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Abstract

Resting-state functional magnetic resonance imaging (fMRI) has been used to study brain
networks associated with both normal and pathological cognitive function. The objective of this
work is to reliably compute resting state network (RSN) topography in single participants. We
trained a supervised classifier (multi-layer perceptron; MLP) to associate blood oxygen level
dependent (BOLD) correlation maps corresponding to pre-defined seeds with specific RSN
identities. Hard classification of maps obtained from a priori seeds was highly reliable across new
participants. Interestingly, continuous estimates of RSN membership retained substantial residual
error. This result is consistent with the view that RSNs are hierarchically organized, and therefore
not fully separable into spatially independent components. After training on a priori seed-based
maps, we propagated voxel-wise correlation maps through the MLP to produce estimates of RSN
membership throughout the brain. The MLP generated RSN topography estimates in individuals
consistent with previous studies, even in brain regions not represented in the training data. This
method could be used in future studies to relate RSN topography to other measures of functional
brain organization (e.g., task-evoked responses, stimulation mapping, and deficits associated with
lesions) in individuals. The multi-layer perceptron was directly compared to two alternative voxel
classification procedures, specifically, dual regression and linear discriminant analysis; the
perceptron generated more spatially specific RSN maps than either alternative.
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1 Introduction

Biswal and colleagues first described resting state functional magnetic resonance imaging
(FMRI) in 1995 (Biswal et al., 1995). The literature in this field has since been growing
exponentially (Snyder and Raichle, 2012). Most of this work has been directed towards
describing the statistical properties of intrinsic blood oxygenation level dependent (BOLD)
signal fluctuations in health and disease (Biswal et al., 2010; Fox and Greicius, 2010;
Pievani et al., 2011; Zhang and Raichle, 2010). Spontaneous BOLD activity recapitulates, in
the topographies of its temporal covariance structure, task-based fMRI responses to a wide
variety of behavioral paradigms (Smith et al., 2009). These topographies currently are
known as resting state networks (RSNs) or, equivalently, intrinsic connectivity networks
(ICNs). RSNs have now been mapped over virtually all of the cerebral cortex as well as
many subcortical structures including the cerebellum (Buckner et al., 2011; Choi et al.,
2012; Lee et al., 2012; Power et al., 2011; Yeo et al., 2011). Critically, although RSN
topographies differ across individuals (Mennes et al., 2010; Mueller et al., 2013), previously
reported results generally have been reported at the group level. Effectively capturing
individual differences in RSN organization would enhance the study of how intrinsic
activity accounts for individual differences in human behavior and cognition. Reliable RSN
mapping in individuals has multiple applications, for example, in the study of the
physiological basis of inter-individual differences in cognition, e.g., (Cole et al., 2012;
Koyama et al., 2011). Similarly, improved RSN mapping in individuals could be useful in
the study of how focal lesions, e.g., strokes, lead to performance deficits (Carter et al., 2010;
Golestani et al., 2013; He et al., 2007); such studies are difficult at the group level because
of lesion heterogeneity. Yet another application is to improve the delineation of “eloquent”
cortex prior to neurosurgery, to potentially reduce iatrogenic deficits (Otten et al., 2012; Tie
et al., 2013; Zhang et al., 2009). Pre-operative task-fMRI has been used for this purpose
(Wurnig et al., 2013) but often fails because patients are unable to comply with task
paradigms. Lastly, individual RSN mapping could enhance functional co-registration, i.e.,
using RSN features to refine anatomical registration (Conroy et al., 2013; Sabuncu et al.,
2010).

Two analytic strategies, seed-based correlation mapping (Biswal et al., 2010) and spatial
independent components analysis (SICA) (Beckmann, 2012), have so far dominated the field
of resting state fMRI. RSNs obtained by sICA are theoretically unbiased by prior
assumptions. However, ICA is not robust at the single subject level; results obtained by this
technique invariably are reported at the group level. Seed-based correlation mapping uses
priors if it is limited to only a few seeds. However, systematically defining many seeds over
the entire brain (Wig et al., 2013) and analyzing the results using graph theoretic tools
(Power et al., 2011) or inner product based clustering (Lee et al., 2012; Yeo et al., 2011)
effectively achieves independence from priors. Both ICA and systematic seed-based
correlation mapping exemplify unsupervised learning. Therefore, RSNs obtained by these
methods may differ not only in topography (i.e., extent and shape), but also in topology (i.e.,
number of distinct nodes making up a single RSN), depending on the granularity of the
recovered components within the modular hierarchy of RSNs (Meunier et al., 2010). To
illustrate, the default mode network (DMN) is a constellation of regions including the
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posterior cingulateprecuneus cortex (PCC), midline prefrontal cortex, lateral parietal cortex,
superior frontal cortex and posterior cerebellum. The DMN may be recovered in its entirety
(Fox et al., 2005) using highly supervised methods. However, unsupervised strategies
variably recover the DMN in fragments (Kahn et al., 2008; Smith et al., 2009), or combined
with fragments of other networks (Doucet et al., 2011; Lee et al., 2012; Yeo et al., 2011).
Such inconsistencies stem from the fact that unsupervised learning procedures are not
constrained to a particular topological scale; therefore, some post-hoc classification strategy
(e.g., template matching) must be used to establish RSN identity.

