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Abstract. Explainable AI (xAI) interventions aim to improve inter-
pretability for complex black-box models, not only to improve user trust 
but also as a means to extract scientific insights from high-performing 
predictive systems. In molecular property prediction, counterfactual 
explanations offer a way to understand predictive behavior by high-
lighting which minimal perturbations in the input molecular structure 
cause the greatest deviation in the predicted property. However, such 
explanations only allow for meaningful scientific insights if they reflect 
the distribution of the true underlying property—a feature we define 
as counterfactual truthfulness. To increase this truthfulness, we propose 
the integration of uncertainty estimation techniques to filter counterfac-
tual candidates with high predicted uncertainty. Through computational 
experiments with synthetic and real-world datasets, we demonstrate that 
traditional uncertainty estimation methods, such as ensembles and mean-
variance estimation, can already substantially reduce the average predic-
tion error and increase counterfactual truthfulness, especially for out-of-
distribution settings. Our results highlight the importance and potential
impact of incorporating uncertainty estimation into explainability meth-
ods, especially considering the relatively high effectiveness of low-effort
interventions like model ensembles.

Keywords: Counterfactual Explanations · Truthfulness · Graph 
Neural Networks · Uncertaint y Estimation · Molecular Property
Prediction

1 Introduction 

Recent advances in the study of artificial intelligence (AI) have revolution-
ized various branches of society, industry, and science. Despite their numerous 
advantages, the opaque black-box nature of modern AI metho ds remains a chal-
lenge. Although complex neural network models often display superior predictive
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Fig. 1. a Truthful explanations should not only reflect the model’s behavior but also 
the properties of the underlying true data distribution. b Uncertainty quantification 
methods predict an additional uncertainty value as an approximation of the model’s 
prediction error. By filtering high-uncertainty elements, it is possible to reduce the
cumulative error and, by extension, the fraction of truthful counterfactuals of the
remaining set.

performance, their inner workings remain largely intransparent to humans. 
Explainable AI (xAI) aims to address these shortcomings by developing methods 
to better understand the inner workings of these complex models.

Traditionally, xAI methods are meant to improve trust in human-AI rela-
tionships, provide tools for model debugging, and ensure regulatory compliance
[9]. More recently, xAI has been proposed as a potential source of new scientific
insight [24, 40, 41, 51]. This potential of gaining new insights primarily concerns 
tasks about which little to no prior human knowledge exists. By elucidating 
the behavior of high-performing models in complex property prediction tasks, 
xAI can offer insights not only into the model’s behavior but, by extension, into 
the underlying rules and relationships governing the data itself. However, to 
gain meaningful insights, the given explanations must be truthful regarding this 
underlying data distribution. However, for these explanations to yield meaning-
ful insights, they must accurately reflect the true data distribution. This imposes
a more stringent requirement for explanations: they must be valid not only in
terms of the model’s behavior but also with respect to the predicted property
itself.

In this work, we explore counterfactual explainability within chemistry and 
materials science—a domain where insights derived from XAI would have a sub-
stantial impact to accelerate scientific discovery. In short, counterfactual expla-
nations locally explain the model’s behavior by constructing multiple “what if?”
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scenarios of minimally perturbed input configurations that cause large devia-
tions in the model’s prediction. By itself, a counterfactual only has to explain 
the model’s behavior, regardless if that behavior reflects the underlying p roperty,
causing significant conceptual overlap between the counterfactuals and adver-
sarial examples [10]. As an extension, we define a truthful counterfactual as one 
that satisfies constraints regarding the model and the underlying ground truth— 
causing a large deviation of the prediction while maintaining low prediction error
(see Fig. 1). 

Given the general unavailability of ground truth labels for counterfactual 
samples, we propose uncertainty quantification methods as a means to approx-
imate prediction error and ultimately improve overall counterfactual truthful-
ness by filtering high-uncertainty explanations. We empirically investigate var-
ious common methods of uncertainty quantification and find that an ensemble 
of mean-variance estimators (MVE) yields the greatest improvement of relative 
model error and can substantially improve counterfactual truthfulness. Qual-
itative results affirm these findings, showing that uncertainty-based filtering
removes unlikely molecular configurations that lie outside the training distri-
bution. Our results underscore the potential benefits of integrating uncertainty
estimation into explainability methods, such as counterfactual explanations.

2 Related Work 
Graph Counterfactual Explanations. Insights from social science indicate 
that humans prefer explanations to be contrastive—to explain why something
happened instead of something else [26]. Counterfactuals aim to provide such 
contrastive explanations by constructing hypothetical “what if?” scenarios to 
show which small perturbations to a given input sample would have resulted in
a significant deviation from the original prediction outcome.

While Verma et al. [44] present an extensive general review on the topic 
of counterfactual explanations a cross different data modalities, Prado-Romero
et al. [30] explore specifically counterfactual explanations in the graph processing 
domain. The authors find that the existing approaches can be categorized by 
which kinds of perturbations to the input graph are considered. Many existing 
methods c reate perturbations using masking strategies on the node-, edge- or
feature-level in which masks are optimized to maximize output deviations [3, 23, 
39]. However, masking-based strategies often yield uninformative explanations 
for molecular property prediction. In this context, it is more insightful to p erturb
the molecular graph by adding or removing bonds and atoms [38]. Some authors 
successfully adopt such approaches for molecular property predictions [27, 29, 
46]. One particular difficulty for these kinds of approaches is the necessity of 
including domain knowledge to ensure that modifications result in a valid graph
structure (e.g. chemically feasible molecules). In one example, Numeroso and
Bacciu [29], propose to train an external reinforcement learning agent to propose 
suitable graph modifications resulting in counterfactual candidates for molecular 
property predictions. In this case, the authors also introduce domain knowledge
by restricting the action space of the agent to chemically feasible modifications.
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Uncertainty Quantification. Predictive machine learning models often 
encounter uncertainty from various sources, including, for example, inherent 
measurement noise (aleatoric uncertainty) or regions of the input space insuf-
ficiently covered in the training distribution (epistemic uncertainty). Conse-
quently, a model’s predictions may be more accurate for some input samples 
than for others. Uncertainty quantification methods aim to measure this variabil-
ity, identifying those samples that a model can predict with greater confidence
[1, 11]. 

