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Abstract

Counterfactual explanations can promote accountability, fair-
ness, and transparency in Al-supported decision-making by
demonstrating how changes in input data can alter outcomes,
offering actionable feedback for users to revise unfavorable
decisions. However, the majority of counterfactual algorithms
focus on tabular and image data, ignoring many high-stakes
scenarios that rely on time series data. Furthermore, user stud-
ies of counterfactuals for time series are exceedingly rare.
We address this research gap by proposing a novel method-
ology that advances carefully-controlled tests of counterfac-
tual explanations for time series classification. In two exper-
iments, participants were asked to classify time series plots
and provide confidence ratings, before receiving feedback on
the correct classification along with an explanation. The stud-
ies manipulated the explanation strategy used and the visual-
ization used. Results indicate that counterfactual explanations
elicit improved domain understanding and higher confidence
in people in comparison to factual explanations. Wider impli-
cations for explanation in time series domains are discussed.

Data — https://github.com/e-delaney/ts-user-study

1 Introduction

In recent years, there has been an explosion of research in
eXplainable Al (XAI) designed to address the opacity of
current Al systems and to establish appropriate reliance in
predictions. Consequently, there is now a panoply of XAI
strategies from ante-hoc transparent systems (Rudin 2019;
Chen et al. 2019) to post-hoc explanation methods such as
saliency maps (Selvaraju et al. 2017; Zhou et al. 2016),
feature-importance analyses (e.g., SHAP (Lundberg and Lee
2017) and LIME (Ribeiro, Singh, and Guestrin 2016)), and
instance-based methods deploying examples, prototypes and
counterfactuals as explanations (Wachter, Mittelstadt, and
Russell 2017; Kenny and Keane 2019; Kim et al. 2016).
Although these efforts often aim to enhance users’ under-
standing of Al systems, most of this research concentrates
on algorithmic development rather than assessing what users
actually understand (Adadi and Berrada 2018; Lipton 2017;
Anjomshoae et al. 2019; Piculin et al. 2025). This has
been countered by human-centric approaches to XAl, which
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place a greater emphasis on designing explanations for hu-
man explanation goals, stakeholder perspectives and the
broader contexts in which these algorithmic explanations are
delivered (Wang et al. 2019; Liao, Gruen, and Miller 2020;
Langer et al. 2021; Tahaei et al. 2023; Lai et al. 2023; Ehsan
et al. 2024; Schuff et al. 2022). In XAI, post-hoc counter-
factual explanations can offer actionable “algorithmic re-
course” (Verma, Dickerson, and Hines 2020). For instance, a
rejected loan applicant might be told: “If you had requested
$2k less, you would have been approved” (McGrath et al.
2018). Beyond providing a clear path to a different outcome,
these explanations have been proposed as psychologically
intuitive (Miller 2019; Byrne 2019) and in alignment with
legal transparency requirements (Wachter, Mittelstadt, and
Russell 2017). Although upwards of 150+ distinct counter-
factual algorithms exist in the literature, few studies evalu-
ate the extent to which people actually understand them as
claimed (one review found only < 7% of papers performed
any sort of user testing (Keane et al. 2021)). In this paper, we
report user studies of counterfactual explanations for time
series data, an area with even poorer user-study coverage.

The Promise of Time Series XAl for Transparency

A majority of XAl research, including counterfactual XAlI,
has primarily focused on tabular data (Wachter, Mittelstadt,
and Russell 2017; Gomez et al. 2020; Mothilal, Sharma, and
Tan 2020), with growing work on computer vision and im-
age data (Goyal et al. 2019; Akula, Wang, and Zhu 2020;
Kenny and Keane 2020) and text data (Mayne et al. 2025).
Counterfactual explanations of time series data have only
been addressed more recently (Delaney, Greene, and Keane
2021a; Ates et al. 2021; Guidotti 2024) (for surveys see
(Rojat et al. 2021; éimié, Sabol, and Veas 2021; Theissler
et al. 2022; DeMartino 2020)). This underdevelopment is
somewhat surprising considering the ubiquity of time se-
ries in many rich use-cases across diverse domains where
transparency is critical, including medicine, environmental
sensing, finance, and manufacturing (Dau et al. 2019; Fawaz
et al. 2019a; Gee et al. 2019; Schulam and Saria 2017; Ghas-
semi et al. 2020; Lucic, Haned, and de Rijke 2020b). For
instance, XAl for time series classification can reveal com-
plex morphological and physical features that clinicians may
not readily spot, aiding in the detection of apnea (cessation
of breathing) and bradycardia (slowing of heart rate) in pre-
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2. I disagree somewhat

2. Correct Answer Revealed
after Human Classification:
"The Correct Answer is
Fault-4"

"If the signal had looked like the
orange dotted line, the chart would
have shown Fault-B"

Random Orderin
7 Z { 4. I agree somewhat

20 20

15 Fault-A s 4

) ﬁ
M/W/\[W ot =

=20 == ™ T T T v —2.0 L= T T T T T
0 20 40 (1] 80 100 o 0 40 &0 80 100

Fault-B

=

Figure 2: Time Series Examples From Current Human Studies with Non-Experts: Charts of sensor readings plotting two engine
faults (i.e., Fault-A and Fault-B). The positive sine-like behavior between time points 10-20 and 60-70 form a noisy N shape
indicating Fault-A and the negative sine-like behavior between the same time points form a noisy U shape indicating Fault-B.