The present work is fundamentally different in that the objective is not to discover RSNs nor
to study their functional relevance, but rather to map the topography of known RSNs in
individuals. To this end, we trained a multi-layer perceptron (MLP) to estimate RSN
memberships of brain loci on the basis of BOLD correlation maps. A perceptron is a feed-
forward artificial neural network, originally modeled on the human visual system, trained to
associate weighted sums of input features with pre-defined output classes (Rosenblatt,
1958). After training, the MLP decision boundaries are fixed; thus, subsequent results are
guaranteed to represent the same entity (at the same topological scale) across individuals or
populations. Perhaps the best-known application of perceptrons is to recognize (classify)
handwritten digits (Lecun et al., 1989). This application has obvious utility in automatic
routing of letters at the post office. To distinguish between supervised vs. unsupervised
learning, consider discovering the characters used to represent numbers in the decimal
system by analysis of a large sample of addressed letters. This is very different from training
a perceptron to read (classify) known numerals, e.g., zip codes on addressed letters.
Analogously, RSN discovery, using group sICA or any other unsupervised method, is very
different from preparing a trained MLP to map known RSNs in new subjects.

In the above example, each character must represent one and only one numeral. However,
we do not assume that every brain region belongs to a single RSN. We allow each locus in
the brain to belong to any RSN to a variable degree. Accordingly, RSN membership
estimation represents regression rather than classification. However, classification and
regression are closely related mathematically. MLP outputs, which approximate posterior
probabilities of class membership (Ruck et al., 1990), can be converted to hard
classifications by identifying the output class of greatest magnitude. We report both
continuous RSN estimates and hard classifications (“winner-take-all” maps). MLP
performance was characterized by residual error for the former and receiver operating
characteristic (ROC) analysis for the latter (Section 2.4.3).

Our methodology represents a solution to an engineering problem, namely, mapping RSNs
in individuals. However, MLP training performance offers valuable information about the
structure and separability of resting-state networks. Differential performance across RSNs
may provide insight into their relative inter-subject variability and complexity. MLP
performance also provides an objective measure of data quality that can be used to study the
effects of varying acquisition and preprocessing methodologies. We demonstrate this
concept by determining the quantity of BOLD data required to reliably compute RSN
topography in individual subjects. Similarly, we empirically determine the optimal ROI size
for generation of correlation map training data. As a final result, two alternative strategies
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for extending group-level RSN topographies to individuals (linear discriminant analysis and
dual regression) are compared to the MLP. This comparison shows that the MLP provides
superior RSN mapping specificity.

2 Methods

The Methods section is organized as follows: We first describe the fMRI datasets (section
2.1) and neuroimaging methods (2.2). We next describe the task-fMRI meta-analyses (2.3)
used to isolate seed ROIs. These seeds were used to generate the MLP training data. MLP-
specific methodology is divided into design (2.4) and application (2.5). The design phase
(2.4) used correlation maps corresponding to seed ROIs with categorical RSN labels to train
(2.4.2), evaluate (2.4.3), and optimize (2.4.4, 2.4.5) the MLP. Application of the trained
perceptron to individuals generated voxel-wise estimates of RSN membership throughout
the brain (2.5). MLP results then were compared to dual regression (DR) and linear
discriminant analysis (LDA) (2.6).

2.1 Participants

Perceptron training, optimization and validation used data sets previously acquired at the
Neuroimaging Laboratories (NIL) at the Washington University School of Medicine. A
second, large validation data set was obtained from the Harvard-MGH Brain Genomics
Superstruct Project (Yeo et al., 2011). All patients were young adults screened to exclude
neurological impairment and psychotropic medications. Demographic information and
acquisition parameters are given in Table 1.

2.2 Neuroimaging methods

2.2.1 MRI acquisition—Imaging was performed with a 3T Allegra (NIL) or Tim Trio
(Harvard-MGH) scanner. Functional images were acquired using a BOLD contrast sensitive
gradient echo echo-planar sequence [parameters listed in Table 1] during which participants
were instructed to fixate on a visual cross-hair, remain still and not fall asleep. Anatomical
imaging included one sagittal T1-weighted magnetization prepared rapid gradient echo (MP-
RAGE) scan (T1W) and one T2-weighted scan (T2W).

