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1 Methods in Detail

We acquired 42 10-minute FMRI datasets in 7 sessions from 5 subjects (one subject being scanned on 3 separate occasions).
6 runs were acquired per session. The subjects were healthy adults (ages 18-25, 3 males and 2 females). The imaging protocol
used for human studies was approved by the institutional review board at the University of Minnesota. Each of the subjects
were scanned using this protocol and provided informed written and verbal consent prior to participating in the research.
For two of the acquisition sessions (i.e., two subjects), 3 of the 6 runs were acquired with the subject performing a silent
backwards-counting task; those runs were not used in the main TFM analyses reported here, leaving 36 runs of resting FMRI
data. For two of the seven sessions, the subjects had their eyes open, and in the other five, the subjects had their eyes closed;
we did not find any significant differences in the amplitude of the TFM fluctuations between the eyes-open and eyes-closed

datasets.

Data were acquired on a standard 3T Siemens Trio, with 40 mT/m maximum gradients and a slew rate of 200 mT/m/s. A 32
channel receive-only radio-frequency (RF) head coil array was used along with a body RF transmitter. The FMRI time series
data were acquired using multiband (MB) accelerated [1, 2, 3] 2D echo planar imaging (EPI) [4] with controlled aliasing [5]
to reduce g-factors [6] associated with slice unaliasing. 3 slices were simultaneously excited (MB=3) while also being shifted
by 1/3 of the field of view along the phase encode direction, with respect to each other. Each RF coil channel therefore
receives a linear combination of the signals from each of the slices, weighted by the coil sensitivity profiles, which with a
matrix inversion was used to reconstruct the signal for individual slices as described previously [2]. This slice unaliasing step
was implemented as an ICE (Image Calculation Environment, Siemens, Germany) functor and incorporated into the Siemens
EPI reconstruction pipeline. For in-plane spatial encoding, 2D single shot EPI was used with a 64x64 matrix (3 mm isotropic)
with an echo time (TE) of 30 ms, echo spacing of 0.48 ms; the 3X slice-accelerated sequence achieved a whole brain (42

slices, including cerebellum) TR of 0.8 s. Ernst angles of 60 degrees were used for MB excitation pulses.

At the end of each 10-minute run, we acquired a single image without slice acceleration (MB=1) using a 90 degree flip angle
with fully relaxed tissue magnetization; this EPI “reference” image was thus encoded identically to the rest of the FMRI
data, (including geometric distortions), but had much better signal-to-noise and contrast-to-noise (between different tissue
types). This image was used both as the reference image for head motion correction (aligning all of the FMRI images to this),
and was also used to align the FMRI data accurately to the subject’s structural image. A T1-weighted structural image was
acquired at 1x1x1 mm? resolution, using a 3D MPRAGE [7] sequence, with a TR of 2.5 s and inversion time 1 s, resulting in

an acquisition time of 6 minutes.

Data was analysed primarily using tools from FSL (FMRIB Software Librarty) [8, 9], as well as using FreeSurfer [10, 11] for



cortical surface modelling and FastICA [12] for the temporal independent component analysis (ICA). For visualisation we

used tools from FSL and Caret [13].

Each 10-minute FMRI dataset was corrected for head motion using FLIRT (FMRIB’s Linear Image Registration Tool [14]),
using the full-contrast FMRI image (described above) as the reference, and then high-pass filtered to remove drifts of char-
acteristic timescales slower than approximately 60s. The data was not spatially smoothed, in order to retain maximal spatial
detail.! The dataset was then fed into MELODIC (Multivariate Exploratory Linear Optimised Decomposition of Independent
Components [15]) spatial-ICA with automatic dimensionality estimation (finding on average 95 components), in order to
find and remove the majority of the artefacts. Each ICA component was automatically classified into “definitely-artefact” vs.
“signal-or-artefact” using two simple heuristics that considered the fraction of timeseries power above 0.2Hz and the fraction
of the component’s spatial map that overlay low-intensity voxels in the original raw data. Upon comparing these automated
classifications with manual inspection (on at least one dataset per subject), we confirmed that < 1% of non-artefact com-
ponents were incorrectly labelled as artefact, and about 80 — 90% of the artefactual components were correctly identified.
We then regressed the (full space of all) artefact timeseries out of the 4D pre-processed data. Hence the identification of
artefactual components at this stage was partially incomplete (in order to avoid risking removing valid resting-state neural-
related signal), but the artefact removal from the data (achieved by regressing out the full space of the artefacts and not just
their unique variance) was more aggressive than simply subtracting (the outer product of the timecourse and spatial map for)
those components from the data. We aim to identify any remaining artefacts at the later stage of group-wise high-dimensional
spatial-ICA.

We obtained an accurate registration between the full-contrast reference FMRI image and the subject’s structural, initially
with a 6 degree-of-freedom (rigid body) affine registration using FLIRT. This alignment was then refined using a version of
the brain-boundary-registration (BBR [16]) algorithm that has recently been added into FLIRT. This optimises the functional-
structural alignment by maximising the intensity difference in the FMRI image intensities on either side of the white-matter
boundaries (derived from the structural using FAST (FMRIB’s Automated Segmentation Tool [17]) tissue-type segmentation,

and achieving greater accuracy and robustness than when using the whole original image.

