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Abstract

Chirality strongly influences drug potency, yet many widely used two-dimensional molecular representations
omit stereochemistry or encode it only through local stereochemical features, and it is often unclear whether a
model that carries stereochemical information also uses it to reproduce measured biology. Using same-assay
enantiomer pairs from ChEMBL 37 and a prospectively specified, cryptographically frozen held-out analysis
protocol, we separated two questions: whether radius-3 Morgan fingerprints represent enantiomers distinctly
(carry), and whether an exactly antisymmetric model predicts measured potency differences between
enantiomers under scaffold extrapolation (use). Carry was near-complete at radius 3; in the audited targets, the
elevated radius-2 collision rate was radius-limited rather than hash-induced, being identical across 1,024-8,192
bits and unhashed identifiers. For use, chirality-aware Morgan fingerprints supported significant scaffold-
extrapolation prediction of measured enantiomer potency differences for five of eleven held-out targets
(Benjamini—Hochberg recomputed within the held-out family); eight of fourteen targets were positive across
the complete map when three development targets were included. Performance varied substantially by target,
while ridge and random-forest models showed comparable skill, suggesting that much of the accessible
stereochemical signal may be additive in signed-fingerprint space (formal model equivalence is not claimed).
A signal-to-variability association observed across the complete target map did not reach significance in the
held-out cohort. Achiral controls and several biological targets returned null or negative skill, showing the
procedure did not automatically manufacture predictability. Scientific Contribution. This work separates
whether chirality-aware molecular fingerprints carry stereochemistry from whether an antisymmetric model
uses it to predict experimentally measured, same-assay enantiomer potency differences, target by target, under
scaffold-extrapolation evaluation and a prospectively specified, cryptographically frozen development/held-out
separation. Carry is near-complete at radius 3 while predictive use is real but strongly target-dependent —
positive for five of eleven held-out targets and null or negative for others — and the elevated low-radius collision
rate is shown to be a neighborhood-radius effect rather than a hashing artifact. The contribution is a claim-
disciplined audit that reframes "chirality-aware" around measured out-of-sample use rather than
representational capacity, reporting balanced positive, null, and negative findings.

1. Introduction

Enantiomers—non-superimposable mirror-image molecules—frequently differ by orders of magnitude in target
affinity, and stereochemistry is a first-order concern in medicinal chemistry. Many widely used two-dimensional
molecular representations omit stereochemistry or encode it only through local stereochemical features:
extended-connectivity fingerprints [1] without the chirality flag assign identical vectors to two enantiomers, and
conventional message-passing networks treat them identically, motivating chirality-aware architectures [7, 8].
Prior work has established the phenomenon—that many representations collide enantiomers and that a large
fraction of stereoisomer pairs differ in bioactivity [2, 3]—and has produced chirality-aware descriptors and
models [3, 7, 8]. What remains under-examined is a distinct, measurable question: given real, same-assay
measured potency differences between enantiomers, does a representation that technically encodes chirality
allow a model to predict those differences out-of-sample, and does this hold uniformly or only for particular
targets?

We do not introduce a new modelability index—dataset modelability has been formalized by MODI and RMODI
[4, 5]—nor a new chirality-aware representation. Our contribution is an audit that (i) separates carry (a
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deterministic representation property) from use (out-of-sample prediction of measured Apotency by an
antisymmetric model related to pairwise-difference learning [6]), (ii) uses only same-assay measured pairs so
that within-pair comparisons are internally controlled, (iii) resolves results at the level of individual targets, and
(iv) is executed under an analysis protocol frozen and hashed before any held-out modeling, with development
targets separated from the confirmatory correction family. All decisions, thresholds, and hyperparameters were
fixed in PROTOCOL_FROZEN.json (sha256 d758fc5e...) prior to held-out evaluation.

2. Methods

Data source and inclusion. Bioactivity records were drawn from ChEMBL 37 [9, 10]. Frozen inclusion criteria:
standard type IC50, standard relation "=", units nM, a defined pChEMBL value, data_validity_comment null,
potential_duplicate excluded, assay type "B" (binding), assay confidence_score =9, and a single-protein target.
These criteria isolate a clean, internally comparable slice at the cost of breadth. The overall workflow, including
the prospectively frozen development/held-out separation, is summarized in Fig. 1.