2.2.2 fMRI preprocessing—Initial fMRI preprocessing followed conventional practice
(Shulman et al., 2010). Briefly, this included compensation for slice-dependent time shifts,
elimination of systematic odd-even slice intensity differences due to interleaved acquisition
(Supplemental text section S2.2.2) and rigid body correction of head movement within and
across runs. Atlas transformation was achieved by composition of affine transforms
connecting the fMRI volumes with the T2W and T1W structural images. Head movement
correction was included with the atlas transformation in a single resampling that generated
volumetric timeseries in (3mm)? atlas space. Additional preprocessing in preparation for
correlation mapping included spatial smoothing (6 mm full width at half maximum
(FWHM) Gaussian blur in each direction), voxel-wise removal of linear trends over each
fMRI run and temporal low-pass filtering retaining frequencies below 0.1 Hz.
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Spurious variance was reduced by regression of nuisance waveforms derived from head
motion correction and timeseries extracted from regions (of “non-interest™) in white matter
and CSF. Nuisance regressors included also the BOLD timeseries averaged over the brain
(Fox et al., 2005), i.e., global signal regression (GSR). Thus, all computed correlations were
effectively order 1 partial correlations controlling for variance shared across the brain. GSR
has been criticized on the grounds that it artificially generates anticorrelations (Murphy et
al., 2009). However, GSR fits well as a step preceding principal component analysis because
it generates approximately zero-centered correlation distributions. As well, GSR enhances
the spatial specificity in subcortical seed regions and reduces structured noise (Fox et al.,
2009). The question of whether the left tail of a zero-centered correlation distribution
(“anticorrelations™) is “false” (Damoiseaux and Greicius, 2009) or “tenuously interpretable”
(Yeoetal., 2011) is irrelevant in the context of supervised learning.

Correlation maps were computed using standard seed-based procedures (Fox et al., 2009),
i.e., by correlating the timeseries averaged over all voxels within the seed against all other
voxels, excluding the first 5 (pre-magnetization steady-state) frames of each fMRI run.
Seeds were 5 mm radius spheres initially and 10.5 mm radius spheres after optimization (see
section 5.4.3). Additionally, we employed frame-censoring with a threshold of 0.5% root
mean square frame-to-frame intensity change (Power et al., 2012; Smyser et al., 2010).
Frame-censoring excluded 3.8 + 1.1% of all magnetization steady-state frames from the
correlation mapping computations. Correlation maps were Fisher z-transformed prior to
further analyses.

2.2.3 Surface processing and gray matter definition—Cortical reconstruction and
volume segmentation were performed using FreeSurfer (http://surfer.nmr.mgh.harvard.edu/)
(Dale et al., 1999). Adequate segmentation was verified by inspection of the FreeSurfer-
generated results in all datasets (Table 1). Cortical and subcortical gray matter regions were
selected from the Training set segmentations, thresholded to obtain a conjunction of 30% of
subjects, and then masked with an image of the average BOLD signal intensity across all
subjects, thresholded at 80% of the mode value. This last step removed from consideration
brain areas in which the BOLD signal is unreliable because of susceptibility artifacts. The
resulting 30,981 voxels constituted the grey matter mask. For purposes of visualization,
individual surfaces were deformed to a common space (Van Essen et al., 2012), producing
consistent assignment of surface vertex indices with respect to gyral features across subjects.
Final volumetric results for each subject were sampled onto surface vertices by cubic spline
interpolation onto mid-thickness cortical surface coordinates.

2.3 Meta-analysis of task fMRI and generation of training data

ROls representing distinct RSNs were isolated by meta-analysis of task-fMRI responses. We
initially targeted 10 functional systems, each represented by a variable number of response
foci derived from the literature (Table S1). The initial set of response foci was refined to
ensure that all ROIs assigned to the same RSN generated maximally similar correlation
maps and that ROIs assigned to different RSNs generated distinct correlation maps. These
criteria yielded 169 ROIs representing 7 RSNs with high intra- and low inter-network
correlation (Figures 1 and 2 and Table 2; see Supplemental text section 2.3 for algorithmic
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details). Thus, 3 of the original 10 networks were subsumed into the remaining networks. To
these were added a nuisance category consisting of 6 ROIs in cerebrospinal fluid (CSF)
spaces. The latter enabled the MLP to separate correlation patterns representing CSF vs. true
RSNs. Computing correlation maps for each of the 175 seed regions in all 21 Training
subjects produced 3,675 images used as training data. Each image in the Training set was
masked to include only grey matter voxels, producing a 3,675 x 30,981 matrix. Similarly,
175 regions 17 subjects = 2,975 images, 175 regions - 10 subjects = 1,750 images and 175
regions - 692 subjects = 121,100 images, were computed in the Optimization, Validation 1,
and Validation 2 data sets, respectively.

2.4 MLP design

The core of a perceptron is an artificial neural network consisting of an input, hidden, and
output layer, each consisting of nodes fully connecting to the next layer (all-to-all feed-
forward). Training samples are passed into this feed-forward network and the output is
compared to the a priori assigned RSN label. The error in this comparison is used to update
the connection weights, between layers to increase the performance of the MLP (Rumelhart
et al., 1986).

2.4.1. Principal components analysis (PCA) preprocessing—Expressing MLP
inputs as eigenvector weights, in other words, preceding the MLP proper with a PCA layer,
enabled dimensionality reduction without significant loss of information (Erkmen and
Yildrim, 2008). PCA preprocessing allowed the use of fewer hidden layer nodes, reduced
the size of the weight matrices and accelerated the training process by a factor of ~500. PCA
was performed on the matrix of gray matter masked correlation images constituting the
Training set (21 subjects - 175 seeds = 3,675 images, each image comprised of 30,981 gray
matter voxels). Each correlation map then was represented as its projection along some
number of PCs. The number of PCs, and correspondingly, the number of input nodes (N;)
was a hyper-parameter subject to optimization (see section 2.4.4). The number of PCs used
to optimize global performance (minimize squared error summed over classes) was 2,500
(see Section 2.4.4).