We then mapped each 4D dataset into a standard co-ordinate system currently being developed for the NIH Human Connec-
tome Project [18]; it is a combination of cortical surface vertices (from a FreeSurfer cortical surface model that was registered
and resampled to a standard mesh representation of the 2D cortical surface) and 3D sub-cortical/cerebellar voxels (from a 3D
nonlinear registration of the structural image to the MNI152 standard template image using FNIRT (FMRIB’s Nonlinear Im-
age Registration Tool [19, 20]) followed by resampling onto a standard set of subcortical grey matter voxels). This procedure
attempts to optimise alignment across subjects on the surface [21], while at the same time ensuring that subcortical structures
are well aligned. We term this co-ordinate system “grayordinates” as we are attempting to model all of the grey matter. The
set of grayordinates can be arranged as a single long vector of vertices and voxels, and thus each FMRI timeseries dataset
can be represented in this standard system as a 2D matrix of grayordinates X timepoints. Because both voxels and vertices
are resampled onto a standard mesh or subcortical voxel set, these matrices have one-to-one correspondence across subjects

(e.g., row 37 corresponds to the same spatial location in all subjects).

IPurely for display of the axial/coronal/sagittal slices, maps were generated by regressing the relevant TFM/RSN timeseries into the original 4D datasets
after they had been warped into MNI152 2mm standard space using FNIRT, and smoothed by a Gaussian kernel of half-width 2mm, in order to ameliorate

slightly the cross-subject spatial variability in 3D (non-surface) space.



We temporally concatenated all subjects’ datasets in this format, to feed into the following group-wise ICA. We applied a
high-dimensional spatial-ICA using MELODIC, in order to further identify artefactual components, as well as achieving a
high-dimensional functional parcellation of the group data. From a 200-dimensional spatial-ICA, we manually identified 58
components as artefact on the basis of their spatial appearance (e.g., clearly outlining major arteries or veins) and temporal
spectra (e.g., having a significant fraction of the power above 0.2Hz). These 58 components’ timeseries were then regressed
out of the remaining 142 timeseries, leaving 142 functional nodes’ timecourses to feed into the temporal-ICA TFM network

analysis.

The 142 timeseries were fed into temporal-ICA with an ICA dimensionality of 21, i.e., in order to find the 21 strongest
TFMs present in the group data as a whole. We used the “symmetric” estimation approach, with the “tanh” nonlinearity,
both options in the FastICA software. We also split the data into two groups of separate subjects (one group containing 21
runs from two subjects, one of whom had 3 sessions of acquisitions, and the other group containing 15 runs from 3 subjects).
We carried out the temporal-ICA separately for the two groups (after first reducing the data dimensionality to 21 for the two

groups together), in order to test the reproducibility of the components (TFMs) found.

The dimensionality of the temporal-ICA was chosen somewhat arbitrarily; there was no objective measure that would sug-
gest this choice, just as has been the case in the literature using spatial-ICA for finding RSNs. However, we believe that
a dimensionality of 21, given the current dataset, represents a good balance between richness/interpretability and robust-
ness/estimability. Furthermore, as we raised the number of components estimated, we found that many of the most robust

TFMs were still found (with almost no change spatially or temporally) up to temporal-ICA dimensionalities of at least 60.



2 The TFM model

We now present the mathematical model underlying the TFM analyses, including the initial high-dimensional spatial-ICA.

The spatial-ICA model is:

Xty = Ss(vxr) X Asixt) + Es, (D

where X is the data matrix of size Voxels (or grayordinates) x Timepoints, S are the estimated spatial maps (formally the
ICA sources, also referred to as the “network nodes”), Ay are the associated timecourses (the ICA mixing matrix), [ is the
number of components estimated (in our case 200) and E is the residual noise remaining after the /-dimensional PCA-based

dimensionality reduction carried out as the first stage of the spatial-ICA.

We now identify J < I of the components as artefact, based on their spatial maps and/or timecourses, and regress these out

of the remaining K = I — J components to give K “cleaned” timeseries Ag.:

Azc(TxK) = AEK(TXK) - AZJ(TxJ) X ((AZJ(TX )X AsTK(TxK))v 2

where (AT})~! is the Moore-Penrose pseudo-inverse of the set of artefact timeseries.

We now ignore S (the nodes’ spatial maps) and work only with the nodes’ cleaned timeseries As.. These are fed into

temporal-ICA:

Age(kxT) = Anrxr) X Suxt) + Et, 3)

where A; are the TFM node-weight vectors (the ICA mixing matrix), S; are the TFM timecourses (the ICA sources), L is
the number of components estimated (in our case 21, the number of TFMs), and E; is the residual noise remaining after the

L-dimensional PCA-based dimensionality reduction carried out as the first stage of the temporal-ICA.

