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 A B S T R A C T

The estimation of uncertainties associated with predictions from quantitative structure–activity relationship 
(QSAR) models can accelerate the drug discovery process by identifying promising experiments and allowing 
an efficient allocation of resources. Several computational tools exist that estimate the predictive uncertainty 
in machine learning models. However, deviations from the i.i.d. setting have been shown to impair the 
performance of these uncertainty quantification methods. We use a real-world pharmaceutical dataset to 
address the pressing need for a comprehensive, large-scale evaluation of uncertainty quantification approaches 
in the context of realistic distribution shifts over time. We investigate the performance of several popular 
uncertainty estimation methods for classification models, including ensemble-based and Bayesian approaches. 
Furthermore, we use this real-world setting to systematically assess the distribution shifts in label and descriptor 
space and their impact on the capability of the uncertainty quantification methods. Our study reveals significant 
shifts over time in both label and descriptor space and a clear connection between the magnitude of the shift 
and the nature of the assay. Moreover, we show that pronounced distribution shifts impair the performance 
of popular uncertainty quantification methods used in QSAR models. This work highlights the challenges of 
identifying uncertainty quantification techniques that remain reliable under distribution shifts introduced by 
real-world data.
1. Introduction

The development of new therapeutic agents is a time- and resource-
consuming process, characterized by high failure rates and develop-
ment spans of over a decade until a compound can be put on the 
market [1,2]. The use of artificial intelligence (AI), or more precisely, 
machine learning (ML) approaches, can contribute to easing these 
problems by using the extensive amount of data produced in the drug 
discovery pipeline to train computational models that can effectively 
support future projects with their expert knowledge [3]. During early-
stage drug discovery, a part of the vast chemical space is screened 
to identify promising molecular compounds, which are subsequently 
optimized to achieve the desired properties [4]. The large scale and 
complexity of this early-stage screening make it an ideal application 
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for ML models with their high computational power and predictive 
abilities [3,5].

Quantitative structure–activity relationship (QSAR) models are well-
established in computer-aided drug discovery for identifying com-
pounds with desired features. They enable the prediction of biological 
activities or properties of chemical compounds based on their molec-
ular structure. However, the reliability of these approaches is crucial 
to optimally support an informed decision-making process, which ulti-
mately saves money and time in the lengthy and costly drug discovery 
pipeline.

Uncertainty quantification is a powerful tool to increase the relia-
bility of ML models and the confidence in deploying them to real-world 
applications [6]. Various sources can lead to uncertainty in the predic-
tions obtained from neural networks. A common classification found 
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in literature is the distinction between aleatoric uncertainty, which 
originates from uncertainty in the data, and epistemic sources, which 
quantifies uncertainty inherent in the choice of model [7,8]. Opti-
mally, estimates of the predictive uncertainty should represent the 
total uncertainty originating from these different sources. Uncertainty 
quantification methods can be classified into Bayesian approaches [9–
12], ensemble-based models [13,14], conformal predictors [15,16], 
evidential learning [17–21] and distance-based approaches [22]. Fur-
thermore, multiple techniques exist that can improve the uncertainty 
estimates post hoc by calibrating them using a simple function trained 
on a separate calibration dataset [23–25]. Many of these computational 
tools have been explored for drug discovery applications to enable the 
estimation of predictive uncertainties in molecular property prediction 
tasks [26,27]. However, available uncertainty quantification methods 
vary in their ability to capture all sources of uncertainty correctly, and 
there is no clear agreement in previous studies on which approach 
estimates these uncertainties most reliably [19,28–36].

Furthermore, the available uncertainty quantification methods have 
primarily been evaluated on public data lacking temporal information 
about the measurements, which is needed to perform data splits that 
cohere with the history of the assay of interest. Due to this lack of 
temporal information, the use of temporal splitting techniques for cross-
validation is not possible, which is needed to realistically evaluate 
model performance over time, as reported by Sheridan [37] for classifi-
cation and Landrum et al. [38] for regression tasks. Alternative splitting 
strategies that do not require temporal input include random splits or 
approaches that are based on the chemical structure of the chemical 
compounds. However, these methods are usually too optimistic or 
pessimistic compared to the true prospective prediction as they do 
not reflect the evolution of data in real-world pharmaceutical drug 
discovery projects [37,38].

The first part of this work investigates the evolution of real-world 
pharmaceutical data and the resulting distribution shift. Dundar et al. 
[39] reported an intrinsic assumption of many training algorithms 
that the data is independent and identically distributed (i.i.d). While 
this assumption is foundational for traditional ML models, it imposes 
significant constraints and oversimplifies the complexities of realis-
tic scenarios [40]. Consequently, the simplified problems may fail to 
accurately represent or address the challenges inherent in real-world 
datasets, such as the pharmaceutical data included in this study. In 
the context of probability calibration, deviations from the i.i.d. setting 
have been shown to impair the performance of common uncertainty 
estimation methods previously reported to improve model calibration 
under i.i.d. conditions [41,42].

Therefore, the second part of this work compares common uncer-
tainty quantification approaches that employ real-world temporal splits 
to evaluate model performance in a more realistic setting. In binary 
classification problems, neural networks typically give probability-like 
predictions that can be directly interpreted as an estimate of the 
confidence in the prediction. Previous work has concluded that modern 
neural networks often fail to give realistic estimates of the uncertainty 
associated with a prediction in classification tasks, resulting in poorly 
calibrated models [26,27,43]. Several approaches exist in the literature 
that use more sophisticated techniques to improve the reliability of 
these uncertainty estimates. For a more straightforward comparison 
between the uncertainty quantification methods used in this work, 
we classify them into two categories, namely train-time uncertainty 
estimation approaches and post hoc probability calibration methods.

Train-time uncertainty quantification approaches refer to Bayesian 
methods or ensemble-based techniques inspired by the Bayesian frame-
work to estimate the posterior distribution of predictions from a set 
of models [13,14,44].  The idea of these approaches is to construct 
the posterior distribution, which correctly reflects the epistemic un-
certainty. Assuming that the model cannot generalize well to inputs 
outside the domain of the training data, model accuracy is expected to 
decrease for these inputs. If the model is well-calibrated, it should also 
2 
produce less confident predictions in these cases. Thus, the predictions 
are expected to be consistent if the input is similar to the training data, 
and to become increasingly diverse as the inputs move away from the 
training data. It is important to acknowledge that the model behavior 
described above reflects a best-case outcome and that modeling ap-
proaches might not behave as expected, as reported by Abe et al. [45] 
in the context of deep ensembles. 

We consider three methods for train-time uncertainty estimation 
in this work. Deep ensembles and Monte Carlo (MC) dropout aim to 
improve the performance by obtaining numerous base estimators to 
determine the model variance [7,13,14]. Furthermore, we compare the 
ensemble-based strategies with a full Bayesian neural network trained 
with the Bayes-by-Backprop approach [10]. Bayes-by-Backprop allows 
to quickly obtain samples from the posterior distribution of the neural 
network weights using a variational approximation scheme.

While these train-time uncertainty quantification approaches aim 
to achieve better uncertainty estimation by accounting for the epis-
temic uncertainty, post hoc calibration approaches improve model 
calibration by applying an additional post-processing step to the scores 
retrieved from a separately trained classifier. These methods require 
a separate dataset, called a calibration set, to train the calibrating 
function used in the post-processing step. For this study, we tested two 
post hoc calibration techniques, including the commonly used Platt 
scaling approach [23] and Venn-ABERS predictors [24], which were 
previously shown to enhance the probability calibration of classifier 
predictions [35,46]. Platt scaling fits a logistic regression to the classi-
fication scores of the calibration set to counteract over- or underfitted 
uncertainty estimations, while Venn-ABERS predictors use the more 
flexible isotonic regression functions to calibrate the probability point 
estimates.

