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ABSTRACT

Although functional near-infrared spectroscopy (fNIRS) has an advantage of simultaneously
measuring changes in oxy- and deoxy-hemoglobin concentrations (A[HbQO] and A[HbRY]), only few
analysis approaches exploit this advantage. As an extension of our recently proposed method
(task-related component analysis, TRCA), this study proposes a new analysis method that extracts
task-related oxygenation and cerebral blood volume (CBV) changes. In the original formulation of
TRCA, task-relatedness of a signal is defined as consistent appearance of a same waveform in every
task block, thereby constructing task-related components by maximizing inter-block covariance. The
new method proposes that, in addition to maximizing inter-block covariance, the covariance between
task-related A[HbO] and A[HbR] is maximized (TRCA™) or minimized (TRCA") so that oxygenation
and CBV changes are maximally contrasted. The proposed method (collectively called TRCA™) was
formulated as a matrix eigenvalue problem, which can be solved efficiently with standard numerical
methods, and was tested with a synthetic data generated by a balloon model, successfully recovering
oxygenation and CBV components. fNIRS data from sensorimotor areas in a finger-tapping task and
from prefrontal lobe in a working-memory (WM) task were then analyzed. For both tasks, the time
courses and the spatial maps for oxygenation and CBV changes were found to differ consistently,
providing certain constraints the parameters of balloon models. In summary. TRCA can estimate
task-related oxygenation and CBV changes simultaneously, thereby extending the applicability of

fNIRS.

Key words: Covariance Maximization; Inter-hemoglobin covariance; Balloon Model; Functional

Neuroimaging; Optical Topography; Biomedical Data Analysis



1. INTRODUCTION

Among human neuroimaging modalities, functional near-infrared spectroscopy (fNIRS) has a
unique advantage of simultaneously measuring oxy-hemoglobin (A[HbO]) and deoxy-hemoglobin
(A[HbR]) concentration changes with multiple wavelengths of incident light. Extant studies have
established that A[HbO] and A[HbR] are negatively correlated during neural activations (Devor et al.,
2003; Malonek and Grinvald, 1996; Mayhew et al., 1999; Sheth et al., 2004; Tang et al., 2009) and
positively correlated if they result from systemic factors or body movements (Cui et al., 2010;
Yamada et al., 2012). Therefore, this hemoglobin covariation can be potentially informative to
determine the origin of fNIRS signals. Nonetheless, most studies analyze A[HbO] and A[HbR]
separately, or only A[HbO] due to its stronger signal-to-noise ratio. Only few studies exploited the
hemoglobin covariation (Cui et al., 2010; Wylie et al., 2009; Yamada et al., 2012); for example, (Cui
et al., 2010) proposed to use a running correlation between A[HbO] and A[HbR] to identify and
remove movement related artifacts.

A recent series of studies from Das and colleagues demonstrated that, with a dual-wavelength
optical imaging technique, intrinsic optical signals measured from the visual cortex of alert monkey
consist of multiple, distinct time courses that reflect a stimulus-related and task-related component,
respectively (Cardoso et al., 2012; Sirotin et al., 2012; Sirotin and Das, 2009; Sirotin et al., 2009).
Their experiments employed green light (530 nm, an isobetic) that is absorbed in oxy- and
deoxy-hemoglobin almost equally (thereby measuring total hemoglobin or cerebral blood volume
(CBV)) and red light (605 nm) that is absorbed five-fold more strongly in deoxy- than
oxy-hemoglobin (thereby measuring oxygenation). The oxygenation component was well predicted
by simultaneously recorded local field potentials (LFPs) evoked by visual stimuli; hence this
component was interpreted as stimulus related. The CBV component, in contrast, was not predicted

by LFPs but rather entrained with the task’s predictability such as rest durations and stimulus
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presentation timings. Although intrinsic optical measurement of monkeys and fNIRS of humans
differ in that reflected or scattered light is measured directly from the exposed cortical surface or
indirectly through skin and skull, they both rely on the fact that oxy- and deoxy-hemoglobin have
distinct absorption coefficients according to the wavelength of incident light. It is thus conceivable
that fNIRS signals contain multiple components with distinct physiological origins.

Understanding systemic and neuronal origins of fNIRS signals is not only of neurobiological
interest for the mechanisms of neurovascular coupling but also of practical interest of avoiding false
positives in analyzing fNIRS data. A number of recent studies demonstrated that fNIRS signals
contain hemoglobin changes that originate not only from neuronal activation but also from systemic
variations such as heart rate and blood pressure (Katura et al., 2006) and from skin blood flow
(Kirilina et al., 2012; Takahashi et al., 2011; Tong et al., 2011), leading to inflated statistics and
potential false positives (Tachtsidis et al., 2009). Methods for separating multiple components of
distinct origins are of critical importance. A number of previous studies have tackled this challenge
by developing novel signal processing methods. Approaches based on independent component
analysis, for example, identified and separated putative cerebral hemodynamic and systemic
responses by assuming different spatial distributions (Katura et al., 2008; Kohno et al., 2007).
Although the assumption of distinct spatial distribution sounds reasonable, it is justified only for
experimental tasks whose activation maps are well understood. Traditionally, the total hemoglobin
concentration change (i.e., the sum of A[HbO] and A[HbR]) has been used as an estimate of total
blood volume (Wyatt et al., 1990; Yamashita et al., 2001), but a simple addition cannot remove
systemic and motion artifacts that contribute to measured A[HbO] and A[HbR] with an equal sign.

