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ABSTRACT: Quantifying the uncertainty associated with a QSAR
prediction is hugely valuable. Conformal regression and Venn-ABERS
have emerged as state-of-the-art uncertainty estimation methods for
regression and classification QSAR models, respectively. However,
their performance is limited when they are applied to compounds
sampled from a different distribution to the data used to train the
model and/or calibrate their uncertainty estimates. Previous studies
have evidenced this when applying these methods to nonrandom
train/test splits, e.g., temporal validation, cluster or scaffold splits.
Building on these previous studies, we demonstrate that explicit
applicability domain calculations, using only structural similarity, can
help determine when these uncertainty estimates are less reliable for
molecules encountered after model building. By less reliable, we mean
the uncertainty estimates for out-of-domain predictions are less likely to reflect the empirically observed model residuals (regression)
or probability of observing the predicted class experimentally (classification). After briefly comparing different methods using
exemplar data sets, we extensively investigated the implications of computed applicability domain status for uncertainty estimation
reliability using a k-nearest neighbors applicability domain approach (nUNC), in combination with Cross-Venn-ABERS Predictors
(classification) or Aggregated Conformal Prediction (regression) uncertainty estimation across a wide range of public data sets.
Because these are more representative of real-world applications, we focus on the results obtained on nonrandom test sets: temporal
and cluster splits defined in previous modeling studies. We also present results for multiple temporal splits (time-splits) of
classification and regression industrial data sets. In most cases, we found that nUNC was capable of distinguishing between
molecules where the uncertainty estimates were, on average, more (inside the domain) vs less (outside the domain) reliable.

■ INTRODUCTION

When applying a Quantitative Structure−Activity Relationship
(QSAR), it is essential to assess the uncertainty associated with
the predictions. In recent years, this topic has received
considerable attention in the cheminformatics community.1−5

Approaches for assessing the uncertainty in the predictions are
useful for active learning6 and multiparameter optimization,7,8

as well as deciding whether individual predictions are
sufficiently reliable to be used for decision making.5 The
main approaches can be distinguished as follows: (i)
applicability domain methods which aim to differentiate
between predictions that can generally be expected to be
reliable (inside the domain) vs those which cannot (outside
the domain);2,5 (ii) continuous metrics which seek to rank
compounds according to the expected reliability of their
predictions;9 and (iii) calibrated uncertainty estimation
methods which seek to quantify the reliability associated
with individual predictions.3,4

Here, it should be acknowledged that the terminology
around these concepts is not always used entirely consistently
in the literature.5 Indeed, it has been argued that uncertainty
estimation approaches can themselves serve to define the

applicability domain,10,11 implying that a distinct definition is
redundant. However, this is not a safe assumption. Indeed,
Hanser et al. argued that what they term “applicability”,
“reliability” and “decidability” should be considered in a
stepwise fashion.5 What they term “applicability” and/or
“reliability” are addressed by common applicability domain
methods. Subsequently, what they term “decidability” would
be addressed by uncertainty estimation methods.
The claims of Hanser et al.5 chime with claims12 that the

uncertainty in predictions arises from three distinct sources:
aleatoric (noise in training data), epistemic (uncertainty arising
from the modeling process, e.g., due to limited training data),
and distributional (new molecules come from a different
distribution than data seen during training or calibration of
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uncertainty estimates). That said, distributional shift can also
be seen as a source of epistemic uncertainty.13

Two frameworks for quantifying the uncertainty in
individual predictions have received particular attention in
the cheminformatics community: conformal prediction1,4,14

and Venn-ABERS.15−18 They have been proposed for
industrial10,15,19,20 and, in the case of conformal prediction,
regulatory21 applications.
Conformal prediction1,14,19,22,23 produces prediction inter-

vals which, under the assumption of data “exchangeability”, are
guaranteed or, for some variations,14,24 simply expected, on
average,19 to contain the true value with a predefined
confidence level. It has also been claimed that this guarantee
for the prediction intervals holds for the measured values in
practice.19 These prediction intervals are obtained using a
calibration set, which is typically sampled from the same
distribution as the training data. In practice, the assumption of
“exchangeability” means that new compounds being predicted
are expected to come from the same distribution used to build
the model and/or calibrate the prediction intervals.14 When
applied to regression tasks, conformal prediction may be
referred to as “conformal regression”.4

Venn-ABERS15−17 is another calibrated method that is
applicable to the modeling of categorical properties (classi-
fication) and produces upper and lower bounds on the
probability of a particular class label being correct. These
bounds can be fused to give a single estimate of the probability
that a particular class label is correct. Assuming the raw output
of the model used during calibration of the probability
estimates is monotonically related to the class labels, these
upper and lower bounds of the probability are guaranteed to
contain the true class probability,16,17 indicating that the fused
probability estimate should be reliable. By “monotonically
related to the class labels”, we mean that, for a binary classifier
discriminating between actives and inactives, increasing the
value of the raw output from the model increases the chance of
belonging to the active class.
Given the assumptions of exchangeability and monotonicity,

which underpin the reliability of conformal prediction and
Venn-ABERS, respectively, it follows that neither can be
expected to produce reliable uncertainty estimates for
compounds selected from different distributions from those
used to build the models and/or calibrate their uncertainty
estimates. Indeed, some studies have demonstrated this
empirically, by observing that moving to new chemicals not
drawn from the same distribution as the training/calibration
data can result in a reduction in the ability of conformal
prediction25−28 or Venn-ABERS15,20,29 to produce reliable
uncertainty estimates. In these prior studies, the selection
criteria for the test sets were expected to result in a high
number of compounds from a different distribution from the
training/calibration data. For example, the test sets were
reported at a later time point,20,26,28,29 were based on scaffold-
split cross-validation,15 cluster-split cross-validation27 or differ-
ent activity ranges to the training set.25 We hypothesized that
some of these molecules may have been sufficiently similar to
the training and/or calibration set for uncertainty estimation to
be more reliable than was observed on the test set as a whole.
For practical purposes, it would be hugely valuable to have

an applicability domain method that can flag untested
compounds as being sufficiently different from those seen
during training/calibration that the uncertainty estimates of
conformal regression or Venn-ABERS are no longer sufficiently

reliable. Importantly, this applicability domain method should
be effective for new molecules that may come from novel
regions of chemical space without experimental data available
to update the calibration of the uncertainty estimates26,28 or
refine the domain.30

By ‘no longer sufficiently reliable’, we mean that the
uncertainty estimates for out-of-domain predictions poorly
reflect the empirically observed model residuals, for regression,
or probability of observing the predicted class experimentally,
for classification. We do not simply mean that the predictions
become less reliable outside the domain, and the estimated
uncertainty becomes higher. Indeed, if the estimated
uncertainty merely increased to reflect the reduced reliability
in the predictions, the uncertainty estimates would reliably
characterize the higher prediction uncertainty. Rather, we
expect the uncertainty estimates to be less likely to reflect the
reliability of the predictions outside the domain.
In contrast, prior research into applicability domain methods

has focused on choosing an appropriate method that ensures
that compounds with less reliable predictions tend to lie
outside the domain and those with more reliable predictions
tend to lie inside the domain.2,31,32 However, despite the
studies mentioned above demonstrating reduced performance
of uncertainty estimates for compounds not sampled from the
same distribution as the training/calibration set, we were not
aware of any prior study that had explicitly investigated the link
between applicability domain calculations and the reliability of
uncertainty estimates. Knowing whether an applicability
domain method could split a given set of newly encountered
molecules into those for which uncertainty estimation would
be more (inside the domain) vs less (outside the domain)
likely to be reliable would be valuable for real-world
applications of a model.
Hence, the focus of this study was to systematically explore

how the reliability of the uncertainty estimates generated using
conformal regression and Venn-ABERS depends on an
explicitly computed applicability domain (AD) status.

■ METHODS

Overview

We built classification and regression models for a variety of
public and proprietary data sets, using uncertainty methods to
estimate the uncertainty in their predictions. We evaluated the
performance of the predictions and uncertainty estimates on
random (randomly sampled from the same distribution as the
training set) and nonrandom test sets (temporal or cluster
splits). For classification tasks, we used Cross-Venn-ABERS
Predictors (CVAP),17 and for regression tasks, we used
Aggregated Conformal Prediction (ACP).33 These uncertainty
methods have been shown to typically outperform uncalibrated
uncertainty methods and other common variations of Venn-
ABERS and Conformal Prediction in prior studies.1,15,16 (We
initially explored some alternative uncertainty methods using
the random test sets for a few exemplar public data sets,
including common variations of conformal regression22,34 and
Venn-ABERS,16,17 and concluded ACP and CVAP performed
best overall.) We chose Random Forest as the underlying
modeling method due to its suitability for a range of QSAR
modeling tasks, without the need for extensive tuning.35,36 For
both the modeling and similarity calculations required by the
AD method, we represented the compounds using widely
employed Morgan fingerprints.15,37
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We then considered how well an AD method we refer to as
nUNC, which is loosely adapted from the literature12,38 (see
below), served to differentiate between reliable (inside the
domain) and less-reliable (outside the domain) predictions
and uncertainty estimates. (We initially explored some
alternative AD methods based on the literature,9,32,39 using a
few exemplar public data sets, and concluded nUNC was a
reasonable default, even though we do not claim it was optimal
for all data sets.) We evaluated the effectiveness of the AD
method based on what we term “shift metrics” (described
below) and focused on results obtained following the splitting
of the nonrandom test sets into inside and outside domain
subsets. We focus on the nonrandom test sets as these more
closely resemble real-world applications than random test sets.
We note that we make no claim that the uncertainty and AD

methods we investigated in our work are optimal for all data
sets. Identifying the exact AD method, parameters, and
variations of conformal regression and Venn-ABERS, or
other uncertainty methods, which are optimal for specific
data sets, is a question we leave for future studies. Rather, our
work presents a proof-of-concept that explicitly dividing
molecules into inside and outside of domain compounds,
using an AD method based on structural similarity alone, can
identify molecules for which uncertainty methods are less likely
to behave reliably.