Similarly to the broader field of xAI, one aim of uncertainty quantification 
is to improve user trust by indicating the reliability of a prediction [35]. Beyond 
uncertainty quantification for target predictions, Longo et al. [22]  propose  to  
introduce elements of uncertainty estimation on the explanation level as well.

Traditionally used methods for uncertainty quantification include the joint 
prediction of a distribution’s mean and variance (MVE) [28], assessing the vari-
ance between the predictions of a Deep Ensemble [16] and using bayesian neural 
networks (BNNs) [4, 12, 42] which aim to directly predict an output distribution 
rather than individual values. More recent alternatives include sto chastic weight
averaging gaussians (SWAG) [25] and the idea of Repulsive Ensembles [7, 43]  as  
an extension to Deep Ensembles built on the general framework of particle based
variational inference (ParVI) [20, 21] introducing explicit member diversification.

In the domain of molecular property prediction, Hirschfeld et al. [13]  and  
Scalia et al. [32] independently investigate the performance of various traditional 
uncertainty quantification methods across many standard property prediction 
datasets. Busk et al. specifically investigate uncertainty quantification using an
ensemble of graph neural networks [6]. 

Uncertainty Quantification and Counterfactuals. Using xAI to gain new 
insights into the underlying properties of the data distribution requires the given 
explanations to be truthful regarding the true property values. In the same con-
text, Freiesleben [10] addresses the conceptual distinction between counterfactual 
explanations and adversarial examples. Although essentially based on the same 
optimization objective, the author argues that adversarial examples necessitate
a misprediction while counterfactual explanations should be different—yet still
correct.

While uncertainty quantification in the context of counterfactual explana-
tions remains largely unexplored, we find Delaney et al. [8] to use uncertainty 
quantification methods as a possible measure to increase counterfactual relia-
bility for image classification tasks. In terms of UQ interventions, the authors 
explore Trust Scores and Monte Carlo dropout, finding Trust Scores to be
an effective measure. Schut et al. [33] propose the direct optimization of an 
ensemble-based uncertainty measure as a secondary objective for the generation 
of realistic coun terfactuals for image classification. In another work, Antorán
et al. [2] introduce Counterfactual Latent Uncertainty Explanations (CLUE),
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which is subsequently extended to δ-CLUE [18]  and  GLAM-CLUE [19]. Instead 
of employing uncertainty quantification to improve counterfactual explainabil-
ity, CLUE aims to use counterfactual explanations to explain uncertainty esti-
mates in p robabilistic models—effectively explaining why certain inputs are more
uncertain than others.

3 Method 

In this work, we explore the generation of counterfactual samples x′ for molecu-
lar property prediction tasks, whereby a graph neural network model is trained 
to regress a continuous property y of a given molecular graph x. To gain mean-
ingful insights on the underlying property, we specifically focus on the genera-
tion of truthful counterfactuals which maximize the prediction difference |ŷ − ŷ′|
between original prediction ŷ and counterfactual prediction ŷ′ while maintaining
a minimal ground truth error |y′ − ŷ′|.

3.1 Graph Neural Network Regressors

We represent each molecule as a generic graph structure x =  (N , E , V(0) , U(0)) ∈ 
X defined by a set of N node indices N = {1,  .  .  .  ,  N} and a list of E edge tuples 
E  ⊆  N ×  N  where a tuple (i, j) ∈  E  indicates an edge between nodes i and j. 
The nodes of this graph structure represent the atoms of the molecule and the
edges represent the chemical bonds between the atoms. Furthermore, each graph
structure consists of an initial node feature tensor V(0) ∈ R

N×V and an initial
edge feature tensor U(0) ∈ R

E×U .
In the case of molecular graphs, the node features contain a one-hot encoding 

of the atom type, the atomic weight, and the charge, whereas the edge features 
contain a one-hot encoding of the bond type. For a given dataset of molecules 
annotated with continuous target values y ∈ R, the aim is to train a graph neural
network regressor

fθ : X → R; (N , E ,V(0),U(0)) �→ ŷ (1) 

with learnable parameters θ to find an optimal set of parameters 

θ∗ = arg min
θ

∑

x∈X
(y − fθ(x))2 (2) 

that minimizes the mean-squared error between the predicted value ˆ y and target
y value.

3.2 Molecular Counterfactual G eneration

Counterfactual explanations map a model’s local decision boundary by produc-
ing a set of minimally perturbed input instances that induce maximal predictive
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Fig. 2. a Evaluation of the uncertainty-based error reduction over many different 
thresholds yields characteristic error reduction curves. The Area under the uncer-
tainty error reduction curve (UER-AUC) provides a generic metric for the error reduc-
tion potential independent of a specific threshold choice. b Truthful counterfactuals 
are defined as those whose prediction error interval does not overlap with that of
its corresponding original element. Besides a reduction of the cumulative error, fil-
tering by uncertainty thresholds may also increase the relative fraction of truthful
counterfactuals.

divergence, thereby revealing which kinds of modifications the model is especially
sensitive toward.

