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Abstract—Within neuroimgaing studies it is a common prac-
tice to perform repetitions of trials in an experiment when
working with a noisy class of data acquisition system, such
as electroencephalography (EEG) or magnetoencephalography
(MEG). While this approach can be useful in some experimental
designs, it presents significant limitations for certain types of
analyses, such as identifying the category of an object observed
by a subject. In this study we demonstrate that when trials
relating to a single object are allowed to appear in both the
training and testing sets, almost any classification algorithm is
capable of learning the representation of an object given only
category labels. This ability to learn object representations is of
particular significance as it suggests that the results of several
published studies which predict the category of observed objects
from EEG signals may be affected by a subtle form of leakage
which has inflated their reported accuracies. We demonstrate the
ability of both simple classification algorithms, and sophisticated
deep learning models, to learn object representations given only
category labels. We do this using two datasets; the Kaneshiro
et al. (2015) dataset and the Gifford et al. (2022) dataset. Our
results raise doubts about the true generalizability of several
published models and suggests that the reported performance of
these models may be significantly inflated.

Index Terms—EEG, machine learning, leakage, category de-
coding

I. INTRODUCTION

Within neuroimgaing studies when working with a noisy
modality such as electroencephalography (EEG), or magne-
toencephalography (MEG), it is common practice to perform
multiple trials using a single stimulus. With some experimental
designs this repetition of trials can be useful for reducing the
impact of noise on the analysis being performed, particularly
when extracting features such as Event Related Potentials
(ERPs) [1]. However, this practice presents significant limita-
tions for certain types of analyses such as single-trial category
decoding.
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In single-trial category decoding experiments, subjects are
shown a series of objects from different categories while their
EEG signals are recorded. The aim of the experiment is to
identify the category of an object observed by a subject from
a single-trial of their EEG signals. This is a challenging task as
the EEG signals are noisy, and the features which are relevant
to the category of an object may be subtle.

When performing single-trial category decoding, the use of
multiple trials per object can allow a model to use information
which we would not expect it to have access to at prediction
time (leakage). When multiple trials per object are used, a
classification algorithm may overfit to features of an EEG
signal which are specific to an observed object from a category
(an exemplar representation) rather than to features of neural
responses which are shared by many or all objects from a cat-
egory (a category representation). Moreover, if trials relating
to specific stimuli are allowed to appear in both the training
and testing sets, then algorithms which overfit to exemplar
representations are likely to achieve higher accuracies. This
occurs as their performance is evaluated using trials which
are more similar to the trials they were trained on than would
be expected in a real-world scenario. In this way a loss of
generalizability is rewarded by the evaluation procedure.

An analogy to this form of leakage can be found in the case
of a machine learning student who wants to classify images
of cats and dogs. The student collects photos from friends
and family of their cats and their dogs, but each person they
ask sends multiple photos of each of their pets. If the student
trains a computer vision algorithm to classify the images of
cats and dogs, but images relating to specific cats or dogs
are allowed to appear in both the training and testing sets,
then the algorithm may be affected by a similar form of
leakage. Instead of learning what a dog or a cat generally
looks like, the algorithm may learn what a specific dog or cat
looks like. It would then achieve higher accuracy by overfitting
to the features of that specific dog or cat (i.e. learning the
representation of an exemplar). The situation would be further
exacerbated if the dataset didn’t contain many breeds of dogs
or cats, as the algorithm would have fewer opportunities to
learn what features are shared by all dogs or cats. Similarly,
in the case of single-trial category decoding, algorithms may
achieve increased by overfitting to features of a signal a
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subject’s brain generates when they observe a specific object.

While this form of leakage may seem contrived, it is
increasingly present in recent literature. Since the publication
of the Kaneshiro et al. (2015) [2] dataset (hereafter referred
to as the Kaneshiro dataset) which features multiple trials per
stimulus, 12 studies have made use of their dataset for single-
trial EEG category decoding [3]-[14]. However, none of these
studies make any mention of the potential for leakage in their
experimental design, and so it is likely that the results of these
studies are affected.

To investigate the ability of classification algorithms to
exploit exemplar representations to inflate their performance
at single-trial category decoding, we augmented two EEG
category decoding datasets to remove any semantic meaning
from their category labels. We remove semantic meaning
by creating new category labels for which no reasonable
distinction can be made between categories. Therefore, when
performing category decoding on such a dataset, any model
which achieves a decoding accuracy which is above chance, in
a statistically significant manner, would suggest that the model
has exploited knowledge of an exemplar representation.

