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ABSTRACT
The Ginkgo Datapoints Antibody Developability (AbDev) Competition, a blinded bench
mark for developability prediction characterized entirely on a single, industrial-scale 
experimental platform, was conducted from September 8 to November 18, 2025. We 
benchmarked predictors across five biophysical properties – hydrophobicity, thermo
stability, self-association, expression titer, and polyreactivity – using a public training set 
of 246 clinical antibodies and a blinded, held-out test set of 80 antibodies. We received 
submissions from 113 teams spanning 25 countries, 38 companies, and 39 universities. 
Winning submissions differed by assay. Top Spearman’s ρ values on the test set reached 
0.708 (hydrophobicity), 0.392 (thermostability), 0.356 (polyreactivity), 0.337 (self- 
association), and 0.310 (titer). Cross-validation scores from the public training set con
sistently exceeded held-out test performance, indicating overfitting and limited out-of- 
distribution generalization. Together, these results provide a standardized snapshot of 
current antibody developability modeling capabilities and highlight a key bottleneck: 
available datasets are too small and heterogeneous to support robust, assay-spanning 
prediction. Meaningful progress will require larger, standardized, and diverse experi
mental datasets – with harmonized protocols and rich metadata – to train and validate 
models that generalize reliably for future antibody discovery campaigns.
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Introduction

Monoclonal antibodies (mAbs) are among the most successful therapeutic modalities, with over 200 
marketed products and nearly 1400 candidates in clinical development.1 While high-affinity binding 
remains essential for therapeutic efficacy, late-stage clinical and commercial success is strongly governed 
by “antibody developability.” Antibody developability here means the potential for efficient manufacturing 
and delivery of antibodies at scale. The properties that reflect antibody developability are numerous and 
costly to fully characterize. In the context of this article, developability is assessed via proxy attributes such 
as solubility, aggregation propensity, self-association, thermal stability, expression yield, and nonspecific 
binding.2 Deficits in these drug-like properties often lead to formulation, manufacturing, and safety 
challenges, resulting in costly late-stage attrition. Consequently, early, standardized assessment and 
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predictive modeling of developability are now essential complements to traditional binding and function 
optimization strategies.2

Despite the necessity of early developability assessment, the required process changes strain wet-lab 
resources.3 Therefore, to streamline the discovery pipeline and reduce overall costs, reliable and generalizable 
predictive antibody developability models are clearly needed. These models are essential during candidate 
selection, where a diverse set of sequence clusters must be evaluated. While significant progress has been made 
with local models that describe mutational effects, global models that rank or directly predict properties of 
interest still lag.4 Predictive capability is not uniform; prior reports indicate that properties like hydrophobicity, 
which arise from relatively low-resolution surface features, are the most readily predicted. From this baseline, 
complexity increases, requiring progressively larger datasets to support the prediction of properties governed 
by more intricate underlying mechanisms.5

A central challenge in building generalizable, predictive models for developability lies in the limited 
availability of suitable, high-quality data. Public developability datasets remain constrained by size, assay 
standardization, and metadata completeness, which ultimately hinders the fidelity and external validation of 
predictive models. Faster, more meaningful progress requires the release of larger, standardized panels that 
include raw continuous readouts, comprehensive metadata including assay conditions and construct context, 
and explicit negatives.6 Furthermore, blinded, held-out datasets that vary in sequence or germline families are 
essential to stress-test out-of-distribution robustness – a critical capability for models to add value to real- 
world drug programs.

Related work

Antibody developability prediction has seen accelerated progress through the use of community 
benchmarks, which offer a transparent yardstick for comparing baseline models. In the broader 
protein-design space, resources like TAPE,7 FLIP,8 FLOP,9 ProteinGym,10 and VenusMutHub 11 

have coordinated functional prediction across diverse properties. Recent community challenges, 
including AIntibody 12 and the Adaptyv Protein Design Competitions,13 have primarily focused on 
affinity maturation and binding. While AIntibody characterized developability properties of sub
mitted antibody candidates – including hydrophobicity via hydrophobicity interaction column 
retention time (HIC RT), polyspecificity via baculovirus particle enzyme-linked immunosorbent 
assay (BVP ELISA), self-association via affinity-capture self-interaction nanoparticle spectroscopy 
(AC-SINS), thermal stability (Tm), and thermal aggregation (Tagg) – these metrics were treated as 
auxiliary properties of interest rather than the primary modeling objective. The field still lacks 
a benchmark built on a dataset with unified experimental characterization designed to decouple 
algorithmic performance from inter-laboratory experimental noise.