Challenges: Developing Controlled &
Human-Centered Evaluation Methodologies

term infants (Gee et al. 2019). In manufacturing, time se-
ries of sensor readings can detect critical machine failures
(Cook, Misirl, and Fan 2020) (e.g., akin to those shown in
Figure 2). As Al decision-support systems are increasingly
deployed in industry, there is an increasing need to explain
decisions and to provide actionable feedback to both expert
and non-expert users. Ideally, a good explanation method
should help users learn more about the domain, the decisions
that are being made, and the Al system that makes those de-
cisions (Doshi-Velez and Kim 2017). This paper specifically
focuses on explanation methods for the task of time series
classification (TSC) which involves mapping an unlabelled
time series — a test instance — to a predefined class label (e.g.,
Fault-A or Fault-B).

Time series domains pose distinct challenges for both de-
signing and evaluating human-centered explanation meth-
ods due to their high dimensionality and the ambiguity of
what constitutes a meaningful feature. For example, non-
expert users may struggle to interpret time series data, de-
spite the fact that they encounter it regularly (e.g., polling
data or energy consumption) (Zhang and Lim 2022). Fur-
thermore, while models may extract latent features, these are
often uninterpretable to humans, and the notion of a “fea-
ture” is less well-defined than in tabular or image domains
(Delaney, Greene, and Keane 2021a). We therefore argue
for controlled evaluation strategies that begin with simplified
datasets with well-defined properties, enabling transparent,
human-centered benchmarks to guide future work. With re-
gard to evaluation, a frequently overlooked step in XAl user
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studies is the fair selection of test materials. This requires
balanced, representative, and unbiased instance sets, yet
many studies rely on hand-picked or unbalanced examples
that can favor particular explanation methods. Such prac-
tices risk introducing spurious correlations, unequal noise,
or uneven condition sizes, undermining the validity of re-
sults. Additional methodological issues persist. Many XAI
user studies are statistically underpowered due to insuffi-
cient participant numbers, highlighting the need for a-priori
power analyses (Erdfelder, Faul, and Buchner 1996). Atten-
tion checks, essential for data quality control (Oppenheimer,
Meyvis, and Davidenko 2009), are often omitted, as is ran-
domization of material order to mitigate order effects.

Next, we describe the time series test items used in this
work. Figure 2 shows two instances from a binary fault-
classification dataset (Fault-A and Fault-B), each defined
by objectively specified properties: positive and negative
sine-wave motifs. These patterns are representative of real-
world time series, such as electrocardiograms, where el-
evated sine-wave activity can indicate conditions like se-
vere hyperkalemia (Dau et al. 2019; Pluijmen and Hersbach
2007; Loubser et al. 2023). Each instance consists of a 100-
point time series with Gaussian noise, into which discrim-
inative features were embedded at time points 10-20 and
60-70. Fault-A contains a positive sine-wave motif, while
Fault-B contains a negative one. This controlled design al-
lows us to assess whether non-expert human users can learn
to discriminate time series signals, and whether explanations
support or hinder this learning.

Evaluating Explanation Strategies & Visualisation
Methods for Time Series Data

Using our proposed methodology for tackling time series
data, we examined two key variables, (i) explanation strate-
gies (factual versus counterfactual explanations), and (ii)
visualisation methods (overlaid versus non-overlaid expla-
nations) in two separate experiments. Our goal was to es-
tablish human-centered benchmarks for explaining time se-
ries, to determine if reproducible effects could be found for
classes of instances with objectively-defined properties. If
such benchmarks can be found, then we have a framework
for progressively exploring more complex scenarios (e.g.,
adding more features or more diverse features).
Explanation Strategy. The main variable compared two
different post-hoc, instance-based explanation strategies:
a factual example-based approach versus a counterfactual
example-based one. Factual-example explanations for time
series classifications inform the recipient that “this instance
was classified as X because a very similar instance was pre-
viously classified as X”’; more technically, the current test
instance is explained by this nearest neighbour (e.g., (Cun-
ningham and Delany 2021; Caruana et al. 1999)). Counter-
factual explanations for time series classifications express
that “this instance was classified as X because it would have
to look like this very different instance, to be classified as
Y”’; more technically, the current test instance is explained
by this nearest unlike neighbour or some generated contrast-
ing instance (e.g., (Nugent, Doyle, and Cunningham 2009;
Ates et al. 2021; Guidotti 2024)). In the current studies, we
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determine which explanation strategy — factual or counter-
factual — most impacts people’s understanding of time series
classification.