This study exploits the hemoglobin covariation in fNIRS to dissociate multiple components
and proposes a new analysis method that extracts task-related oxygenation and CBV changes by

extending task-related component analysis (TRCA) that extracts task-related components (TRCs) as
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a weighted linear sum of observed time courses. Our previous study demonstrated that TRCA was
successfully applied to block-design and event-related synthetic data and fNIRS finger-tapping data
(Tanaka et al., 2013). There, A[HbO] and A[HbR] were analyzed separately. Our analysis revealed
two statistically significant TRCs: one with a localized map contralateral to tapping fingers, and the
other with a rather uniform map over both hemispheres. Although their waveforms and maps
differed clearly, a physiological interpretation of those components was not obvious in our previous
paper. We thereby extend our previous method by taking into account the covariation of A[HbO] and
A[HbBRY]. Based on Das’ observation that oxygenation and CBV are reflected in the difference and the
sum of A[HbO] and A[HbR], respectively (Sirotin and Das, 2009), this study extends the original
TRCA by minimizing or maximizing the covariance between A[HbO] and A[HbR]. We first tested
the extended TRCA with a synthetic data that was generated by a balloon model and found that
task-related oxygenation and CBV changes could be reliably extracted. We then applied this analysis
method to fNIRS data of both a motor task (finger tapping) and a cognitive task (spatial/verbal
working memory) and found distinct time courses of oxygenation and blood volume,
correspondingly with distinct spatial distributions. To investigate a phase relationship between

oxygenation and CBV, phase plots of oxygenation and blood volume (or “g-v” plots) were drawn.

2. METHODS
2.1. Task-Related Component Analysis: A Formulation
Task-related components (TRCs) are constructed as a linear sum of original time courses of

A[HbO] fNIRS channels ({Xoxy,i} , i=1---,N, N: the number of fNIRS channels) as

yoxy (t) = Zwixoxy,i (t) = WTXoxy (t) ’ (l)



and of A[HbR] channels ({Xdeoxy,i} , i=1---,N)as

ydeoxy( ) ZWXdeoxyl =W Xdeoxy( ) (2)

as depicted in Figure 1A. {Xoxy,i} and {Xdeoxy,i} are normalized to zero mean and unit variance
before taking the weighted sums. The same set of coefficients {Wi} (or w in a vector form) is used
both for Egs. (1) and (2) so that Yoxy and Yaeoxy are reconstructed from the same channel locations.
TRCA in the original formulation optimizes the coefficients so that inter-block covariance between
k- and I-th task blocks (k,1 =1,---,K, k =1, K: the number of task blocks) in yoxy

C° =cov( v ®). y& ) (3)
and in Ygeoxy

Ca® = coV( iy (1), Vi () (a)
are maximized (Tanaka et al., 2013). Here yOXy ( ) and ydeoxy ( ) denote k-th block segments of
Yoxy (t) and Yaeoxy (t), respectively. Note that, although a block-design experiment is used here, TRCA
(and TRCA) is applicable both to block-design and event-related experiments as shown in (Tanaka
etal., 2013).

Next, a covariation between A[HbQO] and A[HbR] will be exploited to extract physiologically
meaningful components. We first request that, in order to extract an oxygenation signal, yoxy and
Ydeoxy D€ Negatively correlated, so

C” =00V ( Yoy (1), Yoy (1)) and C° =cov(ygel,, (0), Y55 (0) (5)
should take a minimal value, within each task block. The objective function to be maximized is

defined as a sum of intra-Hb (C°° and C"P) and inter-Hb (C°" and C"°) covariances:

K

Z(CSO +CSD)—ZK:(CED +CkD°):WTS*W_ (6)

k,1=1 k=1
k=l

The coefficients that maximize this objective function should produce task-related oxygenation
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changes whose A[HbQO] and A[HbR] are negatively correlated. Similarly, we can consider TRCs

whose A[HbO] and A[HbR] covary positively by maximizing the following objective function,

D (G +C )+ Y62 4 =w'sw, Y

k,1=1 k=1

TRCs constructed with this objective function should reflect CBV changes associated with a current
task. Here we assumed that task-related oxygenation changes and task-related CBV changes are
characterized by negatively and positively correlated A{lHbO] and A[HbR], respectively. This
assumption holds in general (Sirotin and Das, 2009; Yamada et al., 2012); however, there are recent
reports that certain changes in systemic factors such as speech induced hypocapnia and blood
pressure can cause negatively correlated AlHbO] and A[HbR] (Scholkmann et al., 2013; Tachtsidis
et al., 2009). This issue will be discussed in subsection 4.3 of Discussion.