Selection of Public Data Sets

The public data sets we investigated were previously used to
assess the loss of calibration in uncertainty methods using
nonrandom train/test splits: the classification data sets by
Morger et al. based on data from Tox2126 and ChEMBL28 and
the ChEMBL regression data sets studied by Wang et al.27 We
refer to the data sets from these publications as the Morger-
Tox21, Morger-ChEMBL and Wang-ChEMBL data sets, or
“dataset groups”, respectively. Each of these data-set groups
comprises multiple individual data sets that correspond to in
vitro assay data against some target. We refer to individual
public data sets as targets or endpoints.

Public Classification Data Sets

All the classification tasks were binary, with the active/toxic
compounds denoted as members of “class 1” (terminology
used when discussing modeling and uncertainty methods).
The Morger-Tox21 data sets26 were originally assembled for

the Tox21 Data Challenge with a training set, called
Tox21Train, and two test sets, called Tox21Test and
Tox21Score, made available for each target. These two test
sets were chronologically released,26 rather than being
randomly sampled from the same distribution as Tox21Train.
Hence, we refer to them as nonrandom test sets.
Each of the Morger-ChEMBL28 data sets was available as a

training set and two test sets labeled Update1 and Holdout,
which are both derived from chronological splits, based on the
date of publication, with Holdout being the most recent.
Hence, we refer to them as nonrandom test sets. Morger et
al.28 also describe a third set of test sets, Update2, but we did
not use these to limit the study to the same number of
nonrandom test sets as the Morger-Tox21 data sets.
For both the Morger-Tox21 and Morger-ChEMBL data sets,

the literature training sets were randomly split, using stratified
sampling, into subsets of 80% for training and 20% testing,
even though we focus on the results obtained for the
nonrandom test sets defined in the literature (see above), as
these are more representative of real-world applications. The

same random 80% subset was used for training models applied
to all test sets, to avoid confounding the comparisons of results
on different test sets by changes in the training set.

Public Regression Data Sets

In contrast to the classification data sets described above,
literature-defined time-splits were not available for the chosen
public regression data sets. Instead, Wang et al.27 defined
different splitting strategies, of which “IVIT” and “IVOT” were
relevant to our work. We use these terms for their data sets
only in order to be clear that we used the same folds. In all
cases, they followed a 5-fold cross-validation split on the full
data set. Here, we used the same IVIT and IVOT folds
provided by Wang et al.,27 with each fold being used in turn as
a test set, with the remaining data being used as the training
set. In both cases, we report results obtained over all five folds.
Note that for both IVIT and IVOT, in contrast to Wang et
al.27 who treated one of the remaining folds as a validation set,
we treated all other folds as the training set.
As described in Wang et al.27 the IVIT (In-Domain

Validation set, In-Domain Test set) folds were obtained via a
standard random splitting approach where each fold was
sampled from the same distribution. Contrastingly, as
previously described,27 the IVOT (In-Domain Validation set,
Out-of-Domain Test set) folds were based on 5-fold cluster
cross-validation. For that approach, the compounds were first
clustered, such that the minimum distance (1 - Tanimoto
similarity, based on a binary fingerprint) between molecules in
different clusters was 0.3. The clusters were then combined to
form five folds of approximately equal size. We consider each
of the IVOT folds to be a nonrandom test set.

Industrial Classification Data Set

This is a classification data set of approximately 5000
compounds from the Syngenta corporate database, where the
endpoint is a binary categorical measure of soil persistence
based upon the half-life for degradation in soil (DT50)
according to a discovery project protocol designed by
Syngenta. The assignment to category (DT50 < 100 or >100
days) was based on the geometric mean of multiple values
(different soils, soil samples, and repeat measurements).
Compounds where the median value and the geometric
mean indicated different categories were removed. Here, DT50
< 100 days was treated as “class 1” (terminology used when
discussing modeling and uncertainty methods).
Multiple iterative time splits were performed with the

strategy for training vs testing configured to represent updating
models with new data as new compounds are tested within
discovery projects. Thus, for each time-point, all compounds
tested up to the previous time-point were used as the training
set, and all newly tested compounds available at that time point
were used as the test set. In keeping with work by Sheridan and
co-workers at Merck,31 who report employing a similar model
update and temporal validation strategy, results were not
generated for time points where the number of new
compounds in the test set was less than 50, or where there
were fewer than 25 compounds per category, due to an
assumed lack of robust results.

Industrial Regression Data Set

This comprises logP measurements for approximately 22,000
compounds, retrieved from the Syngenta corporate database.
As per the Industrial Classification Data set, multiple iterative
time splits for training (on previously assayed compounds),
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and testing (on newly assayed compounds) were generated
based upon regular time points, with time points where the
number of compounds in the test set was less than 50 being
skipped in keeping with literature precedence.31

Data Set Curation Workflow

For all public and industrial data sets, molecular structures
were standardized and fingerprints computed (see the section
“Fingerprints”). Any molecules that failed any of these steps
were removed. Removal of duplicates for the public data sets
was performed using InChIs prior to and after standardization.
Checks for duplicates in the Industrial data sets were
performed using unique corporate identifiers. Full details of
the data-set curation workflows, which are similar but not
identical to those employed by Morger et al.26 and Walter et
al.,40 can be found in the Supporting Information.

Fingerprints

Morgan fingerprints of radius 2, which are similar to the
ECFP4 fingerprints,41 and hashed to a fixed-length bit-vector
of length 1024, were calculated using RDKit42 and used as the
descriptors for model building. They were also used to
compute distances between compounds, for the AD methods
and analyses of training set diversity, using the Soergel distance
(1−Tanimoto similarity),43 otherwise known as the Tanimoto
distance.27

Random Forest Models

Random Forest (RF) models were created for both
classification and regression35,44 using SciKit-Learn45−47 and
used as the basis for all Machine Learning predictions and
uncertainty estimates. Given that RF can be expected to
perform well with sensible defaults,35 we did not tune the
hyperparameters. The full hyperparameter settings are
described in the Supporting Information.

Robustness Assessment

Since RF and the uncertainty estimation methods require
random sampling, the robustness of these calculations was
assessed by generating all results using five different random
seeds. In addition, for the Wang-ChEMBL data sets (see
“Public Regression Datasets”), results were also generated over
five literature-defined cross-validation folds (IVIT or IVOT).

Meaning of Training Set for Calibrated Uncertainty
Methods

In keeping with the literature,17,22 the “training set” contains
both the “proper training sets”, used to build the underlying
RF models, and the “calibration sets” sampled from the
“training set” in order to calibrate the uncertainty estimates for
CVAP and ACP. Since these uncertainty methods are based
upon multiple proper training/calibration splits of the training
set, and the predictions themselves are contingent upon the
uncertainty estimates, as explained below, all available training
data was used to refine the predictions in practice.

Uncertainty Method for Regression: Aggregated
Conformal Prediction (ACP)

Aggregated Conformal Prediction (ACP) builds on top of
Inductive Conformal Prediction (ICP),22 which is therefore
described first.
For ICP, the training set was divided into a proper training

set and a calibration set, using stratified random splitting, in the
ratio 75:25.4,33 A model was trained on the proper training set
using RF. Nonconformity scores, αi, were calculated for each
instance i of the calibration set as the scaled absolute difference

between the experimental (yi) and the predicted (ŷi) value,
using eq 1.

=

| |y y

i
i i

i (1)

In eq 1, λi is a scaling factor that is derived from the standard
deviation (σi) of the predictions of the underlying trees in the
RF model, as per eq 2. We chose this approach to
nonconformity score calculation based upon prior work by
Svensson et al.4

= e
i

i (2)

Subsequently, for computing prediction intervals for new
compounds, the calibration set nonconformity scores were
ranked in descending order and the largest nonconformity
score (αε) was selected for which the fraction of calibration set
compounds with scores equal to or greater than this was
approximately the same as the specified significance level (ε),
using Algorithm 2 from Papadopoulos et al.22 The prediction
interval (PI) for a new compound (t), e.g., test set compound,
at the specified significance level (PIε,t) was then computed
using the selected calibration set nonconformity score (αε) and
the scaling factor for the new compound (λt) using eq 3. In eq
3, ŷt denotes the prediction of the underlying Random Forest
model, and λt is computed, as per eq 2, using the standard
deviation of the predictions of individual trees (σt).

= ±PI yt t t, (3)

Subsequently, ACP applies ICP to the training set N times,
i.e., N random partitions into proper training and calibration
sets are generated, then combines the resulting prediction
intervals to derive an overall prediction and prediction interval.
As per Lindh et al.,33 we computed the final upper and lower
limits of the prediction intervals as the median of the upper
and lower limits of the N ICP prediction intervals respectively,
and computed the corresponding prediction as the midpoint
between these final prediction interval limits. (This ensures, as
for ICP, that the prediction intervals are symmetric about the
prediction, but it does mean that the prediction is contingent
upon the specified significance level.) To facilitate performing
all calculations within the time limits of the computer cluster
used for this work, we set N to 20, as per Morger et al.26

Choice of a Bespoke Significance Level for Regression
Uncertainty Estimates

In contrast to various prior applications of conformal
regression,1,4 we chose to focus on prediction intervals
computed at a significance level of 32%. We explain our
rationale for this when describing the metric ENCE below. We
only considered other significance levels when computing ECE
(see below).

Uncertainty Method for Classification: Cross-Venn-ABERS
Predictors (CVAP)

Since CVAP entails combining the outputs of IVAP applied to
cross-validated proper training/calibration splits, we first
explain how IVAP was applied to a single partition.
IVAP16,17 entails randomly splitting the training set into a
proper training and calibration set, using the model trained on
the proper training set to compute scores for all calibration
compounds and the new compound of interest, and then using
Isotonic Regression to obtain an upper and lower estimate for
the probability that the new compound belongs to “class 1”.
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Subsequently, the upper (p1) and lower (p0) probability
estimates can be combined into an overall probability estimate
(p) of membership of “class 1” using eq 4.