Some benchmarks for antibody developability exist, such as FLAb,5,14 NbBench,15 and DOTAD.16 

However, these often test models across heterogeneous datasets aggregated from varied sources.2,17–19 This 
approach, while valuable, can lack the rigor and standardization necessary for principled comparison, making 
it difficult to delineate model performance from assay variability. A robust, industry-relevant benchmark must 
therefore address three critical requirements: 1) data splitting reflective of the diverse genotypic and pheno
typic shifts relevant to discovery campaigns; 2) emphasis on decision-relevant metrics; and 3) high-quality 
labeled training data characterized under strictly standardized conditions to ensure that model performance 
reflects predictive power rather than assay heterogeneity.

To address this critical gap, we introduced the Ginkgo Datapoints Antibody Developability 
(AbDev) Competition in 2025. Building upon our previous work, the competition utilizes the 
GDPa1 dataset of 246 unique antibodies,6 alongside a new, blinded, held-out test set of 80 diverse 
sequences assayed at Ginkgo Datapoints using our PROPHET-Ab platform (GDPa3). Our core 
goals are to: 1) release a strengthened set of open, reproducible baseline models; 2) provide 
a principled evaluation framework tailored to industrial developability prediction; and 3) establish 
clear data standards to enable the community to generate results that are comparable, interpretable, 
and practically actionable. Together, these steps position our competition and associated leader
board as both a snapshot of current performance and a mechanism for advancing data standards in 
the field of antibody discovery and engineering.

2 L. VAN NIEKERK ET AL.



Methods

Competition framework

Our competition, in collaboration with Hugging Face, provides a standardized, open evaluation of models that 
predict antibody developability from sequence.20 Using the public GDPa1 dataset of 246 antibodies 6 (see 
reference for experimental methods), competition participants submitted predictions for five prespecified 
developability properties: hydrophobicity (HIC), polyreactivity (PR-CHO), self‑association (AC‑SINS at pH 
7.4), thermostability (second unfolding transition, Tm2), and expression (Titer). Prior to holdout set predictions, 
participants could evaluate their model(s) using a predefined 5-fold cross-validation split on the public 246 
antibody dataset. This cross-validation procedure served as the primary evaluation framework during the 
competition’s development phase. Each fold was constructed to minimize information leakage by grouping 
sequences that were 90% identical or higher using hierarchical clustering and separating clusters into different 
folds while maintaining isotype balance (IgG1/IgG2/IgG4).

Model performance was computed on each held-out fold after training on the remaining four, with the final 
cross-validation score reported as the mean Spearman’s rank correlation coefficient ( ) across all five folds. The 
submissions were scored on a heldout panel of 80 antibodies, which were selected from the paired OAS,21 

sampling for diversity in terms of sequence identity, germline variant, and heavy CDR3 lengths. With the 
conclusion of the competition, we release the previously held-out test set as GDPa3. We note here that the size of 
the dataset is small for predictive performance, but still a useful test of standardization practices. Both datasets are 
freely available to download at https://datapoints.ginkgo.bio/dataset-access. Model performance was evaluated 
using Spearman’s ρ between the models’ predicted developability scores and experimentally measured assay 
values (by Ginkgo Datapoints, Table 1). Each property was evaluated independently with its own leaderboard 
and award, contributing to a total prize pool of up to $60,000. We also included a dedicated open‑source prize for 
the best fully reproducible entry trained solely on public data. The competition ran for 10 weeks from 
September 8 to November 18, 2025. A representation of the competition is shown in Figure 1.

