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Black-Box Data: A new paradigm for biomedicine in the AI era
Luca Naef † and Michael Bronstein ‡,§,†

†Proxima Bio, USA ‡University of Oxford, UK §AITHYRA, Austria

In the past decade, we have witnessed a dramatic expansion of Artificial Intelligence (AI) and 

Machine Learning (ML) into a broad range of industries and scientific domains, from natural 

language processing (NLP) and computer vision (CV) to particle physics and chemistry. AI 

has beaten human players in games such as Go1 or Starcraft2, previously thought to be 

unconquerable. Most recently, it achieved top human-level performance in international math 

and programming olympiads3. 

What characterizes these achievements is that they are done in software. In experimental fields 

like the life sciences and biology, where predictions typically need to be validated by a lab 

experiment, the number of AI successes has so far been more limited. DeepMind’s AlphaFold2 

(AF2), recognized by the 2024 Nobel Prize in Chemistry, stands out as perhaps the most 

prominent example, revolutionizing protein monomer structure prediction and, more recently, 

protein binder design4. 

We have recently hypothesized5 that AF2’s success stems partly from the significant 

degeneracy of protein structure space: the large, diverse PDB may provide good coverage of 

naturally occurring folds6–8. Supporting this, recent large-scale applications of AF2 predicted 

only a single new fold across known protein sequences9, suggesting either limited 

generalizability or, alternatively, that few novel folds remain to be discovered. Studies on other 

modalities corroborate the importance of data coverage: performance on protein-protein and 

protein-ligand complexes, where training data covers less of the interaction space, show strong 

dependence on similarity to training examples10–12.

The AlphaFold breakthrough has spurred ambition to replicate this success elsewhere in 

biology to produce "the next AlphaFold". But it may be more critical to consider "the next 

PDB," i.e., new experimental data sources1 for training future biological ML13. The PDB 

1 We would like to emphasize our distinction between a data set — a fixed collection of data produced by some 
experimental technology (such as X-ray crystallography or cryogenic electron microscopy, in the case of the PDB) — and a 
data source, a process or technological capability to produce new data for purposes that might not have been envisaged at 
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originated in the 1970s, predating modern ML and its relevance to biology. It represents five 

decades of effort by thousands of structural biologists at an estimated cost of up to $50 billion14. 

Building comparable datasets for new domains requires experimental approaches that bridge 

orders-of-magnitude gaps in cost and throughput.

Taking a historical perspective on algorithmic advances, from first-principles "white-box" 

models to present-day "black-box" deep learning, we explore the emergence of data sources 

optimized for ML rather than human consumption. Just as trading handcrafted features for 

learned representations drove breakthroughs in CV and NLP, we argue that an analogous 

tradeoff in data generation could unlock the scale needed for the next generation of biological 

foundation models. We call this paradigm "black-box data" and present a unifying taxonomy2 

with historical and recent examples.

Software 2.0, The Bitter Lesson and Black-Box Methods

The 2012 “ImageNet moment” is generally considered the Rubicon when end-to-end deep 

learning started to progressively overtake human-designed algorithms across a wide spectrum 

of domains. ImageNet was a large-scale computer vision competition consisting of classifying 

images of everyday objects from 1000 classes (such as cats, dogs, etc.), a notoriously hard 

challenge in the field. At the time, most state-of-the-art computer vision algorithms were based 

on extracting carefully hand-crafted features from images. In 2012, for the first time, the 

competition was won by AlexNet, a method that completely removed the human interpretable 

features in favor of data-driven features directly learned by a deep Convolutional Neural 

Network15. 

This transition was dubbed the "Software 2.0" paradigm by Andrej Karpathy16. In traditional 

“Software 1.0,” humans explicitly program algorithms that operate on data. Software 2.0 is 

programmed through data: a neural network learns from data examples without explicit 

the time of the technology’s development (e.g. cross-linking mass-spectrometry was not conceived to be used for generative 
ML). 
2 Here, we use the term "taxonomy" referring to different experimental data generation strategies, 
rather than human-curated classification of biological entities and relationships (e.g., the Gene 
Ontology). A defining feature of the "Software 2.0" and black-box data paradigms is that models often 
bypass the need for rigid, predefined biological taxonimies or ontologies. Instead of relying on human-
annotated labels, modern neural architectures learn their own implicit representations and latent 
spaces directly from raw, uncurated experimental readouts, allowing the data itself to dictate the 
structural relationships.
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instructions, resulting in a black-box system whose rules are encoded implicitly in weights 

rather than interpretable code. In the ImageNet example, traditional computer vision 

approaches (“Software 1.0”) attempted to derive an "equation of a cat" via hand-crafted 

features distinguishing cats from dogs. Modern deep-learning based approaches (“Software 

2.0”) instead present many labeled examples to a neural network, which learns the distinction 

on its own.

Fig. 1: Schematic overview of the Software 2.0 paradigm introduced with black-box algorithms. 

Over the past decade, the abandonment of handcrafted inductive biases and features towards 

ever more general learning methods has been a predominant trend, often referred to as “The 

Bitter Lesson”: simple systems that scale with available computational power will eventually 

outperform more complex systems relying on human knowledge17. One could perhaps see 

black-box data as the natural continuation of this trend beyond algorithms, by removing 

handcrafted human biases also from the data generation process.

Protein structure prediction methods are a prime example of this trend. Early works on protein 

folding exploited first-principle physics-based models. AlphaFold1 (2018), DeepMind’s first 

foray into the field, still combined three separate deep learning models to predict distances and 

confidence, and then folded proteins with predicted distances given “handcrafted” Multiple 

Sequence Alignments (MSAs)18 . AlphaFold2 (2021) was a single end-to-end trained model 

with strong domain-specific inductive biases, including a geometric frame-representation and 

roto-translation-invariant and chirally-aware Frame-Aligned Point Error (FAPE), geometry-

inspired triangle operations, and a roto-translation Invariant Point Attention (IPA)19. 

AlphaFold3 (AF3, 2024) removed most inductive biases (IPA, frame representation, FAPE, 

and invariant featurization) in favor of data augmentation to learn the required invariances with 

a general Transformer-inspired architecture20. Yet, the further expected simplification has not 
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yet happened: AF3 still notoriously relies on MSA and a geometry-inspired architecture. More 

“general” methods that remove MSA and/or triangle operations (ESMFold, SimpleFold, 

ESM3) perform significantly worse21–23. Hence, while this has been a trend, it is not yet a fait 

accompli. 

