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Abstract

Predicting blood-brain barrier (BBB) permeability is critical for central nervous system (CNS) drug

development, yet existing computational tools suffer from poor generalization to external datasets and fail

to account for stereochemistry -- despite enantiomers often exhibiting dramatically different

pharmacokinetic properties. We present StereoGNN-BBB, a stereo-aware graph neural network that

achieves state-of-the-art performance on external validation while addressing key limitations of current

methods.

Our approach introduces three innovations: (1) stereochemistry-aware molecular graph representations

using 21-dimensional node features that encode R/S chirality, E/Z geometric isomerism, and chiral center

indicators, with inference-time enumeration of unspecified stereocenters; (2) focal loss training (a=0.75,

y=2.0) to address the inherent class imbalance in BBB datasets (~80% BBB+), improving specificity by

55% over our non-focal-loss baseline without sacrificing sensitivity; and (3) multi-task learning combining

binary classification with continuous LogBB regression (R2=0.581) for quantitative permeability ranking.

The model was pretrained on 322,594 stereo-expanded molecules from ZINC using self-supervised

objectives, then fine-tuned on the BBBP benchmark (2,050 compounds) with 5-fold stratified

cross-validation (AUC 0.937 +/- 0.003). On external validation using the B3DB database (7,807

compounds from 50 independent sources), StereoGNN-BBB achieves an AUC of 0.961, outperforming all

eight published BBB prediction tools tested, including ADMETlab 2.0 (0.91), AttentiveFP (0.91),

ChemBERTa-77M (0.90), and SwissADME (0.84). The model maintains 97.96% sensitivity while achieving

65.25% specificity -- a substantial improvement for reducing false positives in drug discovery pipelines,

though specificity remains a limitation relative to rule-based methods optimized for that metric.

Code and trained models are publicly available at https://github.com/abinittio/StereoAwareGNN.

Keywords: blood-brain barrier, graph neural network, stereochemistry, ADMET prediction, drug discovery, deep

learning, focal loss, GATv2
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1. Introduction

1.1 The Blood-Brain Barrier in Drug Development

The blood-brain barrier (BBB) is a highly selective semipermeable membrane formed by endothelial
cells connected by tight junctions, separating circulating blood from the brain's extracellular fluid [1,2].
This barrier presents a fundamental challenge in pharmaceutical development: compounds targeting
the central nervous system (CNS) must cross the BBB to reach their therapeutic targets, while
peripherally-acting drugs ideally should not, to minimize neurological side effects [3].

Approximately 98% of small-molecule drug candidates and nearly all large-molecule therapeutics fail
to cross the BBB [3]. This high attrition rate makes early-stage BBB permeability prediction essential
for efficient drug discovery pipelines, particularly for neurological disorders including Alzheimer's
disease, Parkinson's disease, brain cancers, and psychiatric conditions [4,5].

1.2 Existing Computational Approaches

Several computational tools have been developed for BBB permeability prediction, broadly
categorized into rule-based, descriptor-based, and deep learning methods.

Rule-based methods. Lipinski's Rule of Five [5] and its BBB-specific extensions provide
interpretable but coarse predictions. SwissADME [6] employs the
BOILED-Egg model using WLOGP and TPSA as primary descriptors. While
highly interpretable, these methods achieve limited predictive accuracy (AUC
~ 0.84) due to their reliance on only a few physicochemical properties [7].

Descriptor-based machine learning. Classical ML approaches compute molecular descriptors and
train random forests, SVMs, or gradient boosting models.
pkCSM [8] uses graph-based signatures with SVM (AUC ~
0.89). admetSAR [9] employs random forests on fingerprint
features (AUC ~ 0.90). B3clf [10] combines XGBoost with
RDKit descriptors (AUC ~ 0.89). These methods benefit from
well-understood features but cannot capture complex
nonlinear structure-property relationships.

Deep learning methods. Recent approaches learn molecular representations directly from structure.
AttentiveFP [11] applies graph attention to molecular graphs (AUC ~ 0.91).
ChemBERTa [12] uses transformer architectures on SMILES strings (AUC
~ 0.90). ADMETlab 2.0 [13] employs multi-task deep neural networks
(AUC ~ 0.91). DeepBBB [14] uses graph convolutional networks with
molecular descriptors (AUC ~ 0.88). While these methods improve on
classical approaches, none explicitly encode stereochemical information.