Data preparation

To characterize the competition as an evaluation on out-of-distribution genotypic and phenotypic data, we 
analyzed the sequence and label diversity within the two datasets. The results of this analysis are shown in 
Figure 2. The pairwise identity distributions (PID) between the datasets are shown in Figure 2(a–d). 
These percent identities are calculated based on AHO alignment of the antibody sequences using ANARCI.22 

We note the GDPa1 dataset had a full sequence intra-cluster median percent identity of 68.3% (Figure 2(a)) and 
inter-cluster median of 64.5% (Figure 2(c)). Conversely, the 80 sequence holdout dataset had a median full 
sequence identity of 59.9% (Figure 2(b)), suggesting slightly higher sequence diversity within the holdout set 
compared to the provided training data. The median full sequence percent identity between the two datasets was 
60.8% (Figure 2(d)), demonstrating genotypic difference between the two datasets of 8 more mutations than 
within the cross-validation splits.

Additionally, we evaluated the V-gene and J-gene pairs within the two datasets to test if they consist of diverse, 
unique sets of V-J pairs. This information is represented in Figure 2e,f. There is a substantial coverage of V and 
J genes for both the heavy and light chains within the two datasets. Genes that are shared between the two 

Table 1. The developability assays evaluated in the competition dataset (adapted from 6)
Biophysical or Biological 
Property Measured

Developability 
Assay Readout Developability Relevance

Expression yield Titer mg/L Composite measure of antibody secretion, folding and correct chain 
association

Temperature induced domain 
unfolding

nanoDSF, DSF- 
SYPRO

Tm2 Indicative of real-time and accelerated storage stability

Surface hydrophobicity HIC Retention 
Time (RT)

High RT indicative of increased risk of aggregation and nonspecific binding

Self-association AC-SINS Δλmax Propensity for aggregation, poor colloidal stability and increased viscosity
Binding to CHO lysate Polyreactivity PR Score Propensity for nonspecific off-target binding to non-antigen species. 

Potential impact to pharmacokinetics (PK)
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datasets as represented by the gray dots. There are more unique permutations as the pairs are different within 
chains, suggesting the discrepancy in the PIDs. Taken together, these analyses demonstrate the diversity of the 
datasets.

Although we primarily selected the holdout dataset for sequence diversity from the GDPa1 dataset, it does not 
guarantee phenotypic diversity. In addition to the sequence diversity, we examine the label diversity in Figure 2 
(g). We first evaluated label coverage across the five properties using a pair plot. This plot shows the cumulative 
distribution function on the diagonal and joint probability density plots for each permutation of properties off 
diagonal. We note that there is similar coverage across all of these plots for both datasets. To quantify how label 
similarity and sequence similarity are recapitulated, we provide an inset calculating the centered kernel alignment 
(CKA). This method calculates the relatedness between two distance matrices, here represented as 
sequence percent identity and label Euclidean distance. A high relatedness between these two would have 
a value of 1. We calculated these values between heavy, light, and full sequence chains. For comparison, we 
calculated a null hypothesis via random permutation of features and labels of full sequences for each dataset. We 
highlight the 95% confidence interval for these random values in gray. Overall, we find the CKA scores to be low 
between the labels and sequences for both datasets with a full sequence value of 0.18 for GDPa1 and 0.22 for the 
GDPa3 holdout set. The GDPa1 dataset is above the random score threshold, but still low, while the 
GDPa3 holdout set is not.

Despite the separation between sequence and label identity, it is worth mentioning that both training datasets 
are small for the task at hand, increasing the complexity of this challenge. Additionally, both datasets are 
imbalanced with few “poor performers,” as can be seen in Figure 2(g). Nevertheless, we assumed that the feature 
set dictating the GDPa1 cross-validation strategy should be commensurate with the difference between GDPa1 
and GDPa3.

Figure 1. Schematic of the competition setup and participation. Participants were provided with data on 246 antibodies 
assayed using PROPHET‑Ab 6 and submitted predictions evaluated on 80 held‑out sequences. Submissions came from 113 
teams across 25 countries, 38 companies, and 39 universities. Bar charts show counts for the top 10 countries and sectors as 
reported by the teams.
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Models

Developability predictive models rely on structure- and/or sequence-based features. Sequence-based 
approaches consist of general or antibody-specific protein language models (PLMs) that generate embed
dings or empirically-derived features capturing charge and hydrophobicity distribution within the Fv 
region. On the other hand, structure-based methods consist of a mixture of inverse-folding models, such 
as AntiFold 23 or AbMPNN,24 that encode structural information or compute empirical spatial features, 
such as surface patches and charge distribution, from predicted structures using, for example, AlphaFold,25 

ABodyBuilder,26 Boltz,27 or Chai.28 A list of pertinent methods and their associated modalities are listed in 
Table 2.