Black-Box AI methods require AI-first data sources 

One of the unique aspects of the PDB is that it provided not only a large, clean dataset covering 

many folds occurring in nature, but also a clear scientific question with a benchmark (CASP 

competition) allowing to measure progress. This is far from being the case in many other life 

science domains, such as single-cell biology, protein-ligand complexes10, protein-protein 

complexes11, disease biology, human phenotypes, and other biological subdomains24,25. Not 

only is there less homogenous and complete data, but in some cases, even the question one tries 

to answer from the data is not well defined. 

ML models in biology have traditionally relied on data produced as a byproduct of scientific 

inquiry. Repositories like ChEMBL26, PDB27, PRIDE28, GEO29, OpenTargets30 aggregate and 

standardize this data, but they are not purpose-generated for ML. This leads to poor 

standardization, limited scale, and systematic biases. Unlike the diverse naturally occurring 

protein structures in the PDB, protein-drug complexes, for example, are often derived from 

drug discovery campaigns biased toward a narrow set of medically relevant targets. Freitas et 

al. found that of 11,016 high-quality protein-ligand structures spanning over 500 families, more 

than 45% came from just ten families of enzymes and receptors31. This lack of diversity 

contributes to ML performance on protein-ligand complexes significantly trailing protein 

monomers20.

Since existing data sources are optimized for human-driven discovery, they have tradeoffs 

often suboptimal for ML. In traditional drug discovery, for example, deep coverage of 

individual targets is critical, whereas ML methods likely require diverse targets32. Humans 

generally prefer small, low-noise datasets for deductive reasoning, while ML is noise-tolerant 

but sample-inefficient, benefiting more from large noisy datasets. Rolnick et al. demonstrated 

that models achieve over 90% accuracy on MNIST even with 100 mislabeled examples for 

every true label, but a minimum absolute number of correct labels is critical33. The adage 
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“quality over quantity” is inverted in the black-box era: “quantity is quality,” as single-cell 

pioneer Aviv Regev puts it34. 

Current foundation models bear this out. Large language models are pretrained on massive, 

diverse, noisy web-crawled corpora (C4, CommonCrawl35), then fine-tuned on small high-

quality datasets via reinforcement learning from human feedback36. Intentional noise injection 

is also broadly useful in ML for improving generalization37. Denoising diffusion models38 take 

this further, training explicitly on data synthetically noised to varying levels. This also allows 

naturally noisy experimental data to be integrated at higher-noise training steps, where inherent 

measurement noise becomes indistinguishable from synthetic noise39.

Another problem with “data as a byproduct of scientific inquiry” is the lack of true negatives. 

Partly a consequence of the academic incentive and publication model, unsuccessful 

experiments are rarely reported, also known as the “file drawer problem”40. Yet such data is 

critical for AI41.

Above all, the cost of generating datasets such as the PDB is likely in the billions,14 making a 

fundamental paradigm shift on biological data generation all but necessary.

Black-Box Data: a paradigm of AI-first, scalable data sources

In recent years, we observe the emergence of black-box data sources that focus directly on ML 

consumption. The leitmotif is moving away from tradeoffs optimized for human consumption 

– high signal-to-noise protocols, expensive low-noise readouts, limited diversity and human 

interpretability – enables orders of magnitude improvements in throughput. We can see a clear 

analogy to the emergence of black-box algorithms – trading off human interpretability in favor 

of scalability optimized for ML. In the most extreme version of this paradigm, such datasets 

can become completely unintelligible to humans, hence our term “black-box data”5. 

Computationally, the defining characteristic of black-box data is the complexity of the inverse 

problem separating the raw measurement from the quantity of interest. In white-box data, this 

mapping is simple, often identity or a known analytical transformation. In black-box data, 

reconstruction requires algorithms with high representational complexity (whether classical 

optimization or learned mappings) and strong priors drawn from domain knowledge or adjacent 
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examples. The distinction is not binary, illustrated in Figure 2. The degree of "black-boxness" 

corresponds to how much algorithmic machinery, and how strong the priors, must sit between 

measurement and useful output. At one end is simply the DL-based denoising of assay outputs 

(i.e., output data structure is fully preserved), e.g. Direct-to-Biology (D2B)42. At the other are 

measurements used purely as pretraining signal, where the relationship to downstream outputs 

is learned implicitly and not fully known explicitly (e.g., chemical probing reactivity as latent 

supervision signal for RNA structure prediction43). Hence “black-box data” is defined by 

emphasizing trade-offs that optimize for ML rather than the lack of interpretability – similar to 

state-of-the-art “black-box models,” i.e., neural networks that often still contain interpretable 

elements such as attention matrices or equivariant layers44.

Figure 2: White-box versus black-box data. (A) Black-box data trades interpretability for throughput via 

increased computational processing complexity. (B) Zoomed in black-box data examples (non-exhaustive).

We note that "black-box" refers to the relationship between measurement and quantity of 

interest from the perspective of unaided human interpretation, not to the rigor of data 

generation. As with black-box algorithms,  which require careful architectural and training 

choices despite producing opaque internal representations, black-box data demands deep 

domain expertise to hypothesize which modalities carry sufficient (possibly latent) signal and 

to design the corresponding reconstruction machinery.

Historical examples of black-box data 

Our notion of “black-box data” in fact predates the recent dominance of black-box methods 

and was successfully applied in the past with white-box methods. Perhaps the most extreme 

example of black-box data is from the mathematical theory of compressed sensing,45  providing 
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a theoretical guarantee of the ability to recover sparse signals from a few incoherent random 

projections. The data in compressed sensing intentionally looks like noise illegible to a human. 