To our knowledge, only a few studies have addressed the perfor-
mance of uncertainty estimation approaches under temporal shifts. 
In some of these works, temporal splitting approaches are applied to 
ChEMBL [47] data, using the publication date as a Ref. [19]. As the date 
of publication does not correspond to the date when the experiment was 
conducted, it remains questionable how accurately this information can 
reflect the timeline in a pharmaceutical company. Other studies [48,49] 
used internal data from pharmaceutical companies with the necessary 
information to perform proper temporal splits. Rodríguez-Pérez et al. 
[48] studied the performance of multitask graph neural networks for 
uncertainty estimation, focusing on intrinsic clearance data. Another 
recent work compares the uncertainty estimation of various regres-
sion models for pharmacokinetic property prediction of potential drug 
molecules [49]. However, both of these studies use training data from a 
fixed time span for all experiments and, therefore, do not address model 
performance over time. Furthermore, they do not address shifts in the 
data caused by the temporal splitting strategy. Svensson et al. [50] 
recently published an extensive temporal study comparing uncertainty 
estimation methods trained on drug-target interaction data with and 
without censored data. While this study provides a comprehensive 
guide on handling uncertainty estimation methods for regression tasks, 
a comparable large-scale study that applies temporal splitting strategies 
to different biological assays has yet to be published for classification 
approaches.

In this work, we aim to address these gaps by assessing the perfor-
mance of different uncertainty estimation approaches using single-task 
classification models over time and in the context of assay-specific 
distribution shifts in the data. The models were trained on an inter-
nal dataset, which has already been studied in previous works [50–
52]. This dataset includes drug-target interaction data from different 
biochemical assays, providing the additional information required to 
perform temporal splits. First, we analyze the history of the individual 
assays and how the data distribution shifts in label and descriptor 
space over time. Next, we compare available probability calibration 
and train-time uncertainty quantification methods and explore possible 
connections between their performance and distribution shifts.
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Fig. 1. Overview of datasets. The upper left panel plots the total size of the individual assays ordered according to assay size. The striped areas in the bar indicate the number 
of compounds belonging to the preferred class (PC) in each assay. The upper right panel shows the amount of training data in each temporal setting across all assays, with 1, 2, 
or 3 time spans used for training.  In the bottom panels, the total number (left) and ratio (right) of training set compounds belonging to the PC are displayed for each temporal 
setting and assay. Compound counts are shown in units of 104.
2. Methods

The following section is structured into three parts to examine the 
material and methods used in this study. The first section describes the 
assay data and the splitting strategy used to generate splits representing 
different time spans in the assay history. The second part addresses 
the modeling approaches, including the baseline estimators and the 
more sophisticated uncertainty estimation approaches. Finally, the last 
section provides insight into the experiments and metrics used to 
compare the uncertainty estimation approaches comprehensively.

2.1. Data

This study uses internal data from 15 biological assays to gain 
insight into the properties of real-world pharmaceutical data and sub-
sequently trains binary classifiers for each assay separately. Parts of 
the dataset [51,52] or the whole dataset [50] have already been used 
in previous studies. The included assays are diverse and represent 
different optimization problems typically addressed during the drug 
discovery workflow to enhance the pharmacokinetic and pharmacody-
namic properties of a drug candidate. Furthermore, the assays exhibited 
different sizes, modeled endpoints, and ratios of compounds belonging 
to the preferred class (PC) in the individual datasets. The total size of 
the assays is illustrated in the upper left panel of Fig.  1. In addition, Ta-
ble  1 provides detailed information on the assays used in this study. The 
assays were assigned to two categories, Target-Based (TB) and ADME-
T, and subsequently labeled based on size and category affiliation. The 
labels of the ADME-T assays were created from the class name and the 
assay description, together with the prefix ‘‘A‘‘ to indicate the affiliation 
to the ADME-T category (e.g., A-logD for the lipophilicity assay). In 
contrast, the TB assays were ordered according to size and numbered 
consecutively (TB-1 for the smallest to TB-7 for the largest TB assay).
TB assays. The TB category includes project-specific assays from ac-
tivity screens to identify active substances on a specific target of 
interest. Active substances are compounds that modulate the function 
of a protein, for example, by inhibiting or activating the target. This 
work includes seven TB assays, with assay sizes ranging from 5082 
to 14,605 measured compounds. As opposed to the ADME-T assays, 
3 
further specifics regarding these biological assays cannot be disclosed 
due to proprietary constraints.
ADME-T assays. Assays in the ADME-T category typically assess the 
pharmacokinetic properties and toxicity profile of a drug candidate. 
These properties are connected to the absorption, distribution,
metabolism, and excretion (ADME) of a compound, while the toxicity 
screens identify compounds that hit unintended targets. The ADME-
T category comprises assays that assess the general features of a 
compound, which are typically relevant for its success in the drug 
discovery and development pipeline [53,54]. The assays, which include 
data from various projects, are usually comparatively large. In our 
study, eight ADME-T assays were used, including five large assays with 
measurement numbers between 16,511 and 92,161 and three smaller 
assays comprising 12,875 and 14,062 data points, which measure 
interactions with Cytochrome P450 (CYP).

