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Abstract
Multivariate pattern analyses (MVPA) have been extensively used in functional magnetic resonance imaging
(fMRI) to simultaneously analyse the information contained in different areas of the brain. However, just a few
studies have started to apply these techniques to functional near infrared spectroscopy (fNIRS). fNIRS is a
neuroimaging technique that measures the same physiological signal as fMRI but with fewer constraints on the
environmental set-ups in which experiments can be performed. Here, MVPA were applied to fNIRS data from 27
typically developed (TD) participants and 26 high-functioning participants with autism spectrum disorder (ASD)
during prospective memory tasks. Representational similarity analyses were used to compare the signal of each
individual to the average of subjects with the same condition (either TD or ASD). The results obtained exhibited
the capacity of the algorithm to quickly assess those features of the hemodynamic response that were more
informative and compare the results from both oxy- and deoxy hemoglobin.
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1. Introduction

Autism Spectrum Disorder (ASD) is a neurodevelopmental
condition characterized by deficits in social interaction and
communication as well as restricted, repeated, and stereotyped
interest and behaviour [1, 2]. Despite extensive research, the
complex aetiology and neurobiology of ASD limits its effec-
tive treatment and diagnosis [3]. The increasing prevalence
of this condition worldwide requests improvements towards

a better understanding and diagnosis of the disease. Nowa-
days, ASD is merely diagnosed through clinical interviews
and behavioural observations, which often leads to misdiag-
nosed subjects and unsuccessful treatments. Since the same
behavioural phenotypes can be the result of different biologi-
cal conditions, successful characterization of ASD is likely to
require an integrative platform, where behavioural informa-
tion is combined with neuroimaging data [4].

Previous studies using functional magnetic resonance imag-
ing (fMRI) and diffusion tensor imaging (DTI) have already
reported neurobiological differences between typically de-
veloped (TD) and ASD subjects [5]. Most of these studies
described differences in neural activation in the prefrontal cor-
tex (PFC) when subjects performed executive functions tasks
(EF tasks, which include inhibition, working memory, sen-
tence memory, planning, fluency, and shifting) [6]. However,
evidence from different studies has often been conflicting.
The inconsistency of results has been argued to be caused by
heterogeneity in patient groups and the variety of EF tasks per-
formed in each study [6]. However, another major factor has
been the environmental conditions under which these studies
were performed. Conventional neuroimaging techniques like
fMRI or electroencephalography (EEG) are highly sensitive to
body movements and impose restrictions on the experimental
set-ups under which the studies can take place (e.g. fMRI
scanner). Moreover, behavioural differences in EF tasks have
mostly become evident in those scenarios that better mimic
daily life situations, which are extremely hard to recreate in
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the fMRI scanner.

Therefore, functional near-infrared spectroscopy (fNIRS)
represents a particularly suited neuroimaging technique for
the study of ASD. fNIRS is a relatively new and increasingly
used method in neuroimaging studies that measures concentra-
tion changes of oxygenated (HbO2) and deoxygenated (HHb)
hemoglobin associated to neural activity. One of the main
advantages of fNIRS in front of fMRI or EEG is its robust-
ness against motion artifacts. Moreover, fNIRS devices are
cheaper, portable and do not impose as many physical con-
straints, which enables the study of EF tasks in environments
that better mimic real-life situations [7]. This is therefore one
of the first studies in which neural activity of ASD patients
is recorded through fNIRS when performing EF tasks. Sub-
sequently, details about fNIRS signal and recording will be
explained.

1.1 Functional Near-Infrared Spectroscopy

Like fMRI, fNIRS relies on the principle of neuro-vascular
coupling (or hemodynamic response), which states that local
neural activity is related to subsequent changes in cerebral
blood flow [8]. The relative transparency of biological tissue
on the near-infrared range (700-1000nm) allows fNIRS to
measure the hemodynamic response by placing light sources
and photodetectors over the tissue and analyse the amount
of light absorbed. In the near-infrared range, most variation
in physiological absorption is caused by HbO2, HHb and cy-
tochrome oxydase (Figure 1). Since hemoglobin is an oxygen
carrier, increases in HbO2 and decreases in HHb can be re-
lated to neural oxygen demand when a certain area of the
brain is activated [7].