=

+

p
p

p p1

1

0 1 (4)

Here, the scores were the uncalibrated probabilities of “class
1” membership from the RF model.
Subsequently, CVAP16,17 entails partitioning the training set

into K folds of roughly equal size and then using each fold in
turn as the calibration set and the remaining training set
compounds as the proper training set in order to obtain K sets
of p0 and p1 as defined above for IVAP. These can be
combined into an overall probability estimate (pCVAP) for
membership of “class 1”, for the new compound of interest,
using eq 5, where GM denotes the geometric mean. Here, we
set K to 5 and used stratified random splitting.

=

+

p
p

p p

GM( )

GM(1 ) GM( )CVAP

1

0 1 (5)

Subsequently, these calibrated probabilities were used to
predict whether the compound belonged to “class 1” or “class
0” based on whether the probability for “class 1” exceeded 0.5.

Prediction Performance Metrics

Standard metrics were used to assess the overall prediction
performance of the different methods across the various test
sets and to check the ability of the AD method to differentiate
between, on average, more (inside domain) and less reliable
(outside domain) predictions. In the case of regression, R2

(coefficient of determination), computed based on the method
reported by Alexander et al.,48 RMSE (root-mean-square
error), Pearson correlation, and Spearman rank correlation
coefficients were calculated. (We prefer the RMSE over the
Mean Absolute Deviation (MAD) for analysis, as it also
conveys information about the size of model residuals while
emphasizing outliers.) For the classification tasks, balanced
accuracy, Mathews Correlation Coefficient (MCC), area under

the curve (AUC), and Cohen’s Kappa were calculated to assess
the overall, rather than class-specific, prediction performance.

Uncertainty Estimation Performance Metrics for
Regression

For conformal regression, the uncertainty estimates were
evaluated using efficiency and validity,4 as well as a variety of
other metrics which have been proposed in the literature for
assessing uncertainty estimates for regression models.27 We
assessed validity in terms of the coverage, i.e., the fraction of
experimental endpoint values lying inside the prediction
interval, which, for a valid conformal predictor, is expected
(on average, for sufficiently large sample sizes) to be close to or
greater than the complement of the significance level.4,19,22,27

Efficiency was defined as the average size of the prediction
intervals, for which it is desirable to be as small as possible
while still maintaining validity.4 As well as coverage and
efficiency, we computed Expected Normalized Calibration
Error (ENCE), and Spearman’s Rank Correlation Coefficient
(SCC) between the size of the prediction intervals and the
prediction residuals, as well as Expected Calibration Error
(ECE).27

We computed ECE27 as per eq 6, where coverage (i%)
denotes the observed coverage (%) at the specified significance
level of i%, while N denotes the number of significance levels
considered. We considered the following significance levels
(%): 0, 10, 20, 32, 40, 50, 60, 70, 80, and 90.

=
| |i i

N
ECE

((100 coverage ( %)) %)/100
i

(6)

We computed ENCE27 as per eq 7, following binning of the
test set compounds according to the prediction interval sizes.
In eq 7, N is the number of bins, computed as the number of
compounds divided by the minimum number of compounds
per bin, rounded down to the nearest integer or set to one if
the total number of compounds was less than this minimum.
Here, we set the minimum number of compounds per bin to
20 in keeping with literature precedence.27

Figure 1. Illustration of regression predictions and uncertainty estimates (prediction intervals) from which prediction and uncertainty estimation
performance metrics were computed, with the y = x line shown in orange. Predictions and prediction intervals (ACP, significance level 32%) were
generated for the Wang-ChEMBL COX-2 data set on one of the (A) IVIT (random) and (B) IVOT (nonrandom) folds. As explained under
Methods, the models were rebuilt using the complement of the fold for which results are shown, which necessarily differs between the IVIT and
IVOT scenarios. The corresponding performance metrics were as follows: (A) R2 = 0.57, RMSE = 0.74, Pearson coefficient = 0.76, Spearman
coefficient = 0.74, ENCE = 0.16, SCC = 0.37, efficiency = 1.35, coverage = 69%; (B) R2 = 0.24, RMSE = 0.93, Pearson coefficient = 0.51, Spearman
coefficient = 0.51, ENCE = 0.24, SCC = 0.30, efficiency = 1.49, coverage = 61%.
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Furthermore, MSE(i) denotes the mean-squared error of
predictions and mVAR(i) denotes the arithmetic mean of
VAR(i,t), across all molecules (t) in the i-th bin In turn,
VAR(i,t) denotes the uncertainty method’s estimated variance
in the distribution of possible values for the predicted property
for the t-th molecule. In our context, where we adopt ENCE
for the evaluation of conformal regression, it is the squared
value of half the prediction interval size. The assumptions
underpinning this calculation of VAR(i,t) from the prediction
interval sizes are as follows: (i) the predictions are unbiased,
meaning the distribution of true values is centered on the
prediction, like the prediction intervals; (ii) the prediction
intervals correspond closely to the confidence intervals for the
same nominal coverage level, i.e., a 32% significance level
prediction interval corresponds closely to a 68% confidence
interval; (iii) the distribution of possible true values is normally
distributed about the prediction, such that a confidence
interval of 68% corresponds to twice the standard deviation of
this distribution.
If these assumptions are violated, we would expect ENCE to

increase. Even if the assumptions are not violated, ENCE will
be larger if the uncertainty estimates are poorly calibrated.

i

k

jjjjjjjjj

y

{

zzzzzzzzz
=

=

N

i i

i

ENCE
1 mVAR( ) MSE( )

mVAR( )
i

N
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Illustration of Regression Predictions, Uncertainty
Estimates, and Performance Metrics

Figure 1 illustrates how the performance metrics vary between
two sets of predictions, prediction intervals, and experimental
endpoint values.

Uncertainty Estimation Performance Metrics for
Classification

For the classification tasks, the uncertainty estimates were
evaluated using the Stratified Brier Score (SBS)49 and metrics

that can be calculated from the calibration plot.18 The Brier
Score for two classes measures the mean-squared difference
between the model-estimated probability of “class 1” and the
experimental class labels (1 or 0). The SBS49 is more
appropriate for imbalanced data since it treats each class
separately and gives each equal importance by averaging the
Brier score for each class. The smaller the SBS is, the closer the
estimated probabilities are to the ideal case where all true
members of class 1 and 0 would have a model-estimated
probability for class 1 of 100 and zero percent, respectively.
However, the SBS still fails to give credit to high uncertainty

estimates, i.e., probabilities close to 50% for two classes, in
cases where the model predictions are likely to be incorrect.
Contrastingly, metrics based on the calibration plot, comparing
“observed” probabilities and model-estimated probabilities for
“class 1”, can give credit to estimated probabilities close to 50%
if this is true for the corresponding observed probabilities. The
observed probabilities for the calibration plots are obtained by
binning the model-estimated probabilities for “class 1” and
computing the observed probabilities as the fraction of
compounds for which “class 1” is the experimental label
within each bin. We used the approach presented in Arvidsson
et al.18 and refer to the calibration plots as “delta-calibration
plots”. Overlapping bins are defined centered on each test set
compound and extend to all test set compounds where their
model-estimated probabilities for “class 1” lie within some
small value, which we call “delta”, of the value associated with
the current test set compound. After computing the delta-
calibration plots, we calculated a range of performance metrics
capturing the relationship between the observed and model-
estimated probabilities for “class 1”. These were: coefficient of
determination (R2 (cal)), root-mean-square error (RMSE
(cal)), Pearson coefficient (cal), Spearman coefficient (cal).
We use the suffix “(cal)” to emphasize that these were
computed from the delta-calibration plot, to avoid confusion
with the regression prediction performance metrics.

Figure 2. Illustration of classification uncertainty estimates using delta-calibration plots for delta = 0.05 for the CHEMBL206 target from the
Morger-ChEMBL data set. (A) CVAP, random test set. (B) CVAP, Holdout test set (temporal validation). The x-axis shows the model-estimated
probability of class 1 (“Expected Probability”), while the y-axis shows the probability of class 1 estimated from the experimental class labels within
± delta of the model probability (“Observed probability”). The density of the points on each axis is shown via histograms. The corresponding
performance metrics are as follows: (A) R2(cal) = 0.90, Pearson coefficient (cal) = 0.95, Spearman coefficient (cal) = 0.96, RMSE (cal) = 0.12; and
(B) R2(cal) = 0.17, Pearson coefficient (cal) = 0.86, Spearman coefficient (cal) = 0.89, RMSE (cal) = 0.12.
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We chose delta to be 0.05 based on literature precedence.18

We briefly considered the sensitivity of the results for a
different value of delta and concluded 0.05 was reasonable
(details in Supporting Information). In Figure 2, we present
example delta-calibration plots for a random and nonrandom
test set and the corresponding performance metrics.

Cases Where Metrics Were Not Computed

In some cases, metrics were undefined, e.g., due to zero test set
compounds inside or outside the AD method’s domain, or due
to an endpoint’s data distribution resulting in division by zero.
We discuss other scenarios that result in metric values being
undefined in the Supporting Information.

AD Method

The nUNC approach (Figure 3) was adapted from a k-nearest
neighbors (k-NN) approach previously employed by research-
ers at the University of North Carolina at Chapel Hill in the
United States of America (UNC)38 and, save for our use of
Tanimoto distances, is equivalent to the “AD-DD” approach of
Fan et al.12 In brief, this approach assesses whether a new
compound comes from the same distribution as the training set
compounds by comparing the average distance of that new
compound to its nearest neighbors in the training set with the
distribution of values for the average distance of training set
compounds to their nearest neighbors. Here, the training set
comprises both the proper training sets and calibration sets, as
described above under “Meaning of Training Set for Calibrated
Uncertainty Methods”.
In more detail, the AD method works as follows. Initially, for

each training set compound, the distance to its k-nearest
neighbors is computed and the average distance (d̅j)
determined. The distribution of average distances is

summarized by the mean d( )
J j

J j1
and standard deviation

(sd(d̅j)) calculated across all J training set compounds.
For the new compound, e.g., test set compound, the average

distance (d̅) to its k-nearest neighbors is computed, along with
a z-score based upon the training set distribution statistics (eq
8). The corresponding one-tail p-value is computed assuming a
normal distribution, where this p-value is the probability of a
new compound having an average distance greater than or

equal to the observed value (d̅) to its nearest neighbors, given
the null hypothesis that the average distance to its nearest
neighbors comes from the same distribution as the training set.
If the one-tail p-value is less than or equal to 5%, the
compound is deemed to lie outside the domain.