Our analysis demonstrates not only that some bespoke
EEG decoding algorithms are capable of learning exemplar
representations given only category labels, but that even simple
classification algorithms such as k-Nearest Neighbors (k-NN)
are capable of exploiting exemplar representations. Moreover,
we demonstrate that this form of leakage can occur using two
separate datasets; the Kaneshiro datset [2] and the Gifford et
al. (2022) [15] dataset (hereafter referred to as the Gifford
dataset).

II. RELATED WORK

While machine learning has a broad range of applications,
training models on data without a strong understanding of
the domain the data originates from can cause confounds and
leakage to go unnoticed. This has occurred in a variety of
contexts [16] and attention is being given to rooting out studies
affected by such confounds [17]. Even within a domain which
might be considered niche, such as neuroimaging, significant
confounds, such as the Block Design Confound [18], have
been discovered in recent literature. The work presented here is
part of a sustained effort to identify erroneous or exaggerated
claims resulting from a misapplication of machine learning
techniques in neuroimaging studies.

III. MATERIALS AND METHODS
A. Datasets

The datasets used in this study are the Kaneshiro dataset
[2] and the Gifford dataset [15]. They were selected as they
were publically available, and possessed both multiple trials
per stimulus, and a category hierarchy.

1) The Kaneshiro Dataset [2]: This dataset consists of
preprocessed EEG recordings taken from 10 subjects while
they viewed 72 images evenly distributed across 6 categories:
Human Body (HB), Human Face (HF), Animal Body (AB),
Animal Face (AF), Fruit/Vegetable (FV) and Inanimate Object
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Fig. 1. The stimuli presented to subjects in the Kaneshiro dataset [2].

(I0). Fig. refkaneshiro-category-structure shows the stimuli
that were presented to the subjects grouped by category. To
reduce the impact that noise would have on their analysis the
dataset contains 72 trials for each image per subject which
were presented in random order. This gives a total of 5,184
trials per participant. The data was recorded using a 128
channel EEG system with a sampling rate of 1 kHz. The EEG
signals were then preprocessed using a high-pass fourth-order
Butterworth filter to attenuate frequencies below 1 Hz, and
a low-pass Chebyshev Type I filter to attenuate frequencies
above 25 Hz. Ocular artifacts were removed using the Bell-
Sejnowski Infomax independent component analysis algorithm
[19], and finally the data was subsampled to 62.5 Hz to reduce
the computational cost of the analysis.

2) The Gifford Dataset [15]: This dataset is made up of
preprocessed EEG recordings taken from 10 subjects while
they viewed a selection of images from the THINGS image
database [20]. The images were divided across 27 high-
level categories, which span 1854 object concepts. The object
categories were partitioned into training and test sets with 1654
object concepts used in the training set and 200 used in the
test set. For the training set 10 exemplars per concept which
were each presented to the subjects once for a total of 16,540
trials per subject. For the test set its 200 object concepts each

Authorized licensed use limited to: Purdue University. Downloaded on December 01,2024 at 02:18:25 UTC from IEEE Xplore. Restrictions apply.



contained a single exemplar which was presented 80 times,
for a total of 16,000 trials per subject. The experiment used
a rapid serial visual presentation (RSVP) paradigm. During
image presentation the subjects were asked to perform a target
detection task in which they counted the number of times a
predefined target image was presented. The data was recorded
using a 64-channel EEG system sampled at 1000Hz, which
was filtered using a 0.1Hz high-pass filter and a 100Hz low-
pass filter, and baseline correction was applied using pre-
stimulus recordings. The data finally subsampled to 100Hz,
and 17 channels over the occipital and parietal cortex were
selected. It should be noted that this dataset is not easily
misused in the same way as the Kaneshiro dataset [2], as it
explicitly supplies the data as separate training and testing sets
with no exemplars appearing in both sets. However, its large
size and repetition of exemplars in its test set make it a very
useful dataset to investigate if category decoding algorithms
can learn exemplar representations when the dataset features
a higher number of exemplars per category.