2.4.2. MLP training—Training data, represented as vectors in PCA space, were presented
to the MLP input layer. Each training example was associated with a desired output value
determined by its a priori assigned RSN label. The MLP generated 8 (7 RSN and one CSF)
output values for each training example. During training, these outputs were compared to the
desired values (1 at the node corresponding to the a priori assigned label, 0 at other nodes).
This comparison generated error signals used to update the connection weights. Algorithmic
details are given in Appendix A, which includes a detailed schematic of the present MLP
structure (Figure Al).

2.4.3. Quantitation of MLP performance—MLP error was defined as the difference
between the MLP outputs and a priori assigned RSN labels (see above). Total RSN
estimation performance was evaluated as root mean square (RMS) error aggregated over all
output classes, across all training samples (participants x ROIs). Similar performance
measures were computed for individual RSNs and individually for each participant.
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Classification performance (in the winner-take-all sense) was quantified using receiver
operator characteristic (ROC) analysis. ROC curves define the relation between the true
positive fraction (TPF) vs. the false positive fraction (FPF) across a range of thresholds. An
ROC curve was generated for each RSN. Thus, e.g., for the DAN, the TPF was the fraction
of DAN training inputs above threshold at the DAN output node. Similarly, the FPF was the
fraction of non-DAN inputs above threshold at the DAN output node. Thus, the area under
the ROC curve (AUC) was used as a summary statistic representing classification
performance for each RSN.

Training was paused at logarithmically spaced intervals during the training process and
RMS error as well as AUC were calculated in the Optimization data set. This procedure
produced training trajectories indicating the performance over-all and for each RSN
throughout the training process.

2.4.4. Architecture selection—The number of PCs sampled (N;), and the number of
nodes in the hidden layer (Ny)constitute hyper-parameters subject to optimization. Overall
RMS error was evaluated over a densely sampled N; € 5,6600 x Ny, € 4,5000 space. For
each (N;, Ny) coordinate, a MLP was trained until Optimization set error reached a
minimum. This procedure was repeated (minimum of eight repetitions) for each (N;, Ny)
coordinate to identify the architecture with the least error. This procedure identified 2,500
PCs and 22 hidden layer nodes as the optimal architecture (see Supplemental section S2.4.4
and Figure S2). Similar systematic evaluation MLP performance as a function of ROI size
identified 10.5mm as the optimum (Figure 10B).

2.4.5. Performance optimization by simulated annealing—After identifying the
optimal architecture with least error in the Optimization data set, performance was
iteratively optimized by simulated annealing (Kirkpatrick et al., 1983), countering the
tendency of perceptrons to become trapped in local minima. Mimicking the random
movement of atoms aligning in cooling metal, simulated annealing uses random
perturbations of model parameters to find the global extremum in an objective function
(Geman and Geman, 1984). Perturbations of steadily decreasing size (specified by a
“cooling profile") are guaranteed to find a global minimum, although, in practice, the
necessary cooling profile is prohibitively slow (Kirkpatrick, 1984). The cooling profile was
designed to ensure that the sum of squares of the connection weights was unaltered by the
simulated annealing perturbations and that most weights decreased while a few weights
sporadically increased. Additional simulated annealing details are provided in
Supplementary content (S2.4.5).

Error in the Optimization data was used as heuristic in the above-described iterative
optimization procedure. Therefore, to avoid underestimating generalization error, final
performance was estimated using a fully independent Validation datasets.

2.5 Application of method to individuals

To map RSNs in individual subjects, a correlation map was generated for every voxel in the
brain and then propagated through the optimized perceptron. An overall schematic of this
process is depicted in Figure 2.
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2.5.1. Whole-brain analysis—Each of the 65,549 voxels in the brain generated a
correlation map (Fig. 2A). Projecting correlation map values within the gray matter mask
(30,981 voxels) into PCA space (see section 2.4.1) yielded 2,500 principal component
coefficients (Fig. 2B). Thus, for each participant, the data presented to the MLP were
contained in a 65,549 x 2,500 matrix (same 2,500 dimensional PCA space as used for MLP
training). Each individual's data then were propagated through the perceptron (see section
2.4.2). The first layer (Fig. 2C) reduced the data to 22 features (65,549 x 22 matrix); the
second layer (Fig. 2D) produced MLP outputs (65,549 x 8 matrix). These outputs were used
to compute RMS error. RMS error served as the feedback signal during training and was
also used to assess MLP performance. For display purposes, MLP output values were rank-
order transformed to a uniform [0,1] distribution within each network. This transformation
emphasizes topography rather than magnitude.