Given the combination (x, ̂y) of an original input element x and its corre-
sponding model prediction ŷ, a counterfactual sample (x′, ̂y′) consists of input
samples x′ which are minimally

min
x′

dist(x′, x) (3) 

different from the original input. At the same time, these minimally perturbed 
input samples should cause a large deviation

max
x′

dist(ŷ′, ŷ) (4) 

in the mod el’s prediction.
We generate counterfactual samples according to the given constraints by 

adopting a procedure similar to that presented by Numeroso and Bacciu [29]. 
However, we omit the training of a reinforcement learning agent to induce the
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local changes of the molecular structure and opt for a complete enumeration of 
the entire k-edit neighborhood instead. Due to the limited number of chemically 
valid modifications and the relatively small size of molecular graphs, we find it 
computationally feasible to generate all possible modifications to a given input 
molecule x. As possible modifications, we consider the addition, deletion, and 
substitution of individual atoms and bonds that satisfy the constraints o f atomic
valence. Subsequently, the predictive model fθ is used to obtain the predicted
values for all the perturbed graph structures. The structures are then ranked
according to the mean absolute prediction difference

dist(ŷ′, ŷ) = |ŷ′ − ŷ| (5) 

regarding the original prediction ŷ. We finally choose the 10 elements with the 
highest prediction d ifference to be presented as counterfactual explanations.

At this point, it is worth noting that other possible variations of choosing 
counterfactual explanations exist. Instead of using the criteria of absolute dis-
tance, depending on the use case, it migh t make sense to select counterfactuals
only among those samples with monotonically higher or lower predicted values.

3.3 Counterfactual T ruthfulness

A counterfactual explanation x′ has to be a minimal perturbation of the original 
sample x while causing a large deviation |ŷ − ŷ′| in the model’s prediction. T o
gain meaningful insight from such counterfactual explanations and to distinguish
them from mere adversarial examples [10], we impose the additional restriction 
of truthfulness. We define a truthful counterfactual to additionally maintain a 
low error | y′ − ŷ′| regarding its ground truth label y′.

For classification problems, we would understand a truthful counterfactual 
not only to flip the predicted label but to also correctly be associated with that 
label. For the regression case, there may exist various equally useful definitions of 
counterfactual truthfulness. In this context, we define a regression counterfactual
as truthful if its ground truth error interval does not overlap with the error
interval of the original prediction (see Fig. 2). This definition ensures that there 
is at least some predictive div ergence with the predicted directionality.

For a given original sample, its absolute ground truth e rror

ε = |y − ŷ| (6) 

is calculated as the absolute difference of the true value y and the predicted label 
ŷ. T he ground truth error

ε′ = |y′ − ŷ′| (7) 

of a counterfactual sample x′ can be calculated accordingly. We subsequently 
define the truthfulness 

tr(x′)  =

{
1  [y′ − ε′,  y  ′ + ε′] ∩ [y − ε, y + ε] = ∅
0 otherwise

(8)
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of an individual counterfactual as a binary property which is fulfilled if its ground 
truth error interval does not o verlap with the error interval of the original sample.

Beyond the truthfulness of individual counterfactual samples, we are pri-
marily interested in the average truthfulness across a whole set X ′ ⊂  X  of 
counterfactuals. We, therefore, define the relative truthfulness

Tr(X ′) =
1

|X ′|
∑

x′∈X ′
tr(x′) ∈ [0, 1] (9) 

for a set X ′ of counterfactuals as the ratio of individual truthful counterfactuals
it contains.

At this point, it should be noted that evaluating counterfactual truthfulness 
proves difficult. Since the generated counterfactual samples generally aren’t con-
tained in existing datasets, evaluating the truthfulness would not only require 
ground truth labels but rather a g round truth oracle. Consequently, truthfulness
can only be evaluated for a small selection of tasks for which such an oracle
exists.

3.4 Error Reduction Through Uncertain ty Thresholding

For the given definition of truthfulness, one viable method of improving the rel-
ative truthfulness Tr(X ′) is to filter counterfactuals with especially large error 
intervals. Since it is generally impossible to infer the true label, and by extension 
the truthfulness, of a given input x in practice, an alternative is to approximate 
the ground truth error by means of uncertainty quant ification (UQ). If the pre-
dicted uncertainty proves to be a suitable approximation of the true error, filter-
ing high-uncertainty counterfactuals should have the same effect of improving
the relative truthfulness.

This objective can be framed as an overall reduction of the cumulative error 

Γ g = g ({|ŷi − yi| : xi ∈ X ◦}) (10) 

for a given set X ◦ ⊂  X  of input elements, where g(·) is some function that 
accumulates individual error values (e.g. mean, median, max).

In the context of uncertainty quantification, each sample x is additionally 
assigned a predicted uncertainty value σ2. Ideally, a high uncertainty value indi-
cates a potential error in the model prediction, while a low value indicates the 
prediction to be likely correct. By filtering individual samples with high pre-
dicted uncertainties, it should, therefore, be possible to reduce the cumulative 
error Γ g among the remaining elements. For this purpose, we can define the
absolute cumulative error

Γ g(ξ) = g

({
|ŷi − yi| : xi ∈ X ◦ | σ2

i

σ2
max

< ξ

})
(11) 

as a function of the relative uncertainty threshold ξ ∈ [0, 1] used for the filtering.
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This definition of cumulative error faces two issues. Firstly, values of the 
cumulative error will strongly depend on the specific uncertainty threshold ξ that 
was chosen. Secondly, the absolute error scales will be vastly different between 
different tasks and model performances, therefore not being comparable. Conse-
quently, we propose the area under the uncertainty error reduction curve (UER-
AUC) as a metric to assess the potential for uncertainty filtering-based error 
reduction that is comparable across different error scales. To compute the met-
ric, we define the relative cumulative error reduction

ΔΓ g
rel(ξ) =

Γ g(1) − Γ g(ξ)
maxξ Γ g(ξ)

∈ [0, 1] (12) 

which  is  a  value  in  the  range  [0, 1], where 0 indicates no error reduction while 1 
indicates a 100% error reduction. We finally define the UER-AUCg as the area 
under the curve of the relative error reduction ΔΓ g 

rel(ξ) as a function of the rel-
ative uncertainty threshold ξ. Consequently, the proposed metric is independent
of any specific threshold and comparable across different error ranges as both the
uncertainty threshold ξ and the relative error reduction ΔΓ g

rel are normalized to
the range [0, 1].