B. Generating Pseudocategories

To demonstrate that category decoding algorithms can learn
exemplar representations, we constructed pseudocategories
from the stimulus sets used in the original datasets. By
pseudocategory we mean a collection of exemplars with no
semantic relationship to each other, but which are presented to
the model as if they were from the same category. Importantly,
we ensured that the pseudocategories were balanced in both
the number of exemplars they contained, and the distribution
of those exemplars among their true categories.

1) The Kaneshiro Dataset [2] Pseudocategories: To con-
struct the pseudocategories for this dataset, we selected a
single exemplar from each of the 6 categories and combined all
trials relating to these exemplars into a single pseudocategory.
This was repeated 12 times until all exemplars were used,
resulting in 12 pseudocategories. As there are 12 pseudocate-
gories, which are balanced in their number of trials, it follows
chance accuracy for a model predicting the pseudocategory of
a trial is § = 8.25%.

2) The Gifford Dataset [15] Pseudocategories: To con-
struct the pseudocategories for this dataset, we used only trials
from the predefined test set for each subject as only this set
contained multiple trials per exemplar. We then grouped them
by their higher-level categories, and excluded any categories
which contained fewer than five exemplars, or were deemed to
be too similar to other high-level categories. Finally, we evenly
divided exemplars from each category into 5 pseudocategories.
The pseudocategories each contained: 3 animals, 1 bird, 2
items of clothing, 1 container, 1 electronic device, 6 items
of food, 1 musical instrument, 2 items of sports equipment,
3 tools, and 3 vehicles for a total of 23 exemplars per
pseudocategory. Fig. 2 shows an example of a pseudocategory
constructed this way. Again, as the pseudocategories are
balanced in their number of trials, and there are 5 categories,
it follows that chance accuracy for a model predicting the
pseudocategories of a trial is % = 20%.

Fig. 2. Two of the pseudocategories generated for the Gifford dataset [15].

C. Category Decoding Algorithms

To test the ability of classification algorithms to learn
exemplar representations, we selected a broad variety of
models. Our selection was based on capturing the spectrum
of complexity of classification algorithms commonly used
in EEG decoding, from simple classical machine learning
algorithms to state-of-the-art deep learning models. While
many recent models have been developed specifically for
single-trial EEG category decoding the reproducibility of these
models is limited by the availability of their implementations.
Therefore, we selected models which are well known and have
implementations available in popular libraries. The models
used in this study are:

o Support Vector Machine (SVM) [21].

o Linear Discriminant Analysis (LDA) [22].
o EEGNet [23].

o DeepConvNet [24].

o ShallowConvNet [24].

The k-Nearest Neighbors (k-NN) algorithm [25] was selected
to investigate the ability of a simple classical machine learning
algorithm to learn exemplar representations. The neural net-
work models were implemented using the PyTorch library [26]
with some modifications to the original implementations to
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account for the lower temporal resolution of our data relative to
the dataset these models were originally trained on. The scikit-
learn library [27] was used to implement the SVM, LDA and
kNN models. A detailed description of the model architectures
and training procedures can be found in the supplementary
material.

IV. LEARNING EXEMPLAR REPRESENTATIONS FROM
CATEGORIES

A. Model Implementations and Training/Testing Procedures

Within subject pseudocategory decoding was then per-
formed for each of the models on both datasets. A stratified
k-fold cross-validation procedure was used to train and test
the models. The data was stratified using the exemplar labels
to ensure that the distribution of exemplars in each fold was
representative of the distribution in the dataset. The number
of folds was set to 12 for the Kaneshiro dataset [2] and 10 for
the Gifford dataset [15]. The accuracy of the models was then
calculated as the proportion of correctly classified trials. This
resulted in 120 and 100 accuracy values for the Kaneshiro
dataset [2] and Gifford datasets [15] respectively.

V. STATISTICAL ANALYSIS

To determine if the models were learning exemplar repre-
sentations we compared the decoding accuracy of the models
on the pseudocategory labels to chance accuracy using a one-
sample t-test. The significance level was set at o« = 0.05, and
then Bonferroni correction was applied to account for multiple
comparisons. Since we performed tests for 6 models over 2
datasets this resulted in the significance level being adjusted
to o = % ~ 0.0042.