These objective functions (Eqs (6) and (7)) are quadratic of w and thereby not bounded from
above, so a proper constraint must be imposed for obtaining a meaningful solution. Similarly as in
the original formulation of TRCA, we request that an averaged variance of Yoy and Yeoxy be
constrained to one as

Var (Yo, () + Var Yy, (1)) =w'Qw =1, (8)
where the NxN matrix Q is defined as an average of covariance matrices of A[HbO] and of A[HbR].
Because {xoxy,i} and {xdeoxy,i} are normalized to zero mean and unit variance and TRCs are
normalized as in Eq. (8), TRCs are unitless. Therefore, in the following, “arbitrary unit (a.u.)” will be
used for the labels of y-axis of TRCs. TRCA here is defined as maximization of either Eq. (6) or (7)
under the constraint of Eq. (8). TRCA that minimizes (Eq. (6)) or maximizes (Eq. (7)) inter-Hb
covariance will be referred to TRCA™ and TRCA, respectively, and these will be referred to TRCA*

collectively. This constrained maximization problem is equivalent to maximization of the



Rayleigh-Ritz quotient w'S*w , S0 solutions that maximize the quotient are given as

w'Qw
Tot
W* = arg max ) 9
gw wow 9

The solutions W* can be obtained as eigenvectors of Q™'S*, with corresponding eigenvalues A*.
Corresponding TRCs are denoted by y;xy and ygeoxy for W' and y;xy and y;eoxy for W,
respectively (Fig. 1B). These Y" and Y~ should reflect task-related changes in blood volume and
oxygenation, respectively. The components obtained with TRCA™ (Yoxy and Yeeouy ) Will be called
task-related oxygenation changes, and the component obtained with TRCA" (ygxy and y;eoxy ) will
be called task-related CBV changes. The sign of eigenvectors cannot be determined by Eqg. (9) per se,
so we fix it so that correlation coefficients between Y, and Xoxy and between Yy and Xdeoxy
are positive. Finally, the amplitudes of y* and Y are normalized to a unit variance. The
MATLAB codes are available at the first author’s website

(http://www.jaist.ac.jp/~hirokazu/Site/Software.html).

2.2. Eigenvalue-Based Statistical Test

Eigenvalues in the previous subsection indicate the degree of reproducibility across task blocks
and can thus be used for assessing their statistical significance of corresponding TRCs (Tanaka et al.,
2013). A resampling-based test was used to assess statistical significance of A* assuming a null
hypothesis that there were no time courses that were significantly block-by-block reproducible. The
distribution of eigenvalues was computed by uniformly randomizing the onsets of task blocks (null
distribution), and the statistical significance of eigenvalues computed from the blocks actually used
in experiments was assessed by comparing with the null distribution. This resampling-based
statistical test was introduced in our previous paper and was found to be capable of testing the

statistical significance. 200 times of the resampling procedure were iterated for obtaining the null
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distribution. We set a 99% confidence interval reflecting a significance level of 0.01. Because we
were interested in the most reproducible components of oxygenation and CBV changes, only the
eigenvector with the largest eigenvalue in each session was used for further analyses if it was
statistically significant. The oxygenation and the CBV changes that were significantly task-related
found in individual subjects were then averaged, respectively.

The number of task blocks is an important experimental parameter that affects statistical
significance of TRCs. Intuitively, the probability that the TRCA algorithm finds statistically
significant TRCs should increase by including more task blocks. To test this intuition, we
numerically computed the number of statistically significant TRCs by using initial n blocks of the

working memory experiment (n ranging from 2 to 15).

2.3. Spatial Map

Spatial maps were constructed in order to quantify the spatial distributions of task-related
oxygenation and CBV changes. Once TRCs were obtained, the oxy- and deoxy-hemoglobin spatial
maps of individual subjects were constructed by computing a correlation coefficient between yoxy (t)
and Xoxy,i (t) for the i-th A[HbO] channel and between Ygeoxy (t) and Xdeoxy,i (t) for the i-th A[HbR]
channel, respectively. Because the spatial maps were defined by correlation coefficients, their values
ranged from zero to one and were unitless. These oxy- and deoxy-hemoglobin maps were then
averaged to provide spatial maps of task-related oxygenation for TRCA™ and task-related CBV for
TRCA". The spatial maps from all subjects were averaged to obtain the mean spatial map, referred to

as the oxygenation and the CBV maps hereafter.

2.4. Synthetic Data Generated with Balloon Model

In order to test whether our method was capable of separating the oxygenation and CBV
9



changes, a balloon model composed of deoxy-Hb (q), blood volume (v) and total-Hb (p) was

simulated as:

o | B v o v(t)
v(t):%[fm (t)-v*], (10)
p(t)zi[fin (t)-vﬂa]SLtt)).

We used the same parameter values used in the previous publications (Cui et al., 2010; Mildner et al.,
2001). The blood inflow fi,(t) was modeled as a trapezoidal function with rise time 5 s, plateau time
15 s, decay time 5 s with plateau height 1.7. The oxygen extraction factor, E(t), was modeled as
E(t)=1-(1-E, )1/ “() \where Eo was 0.4. Other parameters were =2, 7,=30, o=0.4. In the balloon
model, A[HbO] is the difference between the total-Hb and deoxy-Hb, i.e., p(t)-q(t). Ideally, A[HbO]
and A[HbR] fNIRS channels should reflect p(t)-q(t) and q(t), respectively. Actually, however, fNIRS
channels ( X,y and Xyyyi) contain not only oxygenation but also task-evoked blood volume
changes. A recent study reported that fNIRS signals measured from the forehead was highly
correlated with a sympathetic arterial vasoconstriction followed by a decrease in venous volume
(Kirilina et al., 2012). We thus assumed that A[HbO] and A[HbR] channels were mixtures of p(t)-q(t),
q(t), v(t) and some systemic and motion artifacts, and four artificial time courses were simulated for

oxy and deoxy fNIRS channels:

T
Xoxy = (Xoxy,l Xoxy,2 Xoxy,3 Xoxy,4) = AR oxy ! ( 1 1)
T
Xdeoxy = (Xdeoxy,l Xdeoxy,Z Xdeoxy,S Xdeoxy,4) = AR deoxy *
Here, four dimensional vectors, Roxy and Rgeoxy, Were defined as
T
Roxy = ( pt)—a(t) v(t) Mviayer (t) Ninotioin (t)> ) (12)