Figure 1. Absorption spectra relative to specific concentration
(mM) for different compounds present in human tissue. Figure
extracted from [9].

fNIRS measurments are performed by first placing light
emitters and photodetectors at a certain distance to each other
(3-4 cm). Then, photons are emitted by the source and travel
through the biological tissue, where they can either be ab-
sorbed or back-scattered towards the detector. The banana-

shape path shown in Figure 2 represents the probability that
a photon travels from the emitter to the photodetector. By
increasing the distance source-detector the penetration depth
can be increased, but this can also affect the quality of the
signal [7]. Pairs of optical fibers linking an emitter and a
detector are referred as channels and they are placed at the
mid-point between source-detector.

Figure 2. Emiter-detector pairs showing the banana-shaped
path of near-infrared light during fNIRS recording. Figure
adapted from [10].

During fNIRS recordings light is emitted at two different
wavelengths (≈ 700 and ≈ 830nm ) in order to detect changes
in both HbO2 and HHb. In the case of scattering mediums
the modified Beer Lambert Law (MBLL) is used to translate
changes in light intensity to optical density or attenuation
(OD). According to the MBLL and assuming constant scat-
tering, a change in optical density (∆OD) can be described
as:

∆OD(∆t,λ ) =−log
I(t1,λ )
I0(t0,λ )

=∑
i

εi(λ )∆ciDPF(λ )d (1)

In Equation 1 [9], DPF(λ ) is the differential pathlength
factor, I0 and I are the emitted and transmitted lights at a
source-detector separation d. εi(λ ) refers to the extinction co-
efficient of a certain compound (concentration ci) at a specific
wavelength (λ ), and the i index denotes the investigated chro-
mophores. Then, concentration changes of HbO2 and HHb
can be obtained by measuring changes in optical density at
two wavelengths (λ1, λ2) and solving the following equation
[9]:

[
∆[HHb]
∆[HbO2]

]
= d−1

[
εHHbλ1εHbO2λ1
εHHbλ2εHbO2λ2

]−1 [
∆OD(λ1)/DPF(λ1)
∆OD(λ2)/DPF(λ2)

]
(2)

1.2 Previous studies and Multivariate Pattern Anal-
ysis (MVPA)

Given that fNIRS is far less intrusive than most traditional
techniques, several studies have started employing it to inves-
tigate characteristics of early development and elderly pop-
ulations. For example, a few studies have applied fNIRS to
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study children with ASD. Yasumura et al. 2012 [11] and Xiao
et al. 2012, [12] used fNIRS devices to monitor the neural
signal over the PFC in TD and ASD children when performing
several EF tasks. Yasumura et al. 2012 reported that TD chil-
dren exhibited bilateral activation of the PFC whereas ASD
children did not show right prefrontal activation during the ex-
periment. Moreover, Xiao et al. 2012 reported a similar result,
where ASD children displayed weaker right prefrontal activa-
tion than ASD during some of the tasks performed. Although
this evidence is not enough to extract general conclusions,
these studies already showed the capacity of using fNIRS in
the study of ASD children.