Thus we can write the full analysis in a single equation:

Xwxr) = Ss(vxi) X Aykxr) X Seixt) + E, 4)

where E combines all of the noise and artefact aspects of the data. The data is therefore represented as a product of three
matrices: 142 nodes’ spatial maps S5, 21 TFMs’ timecourses .S; and a central mixing matrix A; that describes the node-
membership for each TEM. The /th column in A; contains the 142 node weights for TFM [; these weights can be positive or
negative, and where we see significant positive and negative values in a single column, the analysis is telling us that different
areas of the brain are anti-correlated with each other, with respect to the particular behaviour of that specific TFM. Figure 3B

in the main paper is showing A;.



If we combine S and A; together into a new matrix S,

Sm(vxL) = Ss(vx k) X Ay(kxL)s 5)

this gives us the (full voxelwise) spatial maps for each TFM. Alternatively, we can regress the TFM timecourses into the full
original data, to find the TFM spatial maps, which gives similar results, but which also allows for a degree of consistency

testing by generating separate spatial maps for each run/subject, and then feeding these into a t-test.



3 Relating the TFM model to LINGAM network modelling

Another approach to network modelling, also utilising of temporal-ICA, is LINGAM (Linear, Non-Gaussian, Acyclic causal
Models [22]); this uses the ICA mixing matrix to estimate a single full network model, including (causal) directionalities. Our
interpretation of temporal-ICA components as TFM timeseries and node-weight vectors is different from the interpretation
made by LINGAM, despite the fact that both are based on the same temporal-ICA decomposition. The “TFM interpretation”
is a generalisation of the LINGAM one, in the sense that it allows for a greater number of biological causes to drive the
different components being temporally distinguished from each other. By making stronger assumptions about the form of
the network (in particular, the assumptions that there is a single, stationary, acyclic, network, and that every node has its
own unique external/hidden input?), LINGAM is able to draw stronger and richer conclusions about the network, including
a full effective connectivity model of directionalities, plus knowledge of which nodes are directly connected to which other
nodes. On the other hand, the simpler TFM interpretation, while not making any claims about directionality, or whether
certain connections are direct or indirect, is more “robust”, in the sense that each separate TFM can have been created by
virtue of a single external input (in which case the node-weight vector tells us about the set of nodes that is driven, directly
or indirectly, by this input), or by a hidden factor causing that TFM (i.e., both its activity and its connections; no distinction
is made) to turn on and off as a whole. In either of these scenarios, if an external input feeds into multiple viewed nodes,
the TFM interpretation is still valid, whereas the LINGAM model is broken. As noted, however, this comes at the price of

making a less rich interpretation of the internal network structure of each TFM.?

2In this context an “external input” is either a truly external input to the brain, such as sensory input, or is a part of the brain that is not being imaged and

modelled.
3More explicitly: both the “TFM” interpretation and LINGAM begin with the same decomposition of the (nodes X timecourses) data; X=AS, where S

are the sources (timeseries) and A is the ICA mixing matrix. The TFM interpretation simply sees each column in A as a set of node weights describing the
(weighted and signed) involvement of each node in a given TFM, whereas LINGAM takes A and goes much further, turning A into (I-B)~'C, where B is

the exact causal (acyclic) network, and C' (mapping of external inputs into viewed nodes) must be assumed to be identity.



4 Spatial-ICA group results

The initial groupwise spatial-ICA was run at a dimensionality of 200 using MELODIC. We identified 58 components as
artefact and regressed these timecourses out of the remaining 142. The spatial maps for the 142 non-artefact components
are shown in Figure 1, and in Figure 2 we show the left-most part in more detail, showing a 20-dimensional parcellation
of visual areas. For each component we show up to 3 slices that best represent the component’s spatial map, overlaid onto
the average structural image from all subjects. At this dimensionality the components in general contain considerably fewer
dis-contiguous regions than is the case at lower dimensionalities; the majority of components are either one contiguous region
or a bilateral region-pair (though the actual maps contain a range of positive and negative values, so of course such statements

depend on having applied a threshold first).

EsNsenceSinile:
0680060508 BEBE0EL005HLOELEBL000B805800608608000850000000
06808060060800000600008600020000000060006000000808000
880880000 00000000 000000 Mass ABBEE [ 11T 08“ a6e @ ® ®

s
i |
I

|
|

il

Figure 1: Results from the initial groupwise spatial-ICA. Each component (“network node”) is shown with up to 3 slices that best represent the
component’s spatial map. The full and partial temporal correlation matrices are shown below and above the diagonal respectively. The full correlation
matrix was used to reorder the nodes, bringing nodes with similar timecourses together, and causing the correlation matrix to have blocks of related nodes

on the matrix diagonal.

Figure 2: The same results as in Figure 1, but zooming in on the left-most part, showing visual areas.



In order to help visualise the results of the initial high-dimensional spatial-ICA we estimated the temporal correlation matrix
and used this to carry out simple hierarchical clustering; this does not affect the the temporal-ICA TFM analysis, although it

is used to re-order the components (nodes) for all further analysis.

