
Does Target Class Matter? A Reproducibility Study of
Plausible Counterfactual Explanations for Image Classification

Jasmin Kareem1,3,4 , Annelot W. Bosman2 , Meike Nauta3 and Martijn C. Willemsen1,3 ,
Jan N. van Rijn2 , Maarten de Rijke4
1Jheronimus Academy of Data Science

2LIACS, Leiden University
3Eindhoven University of Technology

4University of Amsterdam
{j.kareem, m.c.willemsen, m.nauta}@tue.nl, {a.w.bosman, j.n.van.rijn}@liacs.leidenuniv.nl,

m.derijke@uva.nl

Abstract
Counterfactual explanations have gained traction
due to their contrastive and actionable nature: mov-
ing an outcome from the original class to an al-
ternative target class. However, generating plausi-
ble and accurate counterfactuals remains challeng-
ing. This work presents a comprehensive empiri-
cal evaluation of multiple counterfactual explana-
tion methods across all possible target classes on
the MNIST and CIFAR-10 datasets, highlighting
the target class as a critical but underexplored fac-
tor influencing counterfactual quality. To better as-
sess plausibility, we introduce a novel evaluation
method based on Moran’s index, a spatial auto-
correlation metric, which allows us to systemati-
cally identify and exclude structurally implausible
counterfactuals that existing metrics may overlook.
Our results show that methods often fail to gener-
ate counterfactuals for intended target classes due
to timeouts, restrictive search spaces, or implemen-
tation issues, and that evaluating on only one target
class provides an incomplete and potentially mis-
leading picture of performance. Additionally, dif-
ferent plausibility metrics do not consistently agree,
emphasising the need for more robust evaluation
frameworks. In summary, we (i) identify the target
class as a key overlooked dimension in counterfac-
tual explanation performance, (ii) propose a novel
plausibility assessment method using Moran’s in-
dex, and (iii) provide actionable insights for the de-
velopment of more generalisable counterfactual ex-
planation methods.

1 Introduction
In recent years, the field of eXplainable Artificial Intelligence
(XAI) has gained traction in making black-box models un-
derstandable [Nauta et al., 2023]. As models and tasks have
become increasingly complex, there is a growing need for
post-hoc explanations that can accurately describe the inner
workings of these models. A popular post-hoc explanation

method is the counterfactual explanation, which asks ‘what
if’ questions about model predictions: ‘What if the inputs to
my model had been different?’. In particular, counterfactual
explanations are interested in minimally changing some fac-
tors to observe whether this small change would have affected
the outcome. Whilst counterfactual explanations offer inter-
esting insights into causal relations between a model’s input
and output on a per-instance level [Stepin et al., 2021], the
generated explanations cannot always be justified [Laugel et
al., 2019] and are not necessarily robust to model changes
[Jiang et al., 2023]. Additionally, prior theoretical work has
shown that counterfactuals are always recourse sensitive and
thus can never be fully robust [Fokkema et al., 2023], exem-
plifying the need for rigorous evaluation.

A major challenge in XAI is that there is no agreed-upon
strategy for evaluating the ‘goodness’ of an explanation [Hed-
ström et al., 2023; Nauta et al., 2023]. Within counterfactual
explanations specifically, there is no uniform and generally
accepted set of evaluation techniques [Stepin et al., 2021].
Benchmarks often use different implementations of the same
algorithms and metrics [Karimi et al., 2022; Le et al., 2023],
making it impossible to reliably compare methods. Further-
more, assessing counterfactual explanations using averages
rather than performance gaps between subgroups can unfairly
favour one method over another [Balagopalan et al., 2022].
These trends risk further stifling the evaluation of counterfac-
tual explanation methods and their use in practice.

Whilst there have been efforts to standardise counterfactual
explanation methods for tabular data [Pawelczyk et al., 2021;
Verma et al., 2020], analyse decision boundaries in time se-
ries classification [Baer et al., 2025], and analyse post-hoc ex-
planation methods in general [Bodria et al., 2023; Klein et al.,
2024], the same level of analysis is lacking for counterfactual
explanations in image classification. A notable exception is
the work by Velazquez et al. [2023], where a wide variety of
counterfactual explanation methods are evaluated. However,
their results are based on a single synthetic dataset and do not
analyse the complete scope of possible decision boundaries.