For these analyses, fNIRS signals were compared between
groups by performing student’s t-test for each channel at a
time, aiming to detect significant activations and comparing
the results between groups. However, this type of analyses
provide little information when trying to develop biomarkers
for certain pathologies at the individual level. Given the high
degree of neural variability across clinical populations, iden-
tifying conditions at the individual level represents a much
more challenging task [6]. For this reason, new techniques
have been developed over the last years to account for the in-
formation of multiple channels (or voxels in fMRI) at the same
time, which are called multivariate pattern analyses (MVPA).
In the field of fMRI, the emergence of such techniques al-
lowed researchers to analyse activation patterns of multiple
voxels (volumetric pixels from fMRI images) at a time instead
of focusing on individual voxels. Particularly, in cognitive
neuroscience, MVPA have been extensively used in fMRI
studies to relate specific cognitive states with certain patterns
of neural activity [13]. In fact, several studies have shown the
higher sensitivity of MVPA, which was able to ‘decode’ (iden-
tify) certain neural states while traditional univariate methods
with the general linear model (GLM) failed to do so. As an
example, Gilber et al. 2009 [6] showed how, in some cases,
conventional fMRI analyses were unable to distinguish be-
tween TD and ASD during certain tasks, whereas significant
group differences were detected when applying MVPA.

Despite its acceptance in fMRI, the application of MVPA
to fNIRS data has been much more limited. One of the main
reasons for this fact is the lower spatial resolution of fNIRS
in front of fMRI. While fMRI images are composed by thou-
sands of voxels, the number of fNIRS recording sites is limited
to 10-50 channels [14]. However, another major factor limit-
ing the application of MVPA to fNIRS is the relative novelty
of this technique as a neuroimaging modality, which still re-
quires the development of analytical techniques comparable
to the ones established in the fMRI community.

On the other hand, a few studies have already applied
MVPA and machine learning approaches to fNIRS signals
[15, 16, 17]. Ichikawa et al. 2014 [18] tried to classify be-
tween ADHD and ASD patients with fNIRS recordings during

face processing tasks. In this study, Support Vector Machine
(SVM) was applied to classify subjects depending on their
hemodynamic response. SVMs are machine learning algo-
rithms that try to maximize the margin between classes by
seeking a set of weights for the input features. Despite report-
ing a classification accuracy of 84 % , this was only achieved
when using the signal of a specific subset of channels as an
input for the SVM, out of the 16,777,325 subsets analysed.
However, when including all channels, classification accuracy
was 62%. Therefore, a general methodology for classification
might include a previous selection of relevant channels rather
than the computationally exhaustive task of training as many
SVMs (which are normally time-consuming on the training
stage) as possible permutations of channels.

It is worth noting that all the fNIRS studies previously
mentioned just reported HbO2 as an index of brain activation.
Although high correlation has been observed between the
BOLD (Blood-Oxygen-Level-Dependent) signal of fMRI and
the oxygenated hemoglobin recorded in fNIRS [2], analysing
and reporting results from deoxygenated hemoglobin can also
provide significant information. First, some studies have
shown that for high signal-to-noise ratio in the measurements,
HHb better correlated with BOLD signals [19]. Moreover,
HbO2 has been shown to be more influenced by motion arti-
facts than HHb, which makes this signal particularly valuable
to assess the quality of the recordings. Finally, analysing and
reporting results from both signals will help the fNIRS com-
munity to interpret not only the hemodynamic response in a
more robust manner, but also the physiological events behind
certain signals [8].

1.3 Context and experimental aims

This report expands on work previously carried out by the
research group. A field experiment was performed in 27
TD and 26 ASD subjects, which were asked to perform cer-
tain EF tasks while their neural signal was recorded using
fNIRS devices. During the experiments, participants per-
formed prospective memory (PM) tasks, a type of EF that
involves remembering to execute a previously formed inten-
tion at some future point [7]. Data was then pre-processed to
remove motion artifacts and physiological noise. Moreover,
initial analyses looked at behavioural differences between
groups, and conventional channel-wise t-test were performed
to detect significant differences between groups using block-
averaged data. However, none of these reported significant
differences.