Below the diagonal in Figure 1 is shown the full correlation of all timecourses with each other. This is estimated by first
concatenating all subjects’ timecourses temporally, computing the full correlation between all pairs of timecourses, and then
converting this to a z-statistic, after correcting the temporal degrees of freedom for the autocorrelation. Blue matrix elements

imply negative average correlation, i.e., anti-correlation between network nodes.

Above the diagonal is shown the partial correlation [23, 24] matrix; this simple approach aims to emphasise the direct
network connections, rather than showing all direct and indirect connections. To achieve this, before any two nodes’ time-
series are correlated with each other, all other nodes’ timeseries are first regressed out of both. This removed on average

approximately one third of the temporal standard deviation from the nodes’ timeseries.



5 Full set of 21 TFM results

We now show the full set of spatial maps for all 21 TFMs, both on the inflated cortical surface, and with axial/coronal/sagittal
2D slices, in Figures 3-23. All 2D slices are left-right reversed, and for all cortical surface renderings what appears to be the

left (or right) hemisphere is the left (or right) hemisphere.

The TFM spatial maps are obtained by regressing the TFM timecourses into the original datasets, and averaging the resulting
maps across all runs/subjects, with a within-run significance level of p<0.05, corrected for multiple comparisons across space
(although, arguably, as these are data-driven decompositions, it does not make much sense to consider such p-values as very
meaningful; what matters more is the reproducibility of the components, as described later). Carrying out a mixed-effects
analysis across runs/subjects gives extremely similar results, as did also generating the spatial maps by multiplying the nodes’

maps by the TFM node weight vectors as described above, so we only show the average maps here.

The sign of the spatial maps (and associated timecourses) is arbitrary; flipping the sign of one spatial map and its associated
timecourse gives an equivalent model of the data. In the case of RSNs, which generally have one dominant sign in the spatial
maps, it is conventional to force the dominant sign to be positive (and to adjust the sign of the timecourse accordingly), for
convenience of interpretation. However, with TEMs, we generally see significant regions of both signs, and it should be
remembered that the “positive” (red-yellow) and “negative” (blue) regions are anti-correlated with respect to each other for a

given TFM, but both are equally associated with that TFM.

Power spectra for the TFM timeseries can be seen in Figure 24. These are calculated using Welch’s method in Matlab, using
non-overlapping windows of 222 timepoints to estimate temporal power spectra from all runs, averaging spectra across all

runs, and then smoothing by fitting a local line to 10 neighbouring timepoints.

We now describe briefly the major components of all 21 TFMs, with the ordering somewhat “thematically” determined,

starting with the three strongly visual-related TFMs, 2, 4 and 8.

TFM 2 contains all of the low-level visual areas, as well as lateral geniculate nucleus (LGN), with very little anti-correlation

seen.

TFM 4 shows anti-correlation between foveal visual areas and high eccentricity (high visual angle away from the direct gaze
direction). Correlations outside of the visual areas are bilateral and almost all of the same sign as the foveal region (as opposed
to the high eccentricity). The anti-correlation seen is consistent with de-activation found in task studies [25, 26], the latter

showing that the negative BOLD in the high vs. low eccentricity parts of V1 corresponds to a decrease in neural activity.

TFM 8 shows higher-level visual areas, positively correlated with the “dorsal visual stream” and including the frontal eye
fields (FEF). This has also been referred to as the “task positive network™, and can be seen clearly, for example, in an
attention task in [27]. The anti-correlated regions include several parts of the default mode network, including (somewhat

weakly compared with some other TFMs) posterior cingulate cortex (PCC), and, strongly, parts of primary auditory.

TFM 1 also contains much of the dorsal visual stream, similar to TFM 8. However, whereas in TFM 8 the anti-correlated
regions include DMN/auditory areas, here the anti-correlation is strongly found in primary motor-somatosensory (mouth or

face), along with SMA (supplementary motor area), posterior putamen/pallidum and pre-motor thalamus.



TFM 3 is dominated by primary and secondary sensori-motor areas (particularly at the level of the upper extremity represen-
tation), along with superior temporal sulcus and cerebellum VI. The anti-correlated regions are weaker and less widespread,

possibly including parts of superior parietal lobule and anterior cingulate.

TFM 6 has strong anti-correlation between primary sensori-motor / SMA / pre-motor thalamus, SII, cingulate motor vs.

superior temporal sulcus (primary auditory) / medial areas of the DMN / Brodmann 45.

TFM 10 contains widespread somatosensory and motor areas correlated with posterior superior temporal sulcus and areas 45

and 471, anticorrelated with posterior IPS (intraparietal sulcus), angular gyrus and DLPFC (dorso-lateral pre-frontal cortex).

TFM 7 strongly involves medial parts of the DMN (PCC/precuneus and anterior cingulate), along with primary and early
association auditory cortex, parts of the parietal-occipital fissure and frontal area 10. Anti-correlated regions include superior

temporal sulcus and and Broca (area 45 more than 44).

TFM 9 includes dorso-lateral pre-frontal cortex / inferior parietal lobule / lateral occipital areas, anti-correlated with supra-

marginal/angular gyrus.