2.5.2. Group-level analyses—To visualize group-level results, RSN membership
estimates were sampled onto the cortical mid-thickness surface for each participant.
Averages were then computed across surface vertices. The standard deviation of MLP
output values was also calculated vertex-wise to illustrate regions of high variability. To
visualize group-level results in sub-cortical structures, MLP output values were averaged
voxel-wise across participants. Group-average images were then re-sampled to 1mm cubic
voxels and overlaid on a co-registered MNI152 atlas template.

2.6 Comparison of the MLP to linear discriminant analysis and dual regression

Linear discriminant analysis (LDA) is a classification algorithm that operates by projecting
data onto vectors that maximize the ratio of between-class scatter to within-class scatter
(Appendix B). PCA preprocessing is essential in LDA because the dimensionality of the
input space (originally, tens of thousands of voxels) must be substantially less than the
number of training examples (Belhumeur et al., 1997). By systematic exploration of the
feasible PCA dimensionality range, it was determined that the lowest classification error in
the Optimization set was obtained with 20 principal components. All present LDA results
were obtained with this LDA design.

Dual regression (DR) is a technique commonly used subsequent to group ICA to extend
spatial 1Cs discovered at the group level to individuals. Group ICA is a technique for
discovering RSNs whereas the present work is about mapping known RSNs, not about RSN
discovery (see Introduction). In fact, the present LAN (see section 2.3) typically is not
obtained by group ICA, e.g., (Damoiseaux et al., 2006). Nevertheless, DR is algebraically
well defined regardless of the origin of the group-level RSNs (Appendix B). Here, we used
RSNs derived by meta-analysis of task-fMRI. Seed-based correlation maps were averaged
across all participants and across all seed regions representing each class, generating 7
spatial RSN components and one nuisance component. Dual regression was then performed
as described in Appendix B (cf. (Zuo et al., 2010)).

Voxel-wise RSN estimates were generated using each technique (MLP, DR, LDA) and
converted to a percentile scale as described in section 2.5.1 for visualization. To
quantitatively compare performance across methods, RSN estimates were computed for
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maps generated using the a priori ROIs. Seed-based covariance maps were used to evaluate
DR performance (Eq. (B.5) in Appendix B); seed-based correlation maps were used to
evaluate LDA and MLP performance (Egs. (B.6) and (B.7)). These evaluations yielded RSN
estimates for each seed for each participant for each method. From these values and the
associated a priori RSN labels, ROC curves and AUC scores were computed for each
network (see section 2.4.3).

3.1 MLP training

3.1.1 Statistical properties of the training data—Temporal (Fig 3A) and spatial (Fig.
3B) correlation maps across seeds revealed distinct clustering corresponding to RSNs. Fig
3B exhibits two major clusters, one corresponding to the DAN, VAN, VIS and SMN
networks, and the other corresponding to the FPC, LAN, and DMN networks. This
dichotomy corresponds to the first principal component in Fig 3C. In the PC1 x PC2 plane
(Fig. 3C), DAN (purple) and DMN (red) showed little overlap and appeared at opposite ends
of the PC1 axis. VAN (magenta) and VIS (green) clusters were highly overlapping in this
plane, but well separated in the PC3 x PC4 plane.

3.1.2 Training Process—Figure 4 shows the training performance for the perceptron
optimized for overall performance (2,500 input PCs, 22 hidden layer nodes). For every
correlation map, each perceptron output node value represents an estimate of membership in
a particular RSN.

Perceptron outputs are initially centered at 0.5; as training progresses, within-class output
values increase towards unity, while out-of-class output values decrease towards zero (see
Fig. A3). RMS error across RSNs (Fig. 4A, black line) began near 0.5 and decreased
monotonically until reaching peak performance (Fig. 4A, black arrow); training beyond this
point resulted in over-fitting, i.e., decreasing performance (increasing RMS error) in the
Optimization dataset despite increasing Training performance (see example in Figure A3).

For all networks, the AUC exhibited transient decrement in performance early in training
(Fig. 4C). This feature corresponded to transient changes of slope in RMS error but did not
produce concavity (local minima) in Fig. 4A. RMS error slopes indicated that class
separation was achieved at varying numbers of iterations for different RSNs (Fig. 4B). The
default mode network (red trace) achieved asymptotic performance earliest, and the
language network (orange) latest. Asymptotic performance for the CSF class occurred much
later than any true RSN.

3.2 MLP performance in the Validation datasets

3.2.1 Results in individuals—After completion of training, voxel-wise correlation maps
were propagated through the MLP in the Validation datasets. Well-defined RSN
topographies were obtained in all Validation dataset 1 participants (exemplars shown in Fig.
5). RSN topography summaries are displayed as winner-take-all maps (Fig. 5, lower panel).
The worst Validation 1 AUC was 0.993 with an RMS error of 17.5%. In Validation dataset
2, the mean AUC was .977 with a SD of 0.0085; RMS error (mean + SD) was 19.4% +
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1.73%. The systematically greater RMS error in Validation dataset 2 is accounted for by
systematically less data (12 vs. 48 minutes; see Fig. 10A).