In this work, we address this gap by analysing the current
state of counterfactual explanations for image classifiers and
identifying key challenges affecting their evaluation and reli-



ability. We make the following contributions:

(1) We conduct a systematic empirical evaluation of five
counterfactual explanation methods across two image
classification datasets (MNIST and CIFAR-10), nine neu-
ral architectures, and all possible target classes – high-
lighting how the target class significantly affects counter-
factual explanation quality. A detailed analysis of results
across neural architectures is provided in the appendix.1

(2) We propose a novel plausibility evaluation method based
on the spatial autocorrelation measure known as Moran’s
I [Moran, 1948], which enables the identification and ex-
clusion of structurally implausible counterfactuals.

(3) We show that current methods often fail to generate coun-
terfactuals for intended target classes due to timeouts,
search space restrictions, or implementation issues.

(4) We demonstrate that existing plausibility metrics fre-
quently disagree, underscoring the need for more robust
evaluation tools.

Through our experiments,1 we reproduce five different im-
plementations of counterfactual explanations from Kenny and
Keane [2021] and Van Looveren and Klaise [2021], and eval-
uate them using a variety of metrics, following a similar ap-
proach to Klein et al. [2024]. While we do not seek to add
to the clutter of evaluation measures in XAI, we argue that
Moran’s I captures unique structural information relevant to
plausibility and can complement existing metrics.

With our experimental design, we aim to answer the fol-
lowing research questions:

(RQ1) How do the different counterfactual explanation
methods perform across a variety of evaluation met-
rics?

(RQ2) To what extent does the performance of different
counterfactual explanation methods change for differ-
ent decision boundaries?

(RQ3) To what extent do different implementations of plau-
sibility agree with one another?

The paper is organised as follows. Section 2 provides back-
ground on counterfactual explanations and their evaluation.
Section 3 introduces our proposed evaluation method. Sec-
tion 4 details the experimental setup, including the counter-
factual explanation methods and evaluation metrics. Sec-
tion 5 presents the results, followed by discussion and con-
clusions in Section 6.

2 Background
2.1 Defining counterfactual explanations
To formally define counterfactual explanations, we must first
consider the model task being explained. In image classifica-
tion, the instance is the image being classified, and the per-
turbations are pixel changes within that instance. As broadly
described by Guidotti [2022], given a classifier f(x), where

1Resources to support the reproducibility of this paper, includ-
ing the appendix, are available at https://github.com/jasminkareem/
CFX-benchmarking.

x is the instance with decision y = f(x), a counterfactual
explanation x′ is a perturbed x such that f(x′) ̸= f(x), while
minimising dist(x′, x) for some distance function dist(·, ·).

A counterfactual explainer may generate a set C =
{x′

1, x
′
2, . . . , x

′
h} of examples, each encompassing different

aspects of a single decision and relying on inherently differ-
ent input values. Beyond this basic definition, counterfactual
explanations are often evaluated against desirable properties:
plausibility (the explanation should be realistic with respect
to the original data distribution) [Laugel et al., 2019], validity
(satisfying f(x′) ̸= f(x)), minimality (no valid counterfac-
tual x′′ with a smaller distance to x should exist), and simi-
larity (dist(x′, x) < ϵ).

2.2 Counterfactual explanations for image
classifiers

Since counterfactual explanations were initially described by
Wachter et al. [2017] in a loan application setting, many adap-
tations have been developed to fit different data types. Initial
applications in images proposed a minimum edit solution that
greedily optimises towards a target image with the intended
target class [Goyal et al., 2019]. However, unlike in tabu-
lar data, the potential number of pixel changes is too large
to generate an interpretable explanation. Thus, many ap-
proaches have turned to generative models such as Generative
Adversarial Networks (GANs) and Variational Autoencoders
(VAEs) to ensure explanations lie close to the original image
in the latent space [Guidotti et al., 2019; Joshi et al., 2019;
Kenny and Keane, 2021; Liu et al., 2019]. Other methods use
prototypes [Van Looveren and Klaise, 2021], reinforcement
learning [Samoilescu et al., 2023], or energy-based modelling
[Altmeyer et al., 2024].