As opposed to the TB assays, the ADME-T assays included in this 
study are widely used in the drug discovery process, which allows 
the disclosure of more detailed descriptions of the assays. The CYP 
assays measure the inhibition of one of the two CYP isoforms, CYP3A4 
(A-CYPa) and CYP2C9 (A-CYPb and A-CYPc). These isoforms play 
an essential role in drug metabolism and the detection of drug-drug 
interactions [55–57]. Two distinct assay types are available, exploring 
different interactions with the CYP isoforms. The CYP2C9 (I) and 
CYP3A4 assays measure drug molecule disappearance using liquid 
chromatography-mass spectrometry, while the CYP2C9 (II) assay mea-
sures CYP inhibition using a fluorescent substrate. In both assays, 
weaker interactions with the CYP protein are usually favorable to avoid 
rapid decomposition of the drug molecule and drug-drug interactions. 
The permeability assay (A-PM) evaluates the flux of a compound across 
a Caco-2 cell, reflecting its potential in vivo absorption, which is 
measured in 1e-6 cm/s [58]. High velocities are favorable, indicating 
a compound’s ability to cross biological membranes. The solubility 
assay (A-SOL) assesses the maximum concentration of a compound in 
an aqueous solution at pH 7.4. A Dimethyl sulfoxide (DMSO) stock 
solution is used, and the organic solvent is evaporated to obtain a solid 
sample. Compounds with high solubility are preferred to allow suffi-
cient dissolution in biological fluids [59]. The hERG assay (A-hERG) 
provides vital insight into a compound’s toxicity profile by measuring 
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Table 1
Overview of the assay data. Details of the assays used in this study, including assay size, assay unit, and modeled endpoint. Descriptions 
of the ADME-T assays are shown. The ratio of compounds belonging to the preferred class (PC) is reported for each assay. The last column 
indicates the corresponding threshold 𝑇  used to assign compounds to classes and if the preferred class (PC) lies above or below 𝑇  (PC < ∕ > 𝑇 ).
 Abbreviation Assay Assay PC Assay Modeled Threshold 𝑇  
 description size ratio unit end-point (PC < ∕ > 𝑇 ) 
 Target-Based  
 TB-1 NA 5,082 0.38 μM pIC50 > 6  
 TB-2 NA 5,237 0.39 μM pIC50 > 6  
 TB-3 NA 10,465 0.82 μM pIC50 > 6  
 TB-4 NA 10,624 0.73 μM pIC50 > 6  
 TB-5 NA 12,612 0.16 μM pEC50 > 6  
 TB-6 NA 13,093 0.79 μM pIC50 > 6  
 TB-7 NA 14,605 0.33 μM pIC50 > 6  
 ADME-T  
 A-CYPa CYP3A4 12,875 0.79 μM pIC50 < 5  
 A-CYPb CYP2C9 (I) 12,876 0.84 μM pIC50 < 5  
 A-CYPc CYP2C9 (II) 14,062 0.30 μM pIC50 < 5  
 A-PM Permeability 16,511 0.15 1e-6cm/s logP > 1  
 A-SOL Solubility 47,607 0.48 μM logS > 2  
 A-hERG Toxicity 67,687 0.70 μM pIC50 < 5  
 A-logD Lipophilicity 88,114 0.58 – logD > 3  
 A-MS Metabolic Stability 92,161 0.36 μl/min/1e6 logMS < 1  
its inhibiting effects on the human Ether-a-go-go Related Gene (hERG) 
potassium channel. Inhibition of hERG is correlated to severe cardiac 
side effects by prolonging the QT interval [60]. Therefore, inhibiting 
interactions with hERG is usually undesirable. The lipophilicity of a 
compound is obtained in the A-logD assay by measuring the logarithm 
of the distribution coefficient between octanol and aqueous phase at 
pH 7.4. Lipophilicity is crucial since it significantly affects drug ab-
sorption, metabolism, and safety. A logD greater than 3 has previously 
been identified as a trigger for safety concerns [61,62]. Finally, the 
metabolic stability assay (A-MS) measures how fast a compound is me-
tabolized in rat hepatocytes. The in vivo hepatic clearance is measured 
in μl/min/million cells. In general, low values for hepatic clearance are 
desirable, as they imply slower decomposition and, therefore, higher 
bioavailability of the drug molecule [63,64].
Binary classification of compounds. The measured values were con-
verted to a logarithmic scale, and a suitable threshold was determined 
for each assay individually. Assay-specific thresholds were defined to 
determine if a compound belongs to the PC. All TB assays obtain a 
compound’s inhibiting potency by measuring the IC50, except TB-5, 
in which the EC50 was used. The IC50 value measures the compound 
concentration needed to inhibit a protein’s activity by half, while the 
EC50 value indicates the compound’s concentration that triggers half 
of the maximum possible effect. Subsequently, these values were con-
verted to pIC50/pEC50 by taking the logarithm of the measurements 
converted from micromolar (μM) to molar. The PCs in the TB assays 
comprise compounds with a pIC50/pEC50 value above 6, indicating 
that a substance achieves the desired effect when its IC50/EC50 value 
is below 1 μM. In addition, four ADME-T assays, including the three 
CYP and the hERG assay, contain pIC50 values. Since these assays 
aim to detect interaction with off-targets, lower pIC50 thresholds of 5 
were selected to decrease the risk of false negatives. The PC includes 
compounds with pIC50 values below this threshold. For A-logD, A-SOL, 
A-PM, and A-MS, individual thresholds were chosen as shown in Table 
1 to assign compounds with desirable properties to the PC.
Temporal split. For each assay, we split the data into five roughly 
equally sized folds using the date of each measurement. Each fold 
represents a specific time span in the history of the assay. These folds 
were then used to set up three experimental settings, using one, two, 
or three folds for training the QSAR models. In each case, the first 
subsequent fold was used for validation, including model selection 
and calibration where applicable. We only evaluated each setting on 
the first fold following the validation set for consistency between test 
sets. However, all remaining folds could, in principle, be used. Fig.  2 
illustrates the temporal splitting strategy. Considering all assays and 
4 
settings, 45 separate training datasets were used throughout this work. 
For experiments in which the results of all three settings are used, the 
assays are labeled as Assay Abbreviation [Temporal Setting].  Naturally, 
the training dataset sizes and number of training compounds belonging 
to the PC vary across the temporal settings as shown in the upper right 
and lower left panel of Fig.  1. Furthermore, the bottom right plot in 
Fig.  1 demonstrates that the ratios of PC compounds in the training 
sets differ between temporal settings.

2.2. Models

Fig.  3 provides an overview of the models compared in this study. 
All architectures used in this work stem from a Random Forest (RF) or 
a multilayer perceptron (MLP). Both approaches are commonly used in 
research addressing uncertainty estimation in QSAR modeling [30,35,
36].

Extended connectivity fingerprints (ECFP) [65] were generated and 
used as model input. ECFPs are one of the most widely used finger-
print types for molecular property prediction. While more advanced 
molecular representations and model architectures exist, such as graph 
neural networks for molecular graphs or language models for SMILES 
representations, ECFPs have been demonstrated to perform comparably 
to these more sophisticated approaches [66,67]. 

Furthermore, since our study aims to gain insight into uncertainty 
estimation in QSAR models rather than finding the best approach or 
comparing molecular representations, we opted for the simple and pop-
ular ECFP representation. The RDKit package [68] was used to generate 
ECFPs of length 4096 from the SMILES [69] of the compound struc-
tures. Due to additional computational constraints, we concentrated 
on RF and MLP models as suitable choices for examining uncertainty 
quantification in a temporal context.
Model generation. A Python package is publicly available at https:
//github.com/MolecularAI/uq4dd, which contains the code used for 
model generation and evaluation inspired by the design pattern pro-
posed by Hartog et al. [70]. The hyperparameter tuning for the two 
baseline estimators, RF and MLP, was performed using an exhaustive 
grid search. The exact parameter space search is described in Table S1 
of the supplementary material. The binary cross-entropy (BCE) loss 
was calculated to compare the model performance on a validation set. 
Since assay data often exhibits distributional changes over time, the 
temporal splitting approach described in this paper was also used to 
obtain validation sets that reflect this progression, as shown in Fig.  2. 
This allowed the selection of hyperparameters that perform best under 
these realistic conditions. 

https://github.com/MolecularAI/uq4dd
https://github.com/MolecularAI/uq4dd
https://github.com/MolecularAI/uq4dd
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Fig. 2. Overview of the temporal split and model training. The data in each assay was assigned to 5 time spans to create three temporal settings, each with increasing amounts 
of training (Training) data. The subsequent two folds were used for validation (Valid.) and testing (Test). The validation data also served as a calibration set used in post hoc 
calibration approaches.
Fig. 3. Overview of the classification models. The architectures of the baseline models and train-time uncertainty quantification methods compared in this study are shown. 
All models were trained in a single-task manner. The hyperparameters of the baselines, RF and MLP, were tuned in an extensive grid search. The baseline MLP was used as the 
basis for the three uncertainty quantification methods, deep ensembles, MC dropout, and a Bayesian neural network.
The RF models were generated using scikit-learn [71]. During hy-
perparameter tuning, the maximum depth of the trees and the required 
number of estimators of each assay and temporal setting were individ-
ually tuned using the validation BCE loss. Probability-like outputs were 
generated from the ratio of decision trees in the RF that classified a test 
instance as active.

The MLP models were trained using PyTorch [72] with the BCE 
loss function. Similarly, the model selection, including early stopping, 
was optimized using the validation loss for every assay and temporal 
setting. The network architecture was optimized for the number of 
hidden units, the number of hidden layers, and the dropout rate. 
Additionally, the learning rate and scaling factor of a ReduceOnPlateu 
learning rate scheduler were also optimized. Adam was used as an 
optimization algorithm [73] to train the neural networks. Probability-
like scores were obtained by applying a sigmoid function to the output 
of the MLP.