=

( )
z

d d

sd d
score

( )

J j

J j

j

1

(8)

Here, we used k = 3, after briefly exploring different values
using the exemplar public data sets and determining that this
seemed generally sufficient to ensure that a majority of random
test set compounds were deemed to lie inside the domain, in
keeping with our intuition. This value of k was also judged
likely to leave sufficient numbers of compounds inside and
outside the domain for most random and nonrandom test sets,
to enable robust performance metrics for both the inside and
outside subsets to be computed. This judgment was based on
inspecting the number of compounds in these subsets for the
exemplar data sets. We did not optimize the value of k based
on consideration of these performance metrics.
Finally, we note that, in the work of Fan et al.,12 the z-score

computed as per eq 8, was itself considered a measure of
uncertainty. The important difference between this measure of
relative uncertainty and the uncertainty methods that we focus
on in our work (conformal regression and Venn-ABERS) is
that these methods are designed to produce calibrated
uncertainties. In other words, these calibrated uncertainties
should closely reflect the probability of the predicted class
being correct (Venn-ABERS) or the distribution of prediction
residuals (conformal regression) if they are reliable. Our focus
here was on exploring the extent to which the nUNC AD
method could differentiate between compounds where these
uncertainty methods were more likely (inside the domain) vs
less likely (outside the domain) to be reliable.

Assessing the Impact of the AD Status on Prediction and
Uncertainty Estimation Performance Using Shift Metrics

The AD method was used to divide each test set into two
subsets: one subset comprised compounds deemed to lie inside
and the other comprised compounds deemed to lie outside the

Figure 3. An illustration of the AD method nUNC. For simplicity, we have considered the case of when k = 2, i.e., when two nearest-neighbors are
used to compute the applicability domain status. The average nearest-neighbor (Av. NN) distances are computed for training and test set
compounds, and a statistical test is used to determine whether this value, for any given test set compound, comes from the training set distribution.
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domain. The AD method was then evaluated by calculating
“shift metrics” that represent the change in the prediction and
uncertainty performance metrics when moving from the subset
of compounds inside the AD to the subset outside the AD. The
shift metrics were calculated as follows: [metric value inside
the AD] − [metric value outside the AD]. For metrics where
larger (more positive) values are better, e.g., MCC and R2

(cal), a positive shift metric represents a drop in performance
when moving from inside the AD to outside the AD and
indicates that the AD method is performing as expected.
Conversely, for metrics where smaller values are better, e.g.,
RMSE (cal) and SBS, a negative shift metric indicates that the
AD method is performing as expected. The complete set of
shift metrics and their expected signs, when the AD method
was working as expected, can be seen in Table 1.

In general, the AD method was evaluated for each data set
based on the average (arithmetic mean) shift-metric value, for
a given test set type. Here, test set type refers to, for example,
Update1 or Holdout for the Morger-ChEMBL targets, or
IVOT for the Wang-ChEMBL targets. The shift-metric values
that were averaged were computed for different random seeds
and, for the Wang-ChEMBL targets, folds. The analyses of the
average shift-metric values were complemented by non-
parametric statistical significance tests.

Statistical Significance Testing for AD Method Shift
Metrics

For each set of averaged shift-metric values, we computed a
corresponding one-tail p-value, indicating the probability of
obtaining results at least as indicative of the AD method
working from random splitting of the test set.
Similarly, for each set of averaged shift metrics, we

computed corresponding two-tail p-values, based on compar-
ing the absolute magnitudes of the observed shift-metric
values, with the AD method split of the test set, to those arising
from random splitting of the test set. These were computed to

allow us to confirm that the minority of cases where the
average shift metric had the unexpected sign were chance
findings.
Both the one-tail and two-tail p-values corresponding to the

average shift-metric values were, separately,50 adjusted for
multiple testing,51 taking into account the results generated
using all methods, using a conservative approach.52

In order to compute the p-values prior to multiple testing
adjustment, precursor one-tail and two-tail p-values were
initially computed for each of the underlying shift metrics
corresponding to a given average (arithmetic mean) shift
metric. This yielded a set of precursor one-tail (and two-tail) p-
values, one for each of the shift-metric values used to compute
the corresponding average shift metric. This set of precursor p-
values was combined into a single p-value, i.e., each average
shift metric was associated with a single one-tail (and two-tail)
p-value, using a conservative approach: twice the average
(arithmetic mean) p-value.53 These combined p-values were
considered for subsequent analysis and multiple-testing
adjustments.
To compute the precursor p-values, corresponding to a single

shift metric prior to averaging over random seeds and, where
relevant, folds, the inside and outside AD labels for a given test
set were randomly partitioned between test set compounds up
to 1000 times and the corresponding shift metrics were
computed. (In some cases, slightly fewer partitions yielded
splits where the shift metric could be computed, as per the
discussion under “Cases where Metrics Were Not Computed”.
However, at least 941 partitions were used.) Random
partitions were generated such that the number of compounds
with inside and outside AD labels and the distribution of
experimental values were consistent with the split produced by
the AD method.
From these random partitions, the precursor one-tail p-value

was computed as the fraction of times that the randomly
generated shift-metric values were greater than or equal to the
shift metric for the original AD method split, where the shift
metric was expected to be positive (see Table 1), or the faction
of times that these values were less than or equal to the original
value, where the shift metric was expected to be negative. The
two-tail precursor p-value was computed as the fraction of times
that the magnitude of the randomly generated shift metric was
greater than or equal to the magnitude of the original value. If a
shift metric could not be computed for the original split, no p-
value was computed. The computation of these precursor p-
values is illustrated in Figure 4.
In some cases, the one-tail p-values appeared statistically

significant even when the average shift-metric did not have the
sign expected if the AD method was working (Table 1). These
cases were not considered evidence that the AD method was
working. (Only cases where the average shiftmetric had the
expected sign and the corresponding one-tail p-value was
statistically significant were considered to be robust evidence
that the AD method was working.)54 These cases arose when,
for at least some of the random seed and fold combinations,
most or all (>94.5%, as per the significance level described
below) of the randomly generated shift-metric values had the
unexpected sign and were further from zero than the shift
metric corresponding to the AD method splitting of the test
set, but this also had the unexpected sign, as per the example in
Figure 4(C). This could arise because differences in the
distributions of experimental values between the subsets (AD
method or randomly assigned “inside” vs “outside” the

Table 1. All Performance Metrics, Grouped By Their Type,
and the Expected Sign of the Shift Metric (Value[Inside
Domain] − Value[Outside Domain]) if the AD Method Was
Working as Expected to Assign More Reliable Predictions
(Or Uncertainty Estimates) to the Inside Domain Subset

type of
performance

metric
expected sign of
shift metrica metric

Regression
Prediction

Positive R2; Pearson coefficient; Spearman
coefficient

Negative RMSE

Regression
Uncertainty

Positive Coverage; SCC

Negative ENCE; ECE; efficiency

Classification
Prediction

Positive Balanced Accuracy; MCC; AUC;
Kappa

Negative n/a

Classification
Uncertainty

Positive R2 (cal); Pearson coefficient (cal);
Spearman coefficient (cal)

Negative RMSE (cal); SBS
aSince the expectation, for a reliable AD method, is that better values
would be obtained inside and worse values would be obtained outside
the domain, a shift metric with a positive expected sign means that
larger (more positive) values of the corresponding metric indicate
better performance. Conversely, a shift metric with a negative
expected sign means that smaller values of the corresponding metric
indicate better performance.
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Figure 4. Example box plots illustrating the computation of the precursor one-tail p-values, which were computed for each random seed and for the
Wang-ChEMBL data sets per fold, prior to combining them into a single one-tail p-value for each metric−train/test-split pair for which average
shift metrics were computed. Here, all calculations correspond to CVAP and nUNC applied to the following Morger-ChEMBL target−test-set
combinations: (A, B) CHEMBL220, Update1; (C) CHEMBL203, Holdout. In cases (A, B), the expected sign for the shift metric, if the AD
method was working as expected, was positive; for (C), the expected sign was negative. Hence, the corresponding one-tail p-values were as follows:
(A) 0.000; (B) 0.278; and (C) 0.000.