Figure 6 demonstrates the degree to which the MLP to captures individual variability. We
first compared SMN topography to gyral morphology in 5 participants from Validation
dataset 2. Participants were selected for display in Fig 6A as follows: The distribution of
anterior-posterior (AP) positions the SMN (centroid over Talairach Z coordinate [+30,+45],
left hemisphere, X coordinate < 15) was computed over all participants. One exemplar was
randomly selected from each quintile. High SMN values conformed to the detailed
morphological features of of the central sulcus in individuals (red arrows, Fig. 6A, Z = +53).
High SMN values also tracked the AP position of the central sulcus (Fig. 6A, Z = +38). To
obtain a quantitative measure of this tracking, the Y-coordinate of the SMN centroid and the
fundus of the central sulcus were evaluated in Validation dataset 2 participants. The
correlation between these positional measures was highly significant (r = 0.70, p < 10715;
Fig. 6B). This analysis was performed in [the first anonymized] 100 individuals because it
required FreeSurfer segmentation of the cortical surface, which is computationally
expensive.

3.2.2 Validation results at the group level—Figure 7 shows surface projections of
RSN topography estimates averaged over 100 participants in Validation dataset 2. This
figure addresses both the central tendency (top row) of each RSN, as well as inter-subject
variability (middle row). As expected, average network topographies exhibited higher values
(red) near locations of ROIs used to generate training maps (Fig. 1). More importantly, high
RSN scores (in the top 25%) were consistently found in contiguous regions not used to
generate training data. For example, a lateral temporal region was estimated as fronto-
parietal control (Fig. 7, top row, FPC column), and high language network estimates were
assigned to a dorsal pre-motor region (LAN column). These features are also present in the
results in individuals (Fig. 5A). The significance of these observations with respect to
external validity is discussed below (section 4.2).

Further evidence of external validity is shown in Figure 8, which includes all 692
participants in Validation dataset 2. For example, high SMN scores were obtained in
thalamic voxels approximately corresponding to nucleus ventralis posterior and high VIS
scores were obtained in posterior pulvinar (arrows), substantially in agreement with (Zhang
et al., 2008). High VAN scores were obtained the dorso-medial nucleus, refining the
parcellation in (Zhang et al., 2008), who identified this nucleus as functionally connected
with “prefrontal” cortex. The posterior cerebellum (Crus I and I1) and the cerebellar tonsils
were assigned high DMN scores (Figure 7, Z = =30, Z= -47), in agreement with (Buckner et
al., 2011). These results are noteworthy because neither cerebellar nor thalamic ROIs were
used to generate training data. Further, no cerebellar voxels were within the grey matter
mask, which means that the MLP correctly classified cerebellar voxels purely on the basis of
cortical connectivity. High VAN and LAN RSN scores were asymmetrically obtained in the
cerebellum (arrows, Z = —30), appropriately contralateral to asymmetric cerebral results (Z =
+47).

Neuroimage. Author manuscript; available in PMC 2014 November 15.



1duosnuen Joyiny 1duosnue Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Hacker et al.

Page 11

3.3 Comparison of the MLP to alternative RSN estimation schemes

Dual regression (DR) and linear discriminant analysis (LDA) produced RSN topographies
that were broadly similar to MLP results at the group level (Fig. 9A). However, DR and
LDA topographies generally had greater spatial extent and more overlap across networks
than the MLP-derived topographies. For example, the DAN network exhibited strong
(greater than 90th percentile) values in dorsal SMN regions for both DR and LDA, but not
for the MLP method. Similarly, VIS topography extended to SMN and DAN regions in DR
results, less so in LDA results, and minimally in MLP results.

A cross-methodological comparison of classification performance in terms of AUC is given
in Table 4. RSN scores were computed as described in section 2.6. These RSN scores were
converted to hard classifications by identifying the group-derived map yielding the greatest
score for each seed ROI. Linear Projection (LP), the simplest possible method, is included in
Table 4 for comparison with the other methods (see Linear Projection in Appendix B). LP
performance was evaluated using seed-based covariance maps (Eqg. (B.1) in Appendix B).
This is essentially nearest neighbor classification. That is, LP AUC is approximately
equivalent to the probability that a map in, e.g., in PCA space is closest to the group average
RSN template (represented by cluster centers in Figure 3C). Table 4 reports RMS error only
for LDA and MLP results because the outputs generated by Linear Projection and DR are
not confined to the interval [0,1] and cannot be directly compared to a priori labels.

To illustrate the statistical covariance of RSN estimates, ROIs were plotted in planes defined
by pairs of RSN scores (Figure 9B, top row). SMN ROIs (cyan cluster) achieved the highest
score along the SMN axis in the SMN vs. VIS plane, and likewise for VIS ROIs. In plots for
DR and LDA, DAN ROIs achieved relatively high scores in both dimensions (dark blue
cluster in quadrant 1). This observation corresponds to the moderate spatial overlap between
DAN, VIS, and SMN in DR results in Fig. 9A. SMN (cyan) and VIS (green) vectors extend
from the median score to the center of mass of the ROI clusters. These vectors form an acute
angle in the DR results, corresponding to generally correlated SMN vs. VIS estimates of
network identity. LDA separates these vectors by a larger angle, which corresponds to less
VIS-SMN spatial overlap. However, the DAN ROIs still achieve a high score on the VIS
and SMN axes; the significant overlap of the DAN and SMN clusters corresponds to the
spatial overlap of the DAN and SMN topographies in Fig. 9A.