Target eligibility (frozen, data-only). A target entered the analysis only if it satisfied all of: > 80 unique structural
enantiomer pairs; > 40 Bemis—Murcko scaffold/series groups [11]; = 5 source documents; and grouped-fold
support sufficient for 5-fold scaffold cross-validation (= 50 scaffold groups, so each fold contained = ~ 10
scaffolds and = ~ 15 pairs). No criterion referenced measured |Ay|, model performance, or any outcome; target
selection was therefore not effect-size enriched. Fourteen targets qualified (confirmatory_manifest.json, which
records immutable target identifiers; its bytes are covered by the detached checksum
confirmatory_manifest.json.sha256); the complete 14-target characterization is reported in Table 1. Target
nomenclature: figures and tables use compact gene-symbol labels; the four targets with common synonyms are
ERK2 (MAPK1), ROR-y (RORC), KCNH2 (hERG/Kv11.1), and PI3K& (PIK3CD), with full identifiers (ChEMBL target
ID, gene symbol, UniProt accession) tabulated in target_metadata_14.csv.
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Table 1
— Complete 14-target characterization. Per-target results across all fourteen targets (development targets

included).
Source: FINAL_RESULTS.json (family_14).

target development n scaffolds S_delta spearman p q(q14) positive Rt
BACE1 yes 112 59 0.241 0.53 0.011 0.022 YES 4.0
HDAC6 no 83 53 0.237 0.32 0.0015 0.0035 YES 0.67
JAKT no 207 119 0.172 0.43 0.0005 0.0017 YES 1.33
JAK2 no 199 117 0.16 0.4 0.0005 0.0017 VYES 1.07
ERK2 no 102 64 0.149 0.38 0.0005 0.0017 VYES 3.18
BTK yes 266 114 0.142 0.48 0.001 0.0028 YES 1.34
ROR-y no 201 119 0.087 0.28 0.0005 0.0017 YES 1.67
EGFR no 82 64 0.038 0.17 0.032 0.0498 YES 0.82
TYK2 no 95 51 0.021 0.22 0.063 0.0801 1.07
IRAK4 no 172 82 0.015 0.22 0.063 0.0801 1.02
hERG no 129 95 -0.007 0.09 0.0305 0.0498 0.47
PI3K& no 98 57 -0.026 0.32 0.3198 0.3444 0.71
JAK3 yes 139 78 -0.039 0.09 0.1194 0.1393 0.42
SYK no 82 52 -0.041 0.13 0.4698 0.4698 0.73

Enantiomer pairing and label construction. Structures were reduced to their largest organic fragment
(salt/solvent removal) and re-paired on the parent, using RDKit 2026.03.3 [12]. True enantiomers were identified
via the InChl /m-flag construction (InChl software 1.07.3) [13] (identical connectivity and relative-configuration
layers, opposite absolute configuration), retaining the /t layer so that diastereomers and double-bond
stereoisomers are excluded, and excluding isotopically labeled records. Both members were required to be fully
specified single stereoisomers (RDKit FindPotentialStereo, no unspecified elements). Labels were built in this
order: (1) collapse repeated measurements of the same compound within a single assay to their median
pChEMBL; (2) within each shared assay, compute the enantiomer difference Ay = pChEMBL(A) - pChEMBL(B);
(3) aggregate the assay-level Ay values for the same target—pair by their median; (4) retain one Ay label per
target—pair. This yielded 1,967 structural pairs across 14 targets (cohort_pairs.csv, sha256 de0f79af...).

Pairing validity. A stratified manual audit of 200 pairs, oversampling multi-stereocenter, macrocyclic, salt-
stripped, and extreme/near-zero-Ay cases, found 0 pairing errors (95% Wilson CI [0%, 1.9%)]).

Measurement variability (approximate secondary reference). Repeated same-assay IC50 records were
provenance-classified. Of 17,676 repeated (compound, assay) groups, 15.2% (2,688) were provenance-distinct,
nonidentical repeated-measurement groups (distinct source records and distinct values); 72.2% were non-
identical but shared a source record and are not independent. From the provenance-distinct groups, the robust
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global single-measurement standard deviation was 0.318 log units (median), giving o(Ay) = 0.45 as an
approximate secondary reference; this value assumes measurement independence and a specific paired-error
correlation and is used only for secondary analyses, never to filter the primary data. Per-target replication was
too sparse for stratified error models (median 2 groups per target), so a single robust global value was used.