Table 2. Public Morger-ChEMBL Classification Datasets: Numbers of Compounds, after Dataset Curation and Fingerprint
Calculations, in the Active (A) and Inactive (I) Categories and Identities of the Exemplar Datasets Used for Initial Method
Exploration

literature training set (random 80:20 train:test
split) update1a holdouta

total A I total A I total A I

CHEMBL220 1626 833 793 443 247 196 216 112 104

CHEMBL4078b 1996 988 1008 530 275 255 769 270 499

CHEMBL5763 1690 589 1101 376 75 301 248 113 135

CHEMBL203 2066 430 1636 739 213 526 508 167 341

CHEMBL206b 758 323 435 180 63 117 249 102 147

CHEMBL279 2597 649 1948 819 307 512 985 299 686

CHEMBL230 1012 540 472 294 78 216 381 168 213

CHEMBL340 1763 495 1268 584 150 434 554 106 448

CHEMBL240b 2714 1926 788 714 413 301 735 497 238

CHEMBL2039 1355 645 710 381 192 189 206 72 134

CHEMBL222 901 670 231 286 226 60 127 53 74

CHEMBL228b 1097 857 240 468 372 96 274 195 79
aNonrandom (time-split) test sets. bExemplar data sets used for initial exploration of AD parameters (focused on ensuring a majority lay inside the
domain for the random test sets), comparison of different uncertainty methods (random 20% test sets) and AD methods (shift metrics for
nonrandom test sets), prior to focusing on the default AD (nUNC) and uncertainty method (CVAP) for which we report results.
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domain) were likely to produce shift metrics lying in a
particular direction, even when the identities of compounds
assigned to those subsets were randomly assigned. However,
these cases still do not provide direct evidence that the AD
method was working, i.e., assigning molecules with more
reliable predictions (or uncertainty estimates) to the inside
domain subset, such that the shift metric was observed to have
the expected sign.
It should be noted that the standard 5% significance level is

an arbitrary convention and larger p-values do not necessarily
mean the observed differences arose due to chance.55 Hence,

we considered p-values less than or equal to 5%, when rounded
to the nearest percent, to be statistically significant. This was a
convenient heuristic for highlighting the results that are least
likely to have arisen due to chance. As noted above, only cases
where the average shift-metric had the expected sign and the
corresponding one-tail p-value was statistically significant were
considered to be robust evidence that the AD method was
working.Average shift metrics with the expected sign but which
were not associated with a statistically significant one-tail p-
value were also taken as indicative of the AD method working,
but were considered less robust evidence.

Table 3. Public Morger-Tox21 Classification Datasets: Numbers of Compounds, after Dataset Curation and Fingerprint
Calculations, in the Active (A) and Inactive (I) Categories and Identities of the Exemplar Datasets Used for Initial Method
Exploration

Tox21Train (random 80:20 train:test split) Tox21Testa Tox21Scorea

total A I total A I total A I

NR-AhR 6031 690 5341 259 29 230 553 70 483

NR-ARb 6690 244 6446 279 3 276 541 11 530

NR-AR-LBD 6271 203 6068 240 4 236 529 8 521

NR-Aromataseb 5361 242 5119 204 18 186 484 34 450

NR-ER 5639 606 5033 252 27 225 477 47 430

NR-ER-LBD 6421 261 6160 274 10 264 546 19 527

NR-PPAR-γ 5985 148 5837 254 15 239 552 30 522

SR-AREb 5409 818 4591 223 47 176 503 88 415

SR-ATAD5 6560 224 6336 259 25 234 565 33 532

SR-HSEb 6011 282 5729 254 10 244 554 17 537

SR-MMP 5365 819 4546 228 38 190 499 53 446

SR-p53 6283 368 5915 256 28 228 557 37 520
aNonrandom (time-split) test sets. bExemplar data sets used for initial exploration (as described for Table 2).

Table 4. Public Wang-ChEMBL Regression Datasets: Numbers of Compounds along with the Activity Value Distributions,
after Dataset Curation and Fingerprint Calculations, and Identities of the Exemplar Datasets Used for Initial Method
Exploration

activity

no. compoundsa min max median mean (standard deviation)

A2a 199 4.21 9.67 6.33 6.57 (1.25)

ABL1 755 4 9.455 6.3 6.40 (1.26)

Acetylcholinesterase 2964 4 10.7 6.07 6.20 (1.32)

Cannabinoid 1087 4.05 9.7 7.3 7.17 (1.26)

Carbonic 591 4 9.3 7.535 7.16 (1.28)

Caspase 1584 4.01 10.96 5.32 5.85 (1.45)

Coagulation 1588 3.48 10.38 5.99 6.13 (1.25)

COX-1b 1306 4 9 5.14 5.27 (0.89)

COX-2b 2768 4 10.7 6.03 6.15 (1.18)

Dihydrofolate 573 4 9.41 6.26 6.32 (1.14)

Dopamineb 469 4.52 9.54 6.6 6.69 (1.07)

Ephrin 1510 4.05 10.43 6.75 6.76 (1.08)

Estrogen 1618 4 9.7 6.445 6.47 (1.35)

Glucocorticoid 1387 4.05 10.4 7.43 7.29 (1.00)

Glycogen 1724 3.38 10.89 6.52 6.55 (1.16)

HERG 5012 4 9.85 5.3 5.47 (0.89)

JAK2 2388 3.84 10.97 7.29 7.25 (1.19)

LCK 1337 4 11 6.85 6.86 (1.29)

Monoamine 1308 4 10 5.26 5.47 (1.04)

opioid 779 4.18 10.9 6.39 6.61 (1.28)

Vanilloid 1760 4.04 9.8 6.92 6.89 (0.98)
aThese data sets were split into random and nonrandom (cluster-split) train/test partitions based on the five literature-defined IVIT and IVOT
folds, respectively. bExemplar data sets used for initial exploration of AD parameters (focused on ensuring a majority lay inside the domain for the
random test sets), comparison of different uncertainty methods (random IVIT folds) and AD methods (shift metrics for nonrandom IVOT folds),
prior to focusing on the default AD (nUNC) and uncertainty method (ACP) for which we report results.
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■ RESULTS

Model-Ready Data Set Details

The number of compounds and other statistics, following the
data-set curation and fingerprint calculations described under
METHODS, are presented in Tables 2−6.

Data Set Distributions

For each data set, we compared the distributions of different
data-set subsets using t-SNE.56,57 The t-SNE plots for all public
and Syngenta data sets can be seen in the Supporting
Information. These illustrate the differences in shifts in
chemical space between random and nonrandom train/test
splits, but the degree of data shift observed for the latter, in
keeping with reports of real-world time splits,29 was variable.

Application of the Selected AD and Uncertainty Methods
to All Data Sets

We investigated how well the nUNC AD method could
differentiate between more (inside the domain) and less
(outside the domain) reliable predictions and uncertainty
estimates with CVAP (classification) and ACP (regression)
across a large range of public and two Syngenta data sets. (For
some of the public data sets, e.g., A2a from the Wang-
ChEMBL data-set group, it was not possible to compute one
or more out-of-domain metrics for some test sets, see “Cases
where Metrics Were Not Computed”.) We focus on the results
for nonrandom test sets that are more relevant to real-world
applications than randomly sampled test sets, i.e., the temporal
validation test sets for the Morger-ChEMBL (Update1,
Holdout), Morger-Tox21 (Tox21Score, Tox21Test), and
Syngenta data sets and the IVOT splits for the Wang-
ChEMBL data sets. Indeed, for the Syngenta data sets, these
represent the gold-standard29,31,37 of applying models built on
previously generated data within discovery projects to
compounds subsequently tested within those projects.
We selected the Balanced Accuracy and RMSE metrics to

represent trends in prediction performance and Pearson

coefficient (cal) and coverage to represent trends in
uncertainty estimation performance for classification and
regression tasks, respectively. The results for these metrics
and corresponding shift metrics are presented in Figures 5, 6,
7, 8, 9. We subsequently discuss the trends by considering all
performance metrics for which shift metrics were computed.

Trends Observed for the Nonrandom Test Sets
Across All Metrics. We discuss the trends for all metrics
and shift metrics, for the nonrandom test sets, in the following
subsections. (Graphs showing the values for these metrics and
the corresponding shift metrics, including the illustrative
examples presented in Figures 5−9, can be seen in the
Supporting Information.) We considered the trends in the
average shift-metric values, including whether these had the
sign expected if the AD method was working to flag less
reliable predictions (or uncertainty estimates) as outside the
domain, and whether the corresponding one-tail p-values were
statistically significant. In addition, for those metrics with an a
priori baseline expected for randomly generated predictions or
uncertainty estimates, we also considered whether their raw
values inside (or outside) the domain were better than
expected due to chance for all relevant classification and
regression prediction and uncertainty performance metrics:
Balanced Accuracy, AUC > 0.5; Kappa, MCC, R2 (cal),
Pearson coefficient (cal), Spearman coefficient (cal), R2,
Pearson coefficient, Spearman coefficient, SCC > 0.
When discussing the trends in average shift-metric perform-

ance, we consider the percentage of targets (public data sets)
and time-splits (industrial data sets) for which a particular
observation was true, for a given combination of metric and
nonrandom test set type. We summarize these trends across all
combinations being considered, for a given scenario, in terms
of the range of these percentages. For example, considering the
scenario of uncertainty estimation performance for nonrandom
test sets of the Morger-ChEMBL data-set group, 3/12 targets
(25%) had average RMSE (cal) shift-metric values with the
expected sign for the Holdout test set, the joint smallest
percentage. For the same scenario, 11/12 targets (92%) had
average SBS shift-metric values with the expected sign for the
Update1 test set, the largest percentage. Hence, in this case, we
report that 25−92% of targets had uncertainty performance
average shift metrics with the expected sign.
Similarly, when discussing whether the relevant raw metric

values inside (or outside) the domain tended to be better than
expected due to chance, we also considered the percentages for
each relevant scenario. For example, for the nonrandom test
sets of the Morger-ChEMBL and Morger-Tox21 classification
data sets (Holdout, Update1, Tox21Test, Tox21Score), there
were 240 raw Balanced Accuracy values computed for inside
domain compounds. (These came from 12 Morger-Tox21
targets, 12 Morger-ChEMBL targets, two nonrandom test sets
per target-specific data set, and five random seeds.) Of these,
182 were larger than 0.50. Hence, we report that 76% of inside
domain Balanced Accuracy values were better than expected
due to chance for this scenario.