2.3 Evaluation metrics
The evaluation of counterfactual explanations remains an
open problem. Nauta et al. [2023] provide an overview of
metrics used in XAI research and their corresponding prop-
erties, known as the Co-12 properties. Several measures at-
tempt to capture faithfulness, meaning how well the explana-
tion reflects the model’s behaviour. One approach is the faith-
fulness correlation metric introduced by Bhatt et al. [2020]
for feature-based explanations. Other metrics incrementally
flip pixels or change features to measure their effect on the
model [Arya et al., 2019; Bach et al., 2015; Montavon et al.,
2018]. The main challenge in capturing faithfulness for coun-
terfactual explanations is the lack of a ground truth, though
synthetic datasets offer a possible solution [Liu et al., 2021;
Oramas et al., 2019].

Plausibility is another commonly tested property, capturing
how interpretable the explanation is and whether it is close to
the original data distribution. Dhurandhar et al. [2018] train
an autoencoder on the training dataset to ensure explanations
remain close to the data manifold, and Van Looveren and
Klaise [2021] take a similar approach with the IM1 and IM2
metrics. Kenny and Keane [2021] use Monte Carlo dropout
for out-of-distribution detection, though this requires dropout
layers in the explained network. The R% substitutability
measure captures how well counterfactual explanations can

https://github.com/jasminkareem/CFX-benchmarking
https://github.com/jasminkareem/CFX-benchmarking
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Figure 1: Illustration of spatial patterns corresponding to different
values of Moran’s I. From left to right, the images depict decreasing
spatial autocorrelation: 1.0 (perfect positive autocorrelation, highly
clustered), 0.5 (moderate clustering), 0 (random spatial pattern, no
autocorrelation), –0.5 (moderate negative autocorrelation, alternat-
ing patterns), and –1.0 (perfect negative autocorrelation, complete
spatial dispersion).

substitute training data [Samangouei et al., 2018], whilst Alt-
meyer et al. [2024] modify the plausibility metric of Guidotti
[2022], measuring the distance of a counterfactual from its
nearest neighbour in the target class.

3 Moran’s Index as a Diagnostic Measure
As mentioned previously, there are many plausibility mea-
sures, which mostly try to capture how close a counterfac-
tual explanation is to the original data distribution. Whilst
this approach is conceptually sound, these methods often re-
quire generative models, and they may be hard to interpret.
Thus, we propose using a simple statistic known as Moran’s
I. Global Moran’s I is known as a measure of spatial autocor-
relation and is often used in geographical analysis [Moran,
1948]. The values can range from −1 to 1. A simple illus-
trative example is provided in Figure 1 that visually shows
these possible values. A Moran’s I of 1 represents high spa-
tial correlation, and a value close to 0 represents randomness.
On the other hand, a Moran’s I value of −1 indicates a perfect
separation between each pixel. The index is generally defined
as

I =
n

W
·
∑n

i=1

∑n
j=1 wij(xi − x̄)(xj − x̄)∑n

i=1(xi − x̄)2
, (1)

where n is the number of spatial units, in the case of im-
ages, these would be pixels. Then xi is the value of the vari-
able of interest at location i and x̄ is the mean of the vari-
able x over all locations. Lastly, wij is the spatial weight be-
tween location i and location j (typically from a chosen spa-
tial weights matrix) and W is the sum of all spatial weights,
W =

∑n
i=1

∑n
j=1 wij . Note that the spatial weight matrix

decides which neighbouring features are important for xi and
thus what is chosen can depend on what information is impor-
tant in xi. We choose to use the queen kernel, which counts
all directions as possible neighbours. For example, in a 3× 3
kernel, all 8 cells surrounding the cell of interest are consid-
ered neighbours and would be weighted with 1.