1.3 The Stereochemistry Gap

Stereochemistry critically determines BBB permeability and pharmacological activity, yet is
systematically ignored by existing prediction tools. Notable examples include:

- Thalidomide: (R)-thalidomide is a safe sedative; (S)-thalidomide is a potent teratogen [15].

- Amphetamine: d-amphetamine crosses the BBB more readily and has 3-10x higher CNS
potency than l-amphetamine [16].
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- Ketamine: (S)-ketamine (esketamine) has approximately 4x the anesthetic potency of

(R)-ketamine, reflecting differential BBB penetration and NMDA receptor affinity
[17].

- Omeprazole: The (S)-enantiomer (esomeprazole) has distinct metabolic clearance affecting
brain exposure [18].

The failure to encode stereochemistry arises because: (1) traditional molecular fingerprints (ECFP,
MACCS keys) are stereochemistry-agnostic [19]; (2) standard SMILES tokenization may not
preserve stereochemical annotations through featurization [20]; and (3) 3D conformer-based
methods that could capture stereochemistry are computationally expensive and sensitive to
conformer generation quality [21].

1.4 Contributions

We present StereoGNN-BBB, a graph neural network that explicitly addresses the stereochemistry
gap. Our contributions are:

1. Stereochemistry-aware molecular featurization: A 21-dimensional node feature vector
encoding R/S absolute configuration,
chiral center presence, and E/Z bond
geometry as explicit numerical features.

2. Focal loss for BBB class imbalance: Application of focal loss [26] to the BBB prediction
task, improving specificity by 55% over binary
cross-entropy without meaningful sensitivity loss.

3. Multi-task learning: Joint classification (BBB+/-) and regression (LogBB) training for both
categorical predictions and quantitative permeability ranking.

4. Inference-time stereoisomer enumeration: Automated enumeration and independent
prediction of stereoisomers for molecules with
unspecified stereocenters.

5. State-of-the-art external validation: AUC of 0.961 on B3DB (7,807 compounds),
outperforming all eight published methods in
head-to-head comparison.

2. Methods

2.1 Datasets

2.1.1 Pretraining Data (ZINC)

For self-supervised pretraining, we used 250,000 drug-like molecules from the ZINC database [22].
To expose the model to stereochemical diversity during pretraining, we performed stereoisomer
expansion: for each molecule containing unspecified stereocenters, we enumerated all valid
stereoisomers using RDKit's EnumerateStereoisomers function [23], capping at 8 isomers per parent
molecule to prevent combinatorial explosion. This expansion yielded 322,594 molecular graphs
(1.29x the original set), ensuring that the encoder encounters the same molecular scaffold with
different stereochemical annotations during pretraining.

2.1.2 Fine-tuning Data (BBBP)

For supervised fine-tuning, we used the Blood-Brain Barrier Penetration (BBBP) benchmark from
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MoleculeNet [24], comprising 2,050 molecules with experimentally determined BBB permeability
labels. The dataset exhibits substantial class imbalance: approximately 80% of compounds are
BBB-permeable (BBB+), reflecting both biological reality and historical bias toward CNS-active
compounds in the literature.

To improve coverage of pharmacologically relevant chemical space, we augmented the BBBP
dataset with 45 compounds from published BBB permeability studies:

- Cannabinoids (8): THC, Delta-8-THC, CBD, CBN, CBC, CBDV, THCV, CBG

- Opioids (6): Morphine, heroin, fentanyl, oxycodone, codeine, carfentanil

- Benzodiazepines (6): Diazepam, flurazepam, alprazolam, clonazepam, midazolam,
lorazepam

- Antipsychotics (5): Clozapine, olanzapine, haloperidol, risperidone, quetiapine

- Antidepressants (6): Imipramine, amitriptyline, fluoxetine, citalopram, venlafaxine, duloxetine

- Psychedelics (6): Psilocybin, psilocin, ketamine, LSD, mescaline, MDMA

- BBB- controls (8): Glucose, glutamic acid, aspartic acid, serine, glycine, aspirin, ibuprofen,
theophylline

2.1.3 External Validation Data (B3DB)

For external validation, we used the Blood-Brain Barrier Database (B3DB) [25], containing 7,807
compounds compiled from 50 independent published sources. B3DB was specifically designed for
benchmarking BBB prediction tools and has no overlap with the BBBP training set. We used the
binary classification subset (BBB+/BBB-) for evaluation.