The measurement process (represented by a random sensing matrix) is designed together with 

the reconstruction algorithm (based on solving an optimization problem) and requires a good 

understanding of the underlying problem (e.g. the assumption that data has a sparse 

representation in some basis, and the sensing matrix is incoherent with it). Compressed sensing 

techniques have been used in the medical imaging domain to design faster MRI acquisition 

protocols46.  Multiple-access protocols, such as CDMA (Code-Division Multiple Access) and 

OFDM (Orthogonal Frequency-Division Multiplexing), are further examples, critical in mobile 

communications such as 5G. They allow transmitting information from multiple users over a 

single channel by combining the different users’ signals via a convolution scheme. This reduces 

latency and increases throughput by avoiding time-dividing the channel (TDMA, Time-

Division Multiple Access). The combined signal is completely uninterpretable without the 

deconvolution algorithm47.

Within biology, the strategy of trading interpretability for scale is not new either. The Human 

Genome Project succeeded in part due to “whole-genome shotgun sequencing” (WGS) 

pioneered by Craig Venter and Celera Genomics48. Rather than assembling the genome 

sequentially, it is fragmented into millions of short pieces that are reassembled using alignment 

methods. The individual reads are too short to carry useful information, but in conjunction with 

alignment they can reconstruct (nearly) the whole genome. Shifting away from sequential 

assembly is what ultimately made the completion of the human genome possible.

Modern Examples and a Taxonomy of Black-box data generation tricks

While not new conceptually, we now increasingly see the emergence of new experimental 

“black-box data” sources developed in conjunction with ML. Excitingly, such black-box 

methods have already been employed across the whole lifecycle of basic biological research 

and drug discovery and development, as depicted in Figure 3.
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Fig. 3: Black-box data paradigms have been applied to the whole drug discovery spectrum. From left to right: 

high-throughput protein stability via cDNA proteolysis (Main text)49, target identification through in-vivo 

CRISPR (Appendix)50, DNA-encoded libraries for hit finding (Appendix)51, liver toxicity prediction using Cell 

Painting readouts (Main text)52. 

Despite divergent objectives and modalities, black-box data approaches share recurring 

structural themes or “tricks”. The examples listed below and in the Appendix can be organized 

into a seven-trick taxonomy (Figure 4). Many methods combine multiple tricks, often 

synergistically increasing throughput. 
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Fig. 4: Common tricks observed in black-box data approaches to shift trade-offs towards ML use.

Name Primary 
trick

Primary Application 
Area

Short description Location

Cross-linking Mass 
Spectrometry

Low 
Resolution

Molecular Structure, 
Properties & Dynamics

Whole-proteome structure determination via covalent distance 
markers

Main text

CMap Low 
Resolution

Biological Function & 
Target Identification

Perturbomics via landmark gene arrays and imputation (L1000) Appendix

cDNA proteolysis Amplifiabl
e Signal

Molecular Structure, 
Properties & Dynamics

Mega-scale protein folding stability measurements via 
sequencing

Main text

Human Domainome 1 Amplifiabl
e Signal

Molecular Structure, 
Properties & Dynamics

Yeast protein complementation assay to link domain stability to 
growth read via sequencing readout

Appendix

DNA-encoded Library Amplifiabl
e Signal

Molecular Structure, 
Properties & Dynamics

Combinatorial library construction with DNA tags for massive-
scale small molecule screens with sequencing readout

Appendix

Chemical Mapping Latent 
Data

Molecular Structure, 
Properties & Dynamics

Mutational profiling of RNA after secondary structure-
dependent reagent exposure for structure prediction via reactivity 
pre-training

Main text

ESMFold Latent 
Data

Molecular Structure, 
Properties & Dynamics

Sequence-only pretraining extracts co-evolutionary motifs 
benefiting downstream structure prediction

Appendix

Sup35-aggregation 
screen

Hypothesi
s-Free

Molecular Structure, 
Properties & Dynamics

Massive random peptide screening via yeast Sup35 aggregation 
measured through ade1 reporter to train aggregation predictors

Main text

Cell Painting to 
predict toxicity

Proxy 
Readout

ADMET & Clinical 
Success Prediction

In-vivo (and in-vitro) toxicity prediction at high-throughput via 
ML on in-vitro Cell Painting outputs from hepatocytes post 
compound exposure

Main text
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L1000 toxicity 
translation

Proxy 
Readout

ADMET & Clinical 
Success Prediction

In-vivo rat kidney toxicity prediction at high-throughput via 
L1000 human cell line profiling and ML

Appendix

Organoid toxicity 
translation

Proxy 
Readout

ADMET & Clinical 
Success Prediction

Human in-vivo GIT toxicity prediction at high-throughput via 
human ileal organoids and ML

Appendix

In-vivo CRISPR Proxy 
Readout

ADMET & Clinical 
Success Prediction

Pooled, localized in-vivo CRISPR for high-throughput in-vivo 
target identification

Appendix

CRM Fragment 
Screening

No 
Cleaning

Hit Finding Crystallographic fragment screening of Crude Reaction Mixtures 
denoised via SAR model for high-throughput hit-to-lead/lead 
optimization

Main text

Dyna-1 Missing 
Data

Molecular Structure, 
Properties & Dynamics

Reinterpret systematic absences in solution NMR tables as 
dynamics to train protein dynamics DL model Dyna-1 

Main text

Diffuse scattering Missing 
Data

Molecular Structure, 
Properties & Dynamics

Reinterpret diffuse scattering signal around bragg-peaks as 
dynamics to train protein-dynamics DL models

Appendix

AlphaMissense Missing 
Data

Biological Function & 
Target Identification

Reinterpret missing variants as purifying selection to weakly 
label pathogenic variants and train DL variant effect predictor 
AlphaMissense

Appendix

Table 1: Black-box data examples mentioned in this article. Primary trick denotes the theme that is primarily 

highlighted in this article to provide full example coverage over tricks. Methods frequently combine many 

tricks, all of which are often critical.

Trick 1: Leverage low resolution readouts

Resolution and throughput are often inversely related. Low resolution manifests in two forms: 

sparse sampling (measuring a subset of features, as in microarrays capturing landmark 

transcripts rather than full transcriptomes53) or increased noise (losing high-frequency 

information, as in low-resolution Cryo-EM maps). Deep learning is particularly well-suited to 

both cases because learned priors can reconstruct missing or corrupted information from partial 

observations. Examples include cross-linking mass spectrometry (below), mutate-and-map 

chemical probing, and NMR-derived distance restraints (both covered later).