Visualisation Strategy. The second variable of interest
compared different visualisations of the presented explana-
tions. Time series explanations have been displayed as sep-
arate plots to be compared (Ghods and Cook 2022; Hsu,
Liu, and Tseng 2019), represented in tabular form (Fahse,
Blohm, and van Giffen 2022; Saluja et al. 2021), described
in text (Fahse, Blohm, and van Giffen 2022; Ming et al.
2019; Munir et al. 2019), visualised as heat-mapped saliency
plots (Serramazza et al. 2023; Turbé et al. 2023; Wang,
Yan, and Oates 2017) or highlighted regions (Schlegel et al.
2019; Saluja et al. 2021; Guillemé et al. 2019; Strodthoff
and Strodthoff 2019; Guidotti et al. 2020), and as overlaid
plots (Ming et al. 2019; Karlsson et al. 2018; Maweu et al.
2021; Cho et al. 2020; Guidotti et al. 2020; Han et al. 2022;
Van Looveren et al. 2021; Filali Boubrahimi and Hamdi
2022). Many XAI time series papers adopt the latter visu-
alisation (though few have tested its efficacy). In Experi-
ment 1 we compare both explanation strategies (factual and
counterfactual) using overlaid visualisations, whereas in Ex-
periment 2, the factual explanation is presented separately
(not overlaid) to test whether presentational choices influ-
ence how people learn from explanations in time series clas-
sification.

Outline of Paper & Contributions

In Section 2, we review the related computational and psy-
chological work on explaining time series classifications.
Then, in Sections 3 and 4, we implement our evaluation
methodology in two user studies, before concluding with a
reflection on the results and future implications (Section 5).
In summary, this paper makes three key contributions:

* Evaluation method: A novel evaluation methodol-
ogy for testing XAl in time series classification using
objectively-defined features in a controlled setting, ad-
equate statistical power, and attention checks to enable
the identification of controlled and psychologically ro-
bust effects.

* Explanation tests: The first user studies comparing fac-
tual and counterfactual explanations for time series clas-
sification with results indicating that counterfactual ex-
planations elicit faster and more accurate learning.

* Visualisation tests: The first user tests exploring differ-
ent explanation presentation-modes for time series clas-
sification.

2 Related Work: Methods & User Tests of
Time Series XAI

Many computational methods have been proposed to explain
time series classification. Much of this work has centered
on visual explanations using saliency mapping (Wang, Yan,
and Oates 2017; Zhou et al. 2016; Selvaraju et al. 2017) and
feature importance vectors (Ribeiro, Singh, and Guestrin
2016; Lundberg and Lee 2017; Villani, Lockhart, and Maga-
zzeni 2022). However, more recent work has focused on fac-
tual example-based methods (Fahse, Blohm, and van Giffen



2022) and counterfactual methods (Ming et al. 2019; Karls-
son et al. 2018; Maweu et al. 2021; Cho et al. 2020; Guidotti
et al. 2020; Han et al. 2022; Van Looveren et al. 2021; Fi-
lali Boubrahimi and Hamdi 2022)!. As is the case in XAI
more broadly, there has been a significant lag in human-
centered evaluations of these methods (Adadi and Berrada
2018). For instance, a review by Theissler et al. (2022) re-
ports only a handful of papers with user evaluations, of the
70+ algorithmic time series XAl papers that they survey. In
the following subsections, we review the relevant compu-
tational and psychological literature covering: (i) methods
using saliency maps, feature importance & shapelets, (ii)
methods using factual and counterfactual explanations, (iii)
user evaluations of factual explanations, counterfactual ex-
planations and user studies comparing factual to counterfac-
tual explanations.

Feature Importance in Time Series

Saliency maps and Class Activation Maps (CAMs) high-
light areas of a time series that are most informative for
making classification decisions (Adebayo et al. 2018; Zhou
et al. 2016; Fawaz et al. 2019b; Zhou et al. 2016). Schlegel
et al. (2019) conducted a computational comparison exper-
iment for XAI methods in time series. Interestingly, LIME
yielded poor results across all evaluated datasets, saliency
maps were found to be most informative when paired with
RNNs, and SHAP’s results were the most robust for all
models, though its computational complexity is a drawback
(see also (Turbé et al. 2023)). A closely-related technique
to saliency maps involves highlighting discriminative sub-
series known as shapelets (Ye and Keogh 2011) as visual
explanations for classifications. One of the advantages of
shapelets is that they can capture relationships between fea-
tures, unlike a simple feature relevance vector (Grabocka
et al. 2014; Schifer 2016; Karlsson et al. 2018).