The baseline models were further modulated to generate more 
sophisticated uncertainty estimation methods. Train-time uncertainty 
quantification methods were trained using the MLP as the foundation. 
Furthermore, post hoc probability calibration methods were applied to 
selected models. A detailed description of the train-time uncertainty 
estimation and post hoc calibration methods can be found below.
Train-time uncertainty quantification. Train-time uncertainty quantifi-
cation approaches aim to estimate uncertainty during model training 
by accounting for model variance. In contrast to post hoc calibration 
methods, they do not apply a post-processing step to the scores of the 
classifier. In this work, we compare two ensemble-based techniques 
inspired by the Bayesian theorem: deep ensembles (MLPE) and Monte 
Carlo (MC) dropout (MLPMC). We also include one full Bayesian neural 
network trained with the Bayes-by-Backprop approach (BNN). These 
methods aim to estimate the posterior distribution over the parameters 
of the neural network [13,14,44]. Theoretically, the posterior distribu-
tion 𝑃 (𝛩|𝐷) over model parameters 𝛩, given data 𝐷, can be computed 
using the Bayesian theorem 

𝑃 (𝛩|𝐷) =
𝑃 (𝐷|𝛩)𝑃 (𝛩)

. (1)

∫ 𝑃 (𝐷|𝛩)𝑃 (𝛩) 𝑑𝛩

5 
When working with high-dimensional posteriors, the calculation of 
the closed-form solution of the Bayesian equation is usually infeasible 
due to the intractability of the evidence term in the denominator, which 
requires solving a highly complex integral. To circumvent this problem, 
sampling-based methods are often used that retrieve samples 𝛩 ∶=
{𝜃1, 𝜃2,… , 𝜃𝑁} from the posterior distribution, so that 𝜃𝑛 ∼ 𝑃 (𝛩|𝐷). 
During inference, the predictions of the sampled models are averaged 
to obtain a mean estimate of the target label 𝑦 given the descriptor 𝒙: 

𝑃 (𝑦|𝑥,𝐷) ≈ 1
𝑁

𝑁
∑

𝑛=1
𝑃 (𝑦|𝑥, 𝜃𝑛). (2)

Both ensemble-based approaches, deep ensembles (MLPE) and MC 
dropout (MLPMC), approximate the Bayesian treatment by estimating 
the predictive uncertainty using numerous base estimators. Deep en-
sembles use multiple randomly initialized models as base estimators, 
corresponding to different local minima in the loss landscape [13]. In 
this work, 25 base estimators were trained, and their predictions were 
averaged to obtain a point estimate. MC dropout applies dropout during 
inference by setting a number of randomly selected neurons to zero to 
introduce stochasticity [14]. To generate MC dropout (MLPMC) models, 
400 forward passes using dropout were aggregated, with the average 
being the final prediction of the models.

To compare the ensemble-based methods with a full Bayesian ap-
proach, we include Bayesian neural networks (BNN) trained with the 
Bayes-by-Backprop method in the comparison study. We used a pre-
viously published repository for the Bayes-by-Backprop method ac-
cessible at https://github.com/ThirstyScholar/bayes-by-backprop as a 
template for our implementation of the BNN approach. In the Bayesian 
setting, neural network weights are treated as random variables rather 
than point estimates, which allows model variance to be accounted for 
in the posterior distribution of the weights. Since the parameter space 
is usually high-dimensional, the closed-form solution of the posterior 
distribution cannot be solved.

Bayes-by-Backprop provides a quick solution for obtaining sam-
ples from the approximate posterior distribution of neural network 
weights 𝑊  using a variational approximation scheme. The underlying 
idea of Bayes-by-Backprop is to learn the optimal parameters 𝛩∗ of 

https://github.com/ThirstyScholar/bayes-by-backprop
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a surrogate distribution that minimizes the Kullback–Leibler (KL) di-
vergence [74] between the simpler surrogate 𝑞(𝑊 |𝛩) and the complex 
posterior distribution 𝑃 (𝑊 |𝐷)

𝛩∗ = argmin
𝛩

𝐾𝐿[𝑞(𝑊 |𝛩)|𝑃 (𝑊 |𝐷)]. (3)

The computation of the resulting KL divergence requires the in-
tractable closed-form solution of the posterior. To avoid the calculation 
of the posterior, the evidence lower bound (ELBO) can be computed, 
which provides a lower bound on the log likelihood of the observed 
data. 
𝑃 (𝐷) ≥ 𝐸𝑞(𝑊 |𝛩)(log

𝑃 (𝐷|𝑊 )𝑃 (𝑊 )
𝑞(𝑊 |𝛩)

) = 𝐸𝐿𝐵𝑂 (4)

Using the ELBO, a computable loss function can be derived that 
is used in the backpropagation framework of the Bayes-by-Backprop 
approach: 
(𝛩,𝐷) = argmin

𝛩
𝐾𝐿[𝑞(𝑊 |𝛩)|𝑃 (𝑊 )] − E𝑞(𝑊 |𝛩)(log𝑃 (𝐷|𝑊 )). (5)

When sampling from the surrogate distribution, the introduced 
stochasticity prevents using a backpropagation scheme. To allow the 
computation of gradients, the local reparametrization trick is applied. 
Instead of sampling directly from the proposal function, a deterministic 
transformation function with learnable parameters is used to convert a 
sample of parameter-free noise into a sample of the proposal function. 
We refer to Blundell et al. [10] for more technical details of the 
Bayes-by-Backprop approach.
Post hoc probability calibration. Two post hoc probability calibration 
techniques were fitted to each model using the validation set. These 
approaches included Platt scaling [23] and Venn-ABERS (VA) predic-
tors [24]. Platt scaling fits a logistic regression to the classification 
scores to counteract over- or underfitted uncertainty estimations [23]. 
Two isotonic regression functions were trained on the validation set 
and a given test instance [24] for calibration with VA predictors. 
The functions represent the hypothesis that the test instance is active 
versus inactive. As such, the probabilities obtained from the isotonic 
regression functions correspond to a lower and an upper bound on 
the estimated probability. Finally, these bounds were condensed to a 
point estimate, as proposed by Toccaceli et al. [75]. The suffixes -P 
and -VA indicate models calibrated with Platt scaling or Venn-ABERS 
predictors, respectively. For instance, the calibrated MLPE model was 
labeled MLPE-P or MLPE-VA.

2.3. Experiments

The first part of this study focuses on the data characteristics 
resulting from the temporal splitting strategy. We studied the shift 
in label and descriptor space over time, mainly concentrating on the 
differences between TB and ADME-T assays. The shift in label space 
was assessed by comparing the PC ratios in each time span. Shifts in the 
descriptor space were quantified using the maximum mean discrepancy 
(MMD) [76], which provides a kernel-based estimate for the distance 
between the distributions of two datasets.  MMD has been success-
fully applied to different tasks, including the detection of distribution 
shift [77,78], adversarial sample detection [79], and unsupervised 
domain adaptation [80,81]. Furthermore, MMD was shown to be ap-
plicable to a wide range of problems in molecular biology [82]. Lee 
et al. [83] used MMD on graph representations of chemical structures 
to score molecules obtained from a generative model. In this work, 
we compute the MMD to detect distribution shifts between the ECFP 
spaces of the training datasets 𝑋 ∶= {𝒙𝟏,… ,𝒙𝑴} and the test datasets 
𝑍 ∶= {𝒛𝟏,… , 𝒛𝑵} which are distributed according to 𝑃 (𝑋) and 𝑄(𝑍). 