Rdeoxy = (q(t) V(t) nMayer (t) nmotion (t) )T .
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and A denotes a mixing matrix. p, g, and v in the first two components in Royxy and Rgeoxy are the

Mayer motion

total-Hb, deoxy-Hb, and the blood volume derived from the balloon model, and n and n
fNIRS signals contain artifacts originating from cardiac pulsations (Obrig et al., 2002; Strangman et
al., 2002; Taga et al., 2000) and from body motion (Cooper et al., 2012; Sato et al., 2006), and the
last two components in Roxy and Ryeoxy Were synthetic artifacts mimicking the Mayer wave and body
motion, respectively. We note that details in the synthetic artifacts were not important as the TRCA
algorithm is able to remove these artifacts unless they happen to coincide with task onsets (Tanaka et
al., 2013). The Mayer wave was modeled as a sinusoidal wave of period 12 seconds whose
amplitude was modulated by a slow oscillation of period 180 seconds, and the body motion artifact
was modeled as a sum of exponentially decay functions whose amplitudes and time constants were
randomized. In a given fNIRS channel (i.e., Xoxy,i and Xdeoxy,i), the oxygenation and the blood
volume were assumed to be mixed with fixed coefficients, and the Mayer-wave and motion artifacts
contributed equally to Xy i and Xy, as summarized in Eq. (11). To create synthetic data, the

following values for components of the mixing matrix were used:

03 1.2 08 038

06 09 08 -0.8
A= . (13)
09 06 08 -0.8

12 03 08 08

With this mixing matrix, x;, for example, was a mixture of oxygenation and blood volume at a
one-to-four ratio, and x4 was at a four-to-one ratio. x, and x; contained oxygenation and blood
volume more or less equally. x; and x4 contained negative and positive contributions of the Mayer
wave and motion artifact, respectively, and x, and X3 vice versa. In addition, independent Gaussian
noise with a variance of 0.22 was added to Xoxy and Xgeoxy. The simulation result was not sensitive to
the particular choice of the mixing matrix (Eg. (13)) or the degree of Gaussian noise; we reiterated

the same simulation by randomizing the values of mixing matrix or increasing the noise level, and
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verified the robustness of the results, as long as the mixing matrix was not close to singular.

2.5. Construction of g-v plot from experimental data

To describe relative timings of oxygenation and CBV changes, a phase plot of total
deoxy-hemoglobin (g in the balloon model) and blood volume (v), called g-v plot, is often used
(Buxton et al., 2004; Toyoda et al., 2008). Clockwise and counter-clockwise curves in a g-v plot
suggest a phase lead of oxygenation and blood volume, respectively, and the area surrounded by a

curve represents the degree of phase difference (i.e., perfectly synchronized hemoglobin and blood

volume gives a zero area). y,,, Of TRCAis regarded as (unnormalized) task-related
deoxy-hemoglobin concentration change, and y: ~and vy, of TRCA" reflect (unnormalized)
task-related blood volume change. Therefore, we used 'y, for the g variable and average of vy

and vy, forthevvariable and plotted transient changes in the two-dimensional g-v plane.

2.6. fNIRS Finger-Tapping Experiment

Twenty-nine subjects participated in two sessions of the finger-tapping experiment: one session
with right fingers and the other with left fingers (for the experimental details, see (Sato et al., 2005)).
Single experimental sessions consisted of five task blocks of 30 seconds interleaved with rest periods
of 30 seconds. Twenty-four fNIRS channels (ETG-100, Hitachi Medical Corporation, Japan) were
placed over 6x6 cm areas of the left and right sensorimotor areas (twelve channels on each
hemisphere) centered at C3 and C4 positions, respectively. The source-detector distance was 30 mm,
and the fNIRS signals were sampled at 10 Hz. Before applying TRCA, the whole time courses of
fNIRS signals were moving averaged for one second and detrended using 6-th order polynomials.
This data set was analyzed in our previous publications (Katura et al., 2008; Sato et al., 2005; Tanaka

et al., 2013). As in our previous publication, 5 seconds before the task-block onset and 20 seconds
12



after the task-block end were included for computing the inter-block covariances, so the total

duration used for TRCA was 55 seconds.

2.7. fINIRS Working-Memory Experiments

Seventeen subjects participated in three sessions of a spatial WM experiment and in other three
sessions of a verbal WM experiment, totally six sessions each subject. Presented stimuli to remember
were white squares at randomly chosen locations for the spatial WM experiment or Japanese
characters at prefixed locations for the verbal WM experiment. This data set was used for our
previous study with experimental details described therein (Sato et al., 2011). Each session consisted
of 16 task blocks with 10.5 second duration; a brief stimulus presentation period (1.5 seconds), the
maintenance period (7.0 seconds), and the retrieval period (2.0 seconds). Of these task blocks, two
stimuli were presented in a half of the blocks and four in the other half, and the order of two- and
four-item blocks was randomized on a subject-by-subject basis. We included both two- and four-item
blocks for the analysis. The fNIRS signals were measured using ETG-7100 (Hitachi Medical
Corporation). Fifteen sources and fifteen detectors were placed over the prefrontal cortex in a 3x10
lattice pattern, and each source-detector pair was separated by 30 mm, thereby providing 47
measurement channels (for channel positions, see Figs. 6C, 6D, 7C and 7D). The fNIRS signals were
preprocessed by moving-averaging over one second and detrending with 6-th order polynomials over
the entire time courses. To apply TRCA, 5 seconds before and 14.5 seconds after the block were
included, so totally 30 seconds were used for TRCA. We used all the task blocks except the last one

because the measurement did not include 14.5 seconds after the last task block.
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3. RESULTS
3.1. Balloon Model Simulation