Therefore, for this study MVPA were applied to the fNIRS
data, aiming to detect characteristic differences that were not
found with conventional univariate methods. With this ap-
proach, it was studied whether participants could be classified
(as either TD or ASD) at the individual-level depending on
their hemodynamic response when performing a PM task. Re-
cently, Emberson et al. 2017 [14] reported neural decoding
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in infants by applying a Representational Similarity Analysis
(RSA) technique to fNIRS signal. RSA approaches use repre-
sentational similarity structures to classify new observations
by comparing their similarity to other known observations.
As the RSA approach used in Emberson et al. 2017 enabled
an easy interpretation, was computationally fast and was pro-
posed as a platform for other fNIRS studies, it was imple-
mented for decoding ASD vs TD subjects. This approach
aimed to look at spatial distributions and relevant channels, as
the signal from all possible combinations of channels could
be analysed in a fast way. For this study, the application of the
RSA was extended also to the HHb signal, and using not only
the mean of the signal, but also other statistics as an input
feature for the classification algorithm.

2. Methods

Most fNIRS studies looking to classify certain groups or con-
ditions consist on four main steps: (1) Collection of data from
participants. (2) Pre-processing steps to convert raw inten-
sity data into concentration changes and account for possible
artifacts and physiological noise. (3) Extraction of the rel-
evant information from the signal (feature extraction). (4)
Classification of subjects depending on their features. Al-
though all these steps were not performed for this report, the
experimental conditions under which data was collected, the
details about data pre-processing and the methodology used
for extracting features and classification are described in this
section.

2.1 Participants

The participants were matched on age and intelligence quo-
tient (IQ). Subjects included 27 TD individuals (7 females and
20 males, mean age = 31.9 ± 12 years, full-scale IQ = 117
± 13) and 26 subjects with high-functioning ASD (4 females
and 22 males, mean age = 33.2 ± 10 years, full-scale IQ = 117
± 13). Participants with ASD were diagnosed through expert
clinical evaluation on Module 4 of the Autism Diagnostic
Observation Schedule [20, 21].

2.2 Protocol

The experiment lasted one hour, during which participants
were asked to perform a number of tasks under different sce-
narios. The study was divided into 12 blocks of 4 minutes
each, between which subjects rested for 60 seconds. During
the 8 PM blocks (Figure 3), subjects were asked to perform an
action involving the prospective memory while doing another
demanding task known as ”ongoing task”(OG). On the other
hand, during the other 4 blocks (OG blocks) participants kept
performing the OG task without involving any PM task. For
this study, the OG tasks consisted of either guessing whether
the sum of two numbers resulted in an even or odd number,
or if certain products cost more or less than £14. The PM
task consisted of remembering to press the space-bar and to
deposit a coin into a money box when participants felt that 30

seconds had passed. Each time a subject pressed the space-bar,
a neural activation was expected in the PFC, and is therefore
referred as a PM hit. In order to study the social aspects of the
PM, in some of the PM blocks an experimenter was present in
the room (audience effect, blocks 1,4,6 and 7), and the coins
in the box could either be earned for the participants (blocks
3,4, 5 and 6) or for the experimenter (reward effect).

Figure 3. Experimental protocol diagram divided into 4 on-
going (OG) and 8 prospective memory (PM) blocks.

2.3 Functional NIRS recording and pre-processing

The WOT system (Hitachi High-technology Corporation, [22])
was used in order to record hemodynamic signals over the
PCF. The headset of the fNIRS system covered the PFC, and
contained 6 emitters and 6 detectors with a source-detector
separation of 3 cm [23]. As shown in Figure 4, 16 channels
were used as a measurement points at a sampling frequency of
5Hz. Each emitter generated two wavelengths, 705 and 830
nm, which enabled the measurement of both HbO2 and HHb
concentrations over time.

Figure 4. Arrangement of channels in the fNIRS probe.