Example: Sparse distance restraints combined with structural foundation models unlock 

atomic-accuracy structures at a fraction of the cost

One of the central tenets of protein biology is that structure defines function54. However, as 

mentioned previously, current methods for structure elucidation are cost prohibitive without 

advances in data generation14. Structural proteomics provides one pathway to address this by 

switching to a readout that enables characterizing complex mixtures of many proteins in 

parallel (Mass Spectrometry). Cross-Linking Mass Spectrometry (XLMS) is a type of 

structural proteomics which allows to obtain sparse distance restraints at a whole proteome 
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scale55. By incubating cells or lysates with covalent probes called Cross-Linkers, residues that 

are at a distance no further than the maximum length of the extended crosslinker are connected 

covalently. Through these covalent markers, along with specialized spectral search methods56, 

cross-linked peptides can be detected using MS, yielding a potentially whole-proteome, sparse 

residue contact map. Traditionally, this was predominantly employed to validate or guide 

biophysics approaches with orthogonal structural data (HDX-MS, NMR, templates) 57. 

However, with deep learning-based structure prediction methods, models can use these 

structural restraints at inference time to dramatically increase success rates in structures 

prediction58,59. Recently, a biotech startup, Proxima Bio, has massively scaled this data source 

and unveiled their foundation model, Neo-1, making use of this data. They demonstrated that 

they can leverage their XLMS-based platform to predict novel protein interfaces that cannot be 

predicted by current models alone, and dramatically increase accuracy of small-molecule 

induced protein complex prediction60.

Trick 2: Link quantity of interest to amplifiable signal

Increasing signal-to-noise ratio is a central problem in any assay. Including signal amplification 

steps can maintain high signal while increasing throughput. This has made two general readout 

categories “privileged”: sequencing readouts, allowing for amplification via PCR; and positive 

selection assays where the quantity is tied to growth. Examples of the former include DNA-

encoded libraries (appendix), mRNA-display61, cDNA-linked proteolysis as in the 

MEGAScale experiment (covered below) and many more. Examples of the latter include yeast-

two-hybrid screens62 and the Sup35 and aPCA aggregation and stability assays covered later.

Example: MEGAscale proteolysis to train protein dynamics foundation models

Beyond structure, understanding how sequence and structural variation affect protein function 

is critical for protein engineering, therapeutic design, and disease mechanism. An example of 

addressing this data-need is cDNA display proteolysis, developed by the Rocklin lab 49. In the 

MEGAscale assay, large DNA pooled libraries are produced with a puromycin linker, yielding 

protein–cDNA fusions captured on resin, making the proteins easily identifiable via the cDNA. 

The pool is exposed to titrations of proteases such as trypsin and chymotrypsin and after 

washing away cleaved proteins, intact proteins can be sequenced and counted. For each protein, 

the decline in counts across titrations yields a K₅₀ value which is converted to folding free 

energies. Unlike direct structure determination, this gives indirect structural data via folding 
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free energies from a massively scalable assay, enabling over 776,000 measurements across 

hundreds of domains and dense mutational scans. 

This data was used by a team at Microsoft Research to train BioEmu, a generative model that 

emulates protein equilibrium ensembles63. To obtain paired structural data, short molecular 

dynamics (MD) simulations for over 22,000 proteins from the dataset were generated to 

produce ensembles of folded and unfolded structures with experimental ΔG values used to 

reweight the simulation, creating a training set where the ratio of folded to unfolded structures 

reflects the measured stability. They further developed Property-Prediction Fine-Tuning 

(PPFT) to train the model directly to produce a distribution matching the experimental ΔG 

values without expensive paired simulation data..

Trick 3: Pre-train models on large abundant data with related but latent information

Black-box methods learn transferable representations rather than fixed algorithms. This is 

significant because it enables pretraining on abundant data from adjacent domains and fine-

tuning for data-limited tasks without an explicit known relationship between pretraining and 

target tasks. RibonanzaNet2 and Dyna-1, covered in the following, as well as AlphaMissense 

and ESMFold (Appendix) all pretrain on data containing latent but not directly mappable task-

relevant information.

Example: Chemical mapping data for RNA structure prediction and design

Structure prediction of nucleic acids currently significantly lags the performance of proteins. 

At CASP16, all top methods were expert predictors, with ML methods significantly behind64. 

Data scarcity is a core contributor: the PDB contained over 227,000 protein structures in 

202527, but only 14,750 DNA/RNA-protein structures. And the 6,500 RNA structures are 

biased towards a few families (tRNAs, riboswitches, and ribozymes)65. A promising black-box 

remedy for this is chemical mapping43 where reagents preferentially mutate flexible and/or 

unpaired nucleotides to yield reactivity values when sequenced under mutational profiling 

(MaP). This provides indirect RNA structural data that is many orders of magnitude more 

economic than traditional, direct structure determination (Cryo-EM/crystallography). Two 

popular reagents are dimethyl sulfate (DMS) for N¹-adenine and N³-cytosine methylation for 

solvent-exposed nucleotides, and 2-aminopyridine-3-carboxylic acid imidazolide (2A3) for 

conformationally dynamic nucleotides. Multiple extensions exist: Mutate-and-map (M2)66 

systematic substitutions change reactivity of nucleotide pairs, creating correlated off-diagonal 
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signals providing a contact map. MOHCA-seq67 and KARR-seq68 correlate with distograms. 

Recent efforts69 have scaled this data source significantly. As part of the 2025 Stanford 3D 

RNA Folding Kaggle challenge, 40M sequences chemical mapping profiles were produced and 

used to pre-train a range of different models, including an encoder predicting sequence-wise 

chemical reactivity. Combined with a diffusion structure prediction head trained on RNA 

structures, structure prediction performance dramatically improved compared to a model that 

was not pretrained on this task70,71. Representations learned from these tasks were also 

leveraged in a recent model, RNAPro, to surpass AF3 in RNA structure prediction72. The 

practical therapeutic relevance of this data source for RNA design was further demonstrated 

by Joshi et al. which combined a RNA language model (gRNAde) filtered by the first version 

of RibonanzaNet to yield high success rates surpassing previous models73.