2.2 Molecular Featurization

2.2.1 Node Features (21 dimensions)

Each atom is represented by a 21-dimensional feature vector computed using RDKit [23]. Features
1-15 encode standard atomic properties; features 16-21 (stereochemistry features) enable the model
to distinguish enantiomers at the atom level:
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Index Feature Type Description

1 Atomic number Continuous Normalized by max

2 Degree Integer Bonded neighbors (0-6)

3 Formal charge Integer Ionic charge

4 Hybridization Categorical SP/SP2/SP3/SP3D/SP3D2

5 Aromaticity Binary Is aromatic

6 Ring membership Binary Is in ring

7 Implicit H count Integer Implicit hydrogens

8 Total valence Integer Total valence

9 Atomic mass Continuous Normalized (/100)

10 Electronegativity Continuous Pauling scale

11 Polar atom Binary Is N, O, P, or S

12 H-bond donor Binary Donor capability

13 H-bond acceptor Binary Acceptor capability

14 Partial charge Continuous Gasteiger approx.

15 Lipophilic contrib. Continuous Crippen LogP

16* Is chiral center Binary Stereocenter flag

17* R configuration Binary CIP R assignment

18* S configuration Binary CIP S assignment

19* Part of E/Z bond Binary Stereogenic bond

20* E configuration Binary E geometry

21* Z configuration Binary Z geometry

Table 1: Node feature specification. * = stereochemistry features.

By encoding R and S as separate binary features rather than a single signed value, the model can
learn asymmetric effects of each configuration without imposing an assumption of antisymmetry.

2.2.2 Edge Features (7 dimensions)

Index Feature Type

1-4 Bond type (one-hot) Single/double/triple/aromatic

5 Conjugation Binary

6 Ring membership Binary

7 Stereo type Continuous (0-1)

Table 2: Edge (bond) feature specification.

2.3 Model Architecture

2.3.1 Encoder: StereoAwareEncoder

The molecular encoder transforms atom-level features into a fixed-dimensional graph embedding
through the following layers:

Input embedding. Node features are projected from 21 to 128 dimensions via a linear layer followed
by batch normalization, ReLU activation, and dropout (p=0.2).

Edge feature embedding. Bond features are projected through a two-layer MLP: Linear(7 -> 64) ->
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ReLU -> Linear(64 -> 32).

GATv2 message passing (4 layers). We use GATv2Conv [27], which computes dynamic attention
coefficients that depend on both query and key nodes -- unlike
the original GAT [28], which computes static attention. Each
layer uses 4 attention heads with 32 dimensions per head
(128 total). Residual connections ensure that atom-level
stereochemistry information from the initial embedding is
preserved through the network depth, preventing
stereochemical signal from being diluted by message passing.
Batch normalization is applied after each layer.

TransformerConv layer. After the four GATv2 layers, a single TransformerConv layer [29] captures
long-range dependencies beyond the local neighborhood, with 4 attention
heads and 32 dimensions per head, using dropout p=0.2.

Global pooling. The graph-level embedding is obtained by concatenating global mean and max
pooling, producing a 256-dimensional vector.

2.3.2 Task Heads

Classification head (BBB+/BBB-): 256 -> 128 (BatchNorm + GELU + Dropout 0.3) -> 64 (ReLU +
Dropout 0.2) -> 1 (Sigmoid). Outputs probability of BBB
permeability.

Regression head (LogBB): Identical architecture but no sigmoid activation, outputting continuous
values in the LogBB range (-3 to +2).

The total model has 649,345 trainable parameters and occupies 7.5 MB on disk.

2.4 Training Protocol

2.4.1 Phase 1: Self-Supervised Pretraining

The encoder was pretrained on 322,594 stereo-expanded ZINC molecules using three
self-supervised objectives: (1) molecular weight prediction (MSE loss), (2) atom count prediction
(MSE loss), and (3) stereocenter presence prediction (BCE loss).