We assume that higher spatial autocorrelation relates to
better interpretability of explanations, as illustrated in Fig-
ure 2. Thus, we propose using Moran’s I (MI) as a diagnostic
measure for explanation quality in images, as we believe it
can filter out certain types of implausible explanations. We
envision two ways of using it for explanations. The first is
to simply compute the MI value of each explanation, where
higher values are better. An alternative is to compute the ab-
solute difference between the MI of the original image and

Moran's I: 0.723

Original Image

Moran's I: 0.685

PIECE Explanation

Moran's I: 0.728

Min-Edit Explanation

Moran's I: 0.717

C-Min-Edit Explanation

Moran's I: 0.451

Alibi-Proto-CF Explanation

Figure 2: Original image with different counterfactual explanations
produced by different methods, along with their MI scores. The
original model prediction was a “7”, and the target is a “3”. In this
case, the right most explanation has a lower MI score than the other
explanations, mainly due to the checkerboard pattern in the bottom
right corner.

the MI of the explanation. The reasoning for this is that the
MI score might be more meaningful if we look at it relative
to the original image. This means that lower values would be
considered better.

4 Experimental Design
In this section, we describe the design of our experiments.
First, we outline the networks that were trained and tested.
Next, we detail the counterfactual explanation methods ap-
plied to interpret these models. Finally, we explain the eval-
uation metrics and procedures used to assess both model per-
formance and the quality of the explanations.

4.1 Networks
To support a comprehensive evaluation, we train multiple
architectures on two datasets. As our first dataset, we use
MNIST [LeCun, 1998], as it is the most commonly used
benchmark for counterfactual generation methods. The sec-
ond dataset is CIFAR-10 [Krizhevsky, 2009].

The nine architectures used are summarised in Table 1
(see the appendix for implementation details). As some
counterfactual explanation methods are written in PyTorch
and others in Keras, we needed to translate the same neu-
ral architecture across these two different frameworks. For
mnist mlp relu 4 1024 we used an ONNX model to store the
network weights, which could then be converted into either
a Keras or Torch model using the learned weights. This led
to many complications in aligning the weights to the network
architecture in the corresponding package. For example, the
method alibi-CF failed to produce counterfactual explana-
tions for almost every instance and decision boundary, but
this only occurred with the ONNX converted model. In every
other case, we fully trained both Keras and PyTorch models
separately, ensuring that the translated architecture was cor-
rect. Still, there were differences in test accuracy, the largest
difference being 4.3% and 5.3% on the CNN and ResNet8
networks for CIFAR, respectively. For the other networks,
this difference is either roughly equal to or less than 1%. Note
that this means the underlying models were not necessarily
perfectly the same for both Keras and Torch. Additional ex-
periments analysing counterfactual explanation performance
across these architectures are provided in the appendix.

4.2 Counterfactual explanation methods
We reproduce the Alibi-based counterfactual explanations
[Klaise et al., 2021; Van Looveren and Klaise, 2021] and



Table 1: Neural architectures and test performance on MNIST (M)
and CIFAR-10 (C).

Architecture Torch Keras Data
MLP Relu 4 1024 0.9848 0.9848 M
CNN [Kenny and Keane, 2021] 0.9925 0.9934 M
CNN [Van Looveren and Klaise, 2021] 0.9720 0.9819 M
LeNet5 [LeCun et al., 1998] 0.9726 0.9882 M
ResNet8 0.9918 0.9924 M
MLP [Schut et al., 2021] 0.9476 0.9659 M
CNN [Kokhlikyan et al., 2020] 0.5779 0.6208 C
ResNet8 0.7724 0.7196 C
ResNet18 [He et al., 2016] 0.8387 0.8314 C

the PIECE method [Kenny and Keane, 2021] and its corre-
sponding baselines. We chose to reproduce these methods
because they represent different ways of generating counter-
factual explanations. The main differentiating factor between
all these methods is the loss function that is used to optimise
towards a counterfactual. The most straightforward approach
is the alibi-CF method, which is roughly based on the work of
Wachter et al. [2017] and does not use any generative model
to guide the explanation. Following this, the Min-Edit and
C-Min-Edit both use a GAN G and a latent representation of
the original image z in their optimisation step to get to the la-
tent representation of the explanation z′. The main difference
between these two is how they define the loss. The PIECE
method also uses this same z and G, but adds an additional
factor using feature values in the original image that are less
likely to occur in the target class, named exceptional features.
Lastly, the alibi-Proto-CF method uses an autoencoder to add
a prototype for each target class. A corresponding loss term
is added to guide the explanation towards the target class and
speed up the search process. We provide an overview of the
optimisation step of each of the counterfactual explanation
methods in Table 2.