Representation. Primary: Morgan fingerprint, radius 3, 4,096 bits, binary, chirality enabled. Radius 2 and count
fingerprints were prespecified sensitivity checks; the achiral radius-3 fingerprint was the exact collision-floor
control.

Task and models. For each pair we formed the signed difference & = ¢(A) - ¢(B). Pair orientation is not
available at deployment, so orientation was randomized per pair (seed 7); because the model is exactly
antisymmetric, real-metric values are invariant to this choice while the null is correctly centered. Predictions
used the symmetrized estimator A(8) = [h(8) - h(-8)]/2, guaranteeing A(B,A) = - A(A,B) exactly (verified: max
[f(A,B) + f(B,A)| = 4x10-'¢), with orientation augmentation kept within a fold. Separate target-specific models
were fitted; no labels were pooled across targets. Base learners were a random forest (80 trees, minimum leaf
3) and ridge regression (a = 10) on §; both hyperparameter sets were frozen a priori from the three-target
development cohort and were not tuned on confirmatory metrics.

Splits. Because each target—pair contributes exactly one aggregated label, the modeling unit is the pair.
Evaluation used scaffold-grouped 5-fold cross-validation (extrapolation to unseen Bemis—Murcko scaffolds) as
primary, with connectivity-grouped interpolation as secondary. Both orientations of a pair (the augmentation
copies) were assigned to the same fold; the source records underlying a pair's label had already been
aggregated at label construction.

Statistics. The single primary statistic was the normalized zero-A skill score S_A =1 - MAE(4, Ay) / MAE(O, Ay).
Secondary metrics were Spearman(A, Ay) and balanced directional accuracy (exact ties, |Ay| < 10, excluded
from the directional metric only and retained in S_A and Spearman). Target-level significance used a scaffold-
cluster-level sign-flip null (2,000 repetitions per target, magnitude preserving) as primary and a pair-level label-
permutation null (1,000 repetitions) as a robustness check, with full model refitting inside each repetition and
empirical p-values. Benjamini—Hochberg false-discovery-rate (FDR) correction [14] was applied across targets.
Because BH depends on the hypothesis family, the three development targets (BACE1, BTK, JAK3—used for
pipeline construction, null calibration, and hypothesis formation) were excluded from the confirmatory
correction family, and BH was recomputed within the eleven held-out targets.

Forest-plot confidence intervals. Per-target S_A 95% confidence intervals (held-out forest plot) were computed
by a scaffold-cluster bootstrap: scaffold clusters were resampled with replacement (the target's cluster set,
matched count), the pairs belonging to the resampled clusters were pooled, S_A was recomputed on the fixed
out-of-fold predictions, and the 2.5/97.5 percentiles over 2,000 resamples were reported.

Descriptive signal-to-variability index. A per-target ratio R_t = median|Ay| / 0.45 was specified in the frozen
protocol; its association with skill across targets was evaluated descriptively.

Reproducibility. All artifacts and random seeds are hashed in FROZEN_ARTIFACTS.json (sha256 Obec1c7d...);
null distributions (mean, quantiles, empirical p) are exactly regenerable from the recorded seeds (orientation 7,
nulls 202) and cohort_pairs.csv.
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3. Results

3.1 In the audited targets, radius-2 collisions were radius-limited, not hash-induced. Enantiomer "collisions"
(identical feature vectors) under chirality-aware fingerprints were identical across 1,024, 2,048, 4,096, and 8,192
bits and under unhashed Morgan identifiers, excluding finite hashing. They depended on radius: the collision
rate fell from 17.8% to 5.1% (BACE1), 3.5% to 0% (BTK), and 1.3% to 0% (JAK3) between radius 2 and 3 (Fig. 2).
Among BACE1's radius-2 collisions, 15 of 21 resolved at radius 3 (radius-limited), 6 of 21 remained identical
even with unhashed radius-3 identifiers (a genuine encoding limitation, ~ 5% of pairs), and none were hashing
collisions. Carry is near-complete at radius 3; all collision percentages are configuration-specific and refer to the
audited targets.

3.2 Controls behave as required. The symmetrized estimator was exactly antisymmetric (4x10-'¢). The achiral
representation produced & = 0 for every enantiomer pair, forcing A = 0 and making S_A exactly equal to the
zero-A baseline—an operational collision floor. Sign-flip nulls centered slightly below zero (mean - 0.041, range
-0.077 to - 0.017), as expected for a normalized skill score under scrambled labels; centering was uncorrelated
with cluster imbalance (p = -0.07) or target size (p = -0.26), and empirical p-values account for it directly.