TFM 11 contains large areas of the DMN, including PCC/precuneus, anterior cingulate and widespread angular gyrus, along
with Brodmann 22 and frontal areas 9/46. These areas are very similar to the “semantic network” found in a meta-analysis of
120 semantic system studies [28]. Anti-correlated regions are less prominant, including some primary auditory (Brodmann

42) and higher-level visual.
TFM 12 contains parts of the semantic network on the left anticorrelated with right somatosensory association areas.

TFM 13 is the only TFM to strongly cover Broca 44 (as opposed to 45). This forms part of a strongly lateralised “language”
network, including bilateral supramarginal gyrus, which anti-correlates with much of the known DMN (though without

including auditory), with the medial-frontal part of the DMN being strongly lateralised towards the right.

TFM 14 sees extrastriate visual correlating with parts of somatosensory cortex and retrosplenial cortex. Anti-correlations

include large parts of poterior right frontal cortex, striate visual cortex and left cerebellum.

TFM 16 contains bilateral superior temporal sulcus correlated with parts of premotor bilaterally, retrosplenial cortex, DLPFC,

and medial parietal cortex. Anticorrelated areas inclue pre-SMA and more anterior medial frontal cortex.

TFM 17 is dominated by a distinctive posterior-medial pattern containing two close (but not connected) areas. Because of
the position in/near the PCC, this TFM is probably merged into many previous PCC-seeded DMN analyses. Anti-correlated

regions include area 39 and Brodmann 6 and 8.
TFM 18 is dominated by somatosensory and motor regions, with focal anti-correlation in areas 39/40.

TFM 19 contains parts of the DMN and strong involvement of Crus I in the cerebellum. Anticorrelation includes primary and

association auditory cortex.

TFM 20 contains some higher-level visual, superior parieto-occipital sulcus, anterior insula, and posterior IPS, and anti-

correlated regions in retrosplenial cortex (areas 29 and 30).
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TFM 21 sees DMN areas (including PCC) anticorrelated with lateral-frontal regions often seen as part of the “executive

control” RSN.

TFMs 5 and 15 are unlike the other TFMs in that they show very widespread activity across much of the grey matter, with
only very small areas of anti-correlation. Their temporal power spectra (shown in the SI), while being largely similar to the
other TFMs in the frequency range below 0.2Hz, have raised power above 0.2Hz. There could well be some non-neural
physiological contribution to these TFMs, although the temporal resolution is not quite high enough to avoid aliasing of
cardiac pulsation, and hence it is not easy to differentiate (for example) cardiac and breathing effects in the spectra. It
is interesting that TFM 15 includes anti-correlation in anterior insula (probably lateral agranular insula), as well as (more
weakly) in the putamen. There is evidence for involvement of of the insula in heart rate control [29, 30, 31] and other
autonomic activity [32]; it is possible that the signal seen here in the insula is neural in origin, and related to vascular (as
opposed to neural) effects seen in grey matter in virtually all other regions. We found an almost identical TFM, including the

anterior insula anti-correlation, in a separate study’s dataset, as discussed below.
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Figure 3: Spatial map for TFM 1.

Figure 4: Spatial map for TFM 2.
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Figure 5: Spatial map for TFM 3.
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Figure 6: Spatial map for TFM 4.
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Figure 8: Spatial map for TFM 6.
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Figure 9: Spatial map for TFM 7.
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Figure 10: Spatial map for TFM 8.
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Figure 12: Spatial map for TFM 10.
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Figure 14: Spatial map for TFM 12.
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Spatial map for TFM 13.

Figure 15:

Figure 16: Spatial map for TFM 14.
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Figure 17: Spatial map for TFM 15.

Figure 18: Spatial map for TFM 16.
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Figure 19: Spatial map for TFM 17.

Figure 20: Spatial map for TFM 18.
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Figure 22: Spatial map for TFM 20.
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Fi gure 23: Spatial map for TFM 21.
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6 Extended correlation maps from visual RSNs

The 3 visual-related RSNs shown in Figure 1 in the main paper are almost entirely confined to visual areas. Because the
spatial-ICA components’ timecourses are not forced to be orthogonal to each other (in the way that temporal-ICA components
are), the maps shown previously do not indicate the full (global) potential spatial involvement of these components - i.e., the
extent to which these correlate with other RSNs. Thus, in order to allow a more complete comparison of the RSNs with the
TFMs (in particular, TFM 8, which shows a very extended system including higher-level visual and the dorsal visual stream),
we re-estimated the 3 visual RSN, by regressing their 3 timeseries into the original data without also including the other 18
RSN timeseries in the multiple regression. This gives their extended areas of correlation in a manner that is more direct (and

spatially detailed) than attempting to infer this from the 21x21 RSN timecourse correlation matrix.