Here pt denotes the target class probability and ft(·) is the
predicted class probability. The term λ is a parameter that
balances the trade-off between prediction accuracy and fea-
ture value similarity. The function c(·) denotes all layers of
the classifier up until the penultimate layer and f(·) is the
output of the classifier itself. The term Yc′ represents the out-
put of the classifier after the Softmax operation, yielding a
probability vector corresponding to the target class c′. Lastly,
for alibi-Proto-CF, Lpred corresponds to the model’s predic-
tion function with scaling parameter s. The next two terms
represent the elastic net regularisation, with parameter β, and
LAE and Lproto representing the autoencoder and prototype
losses. There is a subtle distinction between the Alibi-based
methods and the remaining approaches: in the latter, z′ de-
notes a latent vector, whereas in the Alibi methods, L more
generally represents a loss function.

These counterfactual explanation methods were chosen be-
cause Alibi is a better-known toolkit, often used as a baseline
and should thus provide well-maintained functions. We in-
clude PIECE as we aim to reproduce it and it is a method
focused on generating plausible counterfactual explanations.
We generate counterfactual explanations for 100 instances on
each potential target class.

Table 2: Overview of optimisation formulations used for counter-
factual explanation methods in our experiments.

Method (library) Optimisation step

alibi-CF (Keras) L(x′ | x) =
(
ft(x

′) − pt
)2

+
λL1(x

′, x)
Min-Edit (PyTorch) z′ = argmin

z
∥f(c(G(z)))− Yc′∥22

C-Min-Edit (PyTorch) z′ = argmin
z

max
λ

λ∥f(c(G(z)))−
Yc′∥22 + dist(c(G(z)), x)

PIECE (PyTorch) z′ = argmin
z

∥c(G(z))− x′∥22
alibi-Proto-CF (Keras) L = sLpred + βL1 + L2 + LAE +

Lproto

4.3 Evaluation metrics

We evaluate the counterfactual explanation methods using
metrics for correctness, plausibility, size, and running time,
which aligns with prior work on evaluating counterfactual ex-
planations [Guidotti, 2022]. We focus on the following prop-
erties: correctness, success, size, running time and plausibil-
ity. The first metric is simply the time it takes to optimise
a counterfactual explanation, referred to as OT in this paper.
Then we are interested in computing the size of a counterfac-
tual explanation. This is done using the L1, L2 and L∞ -norm
between the original and the perturbed instance. Lastly, three
proxy measures for plausibility are implemented, including
our implementation of MI .

• Validity/Correctness: Does the new prediction of the
counterfactual explanation change to the target class (ex-
cluding incorrect timeouts)?

• Success: How many counterfactual explanations can the
method successfully produce (including timeouts)?

• Success Ratio: What fraction of the source-target pairs
per image successfully produce a counterfactual explana-
tion (including timeouts)?

• Optimisation Time: Time it took to run the method.

• Size/Minimality: L1, L2, and L∞ distance between x and
x′.

• IM1/IM2 [Van Looveren and Klaise, 2021]: The IM1 and
IM2 metrics are based on the reconstruction loss of autoen-
coders trained on each class:

IM1(x′, y, y′) =
∥x′ −AEy(x

′)∥22
∥x′ −AEy(x′)∥22 + ϵ

(2)

IM2(x′, y′) =
∥AEy(x

′)−AE (x′)∥22
∥x′∥1 + ϵ

, (3)

where AEy represents the output vector of an autoencoder
trained on a particular class y. We note that, based on prior
research, IM2 is not necessarily interpretable [Mahajan et
al., 2019] and has been shown not to provide significantly
different outcomes on out-of-distribution data [Schut et al.,
2021].



Table 3: Average performance of counterfactual explanation methods across all architectures for MNIST and CIFAR. Best-performing method
per metric shown in bold. Values: mean ± std. (in parentheses). ST = success ratio; OT = optimisation time. ST all and OT all are over all
explanations; other metrics are over correct counterfactuals only (those changing the prediction to the target class). Impl. = implausibility;
MI = Moran’s I. Both ∆MI (original vs. counterfactual) and MI(x’) (counterfactual alone) are reported. ↑/↓ = higher/lower is better.