𝑀𝑀𝐷(𝑃 ,𝑄) = 1
𝑀2

𝑀
∑

𝑖=1

𝑀
∑

𝑗=1
𝑘(𝒙𝒊,𝒙𝒋) +

1
𝑁2

𝑁
∑

𝑖=1

𝑁
∑

𝑗=1
𝑘(𝒛𝒊, 𝒛𝒋)

− 1
𝑀𝑁

𝑀
∑

𝑁
∑

𝑘(𝒙𝒊, 𝒛𝒋).

(6)
𝑖=1 𝑗=1
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When using the Tanimoto coefficient [84] as kernel, the MMD lies 
between 0 and 1, with 0 indicating no differences and 1 indicating no 
shared features between the compounds in the datasets. To investigate 
the overlap of chemical scaffolds in the training and test datasets, 
Murcko scaffolds of the chemical structures were retrieved using RD-
Kit [68]. The proportion of test set scaffolds that overlapped with those 
in the training set was determined.

The second part of the study aims to determine how well differ-
ent uncertainty quantification methods estimate the probability that 
compounds have a certain desirable feature, such as being active on 
a TB assay or inactive on an ADME-T toxicity assay. To improve 
reproducibility, ten repetitions were generated for each method using 
random initialization. The reliability of the models was assessed by 
calculating various performance metrics on the test set predictions, as 
described below. The metrics were calculated for each repetition and 
subsequently aggregated to obtain the mean and standard deviation 
for each score and model across all datasets. For each assay and 
temporal setting, a two-sided, independent t-test was used to assess 
whether the difference between the best model and any other model 
was statistically significant.  To compare model performance, the AUC 
under the receiver operating characteristic (ROC) curve [85] (AUC 
[↑]), the binary cross-entropy (BCE [ ↓]) and the adaptive calibration 
error [86] (ACE [ ↓]) of the predictions were calculated using the 
test set predictions. The calibration error was obtained by ordering the 
predictions and assigning them to ten bins. Subsequently, the difference 
between the mean probabilities and the ratio of the instances belonging 
to the PC was computed for each bin. The ACE was calculated by 
taking the mean of the differences in the bins. Another commonly used 
calibration error is the expected calibration error, which is similar to 
the ACE but uses equally spaced instead of equally sized bins [86]. 
However, this binning strategy can overestimate the calibration error 
when handling imbalanced datasets due to the high variance of the 
predictions in the sparsely populated bins [86]. In this context, the 
ACE provides a more robust estimate and is, therefore, the preferred 
estimator for the probability calibration error in this study. Note that 
the ACE is an improper score [87,88], so a perfect calibration error 
of 0 does not automatically correspond to the best model. Thus, the 
ACE was always evaluated in combination with the BCE for a more 
comprehensive analysis.

3. Results and discussion

We divide the results of this study into two consecutive parts to 
investigate the efficacy of uncertainty quantification and probability 
calibration methods using real-world temporal data. The first part 
addresses the properties of the data in the context of a distribution shift 
in the label and descriptor space. In the second section, we compare the 
probability calibration of various uncertainty quantification methods 
and set the results in the context of the underlying distribution shift 
resulting from the temporal split.

3.1. Distribution shifts over time

Shift in label space. The ratios of the PC in different time spans of an 
assay were compared to evaluate shifts in the label space. As previously 
reported in Section 2.1, the ratio of compounds belonging to the PC 
varies across temporal settings. The magnitude of this difference is 
dependent on the assay, as shown in the bottom right panel of Fig.  1. 
Some assays exhibit larger differences, like TB-7, while for others, such 
as A-PM, the ratio is more stable over time. To evaluate the distribution 
shift in label space between training and test data, the difference in 
the ratios of compounds in the PC was calculated. The left panel in 
Fig.  4 illustrates these differences between the training and the test 
set for each assay. The ratio of compounds belonging to the PC in 
each time span is listed for all assays in Table S2 of the supplementary 
material. We assessed all three temporal settings, using one, two, or 
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Fig. 4. Quantification of the distribution shifts between the training and test datasets over time. The shift in label space and in the descriptor space is illustrated for each 
temporal setting, using the data of 1, 2, or 3 time spans for training. Results are shown for each assay. The left panel shows the shift in label space in terms of the difference in 
ratios of the preferred class (PC) between the training and test datasets. The right panel shows the MMD in the descriptor space between the training and test datasets for each 
temporal setting and assay, quantifying shifts in descriptor space.
Fig. 5. T-SNE plots of the ECFP space. T-SNE plots of the ECFP space are shown for one example of each assay category to illustrate how the explored chemical space changes 
over time. Compounds are colored according to the time span that they were assigned to. The t-SNE plots of the remaining TB and ADME-T assays are shown in Figure S1 and 
Figure S2 in the supplementary material.
three time spans as training data. The second consecutive span after 
the training folds was considered the test set. We refer to Fig.  2 for a 
more comprehensive explanation of the different training settings. The 
left heatmap of Fig.  4 shows that TB assays evolve differently in label 
space over time than ADME-T assays. Generally, the differences in PC 
ratios between the training and test sets are smaller in ADME-T assays, 
while the more extreme values in TB assays indicate larger shifts in 
label space. Recall that the TB category includes project-based assays, 
which aim to find modulators for a specific target of interest. Therefore, 
a plausible explanation for the larger shifts in label space could be that 
various chemical series are tested in search of promising compounds. 
These series may differ in their abilities to modulate a target, leading to 
changing ratios of preferred compounds over time. Some assays show 
an enrichment of the PC over time, as observed in TB-3 and TB-6. 
However, this pattern was not observed in all assays, and the TB-1 and 
TB-7 assays even show opposite tendencies.  Two datasets exhibited 
high shifts in label and small shifts in descriptor space, which might 
indicate the presence of activity cliffs. These two assays included the 
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second temporal setting of TB-1 and the first temporal setting of TB-
4. Note that label shifts might also result from chemical series with 
activity values close to the classification threshold. This could lead to 
similar chemical compounds labeled differently, despite the absence of 
an actual activity cliff. A detailed discussion of the shifts in descriptor 
space can be found in the next paragraph.  Similarly to the TB assays, 
the more stable ratios in the ADME-T assays can also be attributed 
to the nature of this assay category. These assays are not specific 
to individual projects and are used to evaluate the pharmacokinetic 
and toxicity profiles of compounds. Based on the results above, it 
is highly questionable whether the i.i.d. assumption for these assays 
remains valid over time, particularly in the TB category. This category 
includes some challenging assays, such as TB-3 and TB-7, which exhibit 
significant label shifts.
Shift in descriptor space. The shifts in ECFP space are visualized using 
two-dimensional t-SNE plots to reveal patterns and clusters in the 
dataset. The t-SNE plots for TB-7 and A-CYPb are shown in Fig.  5, 
while the plots for the remaining assays can be found in Figure S1 and 
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Figure S2 in the supplementary material. Fig.  5 reveals a clear pattern 
in the TB-7 assay, which indicates a shift in the chemical space over 
the assay history. Furthermore, chemically similar compounds tend to 
be assigned to the same time span, as indicated by the color purity in 
various clusters. In contrast, the t-SNE plot of the ADME-T assay does 
not show a clear pattern in clusters and color gradients. To quantify the 
shift in descriptor space, the MMD was calculated between the training 
and test sets. The MMD of the three temporal settings is shown in 
the right panel of Fig.  4. The observed tendencies are similar to the 
patterns reported for the label shifts. In general, the TB assays exhibit 
larger shifts than the ADME-T assays, which is also supported by the 
patterns seen in the t-SNE plots. These results can again be explained 
by the different characteristics of the two assay categories, resulting 
in distinct developments through the descriptor space over time. To 
find promising compounds in the TB assays, various chemical series 
are usually screened, containing chemically similar compounds. As a 
result, large shifts are observed when comparing the descriptor space 
of compounds assigned to different time spans.  Interestingly, when 
comparing the ratio of scaffolds in the test set shared with the training 
set, no apparent differences in the scaffold overlap between the TB 
and ADME-T assays could be detected (Table S3 in the supplementary 
material). This means that the difference in distribution shifts between 
the ADME-T and the TB assays is not a result of the scaffold overlap 
between the training and test sets. In conclusion, the shifts in descriptor 
space are more pronounced in TB assays, while those in ADME-T assays 
are comparatively small. Similar to the shifts in label space, the i.i.d. 
assumption might not be appropriate, particularly in the TB assays.