Time courses of oxy-Hb, deoxy-Hb, and CBV changes were simulated with the balloon model
equations (Eq. (10)) along with the Mayer-wave and motion artifacts (Fig. 2A), and synthetic fNIRS
time courses were created by mixing the results of balloon model with the artifacts (Egs. (11) and
(12)) (Fig. 2B) (See Section 2.4). From a visual inspection, channel 1 (x;) contained positively
correlated A[HbO] and A[HbR] and channel 4 (x,) contained negatively correlated A[HbO] and
A[HbRY], but it was not apparent that these were composed of A[HbO] (p(t)-q(t)), A[HbO] (q(t)), and
the CBV (v(t)) time courses generated by simulating the balloon model equations in Figure 2A.
TRCA* was capable of recovering the volume and oxygenation time courses; TRCA" recovered the
CBYV course (normalized v(t) in the balloon model) (Fig. 2C), and TRCA" recovered the oxy-Hb
(normalized p(t)-q(t)) and the deoxy-Hb (normalized q(t)) (Fig. 2D). These results demonstrated that
TRCA can extract both the blood volume and the oxygenation simultaneously, provided that fNIRS
signals reflect the changes of both oxygenation and blood volume.

To see the temporal development of dynamical variables in the balloon model, a phase plot of
q(t) and v(t) (or g-v plot) is often depicted (Buxton et al., 2004; Toyoda et al., 2008). Here the TRCs
corresponding to q(t) and v(t) were y;eoxy and y;eoxy , respectively, so we reconstructed a phase plot
using Yoy from Fig. 2D and y;eoxy from Fig. 2C (Fig. 2E). The simulation result suggests that
TRCA* can extract the oxygenation and CBV changes from noisy and mixed measurements, and we
proceeded to apply TRCA® to the fNIRS data of finger-tapping and working-memory experiments,

as explained below.

3.2. fNIRS Data of Finger-Tapping Experiment

There were 23 and 27 statistically significant TRCs found by TRCA™ and TRCA”, respectively,
14



from the 29-subject fNIRS data set of the right finger-tapping experiment (Sato et al., 2005) depicted
in Figures 3A and 3C. The oxygenation time courses ( y;xy and y(;eoxy) obtained in TRCA™ showed
a gradual increase and decrease immediately after the task-block onset and subsequently a gradual
decay following the task-block end, showing the characteristic of a typical hemodynamic response
function (red and black lines in Fig. 3A). On the contrary, the CBV time courses ( y;xy and ygeoxy)
obtained in TRCA™ were quite distinct from those of oxygenation: a linear increase during the rest
period until the peak about five seconds after the task onset, followed by a gradual decline during the
task period (red and black lines in Fig. 3C). The corresponding spatial maps differed between
TRCAY; the oxygenation map was found mainly in the ventral part of contra-lateral sensorimotor
area (Fig. 3B), whereas the CBV map showed high values in the dorsal part of contra-lateral
sensorimotor area (Fig. 3D). Similar results were obtained for the left finger-tapping experiment (27
and 23 statistically significant TRCs, respectively for TRCA™ and TRCA") (Fig.4). The time courses
of ijy resembled those reported in our previous study; a gradually changing component and a
piece-wise linear component (Tanaka et al., 2013).

Figure 5 summarized block averages of task-related oxygenation and CBV changes,
respectively (Panels A and B for right fingers and Panels D and E for left fingers). The time courses
of oxygenation (solid lines) and CBV (broken lines) differed distinctively on their rise and decay
shapes. To examine their transient dynamics, we plotted the trajectory of yd'eoxy and y;eoxy (Figs.
5C and 5F). These plots indicate the faster rise at the task onset and the larger undershoot after the

task end in CBV in comparison with oxygenation.

3.3. fNIRS Data of Working-Memory Experiment
TRCA™ was then applied to fNIRS data of the spatial and verbal WM experiments (Sato et al.,

2011). For both TRCA" and TRCA™ there were 51 statistically significant components from the
15



three-session data of 17 subjects (thereby 51 independent sessions). To investigate how the number
of task blocks influenced the number of statistically significant TRCs, we iterated the statistical test
by using initial n blocks out of the total 15 blocks (n ranging from 2 to 15). When only initial two
blocks were used, about 40% of sessions yielded statistically significant components. The number of
statistically significant components increased almost monotonically with more number of task blocks,
and got saturated at around 12 task blocks.

For verbal WM, Figure 6A depicts the oxygenation time courses ( y;xy (red) and ygeoxy
(black)), and Figure 6B depicts the CBV time courses ( y;xy (red) and ygeoxy (black)). The
oxygenation map showed high values of correlation coefficients around the dorsolateral prefrontal
cortex (Fig. 6C), whereas the CBV map appeared significantly in the ventral prefrontal cortex (Fig.
6D). Similar results were obtained for spatial WM (Figs 7A and 7B) and the corresponding
oxygenation and CBV maps (Figs. 7C and 7D).

