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Introduction

Accurate a priori prediction of reaction yields is
a long-standing objective in organic chemistry.?
While literature and patent databases offer vast
resources for Machine Learning (ML), their util-
ity is constrained by two pervasive biases.?™4
First, selection bias arises from the preference
for familiar conditions and reagents, limiting
chemical space exploration. Second, reporting
bias distorts yield distributions; failed or low-
yielding reactions are systematically underre-
ported, resulting in datasets rich in ‘positive’
examples but critically deficient in the ‘nega-
tive’ examples essential for training discrimina-
tive models (see Figure 1). We address this by
leveraging Positive-Unlabeled (PU) learning to
compensate for the absence of negative data.>®
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Fig. 1: Comparison of binned yield frequencies
for Suzuki-Miyaura couplings. A) Literature da-
tabases such as Reaxys are severely skewed to-
wards high-yielding examples. B) HTE Dataset
by Perera et al. shows a more balanced yield dis-
tribution.”

Methodology

We propose PAYN (Positivity is all you need), a
framework that utilizes PU learning to identify
"reliable negatives" (RN) from unlabeled data
to balance the labeled set. The PAYN framework
employs a two-step approach:

Relative Frequency

Classification: A classifier is trained to distin-
guish between Positive and Unlabeled data-
points. Using this classifier, the Unlabeled data-
points are then reassigned by their probability
values and a dynamically created threshold.
Datapoints under the threshold are regarded as
‘Reliable Negatives’ (RN) and are assigned a
Yield of 0%.

Regression: The combined augmented dataset
(Labeled Positives + RN) is then used to train a
regression model for yield prediction.

Since reaction yield is continuous, we frame the
initial prediction as a binary classification prob-
lem (Positive >20% yield).

To benchmark PAYN we utilized datasets de-
rived from High-Throughput Experimentation
(HTE) datasets, which give us the ground truth.
We simulated reporting bias in these HTE da-
tasets by splitting the dataset into an Unlabeled
portion (label hidden) and a labeled Positive
portion (all negative examples dropped).

Results and Discussion

We validated the framework across diverse re-
action types, including Ni-catalyzed boryla-
tions®, Buchwald-Hartwig, and Suzuki-
Miyaura couplings’. To contextualize the effi-
cacy of the model trained on PAYN augmented
data, two distinct benchmark models we trained
in addition to our augmented regression model.
First a fully labeled model was trained on the
whole training data, as an upper benchmark. In
addition to this, a positive only model was
trained as a baseline on just the labeled positive
datapoints.

As shown in Figure 2, the augmented model con-
sistently outperforms the positives only base-
line, confirming our hypothesis that the unla-
beled portion of the dataset contains latent
structural information critical for defining the
reaction landscape. The most pronounced im-
provement was observed in the dataset by Ah-
neman et al., where the positives only model
yielded a baseline MAE of 11.1%. The inclusion



AI4X - Accelerate Conference 2026, Singapore, 16-19 June 2026

B) Stevens et al C) Pereraetal
560 248 4147 1648
reactions reactions reactions reactions
~—

SN—Y

2847 1054
reactions reactions

SN—Y

37% of labeled datapoints 44% of labeled datapoints 40% of labeled datapoints

3 20 15
-61% 479 -33%
126 4T —
! ]

o 15
S 10.0 10
k=)
§ 75 10
b 10.8
< 5.0 6.8
$ o ; +1.0 5

25

0.0 0 0

EEE PAYN augmented model  [EEE Fully labeled model

Fig. 2: Benchmarking of the PAYN augmented regression model against theoretical performance limits across three
HTE datasets. Circles represent the amount of labeled datapoints used by the PAYN augmented model and positives
only model in com parison to the fully labeled model. The bar chart displays the MAE for the positives only lower
benchmark (light green), the proposed PAYN augmented model (gold), and the fully labeled upper benchmark (grey).
Annotated percentages indicate the proportion of the performance gap between the positives only and fully labeled
models that is successfully bridged by the PAYN framework. Error bars represent the standard deviation across five

[ Positives only model

cross-validation folds.

of RN via the PAYN framework reduced the MAE
to 6.8%. When viewed in the context of the fully
labeled upper bound (MAE 4.0%), our approach
successfully bridged 61% of the performance
gap, without the need for any additional exper-
iments and utilizing only 37% of the labeled
data. Similar trends were observed for the Ste-
vens et al. and Perera et al. datasets, with per-
formance improvements of 47% and 33% (Fig-
ure 2 B-C), respectively. We attribute the varia-
tion in performance gain to the underlying to-
pology of the chemical spaces, as well as density
and size of the HTE datasets.

Conclusion

We demonstrate that PU Learning can be lever-
aged to train robust ML models for yield predic-
tion even from severely biased data. Even after
removing all negative datapoints to simulate ex-
treme reporting bias, the PAYN framework suc-
cessfully generates reliable negatives to con-
struct balanced datasets. This approach allows
predictive performance approaching that of
models trained on fully labeled ground-truth
data, unlocking the potential of literature data
for predictive modelling.
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