Trick 4: Hypothesis-free assays – unbiased, multiplexed and highly pooled readouts

Hypothesis-driven fields like drug discovery test limited, targeted hypotheses with low-

throughput, low-noise, interpretable readouts. Unbiased "hypothesis-free" approaches sacrifice 

these properties but provide the diversity ML models need. Examples include the 

aforementioned structural proteomics analyzing whole-cell lysates or Sup35-based aggregation 

screens testing random 20-mer peptides rather than curated sets that we discuss below. 

Multiplexed and pooled readouts typically enable this scale.

Example: Massively scaled random peptide screening to train aggregation predictors

Thompson et al. used a hypothesis-free approach to predict protein aggregation74. Instead of a 

biased library, they constructed a pooled library of 100,000 random 20-mer peptides, each 

cloned in-frame upstream of the yeast prion nucleation domain of Sup35. In this system, 

peptides that nucleate or promote amyloid-like assembly of the Sup35 fusion trigger nonsense 

suppression of an ade1 reporter, causing growth on adenine-deficient media. Over several 

growth cycles fitness differences are amplified and barcodes are quantified by sequencing. 

They then developed a DL model (CANYA) with this data, outperforming all existing 

aggregation predictors trained on smaller, human-curated datasets. 
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Trick 5: Use proxy readouts that are less costly and higher throughput

Proxy readouts are ubiquitous in science: biomarkers, cell cultures, or model organisms. In our 

context, the use of proxies is a special case of Trick 3 (pretraining on latent information), where 

the readout derives from a proxy system sharing relevant biology but without direct translation 

to the target. Black-box methods excel here because they can learn the proxy-to-target 

mapping. Examples include Cell Painting to predict hepatotoxicity, ileal organoids to predict 

gastrointestinal toxicity (Appendix), in-vivo localized CRISPR to enable pooled in-vivo target 

discovery (Appendix).

Example: High-throughput in-vitro readouts to predict in-vivo toxicity across species

Cell Painting75 has historically been extensively used as a biological proxy-readout in 

conjunction with black-box methods, perhaps most prominently by the startup Recursion 

Pharmaceuticals. In Cell Painting, cells are imaged after staining with six dyes highlighting 

distinct morphological features. Embeddings are typically extracted via hand-crafted pipelines 

(CellProfiler) or learned models. For example, in a seminal 2024 publication, Recursion 

leveraged black-box embeddings of Cell Painting data through their proprietary model to 

discover a hitherto unknown undesired genomic off-target pattern in CRISPR-Cas9 screens.76

Cell Painting was recently also applied in the context of toxicity prediction. Next to potency 

and affinity, developing drugs involves optimizing many other properties such as Absorption, 

Distribution, Metabolism and Toxicity (ADMET). Since these are often measured in-vivo, 

throughput is limited. Data sources which alleviate this bottleneck are needed, with an early 

example being pooling multiple compounds into a single animal via Cassette Dosing77. 

To address these throughput limitations, in a recent preprint by a team from MIT, the Broad 

Institute and the startup Axiom Bio, authors exposed primary human hepatocytes to 1085 

compounds with previously known in-vivo hepatotoxicity readouts from ToxCast78. They 

assessed whether Cell Painting is simultaneously predictive of hundreds of in vitro toxicity 

readouts, including assays for metabolic activity and membrane damage measured by the 

authors and 412 cytotoxicity and mode-of-action endpoints measured by the ToxCast screening 

effort52. They extracted various features from the images, including hand-crafted CellProfiler 
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features and “black-box” embeddings (CellPainting CNN  and DINOv2), and used the features 

to predict assay activity using XGBoost.

In a similar spirit, Gardiner et al. developed a black-box inspired cross-species toxicity 

translation: they train a ML model on the molecular structure and their associated in-vitro 

human cell line landmark gene array profiles to predict in-vivo rat kidney toxicity measured 

via blood urea nitrogen (combining both the “proxy” and “low resolution theme” via the L1000 

assay also leveraged in CMap, see appendix)79. Researchers at Celgene employed a similar idea 

– in this case leveraging Machine Learning and human ileal organoid models to recapitulate 

human clinical in-vivo Gastrointestinal toxicity (GIT) with 90% accuracy80. 

Trick 6: Omit cleaning or filtering of readouts

Purification and isolation are often rate-limiting: protein production, small molecule synthesis, 

and sample preparation are all bottlenecked by purification. Skipping purification yields noisier 

readouts, connecting this trick to Trick 1 (low-resolution readouts) through shared reliance on 

DL noise tolerance and priors. The distinction: Trick 1 changes the readout modality (e.g., 

Cryo-EM to XLMS), while Trick 6 removes a protocol step within the same modality. Direct-

to-Biology (D2B, below) and DNA-encoded libraries (appendix) exemplify this approach. 

Trick 6 also intersects with Trick 4 (hypothesis-free assays), which often measure unpurified, 

unbiased samples by design.

Example: Crude Reaction Mixtures unlock high-throughput lead optimization

Nowadays, many thousands of DNA sequences or proteins can be synthesized and tested on 

the order of weeks81. Yet for small molecules, custom synthesis is significantly slower, often 

requiring months, years, or even decades in extreme cases to establish synthetic pathways for 

just a single new molecule82, dramatically slowing hit-to-lead campaigns in drug discovery. 

The large synthesis quantities required (due to material losses during purification) and the slow 

speed of purification are dominant bottlenecks in synthesis83. In D2B this is addressed by 

testing Crude Reaction Mixtures (CRM) directly without purification, allowing well-based 

parallel nanoscale synthesis with dramatic throughput increase at the cost of increased false 

negatives/positives due to impurities42. Again, ML is used to compensate for this. An example 

is McCorkindale et al., who predicted potency of each molecule, allowing to rescue mixtures 

that are incorrectly labelled as weak binders in the assay but labeled positive by the model84.
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A promising combination has been with fragment screening. As opposed to traditional high-

throughput screening, where often billions of compounds are tested for binding, in fragment 

screening a smaller set of diverse (e.g. few thousand) of low-molecular weight fragments (120-

250 Dalton) are screened85. These can be merged, linked or elaborated into complete and high 

affinity binders, allowing to explore a wide range of chemical space with a small “basis set” of 

tested fragments. Since initial fragments are often of lower affinity, highly sensitive readouts, 

such as crystallographic soaking are needed86. Grosjean et al. employed this to the 

bromodomain of PHIP(2)87. CRMs of 957 analogs of a fragment hit yielded 22 binders. A 

simple Structure-Activity-Relationship algorithm built on the 22 binders could denoise the 

results by rescuing false negatives, identifying 26 additional, mislabeled binders. They further 

used it in virtual screening, identifying 9 binders. Recently, the OpenBind consortium was 

formed to systematically scale this data source for Machine Learning purposes88.