In terms of accumulation functions g, we primarily investigate the mean and 
the maximum, resulting in the two metrics UER-AUCmean and UER-AUCmax.
Figure 2a illustrates a simple intuition about these metrics: A perfect correlation 
between uncertainty and model error will result in a UER-AUC of 0.5. Likewise, 
a UER-AUC of 0 would be the result of a non-existent correlation between
uncertainty and error.

4 Computational Experiments 

Computational experiments are structured in two major parts: In the first part, 
we systematically investigate the general error reduction potential of uncertainty 
estimation methods for different graph neural network architectures, different 
uncertainty estimation methods, various out-of-distribution settings, and a range 
of different datasets. In the second part, we consider the use of uncertainty
quantification methods in the context of counterfactual explanations and their
effect on overall counterfactual truthfulness as previously defined in Sect. 3. 

4.1 Uncertainty Quantification Methods and Metrics

Uncertainty Quantification Methods. As part of the computational exper-
iments, we compare the following uncertain ty quantification methods.

Deep Ensembles (DE). We train 3 separate models with bootstrap aggregation, 
whereby the training data is sampled with replacement. The overall prediction 
is subsequently obtained as the mean of the individual model outputs, while the
standard deviation of the individual predictions is used as an estimate of the
uncertainty.
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Mean Variance Estimation (MVE). The base model architecture is augmented 
to predict not only the target value ŷ but also an uncertainty term σ2 by adding
additional fully connected layers to the final prediction network [28]. The training 
loss 

LMVE = 1 
N 

N∑

i 

sg(σ2β 
i ) 

2
·
(

(yi − ŷi) 2

σ2
i

+ log(σ2
i )

)
(13) 

is augmented to optimize both terms at the same time. We specifically integrate 
the modification proposed by Seitzer et al. [34], which scales the loss by an 
additional factor of σ2β but without contributing to the gradient. Furthermore, 
during training, we follow best practices described by Sluijterman et al. [36]  by  
using gradient clipping and including an MSE warm-up period before switching 
to the MVE loss. By combining these measures, w e substantially improve the
performance degradation otherwise reported in the literature.

Ensemble of mean-variance estimators (DE+MVE). We combine deep ensem-
bles and mean-variance estimation by constructing an ensemble of 3 independent 
MVE models, each of which predicts an individual mean and standard deviation,
as proposed by Busk et al. [6]. The total uncertainty 

σ2 = 1 
2

(
σ2
DE + σ̄2

MVE

)
(14) 

is calculated as the average of the ensemble uncertainty and the mean MVE
uncertainty.

Stochastic Weight Averaging Gaussian (SWAG). The training process is aug-
mented to store snapshots of the model weights during the last 25 epochs. This 
history of model weights is then used to calculate a mean weight vector μθ and 
a covariance matrix Σθ such that a new set of model weights can approximately 
be obtained by drawing from a gaussian distribution θ ∼  N  (μθ,Σθ). During
inference, we sample 50 distinct model weights from this distribution and obtain
the target value prediction as the mean of the individual predictions and an
uncertainty estimate as the standard deviation.

Trust Scores (TS). Unlike the previously described UQ methods, trust scores 
are independent of the predictive model and provide an uncertainty estimate
based directly on the training data [8]. Originally introduced for classification 
problems, the trust score for a given input element x is calculated a s the fraction

T =
dist(x, xs)
dist(x, xo)

(15) 

between the distances of the closest training element xs of the same class and 
the closest training element xo of a different class. We adapt this approach 
for regression tasks by using the distance to the closest element. This definition
relies on the existence of a suitable distance metric dist(xi, xj) between two input
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Table 1. Test set results of 5 independent repetitions of computational experiments 
on the ClogP dataset regarding different model architectures and uncertainty quan-
tification methods. Normal case numbers are the average result, and lower case gray 
numbers are the standard deviation. For each combination of model and UQ method,
the best results are highlighted in bold, and the second-best results are underlined.

Model UQ Method R2 ↑ ρ ↑ UER-AUC
mean 

↑ UER-AUC
max 

↑ RLL ↑ 

— Random 1.00±0.00 0.01±0.03 0.01±0.04 0.10±0.10 – 

GCN DE 1.00±0.00 0.41±0.17 0.21±0.06 0.36±0.18 0.75±0.02 

MVE 0.99±0.01 0.45±0.08 0.20±0.04 0.63±0.18 0.77±0.03 

DE+MVE 1.00±0.00 0.55±0.10 0.25±0.02 0.58±0.20 0.78±0.00 

SWAG 1.00±0.00 0.50±0.08 0.21±0.03 0.50±0.23 0.56±0.11 

TSeucl. 0.99±0.01 0.15±0.17 0.15±0.09 0.43±0.26 0.69±0.10 

TStanim. 1.00±0.00 0.15±0.05 0.11±0.04 0.12±0.10 0.39±0.33 

GATv2 DE 1.00±0.00 0.51±0.11 0.22±0.04 0.63±0.28 0.73±0.05 

MVE 0.98±0.03 0.48±0.08 0.28±0.06 0.72±0.15 0.72±0.08 

DE+MVE 1.00±0.00 0.64±0.15 0.34±0.02 0.75±0.09 0.82±0.03 

SWAG 0.99±0.00 0.49±0.16 0.21±0.02 0.61±0.21 −0.06±0.47 

TSeucl. 1.00±0.00 0.07±0.04 0.17±0.07 0.59±0.00 0.64±0.01 

TStanim. 1.00±0.00 0.20±0.04 0.13±0.03 0.10±0.07 0.59±0.06 

GIN DE 0.99±0.01 0.62±0.17 0.27±0.06 0.70±0.11 0.80±0.04 

MVE 0.99±0.01 0.48±0.11 0.22±0.05 0.56±0.22 0.75±0.05 

DE+MVE 1.00±0.00 0.63±0.05 0.29±0.03 0.70±0.15 0.78±0.01 

SWAG 0.98±0.02 0.58±0.20 0.23±0.07 0.58±0.08 0.02±0.43 

TSeucl. 0.99±0.00 0.15±0.12 0.17±0.05 0.45±0.22 0.64±0.03 

TStanim. 0.99±0.00 0.17±0.08 0.13±0.05 0.11±0.11 0 .52±0.12

elements. In this study, we examine two distance metrics for comparing input 
elements. The first is the Tanimoto distance, which is calculated as the Jaccard 
distance between two Morgan fingerprint representations of two molecules. The 
second is the Euclidean distance, which is m easured between the graph embed-
dings generated by an intermediate layer of t he graph neural network models.