VI. RESULTS

The results of the statistical analysis are shown in Ta-
ble I. Starred values indicate that the accuracy was above
chance with statistical significance (i.e. p < 0.001, given
a one-sample t-test with Bonferroni correction). Given that
all models achieved decoding accuracies above chance with
statistical significance on both datasets, our results show that
classification algorithms are indeed able to learn exemplar

TABLE I
PSEUDOCATEGORY DECODING ACCURACIES

Model Accuracy (%)

Kaneshiro et al. (2015)
kNN 10.6809*
SVM 14.5370*
LDA 14.2477*
EEGNet 14.4483*
DeepConvNet 16.6532*
ShallowConvNet 12.8106*

Gifford et al. (2022)
kNN 22.1076*
SVM 30.1250*
LDA 30.3076*
EEGNet 30.1033*
DeepConvNet 30.5511*
ShallowConvNet 27.8163*

representations from categories. While the effect may have
been more dramatic for highly complex models, even mod-
els such as kNN with only a single parameter can exploit
exemplar representations to some degree. Moreover, it is of
particular interest that the DeepConvNet had an accuracy of
over twice the chance accuracy on the Kaneshiro dataset
[2]. This interesting because, as mentioned previously, the
Kaneshiro dataset [2] has been used for category decoding
in 12 additional studies following its publication; 10 of which
used deep learning models. This suggests that the true accuracy
of models affected by the leakage within the literature may
differ dramatically from the published results. Box plots of
the pseudocategory decoding accuracy are shown for both of
the datasets in Fig. 3 and Fig 4. Moreover, it is of interest that
all the models performed above chance on the Gifford dataset
[15], even though it featured 23 exemplars per pseudocategory.
This demonstrates that the classification algorithms are able
to exploit exemplar representations even when the number of
exemplars per category is much higher than in the Kaneshiro
dataset [2], and it is not a flaw which can be easily mitigated
by increasing the number of stimuli used in experiments.

VII. FUTURE WORK

While the results of this study demonstrate the ability
of classification algorithms to learn exemplar representations
given only category labels, further work is needed in recre-
ating a sample of published models with reported decoding
accuracies which are suspected to be inflated due to repeated
exemplar leakage. This would allow a more comprehensive
quantitative analysis of the impact of the leakage and clar-
ify the true state-of-the-art in single-trial category decoding.
Moreover, while we know that the models are capable of
learning exemplar representations in a category decoding task,
it has not yet been demonstrated that the same form of leakage
can occur in other forms of EEG analysis. In particular if
multiple categories are allowed to appear in a single image
then instead of decoding a class we would be detecting the
presence of classes. While it seems likely that the same form
of leakage would occur in this case, it has not yet been
demonstrated, though datasets featuring repeated stimuli and
class presence labels are available [28].

VIII. CONCLUSION

The results of this study demonstrate that given the multiple
trials per stimulus, and improper model evaluation methods,
almost any classification algorithm is capable of learning
exemplar representations given only category labels. This has
significant implications not only for the fields of neuroimag-
ing and machine-learning, but also for any brain computer
interface (BCI) applications which might be developed on the
basis of results affected by such leakage. We achieved this
using two datasets, the Kaneshiro dataset [2] and the Gifford
dataset [15], and a variety of prominent EEG classification
algorithms. Use of the former dataset demonstrated that this
leakage likely affects several published works. And use of the
latter dataset established both the potential of this leakage to

Authorized licensed use limited to: Purdue University. Downloaded on December 01,2024 at 02:18:25 UTC from IEEE Xplore. Restrictions apply.



25%

23%

20%

18%

15%

Accuracy (%)

12%

10%

-

8%

kNN ShallowConvNet LDA

EEGNet svC DeepConvNet

Model Architecture

Fig. 3. A box plot of the pseudocategory decoding accuracies for each model trained using the Kaneshiro dataset [2].
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Fig. 4. A box plot of the pseudocategory decoding accuracies for each model trained using the Gifford dataset [15].

occur in other datasets, and that classification algorithms may
still learn exemplar specific features, even when the number of
exemplars per category is much higher than in the Kaneshiro
dataset [2]. The significance of our findings is not only in
highlighting the potential for leakage in single-trial category
decoding studies which use repeated trials per stimulus, but

also in revealing that the true state-of-the-art in single-trial
category decoding is uncertain. It seems intuitive that as
highest reported performances of models increase on this
dataset, the extent to which they are likely affected by repeated
exemplar leakage also increases. Therefore, which models
have performed best at learning category representations is
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currently unclear.
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