The results are shown on the right in Figure 25. While some areas of correlation outside the occipital visual areas are
indeed now seen (for example, some primary sensory-motor areas correlating with the foveal visual areas seen in RSN 1),
these extended maps are arguably less “clean” (certainly less cleanly bilateral) and less strong than was seen with the TFMs

(particularly TFM 8).

original spatial-ICA RSNs extended correlations of the 3 RSNs

Figure 25: 3 visual components from a 21-dimensional spatial-ICA decomposition of the complete dataset. On the left is shown the 3 visual-related
RSNs from the original 21-dimensional spatial-ICA. On the right is shown the same components, re-derived by regressing the 3 RSNs’ timecourses into the

original data, without the other 18 RSNs’ timeseries in the multiple regression, in order to show the extended areas of correlation for the 3 RSNs.
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7 Amount of apparent nonstationarity explained by TFMs

Apparent “nonstationarity” (temporal variability) in the correlation between two regions is, in part, due to the temporal
variation in activity of overlapping TFMs, despite the network structure within each TFM being static (according to our
model). As the amplitude of each TFM varies over time (even if its internal network structure is not changing), any pair of
nodes that are part of multiple TFMs will see the correlation between these nodes changing over time purely as a result of the

independent TFMs’ fluctuations.

By taking the outer product of the TFM node-weight vectors and timecourses, i.e., Ay(xx 1) X S¢(rxT), We can reconstruct a
version of the data that perfectly follows the TFM model. If we then take pairs of (reconstructed) node timeseries and look
at apparent nonstationarity, we can estimate how much of that might be due purely to the overlapping TFMs, rather than
other factors such as non-modelled noise or “deeper” nonstationarities (such as TFMs’ internal network structure varying
over time). We found that the reconstructed set of node timeseries contained 59% of the variance of the original 142 nodes’

timeseries.

We measured nonstationarity via sliding window correlation. We used sliding windows (with smooth roll-off at the edges)
of 30s. In order to ensure that correlation within the window was well conditioned, we applied a highpass filter to the
nodes’ timeseries, of approximately 0.15Hz. Without this highpass filter, lower frequencies dominate the correlation, and,
because their temporal-period is similar to (or longer than) the timescale of the window, this would otherwise result in
very noisy (and hence meaningless) estimates of correlation. We found that our results did not depend strongly on window
length. With respect to changing the exact highpass cutoff, as the cutoff was raised or lowered from 0.15Hz, the general
reliability/reproducibility of the sliding window correlation became progressively worse (keeping more of the low frequencies
damaged the estimate of correlation, as described above, and removing a larger range of higher-frequencies removed too much
useful signal). Further, as the cutoff was changed (up or down), similarity of the overall correlation pattern to the full original
data correlation matrix also became worse. The fact that the correlation structure (matching closely that found with average
correlation applied to the full original data) can be found with such an aggressive highpass cutoff is an interesting result in
its own right (and consistent with the results presented in [33]), but further discussion of this is not within the scope of this

work.

Hence we estimated correlation between pairs of nodes at multiple window positions and investigated the mean and standard
deviation of the correlation across all window positions, for each pair of nodes. The standard deviation was slightly reduced
when applied to the original node timeseries compared with the reconstructed timeseries, and the mean correlation increased
by a factor of about 2; hence, the (median across node pairs) coefficient of variation (variation across window positions)
was 3.2 times lower with the reconstructed data. One might conclude therefore that approximately 25% of the apparent
nonstationarity in raw data correlations is purely due to the fact that multiple functional networks (each potentially stationary,

but with time-varying amplitude) are spatially overlapping.
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8 TFM split-half reproducibility results

In addition to applying temporal-ICA to the full concatenated set of 36 runs, we also split the data into two groups of separate
subjects (one group containing 21 runs from two subjects, one of whom had 3 sessions of acquisitions, and the other group
containing 15 runs from 3 subjects). Splitting this way, grouping according to subjects, is more conservative and useful than
splitting randomly across 10-minute runs. We carried out the temporal-ICA separately for the two groups (after first reducing
the data dimensionality to 21 for the two groups together), in order to test the reproducibility of the components (TFMs)
found. The reason for applying a whole-group dimensionality reduction is that the aspect of the TFM analysis that is of
interest is the reproducibility of the core ICA unmixing matrix, i.e., the TFM spatial maps, as estimated through temporal

non-Gaussianities in the data.

We used spatial similarity to identify the TFM from each of the split-half analyses that best matched a given TFM from
the full dataset (i.e., based on the maximal correlation between the TFM node-weight vectors) This gave a pairing of TFMs

between the two halves, with reproducibility then summarised via the correlation coefficient between the two vectors.

In addition, random data of the same dimensions as the true data was generated, with matching covariance structure. This
was fed through the same analysis pipeline as the real data (dimensionality reduction, split-half temporal-ICA, matching
of paired components and ordering of matched components into decreasing paired similarity). Thus from 1000 different
random datasets we built up the null distribution of the split-half reproducibility, as judged by the similarity of the paired
split-half results (the TFM node-weight vectors). The reproducibility results are summarised in Figure 26. The split-half
reproducibility for the true data lies above the 95th percentile of the null distribution, suggesting strong reproducibility of the

TFM node-weight vectors across the two groups of subjects.

As a simpler test of reproducibility, from the same null dataset, we calculated the mean correlation coefficient over all matched
pairs of TFMs. The mean from the true data was r=0.49, which corresponds to a significance of P < 0.01 (no correction
for multiple comparisons needed as we reduced the entire split-half analysis to a single number), as judged from the null

distribution of the mean correlation coefficient, again suggesting strong reproducibility between subjects.