Raw data was exported into MATLAB [24] for subse-
quent analyses. Pre-processing was carried out using Homer2
software package [25]. The fNIRS system used the MBLL
(Equation 1) to convert changes in light intensity to optical
density (OD). Then, in order to remove physiological noise
and motion artifacts, the optical signal was first corrected with
a wavelet-based approach [26] and band-pass filtered between
0.01 and 0.4 Hz. Finally, OD was converted to HbO2 and
HHb concentration data according to Equation 2.
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2.4 Feature extraction

Characteristic properties of the fNIRS signal were calculated
in order to summarize the information contained in a specified
time-window. These properties are referred as features. For
this project, HbO2 and HHb concentration data were analysed
in order to identify those features that better discriminated
between ASD and TD subjects when performing a PM task.
To do this, a number of experiments were performed to obtain
the decoding accuracy when trying to classify subjects as
TD or ASD depending on their activation patterns. For each
experiment, a different feature was extracted for both signals,
HbO2 and HHb. Two main types of features were extracted:

Amplitude features: extracted from the signal around
the PM hit (See Figure 5):

1. Mean.

2. Median.

3. Delta: Difference between the mean signal 5s after the
PM hit and the mean 5s before the PM hit.

4. Standard deviation (Std).

5. Entropy: Shannon entropy of the signal.

6. Maximum: Peak of the hemodynamic signal during the
PM hit.

Dynamic features: β -values obtained when applying the
general linear model (GLM). For details about method see
Worsley 1995 [27]:

1. Block-design: the 8 PM blocks were modelled as 4-
mins blocks in the design matrix, and the contrasts (Ex-
perimenter Present vs Absent) and (Earning for Them-
selves vs Earning for Others) were computed. The
β -values resulting from each of these two contrasts
for each participant and channel were used as input
features.

2. Event-related design: the PM hits within each PM block
were modelled as 0-duration events in the design matrix,
and the contrasts (Experimenter Present vs Absent) and
(Earning for Themselves vs Earning for Others) were
computed. The β -values resulting from each of these
two contrasts for each participant and channel were
used as input features.

Previous analyses performed by the research group indi-
cated that activation patterns, on average, were best observable
from 5s before to 5s after the PM hit. As a result, amplitude
features were extracted in a time-window of 10s centred at
the PM hit, for each subject, channel and hit (Figure 5). Note-
worthy is that the number of PM hits per subject depended on
how many times they pressed the space-bar, and was therefore
not constant across subjects.

Figure 5. Example of multichannel pattern generation on
amplitude features. The Figure shows HbO2 and HHb signal
in a time-window of 10s around the 5th PM hit of subject 1 in
channel 4.

Before applying the classification algorithm, a single vec-
tor of 16 cells was generated per each subject (where each
cell contains the averaged feature for a particular channel)
as proposed by Emberson 2017 [14]. In order to obtain this
vector as an input for the classification algorithm, the same
procedure was applied for each experiment involving ampli-
tude features. First, as described in Figure 5 and Equation 3,
the specified feature was extracted on each PM hit to generate
a multichannel pattern per each subject, channel and PM hit:

~xSub ject,PMhit = [x1,x2,x3, ...x16] (3)

Then, multichannel patterns were averaged across all PM
hits to obtain subject-level multichannel patterns:

~xSub ject =
1

nhits

nhits

∑
j=1

~xSub ject,PMhit j (4)

Where nhits is the total number of PM hits of each subject
and~xSub ject is a vector of 16 cells containing the averaged fea-
ture on each channel. For the experiments involving dynamic
features,~xSub ject was directly generated by extracting the β -
values obtained when applying the GLM to each channel.

2.5 Classification

The classification method used in this study was adapted from
Emberson 2017 [14]. As subject-level multichannel patterns
could be generated for all features, the MVPA was applied
in the same way for each one of the extracted features. It is
important to note that the condition of each individual (TD or
ASD) was known a priori, and the aim of this analysis was to
investigate whether their condition could be correctly guessed
by comparing their hemodynamic response with the other TD
and ASD individuals.
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Figure 6. Illustration of the multivariate method applied to discriminate between TD and ASD participants depending on their
hemodynamic patterns.