Uncertainty Calibration. After training, we apply uncertainty calibration to each 
UQ method to align the predicted uncertainties with the scale of the actual 
prediction errors. For this purpose, we use a held-out validation set containing 
10% of the data to subsequently fit an isotonic regression model.

Uncertainty Quantification Metrics. We evaluate the aforementioned UQ 
methods w ith the follo wing metrics.

Uncertainty-Error Correlation ρ. The Pearson correlation coefficient between 
the absolute prediction errors |ŷ − y| and the predicted uncertain ties σ2 on the 
elements of the test set.
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Error Reduction Potential UER-AUC. As described in Sect. 3, the UER-AUC 
is the area under the curve that maps relative error reduction to relative uncer-
tainty thresholds. For each uncertainty threshold, all elements with higher pre-
dicted uncertainty are omitted from the test set. The relativ e error reduction 
describes the reduction of the cumulative error of the remaining e lements rela-
tive to the full set.

Relative Log Likelihood RLL. Following the work of Kellner and Ceriotti [14]  we  
use the Relative Log Likelihood 

RLL =
∑

i NLL(ŷi − yi,  σ2 
i ) − NLL(ŷi − yi, RMSE)∑

i NLL(ŷi − y i, |ŷi − yi|) − N  LL(ˆ yi − yi,RMSE)
(16) 

which standardizes the arbitrary range of the Negative Log Likelihood 

NLL(Δy, σ2)  =  1 
2

(
Δy2 

σ2 
+ log 2πσ2

)
(17) 

into a more interpretable range ( −∞, 1] .

4.2 Experiments on Error Reduction P otential 
Impact of GNN Model and UQ Method on Error Reduction. In 
this first experiment, we evaluate the impact of the model architecture and 
uncertainty quantification method on uncertainty-based error reduction. The 
experiment is based on the C logP dataset, which consists of roughly 11k small 
molecules annotated with values of Crippen’s logP [47] calculated by RDKit [ 17]. 
This logP value is an algorithmically calculated and deterministic property— 
making it possible to n ear-perfectly regress it with mac hine learning models.

In terms of model choice, we compare three standard GNN architectures 
based  on  the GCN [15], GATv2 [ 5], and GIN [ 50] layer types, respectively. For 
each repetition of the experiment, we randomly choose 10% of the dataset as 
the test set, 10% as the calibration set and train t he model on the remaining. 
Therefore, the test set can be c onsidered IID w.r.t. to the training distribution.

Table 1 shows the results of the first experiment. A “Rando” baseline, generat-
ing random uncertainty values, was included as a control. As expected, this base-
line demonstrates negligible error reduction, reflecting the absence of correlation 
between assigned uncertain ty and prediction error. In contrast, the remaining 
uncertainty quantification methods e xhibit varying degrees of error reduction.

Using trust scores with the input-based Tanimoto distance yields substan-
tially worse results than the embedding-based Euclidean d istance. Contrary to 
the encouraging results of Delaney et al. [8], we believe trust scores underperform 
in this particular application due to the challenge of defining suitable distance 
metrics on graph-structured data [48]. 

Overall, we find deep ensembles, mean-variance estimation, and a combina-
tion thereof to work the best in terms of error reduction potential, as well as 
relative log likelihood. Out of these methods, we observe a slight advantage in
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Fig. 3. Results for 5 independent repetitions of a GATv2 trained on the ClogP dataset 
and uncertainties estimated with a combination of ensembles and mean variance esti-
mation in the OOD-Value scenario. Panels from left to right illustrate the correlation 
between the predicted uncertainty & model error, the mean error reduction potential, 
and the max error reduction potential through filtering by uncertainty thresholds. Faint 
lines represent the results of individual runs; bold lines represent the overall average.

mean error reduction for the combined ensemble and m ean-variance estimation 
approac h.

Moreover, regarding the different model architectures (GCN, GATv2, and 
GIN), we observe comparable results, both in terms of predictive performance 
(R2 ≥ 0.99) and in terms of uncertainty quantification methods. Based on these 
initial observations, model architecture appears to have a limited effect on the 
relative performance of the uncertainty quantification metho ds. Consequently, 
subsequent experiments were conducted using the GATv2 architecture, which 
exhibited the highest mean e rror reduction potential in this experiment.

Out-of-Distribution Effect on Error Reduction. The previous experiment 
examined the error reduction potential on a randomly sampled IID test set of 
the ClogP dataset. However, a critical aspect of counterfactual analysis involves 
identifying input perturbations that yield out-of-distribution (OOD) samples. To 
address this, we established two OOD scenarios for the ClogP dataset. The first, 
designated OOD-Struct, employs a scaffold split, where the test set comprises 
molecules with structural scaffolds absent from the training set. The second, 
OOD-Value, involves a split where the test set contains approximately the 10% 
most extreme target values, not represented in the training set. Due to the 
results of the previous experiments, for each scenario, we restrict experiments to 
use the GATv2 model arc hitecture and compare uncertainty estimation based
on ensembles, mean variance estimation, and the combination thereof.