Factual & Counterfactual Explanations in Time
Series Classification

Time series can also be explained using both factual
example-based explanations and counterfactual explana-
tions. Factual explanations draw on long-standing work in
case-based reasoning (CBR) using k-NNs (Duda, Hart et al.
1973; Cover and Hart 1967; Cunningham and Delany 2021),
where a factual example or case is used to explain a pre-
diction (Caruana et al. 1999; Sgrmo, Cassens, and Aamodt
2005; Leake 1996; Keane and Kenny 2019).
Counterfactual explanations for time series have
emerged, following algorithmic advances in other data
modalities. Wachter et al’s (Wachter, Mittelstadt, and
Russell 2017) seminal Min-Edit method introduced the
major innovation of generating synthetic counterfactual-
instances to provide much better explanatory coverage.
However, such perturbation based techniques can risk
generating counterfactuals that are out-of-distribution and
not perceptibly different from the query instance (Delaney,

'We note that some of this prior work is related to time se-
ries forecasting (Fahse, Blohm, and van Giffen 2022; Schulam and
Saria 2017), distinct from time series classification.
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Greene, and Keane 2021b; Russell 2019; Laugel et al. 2019;
Guidotti 2024). As such, many counterfactual techniques
have supplemented proximity constraints with plausibility
and sparsity constraints. Delaney, Greene, and Keane
(2021a) introduced the first model-agnostic method for
generating counterfactual explanations for time series
classification. Their instance-based approach identifies
discriminative subsequences (e.g., via Class Activation
Mapping or SHAP) and replaces them with subsequences
from counterfactual-class instances. The method outper-
forms benchmark approaches such as Min-Edit (Wachter,
Mittelstadt, and Russell 2017) and largely avoids out-
of-distribution issues. Related work in multivariate time
series classification similarly constructs counterfactuals
from training instances (Ates et al. 2021). Collectively, this
literature shows that meaningful counterfactuals modify
contiguous subsequences rather than entire time series
(Delaney, Greene, and Keane 2021a; Labaien, Zugasti,
and De Carlos 2020; Karlsson et al. 2018). Accordingly,
we define features as motifs in contiguous regions in the
present work.

Human Studies on Factual & Counterfactual
Explanations

Factual Explanations have been studied in case-based rea-
soning for over two decades (Leake 1996; Sgrmo, Cassens,
and Aamodt 2005), and have been extended to explain the
predictions of deep learning models (Kenny and Keane
2019). However, one survey found that only 1% of papers
performed any user evaluations. Existing results show that
factual examples impact correctness judgments of misclas-
sifications and that trust in an Al system decreases rapidly
when a model makes multiple errors (Kenny et al. 2021;
Kenny, Delaney, and Keane 2023). Buginca et al. (2020)
examined factual explanations in a calorie-assessment task
and found that they aided people’s task performance relative
to no-explanation controls. van der Waa et al. (2021) tested
factual examples explaining the decisions of a simulated di-
abetes app and found that they improved understanding over
contrastive examples, but played more of a role in convinc-
ing people (even of incorrect decisions!). However, none of
these tests explored time series data.”

Counterfactual Explanations have also encountered sim-
ilar problems with the majority of user testing focused on
tabular data, with mixed results regarding efficacy of this
explanation strategy (Lim, Dey, and Avrahami 2009; Binns
et al. 2018; Cai, Jongejan, and Holbrook 2019; van der Waa
etal. 2021; Warren, Byrne, and Keane 2023; Warren, Keane,
and Byrne 2022; Dai et al. 2022; Celar and Byrne 2023;

“Several XAl studies on time series have explored feature-
importance analyses (such as LIME (Ribeiro, Singh, and Guestrin
2016) and SHAP (Lundberg and Lee 2017)), as well as techniques
that emphasize prediction-relevant regions (Mokhtari, Higdon, and
Bagsar 2019; Schlegel et al. 2019; Garcia and Aznarte 2020). Some
of these papers report user studies showing benefits for explana-
tions using LIME and SHAP, along with improvements in users’
satisfaction and trust (Saluja et al. 2021), though many suffer from
low sample-sizes (see also (Munir et al. 2019) tests using textual
explanations).
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Figure 4: Attention Check Answer. The screen presented to
users after they complete an attention check item in the user
study. Note that users are reminded that they were instructed
to select the Don’t Know option.

Lage et al. 2019; Lucic, Haned, and de Rijke 2020a; Forster
et al. 2020, 2021; Kirfel and Liefgreen 2021; Kuhl, Artelt,
and Hammer 2022). Lucic, Haned, and de Rijke (2020b)
found that contrastive explanations increased self-reported
understanding of an Al system’s decisions in a forecasting
domain. Conversely, studies by van der Waa et al. (2021)
demonstrated that factual-example explanations elicited bet-
ter understanding than contrastive explanations. Similar pat-
terns of mixed findings are also found in the image domain
(Singla et al. 2019; Goyal et al. 2019; Larasati, De Liddo,
and Motta 2020; Cai, Jongejan, and Holbrook 2019; Zhao,

792

Oyama, and Kurihara 2021; Delaney et al. 2023). Previ-
ous studies in a variety of domains found that counterfactu-
als elicit higher task accuracy than a no-explanation control
(Warren, Byrne, and Keane 2023; Goyal et al. 2019).