To contextualize participant performance, we establish several baselines, including three sequence-based 
models: p-IgGen 31 (Ridge regression on p-IgGen embeddings), ESM2 29 (Ridge regression on general ESM2 
embeddings), and SaProt.35 We note that performance is highly assay-specific. We evaluate these baselines 

Figure 2. Sequence and label diversity. Pairwise identity distributions show the similarity between the 246 sequences a) 
within clusters, b) within the holdout test set c) between cluster splits, and d) between the GDPa1 and holdout test sets. 
Medians of the light, heavy, and full sequences are highlighted by dashed lines. V-gene and J-gene pair chord diagrams 
between the two datasets. Pairs are shown for both the e) heavy chains and f) light chains. A connection represents the 
V-J pairs for the specific chain colored by dataset. g) pairwise plot of label distributions between the five assays of interest 
for the competition. Cumulative distribution functions are shown on the diagonal and joint distributions are shown off 
diagonal. The inset shows the centered kernel alignment scores between sequence similarity and label similarity. A random 
permutation of labels is shown as random with a 95% confidence interval for both the GDPa1 and holdout datasets.

Table 2. List of models available as part of associated base
lines and their associated modalities.

Model Name Modality Reference

ABodyBuilder3 Structure 26

ESM2 Sequence 29

AbLang2 Sequence 30

p-IgGen Sequence 31

Aggrescan3D Structure 32

DeepViscosity Structure/Dynamics 33

DeepSP Structure/Dynamics 34

AntiFold Structure 23

SaProt Sequence/Structure 35

MOE Structure 36

TAP Sequence/Structure 37

MABS 5



using the competition training and testing structure, to ensure proper standardization practices. These 
baselines and more resources are publicly available in our GitHub repository: https://github.com/ginkgobio 
works/abdev-benchmark.

Results and discussion

Performance discrepancies and the generalization challenge

As shown in Figure 3, the competition results reveal a significant gap between model performance 
observed during cross-validation (CV) on the GDPa1 dataset (Figure 3(a)) and performance on the 
GDPa3 held-out test set (Figure 3(b)) for most properties. This discrepancy highlights a funda
mental challenge in antibody developability modeling: generalization to unseen antibody sequences. 
The gap between performance on GDPa1 and GDPa3 refutes our assumption that the feature set 
for the cross-validation strategy would apply to the out-of-distribution approach. This suggests that 
the cross-validation strategy did not appropriately emulate the differences between GDPa1 and 
GDPa3. For example, the top-performing model for self-association (AC-SINS pH 7.4) achieved a ρ 

Figure 3. Participant performance in the 2025 Ginkgo datapoints antibody developability prediction competition across five 
developability properties. a) Blue violin plots show the distribution of all cross-validation submissions; adjacent markers 
denote out‑of‑the‑box baseline models; top participants per assay are highlighted (purple circle). b) Pink markers show 
average performance for the hold-out test set. c) Predictions vs. targets for the winning models in each assay: cross‑valida
tion (top, blue) and hold‑out test (bottom, pink).
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of 0.653 during CV but dropped dramatically to a ρ of 0.356 on the held-out test set (Figure 3(c)). 
Similarly, large performance gaps were observed for polyreactivity (PR CHO: top CV ρ of 0.559 to 
test ρ of 0.337) and titer (top CV score ρ of 0.640 to test ρ of 0.31). These severe CV-to-test set 
discrepancies suggest substantial overfitting to training data and underscore that predicting these 
complex, interaction-dependent properties across a diverse panel of antibodies remains a difficult, 
out-of-distribution generalization problem with current data limitations and model architectures. 
Identifying information related to the top competition performers are outlined in Table 3.