This reproducibility of the TFMs means that the temporal-ICA, fed by the 21-dimensional initial PCA dimensionality reduc-
tion, is finding the same mixing matrix in the two groups of subjects; the non-Gaussianities in the data are causing a consistent

decomposition into temporally-independent functional modes.

Finally, we show the 7 best-matching pairs of TFMs’ node-weight vectors, in Figure 27. Many of the plots appear relatively
smooth purely because of the re-ordering of the nodes by the initial hierarchical clustering of the correlation matrix after the
initial spatial-ICA. This ordering does not affect the temporal-ICA (including its reproducibility); indeed, by definition, this
correlation amongst nodes is removed by the PCA stage. Although the full number of nodes is 142, the “real” number of
nodes seen by the core temporal-ICA unmixing is only 21 (because of the initial PCA dimensionality reduction), and so a
more mathematically meaningful plot of the reproducibility (in the sense that the true degrees of freedom are more directly

apparent) is shown in Figure 28; here we see the matched node-weight vectors as seen by the ICA.
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Figure 26: Split-half reproducibility results. Random data was fed through the same analysis pipeline as the real data, including split-half ICA and
ordering of matched components into decreasing paired similarity. From 1000 different random datasets we built up the null distribution of the split-half

reproducibility. The reproducibility for the true data lies above the 95th percentile of the null distribution, suggesting strong reproducibility of the TFM

node-weight vectors across the two groups of subjects.
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Figure 27: Split-half reproducibility; 7 best-matched TFM node-weight vectors. Here we see the full 142-element node-weight vectors as projected
out of the 21-dimensional reduced space of the data seen by the temporal-ICA. Many of the plots appear relatively smooth purely because of the re-ordering

of the nodes by the initial hierarchical clustering of the correlation matrix after the initial spatial-ICA.
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Figure 28: Split-half reproducibility; 7 best-matched TFM node-weight vectors. Here we see the 21-dimensional node-weight vectors (the internal

mixing matrix) seen by the temporal-ICA.
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9 Comparing TFMs against analyses from a separate dataset

In order to gain further confidence in the robustness and reproducibility of the TFMs that we found in the short-TR dataset, we
carried out some analyses using a more “standard” dataset, with 36 healthy adult subjects’ 6-minute resting data with a TR of
2.04s acquired at 3T on a Siemens Trio, with the subjects instructed to lie with eyes open, with ambient light minimised. This
is the dataset used in [34] and [35], i.e., the same dataset that we used previously to compare RSN maps against spatial-ICA
components from the BrainMap task-FMRI database. Because these datasets were of shorter duration, lower quality and
longer TR than the short-TR dataset used for the majority of our TFM work, the robustness of TFMs estimated from this data
set was worse than from the short-TR data. Nevertheless, data quality was sufficient to produce several very encouraging

results.

The initial group-wise spatial-ICA was carried out with a dimensionality of 150, from which 25 artefactual components were

excluded, leaving 125 functional nodes with associated timeseries to feed into the temporal-ICA.

Our first investigations concentrated on the visual area nodes. On the basis of an initial hierarchical clustering of the raw
correlation matrix (similar to that shown in SI Figure 1), and on inspection of the nodes’ spatial maps, we chose 20 nodes
that covered the visual areas, and fed the timeseries from just these nodes into temporal-ICA, with a dimensionality of 3,
to extract the 3 main visual-related TFMs. The results are shown in Figure 29. We used just this subset of the data, and a
low number of components, in order to increase robustness of the temporal-ICA, given the limited suitability of this standard
dataset for the TFM analysis. Hence the spatial maps from the standard dataset are mostly limited in extent to the visual
areas primarily covered by the 20 visual nodes used for the analysis. Nevertheless, the results are compelling, and spatial

correlations between matched pairs of maps from the two datasets are significant with P < 1075,

When running a 21-dimensional temporal-ICA on all 125 nodes’ timeseries from the standard dataset, we found reasonable
reproducibility on a split-half analysis (18 subjects vs. the other, distinct, 18 subjects), with at least 10 TFMs showing
significant reproducibility. 3 TFMs of particular note, in terms of their reproducibility, spatial similarity to 3 TFMs found from
the short-TR data, and non-similarity to known RSN spatial maps, are shown in Figures 30-32. These show reproducibility
in interesting aspects of each of the 3 TFMs: TFMS8 (showing anti-correlation between DMN areas and higher-level visual),
TEFM13 (showing anti-correlation between DMN areas and language areas) and TFM15 (showing a nearly-global signal

anti-correlated with insula).

Finally, we regressed the 21 short-TR TFM spatial maps onto the standard data in order to obtain the characterisitc TFM
timecourses from the standard dataset without needing to run the full TFM analysis (as discussed above, because of the
relative non-suitability of the standard data for TFM analysis). We then estimated the mutual-information between all pairs of
TFM timecourses, in order to test the hypothesis that these should be more statistically independent than timecourses derived
from spatial-ICA. For the latter, we ran a group-wise 21-dimensional spatial-ICA on the standard dataset, and extracted the

RSN timecourses. The results are shown in Figure 33.