Method ST all↑ OT all↓ OT↓ L2↓ IM1↓ IM2↓ Impl.↑ ∆MI↓ MI(x’)↑

MNIST

C-Min-Edit
.69
±.27

33.82
±26.05

20.67
±16.63

15.70
±3.83

3.31
±9.82

.109
±.23

.56
±.06

.08
±.08

.69
±.11

Min-Edit
.62
±.28

19.43
±15.78

9.63
±9.85

15.84
±3.79

3.46
±10.35

.108
±.23

.57
±.06

.08
±.08

.70
±.11

PIECE
.27
±.24

28.48
±13.86

10.62
±11.19

15.49
±4.03

3.03
±10.57

.088
±.20

.57
±.06

.08
±.08

.70
±.11

alibi-CF
.61
±.40

54.69
±41.97

66.24
±45.20

5.42
±1.84

1.60
±2.71

.111
±.20

.50
±.09

.06
±.04

.68
±.09

alibi-Proto-CF
.67
±.29

111.39
±58.34

96.01
±47.39

23.71
±8.31

1.08
±.73

.253
±.16

.14
±.15

.25
±.23

.50
±.23

CIFAR

C-Min-Edit
.99
±.03

10.62
±7.60

10.47
±7.06

16.12
±5.77

1.05
±.24

.0017
±.0008

.010
±.02

.05
±.04

.86
±.08

Min-Edit
.98
±.06

6.83
±6.93

6.42
±5.98

16.13
±5.77

1.05
±.24

.0017
±.0008

.010
±.02

.05
±.04

.86
±.08

PIECE
.75
±.29

16.85
±14.59

10.10
±9.07

15.31
±4.66

1.04
±.24

.0016
±.0007

.011
±.02

.05
±.04

.87
±.07

alibi-CF
.92
±.18

107.99
±77.33

112.16
±78.70

32.12
±6.41

1.08
±.28

.0008
±.0003

−.006
±.03

.01
±.04

.82
±.09

alibi-Proto-CF
.66
±.18

298.58
±101.32

287.69
±91.23

36.70
±8.97

1.02
±.16

.0040
±.0040

−.007
±.02

.35
±.29

.50
±.31

• (Im)-plausibility [Altmeyer et al., 2024]: Based on a defi-
nition by Guidotti [2022], implausibility is computed:

impl(x′, Xy+) =
1

|Xy+ |
∑

x∈Xy+

dist(x′, x), (4)

where Xy+
is a subsample of the training dataset for the

class y+. The distance function can be chosen; however,
for images, the structural similarity method [Wang et al.,
2003] provides more insights into image similarity than the
Euclidean norm would.

• MI: Moran’s I of the explanation MI (x′). Alternatively, we
compute |MI (x)−MI (x′)| or ∆ MI as a potential variation
of this metric.

We make a distinction between the correctness and the suc-
cess of an explanation because an explanation is not necessar-
ily incorrect, but just unsuccessful in finding a solution within
the time limit. Had the explanation method been given more
time, it may have produced something correct. Thus, we con-
sider success to be a fairer evaluation of correctness.

5 Experimental Results
Our experimental results are structured according to our three
research questions in Section 1. We first evaluate counter-
factual explanation performance overall, then study the im-
portance of target classes, and finally investigate correlations
between plausibility metrics.

5.1 RQ1: Evaluating the performance of
counterfactual explanation methods

The results addressing the performance of various counter-
factual explanation methods across multiple evaluation met-
rics are presented in Table 3. Starting with validity, the suc-
cess ratio is highest overall for C-Min-Edit. It is important
to note that the table does not distinguish between success
and correctness, particularly in scenarios involving incorrect
instances that timeout. After excluding timed-out, incorrect,
or both types of failed instances, both alibi methods consis-
tently yielded correct counterfactual explanations, with one
notable exception: nine incorrect counterfactual explanations
from alibi-CF on mnist mlp relu 4 1024, all predicting the
same class as the original label.