D2B is also extensively used by many larger companies and startups89. Kimia Therapeutics 

employs it in conjunction with Chemotype Evolution90 where “generation of molecules” are 

produced starting from a target-binding bait fragment with a reactive handle that is 

combinatorially coupled to fragments with further reactive handles, enabling iterative 

“activity-based” evolution. They demonstrated this for a selective covalent KRAS-G12C 

inhibitor series91. Octant is another example coupling D2B to multiplexed reporter assays92–

94.

Trick 7: Leverage signal from missing, or weakly-labeled data

Missing or noisy data is often systematic rather than random. While insufficient for human 

interpretation, the structure implicit in the missing data can provide valuable weak supervision 

for ML. Examples: AlphaMissense95 treats unobserved variants as pathogenic (purifying 

selection), diffuse X-ray scattering96 extracts dynamics from traditionally discarded scattering 

noise (all in appendix), and missing NMR peaks can indicate conformational exchange rather 

than experimental failure (below). Trick 7 differs from Trick 1 since here the perceived “noise” 

is the primary source of signal and not noise after all. This is related to Trick 3 as the patterns 

in the noise may be primarily latent.
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Example: Missing NMR peaks is supervision to learn protein dynamics

Experimental data on protein dynamics is hard to obtain at scale. Models are often exclusively 

trained on a limited amount of simulated data obtained at high computational cost. Wayment-

Steele, El Nesr et al. developed a method to extract microsecond-to-millisecond (μs–ms) 

protein dynamics from missing NMR peak assignments in the Biological Magnetic Resonance 

Data Bank (BMRB) and trained Dyna-1, a deep learning model predicting these dynamics, to 

demonstrate the data’s potential97. The main realization was that "missing" NMR peaks 

(systematic absences) from chemical shift datasets can indicate μs–ms dynamics. In the regime 

where the interconversion rate is comparable to the angular frequency separation of exchanging 

states, transverse relaxation acquires an exchange contribution, producing line broadening and, 

in the limit, loss of peaks in standard heteronuclear experiments. Solution NMR assignment 

tables in the BMRB often contain these absences which were traditionally interpreted as 

experimental artifacts. To extract signals from this noisy weak supervision, they built on a 

frozen pre-trained language model, training a prediction head on data extracted from ~10,000 

proteins from the BMRB (two orders of magnitude larger than existing datasets) to produce 

Dyna-1. It accurately predicts μs–ms dynamics when evaluated against high quality curated 

datasets (RelaxDB, RelaxDB-CPMG). This demonstrates another critical component of black-

box data approaches - the requirement for high-quality “white-box” (often smaller sized) 

benchmark data. 

Future Outlook: The Scientific Process in the Black-Box Age

We believe that black-box data provides a viable path to overcome data limitations that 

bottleneck the advancement of biological applications of AI. As the field is increasingly driven 

through model-led discoveries, much of the way data is generated will change to adapt to ML 

as the primary consumer. This will drive a fundamental shift in the types of data created and 

there will be critical considerations to make this transition work. 

The generation of black-box data should not be viewed solely as a static, feed-forward process. 

With lab-in-the-loop and active learning approaches, instead of passively mining existing 

datasets, models can evaluate their own uncertainty to dictate the next batch of massively 

multiplexed experiments. This closed-loop experimental design will ensure that high-

throughput, noisy assays are deployed where the model needs them most, maximizing data 
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efficiency and accelerating the discovery process in a way that traditional, hypothesis-driven 

screening cannot.

Since black-box datasets sacrifice human interpretability for scale, they might be 

fundamentally unintelligible without algorithmic deconvolution. Standardizing raw readouts, 

precise experimental metadata, and noise profiles across different laboratories is thus an 

important hurdle. We believe that more generally, the field requires a shift toward "AI-first" 

data repositories moving away from the traditional scientific publishing route—where only 

cleaned, processed conclusions are shared—toward a pipeline where raw, unpurified readouts 

are standardized and fed directly into foundation models.

Nascent consortium efforts provide an early blueprint for this infrastructure. For example, the 

OpenBind consortium was formed to systematically scale and standardize crude reaction 

mixture fragment screening data for ML purposes. Similarly, the Diffuse Project aims to 

systematically collect and standardize previously discarded X-ray scattering noise into a shared 

repository for learning protein dynamics. 

The importance of human intuition remains undiminished in the black-box data era. Even 

though the required signal-to-noise of black-box data is reduced, and the signal can be indirect 

and latent, there still needs to be sufficient signal for the models to extract. Hypothesizing and 

testing which black-box data methods contain sufficient signal will need to be driven by 

domain expertise, as will be evaluating the resulting models. 

White-box and noise-free data will be needed to verify and benchmark black-box methods. 

While the learning process of these methods is noise tolerant, their evaluation is less so98. Being 

black-box makes this even more critical as we cannot always understand, but only assess these 

methods for their accuracy, making evaluation a critical fail-safe. In practice, we expect white-

box and black-box data to exist in a symbiotic relationship: small curated white-box datasets 

can be used to construct initial priors, calibrate reconstruction algorithms, validate model 

predictions, and it will often be desirable to “post-train” models trained on more noisy “black-

box” data with noise-minimized high-quality white-box data.