Unfortunately, there are almost no user studies using
counterfactual explanations with time series (Theissler et al.
2022). The few existing user studies that exist in the time se-
ries domain tend to focus on presentational issues, compar-
ing line graphs to novel alternatives (e.g., radial charts, cir-
cular heatmaps) (Adnan, Just, and Baillie 2016; Heer, Kong,
and Agrawala 2009; Heer and Bostock 2010) and feature at-
tribution (Baer et al. 2026). We have found only one user
study on time series, albeit on forecasting rather than classi-
fication, comparing factual and counterfactual explanations.
Fahse, Blohm, and van Giffen (2022) compared factual
and counterfactual explanations in a time series forecast-
ing task where participants predicted bakery sales (N=115).
While all explanation types improved accuracy (RMSE)
over the control, factual explanations significantly outper-
formed both counterfactual and hybrid approaches. How-
ever, these findings are tempered by several methodological
limitations. The study appears under-powered, likely requir-
ing a significantly larger sample size to validate its claims.
Furthermore, the statistical reporting is opaque; the authors
employed a 2x2 ANOVA to analyze five conditions with-
out clarifying the design mapping, attention checking or re-
porting essential F-values, degrees of freedom, and post-hoc
procedures. Additionally, because the study did not iden-
tify which time series features influenced participant predic-
tions, it remains unclear why factual examples provided su-
perior support in this specific forecasting context. Next, we
revisit the comparison of factual and counterfactual expla-
nations from the literature. However, unlike the majority of
user evaluation, we consider this comparison in the context
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of time series data.

3 Experiment 1: Overlaid Factual &
Counterfactual Explanations

Our review of related work on the explanation of time se-
ries reveals a thin literature with inconclusive user findings
on the efficacy of factual and counterfactual XAI strate-
gies. Importantly, this literature does not tell us much about
how these explanations should be presented to users (e.g.,
whether they should be textual, highlightings or overlaid
plots). This state of affairs, perhaps reflects the very real
difficulties in systematically tackling time series domains,
in the selection of suitable test materials and the determina-
tion of features. Unless we start from a scenario, where we
define features precisely, it is hard to see how we can ac-
curately assess how people comprehend these explanations
due to spurious effects.

Hence, in the current experiments, we aimed to control
the complexity of materials by generating a representative
and balanced dataset using synthetic (but plausible) time se-
ries data. The test instances showed one of two engine faults
— Fault A or Fault B (see Figure 2 for examples) — based on
defined contiguous regions (at time-points 10-20 and 60—
70) where the key features that distinguished the classes oc-
curred (i.e., using positive/negative sine waves) with the re-
maining regions of the time series being non-feature-regions
showing Gaussian noise. The classification task was verified
as tractable using a state-of-the-art sequence learning classi-
fier (see Mr-SEQL (Le Nguyen et al. 2019)) that could ac-
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curately classify the 40 test instances presented to people in
the studies. For a discussion about the limitations of using
synthetic data for generalizability see Section 5.

Both studies compared factual and counterfactual ex-
planations using matched material sets. For the Factual-
Overlaid group, the explanatory example was the nearest-
like-neighbor to the test instance in the training data
using Euclidean distance (n.b., temporal axes were al-
ready aligned; see Figure 5 bottom-left plot). For the
Counterfactual-Overlaid group, a contrasting explanation-
instance was generated by flipping the values in the feature
regions of the time series (by reflecting the motif over the
x-axis such that a N motif resembles a U and vice versa;
see Figure 5 bottom-right plot). This method is inspired by,
and operates in a similar fashion to, Native-Guide (Delaney,
Greene, and Keane 2021a). It modifies contiguous regions of
the time series with the additional constraint that the number
of features modified is fixed to maintain control for psycho-
logical effects of sparsity in user testing. Note, all the en-
coded feature-regions also had added noise to make similar-
ities in the shape of the features less obvious. In each study,
people received 40 time series instances to classify, their task
being to predict the class of each test instance (i.e., as Fault-
A, Don’t Know, Fault-B) and indicate their confidence in
their choice (on a 5-point Likert-type scale). They were then
given feedback on the correct classification along with an ex-
planation (i.e., a factual or counterfactual explanation). Pre-
vious user studies show that participants are more engaged
with a task, if they make their own predictions before see-
ing those of the Al model. The key performance measure



was accuracy, the proportion of instances people classified
correctly over the course of the study. Figure 5 shows one
of the materials used; the top-chart shows the presented in-
stance with the feedback given after the participant made
their classification; the two bottom panels show the alterna-
tive explanations given to the two separate groups (i.e., the
overlaid factual or counterfactual explanation on the origi-
nal instance). In Experiment 1, both explanations were visu-
alised as overlays on the original instance, shown as an or-
ange dotted line (see Figure 5). In Experiment 2, we consider
a different mode of presentation for the factual explanations.