The main result is that the TFM timecourses are indeed significantly more statistically independent of each other than the
RSN timecourses (i.e., significantly lower mutual information t = 15.4,p < 1075). We also evaluated the effect of random

mixing and random rotation (i.e., applying an orthogonal random mixing matrix) of the RSN timeseries; this either increased
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short-TR ' standard

Figure 29: 3 visual TFMs from a TFM analysis of 20 visual nodes (right part of each sub-image) from a standard resting-FMRI dataset, compared
against the short-TR visual TFMs 2, 4 and 8 (left part of each sub-image).
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Figure 30: Left: TFM 8 from the short-TR data. Right: the matching TFM from the standard dataset.

5

Figure 31: Left: TFM 13 from the short-TR data. Right: the matching TFM from the standard dataset.
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Figure 32: Left: TFM 15 from the short-TR data. Right: the matching TFM from the standard dataset.
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Figure 33: Mutual information between RSN and TFM timeseries from the standard dataset, with TFMs derived by regressing short-TR TFM
spatial maps into the standard-TR FMRI data. Each boxplot shows the distribution of mutual information values across all possible pairs of RSN or
TFM timeseries; the higher the mutual information, the lower the statistical independence. The standard dataset TEM timeseries are significantly more
independent of each other, despite being derived via a separate dataset. Random mixing of the RSN timeseries did not result in greater independence of the

timeseries.
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the mutual information between timeseries, or left it unchanged - further evidence that the TFM timeseries are indeed more

independent of each other than the RSN timeseries, in a meaningful way.
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10 Consideration of TFM analysis vs. spatial-ICA and temporal-ICA on original
data

An implementational question of interest is whether it is necessary to carry out the initial spatial-ICA (to generate a large
number of nodes), given that the dimensionality is then reduced to a comparatively small number for the final temporal-ICA.
Mathematically, feeding the original data directly into temporal-ICA (with the dimensionality reduced by an initial PCA to
the number of temporal-ICA components to be found) is very similar to what we have done. However, being able to identify
artefactual components from the high-dimensional spatial-ICA, and regress these out of the non-artefactual components, is
one practical advantage of the approach that we have taken.* Nevertheless, we have also carried out a direct 21-dimensional

temporal-ICA on the original group-wise (concatenated) data, and indeed achieved similar results to the TFMs shown above.

A second difference between the two approaches is that the PCA dimensionality reduction will act differently. If PCA
is applied to the original data, the number of voxels acting with a similar timecourse will affect the reduction (the more
voxels that are synchronised with respect to a particular underlying process, the more likely that process is to be kept by
the dimensionality reduction). However, if PCA is applied to the set of node timeseries, as we have done in our main TFM
analyses, the number of voxels that effectively fed into a given node is not considered; all nodes potentially carry equal weight
with respect to the dimensionality reduction. This may be an advantage (e.g., in terms of being able to identify important,
smaller, nodes) or may be a disadvantage (e.g., in terms of making less robust use of the available signal in the data), and is

something we will investigate further in the future.

Finally, it is interesting to consider the recent results reported in [36], where temporal-ICA was applied to MEG timeseries
(more specifically, source-reconstructed Hilbert envelope timeseries), and at least 8 of the resulting spatial maps were found
to be very similar to the RSN spatial maps derived from a low-dimensional spatial-ICA from resting FMRI data (in fact, the
same “standard” dataset that we have used above). The question arises: if the arguments and results that we have presented
in this paper are correct, surely the MEG temporal-ICA results should not look so similar to the spatial-ICA results from
resting FMRI (in the sense that the TFM spatial maps presented above are in many aspects quite distinct from known RSN
spatial maps). We hypothesised that this might be due to the much greater spatial smoothness present in the MEG data, and
possibly (related to this) the lower intrinsic dimensionality of the less spatially detailed data. We carried out a basic test of
this hypothesis by applying a very large amount of smoothing (Gaussian smoothing of full-width half-maximum 20mm) to
our 4D datasets before re-running groupwise temporal-ICA directly on these 4D datasets concatenated temporally across all
runs/subjects (working in 4mm resolution MNI152 standard space for computational practicality). The ICA spatial maps that
resulted from this of course had considerably less spatial detail in them, and, judging qualitatively, did indeed look much
more like low-dimensional RSN spatial patterns than do the TFM results presented above. However these are just initial,

qualitatively judged, results, and these issues deserve further study in the future.

4If the group-level ICA is to do a good job of estimating artefacts as well as signal, it is likely that we would want to estimate a large number of
components (to best separate out all possible artefacts and signals). This argues for the use in the first instance of spatial-ICA (rather than moving straight
into the temporal-ICA); because (even with our accelerated FMRI) it is still the case that spatial-ICA will be more robust than temporal, we can therefore do
a better job of finding (and then regressing out) the (potentially large number of) artefacts at the group level using spatial-ICA before moving on to the final

temporal-ICA decomposition.
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