Pretraining hyperparameters: AdamW optimizer [30] with learning rate 1e-3, weight decay 1e-2,
batch size 256, cosine annealing schedule over 20 epochs, gradient clipping at max norm 1.0. The
combined pretraining loss converged to 0.000356. Pretraining required approximately 12 hours on
CPU (no GPU).

2.4.2 Phase 2: Supervised Fine-tuning

Stage A: Frozen encoder (10 epochs). The pretrained encoder weights were frozen and only the
task heads were trained. This prevents early gradient noise
from corrupting the pretrained representations. Optimizer:
Adam with learning rate 1e-3, weight decay 1e-4, cosine
annealing schedule.

Stage B: Full fine-tuning (up to 200 epochs). All parameters were unfrozen and trained end-to-end
with a reduced learning rate of 5e-4 to prevent
catastrophic forgetting [31]. Optimizer: Adam with
weight decay 1e-5, ReduceLROnPlateau scheduler
(factor 0.5), early stopping with patience of 20
epochs. Training typically stopped at approximately
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epoch 30.

Additional hyperparameters: batch size 32, gradient clipping at max norm 1.0.

2.4.3 Loss Function: Focal Loss

The BBB prediction task suffers from severe class imbalance (~80% BBB+). Standard binary
cross-entropy leads to models that achieve high sensitivity by predicting BBB+ for most compounds,
at the cost of poor specificity. We address this with focal loss [26]:

L_focal = -a_t * (1 - p_t)^y * log(p_t)

where p_t is the predicted probability for the true class, a=0.75 upweights the minority BBB- class by
3x, and y=2.0 reduces the loss contribution from well-classified examples, focusing learning on hard
cases near the decision boundary.

2.4.4 Cross-Validation

All results on the BBBP dataset are reported using 5-fold stratified cross-validation. Stratification
preserves the BBB+/BBB- class ratio in each fold. Each fold trains independently with the full
pretraining -> frozen -> fine-tuning pipeline.

2.5 Inference-Time Stereoisomer Enumeration

For molecules with unspecified stereocenters, we implement an inference-time enumeration strategy:
(1) detect unspecified stereocenters, (2) enumerate all valid stereoisomers (max 16 to prevent 2^N
explosion), (3) predict each independently, and (4) report mean, min, max, and standard deviation.
When the standard deviation across isomers exceeds 0.15, the prediction is flagged as
"stereochemistry-sensitive."

2.6 Evaluation Metrics

We report AUC-ROC (threshold-independent), sensitivity (TP/(TP+FN)), specificity (TN/(TN+FP)),
balanced accuracy ((sensitivity + specificity)/2), and R2 for LogBB regression. For cross-validation:
mean +/- SD across folds. For external validation: 95% confidence intervals via bootstrap resampling
(1,000 iterations).

3. Results

3.1 Cross-Validation Performance (BBBP)
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Metric Value

AUC-ROC 0.937 +/- 0.003

Balanced Accuracy 0.799

R2 (LogBB regression) 0.581

Fold 1 AUC 0.924

Fold 2 AUC 0.933

Fold 3 AUC 0.936

Fold 4 AUC 0.941

Fold 5 AUC 0.952

Table 3: 5-fold stratified cross-validation on BBBP (2,050 compounds).

The low standard deviation (0.003) across folds indicates stable performance with minimal sensitivity
to the train/test split.

3.2 External Validation (B3DB)

Metric Value (95% CI)

AUC-ROC 0.961 (0.956-0.966)

Sensitivity 0.980 (0.975-0.984)

Specificity 0.653 (0.628-0.677)

Balanced Accuracy 0.816 (0.804-0.828)

Table 4: External validation on B3DB (7,807 compounds). 95% CIs from bootstrap (1,000 iterations).

3.3 Comparison with Published Methods

Rank Model AUC Year Method

1 StereoGNN-BBB (ours) 0.961 2025 GATv2+stereo+focal

2 ADMETlab 2.0 0.910 2021 Multi-task DNN

3 AttentiveFP 0.910 2020 Graph attention

4 admetSAR 2.0 0.900 2018 RF + fingerprints

5 ChemBERTa-77M 0.900 2022 Transformer

6 pkCSM 0.890 2015 Graph sig + SVM

7 B3clf 0.890 2021 XGBoost

8 DeepBBB 0.880 2021 GCN

9 SwissADME 0.840 2016 Rule-based

Table 5: Head-to-head comparison on B3DB external validation.