3.2. Probability calibration study

We assessed the performance of various uncertainty estimation 
methods in three experiments, focusing on the probability calibration of 
the models. Throughout this part of the study, the model performance 
is assessed separately for TB and ADME-T assays. The first experiment 
compares the baseline methods and the uncertainty quantification ap-
proaches limited to the third temporal setting, in which three time 
spans were used as training datasets. The second section investigates 
the change in model performance over time by comparing the three 
temporal settings. Moreover, the results will be linked to the assay-
specific conclusions about the label and data shift drawn in Section 3.1. 
The third experiment concentrates on the potential of post hoc proba-
bility calibration methods in the context of distribution shifts between 
the calibration and test sets. The results of the majority of models are 
presented. The numerical results of all methods are listed in Section 4 
in the supplementary material.
Comparison of uncertainty estimation methods. We compared the predic-
tive performance of RF, MLP, MLPE, MLPMC, and BNN in terms of AUC, 
BCE, and ACE. For a straightforward comparison, we limit the reported 
results to the third temporal setting, in which three time spans were 
used for model training. The data assigned to the last time span was 
used as a test set. The AUC values of the models are listed in Table 
2. The AUC results for the TB assays show that the MLPs, as well as 
the non-Bayesian uncertainty estimation methods, outperform the RFs 
and BNNs on most datasets. In more detail, the MLPE model is always 
among the best approaches. The MLP and the MLPMC models retrieve 
results that are not statistically different from the best model in 6 and 5 
out of 7 datasets. The BNN is the best model for assay TB-4, while the 
RF approach is consistently outperformed. In contrast, the results for 
the ADME-T assays show that either the MLPEs, or the BNNs, or both 
outperform the other approaches in 7 out of 8 assays. The remaining 
assay is A-CYPa, for which the RF approach achieves the best result.

The model calibration is analyzed using the ACE and the BCE scores. 
The results are illustrated in Fig.  6. The analysis of the BCE and ACE 
values reveals trends similar to those observed in the AUC scores. The 
results of the models trained on TB assays show that the MLPE approach 
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is among the best-performing approaches for all datasets, except for 
TB-1, for which MLPMC performs best in terms of ACE. The baseline 
MLP matches the performance of MLPE in 4 out of 7 times in terms 
of BCE and in 5 out of 7 assays in terms of ACE. Furthermore, the 
models perform overall worse on TB-1 and TB-2 in terms of BCE. A 
reason for this result could be the small dataset size of these two assays, 
which might lead to overfitting and, therefore, poorer calibration of 
the models. Furthermore, both assays exhibit comparatively large shifts 
in label and descriptor space, as shown in Fig.  4, which introduces 
additional difficulties in generalizing well over time. The results of the 
models trained on the ADME-T data demonstrate the superiority of the 
MLPE and BNN methods. More specifically, in all assays, either MLPE 
or the BNN performs best with regard to BCE and ACE. A-CYPa is the 
only exception for which RF and MLPMC perform best. The MLPE and 
BNN models achieve the best results across both metrics in the same 
number of assays, namely in 4 out of 8 cases.

It is surprising that the more sophisticated uncertainty estimation 
methods improve the probability calibration of the baselines trained 
on ADME-T assays but fail to do so for models trained on TB category 
datasets. The MLPE and the BNN approaches account for epistemic 
uncertainty by including model variance in their predictions. The deep 
ensemble approach retrieves model samples representing different local 
minima of the loss surface, while the BNN treats the neural network 
weights as probability distributions. Koh et al. [42] showed that the 
performance of a classifier can degrade significantly when there is a dis-
tribution shift between the source and target domains. Moreover, Garg 
et al. [89] reported specifically for the presence of label shift that 
a classifier that is ideal for the source domain might no longer be 
ideal for the target domain. In general, deep ensemble approaches have 
been shown to outperform other uncertainty estimation approaches, 
including approximate Bayesian neural networks, in terms of predictive 
accuracy and calibration without [90] and under distribution shift in 
the descriptor space [41,91]. These conclusions are supported by the 
results in this study, which show that MLPE performs better than other 
uncertainty estimation methods under distribution shift.

However, despite being the best uncertainty estimation approach, 
the MLPE models rarely outperform the baseline MLP in the presence 
of distribution shift. An additional reason for the failure of the uncer-
tainty estimation methods to generate better uncertainty estimates is 
that the baseline could be their inability to handle the shifts in label 
space well. This conclusion might be transferrable to model calibration, 
thus explaining the difference between architectures trained on TB 
and ADME-T assays to produce better-calibrated probabilities. A large 
study that compared uncertainty estimation approaches used for regres-
sion models trained on the same dataset also reported that the deep 
ensemble and Bayesian neural network approaches outperform other 
common uncertainty estimation approaches for regression [50]. In con-
trast to the classification setting, the uncertainty estimates of baselines 
trained with TB assays could also be improved in the regression study. 
This observation could indicate that uncertainty estimation models for 
regression tasks are less sensitive to shifts in the label space than 
approaches for classification. A reason for this observation could be 
that the model can access the actual values of the measurements in the 
regression setting, which might attenuate the shift in the target space. 
For example, strongly inactive and weakly inactive compounds exhibit 
different target values for regression models, while this information is 
lost in classification tasks due to the application of binary classification 
thresholds.

Uncertainty estimation over time. We assessed the quality of the uncer-
tainty estimates over time by comparing the model performance in 
all three temporal settings. The results are displayed in Fig.  7. The 
plots show that the model performance in one time span rarely allows 
conclusions about the performance of the same approach at another 
point in time. In 3 out of 7 TB assays, a single model is always among 
the models with the best BCE score in all three temporal settings. These 
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Table 2
Summary of AUC results for the third temporal setting. AUC results for the baselines (RF and MLP) and train-time uncertainty quantification 
models (MLPE, MLPMC, and BNN) are reported. The models were trained with compounds from three time spans. The mean and standard 
deviation of 10 model repetitions are shown. The best-performing approach and those not significantly different from it, as determined by a 
two-sided t-test, are highlighted in bold.
 RF MLP MLPE MLPMC BNN