The MVPA involved decoding the condition of partici-
pants by comparing representational similarity structures by
means of a simple Pearson’s correlation coefficient. The steps
involved in the classification approach are illustrated in Figure
6. First, subject-level multichannel patterns were labelled ac-
cording to subject’s condition,~xSub ject,Condition (where Condition
can be either TD or ASD). Subsequently, each subject was
classified once at a time (leave-one-out method) by comparing
their multichannel patterns with the average patterns of sub-
jects with the same condition (group models). For instance, if
the tested subject belonged to the TD group (example shown
in Figure 6), two group models would be generated (~xT D and
~xASD) by averaging the ~xSub ject,Condition across subjects with
the same condition. However, when generating the~xT D group,
the tested subject (~xTest,UNL) would be removed from the aver-
age, and the group model for TD would be therefore formed
by the average multichannel patterns of 27-1 subjects. Once
the group models were generated,~xTest,UNL was compared to
both,~xT D and~xASD by computing the Pearson’s correlation co-
efficient between~xTest,UNL −~xT D and~xTest,UNL −~xASD. Then,
the comparison with the highest correlation coefficient would
determine the label of the tested subject. If the label decoded
by the classification algorithm corresponded to the original la-
bel of the tested subject, then decoding of this individual was
considered successful. This process was iterated 53 times, so
that each individual acted as a test subject and was classified
using the approach described.

Since in each iteration a different subject was left out from
the average group in each iteration, 53 different group models
were recomputed using the non-tested individuals. Once all

subjects were tested, the number of successfully decoded
participants was divided by 53 to obtain the total classification
accuracy.

Subsets of channels It is important to note that the in-
put vectors of the classification method previously described,
~xSub ject,Condition, all had the same length, 16 cells, in which
each cell was generated from the information of a single chan-
nel. Therefore, it was also possible to study how effective
classification resulted when only a certain subset of channels
was considered. It can be hard to determine how many chan-
nels (and which ones) should be included in a subset when
aiming to maximize decoding accuracy. However, due to the
relatively small number of channels, all possible permutations
were studied. The subset sizes were increased from 2 to 16,
and all possible permutations of channels were studied for
each subset size. The number of possible permutations (C) of
channels (n,16) by a given subset size (k) is determined by
the binomial coefficient (Equation 5). As k was varied from 2
to 16, the total number of channel permutations was equal to
65,519.

C(n,k) =
n!

k!(n− k)!
(5)

The simplicity of the MVPA used in this study made
the exhaustive combinatorial analysis computationally fast.
Moreover, the fact that all accuracies were computed for each
permutation enabled to study whether particular subset sizes
were more optimal for classification.
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3. Results

As previously mentioned, in each experiment a different fea-
ture was extracted, and decoding accuracy was assessed for
each permutation of channels. The results of this classification
were separately calculated for HbO2 and HHb, and extracted
into a box-plot (Figure 7). In each box, the edges determined
the 25th and 75th percentiles, whereas the central red mark
was the median accuracy for that subset size. Whiskers ex-
tended until the extreme data points not considered outliers,
and the outliers were individually plotted in red using the ’+’
symbol. Figure 7 shows the classification accuracy from the
MVPA applied using the feature Delta in the HbO2 signal. In
this plot, accuracies were displayed per subset size, which
increased from 2 to 16 channels. It is worth noting that for a
subset size of 16 channels there was just one possible group,
whereas for subset sizes around 8 channels the number of
possible permutations was much larger.

Figure 7. Decoding accuracy for the different subsets of
channels used in the classification approach. This box-plot
displays the results obtained extracting the feature Delta from
the HbO2 signal.