Table 2 reports the results of the second experiment. For the OOD-Struct sce-
nario, we observe slightly worse results than for the IID case. All three methods 
show lower correlation, error reduction potential, and relative log likelihood.
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Table 2. Test set results of 5 independent repetitions of computational experiments 
on the ClogP dataset regarding different out-of-distribution scenarios and uncertainty 
quantification methods. The best result for each scenario is highlighted in bold, and 
the second-best result is underlined. Results were obtained based on a GATv2 model
architecture.

Scenario UQ Method R2 ↑ ρ ↑ UER-AUC
mean 

↑ UER-AUC
max 

↑ RLL ↑ 

OOD DE 1.00±0.00 0.45±0.05 0.23±0.04 0.66±0.07 0.34±0.06 

struct MVE 0.99±0.00 0.32±0.15 0.14±0.06 0.20±0.11 0.41±0.03 

DE+MVE 1.00±0.00 0.46±0.05 0.21±0.04 0.42±0.17 0.55±0.00 

OOD DE 0.97±0.01 0.62±0.07 0.71±0.10 0.82±0.07 −3.79±2.92 

value MVE 0.99±0.00 0.50±0.08 0.51±0.11 0.36±0.27 −8.04±9.72 

DE+MVE 0.98±0.00 0.66±0.04 0.67±0.05 0.77±0.01 −1. 49±1.09 

Conversely, the OOD-Value scenario exhibited substantial performance gains 
relative to the IID case. Mean and max error reduction potential cross decisively 
exceed the UER-AUC ≥ 0.5 threshold. Only the negative RLL values indicate 
poorly calibrated uncertainty estimates with respect to the actual prediction 
error. This is to be expected since the calibration set was sampled IID while 
the test set contains previously unseen target values—likely resulting in vastly 
different error scales.

When comparing the different UQ methods, the ensembles by themselves 
and the combination of ensembles and MVE seem to perform equally well. For 
both scenarios, OOD-struct and OOD-value, the ensembles seem to offer higher 
error r eduction potential, while the combination seems to offer better calibrated 
uncertainty estimates, as indicated by the higher RLL values.

In summary, uncertainty-based filtering demonstrates a moderate error 
reduction effect on in-distribution data and structural outliers. Notably, the 
error reduction p otential increases substantially under a distributional shift of 
the target values (see Fig. 3). These results provide a foundation for filtering 
counterfactuals, where perturbations can be expected to create outliers with 
respect to both structure and target v alue.

Error Reduction on Real-World Datasets. Previous experiments were 
based on the ClogP dataset, which is a deterministically computable property 
and, therefore, relatively easy to regress. To assess the generalizability of these 
findings to more complex scenarios, computational experiments were conducted 
on multiple properties derived from the AqSolDB [37], Lipop [ 49], COMPAS 
[ 45], and QM9 [ 31] datasets. Based on the results of previous experiments, we 
use the GATv2 model to predict each property and a combination of ensembles 
and mean-variance estimation for the uncertain ty quant ification.

Table 3 presents the results for the real-world property regression datasets. 
Despite varying levels of predictivity (R2 ∈ [0.74, 0.99]) for the different datasets, 
some degree of error reduction can be reported for each one (UER-AUCmean ∈
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Table 3. Test set results of 5 independent repetitions of computational experiments 
to evaluate uncertainty-based error reduction on various molecular property predic-
tion datasets. The first row represents the previously introduced deterministic CLogP 
graph regression task, and the following rows represent various real-world molecular 
property regression datasets. Results are obtained by a GATv2 graph neural network 
and uncertainties are estimated by a method c ombining deep ensembles and mean-
v ariance estimation.

Dataset Property R2 ↑ ρ ↑ UER-AUC
mean 

↑ UER-AUC
max 

↑ RLL ↑ 

ClogP logP 1.00±0.00 0.58±0.17 0.27±0.05 0.66±0.22 0.76±0.02 

AqSolDB [ 37] logS 0.88±0.02 0.35±0.05 0.24±0.02 0.26±0.17 0.45±0.03 

Lipop [ 49] logD 0.74±0.03 0.15±0.06 0.10±0.02 0.22±0.12 0.32±0.02 

COMPAS [ 45] rel. Ener. 0.90±0.05 0.65±0.04 0.37±0.03 0.45±0.11 0.66±0.03 

GAP 0.97±0.01 0.44±0.05 0.27±0.05 0.59±0.20 0.71±0.01 

QM9 [ 31] Dip.  Mom.  0.78±0.00 0.57±0.01 0.45±0.01 0.76±0.03 0.53±0.00 

HOMO 0.93±0.00 0.54±0.02 0.23±0.01 0.61±0.10 0.63±0.01 

LUMO 0.99±0.00 0.48±0.02 0.23±0.01 0.67±0.02 0.73±0.00 

GAP 0.97±0.00 0.52±0.02 0.25±0.01 0.76±0.04 0.68±0. 00 

[0.10, 0.45]). Notably, the highest error reduction is found for the prediction 
of the Dipole Moment in the QM9 dataset with a mean error reduction of 
UER-AUCmean =  0.45 and a max error reduction of UER-AUCmax =  0.78. 
In contrast, the lowe st error reduction can be observed for the prediction of the 
Lipophilicity with a mean error reduction of only UER-AUCmean =  0. 10.

The extent of error reduction potential does not appear to correlate strongly 
with the predictive performance of the model, as both the highest and lowest 
error reductions were associated with models demonstrating lower predictivity 
(R2 ≈ 0.7). In addition, even models with high predictivity, such as the predic-
tion of the LUMO value (R2 =  0.99), show moderate amounts of error reduction 
potential (UER-AUCmean =  0.23,  UER-AUCmax =  0.67). We hypothesize that 
the error reduction may be connected to the complexity of the underlying data 
distribution and the presence of labeling noise. The Lipophilicity dataset, for 
example, consists of inherently noisy experimental measurements while values 
for t he dipole moment in the QM9 dataset were obtained b y more precise DFT 
simulations.