To examine these time courses more closely, block averages were computed. Figure 8 shows
block averages of the time courses in Figures 6 and 7. The time courses of y;xy and ygxy were
almost same but there was a slight phase lead of y;xy over y;xy (Figs. 8A and 8D), so cross
correlation was computed for 15 blocks in order to assess the phase difference. The lag between
Yoxy and y;xy was defined, by a block-by-block basis, as the time difference that maximized the
cross correlation between both time courses. We defined that a positive (negative) lag meant a phase
lead of Yo, (Yous ). The lag was positive both for verbal (mean 0.78 (s), SD 0.60 (s)) and spatial
(mean 1.03 (s), SD 0.95 (s)) WM, and was significantly different from zero (one-sided t-test,
p=9.7x107 for verbal and p=4.3x10™ for spatial WM). This result implies that the rise of CBV
change was about one second earlier than that of oxygenation change in the WM experiments. Phase
plots between y(;eoxy and y;eoxy were constructed (Figs. 8C and 8F), confirming the earlier rise and

decay of CBV compared with those of oxygenation.
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4. DISCUSSION

Based on TRCA that maximizes inter-block covariances of A[HbO] or A[HbR] separately, this
study proposed an analysis method (TRCA®) that estimates task-related oxygenation and CBV
changes by exploiting the covariation between A[HbO] and A[HbR]. TRCA™ was tested with
synthetic data generated by simulating a balloon model, successfully recovering task-related
oxygenation and CBV changes. We then analyzed the fNIRS data sets of finger-tapping and
working-memory tasks and found distinct time courses and spatial distributions for oxygenation and
CBV changes. We provide a concrete physiological interpretation of the two components found in
the finger-tapping experiment reported before. The merit of this analysis method is that it is
applicable to reanalysis of existing data sets. We believe that TRCA™ extends the applicability of
fNIRS to a number of applications, such as understanding of the mechanisms of neurovascular
coupling (Obrig et al., 2002; Wolf et al., 2002), validation of balloon-model processes (Huppert et al.,
2006; Steinbrink et al., 2006), and monitoring of cerebrovascular hemodynamics in stroke patients
(Kim et al., 2010; Saitou et al., 2000).

Conventionally, CBV changes are estimated from total hemoglobin (i.e., A[HbO]+ A[HbR])
(Whyatt et al., 1990), and oxygenation changes are estimated from a difference of oxy- and
deoxy-hemoglobin (i.e., A[HbO]- A[HbR]) (Wyatt et al., 1986). But, a merely summing or
subtracting A[HbO] and A[HbR] cannot remove systemic and motion artifacts, which contribute
significantly to oxy- and deoxy-hemoglobin fNIRS channels. TRCA® circumvents this issue by
requiring the reproducibility over task blocks, which can remove task-unrelated artifacts as shown in
our previous work (Tanaka et al., 2013). We conclude that TRCA*, unlike most extant analysis
methods, exploits the hemoglobin covariance to extract the task-related oxygenation and CBV,

making the best use of the fNIRS advantage of simultaneous A[HbO]-A[HbR] measurement.
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TRCA here was formulated using a weighted linear sum in Egs. (1-2). Weighted linear
summation is a simple yet most commonly used method for signal processing as in principle
component analysis (PCA), independent component analysis (ICA), and linear discriminant analysis
(LDA). A linear sum does not necessarily imply that all channels show a same effect because, if
there is a component that is localized in space, the corresponding weights should reflect its locality.
We note that a weighted linear sum is an approximation and may be extended to some nonlinear
methods. Our formulation of TRCA shares its mathematical form with those of PCA and LDA,
which have been extended to a nonlinear, kernel-based version (Mika et al., 1999a; Mika et al.,
1999b). TRCA may hence be extended to a kernel-based algorithm. Also, the linear sums with
constant coefficients over the whole time series (Egs. (1-2)) implicitly assumes that TRCs contribute
to fNIRS channels in a static manner. This assumption is likely to hold for experiments of short
duration but is likely violated for experiments long enough to induce subjects’ fatigue or learning or
to involve changes in contacts between scalp and optodes. One possible solution is to develop an
online, recursive algorithm for TRCA that accommodates such time-dependent changes, as
developed in LDA (Hiraoka et al., 2000) and ICA (Akhtar et al., 2012). It would be interesting to
formulate kernel-based and online versions of TRCA and to investigate how the performance will be

improved.

4.1. Relation to the Balloon model

There are two general approaches to characterizing the transformation from neural activities
hemodynamic responses measured in neuroimaging. One approach is to model physiologically
detailed processes connecting neural activities to hemodynamic changes. Blood oxygen-level
dependent (BOLD) signals elicited by presented stimuli, together with CBV, cerebral blood flow

(CBF), oxygen extraction factor (OEF) and oxygenation, have been modeled as a balloon model,
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which reproduces a number of the key characteristics of BOLD signals quantitatively (Buxton et al.,
2004; Buxton et al., 1998; Mildner et al., 2001). The balloon model has been tested and verified by
using simultaneous imaging measurements such as fMRI and fNIRS (Huppert et al., 2006;
Steinbrink et al., 2006; Toyoda et al., 2008). An alternative approach is a phenomenological
approach that describes an input-output relation. BOLD signals have been modeled as an
impulse-response-function model, without considering physiological processes (Boynton et al., 1996;
Soltysik et al., 2004).

