464

Reproducibility-calibrated aggregation (ReCA)465

ReCA combines the three candidate estimates with non-negative weights constrained to466

sum to one:467

ŷReCA =
3∑

k=1

wkŷk, wk ≥ 0,
3∑

k=1

wk = 1. (9)

Weights are selected by prediction error against disjoint measurements from calibration468

compounds, separate from candidate fitting and input construction, as in stacked regression469
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[31, 32]. In the BBBC047 benchmark (Fig. 2d), the weights minimized the mean squared470

error to held-out validation measurements over the simplex. In the independent evaluation471

described next, the least-squares simplex weights ŵ fitted on n calibration compounds472

were shrunk towards equal weights,473

w = (1− γ) 1
3
1+ γ ŵ, γ =

n

n+ 3
, (10)

which corresponds to a Dirichlet(1,1,1) prior contributing one pseudo-compound per can-474

didate, so γ is set by n. In the independent evaluation, the original training compounds475

were repartitioned into 60% base-fitting, 20% calibration and 20% evaluation sets. IMR,476

aggregated-target IMR and empirical-Bayes shrinkage were fitted on the base set. Calibra-477

tion selected simplex weights and the PCA comparator’s rank. Four conditions used one-478

and three-support CP inputs in both datasets and compared ReCA with support means,479

PCA reconstruction and the strongest individual estimator. The macro-average weighted480

conditions equally. Counts and comparator selection are specified in Supplementary481

Methods.482

Implementation details.483

IMR and aggregated-target IMR used multilayer perceptrons with Gaussian error linear unit484

(GELU) activations, a 32-dimensional bottleneck and hidden widths of 256 for BBBC047 CP485

and GE or 128 for cpg0004 CP. Inputs and targets were standardized on fitting data. Models486

used AdamW [35] with learning rate 3×10−4, weight decay 10−5, batch size 256 and at most487

80 epochs. Checkpoints were selected within each experiment’s development compounds;488

in the independent ReCA evaluation, epochs were selected within the base set and the489

models were refitted on that set. Further numerical settings are in Supplementary Methods.490

Conditional cross-modal evidence491

We tested whether a second modality could improve an already available estimate of the492

target response. Let P 0 denote the target-only estimate and let e denote additional evidence493

from the other modality. We express the updated estimate as494

P 1 = P 0 + βR̂(e | P 0), (11)

where R̂(e | P 0) represents the component of the remaining response that can be predicted495

from the additional evidence conditional on the current estimate. The update strength β496

was selected using validation compounds. In the CP-to-GE experiment, the candidate497

grid included β = 0, allowing the target-only estimate to be retained when the additional498

modality did not improve the validation criterion. This formulation evaluates cross-modal499

information by its incremental contribution beyond an existing response estimate.500

GE-to-CP implementation.501

For GE-to-CP updating, P 0 was a fixed CP estimate combining IMR with a virtual CP502

prior. The candidate residual was defined as the difference between a GE-informed CP503

prediction and the corresponding virtual CP prior. A single update strength was selected on504

validation compounds. To determine whether any gain depended on compound-specific505

GE information, the correctly matched residual was compared with two controls: residual506

vectors shuffled across compounds, and residual vectors obtained from metadata-matched507
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foreign compounds. These controls altered the compound identity of the cross-modal508

evidence while leaving the fitted predictors unchanged.509

CP-to-GE implementation.510

For CP-to-GE updating, the residual mapper was conditioned jointly on the target-only GE511

estimate and the observed CP profile,512

R̂ = f(P 0,Y CP). (12)

The training target was the residual GE response, Y GE − P 0. To prevent a compound from513

contributing to its own residual target through P 0, target-only estimates for the training514

compounds were generated by five-fold compound-level cross-fitting. Model checkpoints515

were selected using training compounds, and validation compounds were used to select516

β from a grid that included zero. Correct, shuffled and metadata-matched foreign CP517

inputs were then evaluated using the same target-only estimate, fitted residual mapper and518

selected update weight.519

As a direct-fusion comparator, we trained a model to predict GE from the concatenation of520

the measured GE support profile and CP profile. Conditional updating and direct fusion521

were compared on the same compounds and against the same target-only starting esti-522

mate. In a separate sequential experiment, we measured the incremental contribution of523