 Target-Based
 TB-1 0.437 ± 0.025 0.586 ± 0.065 0.614 ± 0.006 0.592 ± 0.061 0.502 ± 0.024  
 TB-2 0.778 ± 0.018 0.793 ± 0.01 0.795 ± 0.002 0.791 ± 0.01 0.289 ± 0.026  
 TB-3 0.708 ± 0.023 0.765 ± 0.009 0.768 ± 0.001 0.761 ± 0.009 0.73 ± 0.002  
 TB-4 0.909 ± 0.027 0.95 ± 0.007 0.956 ± 0.0 0.952 ± 0.003 0.957 ± 0.001 
 TB-5 0.676 ± 0.028 0.896 ± 0.008 0.9 ± 0.001 0.897 ± 0.008 0.78 ± 0.171  
 TB-6 0.641 ± 0.06 0.768 ± 0.007 0.771 ± 0.001 0.768 ± 0.007 0.701 ± 0.007  
 TB-7 0.533 ± 0.086 0.71 ± 0.026 0.718 ± 0.004 0.718 ± 0.03 0.479 ± 0.014  
 ADME-T
 A-CYPa 0.675 ± 0.015 0.625 ± 0.013 0.627 ± 0.002 0.625 ± 0.013 0.622 ± 0.016  
 A-CYPb 0.581 ± 0.012 0.644 ± 0.005 0.648 ± 0.001 0.643 ± 0.006 0.661 ± 0.001 
 A-CYPc 0.631 ± 0.024 0.714 ± 0.003 0.714 ± 0.0 0.715 ± 0.003 0.734 ± 0.003 
 A-PM 0.613 ± 0.031 0.769 ± 0.004 0.77 ± 0.001 0.765 ± 0.004 0.784 ± 0.023 
 A-SOL 0.692 ± 0.008 0.78 ± 0.011 0.792 ± 0.002 0.779 ± 0.013 0.511 ± 0.011  
 A-hERG 0.632 ± 0.009 0.729 ± 0.005 0.735 ± 0.001 0.729 ± 0.005 0.652 ± 0.003  
 A-logD 0.641 ± 0.015 0.833 ± 0.003 0.839 ± 0.002 0.834 ± 0.003 0.828 ± 0.004  
 A-MS 0.694 ± 0.006 0.71 ± 0.01 0.716 ± 0.003 0.713 ± 0.006 0.745 ± 0.007 
Fig. 6. Summary of BCE and ACE scores for the third temporal setting. The first column shows the results for TB assays, while the second one reports the performance of 
models trained on ADME-T assays. BCE scores are plotted in the first row, and ACE scores in the second row. Results for the baselines (RF and MLP) and train-time uncertainty 
quantification models (MLPE, MLPMC, and BNN) are reported. The models were trained with compounds from three time spans. The results of 10 model repetitions were aggregated. 
For each assay, the best-performing approach and those not significantly different from it, as determined by a two-sided t-test, are marked with an asterisk.
approaches include MLPMC for TB-1, MLP for TB-6, and MLPE for 
TB-7. Regarding the ACE scores, the MLPE is consistently among the 
best methods for TB-2, and the MLP is among the best for TB-3. The 
BCE results of the ADME-T assays show consistent results over time 
for 4 assays, including the RFs for A-CYPa and the MLPE approach 
for A-PM, A-SOL, and A-hERG. The ACE results of the ADME-T assays 
reveal a consistent model performance in 2 out of 8 assays, namely 
the MLPs for A-PM and the MLPE for A-hERG. In general, model 
performance in terms of ACE is slightly less stable over time than in 
terms of BCE. Interestingly, Svensson et al. [50] applied regression 
modeling techniques to the same data and reported more consistent 
model performance for the ADME-T assays.

Plotting the model performance on all temporal settings confirms 
the conclusions drawn in Section 3.2. The MLP and MLPE methods 
obtain the best results in terms of both BCE and ACE for the TB 
assays. Both are among the best-performing approaches in at least one 
temporal setting in all assays, except TB-4, where MLP is not among 
the best models in any setting. Interestingly, regarding the BCE results, 
the MLP is as often among the best models as the MLPEs, namely for 
13 out of the 21 settings. The ACE scores reveal a similar result. MLP is 
among the best methods for 11, and MLPE for 13 out of 21 settings. All 
other approaches trained on the TB assays are much less often among 
the best-performing models.
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As described in Section 3.1, TB-1[2] and TB-4[1] exhibited large 
shifts in label space and small shifts in descriptor space, which might 
indicate the presence of activity cliffs. Interestingly, the performance 
of models trained on these datasets did not differ considerably from 
the results of other TB assays. Thus, if the label shift was large, model 
performance was not affected significantly by the presence of shifts 
in descriptor space. A reason for this result could be the overall large 
shifts observed in TB assays, which makes the prediction tasks generally 
harder, diminishing the impact of activity cliffs on model performance. 
Furthermore, the combination of high label and low descriptor space 
shifts could also be an artifact of chemical series exhibiting activity 
values close to the classification threshold rather than actual activity 
cliffs, as described in Section 3.1. 

The results for the ADME-T assays also support the results from the 
previous experiment. Concerning the ACE scores, the MLPE and BNNs 
outperform all other models, with MLPE being among the best methods 
for 13 and BNN for 11 out of 24 settings. The MLPs and the MLPMCs 
are among the best-calibrated methods in 5 and 7 settings, respectively. 
The MLPEs outperform the other approaches in terms of BCE, obtaining 
significant results in 13 settings. The MLPMCs are among the best 
methods in 8, and the BNNs in 7 out of 24 settings.

In conclusion, the MLPE approach generates the best-performing 
models for most ADME-T assays. Considering the high computational 
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Fig. 7. Summary of BCE and ACE scores across all temporal settings. The first two columns show the ACE and BCE scores for TB assays, while the last two report the 
performance of models trained on ADME-T assays. The temporal setting is indicated in brackets after the assay abbreviation. Results for the baselines (RF and MLP) and train-time 
uncertainty quantification models (MLPE, MLPMC, and BNN) are reported. The models were trained with compounds from three time spans. Averages over 10 model repetitions 
are shown. For each assay, the best-performing approach and those not significantly different from it, as determined by a two-sided t-test, are marked with an asterisk.
resources required to train these MLPEs, another good choice are 
BNNs. This approach is much more time- and resource-effective and 
generates well-calibrated models for many ADME-T datasets. Note that 
a fixed variance was chosen for the Gaussian prior and that tuning 
this hyperparameter could even improve the performance of the BNNs. 
Given that deep ensemble models always lead to more underconfident 
predictions [92], the good performance of these methods indicates 
overfitting of the baselines. The MLPEs and BNNs counteract this 
behavior for the ADME-T assays but not for datasets from the TB 
category. The ACE values for TB assays are higher than for the ADME-T 
assays, as illustrated in Fig.  6, indicating worse model calibration. This 
result indicates room for improvement in probability calibration and 
eliminates good baseline model calibration as a reason for the inability 
of MLPE and BNN to improve the ACE of the MLP. An alternative reason 
for the failure of MLPEs and BNNs could be the shift in label space, 
which is considerably larger for TB assays.

Based on these results, it is questionable whether the costly gen-
eration of MLPEs for improved uncertainty estimation is justified for 
datasets with large distribution shifts, such as the TB data. As discussed 
in Section 3.2, this shift might be difficult to handle for the uncer-
tainty quantification methods, resulting in the inability of uncertainty 
quantification methods to improve the probability calibration.
Post hoc probability calibration. The effects of two post hoc calibration 
methods, Platt scaling and Venn-ABERS predictors, were assessed. Fur-
thermore, the distribution shift between calibration and test sets was 
taken into account by obtaining the MMD between the two datasets. 
The MMD between the calibration and test datasets is reported in 
Table S4 in the supplementary material. For the sake of clarity, we 
only include the results of the third temporal setting for the MLPE 
approach, which was reported to be one of the best-performing models 
in previous sections of this study. Only the ACE is reported since the 
post hoc calibration step includes the application of monotonously 
increasing functions, which cannot correct non-monotonous distortions 
and, therefore, does not change the ranking of the predictions. Hence, 
these approaches only affect the probability calibration while the AUC 
scores of the models remain constant. The results of all calibrated 
models across all temporal settings and assays can be found in Section 4 
in the supplementary material.