Box plots as the one in Figure 7 were obtained for each
experiment and signal. The information from each one of the
obtained graphs was summarized in Table 1. Two main results
were included for each signal. First, the best median accuracy
from the box-plot was included together with the number of
channels (subset size) required to obtain it. Then, the best
accuracy obtained over all the permutations was included with
its discriminant subset. As it can be observed, the best median
accuracy (64.2%) was obtained when extracting Delta from
the HbO2 signal. Therefore, in order to visualize spatially
distributed patterns of activation, the channels that best per-
formed on the classification task for Delta were highlighted
in Figure 8a for the HbO2 and Figure 8b for the HHb.

Figure 8. Subsets of channels that best performed in the
classification task between TD and ASD groups when using
Delta as an input feature. Highlighted channels show the best
subsets for the (a) HbO2 and (b) HHb signal. Channels that
were present in both cases are encircled in black.

4. Discussion

First of all, general results obtained in this study were com-
pared to the ones exposed by Emberson [14] since the same
classification approach (RSA) was used. There, 10 channels
were used to decode visual and auditory stimulus in infants,
and it was observed that median decoding accuracy always
improved when increasing the subset size. However, as only
10 channels were used in the study, it is interesting to anal-
yse whether decoding accuracy is likely to keep increasing
when incorporating more than 10 channels or if there is an
optimal subset size for the RSA approach. Here, this was
studied by performing all combinations of channels. Figure
7 shows how median accuracy kept increasing when incorpo-
rating from 2 to 16 channels. In Table 1 it can be observed
that for those experiments obtaining best median accuracies
above 55%, this was mostly achieved with either 15 or 16
channels, and a similar pattern from the one in Figure 7 was
displayed in their box-plots. These results suggest that on
average, when using 16 or less channels for fNIRS decod-
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Table 1. Decoding accuracies for each feature (expressed in % of successfully classified subjects). Results from the classification
approach were reported for both signals, HbO2 and HHb. After applying the MVPA to all possible combinations of channels,
the best median accuracy and the maximum accuracy were summarized in this table.

HbO2 HHb

Features Best median accuracy
(subset size)

Best accuracy
(subset)

Best median accuracy
(subset size)

Best accuracy
(subset)

Mean 57.6 (15) 77.4 (1 4 9 10 16) 51 (4) 71.7 (2 3 4 6 7 9 12 14)
Median 58.5 (16) 75.5 (3 9 12 14 15 16) 51 (5) 67.9 (1 6 8)
Delta 64.2 (16) 77.4 (6 7 8 9 12) 56.6 (8) 77.4 (6 8 9 11 12 13)
Standard deviation 51 (16) 69.8 (1 4 12 13 16) 58.5 (16) 71.7 (2 5 6 10 13 15)
Entropy 54.8 (13) 70 (1 3 4 11 13 14 16) 58.5 (15) 71.7 (2 4 15)
Maximum 45.3 (16) 66 (5 10 13 15) 60.4 (16) 71.7 (1 2 4 7 15 16)
Event Design-Reward 60.4 (16) 79.2 (2 8 9 15) 45 (3) 64.2 (2 6 8 10 15)
Event Design-Audience 51 (16) 67.9 (2 8 10 15) 49 (5) 73 (4 5 9 11 12)
Block Design-Reward 53 (14) 74 (1 5 12 13 15) 45 (16) 70 (4 7 8 10 11 12)
Block Design-Audience 45 (3) 68 (1 2 4 9 13 15) 54 (5) 71.7 (8 10 12 14 15)

ing, representational similarity analyses would benefit from
increasing the number of channels included in the structure. It
is worth noting that Emberson reported much higher decoding
accuracies, as classifying atypical populations represents a
more challenging task due to the high degree of variability
across subjects. Moreover, the sample size used in this study
contained 53 participants instead of 19, which can be more
affected by other sources of variation.