GE after one or two CP support measurements using a common disjoint CP reference.524

Network architectures, evidence-matching procedures and validation grids are described in525

Supplementary Methods.526

Evaluation metrics527

Repeat agreement.528

For an estimated response ŷ and an independent reference y, repeat agreement was529

defined as the Fisher z-transformed Pearson correlation:530

A(ŷ,y) = arctanh [corr(ŷ,y)] . (13)

For numerical stability, correlations were clipped to [−1 + ϵ, 1 − ϵ], with ϵ = 10−6, before531

transformation. In the repeat-budget, cross-modal and morphological analyses, each532

condition i was assigned a fixed matched-foreign measurement-pair baseline ni that was533

shared across methods. The corrected agreement was therefore Ai − ni. Because the534

same ni was used for all methods, this term cancels in paired method comparisons.535

Perturbation specificity.536

The estimator-decomposition and independent ReCA analyses used a prediction-537

dependent foreign correction. For condition i, perturbation specificity was defined538

as539

Ei = A(ŷi,yi)−
1

Ki

Ki∑

j=1

A(ŷi,y
foreign
ij ), (14)

where yi is the correct independent reference and y
foreign
ij denotes a matched reference540

from a different compound. The same foreign-compound identifiers were used across541
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methods, but the resulting correction depends on the prediction and therefore differs from542

the fixed measurement-pair baseline used above. Foreign references were matched using543

the available acquisition and dose information; the exact matching rules are given in544

Supplementary Methods.545

Response-estimation and representation benchmarks.546

The BBBC047 same-space response-estimation benchmark compared the support mean,547

median, MODZ, PCA reconstruction, ridge regression, Noise2Self-style denoising, IMR,548

aggregated-target IMR, empirical-Bayes shrinkage and ReCA using identical physical549

support and reference assignments in the 775-dimensional CP space. Perturbation speci-550

ficity E was the primary endpoint. Neural architecture comparisons used the same551

support/reference assignments and evaluated MLP, ResNet, FT-Transformer and TabM552

under capacity-matched and larger reference configurations [23, 24].553

cpDistiller-C, which produces a 50-dimensional representation, was evaluated by same-554

compound retrieval. Each query was compared with one held-out profile from the same555

compound and matched foreign-compound profiles, with mAP@33 as the endpoint and556

one positive profile per query. Support assignments, parameter counts, fitting procedures557

and retrieval construction are detailed in Supplementary Methods.558

Prediction metrics.559

For profile i, let ∆̂yi and ∆yi denote the predicted and observed control-subtracted560

responses of dimension d, and let bi denote the matched control baseline. We computed561

PCCi = corr
(
∆̂yi + bi,∆yi + bi

)
, (15)

∆PCCi = corr
(
∆̂yi,∆yi

)
, (16)

RMSEi =

⌜⃓
⎷⃓1

d

d∑

j=1

(
∆̂yij −∆yij

)2

. (17)

For predictors, perturbation specificity E was computed as in equation (14), comparing562

each prediction with the measured profile of the correct compound and with matched563

measured profiles of other compounds. Metrics were first computed at the profile level and564

then aggregated at the compound or drug level according to the analysis-specific evaluation565

procedure. PCC and ∆PCC in Fig. 5 are untransformed correlations. RMSE is the same566

for full and control-subtracted profiles, because the prediction and observation share the567

control baseline.568

Biological organization analyses569

Morphological analyses used cpg0004-LINCS and a one-support ReCA model. For each570

of two support rotations, the estimate from one physical profile was compared with the571

mean of four other physical profiles of the same compound–dose condition. The 241572

biological features were grouped as DNA, RNA, endoplasmic reticulum, mitochondria,573

actin/Golgi/plasma membrane, shape and cross-channel features. Figure 4a displays the six574

structural groups, the cross-channel group and the macro-average over all seven. Feature-575

group agreement and dominant-feature recovery were scored per support view. Top-25576
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overlap measured shared dominant standardized features, while direction agreement used577

the reference-defined top 25. Dose concordance correlated predicted and reference vectors578

of all 15 pairwise 1− PCC distances among six doses using Spearman correlation, with579

equal weight across feature groups. Supplementary Methods give the weights and eligible580

condition counts.581

Activity ranking used labels requiring reproducible and sufficiently large effects in disjoint582

confirmation measurements, with thresholds derived from validation data. Mechanism and583

target retrieval ranked dose-matched training/validation consensus profiles by PCC against584