Method

Participants, Design & Ethical Review Sixty-two par-
ticipants were randomly assigned to one of two indepen-
dent groups, the Factual-Overlaid group (N=30, after ex-
cluding 2 participants who failed attention checks) and
Counterfactual-Overlaid group (N=32). The sample size re-
quired was determined by an a priori power analysis, de-
signed to balance the probability of Type I and Type 1I er-
rors, using G*Power (Erdfelder, Faul, and Buchner 1996);
it indicated that 56 participants (28 in each group) were re-
quired for a one-way between-participant design with two
groups, assuming a large effect size (d = 0.8), for an alpha
of .05 and power of .90. Participants were recruited using the
Prolific Academic platform (https://www.prolific.co). Re-
spondents were pre-screened to select native English speak-
ers from the United Kingdom, United States, Australia,
Canada, Ireland and New Zealand. Ethics approval for both
studies was granted in advance, with the reference code LS-
E-21-215-Delaney-Keane. The study was explained to par-
ticipants at the outset and their consent was requested; they
were informed that they could withdraw from the study at
any time and, after the study, could withdraw their data too,
if they had any concerns. After completing all items, the ra-
tionale of the study was explained to them and they were
given the contact details of the PI (should a follow-up be
needed).

Materials A base time series of length 100 was generated
by adding Gaussian noise to the entire time range, based on a
normal distribution with a mean of zero and a standard devi-
ation of 0.5. Distinguishing motifs were introduced into spe-
cific, selected time-intervals (namely, the 10-20 and 60-70
regions). In these regions, sine-like motifs were created that
exhibit oscillatory behavior. Each motif had a duration of 10
time points and was generated using a sine wave equation.
The frequency of the sine wave is inversely proportional to
the motif duration. Fault-A was characterized by positive
sine waves in these regions whilst Fault-B was character-
ized by negative sine waves (see Figure 2 for samples). To
incorporate noise into the motifs, an additional noise scale
parameter was used. Independent Gaussian noise was added
to each motif region, following a normal distribution with
a mean of zero and a scale determined by the noise scale
parameter (set to 0.25, slightly less noisy than the rest of
the time series). Using these formulae 200 time series in-
stances were generated, 50/50 divided between the Fault-
A and Fault-B classes. Forty instances were randomly se-
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lected as a test set and the remainder were used to train the
Mr-SEQL classifier (Le Nguyen et al. 2019). These 40 test
instances were presented to participants in the experiment
(randomly re-ordered for each person).

Measures: Accuracy and Confidence A combination of
objective and subjective measures was used (see (Hoffman
et al. 2018; Warren, Byrne, and Keane 2023; Kim, Maathuis,
and Sent 2024) for a discussion). The objective measure was
accuracy, which measured the proportion of test instances
that users correctly classified. The subjective measure was
people’s self-assessment of their confidence in their own
classifications. Participants rated their confidence in their
classification using a 5-point Likert scale, ranging from 1
(“Not at all confident”) to 5 (“Extremely confident”). Partic-
ipants gave this judgment for each test instance before they
were shown the correct model-classification and its associ-
ated overlaid explanation.

Procedure Both groups were given the same general in-
structions for the tasks to be carried out. They were told that:
In this study, you are asked to examine charts of data about
an engine’s performance. Each chart measures the vibra-
tions made by the engine. Some patterns of vibration show
common faults in the engine. Only one of the two faults will
occur in any chart. You will be shown roughly 40 charts and
your task is to decide whether Fault A or Fault B has oc-
curred in each one. You will get feedback on whether you
have chosen the correct fault. Your aim is to choose the cor-
rect fault in each chart. Then they were told: In Task 1, you
have to indicate which fault is being shown in the chart; in-
dicate Fault-A or Fault-B by clicking on the button. If you re-
ally Don’t Know then click that button. In Task 2, you should
indicate your confidence in the choice you have made. When
you click the next button you will be told the fault that is
present in the chart. After participants made their decision
about which fault was present in the chart, they were pre-
sented with the correct answer along with an explanation.
Each group was shown one of two sorts of explanation. In
the Factual-Overlaid group they were shown another exam-
ple of the fault overlaid on the presented test instance, (i.e.,
the factual explanation) using the nearest neighbor to the
test instance in the dataset, along with an explanatory state-
ment (see Figure 5).In the Counterfactual-Overlaid group
they were given a counterfactual plot overlaying the origi-
nal test instance, along with an explanatory statement (see
Figure 5). Participants were given a total of 40 items to
classify as either Fault-A or Fault-B (20 of each). Items
were randomly re-ordered for each participant. Four atten-
tion checks were provided using an out-of-distribution sig-
nal, for which participants were explicitly told to label the
fault as Don’t Know (See Appendix for an example). Par-
ticipants who failed more than half of the attention checks
were removed from the analysis.