In contrast, MLP showed greater within-network scores and lower across-network scores.
For example, SMN and VIS ROIs achieved values near unity along their respective axes,
while ROIs from other networks, notably DAN, achieved values closer to the median score.
MLP output scores across anti-correlated networks also were closer to the median score. As
might be expected, the contrast between MLP vs. either LDA or DR was especially marked
in the case of difficult to separate RSNs, specifically, LAN vs. VAN and LAN vs. DMN.

Estimates of RSN identity were generally more correlated for DR and LDA methods than
MLP. The Pearson correlation coefficient was computed (across all ROIs) for every pair of
RSN classes, to generate inter-class correlation matrices in Figure 9C. The DR-derived
inter-class correlation (Fig. 9C) retained more of the structure evident in Fig. 3B than the
MLP-derived result. The magnitude of inter-class correlation was smaller for the MLP
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method than for either DR or LDA (p<0.05 and p<10~>, respectively, Mann-Whitney U-
test), indicating that the MLP produced more orthogonal estimates of RSN membership than
the other methods. Overall, classification performance was higher for the MLP (0.982 AUC)
than for DR (0.954) and LDA (0.970).

4 Discussion

The perceptron in this study was trained to associate functional connectivity patterns
(correlation maps) with 7 discrete RSNs. This humber of RSNs corresponds to one
particular scale of correlation structure of intrinsic human spontaneous fMRI activity (Lee et
al., 2012; Yeo et al., 2011). After training, the perceptron recognized new correlation maps
based on features of RSNs learned from the training data. Our results exploit the ability of
the perceptron to operate outside the training data to generate voxel-wise estimates of
network identity throughout the brain in individuals.

There are two primary measures of performance in this study. ROC analysis determines
MLP performance as a classifier in the winner-take-all sense, i.e., categorical membership
under the assumption that brain regions belong to a single RSN. RMS error indicates MLP
performance as a regressor by measuring the deviation of a particular result from the ideal
model of categorical membership. It is possible for the MLP to achieve perfect classification
(AUC of unity) even when RMS error is far from zero. In fact, this is approximately what
we found (Table 3). This result supports a view of the brain in which a given region may
belong to multiple RSN.

4.1 Inter-individual variability of MLP outputs

The present results (Figures 5-7) exhibit a high degree of face validity with respect to the
training data and previously reported RSN results. Thus, for example, components of the
DMN used as seeds to generate the training data were classified as DMN in all participants.
This was true not only for easily classified networks (e.g., the DMN) but also for networks
(e.g., VAN and LAN) that are inconsistently found by unsupervised procedures. The results
shown in Figure 5 illustrate that the perceptron reliably classified RSNs in each individual in
the Validation 1 group (0.984 worst case AUC), even in cases in which the RMS error was
relatively high (> 0.175).

Analysis of voxelwise RSN membership estimates across a large cohort (100 subjects from
Validation dataset 2) revealed RSN-specific zones of high as well as low inter-individual
variability (Fig. 7, middle row). Voxels with high RSN scores generally showed the least
inter-subject variability. Such regions, e.g., the posterior parietal component of the DMN
(Fig. 7, right column), were surrounded by zones of high variability (e.g., a ring around the
angular gyrus). The pre-and post-central gyri consistently showed high SMN RSN scores
but were bordered by regions of high inter-subject SMN variability. Interestingly, inter-
subject variability was low also in areas with RSN scores near 0, particularly in areas
typically anticorrelated with other networks (e.g., low DAN variance in the angular gyrus, a
component of the DMN; low DMN variance in MT+, a component of the DAN) (Fox et al.,
2006).
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At least four factors potentially contribute to observed inter-subject MLP output variability:
(i) limited or compromised fMRI data; (ii) limitations intrinsic to the MLP; (iii) differences
in RSN topography attributable to anatomic variability; (iv) true differences in RSN
topography independent of variable gyral anatomy. We consider each of the possibilities in
turn.

(i) The fMRI data used in the present work were obtained in healthy, cooperative young
adults. Hence, the fraction of frames excluded because of head motion (Power et al., 2012)
was low (about 4%). The total quantity of fMRI data acquired in each individual was
generous by current standards (Van Dijk et al., 2010). However, fMRI data quantity clearly
affects MLP performance (see section 4.5.2 below and Figure 10A). Current results suggest
that more data generally improves MLP performance. The requirements for fMRI data
quality and quantity for acceptable MLP performance in clinical applications remains to be
determined. (ii) High variability in RSN boundary regions (e.g., Fig. 7, DMN, middle row)
may reflect uncertainty attributable to multiple RSN membership, i.e., voxels with high
“participation coefficients” (Guimera and Amaral, 2005; Power et al., 2011). Voxels with
multiple RSN membership may be more difficult to classify because the training data
included only maps derived from seeds assigned to single networks.