Overall, the results of this experiment indicate that uncertainty threshold-
based filtering can be used as an effective tool to decrease the overall prediction 
error eve n for complex properties, which may have b een obtained through noisy 
measurements. 

4.3 Experiments on Counterfactual Truthfulness 

In the second part of the computational experiments, we investigate the potential 
of uncertainty-based filtering to improve the overall truthfulness of counterfac-
tual explanations. 
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Fig. 4. Qualitative results of uncertainty-based counterfactual filtering for two exam-
ple molecules. Predictions are made by a GATv2 graph neural network and uncer-
tainties are estimated by a combination of ensembling and mean-variance estimation. 
The uncertainty t hreshold ξ20 was chosen on the test set such that the 20% lowest 
uncertainty elemen ts remain. 

Improving Counterfactual Truthfulness. For this experiment, we use the 
CLogP dataset, as the underlying property is deterministically calculable for any 
valid molecular graph. This availability of a ground truth oracle is necessary for 
the computation of the relative truthfulness as defined in Sect. 3.3. As before, we 
use the GATv2 model architecture and investigate the effectiveness of ensembles, 
mean-variance estimation, and the combination thereof. We split the dataset into 
a test set (10%), a calibration set (20%), and a train set (70%). All models are 
fitted with the train set, and uncertainty estimates are subsequently calibrated 
on the validation set. On the test set, we determine a single uncertainty threshold 
ξ20 such that exactly the 20% elements with the lowest p redicted uncertainties 
remain.

As described in Sect. 3.2, we generate counterfactual samples by ranking 
all graphs in a 1-edit neighborhood according to the prediction divergence and 
choosing the top 10 candidates. This set o f counterfactuals is then filtered using 
the threshold ξ20 and e xamined regarding its r elative truthfulness. 

The results of this experiment are reported in Table 4. A “Random” base-
line was included as a control. As expected, this control’s randomly generated 
uncertainty values result neither in test set error reduction nor an increase of 
counterfactual truthfulness. All other uncertainty quantification (UQ) methods 
demonstrated a moderate potential for error reduction on both the test set and 
the set of counterfactuals (UER-AUC ≥ 0.2). Furthermore, all UQ methods 
exhibited some capability to increase relative truthfulness when filtering with 
the uncertainty threshold ξ20. However, it has to be noted that the initial truth-
fulness in the unfiltered set of counterfactuals is rather high (up to 95%), leaving 
little room for further improvement. It is important to note, however, that the 
initial truthfulness in the unfiltered set of coun terfactuals was relatively high (up
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Table 4. Results of 5 independent repetitions of computational experiments on the 
ClogP dataset to evaluate counterfactual truthfulness using a fixed uncertainty thresh-
old ξ20 determined on the test set. Results are obtained using a GATv2 graph neural 
network, and uncertainties are estimated by the combination of Deep Ensembles and 
MVE. †Tr. Init. represents the initial percentage of truthful counterfactuals in the unfil-
tered set of all counterfactuals. ‡Tr. Gain. shows the increase in the relative percentage 
of truthful counterfactuals a fter filtering according to the uncertainty threshold ξ20 .

Method Test Set Counterfactuals 

R2 ↑ UER-AUC
mean 

↑ ρ ↑ UER-AUC
mean 

↑ Tr. Init.† 
(%) 

↑ Tr. Gain‡ 
(%) 

↑ 

Random 1.00±0.01 −0.00±0.06 −0.01±0.03 −0.02±0.03 0.95±0.03 −0.00±0.05 

MVE 0.98±0.02 0.26±0.05 0.53±0.15 0.23±0.05 0.77±0.17 0.09±0.05 

DE 1.00±0.00 0.27±0.04 0.45±0.12 0.20±0.05 0.94±0.03 0.04±0.05 

DE+MVE 1.00±0.00 0.28±0.03 0.44±0.16 0.23±0.05 0.95±0.02 0.05±0.02 

to 95%), limiting the scope for further improvement. Notably, the mean variance 
estimation model displayed a substantially lower initial truthfulness (0.77), most 
likely due to its slightly lo wer predictivity . 

In addition to the results for the fixed uncertainty threshold ξ20, Fig. 5 visu-
alizes the progression of mean error reduction and truthfulness results across 
a range of possible uncertainty thresholds. The plots show that for increas-
ingly strict uncertainty thresholds, the relative counterfactual truthfulness also 
increases near-monotonically, reaching 100% with a small subset of 5% remaining 
coun terfactuals. 

In summary, we find that all UQ methods exhibit some capacity to improve 
the relative counterfactual truthfulness through uncertainty-based filtering. 
However, the results may be influenced by the already elevated values observed 
for the unfiltered set. Future work should explore more complex property predic-
tion tasks with lower predictive performance and, consequently, lo wer starting 
points of counterfactual truthfulness. 

Qualitative Filtering Results. Besides a quantitative evaluation of coun-
terfactual truthfulness, some qualitative results of uncertainty-based filtering 
are illustrated in Fig. 4 for two example molecules. Uncertainty estimates are 
obtained by an ensemble of mean variance estimators. As before, the uncer-
tainty threshold ξ20 is chosen such that only 20% of the test set elements with 
the lo west uncertainty values remain. 