Public Classification Data Sets: Prediction Perform-
ance for Nonrandom Test Sets (Time-Splits). The average
prediction performance shift metrics typically had the expected
sign, for both the Morger-ChEMBL and Morger-Tox21 data
sets. For the Morger-ChEMBL data sets, depending upon the
combination of metric and nonrandom test set, 67−83% of
targets had average shift metrics with the expected sign.
Moreover, for 17−50% of targets, the average prediction

Table 5. Syngenta DT50 Classification Dataset: Numbers of
Compounds, after Dataset Curation and Fingerprint
Calculations, in the Training (Previously Studied
Compounds) and Nonrandom Test Sets (Newly Studied
Compounds) at Different Time Points

training test

time
point total <100 days >100 days total <100 days >100 days

T2 4366 3031 1335 110 66 44

T4 4471 3089 1382 215 163 52

T5 4685 3251 1434 206 148 58

T6 4891 3399 1492 147 98 49

Table 6. Syngenta logP Regression Dataset: Numbers of
Compounds, after Dataset Curation and Fingerprint
Calculations, in the Training (Previously Studied
Compounds) and Nonrandom Test Sets (Newly Studied
Compounds) at Different Time Points

time point training test

T1 21,149 234

T2 21,383 341

T3 21,724 266

T4 21,990 231
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performance shift metrics had the expected sign and were
associated with statistically significant adjusted one-tail p-
values. An additional 8−25% of targets had average perform-
ance shift metrics with the expected sign and one-tail p-values,
which were statistically significant prior to multiple testing
adjustment.
However, while 50−100% (excluding AUC, 25%) of average

shift metrics had the expected sign, no statistically significant
differences were observed for the Morger-Tox21 data sets. The
latter observation probably reflects the smaller numbers of
compounds deemed to lie outside the domain, with 4−20
compounds being observed to lie outside the domain for the
nonrandom test sets across the Morger-Tox21 data sets,
compared to 121−791 for the Morger-ChEMBL data sets.
The relevant inside-domain metric values were typically

better than expected by chance: Balanced Accuracy (76%),
MCC (76%), AUC (98%), Kappa (76%). This was less
frequently observed for the out-of-domain metric values, which

could not be computed in some cases due to few compounds
in at least one class: Balanced Accuracy (46%), MCC (46%),
AUC (82%), Kappa (46%).

Public Classification Data Sets: Uncertainty Estima-
tion Performance for Nonrandom Test Sets (Time-
Splits). Again, the average shift metrics typically had the
expected sign. However, this was, overall, slightly less
frequently the case than for the prediction performance shift
metrics.
For the Morger-ChEMBL data sets, depending upon the

metric−test set combination, 25−92% of targets had average
uncertainty estimation performance shift metrics with the
expected sign, with six out of ten combinations (five
uncertainty performance metrics paired with two test set
types) having a majority with the expected sign. However, only
0−50% of targets had average shift metrics with the expected
sign and statistically significant adjusted one-tail p-values.
Hence, there was less evidence that the AD method was

Figure 5. Variation across endpoints of balanced accuracy and Pearson coefficient (cal) values inside vs outside the domain (top panel) and the
corresponding shift-metric values (bottom panel), for the Morger-ChEMBL targets and Holdout test set type. The colored dotted lines with
markers indicate the arithmetic mean, while the shading indicates the spread of the values (95% percentile interval), across different random seeds.
The black dotted lines on the metric figures (top panel) indicate the baseline expected for a random model, while the dotted lines on the shift-
metric figures (bottom panel) denote a value of zero, indicating whether the shift metric has the expected sign or not. The annotations are based on
the statistical significance testing for AD method shift-metrics: * = average shift-metric had the expected sign and the unadjusted one-tail p-value
was significant; ** = average shift metric had the expected sign and the multiple testing adjusted one-tail p-value was significant; X = average shift
metric did not have the expected sign, but the unadjusted two-tail p-value was significant; XX = average shift metric did not have the expected sign,
but the adjusted two-tail p-value was significant.
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working as expected than for the prediction performance shift
metrics. Moreover, for the Morger-Tox21 data sets, none of
the p-values corresponding to the uncertainty estimation
performance shift metrics were statistically significant, albeit
67−100% of the average shift-metric values had the expected
sign. Again, this probably reflects the smaller numbers of
compounds deemed to lie out-of-domain for the nonrandom
test sets for the Morger-Tox21 vs Morger-ChEMBL data sets.
As per the prediction performance metrics, the relevant raw

inside-domain metric values were typically better than
expected due to chance: R2 (cal) (74%), Pearson coefficient
(cal) (98%), Spearman coefficient (cal) (90%). This was less
frequently observed for the corresponding out-of-domain
values: R2 (cal) (39%), Pearson coefficient (cal) (80%),
Spearman coefficient (cal) (78%).

Public Regression Data Sets: Prediction Performance
for Nonrandom Test Sets (IVOT Folds). The average shift
metrics almost always showed the expected sign (85−100% of
targets across all prediction performance metrics). However,
perhaps in some casesdue to insufficient numbers of test set
compounds outside the domain, only one of these (RMSE for
Glycogen, see Figure 7) was associated with statistically
significant adjusted one-tail p-values. Prior to adjusting for
multiple comparisons, this was also true for a few other average
shift-metric values.

Almost always, the relevant raw in-domain metrics were
better than expected by chance: R2 (92%), Pearson coefficient
(100%), Spearman coefficient (100%). This was often, but less
frequently, the case for the out-of-domain metrics: R2 (64%),
Pearson coefficient (92%), Spearman coefficient (93%).

Public Regression Data Sets: Uncertainty Estimation
Performance for Nonrandom Test Sets (IVOT Folds).
The average shift metrics typically showed the expected sign
(60−95% of targets across all uncertainty estimation perform-
ance metrics), albeit only efficiency (20%) also showed
adjusted one-tail p-values that were statistically significant.
Prior to multiple testing adjustment, some additional average
shift metrics for efficiency, coverage, and ECE had the
expected sign and were associated with statistically significant
one-tail p-values.
For the one relevant metric with an a priori random baseline,

SCC, the raw in-domain values were almost always (93%)
better than expected due to chance. This was less frequently
(75%) the case for the corresponding out-of-domain metric
values. Looking at the average in-domain coverage values
(Figure 7), none of them quite achieved the expected
minimum (0.68) for compounds selected from the same
distribution as the training/calibration data for the selected
significance level (0.32). However, several came very close,
including in cases where the out-of-domain values were

Figure 6. Variation across endpoints of balanced accuracy and Pearson coefficient (cal) values inside vs outside the domain (top panel) and the
corresponding shift-metric values (bottom panel), for the Morger-Tox21 targets and Tox21Test test set type. See Figure 5 caption for description
of dotted lines, shading, and annotations.
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considerably lower. This suggests that the nUNC AD method
may largely restore the validity of conformal regression in some
cases. Moreover, the average coverage outside the domain was
typically lower (75% of the time) than the average inside the
domain.

Syngenta Classification Data Set: Prediction Perform-
ance for Nonrandom Test Sets (Time-Splits). For the
prediction performance metrics, the average shift metrics
typically (75% of time-splits) showed the expected sign, with
the curious exception of AUC. None of the average shift
metrics with the expected sign were associated with statistically
significant one-tail p-values. The in-domain values for these
metrics were always better than expected by chance, albeit this
was almost always the case for the out-of-domain metric values,
notwithstanding the fact that these were typically lower.

Syngenta Classification Data Set: Uncertainty Esti-
mation Performance for Nonrandom Test Sets (Time-
Splits). For the uncertainty estimation performance metrics,
the corresponding average shift metrics typically showed the
expected sign (75−100% of time-splits), albeit these were
almost never associated with statistically significant one-tail p-
values, save for one average SBS shift metric prior to

adjustment. For the relevant metrics, both the in-domain and
out-of-domain metrics were typically higher than expected due
to chance, even though the out-of-domain values were typically
lower.

Syngenta Regression Data Set: Prediction Perform-
ance for Nonrandom Test Sets (Time-Splits). For the
prediction performance metrics, all the average shift metrics
had the expected sign. Moreover, just over half of these were
associated with statistically significant adjusted one-tail p-
values and the rest were associated with statistically significant
unadjusted one-tail p-values. For relevant metrics, the in-
domain and out-of-domain metrics were both always better
than expected from chance, albeit the in-domain average
metrics were consistently larger.

Syngenta Regression Data Set: Uncertainty Estima-
tion Performance for Nonrandom Test Sets (Time-
Splits). For the uncertainty estimation performance metrics,
all their average shift-metric values had the expected sign, with
the exception of SCC for 50% of time-splits. However, for
most of the metrics (ECE, ENCE, coverage), only 25% of
these results were associated with statistically significant
adjusted one-tail p-values. (This was the case for all and

Figure 7. Variation across endpoints of RMSE and coverage values inside vs outside the domain (top panel) and the corresponding shift-metric
values (bottom panel), for the Wang-ChEMBL targets and IVOT test set type. The dotted lines, shading, and annotations are as per Figure 5, save
for the shading also illustrating the spread of values across different IVOT folds, with the exception of the coverage plot (top RHS), where the black
dotted line indicates the minimum expected coverage, on average, for a valid conformal predictor (0.68, i.e., 68%) for the chosen significance level
(32%).
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none of the time-splits in the case of efficiency and SCC,
respectively.) For SCC and ENCE, some more of these results
were associated with statistically significant unadjusted one-tail
p-values.
For the one relevant metric with an a priori random baseline,

SCC, the in-domain values were always better than expected
due to chance, while this was only observed for 50% of time-
splits for the out-of-domain values.
Looking at the in-domain coverage values (Figure 9), two of

the four time-splits were observed to show average values
greater than the theoretical minimum (0.68) expected if the in-
domain compounds were sampled from the same distribution
as the training set, with another being very close to this. As this
was never observed for the out-of-domain values, this indicates
the AD method was working to restore validity in these cases.