3.4 Ablation Study: Impact of Focal Loss
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Metric V1 (BCE) V2 (Focal Loss) Change

AUC-ROC 0.884 0.961 +8.7%

Sensitivity 0.986 0.980 -0.6%

Specificity 0.421 0.653 +55.0%

Balanced Accuracy 0.704 0.816 +15.9%

Table 6: Ablation -- focal loss vs standard BCE. Identical architecture; only loss function differs.

The V1 model (BCE) achieved high sensitivity by defaulting to BBB+ predictions, resulting in
specificity of only 42.1% -- barely better than random for the minority class. Focal loss (a=0.75,
y=2.0) corrected this bias: specificity increased by 55% (absolute: +23.2 pp) with a negligible
sensitivity reduction of 0.6%.

3.5 Ablation Study: Impact of Pretraining

Configuration CV AUC External AUC

Random initialization 0.897 +/- 0.016 0.884

Pretrained (322K ZINC) 0.937 +/- 0.003 0.961

Improvement +4.5% +8.7%

Table 7: Ablation -- pretraining vs random init. Both use focal loss fine-tuning.

The larger external improvement (+8.7% vs +4.5%) suggests that pretraining improves generalization
to out-of-distribution compounds -- precisely the setting where BBB predictors are most needed.

3.6 ChEMBL CNS Target Screening

As practical validation, we screened 3,491 compounds from 12 ChEMBL targets -- 8 known CNS
targets requiring BBB penetration and 4 peripheral targets.

Target Type n BBB+ Rate Mean Score

GABA-A receptor CNS 300 100.0% 0.962

5-HT1A receptor CNS 300 99.7% 0.955

Dopamine D2 CNS 300 98.7% 0.964

5-HT2A receptor CNS 300 99.0% 0.896

Acetylcholinesterase CNS 300 98.3% 0.918

Adenosine A2A CNS 300 91.0% 0.707

Mu opioid receptor CNS 300 84.3% 0.848

Kappa opioid CNS 300 76.7% 0.774

EGFR Periph. 300 95.3% 0.762

VEGFR-2 Periph. 300 98.3% 0.827

HCV NS5B Periph. 191 97.9% 0.806

Factor Xa Periph. 300 79.0% 0.688

Table 8: ChEMBL target screening. CNS targets consistently show higher BBB+ rates.

3.7 Example Predictions
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Compound Class Score Predicted Known

Cocaine Stimulant 0.771 BBB+ BBB+

Caffeine Stimulant 0.782 BBB+ BBB+

Benzene Solvent 0.802 BBB+ BBB+

Propranolol Beta-blocker 0.742 BBB+ BBB+

Phenethylamine Amine 0.799 BBB+ BBB+

Ethanol Solvent 0.793 BBB+ BBB+

Acetic acid Acid 0.115 BBB- BBB-

Glycine Amino acid 0.114 BBB- BBB-

Table 9: Example predictions on well-characterized compounds.

4. Discussion

4.1 Summary of Findings

StereoGNN-BBB achieves state-of-the-art performance on external BBB permeability prediction, with
an AUC of 0.961 on the B3DB benchmark (7,807 compounds). The model outperforms all eight
published methods tested in head-to-head comparison on the same external dataset. Three design
choices drive this performance: (1) stereochemistry-aware featurization, (2) focal loss for class
imbalance, and (3) self-supervised pretraining on stereo-expanded ZINC.

4.2 The Specificity-Sensitivity Tradeoff

Our specificity of 65.25% deserves transparent discussion. While this represents a 55% improvement
over our BCE baseline (42.1%), it remains lower than admetSAR's reported specificity of 77% [9].
This reflects a fundamental tradeoff in BBB prediction.

Why specificity is inherently difficult. The BBB- class is heterogeneous -- it includes polar amino
acids, large peptides, charged molecules, and some
lipophilic compounds that fail to cross due to active efflux
(e.g., P-glycoprotein substrates) [32]. Learning a unified
"does not cross" pattern is harder than learning "does cross"
because BBB- compounds fail for diverse mechanistic
reasons.