For the first molecule, benzoic acid, only the highest-ranked counterfactual 
candidate A is filtered due to exceeding the uncertainty threshold. This exclu-
sion intuitively makes sense since the added bond between oxygen and nitrogen 
is an uncommon configuration that is not represented in the underlying d ataset 
and can be considered an out-of-distribution input. In contrast to this expected 
behavior, t he counterfactual candidate B is not filtered but represents an equally
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Fig. 5. Results for 5 independent repetitions of computational experiment on the ClogP 
dataset to evaluate counterfactual truthfulness. Individual results are plotted transpar-
ently in the background, and average curves are indicated with bold lines. All plots are 
based on the set of counterfactuals and show from left to right: The relative mean error 
reduction, the Truthfulness, and the percentage of remaining counterfactuals for dif-
ferent uncertainty thresholds. Results are obtained by a GATv2 graph neural network, 
and uncertain ties are estimated by an ensemble of mean variance e stimators. 

uncommon configuration with one carbon being connected to two single-bonded 
oxygen at the same time. Notably, the model a lso predicts a significantly incor-
rect value f or this coun terfactual candidate. 

For the second molecule, aspirin, the four highest-ranked counterfactuals are 
filtered based on their predicted uncertainty. The exclusion of the counterfactual 
candidate E also intuitively makes sense since it includes the same uncommon 
bond between nitrogen and oxygen. Excluded counterfactual candidate D also 
contains a rather uncommon substructure but, more importantly, is predicted 
highly inaccurately by the model. In contrast to these cases, the highest ranked 
counterfactual candidate C is excluded even though the model’s prediction is 
highly accurate, serving as an example of o verly conservative filtering. 

Overall, the qualitative examples illustrate that the uncertainty-based filter-
ing can be effective in identifying and removing out-of-distribution input samples 
and generally inaccurate predictions. However, there are also cases in which the 
metho d fails by either failing to filter OOD samples or by being to o conservative 
and filtering p erfectly accurate predictions. 

5 Discussion 

Previous work has investigated the intersection of uncertainty estimation and 
counterfactual explainability p redominantly in the context of image classification 
[ 2, 8, 33]. Schut et al. [ 33], for example, include an ensemble-based uncertainty 
estimate as a direct objective in the optimization of counterfactual explana-
tions. The authors find this intervention to reduce t he likelihood of generating 
uninformative out-of-distribution samples—or in the words of Freiesleben [ 10]  t  o  
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steer the generation toward true counterfactual explanations rather than mere 
adversarial examples. 

In our work, we present a distinct perspective to the existing literature, which 
differs in two important aspects: We focus on (1) regression tasks in the (2) 
graph processing domain. In image processing, good counterfactual explanations 
require the modification of multiple pixel values in a semantically meaningful 
way. This is framed as a non-trivial optimization objective requiring substantial 
computational effort. In the graph processing domain, however, the limited num-
ber of possible graph modifications makes it computationally feasible to search 
for counterfactual candidates among a full enumeration of all possible pertur-
bations. Consequently, uncertainty q uantification does not have to be included 
in the generation process itself but instead may serve as a simple filter over 
this set of possible perturbations. Nevertheless, the objective is the same: to 
use uncertainty quantification methods to present higher-quality coun terfactual 
explanations to t he user. 

Another key factor is the difference between classification and regression 
tasks. While classification enables binary assessments of correct and incorrect 
predictions, regression operates on a continuous error scale, requiring different 
metrics to a ssess the impact of uncertainty estimation—motivating our defini-
tions of the UER-AU C and the count erfactual t ruthfulness. 

Consistent with existing literature, our work demonstrates that incorporat-
ing uncertainty estimation improves the quality of counterfactual explanations. 
We specifically find that filtering high-uncertainty elements decreases the aver-
age error of the remaining set and increases overall truthfulness—meaning the 
explanation’s alignment w ith the underlying ground truth data distribution. 

In our experiments, we find no substantial differences in the relative effective-
ness of UQ interventions between three common graph neural network architec-
tures (GCN, GATv2, GIN). Regarding the choice of the uncertainty estimation 
method, we find trust scores [ 8, 33] to be ill-suited to graph processing appli-
cations, most likely due to the unavailability of suitable distance metrics. We 
furthermore come to similar conclusions as previous authors [ 6, 13, 32]  in  that  
the simple application of model ensembles already proves relatively effective. 
While we find a combination between ensembles and mean variance estimation 
to be sligh tly beneficial on IID data, there seems to be n o substantial difference 
in OOD test scenarios. 

However, in this context, it is still important to mention the remaining lim-
itations of this approach grounded in the non-perfect correlation of the predic-
tion errors and estimated uncertainties. While quantitative results show that 
uncertainty-based filtering has a higher relative likelihood to remove truly high-
error samples, qualitative results indicate it still occasionally fails to detect 
some high-error samples and mistakenly filters valid elements. Depending on 
the severity of these failure cases, it will largely depend on the concrete appli-
cation whether the increased truthfulness reasonably justifies the loss of some 
va lid explanations.
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6 Conclusion 

Counterfactual explanations can deepen the understanding of a complex model’s 
predictive behavior by illustrating which kinds of local perturbations a model 
is especially sensitive to. In the scientific domain of chemistry and material 
science, these explanations are often not only desirable to understand the model’s 
behavior but by extension to understand t he structure-property relationships of 
the underlying data itself. To use counterfactuals to gain insights about the 
underlying d ata, the explanations truthfully must reflect the p roperties t hereof. 

In this work, we explore the potential of uncertainty estimation to increase 
the overall truthfulness of a set of counterfactuals by filtering those elements with 
particularly high predicted uncertainty. We conduct extensive computational 
experiments with different methods to investigate the error-reduction potential 
of various uncertainty estimation methods in different settings. We find that 
model e nsembles provide strong uncertainty estimates in out-of-distribution test 
scenarios, while a combination of ensembles and mean variance provide the high-
est error reduction potential f or in-distribution s ettings. 

Based on these initial results, we conclude that uncertainty estimation 
presents a promising opportunity to increase the truthfulness of explanations—to 
make sure explanations not only represent the model’s behavior but the proper-
ties of the underlying data as well. An interesting direction for future research 
will be to see if uncertainty estimation can be employed equally beneficially to 
different explanation modalities, such as local attributional and global concept-
based explanations. 
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