Summary of Observed Trends with the Selected AD
and Uncertainty Methods. We summarize the trends for the
average shift metrics, which we discussed in detail above, in
Table 7 and Table 8 for the public domain and Syngenta data
sets, respectively.
Overall, the results show that the nUNC AD method

typically produced the expected sign for the average shift-
metric values for both prediction and uncertainty estimation

performance metrics for the nonrandom test sets across both
the public and Syngenta data sets. (As can be seen in the plots
in the Supporting Information, this was even more commonly
observed for the random test sets of the public domain data
sets. However, as noted above, we focus on the results for the
nonrandom test sets, since these are of greater practical
relevance.) Some of these results for the nonrandom test sets
were statistically significant, according to one-tail p-values,
even after adjusting for multiple testing. (As might be
expected, given that molecules were sampled from the same
distribution, the corresponding adjusted one-tail p-values for
the random test sets were less likely to be statistically
significant.) In some cases, i.e., the Morger-ChEMBL data
sets and the Syngenta regression (logP) results, both the
frequency with which the average shift metrics had the
expected sign and the frequency with which they also were
associated with statistically significant, adjusted one-tail p-
values were higher for the prediction performance compared to
the uncertainty estimation performance metrics, but this was
not consistently observed.
Another important finding was that the prediction and

uncertainty metrics inside the domain, according to nUNC,
were typically better than expected from chance, for the

Figure 8. Variation across time-splits of Balanced Accuracy and Pearson coefficient (cal) values inside vs outside the domain (top panel) and the
corresponding shift-metric values (bottom panel), for the Syngenta DT50 data set. See Figure 5 caption for description of dotted lines, shading, and
annotations.
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relevant metrics with an a priori random baseline. In addition,
it was notable that validity for conformal regression (ACP) was
sometimes restored.
The fact that shift metrics were often not statistically

significant, even though the average shift metrics had the
expected sign, could reflect insufficient data to ensure that the
significance tests had the appropriate level of power to detect
genuine differences. In some cases, this could reflect a limited
shift in chemical space between the training set and a

nonrandom test set, such that few molecules would be deemed
to lie outside the domain by even an optimal AD method.
Likewise, the observations that some average shift metrics

had the unexpected sign, i.e., the performance metrics were
worse inside the domain than outside, were expected to be
statistical flukes. The cases where the average shift metrics had
the opposite sign to the one expected and the adjusted two-tail
p-values were statistically significant represented 6.8% of all
cases where the two-tail adjusted p-values were statistically

Figure 9. Variation across time-splits of RMSE and coverage values inside vs outside the domain (top panel) and the corresponding shift-metric
values (bottom panel), for the Syngenta logP data set. See Figure 7 caption for description of dotted lines, shading, and annotations.

Table 7. Summary of Trends in the Average Shift Metrics for the Non-Random Test Sets from the Public Domain Datasets

prediction
type data-set group

performance
metric type

average shift
metrics have the
expected sign

(%)a

average shift metrics have the expected
sign and are associated with statistically
significant adjusted one-tail p-values (%)a

average shift metrics do not have the
expected sign and are associated with
statistically significant adjusted two-tail

p-values (%)a

Classification Morger-ChEMBL Prediction 67−83 17−50 0−8

Classification Morger-ChEMBL Uncertainty 25−92 0−50b 0−8

Classification Morger-Tox21 Prediction 25−100 0−0 0−0

Classification Morger-Tox21 Uncertainty 67−100 0−0 0−0

Regression Wang-ChEMBL Prediction 85−100 0−5 0−0

Regression Wang-ChEMBL Uncertainty 60−95 0−20 0−0
aThe range of percentages is presented, out of the total number of targets for which the average shift metric was computed, across the complete set
of relevant metric−test set type combinations. bIn eight out of 10 test set type−metric combinations, at least some of these values were statistically
significant.
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significant. That is a bit higher than the expected limit of 5.5%
(given that we deemed p-values to be statistically significant
when they were less than or equal to 5% when rounded to the
nearest percent) of false-discoveries (chance findings)51 with
the multiple testing adjustment procedure we employed.52

However, the expected limit may be violated in practice for
insufficiently large sample sizes.
In summary, we conclude that shift metrics with unexpected

signs are statistical flukes and the lack of statistically significant
results for some cases where the expected average shift metric
was observed may reflect insufficient data to achieve statistical
significance. Nonetheless, in keeping with the no-free-lunch
theorems,58,59 and other work suggesting the optimal
applicability domain metrics may depend on training set
diversity,60 we do not claim that the nUNC AD method we
chose to focus on in this work can be considered optimal for all
data sets.
However, while previous work has suggested that structural

similarity to one or more nearest neighbors in the training set
may be better suited to defining the AD for less diverse
training sets,60 we did not observe this to be the case. This is
illustrated by the plots of mean pairwise Tanimoto distance
against shift-metric values presented in the Supporting
Information for key metrics, for which we anticipated a
general trend toward shift-metric values with larger values with
the expected sign (Table 1) as training set diversity reduced.
This apparent discrepancy might reflect the fact that this earlier
work used methods (SIMILARITYNEAREST1, SIMILAR-
ITYNEAREST5) which, unlike nUNC, do not scale their
measure of distance to training set nearest neighbors to
account for training set diversity.60 Nonetheless, the influence
of training set diversity on the behavior of the nUNC AD
method is reflected in the smaller proportion of test set
compounds deemed to lie outside the domain for the more
diverse Morger-Tox21 data sets (2−4% for the nonrandom
test sets and 1−3% for the randomly sampled test sets)
compared to the other data sets derived from ChEMBL (57−
96%, 0−90% for the nonrandom Morger-ChEMBL, Wang-
ChEMBL test sets and 5−11%, 0−16% for the randomly
sampled test sets) and Syngenta discovery projects (15−39%
for the time-split test sets).
Still, in spite of not having optimized this AD method for

individual data sets, the fact that we generally observed that
this default approach could differentiate between more reliable
(inside the domain) and less reliable (outside the domain)
uncertainty estimates and predictions, on average, was
promising. We consider how this investigation could be
extended in future work below.

■ DISCUSSION

In summary, we typically observed that uncertainty estimates
generated using conformal regression (ACP) and Venn-
ABERS (CVAP) were less reliable, on average, outside the
domain according to the nUNC AD method. This was
expected on theoretical grounds and is consistent with
previous studies which considered applications to nonrandom
test sets, e.g., temporal, scaffold or cluster-based test
sets.15,20,25,27,29 In contrast to earlier studies, we explicitly
explored how to identify molecules within sets of nonrandom
tests that lie inside the domain, such that the performance of
these commonly used uncertainty methods could be (partially)
restored. This has practical relevance for pharmaceutical or
plant protection product discovery projects, where new
compounds for which predictions and uncertainty estimates
are needed may lie inside or outside the domain.
While we considered standard conformal prediction

approaches which have been explored in various cheminfor-
matics studies,1,4,14,33 the wider Machine Learning community
has developed a variety of novel conformal prediction
methodologies which are designed to address the expected
loss of validity under data shift, i.e., under “non-exchange-
ability”.14 These include methodologies designed to work for
different kinds of data shifts, which may have various degrees
of suitability for recovering validity in uncertainty estimation
for predictions made for novel chemistry, i.e., under “covariate
shift”. However, we are only aware of two publications which
report extensions of approaches for handling covariate shift to
cheminformatics.61,62 One of these is only applicable in the
special case where the test set distribution is contingent on the
training set distribution, e.g., in active learning, and can be
defined a priori.62 In contrast, the work of Laghuvarapu et al.61

addresses the real-world problem encountered in the present
work, where the distribution of molecules, for which
predictions are made, is not known in advance. Their approach
adjusts the prediction intervals based on estimating the data
shift using a set of molecular structures from the chemical
space for which predictions are desired. However, they found
that the loss of coverage may be only partially restored in
practice, because the number of molecular structures, from the
new chemical space, which are typically available may be
insufficient to fully characterize the data shift. Moreover, this
approach would require recalibration for each new distribution
of molecules, which would impose greater computational cost
than traditional conformal prediction methodologies. Finally,
the authors only developed their approach for classification
conformal prediction, which was outside the scope of our
work, rather than conformal regression.
Here, it should also be noted that some other

cheminformatics studies also found that the validity of

Table 8. Summary of Trends in the Average Shift Metrics for the Time-Splits of the Syngenta Datasets

prediction
type data set

performance
metric type

average shift
metrics have the
expected sign

(%)a

average shift metrics have the expected sign
and are associated with statistically significant

adjusted one-tail p-values (%)a

average shift metrics do not have the expected
sign and are associated with statistically
significant adjusted two-tail p-values (%)a

Classification DT50 Prediction 0−75 0−0 0−0

Classification DT50 Uncertainty 75−100 0−0 0−0

Regression logP Prediction 100−100 50−75 0−0

Regression logP Uncertainty 50−100 0−100b 0−0
aThe range of percentages is presented, out of all time-splits, across the complete set of relevant metrics. bFor three out of five relevant metrics, this
value was 25%.
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classification conformal prediction or conformal regression
may sometimes be partially or, for some data sets, even wholly
restored by updating the calibration set.26−28 Specifically, these
studies considered replacing the standard randomly sampled
calibration sets using more recently tested compounds26,28 or
compounds corresponding to different clusters in chemical
space.27 Interestingly, these variations on the standard
conformal prediction approach considered in our work
partially or wholly restored validity for some data sets even
when these compounds were not sampled from the same
distribution as the test set compounds.26−28