Fig.  8 shows the performance of the Platt-scaled MLPEs (MLPE-P) 
and the MLPEs calibrated with Venn-ABERS predictors (MLPE-VA). The 
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results are shown separately for TB and ADME-T assays, and the assays 
are ordered according to increasing MMD values. In general, post hoc 
scaling leads to better results in 4 out of 7 TB assays and in 4 out of 
8 ADME-T assays. In 4 out of these 8 cases, both MLPE-P and MLPE-
VA are the best models, while in 4 cases, either MLPE-P or MLPE-VA 
performs best. Both panels in Fig.  8 show that with increasing MMD 
between calibration and test set, the calibrating abilities of the post 
hoc calibration methods decrease. A stronger trend can be detected 
for the TB assays, for which the shifts are larger than for the ADME-
T assays. Nevertheless, the pattern is also visible in the right panel 
plotting the results for ADME-T, which show no improvements after 
post hoc calibration for assays with large MMD, like A-CYPc and A-
CYPa. The reported trends can also be seen for other approaches, albeit 
less clearly for some models.

An intuitive explanation for this pattern is that post hoc probability 
approaches perform better if the calibration set is similar to the test set, 
and worse if the calibration and test sets are different. Ovadia et al. [41] 
showed that post hoc calibration approaches improve model calibration 
in the i.i.d. setting. However, their calibrating abilities degrade as the 
data shift increases, so that they are ultimately outperformed by train-
time uncertainty quantification methods in the presence of large shifts. 
These findings are supported by the post hoc calibration results in 
this study, which report good calibrating properties of the post hoc 
calibration methods in the case of small shifts, while for larger shifts, 
they are outperformed by the train-time versions of the methods.

4. Conclusions

Uncertainty estimation emerges as a critical tool in the cost- and 
resource-intensive drug discovery process, facilitating the evaluation 
of experimental risks and costs. In this framework, the quality of 
the uncertainty estimates is crucial to ensure the reliability of the 
models. This study evaluates uncertainty estimation approaches for 
classification tasks in a practical, real-world context.

A temporal splitting strategy was applied to internal data from 
a pharmaceutical company to simulate the evolution of drug-target 
interaction data.  This splitting approach allowed us to determine 
distribution shifts in pharmaceutical data over time and to identify un-
certainty estimation methods that remain reliable as assay data evolves 
and distributional shifts occur. In pharmaceutical research, datasets are 
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Fig. 8. Summary of ACE scores of post-hoc probability calibration approaches using the third temporal setting. The left panel shows the ACE scores of models trained on 
TB assays, while the right panel reports the ACE performance of ADME-T models. The assays in each panel are ordered according to increasing distribution shifts in descriptor 
space between the calibration and the training set. The distribution shift is determined by the maximum mean discrepancy (MMD) between the two datasets using the Tanimoto 
coefficient on the ECFP space. Results for the deep ensembles (MLPE), the Platt-scaled deep ensembles (MLPE-P), and the ensembles calibrated with a Venn-ABERS predictor 
(MLPE-VA) are reported. The models were trained with compounds from three time spans. The results of 10 model repetitions were aggregated. For each assay, the best-performing 
approach and those not significantly different from it, as determined by a two-sided t-test, are marked with an asterisk.
continually updated, requiring models to be retrained. It is therefore 
essential to assess whether a chosen uncertainty estimation strategy 
continues to deliver accurate uncertainty estimates as the data evolves 
or whether adjustments are necessary.  Our findings offer valuable 
insights into uncertainty estimation and highlight the challenges posed 
by real-world applications.

The analysis of the pharmaceutical data showed that the distribution 
shifts in label and descriptor space over time strongly depended on the 
nature of the individual assays. The project-specific TB assays exhibited 
more pronounced distribution shifts, while the more abundantly used 
toxicity screens and assays assessing the pharmacodynamic properties 
(ADME-T assays) showed moderate and more stable shifts in descriptor 
space and little shift in label space over time. These results suggest that 
the i.i.d. assumption might not be accurate, especially for target-specific 
assays with larger shifts in label- and descriptor space. In general, real-
world data is likely to exhibit distribution shifts over time, particularly 
in assay data, where chemical series are naturally present. Hence, we 
also expect the ADME-T data not to be completely i.i.d.. However, in 
the case of the ADME-T assays, the distributions between training and 
test are more similar than for TB assays, as shown in Fig.  4.

A comparison of common uncertainty quantification methods re-
vealed that the deep ensembles and the Bayesian neural network 
achieved the best-calibrated results for ADME-T assays that show small 
distribution shifts in the data. Recently, these two approaches have also 
been shown to outperform other common uncertainty quantification 
methods in regression tasks using the same dataset [50]. Given that 
training deep ensembles demands a lot of computational resources, 
Bayesian neural networks might be the best choice when striving 
for a fast method that produces well-calibrated estimates. For TB 
assays exhibiting more pronounced distribution shifts in both label and 
descriptor space, the deep ensemble method performed best. However, 
the baseline MLP matched the performance of the uncertainty quan-
tification methods for many datasets. Due to the high computational 
effort required to train deep ensembles, choosing a simple MLP for 
assays with large distribution shifts might be the best and most efficient 
solution.

Surprisingly, most ensemble-based and full Bayesian uncertainty 
estimation methods did not outperform the baseline MLP for TB assays. 
Recall that these approaches infer probability distributions over model 
parameters, thus allowing the generation of a predictive distribution. 
Assuming the model is well-calibrated, the variance of its predictive 
distributions should reflect its confidence. More specifically, the vari-
ance of these predictive distributions is expected to increase when 
the model cannot make accurate predictions, such as when the input 
data differs from the training distribution. Therefore, well-calibrated 
models that account for model variance should be able to handle a lack 
11 
of generalizability due to shifts in the descriptor space. This leads to 
the assumption that their inability to produce better-calibrated results 
might stem from the shifts in label space rather than the descriptor 
space. Furthermore, Svensson et al. [50] used the TB assays in re-
gression models and reported an improved model calibration using 
ensemble-based models and Bayesian neural networks. Thus, these 
approaches might be able to generate better-calibrated results in a 
regression setting, when the actual bioactivity values can be accessed 
rather than less-informative binary labels. 

The analysis of the performance of uncertainty estimation ap-
proaches over time showed that it is difficult to draw conclusions from 
results from one point in time in the assay history to another. In gen-
eral, model performance was unstable over time. Only for a few assays 
could one method be identified that was among the best-performing 
approaches at all considered time points in the assay history. In con-
clusion, a reevaluation of classification model performance is required 
for all assays as soon as more recent data is added. Interestingly, the 
performance of regression models is more stable over time for ADME-T 
assays, as shown recently by Svensson et al. [50].

Lastly, two post hoc calibration approaches, including Platt scaling 
and Venn-ABERS predictors, were tested on their ability to improve 
the probability calibration of deep ensembles. Overall, the calibration 
methods were able to achieve better-calibrated results for some assays, 
while for others, the calibration stayed the same or even deteriorated 
after the post hoc calibration step. The calibrating capabilities were 
dependent on the distribution shift between the calibration and test 
sets, with declining performance when the shifts in the descriptor space 
increased.

The uncertainty estimation approaches discussed in this study have 
been previously demonstrated to improve model calibration on toy data 
or datasets that do not account for the distribution shift caused by the 
evolution of the data over time. However, previous studies show that 
improved performance on i.i.d. data often fails to translate into better 
outcomes under distribution shift [41,42], which is also supported by 
the findings in this study. This study highlights the challenges intro-
duced by real-world data, emphasizing the complexity of identifying 
effective strategies for uncertainty estimation in QSAR models.
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