Raw or ReCA test queries. Pathway retrieval used the same Reactome enrichment of585

curated target genes from the top 25 neighbours, with Benjamini–Hochberg correction586

within query [36, 37]. Activity average precision (AP) and the three retrieval mAP endpoints587

retained separate eligible sets. Exact feature counts, support eligibility, retrieval cohorts588

and scoring details are in Supplementary Methods.589

Prediction with RePert-derived supervision590

We tested whether RePert-derived response estimates improve the training targets of591

separate downstream predictors. In BBBC047, we evaluated prediction of the raw response592

averaged across a fixed number of selected physical repeats, using molecular and control593

inputs. In sci-Plex3, we evaluated transfer of drug responses from two source cell lines to594

a held-out target cell line and, separately, prediction of unseen drugs within a cell line. In595

both settings, the compared predictors used matched input information and were evaluated596

against the same target profiles.597

BBBC047 molecular-input prediction.598

For each compound and repeat budget k ∈ {2, 3, 4}, exactly k distinct physical plates were599

selected. ReCA was applied independently to each selected repeat. We defined600

Ȳ =
1

k

k∑

r=1

Yr, C̄ =
1

k

k∑

r=1

ReCA1R(Yr), R̄ = Ȳ − C̄. (18)

The Raw predictor used Ȳ as its training target. The ReCA+Res predictor instead used the601

ReCA-derived component C̄ and the remaining residual R̄ as separate branch targets. The602

two predicted components were summed to reconstruct Ȳ . Both predictors took molecular603

fingerprints and a control profile as their only inputs and were matched in model capacity.604

Evaluation was performed on unseen compounds with Ȳ as the common target, so the605

benchmark assessed prediction of the selected-measurement mean. ReCA targets for606

training compounds were generated out of fold at the compound level. Repeat selection,607

model architectures and training procedures are detailed in Supplementary Methods.608

sci-Plex3 cross-cell-line prediction.609

We used the 24-hour sci-Plex3 dataset, comprising 183 drugs and 613 drug–dose condi-610

tions with two replicate measurements [22]. Responses were represented as pseudobulk611

log-counts per million after subtraction of matched Vehicle profiles, with 2,000 features612

selected from source-cell Vehicle measurements. For each held-out target cell line, a down-613

stream predictor estimated drug responses using the other two cell lines together with614
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extended-connectivity fingerprints (ECFP4) [38], log-dose and the target-cell Vehicle base-615

line. Source-cell ReCA targets were averaged across the two replicates and then equally616

across the two source cell lines. Raw, ReCA and ReCA+Res predictors used identical617

inputs and matched capacity and differed only in their source-side training targets (Sup-618

plementary Table S6). Seen-drug and unseen-drug transfer were evaluated separately.619

Within-cell-line prediction of the same 36 unseen drugs used the target cell line’s own train-620

ing drugs as the source. Treated profiles from the held-out target cell line were excluded621

from model fitting and selection. Source-only calibration, model architecture and exact drug622

partitions are detailed in Supplementary Methods.623

Statistical Analyses624

Comparisons were paired by compound. Doses and support rotations were grouped625

within compound, and training seeds were model realizations rather than biological repli-626

cates. Uncertainty used bootstrap resampling [39], generally with 10,000 paired compound627

samples and two-sided 95% percentile intervals. Aggregation was analysis-specific: repeat-628

budget, estimator-decomposition and cross-modal scores were averaged across three629

seeds within compound before resampling; independent ReCA evaluation used one fitted630

candidate set per condition. Predictor analyses used five seeds, with BBBC047 scalar631

scores averaged within compound and sci-Plex3 prediction vectors averaged before632

condition-level scoring. The latter resampled drugs within each of three fixed target cell633

lines. Analysis-specific resampling procedures are given in Supplementary Methods.634