In general, median accuracies ranged from 45 to 64.2%
and the best subsets in each experiment reported accuracies
between 64.2 and 79.2% (Table 1). The best subsets differed
across experiments, and thus made the maximum accuracies
less reliable. However, the fact that some specific features
reported median accuracies above 60% suggests that subtle
differences in activation patterns were present and detected by
the MVPA. From the results obtained when using amplitude
features, a certain pattern was detected. Interestingly, whereas
the mean, median and Delta seemed to better discriminate sub-
jects when using the HbO2 response, the standard deviation,
entropy and maximum of the signal seemed to better decode
subjects with the HHb signal. Although this evidence is not
conclusive, these results suggest that when extracting features
from the data, measures of central tendency might be more
informative for the HbO2 signal while statistics measuring
dispersion might detect more significant differences between
groups when using HHb.

Out of all the experiments tested, Delta was considered
to be the most informative feature. Apart from reporting the
highest median accuracy, subsets that better decoded subjects
in HBO2 and HHb shared many channels (see Figure 8). This
is an important result to take into account when evaluating
discriminant channels. Due to their physiological relation,
one might expect to see correlation between oxy and deoxy

hemoglobin (when one increases the other decreases). There-
fore, the fact that 4 channels (6, 8, 9 and 12) were present in
the best subset for both signals adds robustness to the results
reported by this feature. As Delta measures the difference
between the average signal before and after the PM hit, these
results suggest that individuals with ASD might present differ-
ences in neural activation before and after prospective memory
tasks compared to TD subjects. In addition, it is important to
note that the most discriminant channels in this study were not
located in bilateral regions of the PFC but on the central area.
Although previous studies reported atypical activation of the
right PFC in ASD subjects [11, 12] this was not detected in
this study. Therefore, more analyses should be performed to
contrast these results.

From the experiments using dynamic features, the Even-
Design under the reward effect with the HBO2 signal, resulted
to be the one with the best performance, including the best
overall accuracy (79.2%) successfully decoding 42 of the
53 participants. Also, in this case, channels 8 and 9 were
included in the best subset (both present in Figure 8). Due to
the fact that the other dynamic features reported relatively low
accuracies it was not possible to speculate whether analysing
the signal over whole block was better than focusing on the
PM hits (events). However, it was shown that traditional
methods based on the GLM can be combined with MVPA
approaches to provide features of the signal.

Conclusions and future work This study aimed to iden-
tify characteristic activation patterns of subjects with ASD
when performing prospective memory tasks by analysing their
fNIRS signal. A simple correlation-based MVPA was applied
to classify TD and ASD depending on their hemodynamic
response. The approach was computationally fast, it exhibited
the potential of MVPA on atypical populations using fNIRS
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and allowed the study of spatially distributed patterns. Sim-
ilarly to Emberson et al. 2017, the results obtained showed
that in general, RSA benefits from increasing the number of
channels included in the structures. Moreover, analysing both
HBO2 and HHb enabled to contrast results and to identify
certain statistics that better classified subjects when using one
signal or another. Several features were extracted, and differ-
ences of the signal before and after the prospective memory
task proved to be the most robust and discriminant approach.
Finally, larger differences between ASD and TD were ob-
served in the central regions of the prefrontal cortex rather
than in the bilateral areas. This result is not consistent with
previous studies and it reflects the need for further analyses.

Even though the method has proven to be easy to interpret,
informative and effective to study spatial distributions, the de-
velopment of diagnostic tools for ASD will require to improve
the accuracy in the classification approach and more robust
results will be needed to extract general conclusions. Several
studies have started to apply machine-learning approaches to
fNIRS. Although machine learning classifiers are particularly
suited to detect hidden patterns in the data, they also present
computational costs and more barriers on their interpretation.
However, the MVPA used in this study might provide a fast-
initial analysis into the feature space that can be included into
machine learning algorithms. Future studies will analyse this
data using machine-learning approaches and study whether
neuroimaging data can be integrated with behavioural results
to provide a robust biomarker.
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