More broadly, other studies, considering various modeling
and uncertainty estimation methods, have reported mixed
findings regarding whether uncertainty estimation or predictive
performance can be expected to be less reliable for chemicals
that are structurally distinct from the training and, where
applicable, calibration sets.12,27,37,63−65 In some cases, this
could reflect data set dependency of the results,63 especially
where test sets are considered, which may, even where
nonrandom, show limited covariate shift.29,37 Indeed, our own
results showed considerable variation in the change in
uncertainty estimation performance metrics upon moving
from inside to outside the domain across different data sets
as well as with different nonrandom test sets, including
different folds for the Wang-ChEMBL data sets.
We also observed, in keeping with prior work,29,66 that other

sources of variability in uncertainty estimation performance
include the choice of performance metric: not all performance
trends, for the same data sets and test sets, were consistent
between different metrics. Hence, the fact that not all prior
studies concluded that uncertainty estimation is less reliable for
novel chemistry could also partially reflect the use of different
evaluation metrics and evaluation approaches. (Other ways to
evaluate whether uncertainty methods remain robust to novel
chemistry include plotting the RMSE against average estimated
uncertainty for subsets of molecules with increasingly lower
estimated uncertainty.)64 The fact that different performance
metrics could lead to different conclusions is also something
which should be carefully considered when evaluating novel
variations of conformal regression or other uncertainty
estimates which are claimed to (partially) restore coverage
under covariate shift. For example, if the (partial) improve-
ment in coverage comes at the expense of overestimating the
likely prediction residuals, i.e., making the prediction intervals
less efficient in the case of conformal regression, this may not
be desirable.
Notwithstanding the variability in results that may be

obtained across different data sets and performance metrics,
our results across a range of data sets and metrics indicated
that prediction performance may sometimes be more strongly
affected by the domain status than uncertainty estimation
performance. While not consistently observed, this was
observed for the Morger-ChEMBL classification data sets
and the Syngenta regression (logP) data set. This suggests that
the reliability of uncertainty estimation may sometimes be
more robust to extrapolation in chemical space than prediction
reliability. Similar findings were also reported in some prior
studies.37,63

Nonetheless, the potential loss of uncertainty estimation
reliability due to data shifts was also recognized as a challenge
in recent studies, which sought to relate the degree of reduced
uncertainty estimation performance to the degree of data shift
associated with a given train/test split.29,63 Indeed, Tossou et

al.63 examined how the reliability of uncertainty estimation
using various methods, albeit not conformal regression or
Venn-ABERS, varied with distance from the training set within
a randomly sampled test set. They subsequently investigated
whether the uncertainty calibration “gap” associated with a
real-world covariate shift could be, at least partially, corrected.
They explored this via partitioning the available data to
approximately match the covariate shift expected for a real-
world model deployment scenario. However, they did not
claim to fully close this calibration “gap”. Moreover, their
approach supposes that the calibration “gap” is constant
irrespective of the direction and starting point from which one
is traveling in chemical space.
In contrast to previous work, we propose that compounds

for which uncertainty estimation could be less reliable should
be flagged using an AD calculation. While different variations
of conformal prediction have been proposed to serve the role
of classifying compounds as outside the domain, e.g., by
generating “null” predictions1 or abstaining from prediction,11

those studies did not consider how to use computed AD status
to differentiate between reliable and less reliable uncertainty
estimates. While finalizing our work for publication, Kim et
al.30 reported an interesting approach that partially addressed
this question for conformal regression. However, their domain
identification approaches rely upon access to endpoint values
for some out-of-domain molecules to construct models
underpinning domain status assignment. Since these values
would not be available for all real-world applications, this
makes their approach less generalizable than the AD method
considered in our work.
We also propose that future research should focus on

developing new methods for uncertainty estimation, which
may be more robust to data shifts, such as extensions of the
work of Laghuvarapu and co-workers61 to enhance conformal
regression and Venn-ABERS estimators. Building on other
cheminformatics studies of classification conformal prediction
and conformal regression26−28 it would be worth comparing
these approaches to replacing the standard randomly sampled
calibration sets for conformal regression and Venn-ABERS
with calibration sets chosen via cluster splits of the training
sets.
These future studies should also investigate the extent to

which these and other uncertainty methods29,37,63,64 would still
benefit from flagging molecules deemed to lie outside the
domain using an AD method, including consideration of
multiple different performance metrics, rather than just the
restoration of the desired coverage for conformal regression. It
is conceivable that these approaches could be complementary,
with the AD method still flagging molecules for which the
uncertainty estimates could be less reliable, even when the
extent to which that was the case might be reduced for some
scenarios. Tuning of the AD method to specific uncertainty
estimation techniques and data sets could enhance the
complementarity of these approaches.
Hence, future research should also explore other AD

methods and the benefits of tuning the AD approach, including
AD method parameters, for specific uncertainty methods and
data sets. This might build on the recent work of Kaneko,
which presented a framework for tuning the AD approach,
based on structural similarity to the training set, for specific
data sets, albeit this framework simultaneously optimized the
trade-off between prediction performance and the percentage
inside the domain rather than considering uncertainty
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estimates for individual predictions.67 Another interesting
possibility would be to benchmark AD methods based on
structural similarity, such as the k-nearest neighbors method
(nUNC), which was the focus of our work, against thresholds
derived from uncertainty estimation approaches. This could
include identifying a suitable threshold value for the
discordance between the upper (p1) and lower (p0) probability
estimates obtained from Venn-ABERS, which has been shown
to loosely correlate with structural similarity.15 This could also
include, as per a very recent publication, tuning an uncertainty
threshold to delimit the AD for specific data sets via a cross-
validation procedure.68 It would also be interesting to see if
tuning the AD threshold for specific data sets using a cluster-
based cross-validation procedure could yield better results,
given recently published work indicating that model selection
based on in-domain validation sets may perform poorly when
tuning models for out-of-domain performance,65 albeit other
work has suggested limited benefits of model selection using
nonrandom splits for uncertainty calibration.63 Tuning the AD
approach for individual data sets could also be performed using
an initial temporal validation set prior to evaluating on a
further temporal test set and subsequent application to
experimentally untested molecules. In isolation or in
combination, investigating different kinds of AD methods
and task-tuned thresholds could enhance the usefulness of AD
methods for specific models beyond the default AD method,
which was the focus of our work. However, it should also be
noted that tuning the method to particular data sets would also
increase the computational cost of model development and
might increase the risk of overfitting.
Notwithstanding the potential for future studies to build on

and refine our work, we note that our proposed framework has
practical applications in its current form. We demonstrated
that a structural similarity-based, default AD method can
typically be used to identify when uncertainty estimates
generated using standard conformal regression and Venn-
ABERS methods are, on average, less reliable. While the extent
to which differences in uncertainty estimation performance
metrics were observed inside vs outside the domain varied
between data sets, we note this was also true for the prediction
performance metrics. Indeed, this is in keeping with the
literature, with reported analyses indicating the extent to which
AD methods differentiate between less and more reliable
predictions may vary considerably between data sets.32

Nonetheless, even if they simply flag out-of-domain predictions
as potentially “less reliable”, rather than completely unreliable,
practical applications may reasonably assume that “a QSAR
model’s predictions are valid only if the subject molecule
resides within the model’s AD”.69 Indeed, the observation that
some observed differences in performance metrics are small
inside vs outside the domain may reflect limited extrapolation
in chemical space for the out-of-domain compounds for some
test sets, i.e., larger differences may be observed for newly
encountered molecules for which predictions are desired in a
practical setting. By extension, one practical application of the
framework investigated in our work would be to only use the
predictions and uncertainty estimates for decision-making for
compounds inside the domain. A pragmatic simplification
would be to assume that predictions outside the domain had
maximum uncertainty. The extent to which this would be an
appropriate simplification would depend upon the context, i.e.,
the risks of using potentially less reliable uncertainty estimates
to inform decisions.

■ CONCLUSION

To conclude, we investigated whether explicit applicability
domain calculations can differentiate between compounds
where uncertainty estimates are more (inside the domain) vs
less (outside the domain) reliable. We focused on the use of a
k-nearest neighbor method (nUNC) in combination with
Cross-Venn-ABERS Predictors (CVAP) and Aggregated
Conformal Prediction (ACP), for classification and regression
tasks, respectively, across a wide range of public domain data
sets and some temporal splits of industrial data sets. These
uncertainty estimation methods are widely used and have been
extensively studied in cheminformatics over the past decade.
Previous studies have identified that these uncertainty
estimation methods can lose their validity with nonrandom
train/test splits, e.g., temporal, scaffold or cluster splits.
However, the key contribution of our study was to investigate
whether an explicit applicability domain calculation could
differentiate between reliable and less reliable predictions and
uncertainty estimates when applying a defined model to a
nonrandom test set. This was an important question to address
as flagging when these uncertainty estimates become less
reliable for novel molecules, including from regions of chemical
space without experimental data to refine uncertainty estimates
or help define the domain, is of huge value for practical
applications.
In some cases, the use of the nUNC applicability domain

approach was able to identify compounds where the expected
validity of conformal regression was maintained. Moreover, we
observed that this applicability domain method was typically
able to distinguish between predictions and uncertainty
estimates, which were, on average, more (inside the domain)
vs less (outside the domain) reliable. In some cases, we
concluded that the differences in performance metrics between
compounds inside and outside the domain, for predictions and
uncertainty estimates, were statistically significant.

■ ASSOCIATED CONTENT

Data Availability Statement

All Python code used to generate the results reported for this
study has been made available under the terms of the GNU
Public License (GPL-3.0) on GitHub (https://github.com/
syngenta/QSAR_AD_Uncertainty_Paper_Code_release) and
a snapshot of the version (https://github.com/syngenta/
QSAR_AD_Uncertainty_Paper_Code_release/releases/tag/
v4) corresponding to the results reported is also available on
Zenodo (10.5281/zenodo.17570872). The code repository
includes a README with step-by-step instructions on how to
install the necessary dependencies, including the versions of all
Open Source Python modules, download the public data sets,
and generate the results. However, due to their commercial
sensitivity, the Syngenta data sets are not made publicly
available.

*sı Supporting Information

The Supporting Information is available free of charge at
https://pubs.acs.org/doi/10.1021/acsomega.5c11875.

File 1: Further details regarding the methods and results,
organized under headings matching the corresponding
sections in the main text. As indicated in the main text,
further details regarding the methods include more
detailed explanations of uncertainty estimation perform-
ance metrics derived from delta-calibration plots, along
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with a more detailed explanation of the data set curation
workflow. Likewise, further details regarding the results
include t-SNE plots of training and test set distributions
and the remaining performance metric and shift-metric
plots for which the trends are summarized in the main
text (PDF)
File 2: Tables of raw results (Tables ES1−ES12), each of
which is documented in the README sheet, with Table
ES0 documenting how the names used in the raw results
correspond to the names used in the manuscript, where
these are different (XLSX)
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