This lack of interpretability is a common criticism of black-box data and algorithms. The 

overarching concern is that black-box approaches usher in a “post-theory” science where we 
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can simulate, predict, yet not understand future scientific phenomena99. While black-box 

methods are not directly interpretable, there exists nonetheless a plethora of tools from the field 

of Mechanistic Interpretability (MI) to extract knowledge from these models such as sparse 

autoencoders100. A biological example is the categorical Jacobian, applied to language-model 

based folding methods, to understand the motif-driven recall process that underlies the success 

of the current generation of folding methods101.  In another case, teams from Prima Mente and 

Goodfire used MI on a large foundation model, Pleiades, pretrained on large amounts of patient 

genomic and ctDNA, to extract the finding that ctDNA fragment length could serve as 

diagnostic marker for Alzheimer's from the weights of the black-box model102. These point to 

a future where there might be an inversion of the scientific method from understand, encode, 

and then simulate – a Software 1.0 paradigm – to encode, simulate, understand (via MI) – a 

Software 2.0 approach in which logic is not an input into the scientific discovery process but 

its output. Hence mechanistic interpretability will become critical to extract knowledge about 

scientific processes from the weights of neural networks that simulate them – standing on the 

shoulders of giants increasingly made of silicon.
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Appendix
Below we present an expanded example list of black-box data sources that have been combined 
with ML. We group them by the corresponding application area.

Structural Biology 

Large-scale sequence pretraining extracts structure-relevant co-evolutionary motifs

The use of large-scale sequence pretraining to infer protein structure, exemplified by 

ESMFold21, can also be seen as an application of the black-box data paradigm. Generating 

sequence data is significantly cheaper and higher throughput than determining experimental 

3D structure. A single protein sequence on its own is “black-box” in the context of structure - 

it does not directly measure structural information. However, large collections of coevolved 

sequences can contain implicit structural information, where residues in contact are more likely 

to coevolve. This data is traditionally extracted via MSA which aligns sequences as rows in a 

table where each column contains the observed evolutionary variance for a given residue 

position. Columns showing covariance are more likely to be in contact103. Rather than 

explicitly extracting this via MSA, language models can learn a similar covariance pattern 

implicitly from large, unaligned sequence databases101. For example, ESM2 is trained on 

hundreds of millions of unaligned protein sequences. Due to this, models often show emergent 

structure prediction performance. ESM2 is able to predict contacts with a simple linear head 

calibrated on as little as 20 structures21. These language models can then also be used to replace 

MSAs in folding models (such as ESMFold or SimpleFold) that show strong folding 

performance.

Haze and halos around Bragg peaks are not experimental noise but contain diffuse 

scattering information encoding protein dynamics

Current structural biology pipelines based on X-ray crystallography obtain exact structural 

measurements, and measures of experimental variance (such as B-factors), from electron 

density maps that are extracted from Bragg diffraction peaks104. However, often there is an 

additional signal in these diffraction patterns not from pure periodic arrangements of crystals, 

called “diffuse scattering”, giving information about dynamics96. This signal manifests as haze 

or halos around Bragg peaks and is typically discarded as noise in traditional structural analysis. 
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It arises from correlated atomic motions and deviations from perfect periodicity in 

macromolecular crystals. “The Diffuse Project” was recently proposed as a systematic effort 

to collect this previously discarded signal at a large scale and make it available for machine 

learning models105. They propose a shared representation trained on Bragg, diffuse, and 

molecular dynamics data. They are also building a standardized Diffuse Data Bank with raw 

frames, processed diffuse volumes, paired PDBs, and processing scripts - laying the foundation 

for pretraining machine-learning models on experimental dynamics at scale. 

Protein biophysical properties

Massively scaled protein stability mutagenesis data via enzyme-complementation

A related approach to the experiment by the Rocklin lab was published by the Lehner lab106. 

They conducted a large-scale site-saturation mutagenesis of human domains to create the 

“Human Domainome 1”. They designed a yeast library with 1.23 million single–amino-acid 

substitutions spanning 1248 protein domains. Variant stability was read out with an abundance 

Protein Fragment Complementation Assay (aPCA): each domain variant was fused to a 

fragment of dihydrofolate reductase (DHFR), such that in-cell domain stability controlled the 

concentration of DHF. This drove yeast growth at a rate linearly proportional to enzyme 

abundance correlating variant stability with sequencing readcounts. This yielded 563,534 

variant–abundance measurements across 522 domains, correlating strongly with independent 

biophysical measurements and the MEGAscale experiment. They combined the data with the 

protein language model ESM1v107 correlating measured stability scores with predicted fitness 

scores, identifying mutations whose effect on fitness was not explained by stability. Outlier 

mutations were strongly enriched in functional sites like DNA/protein-binding interfaces, 

yielding additional structural readouts when combined with Deep Learning models.

Biological function
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Purifying selection unlocks unsupervised variant effect prediction by AlphaMissense 

through weak labelling

Understanding biological function, in the context of the complex cellular, tissue and whole 

organism environment is critical for understanding disease and finding effective treatments. 

This can require high-content readouts in cell lines or even ideally in-vivo clinical contexts that 

are difficult to scale versus more isolated biophysical readouts. Additionally, it is often difficult 

to reproduce disease cellular states in-vitro. Both AlphaMissense and the CMap effort try to 

address the paucity of data in this data. The AlphaMissense team applied a related insight to 

Wayment-Steele, El Nesr et al. (extracting signal from noise, Trick 7) even earlier to predict 

the biological pathogenicity of protein variants95. The central observation in their case is that 

purifying selection eliminates harmful variants from populations. Therefore, the absence of a 

particular amino acid at a specific residue position across a large set of homologous sequences 

indicates a non-tolerated substitution rather than missing data. Conversely, substitutions 

frequently observed in natural sequence variation are likely benign. Rather than relying on 

relatively small, clinically annotated variant datasets such as ClinVar, this allows one to 

construct weakly labelled data from observed and unobserved variants at much larger scale. 

The result is a continuous pathogenicity score that reflects the extent to which a given 

substitution deviates from tolerated evolutionary patterns. AlphaMissense is a modified version 

of AF219 initially trained on a combination of structure prediction and MSA masked-language 

modeling. This already provides a variant likelihood task that can be seen as a second “black-

box” data source. The weakly-labeled variant data is then used in a second training stage to 

then train a variant-effect prediction head.