This raises the question: why do counterfactual expla-
nation methods fail to produce correct results? Three pri-
mary reasons likely contribute. First, the method may time
out, as each approach operates under a predefined iteration
limit. Second, suboptimal hyperparameter settings might
overly constrain the search space, as is particularly evident
in C-Min-Edit, Min-Edit, and PIECE, where continuous in-
creases in loss suggest the algorithm is stuck. Finally, bugs in
the original source code can produce incorrect counterfactual
explanations before a timeout is reached.

Regarding other aspects of Table 3, the smallest counter-
factual explanations are generated by alibi-CF for MNIST
and by PIECE for CIFAR. Optimisation time shows minimal



Table 4: A comparison of success and weak success as a percentage
over the different methods across MNIST and CIFAR datasets.

MNIST CIFAR-10
Method Success Weak Success Weak
C-Min-Edit 68.65 98.82 99.30 100.00
Min-Edit 61.69 97.64 98.48 100.00
PIECE 27.22 78.79 75.48 99.00
alibi-CF 60.55 76.60 91.74 100.00
alibi-Proto-CF 67.21 100.00 65.78 100.00

differences between all counterfactuals and correct ones only.
Notably, the increased complexity of CIFAR significantly ex-
tends optimisation time for the alibi-based methods, whereas
the other methods show improved efficiency. This is some-
what unexpected, but may be explained by the shared GAN
architecture used across these methods: if the GAN performs
better on CIFAR than on MNIST, this could positively impact
performance on that dataset.

Regarding plausibility, PIECE demonstrates the best
MI (x′) and implausibility scores across both datasets, with
Min-Edit performing comparably. For the IM1 measure,
alibi-Proto-CF yields the most favourable results. The
simpler formulation MI (x′) proves more informative than
|MI (x)−MI (x′)|, as the latter produces substantially smaller
variations across methods, making it less effective for distin-
guishing performance. This explains why alibi-CF has a high
MI (x)−MI (x′) and the smallest size in MNIST: its explana-
tions are likely very close to the original image and thus have
a similar MI score, without necessarily being more plausi-
ble. Interestingly, the method with the lowest MI (x′) overall
is alibi-Proto-CF, which may relate to our anecdotal evidence
in Figure 2.

In summary, there is no clear winner across metrics. How-
ever, the best-performing method per metric is mostly consis-
tent across both datasets. The key insight is that effectiveness
varies depending on which property is prioritised — size, op-
timisation time, or plausibility — as no single method excels
across all criteria.

5.2 RQ2: Decision boundaries
To determine to what extent different decision boundaries im-
pact explanation performance, Table 4 shows the percent-
age of successful and weakly successful explanations per
method, where weak success requires only one successful de-
cision boundary per image. It is clear that not all decision
boundaries can be successfully reached: for instance, PIECE
achieves only 27.22% full success on MNIST, whilst alibi-
Proto-CF reaches 67.21%. Relaxing the success criterion
leads to a substantial jump across all methods, with nearly
every image yielding at least one successful counterfactual
explanation.

For the more challenging CIFAR dataset, success rates
are considerably higher overall, with most methods exceed-
ing 90% full success. A notable exception is alibi-Proto-CF,
which achieves only 65.78% full success despite reaching
100% weak success, suggesting it struggles to cross certain
decision boundaries consistently. It should be noted, how-
ever, that higher success rates do not imply they are better, as
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(b) Excluding timeouts
Figure 3: Average Success for each original class and target class
pair for the PIECE method on MNIST. Timeouts are either included
in the average success calculation or filtered out.

the plausibility metrics in Table 3 are considerably lower for
CIFAR overall.

Additional evidence on specific original-to-target class
transitions is presented in Figure 3 for the PIECE method,
illustrating that certain class pairs are considerably easier to
shift between. For example, moving from a 5 to a 6 or from
a 4 to a 9 scores relatively well, whereas moving from a 0 to
a 7 is far less successful — consistent with the intuition that
visually and semantically similar classes are easier to tran-
sition between. Corresponding heatmaps for the remaining
methods are provided in the appendix.