Results & Discussion

Participants receiving the counterfactual explanations were
more accurate than those receiving factual explanations
and expressed greater confidence in their classifications.
The Counterfactual-Overlaid group was more accurate
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M = 0.88, SD =0.10) in the classification task than the
Factual-Overlaid group, M = 0.71, SD = 0.18), #(62) =
4.47,p < 0.001,d = 1.13. So, counterfactual explanations
provide better feedback to users than factual explanations,
helping them to discriminate the two classes. Those individ-
uals who received the counterfactual explanations were also
significantly more confident in their classification choices
M = 4.18, SD = 0.46), relative to those who received fac-
tual explanations (M = 3.60, SD = 0.55), £(62) = 4.46,p <
0.001,d = 1.13. Contrary to the inconsistent results preva-
lent in the broader XAl literature, this study demonstrates
that when presented appropriately, counterfactual explana-
tions in a time series classification task significantly enhance
people’s domain understanding compared to factual expla-
nations for the same task. As such, it shows that discrimi-
nating features, defined in two contiguous regions of a time
series, can be learned by people when they are presented as
overlaid counterfactual instances, by comparison to overlaid
factual instances. In short, we have a cognitive benchmark
for the conditions under which this counterfactual strategy
works for complex time series data. However, there remains
one issue with respect to the presentation format for the fac-
tual explanation to be explored.

4 Experiment 2: Testing non-Overlaid
Factual Explanations

In Experiment 1, we saw that when factual and counterfac-
tual explanations were presented as overlays on the original
test instances, people were more accurate in making cor-
rect classifications for counterfactual over factual explana-
tions. Intuitively, the overlaid counterfactuals seem to “nat-
urally” visualize the contrasting features of the two classes;
they present people with the differences between the two in-
stances, analogous to the instructions given for counterfac-
tuals using tabular data (e.g., “if you had asked for a smaller

795

loan, you would have been successful”). However, for the
factual explanations overlays do not seem as “natural”. Tra-
ditionally, factual case-based explanations have often been
presented next to the to-be-explained instance, rather than
being overlaid (see e.g., (Valdez-Avila et al. 2022; Jeyaku-
mar et al. 2020)). Indeed, Jeyakumar et al. (2020) report
that users preferred this type of explanation over ones that
showed highlighted regions that reflect attributions. Hence,
in this experiment, the Factual-Separate group received the
explanatory nearest neighbour below the test instance (see
Figure 7), whereas the Counterfactual-Overlaid group re-
ceived explanatory counterfactual overlaid (as in Expt. 1; see
Figure 7). So, this experiment was designed to test the opti-
mal “natural” presentation mode for each explanation strat-

egy’.

Method

Participants, Design, Procedure & Ethical Review
Sixty-six participants were randomly assigned to the two
groups, the Factual-Separate (n=32) to the Counterfactual-
Overlaid (n=34) groups (after excluding 2 participants that
failed attention checks). The design was identical to that of
Experiment 1, so the same power analysis apply. As before,
the ethical review covered this experiment too and the pro-
cedure was identical, as were the measures used. The only
difference was in the mode of presentation used for the fac-
tual explanations, as a separated plot below the test instance,
rather than using the overlay of Experiment 1.

*One could have used a full 2 x 2 design for this experiment
crossing Explanation-type and Visualization-type to examine in-
teractions between these two variables. However, our aim was to
find the optimal conditions for presenting these strategies, not the
conditions under which they are less optimal.
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Results & Discussion

Again, participants receiving counterfactuals displayed
greater accuracy than those receiving factual explanations
and expressed greater confidence in their classifications.
The Counterfactual-Overlaid group was more accurate (M =
0.883, SD = 0.13) in the classification task than the Factual-
Separate group, (M = 0.730, SD = 0.12), t(66) = 4.88,p <
0.001,d = 1.19. Indeed, an analysis of the medoid propor-
tion of correct classifications in each group, at each time-
step of the presentation, shows that the benefits of the coun-
terfactual occurs at an early stage (by the 10th item of 40).
When considering only the first ten tasks that were pre-
sented, users in the counterfactual group were also signifi-
cantly more accurate (M = 0.79, SD =0.16) than those who
received factual explanations (M = 0.66, SD = 0.17), t(66)
= 3.03, p < 0.05. Surprisingly, they were even more accu-
rate than those who received 40 factual explanations. These
results indicate that counterfactual explanations also facili-
tate faster learning of class distinguishing motifs (see fig-
ure 6). People receiving the counterfactual explanations (M
=4.23, SD = 0.44) were significantly more confident about
their classifications, relative to those who received factual
explanations with (M = 3.78, SD = 0.62), ¢(66) = 3.41,p <
0.001,d = 0.84. These results replicate the benefits seen
before for counterfactual explanations in this task over fac-
tual explanations for time series classification. They also
show that the lower accuracy seen in the factual explana-
tion groups is not a result of the mode of presentation used
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for the factual ones. Interestingly, though the counterfactual
explanations have equivalent accuracy levels in both experi-
ments (88% correct), the factual explanations do marginally
better in the current (73% here versus 71% before), though
this improvement is not significantly different. Importantly,
these findings confirm the cognitive benchmark for the de-
fined manipulation, as we have replicated the effect seen in
Experiment 1, under slightly different conditions.