Sparse landmark genes can be used to approximate full transcriptomic response to 

perturbation at increased scale

The Connectivity Map (CMap) is an older example of increasing throughput by sparsifying the 

readout (Trick 1), in this case for large perturbation-response RNA expression datasets53. It 

contains gene expression signatures from human cells exposed to 42,080 perturbations (19,811 

small molecule compounds, 18,493 shRNAs, 3,462 cDNAs, and 314 biologics). Its high 

throughput stems from the sparse L1000 assay, which measures a pre-defined reduced set of 

landmark genes per sample via an array instead of performing bulk or single-cell RNA 
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sequencing. This significantly reduces cost and increases throughput (1.3 million profiles). 978 

“landmark” transcripts are measured (selected to span diverse pathways and be representative 

for co-expressed genes) – in addition to 80 invariant controls. This is done via ligation-

mediated amplification (LMA) and bead-based fluorescent detection108. In CMap, cells from a 

standardized nine-line panel are exposed to small molecules or genetic perturbations over 

multiple concentrations and short exposure times. Transcriptome-wide values for the 11,350 

non-measured genes are inferred by regression trained on external RNA-sequencing 

compendia, with 9,196 of 11,350 inferred genes (81%) achieving correlations in the top 95th 

percentile relative to their RNA-sequencing counterparts, indicating adequate performance.

Target identification

CRISPR combined with ML can unlock scalable in-vivo target identification

Target identification is one of the most critical and costly steps in drug discovery109. It 

frequently requires decades of fundamental biological research110. One of the key limitations 

is that most experiments can only ethically be conducted in humans once the disease is 

somewhat understood and treatments have been shown effective in animals. The discovery of 

targets often has to be done in-vitro or in organisms with short reproductive cycles to reduce 

time. The predictive validity of these model systems (especially cell lines) is not ideal111. Many 

black-box data methods hence focus on inferring human effects based on in-vitro or model 

systems112. Using cheap readouts, one can train models (e.g. virtual cells113) to predict the 

effects of different genetic perturbations or drug candidates on these biological systems much 

more cheaply than collecting human data.

Clustered Regularly Interspaced Short Palindromic Repeats114 (CRISPR) is a naturally 

occurring adaptive immune system in bacteria that has been repurposed as a programmable 

genome-editing technology and promises to help address the target discovery problem. Its key 

components are a Cas effector protein, most commonly Cas9, which acts as a nuclease, and a 

guide RNA (gRNA) that directs Cas9 to a specific genomic locus through base-pairing with 

the target DNA. CRISPR has revolutionized the scope and scale at which we can conduct 

genetic interventions to elucidate the biological function of proteins. Nowadays, CRISPR is 

heavily used in functional genomics applications to understand how gene-level perturbations, 

often obtained in high-throughput, pooled fashion, affect phenotypes115. This has already led 

to the discovery of novel clinical targets116. Traditionally, these screens have been conducted 
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most frequently in cell lines due to their cost and scalability. In-vivo CRISPR has recently 

emerged allowing for local genetic perturbations in the complete biological context of a living 

organism in a pooled fashion to test hundreds or thousands of target hypotheses50. Perturbations 

are generally done at low transfection multiples such that most cells only obtain a single 

perturbation and perturbed cells are isolated by non-perturbed tissue to localize perturbation 

effects, acting as a proxy readout for the full organism (Trick 5). The perturbagen is tracked 

through barcodes. Phenotypic readouts e.g. single-cell transcriptomics, spatial profiling, 

imaging or others, enable the reconstruction of genotype–phenotype relationships within a 

physiologically relevant milieu. The startup Gordian Biotechnology is further leveraging 

perturbation-local single-cell sequencing readouts to predict in-vivo disease responses for a 

given perturbation using paired disease-response and sequencing readouts117.

Hit Finding

DNA-encoded libraries

Once a disease-related target is identified, molecules that engage with the target are needed. 

For small molecules in particular, this step has historically been a key bottleneck, with many 

well validated targets still being considered undruggable, although this list is becoming 

successively smaller118. Hit Finding has traditionally often had a strong High-Throughput 

Screening (HTS) focus. Increasingly, these methods are also developed specifically with 

Machine Learning in mind. DNA-encoded libraries (DELs) are large pooled combinatorial 

collections (106–109 molecules) in which each member is covalently linked to a DNA 

“barcode” encoding its identity119. They are assembled via a split-and-pool approach, which 

combines a library of barcode-linked fragments into a large combinatorial library of multi-

fragment barcoded small molecules. Pooled screens can be done via affinity selection against 

a protein target and hits are identified via sequencing, applying Trick 2. Often, however, DEL-

derived molecules are large or require further local search to identify more lead-like molecules. 

Reiher et al., for example, report around 400–1100 Da for DEL hits versus roughly 200–700 

Da for hits from the Janssen HTS library120. Additionally, the count-based readouts from DNA-

encoded library screens can be noisy due to truncates, unspecific binding, low read depth, and 

other biases. To combat this, one of the central ideas of black-box data is again applied here: a 

model is trained on the noisy data to extract the signal, which can then be used on “clean” 
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purchasable chemical libraries. This idea was applied in multiple studies across diverse targets 

below.

 

McCloskey51 et al. screened three targets (soluble epoxide hydrolase, estrogen receptor-α, c-

KIT), trained classifiers purely on DEL selections (graph convolutional models trained on 

355,804, 74,741, and 50,186 positive training examples for sEH, ERα, and c-KIT), virtually 

screened 88 million catalog compounds, tested 2,000, and obtained a 30% hit rate at 30 μM 

with sub-10 nM actives for every target. 

 

Iqbal et al.121 targeted CK1α/δ with three differently sized libraries: MS (10 million), DD (11 

million), HG (1 billion). They trained five models on orthosteric-binding site enriched outputs 

and screened a 140,000-member test set. This yielded 808 compounds tested via SPR with 80 

hits (9.9%), including two nanomolar (187 nM, 69.6 nM). 

 

Wellnitz et al.99 screened WDR91 via HitGen OpenDEL (3 billion) and applied the resulting 

models on Enamine REAL (37 billion members). They nominated 50 molecules, tested 48, and 

confirmed 7 hits (14.5%, 2.7–21 μM) and generated co-crystal structures with WDR91.

The startup Leash Bio has scaled DEL against many targets and recently unveiled Hermes, a 

model achieving competitive binding prediction accuracy on non-DEL data despite exclusively 

being trained on DEL readouts122.
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No primary research results, software or code have been included and no new data 
were generated or analysed as part of this Perspective paper.  
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