3.3 Held-out confirmation (primary). With the three development targets removed from the correction family
and BH recomputed at m = 11, five of eleven held-out targets showed FDR-significant positive S_A under
scaffold extrapolation: JAK1, JAK2, ERK2 (MAPK1), ROR-y (RORC), and HDAC®6 (q < 0.0033; Table 2; Fig. 3).
EGFR did not reach significance in the held-out family (q_held-out = 0.0503) and is treated as a boundary case
(Section 3.4).

— Held-out confirmation (m =11). Benjamini—Hogﬁzt;l?girecomputed within the eleven held-out targets; five
itive.
Source: FINAL_RESULTS.json (family_11_heldout).

target development n scaffolds S_delta spearman p q(q11) positive Rt

HDAC6 no 83 53 0.237 0.32 0.0015 0.0033 YES 0.67
JAKT no 207 119 0.172 0.43 0.0005 0.0014 YES 1.33
JAK2 no 199 117 0.16 0.4 0.0005 0.0014 YES 1.07
ERK2 no 102 64 0.149 0.38 0.0005 0.0014 YES 3.18
ROR-y no 201 119 0.087 0.28 0.0005 0.0014 YES 1.67
EGFR no 82 64 0.038 0.17 0.032 0.0503 0.82
TYK2 no 95 51 0.021 0.22 0.063 0.077 1.07
IRAK4 no 172 82 0.015 0.22 0.063 0.077 1.02
hERG no 129 95 -0.007 0.09 0.0305 0.0503 0.47
PI3Kd no 98 57 -0.026 0.32 0.3198 0.3518 0.71
SYK no 82 52 -0.041 0.13 0.4698 0.4698 0.73
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3.4 Complete-map characterization and the EGFR boundary. Across all fourteen targets (development targets
included), eight were positive: the five above plus BACE1, BTK, and EGFR (Table 1). EGFR crossed the threshold
only in the combined family (g_combined = 0.0498) and not in the held-out family (q_held-out = 0.0503); this
correction-family dependence is reported as a transparent boundary sensitivity, not as held-out positive
evidence.

3.5 Skill is strongly target-dependent. Target S_A ranged from - 0.041 to + 0.241. Pair and scaffold counts
showed no strong descriptive association with skill in this fourteen-target sample (S_A vs number of pairs p =
0.26; vs scaffolds p = 0.24), and the negative association with tie fraction (p = -0.40) is mechanistic, since ties
carry no directional signal.

3.6 Ridge and random forest performed comparably. Across targets, the paired difference S_A(ridge) - S_A(RF)
had median +0.005 (95% CI [- 0.032, + 0.019]; Wilcoxon p = 0.76; Fig. 4), consistent with much of the accessible
stereochemical signal being additive in signed-fingerprint space; we do not claim formal statistical equivalence.

3.7 The signal-to-variability trend was suggestive but not confirmed. Across all fourteen targets, R_t correlated
with skill (p =0.62, p=0.018 for S_A; p =0.73, p = 0.003 for Spearman). In the eleven held-out targets this
weakened and did not reach significance (S_A: p = 0.42, p = 0.20; Spearman: p = 0.53, p = 0.095), and leave-one-
out analysis showed the full-map correlation dropped to + 0.53 when the highest-leverage development target
(BACE1) was removed. We report the relationship as a descriptive, unconfirmed trend (Fig. 5).

3.8 A post-hoc counterexample. HDAC6 was FDR-positive despite a low median|Ay| (0.30; R_t =0.67): 43% of
its pairs exceeded 0.45 log units and 28% exceeded 1.0 (upper quartile 1.18, maximum 3.27). A median-only
signal summary understates such a heavy upper tail, offering a post-hoc explanation for why the median-based
R_t under-predicts skill for this target and a plausible reason the held-out association is weak.

3.9 The method does not manufacture predictability. Low-signal targets (e.g. JAK3) and the achiral control
returned null or baseline skill, and four targets returned negative S_A; in particular, KCNH2/hERG (S_A = -0.007)
is not a positive predictive target despite a low unadjusted p-value.