These results also highlight the influence of excluding un-
successful timeouts. As shown in Figure 3b, removing time-
outs leads to a consistent increase in average success across
all decision boundaries, suggesting that a substantial portion
of failures arises from methods exhausting their optimisation
time. However, since success values do not reach 1 across all
class pairs, additional factors — such as an overly constrained
search space or code bugs — also contribute.

Taken together, our findings indicate that the choice of tar-
get decision boundary significantly influences counterfactual
explanation performance, consistent with theoretical expec-
tations: when the target boundary is too far from the orig-
inal instance, finding a viable counterfactual within a con-
strained optimisation timeframe becomes increasingly infea-
sible. Some methods handle this better than others, and we
advise practitioners to take this into consideration when eval-
uating counterfactual explanations.

5.3 RQ3: Plausibility metric agreement
The final research question addresses whether the various
plausibility measures agree with one another. Although
all measures aim to assess plausibility, they are computed
through fundamentally different approaches. As illustrated
in Figure 4, there is no consistent alignment between the
metrics. In subfigure (a), a distinct cluster is observed for
alibi-Proto-CF, differentiating it from the other methods, but
no clear patterns emerge beyond this. A similar observation
holds for subfigure (b). The results in Table 3 suggest some
potential agreement between implausibility and MI (x′), but
no clear linear relationships are observed. In both subfigures
(c) and (d), a distinct cluster associated with alibi-Proto-CF is
visible, suggesting its explanations tend to be more distinctly
implausible than those of other methods.



(a) IM1 against implausibility on MNIST with
r = 0.014, p = 0.037, and n = 22877

(b) IM1 against implausibility on CIFAR with
r = −0.066, p < 0.001, and n = 12353.

(c) MI (x′) against implausibility on MNIST with
r = 0.262, p < 0.001, and n = 22877.

(d) MI (x′) against implausibility on CIFAR with
r = 0.17, p < 0.001, and n = 12353.

Figure 4: Scatter plots showing agreement between plausibility measures for different explainability methods, colored by method. Spearman
correlation coefficient values are shown in the subfigure captions, along with the corresponding p-values and sample sizes.

Overall, we find little agreement between plausibility mea-
sures, suggesting they capture different aspects of plausibil-
ity. Relying on a single plausibility metric is therefore in-
sufficient, further supporting the notion that human valida-
tion may be essential for reliably assessing the plausibility of
counterfactual explanations [Keane et al., 2021].

6 Conclusion
In this study, we have provided an extensive analysis of coun-
terfactual explanation methods in image classification, focus-
ing on their performance, the influence of decision bound-
aries, and the agreement between different plausibility mea-
sures.
Main findings. Our results reveal several key insights.
Methods like C-Min-Edit and PIECE demonstrate strong re-
sults in generating valid counterfactual explanations. How-
ever, no clear alignment between plausibility measures
emerges, suggesting that different metrics capture different
aspects of plausibility. Whilst our proposed spatial autocor-
relation measure, Moran’s I, shows similar average results to
the implausibility measure, this agreement appears limited to
the prototype-based method alibi-Proto-CF and does not gen-
eralise across other methods. The chosen target class plays a
critical role in determining success rates, with some methods

being more adept at navigating certain decision boundaries
than others. Additional experiments further show that perfor-
mance can also vary substantially across neural architectures,
as detailed in the appendix.

Implications. Our work highlights that properly assess-
ing counterfactual explanation methods requires evaluation
across a variety of decision boundaries and neural architec-
tures. By empirically evaluating counterfactual explanations
across diverse experimental settings, we address broader calls
for rigorous evaluation in XAI and provide a first step towards
a benchmark for practitioners.

Limitations. Whilst our study covers 90 experimental set-
tings, a more comprehensive analysis could include a larger
variety of explanation methods, a deeper hyperparameter
analysis, and additional datasets such as MedMNIST [Yang
et al., 2023] to strengthen generalisability.

Future work. As to future work, we want to generalise our
findings in multiple directions. First, we plan to extend this
work with a user study to evaluate explanation effectiveness
and measure human agreement with plausibility metrics. Sec-
ond, we plan to evaluate counterfactual explanation methods
in other settings, such as in forecasting [Lucic et al., 2019]
and recommender systems [Ren et al., 2017].
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