5 Conclusions, Limitations & Future
Directions

Although many important application domains (e.g., in per-
sonalised medicine and climate modelling) often depend on
time series, the unique challenges that arise in dealing with
this type of data, such as high-dimensionality and feature
correlation, have hampered progress in XAl. Indeed, the
slow progress in algorithmic development has been matched
by even less progress in user testing, raising concerns about
the reliability and transparency of existing approaches. Ac-
cordingly, we have tried to remedy these challenges in the
present work. In our methodology, we precisely control fea-
ture definitions, enabling the creation of balanced and rep-
resentative materials that can be used to test different ex-
planation strategies. We have applied this methodology in
two studies (i) comparing two popular example-based ex-
planation methods (factual versus counterfactual), and (ii)
varying the mode of presentation used (overlaid versus sep-



arate). The results of these studies show that overlaid coun-
terfactual explanations improve people’s understanding of
time series classifications in comparison to factual explana-
tions. Results indicate that counterfactual explanations fa-
cilitate faster and more accurate learning in comparison to
factual explanations in a time series classification task.

How generalizable is the proposed approach and task to
other time series domains? We accept that one limitation
of these tests is ecological validity. The effects found are
shown for motifs with specific properties and it remains to
be seen how the effects found will generalize to real-world
datasets and complex motifs. The main reason for this de-
sign choice was to mitigate the effects of confounding vari-
ables such as noise and one class being easier to distinguish.
Despite our best efforts, we found it difficult to find a real-
world time series classification dataset that non-expert hu-
mans could meaningfully engage with. Importantly, we are
not blindly creating materials as the sort of discriminative
and periodic motifs that we tested do occur in many real
world datasets (e.g., electrocardiograms in healthcare (Dau
et al. 2019), where elevated sine wave patterns in an ECG
indicate severe hyperkalemia, or elevated potassium levels
in the blood (Pluijmen and Hersbach 2007; Loubser et al.
2023)). In this sense, we are trying to follow the method-
ology used in cognitive psychology where researchers first
find demonstrable effects under controlled “laboratory” con-
ditions before trying to apply those findings more widely.
While we rigorously control for confounding variables, we
acknowledge that some may still persist. Future directions
for this work lie in exploring other systematic properties and
motifs in real-world time series data. Other properties such
as variance could be extracted from toolkits such as TSfresh
(Christ et al. 2018) and integrated within our design method-
ology for real-world datasets. More generally, our method-
ology could be deployed in other high-stakes areas of time
series XAl such as anomaly detection where similar trans-
parency challenges arise (Der et al. 2024).

Ethical Reflections & Concerns
Ethical Considerations & Mitigation of Concerns

The research plans and designs were assessed by the relevant
Ethics Committee at our institution (see Method sections).
We were concerned that the user studies should be clear and
transparent to participants and only conducted with their full
consent. As such, instructions ensure informed consent and
made it clear that participants could withdraw from the study
at any time without prejudice. At the end of the testing pe-
riod, they were debriefed on the background to the study and
its goals. They were given the option at this point to with-
draw their data from the study (again without prejudice) and
in interests of transparency the name, affiliation and contact
details of the PI for the project were provided. There was a
concern that the dataset domain chosen for the study should
not be a contentious one, politically sensitive or challeng-
ing in its content. This concern was mitigated by choosing
a neutral topic (e.g., vibration measurements indicating an
engine’s fault). Finally, we reflected at length on the best
methodology for testing the challenges address, opting for
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a controlled, hypothesis-testing framework because this ap-
proach has received the least attention in the field (i.e., the
norm is unsupported anecdotal claims).

Reflection on Adverse & Unintended Impacts

Though it is not commonly acknowledged in the XAI liter-
ature, we believe that any explanation strategy that effects
cognitive change in users is potentially open to abuse (Sul-
livan and Kasirzadeh 2024), though the scenarios in which
this might occur may be, as yet, unspecified. Much XAI re-
search emphasises the goal of eliciting trust (in the Al sys-
tem) in end-users. However, trust without understanding is
problematic and invites adverse impacts; for example, some
recent work on factual and counterfactual XAI reviewed
here, has shown that users may learn little about the Al-
system/domain and yet will have a greater trust in the system
when explanations are provided (even for incorrect predic-
tions). Accordingly, we believe explanation strategies need
to show knowledge change (rather than trust per se), to im-
prove users understanding of the Al-system/domain (hence,
our choice of accuracy as a measure in the studies). If users
are given a better understanding of the Al-system/domain
and the context for the system’s decision making, then ad-
verse and unintended consequences are, we believe, more
likely to be avoided (though they may never be completely
removed).
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