4. Discussion

Separating carry from use clarifies the interpretation. Because chirality is essentially fully carried at radius 3, the
meaningful scientific quantity is use, and use is real but conditional: a subset of targets (five of eleven held-out;
eight of fourteen overall) supports out-of-sample prediction of measured enantioselectivity under scaffold
extrapolation, while others do not. The comparability of ridge and random forest suggests that much of the
accessible component may be additive in signed-fingerprint space, which is encouraging for interpretability and
simplicity; it does not establish formal statistical equivalence, nor should it be read as evidence that nonlinearity
is never useful.

The most tempting narrative—that predictive use is governed by whether enantioselectivity exceeds
measurement variability—was suggestive across the full map but did not confirm on held-out targets, and
HDACG6 provides a concrete mechanism for why a median-based signal statistic is too coarse. This is the
appropriately cautious conclusion: a hypothesis worth testing at larger scale with a tail-aware signal measure,
not an established law. Future work should extend to more targets, adopt a tail-sensitive signal statistic, validate
on an independent resource, and evaluate chirality-aware architectures [7, 8] on the same measured benchmark.
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5. Limitations

Only fourteen targets met the frozen data-quality bar, so the held-out family (eleven) is small and the signal-to-
variability test is underpowered. The eligibility criteria enrich for data-rich, well-studied targets, so the
qualifying set is not representative of all proteins; results should not be extrapolated beyond comparable
targets. Assay-level Ay medians aggregate across distinct assays for a given pair, which may blur genuine
assay-to-assay differences. The variability reference derives from provenance-distinct, not provably
independent, repeats and is used only secondarily. The analysis is restricted to IC50, confidence-9, single-
protein, binding data—clean but narrow—and was not validated against an independent external bioactivity
database. No experimental validation was performed; predictions concern measured potency differences, not
causal efficacy. EGFR's positivity is correction-family dependent. Full null arrays were not stored (only
summaries), though they are exactly regenerable from the recorded seeds.

6. Conclusions

Chirality-aware radius-3 Morgan fingerprints carry stereochemistry almost completely, so the scientifically
meaningful question is use rather than representational capacity. Under a prospectively frozen, scaffold-
extrapolation protocol, that use is real but conditional: five of eleven held-out targets—eight of fourteen across
the complete map—supported significant out-of-sample prediction of measured enantiomer potency
differences, ridge and random-forest models performed comparably (indicating that much of the accessible
signal is additive), and achiral controls and several targets returned null or negative skill. The elevated low-
radius collision rate was a neighborhood-radius effect, not a hashing artifact. The signal-to-variability
relationship was suggestive across the full map but did not confirm on the held-out targets; it remains a tail-
aware hypothesis for larger, externally validated testing rather than an established law.

Abbreviations

BH

Benjamini—Hochberg

Cl

confidence interval

ECFP

extended-connectivity fingerprint

FDR

false discovery rate

IC50

half-maximal inhibitory concentration
InChl

IUPAC International Chemical Identifier
MAE

mean absolute error

QSAR

quantitative structure—activity relationship
RF
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random forest

R_t

signal-to-variability index (median|Ay| / 0.45)
S_A

normalized zero-A skill score.
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Figure 1

Study workflow. Pipeline from ChEMBL 37 extraction and same-assay enantiomer pairing through frozen
modeling, with explicit separation of the three development targets from the eleven held-out confirmatory
targets.
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Fingerprint collisions are a radius effect, not a hashing artifact. Enantiomer collision rate versus Morgan radius
and fingerprint configuration; binary, count, and unhashed identifiers coincide across 1,024-8,192 bits, and the
rate falls sharply from radius 2 to radius 3.
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Figure 3

Held-out target forest plot. Per-target S_A under scaffold extrapolation with scaffold-cluster-bootstrap 95%
confidence intervals and sign-flip null markers; the three development targets are shown in a separate panel.

Page 13/15



td
#

0.3 A ®BACE1

0.2 - ,r”
oNK2
" @AKL
g " #BTK
O P
= 0.1 - /'
< J@ROR-y
V) ’

0.0 1 .J*ha‘l’(ﬁ @EGFR

-0.1149 -~ P

-0.1 0.0 0.1 0.2 0.3
S, random forest

Figure 4

Ridge versus random forest. Paired per-target comparison of S_A for ridge regression and the random forest,
showing comparable observed skill.
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Figure 5

Signal-to-variability versus skill. Scatter of the per-target index R_t against S_A, distinguishing development and
held-out targets, with HDAC6 annotated as the heavy-upper-tail counterexample. Null distributions and
extended robustness analyses are in the Supplement.
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