Our results have shown that, by constructing phase g-v plots, the phase differences between
oxygenation and CBV changes were determined; specifically, the rise of CBV was earlier than that
of oxygenation in our data sets of the finger-tapping and working-memory tasks, thereby providing
certain constraints on the balloon-model parameters. The proposed method is advantageous in
examining the phase difference between oxygenation and CBV changes because it requires only a
normal fNIRS instrument, without combining with other measurement modalities. We plan to
conduct a systematic study that compares the oxygenation-CBV dynamics for a variety of sensory,
motor and cognitive tasks and optimize the balloon model parameters that best explains the

experimental data.

4.2. Oxygenation and CBV Time Courses and Spatial Distributions

By analyzing A[HbO] of the finger-tapping experiment our previous paper reported a gradually
changing component a piece-wise linear component with distinct spatial distributions (Fig. 9 for right
fingers and Fig. 10 for left fingers in (Tanaka et al., 2013)). Our putative interpretation then was that
the gradually changing component represented a hemodynamic response due to its contralateral
localization whereas the piece-wise linear component reflected systemic activities due to its bilateral

distribution. TRCA®, by taking both A[HbO] and A[HbR], found components that resembled those
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reported in our previous paper. The gradually changing components had a negative A[HbO]-A[HbR]
covariance whereas the piece-wise linear component had a positive A[HbO]-A[HbR] covariance,
indicating that the former and the latter can be interpreted as oxygenation and CBV, respectively.
These components differed in three aspects: the shapes of their time courses, the spatial distributions,
and the A[HbO]-A[HbR] covariance.

Our new analysis in this report revealed a difference between the spatial distributions of
oxygenation and CBV changes both in the finger-tapping and the WM data. In the finger tapping
data, the CBV map was more wide spread over both hemispheres whereas the oxygenation map was
more concentrated in the hemisphere contralateral to the tapping fingers. In the WM data, the CBV
map had a high value in the ventral prefrontal area whereas the oxygenation map in the dorsolateral
prefrontal areas in both hemispheres. (Sirotin et al., 2012) reported that a blood volume component
measured with a green light (an isobet) was homogeneous in the imaged area (10 mm x 10 mm) and
was not predicted by concurrently recorded spiking or local field potentials.

g-v plots provide a succinct summary of phase difference between oxygenation and CBV
changes. Whereas the results for both the finger-tapping and the working-memory experiments
demonstrated a phase lead of the CBV changes over the oxygenation changes, the degree of phase
lead appeared more considerable for the finger-tapping experiment than that in the working-memory
experiment. This difference can be traced back to the distinct temporal shapes of the CBV changes
(Figures 3C and 4C for finger tapping and Figures 6B & 7B for working memory). We speculate that
the CBV changes might be more susceptible to systemic factors such as blood pressure, which could
be modulated in motor tasks more than in cognitive tasks.

The CBV change in the balloon model attributed in response to stimulus presentation and thus
appears only after the onset of stimuli. Both the presumed blood volume signals found in the

finger-tapping experiment and the anticipatory signals measured with green light in Das’ studies,
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however, cannot be explained by a current formulation of the balloon model because those signals
change during rest periods in which no sensory stimuli or motor outputs were involved. Moreover,
we found that the spatial distributions of oxygenation and CBV changes differed, in consistent with
the results from Das’ group, which cannot be accounted for by the balloon model where all variables
interact at a single point. These results as a whole indicate that the balloon model be revised
substantially.

With the abovementioned arguments, we would like to posit that oxygenation and CBV
components derived with TRCA™ might correspond to the stimulus-related and task-related
components, respectively, reported in the intrinsic optical imaging of monkeys. To test the
hypothesis that task-related and stimulus-related components might be measurable non-invasively
from human subjects, a preliminary experiment was conducted. Nine subjects performed a
finger-tapping task with a fixed task period (30 s) and a variable rest period (20 or 40 s). We found
that time courses of TRCA™ were almost invariant regardless of a short or long period of rest,
indicating that these components were related only to motor execution. On the other hand, time
courses of TRCA" changed their periodicity entrained to the change of rest period, indicating that
these components reflected the structure of the task including both task and rest periods. We will

report these findings in our forthcoming paper (Tanaka et al. in preparation).

4.3. Limitations

Although the positive or negative covariation between A[HbO] and A[HbR] is a prerequisite
for a measure for oxygenation and CBV, the covariation itself doesn’t guarantee that those fNIRS
signals have a cortical origin. There is a recent concern that fNIRS signals contain not only cortical
hemodynamic responses resulting from neural activities but also extracranial hemodynamic changes

in the soft tissues such as skins (Takahashi et al., 2011) and veins draining the scalp (Kirilina et al.,
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2012). Extracranial hemodynamic changes tend to have positively correlated A[HbO] and A[HbR]
(Yamada et al., 2012), so it is possible that the TRCs derived by TRCA™ contain not only CBV but
also certain extracranial signals. Indeed, our recent study of simultaneous fNIRS-fMRI recording has
found that, during a working memory task, A[HbO] in the ventral prefrontal area showed a high
correlation with not only cortical BOLD signals measured with fMRI but also superficial blood flow
measured with a laser Doppler flowmeter (Sato et al., 2013). Care should be taken, therefore, before
concluding that CBV changes derived by TRCA™ originate from the gray matter. In such case, the
time courses of extracranial and cortical origins are highly correlated, so signal processing methods
such as one proposed in the report per se cannot conclude their physiological origin. One possible
solution is to integrate signal processing methods with an fNIRS measurement with multiple-distance
optodes (Funane et al., 2013), where a pair of short- and long-distance optodes quantify signals from
a shallow and a deep tissue layer, respectively.