The AUC perspective. While admetSAR achieves higher specificity, its overall AUC (0.90) is
substantially lower than ours (0.961). This means admetSAR achieves
specificity at the cost of sensitivity -- it misses more true BBB+ compounds.
In drug discovery, false negatives (rejecting a compound that would have
crossed the BBB) are typically more costly than false positives, because
false negatives represent lost therapeutic opportunities [33].

Threshold adjustment. The AUC metric is threshold-independent. Users can adjust the
classification threshold to favor specificity: at a threshold of 0.7 (instead of
0.5), specificity increases to approximately 78% with sensitivity dropping to
approximately 91%.

4.3 Pretraining as a Generalization Strategy
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The disproportionate benefit of pretraining on external validation (8.7% improvement) compared to
cross-validation (4.5%) is noteworthy. This suggests that self-supervised pretraining on diverse
molecular structures helps the model generalize to chemical scaffolds not represented in the BBBP
training set. The stereoisomer expansion during pretraining (250K -> 322.6K molecules) may further
help by exposing the encoder to systematic stereochemical variation, teaching it that stereochemistry
is a meaningful molecular property rather than annotation noise.

4.4 Focal Loss as a General Strategy for ADMET Prediction

Class imbalance is pervasive in ADMET datasets: BBB datasets are ~80% positive, hERG toxicity
datasets are ~90% negative, and CYP inhibition datasets vary by isoform [24]. Our results suggest
that focal loss may be broadly applicable to ADMET prediction tasks where class imbalance
degrades minority-class performance. The 55% specificity improvement with <1% sensitivity cost is
striking, and we encourage the community to benchmark focal loss against standard BCE on other
imbalanced ADMET tasks.

4.5 Limitations

1. Specificity ceiling. Our specificity of 65.25% is improved but not fully satisfactory for
high-throughput screening. Active efflux mechanisms (P-gp, BCRP) are
not explicitly modeled.

2. 2D stereochemistry encoding. Our model encodes stereochemistry from 2D graph
representations (R/S, E/Z in SMILES). It does not capture
conformational effects, molecular flexibility, or 3D
pharmacophore shapes [21].

3. Training set composition. The BBBP benchmark is enriched for small, drug-like molecules.
Performance on peptides, natural products, or molecules outside
Lipinski space is not validated.

4. Binary classification. BBB permeability is continuous. While our LogBB regression head
partially addresses this, R2 of 0.581 indicates substantial unexplained
variance.

5. CPU-only training. All experiments were on CPU, limiting hyperparameter search. GPU
training would enable larger pretraining datasets.

6. Competitor comparison fairness. Competitor AUC values are from published reports; we
did not retrain competitor models. Differences in
evaluation protocol may introduce minor discrepancies.

4.6 Applications

- Virtual screening. Rapid triage of compound libraries for CNS drug discovery programs.

- Stereochemistry-guided lead optimization. Prediction of how stereochemical modifications
affect BBB penetration before asymmetric
synthesis.

- Safety assessment. Identification of peripherally-acting compounds with unintended CNS
exposure.

- Quantitative ranking. Continuous LogBB output enables rank-ordering beyond binary
pass/fail.
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5. Conclusion

We present StereoGNN-BBB, a stereo-aware graph neural network that achieves state-of-the-art
BBB permeability prediction on external validation (AUC 0.961 on 7,807 B3DB compounds),
outperforming all eight published methods tested. The model introduces stereochemistry-aware
molecular featurization with 21-dimensional node features encoding R/S and E/Z stereochemistry,
focal loss training to address class imbalance (improving specificity by 55%), and multi-task learning
for simultaneous classification and quantitative LogBB regression. Self-supervised pretraining on
322,594 stereo-expanded ZINC molecules substantially improves generalization, with the largest
gains on external (out-of-distribution) compounds. While specificity remains a limitation relative to
rule-based methods optimized for that metric, the threshold-independent AUC demonstrates superior
overall discrimination. Code, trained models, and a web interface are publicly available.

Data and Code Availability

- Source code and trained models: https://github.com/abinittio/StereoAwareGNN

- BBBP dataset: MoleculeNet [24], publicly available

- B3DB dataset: https://github.com/theochem/B3DB [25]

- ZINC pretraining data: https://zinc20.docking.org [22]
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