The BBBC047 benchmark, morphology analyses and predictor comparisons used the635

predefined test partition, with models, analysis settings and endpoints prespecified before636

final evaluation. A separate 60/20/20 ReCA analysis used compounds held out from all637

development-stage evaluations.638

Data availability639

Paired BBBC047 CP and L1000 GE profiles were obtained from the Rosetta resource640

CDRP-BBBC047-Bray-CP-GE [4]. The resource is distributed through Cell Painting Gallery641

[40] under accession cpg0003-rosetta. Dataset descriptions and download instructions642

are available at https://github.com/carpenter-singh-lab/2022_Haghighi_NatureMethods.643

The study also used cpg0004-LINCS [17] and sci-Plex3 [22]. Source data are provided in644

Supplementary Data 1 and Supplementary Data 2. No new experimental measurements645

were generated.646
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Display item legends781

Table 1 | Datasets and profile representations782

Dimensions refer to the model representations used here; analysis-specific compound783

counts are reported in Methods. CP, Cell Painting; GE, gene expression. aThe 242-784

coordinate representation includes 241 biological features and one batch coordinate,785

excluded from biological analyses.786

Figure 1 | Independent measurements guide reproducible target construction and787

conditional multimodal updating. a, Few independent Cell Painting (CP) and gene-788

expression (GE) measurements contain patterns that recur across measurements and789

patterns that vary. b, Support profiles yield candidate estimates from independent-790

measurement regression (IMR), its aggregated-target variant (Agg. IMR) and covariance-791

based empirical-Bayes shrinkage (EB shrinkage). Reproducibility-calibrated aggregation792

(ReCA) combines these estimates using weights selected on independent calibration mea-793

surements. The resulting estimate can serve as the training target of a perturbation model794

with molecular inputs. c, Matched CP evidence conditions a residual correction to the cur-795

rent GE estimate. The update strength is selected on validation compounds; a weight of796

zero retains the current estimate. CP-to-GE updating is shown; GE-to-CP updating has the797

same form with a CP starting estimate. Profile colours are schematic.798

Figure 2 | Independent measurements improve estimates of reproducible perturba-799

tion responses. a, Per-compound excess agreement in BBBC047 CP, the same-compound800

Pearson correlation coefficient (PCC) minus that of matched different-compound controls,801

when each side is one measurement or the average of two independent measurements802

(18,082 compounds). Vertical lines mark medians; the paired change is the median within-803

compound difference. b, Agreement gain of IMR over the mean of the same number of804

support measurements. Filled symbols and bars show means and 95% CIs over com-805

pounds; open circles show the three training runs. Compounds with one to three support806

measurements: BBBC047 CP, 4,023, 3,982 and 3,588; cpg0004 CP, 127, 120 and 120;807
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BBBC047 GE, 3,691 and 3,121. c, Change from the support mean in agreement with the808

held-out measurement of the same compound (filled) and with measurements of other809

compounds from the support plates (open) for the three ReCA components in BBBC047810

CP. The gap is the specificity gain ∆E (printed; 95% CIs in Supplementary Table S1). d,811

Perturbation specificity (E) of all methods on the same BBBC047 CP task (3,149, 3,124812

and 2,832 compounds with one to three support measurements). All methods receive the813

same support profiles; the dashed line marks the support mean. ResNet, FT-Transformer814

and TabM use the larger reference configurations, and MLP is the capacity-matched feed-815

forward control. Paired contrasts with 95% CIs are given in Supplementary Tables S4 and816

S5. e, Retrieval of the held-out measurement of the same compound among 33 candidates817

(mAP@33) for the support mean, ReCA and cpDistiller-C on the compounds in d. Points818

and bars show means and 95% CIs. Agg. IMR, aggregated-target IMR; CI, confidence819

interval; CP, Cell Painting; EB, covariance-based empirical-Bayes shrinkage; GE, gene820

expression; IMR, independent-measurement regression; mAP@33, mean average preci-821

sion over 33 candidates; MLP, multilayer perceptron; PCA, principal component analysis;822