In contrast, models for hydrophobicity (HIC) and thermostability (Tm2) exhibited more robust 
generalization, suggesting that predictions for these properties are more reliable. For hydrophobi
city (HIC), the best model exhibited the lowest discrepancy between training and testing, achieving 
ρ of 0.758 during CV and maintaining a high ρ (0.708) on the held-out test set (Figure 3(c)). For 
thermostability (Tm2), model performance also showed better correlation on the test set (ρ of 
0.392) compared to the training set (ρ of 0.140), which may indicate that the winning model’s 
architecture and training data was inherently better suited to the germline distribution of the held- 
out panel. These results support the interpretation that hydrophobicity and melting temperature 
primarily reflect physicochemical features such as local and global folding energetics, side-chain 
composition, and packing. These features can be reasonably approximated from the structure of 
a single folded molecule, with solvent and assay context playing a less dominant role and are more 
amenable to accurate modeling with current data and architectures.

A call for standardization and rigorous validation

The primary lesson of the competition is that developing models for developability properties is less 
a problem of architectural novelty and more a problem of data and validation rigor. The wide 
variance across all submissions (Figure 3(b)) and the relatively large differences in training and test 
performance demonstrate that reliance on cross-validation alone is insufficient and could be mis
leading. Our findings reinforce the urgent need for rigorous evaluation benchmarks based on care
fully curated, standardized data splits that mimic real-world drug discovery, where accurate 
prediction is necessary on unseen sequences. For antibody development, this highlights the risk of 
deploying models without validation on a separate, out-of-distribution test set, as the true predictive 
power of models submitted for the competition remains insufficient for reliable, decision-making 
fidelity.

Conclusions and future perspectives

The 2025 Ginkgo Datapoints Antibody Developability Competition establishes, to our knowledge, the first 
multi-property, blinded benchmark for developability prediction built entirely on a single, industrial-scale 
experimental platform. By anchoring both training and evaluation to PROPHET-Ab, the study isolates 
model performance from assay heterogeneity and provides an industry-relevant view of how current 
methods generalize to out-of-distribution antibodies.

The leaderboard (https://huggingface.co/spaces/ginkgo-datapoints/abdev-leaderboard) highlights a clear 
stratification of model capability. In decreasing order, the Spearman’s ρ values started at roughly 0.7 for 
hydrophobicity and 0.4 for thermostability, and then decreased to 0.3 for self-association, expression titer, 
and polyreactivity. In particular, the consistent gap between training and held-out test performance 

Table 3. List of top performers for each developability assay.
Developability Property Team Model Name

Titer Antonín Dušek as a hobbyist from UCT-Prague meta2
Thermostability Aviral Singh, Daksh Sammi, and Rushikesh Jadhav from Microcrispr Pvt. Ltd. microcrisprtm2
HIC Anonymous Anonymous
AC-SINS pH = 7.4 Jiang Zhu from X UNFOLD AbDevelop
PR CHO Nimra Asi from Boehringer Ingelheim through Data Science Talent LLC PR_CHO_NOV
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underscores substantial overfitting and the limits imposed by current data scale, diversity, and modeling 
approaches. Additionally, the hierarchical sequence clustering we used for cross-validation does not capture 
the feature set differences between the training set and hold-out test set. These observations reinforce 
a central lesson: meaningful advances in developability prediction will depend on both incremental 
modeling and featurization changes, but more importantly on standardized, high-throughput data 
generation.

Looking ahead, the community must move toward integrated affinity and developability predictions, as 
well as expanding this analysis to multispecific antibodies. The inherent complexity of these next-generation 
scaffolds requires first understanding predictions for the individual building blocks (e.g., Fabs, VHHs, 
scFvs). Applying the lessons learned here to this challenging area is paramount for advancing drug 
discovery and delivering safer therapeutics, faster.

List of abbreviation

OAS Observed Antibody Space database
HIC Hydrophobicity interaction chromatography
AC-SINS Affinity-capture self-interaction nanoparticle spectroscopy
GDPa1 Ginkgo Datapoints antibody dataset 1
GDPa3 Ginkgo Datapoints antibody dataset 3
PID Pairwise identity distribution
CKA Centered kernel-alignment
PROPHET-Ab Platform for Reliable Outcome Prediction in High-throughput Evaluation of Therapeutic Antibodies
BVP ELISA Baculovirus particle enzyme-linked immunosorbent assay
Tm Melting temperature
Tagg Aggregation temperature
CV Cross-validation
PLM Protein language model
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