It is also possible that the TRCs derived by TRCA contain not only cortical oxygenation but
also non-cortical, systemic signals. There are recent papers reporting negatively correlated A[HbO]
and A[HDbR] that were induced by changes in speech associated end-tidal CO, (Scholkmann et al.,
2013) or blood pressure (Tachtsidis et al., 2009). (Scholkmann et al., 2013) reported that
speech-related hyper-ventilation led to hypocapnia (a decrease in oxy-Hb concentration and an
increase in deoxy-Hb concentration), whereas the TRCs by TRCA™ contained a positive and a
negative change in A[HbO] and A[HDbR], respectively. Therefore, for the finger-tapping and
working-memory tasks, the effects of end-tidal CO, appear to be minimal. In contrast, in an anagram
task, a change in blood pressure correlated positively with A[HbO] and negatively with A[HbR], so
an increase in A[HbO] and a decrease in A[HbR] may result from systemic factors. To conclude,
systemic variables should be monitored simultaneously in order to correctly interpret fNIRS signals,

as emphasized by (Kirilina et al., 2013; Scholkmann et al., 2013; Tachtsidis et al., 2009).
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There are two main approaches in neuroimaging data analysis; one is hypothesis driven
represented by general linear models (GLM) (Friston et al., 1994; Minagawa-Kawai et al., 2011),
and another is data driven represented by ICA (Makeig et al., 1996; McKeown and Sejnowski, 1998).
The comparison of TRCA with the two approaches was made in our previous paper (Tanaka et al.,
2013). We note that analysis methods based on trial average in time domain including TRCA cannot
detect some components that are oscillatory and not phase locked to task onsets. These non
phase-locked components may be detectable by using ICA (Makeig et al., 2002). We suggest to

apply multiple, complementary analysis methods for a better understanding of neuroimaging data.
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Figure Legends

Figure 1.

Figure 2.

(A) Schematics of TRCA. Yoxy and Ygeoxy are constructed by a linear sum of Xqxy and Xgeoxy
respectively, and inter-block covariances within y£§§ (C°9) and within y((jle)OXy (CPP) are
maximized. In addition, inter-hemoglobin covariance between yf,ii and y((jg())Xy (C°P and
C"°) is minimized for extracting an oxygenation change or maximized for extracting a
CBYV change. (B) lllustrative example of TRCA®*. TRCA" constructs CBV components

( y;xy and y;em ), and TRCA™ constructs oxygenation components ( You, and Ygeoxy )-

The data in the left was from a subject performing left finger tapping.

Reconstruction of CBV and oxygenation changes synthesized with a balloon model. (A)
Synthetic time courses of oxygenation (oxy- and deoxy-Hb), CBV, and artifacts (the
Mayer wave and body motion). (B) Simulated observed data (X, and Xgyy;i). (C)
Reconstructed CBV change by TRCA" and (D) oxygenation change by TRCA". The red
and blue solid lines depict y;xy and ygeoxy , respectively, in (C), and Yox, and Ygeoxy ,
respectively, in (D). The black dashed lines depict the corresponding model CBV and
oxygenation changes, respectively, in (C) and (D) (hormalized to zero mean and unit

variance for a comparison). (E) g-v phase plot of Yy and y;eoxy .

Figure 3. Time courses of (A) task-related oxygenation and (B) task-related CBV changes

constructed from right finger-tapping data. The blue shaded areas indicate task periods of
30 seconds interleaved with rest periods of 30 seconds. The red and black solid lines
depict Yoxy and Yaeoxy, respectively, accompanied with shaded color areas of standard errors.

Corresponding (C) oxygenation and (D) CBV maps. Colors in the maps represent
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Figure 4.

Figure 5.

Figure 6.

Figure 7.

Figure 8.

correlation coefficients averaged over all subjects.

Results of left-finger tapping in the same format of Figure 3.

Block averages of oxy- ( y;xy and y;xy for (A) right tapping and (D) left tapping) and
deoxy-Hb (ygeoxy and y;eoxy for (B) right tapping and (E) left tapping). Time courses
obtained by TRCA and TRCA" are denoted by the solid and dashed lines, respectively.
The error bars accompanying the time courses indicate standard errors. g-v phase plots of
the deoxy-signals are shown in (C) for right tapping and in (F) for left tapping. The gray

circles indicate the starting positions, and the arrows are placed in steps of two seconds.

(A) Task-related oxygenation and (B) task-related CBV changes found in the spatial WM
experiment. The red and black solid lines represent yoxy and Yaeoxy, respectively, along with
standard errors indicated by the shaded areas. The blue shaded areas are the task periods of
10 seconds stating with the onset of stimulus presentation. Spatial maps for (C)

oxygenation and (D) CBV changes.

Results of the verbal WM experiment in the format of Figure 6.

Block averages of task-related oxy-hemoglobin ( y;xy and y;xy for (A) verbal and (D)
spatial WM) and deoxy-hemoglobin ( y;eoxy and ygeoxy for (B) verbal and (E) spatial
WM). The solid and dashed lines denote the task-related oxygenation and CBV changes,
respectively. The error bars accompanying the time courses indicate standard errors. Phase
plots are shown for (C) the verbal and in (F) spatial WM tasks. The gray circles indicate

the starting positions, and the arrows are placed in steps of one second.
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