ReCA, reproducibility-calibrated aggregation.823

Figure 3 | A second modality adds compound-specific, conditional evidence. a,824

Gain from same-compound cross-modal evidence over three comparators: the target-only825

estimate, randomly reassigned (shuffled) evidence and evidence from a different compound826

measured under matched conditions. Glyphs show whether a comparator adds evidence827

and whether that evidence comes from the same compound and a matched condition828

(filled, yes; open, no; dash, not applicable). GE→CP denotes GE evidence added to a CP829

estimate; CP→GE denotes CP evidence added to a GE estimate. Points and bars show830

mean paired differences and 95% CIs over compounds (GE to CP, 4,023 compounds and831

3,538 for the condition-matched comparator; CP to GE, 3,691 compounds). b, Gain in832

GE agreement over the same target-only GE estimate when GE and CP are joint inputs833

to one model and when CP updates the GE estimate conditionally, and the difference834

between the two (3,691 compounds). Filled symbols and bars show means and 95% CIs835

over compounds, and open circles show the three training runs. c, Sequential additions of836

CP and GE evidence. Nodes represent CP response estimates constructed from one or two837

CP measurements, with or without GE evidence. Purple horizontal arrows add a second838

CP measurement; orange vertical arrows add GE evidence. Arrow labels show mean gains839

in agreement with the same held-out CP measurement across 3,983 compounds. All gains840

are in Fisher-z units. CI, confidence interval; CP, Cell Painting; GE, gene expression.841

Figure 4 | Recovered responses preserve morphological structure supported by842

independent references. In cpg0004-LINCS, Raw is a single support measurement and843

ReCA the one-support estimate derived from it; the reference is the mean of four other844

measurements of the same compound–dose condition. a, Agreement with the reference by845

feature group (Fisher z). Left, Raw and ReCA means; right, paired difference with 95% CI846

and the percentage of compounds that improved. All groups is the mean over the seven847

groups. ER, endoplasmic reticulum; Mito, mitochondria; AGP, actin, Golgi and plasma848

membrane. b, Overlap with the reference’s 25 largest feature changes and agreement849

in their direction. Grey lines show compounds; points and bars show means and 95%850

compound-bootstrap intervals; ∆ is the paired mean difference. c, Dose concordance of851

each compound for Raw and ReCA; orange marks compounds that improved. The dashed852

diagonal marks equal concordance, and ∆ is the paired mean difference with its 95%853
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CI. Analyses include 291 compounds in a and b and 289 in c. Scores were aggregated854

within compound across doses, support rotations and seeds, and intervals use 10,000855

compound-bootstrap resamples. CI, confidence interval; ReCA, reproducibility-calibrated856

aggregation.857

Figure 5 | Reproducibility-aware training targets improve unseen-compound pre-858

diction in BBBC047. The Raw predictor was trained on the mean of two, three or four859

selected measurements per compound (2R, 3R and 4R). ReCA+Res was trained on the860

same measurements, with separate branches predicting the mean one-support ReCA esti-861

mate and the residual (Res). Both were evaluated against the same measured profiles862

of unseen compounds. a, Mean score of each predictor: Pearson correlation coefficient863

on full profiles (PCC), PCC on control-subtracted responses (∆PCC), root mean squared864

error (RMSE) and perturbation specificity E. Lower is better for RMSE and higher for the865

other metrics. b, Paired gain of ReCA+Res over Raw, signed so that positive values favour866

ReCA+Res (for RMSE, the decrease); printed values are the mean gains. Points and bars867

show means and pointwise 95% CIs from 10,000 compound bootstrap resamples. PCC,868

∆PCC and RMSE were evaluated on 4,040, 4,000 and 3,606 compounds at 2R, 3R and869

4R, and E, which requires matched measurements of other compounds, on 3,915, 3,874870

and 3,478. CI, confidence interval; ReCA, reproducibility-calibrated aggregation.871
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