(iii) Figure 6 indicates that the MLP captures a substantial portion of anatomic variability.
However, some part of MLP mapping imprecision may be explained by uncorrected
anatomical variability. To investigate this possibility, we compared the overall RSN
standard deviation map (Fig. S3A) to sulcal depth variability (Fig. S3B) and found a weak
spatial correlation (r = 0.2). By inspection, these maps were concordant only at a broad
spatial scale: both showed low variability in primary motor/auditory/insular cortices and
high variability elsewhere. Little correspondence was evident at finer scales (note lack of
annular patterns in Fig. S3B). The degree to which anatomical variability contributes to
spurious variance in RSN topography estimates may be addressed by measuring the degree
to which non-linear or surface-based registration decreases inter-subject variance and
increases overall MLP performance (higher AUC, lower RMS error).

(iv) On the other hand, inter-individual differences may reflect “true” individual variability
in RSN topography independent of gyral anatomy (Mueller et al., 2013). Previous work has
demonstrated that inter-individual differences in task-evoked activity correspond to
“transition zones” in resting state networks (e.g., the boundary between parietal DMN and
DAN regions) (Mennes et al., 2010). These same regions appear in our inter-subject
variance maps for both DMN and DAN (Fig. 7). We also note that areas of high RSN score
variability (pre-frontal, parietal, lateral temporal) broadly correspond to regions exhibiting
the greatest expansion over the course of human development and evolution (Hill et al.,
2010). This correspondence may be coincidental, but it is consistent with the hypothesis that
later developing or evolutionarily more recent areas of the brain tend to be more variable
across individuals.

In summary, there are many potential contributions to observed RSN topographic
variability. Because we did not use non-linear volume registration in this work, Fig. 6 retains
individual differences in gyral anatomy. By inspection, the MLP was able to track these
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differences. Thus, it is reasonable to expect that the MLP will find “true” differences in RSN
topography not attributable to variable gyral anatomy. Future studies are needed to compare
MLP-derived topographies with, e.g., task-evoked responses, after correcting for anatomical
variability.

4.2 External Validity and Generalizability

Two distinct types of external validity, that is, correct classification outside the Training set
(areas covered by the seed ROIs), are evident in our results. First, high overall MLP
performance was achieved for a priori seed-based correlation maps in the Optimization
(98.2% AUC) and Validation 1 datasets (98.8% AUC). Performance was reliable in all
participants (97.1% worst-case AUC), which is critical in clinical applications. Second, and
perhaps of greater scientific interest, the RSN estimates in areas not covered by seed regions
were strongly concordant with previously reported task-based and resting-state fMRI results.
For example, while no temporal FPC seed ROl was included in the training set, a posterior
temporal gyrus locus was classified as FPC (Lee et al., 2012; Power et al., 2011; Yeo et al.,
2011) at the group level (Fig. 7, FPC column). Similarly, the MLP also identified the
parahippocampal gyrus as DMN (Kahn et al., 2008).

The MLP identified as LAN components of dorsal and ventral streams previously associated
with cortical speech processing (Hickok and Poeppel, 2004) see also (Binder et al., 2011).
Whereas the ventral components were bilateral, the dorsal components were left lateralized
(Fig. 8, white arrow, LAN column) (Hickok and Poeppel, 2007). This finding represents a
strong demonstration of external validity, as the left dorsal region was not included in the
Training set. The right inferior cerebellum was first associated with language function by
PET studies of semantic association tasks (Petersen et al., 1988). Identification of this region
here as part of the LAN network (Fig. 8, WTA, Z = =30 and —-47) is doubly significant:
First, no cerebellar seeds were used to generate training data and cerebellar voxels were
excluded from the gray matter mask; hence, these voxels were not seen by the MLP.
Second, lateralized cerebellar RSN components typically are not found by unsupervised
seed-based correlation mapping (Buckner et al., 2011).

These findings highlight the capabilities of supervised learning applied to the problem of
identifying RSNs in individuals. The cortical representation of language (primarily Broca's
and Wernicke's areas) has been extensively studied using task-based fMRI (Binder et al.,
2011) and correlation mapping with a priori selected ROIs (Briganti et al., 2012; Hampson
et al., 2006; Pravata et al., 2011; Tomasi and Volkow, 2012). However, the language
network, as presently defined, typically is not recovered as such by unsupervised methods,
e.g., (Power et al., 2011; Yeo et al., 2011). Rather, components of the LAN are generally
found only at fine-scale RSN descriptions. Thus, an RSN including Broca's and Wernicke's
areas appears as the 11th of 23 components in (Doucet et al., 2011); these same areas were
identified as VAN by Power and colleagues (2011) and DMN by Yeo and colleagues
(2011). Lee et al., (2012), found a component consistent with the presently defined LAN at a
hierarchical level of 11 (but not 7) clusters. Thus, the present work demonstrates the
potential of supervised learning to find networks that are subtle features of the BOLD
correlation structure. These may be minor sub-components within hierarchically organized
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RSNs or functional entities of high scientific interest or clinical value that do not fit within a
hierarchical organization, i.e., extend over multiple levels or across multiple branches.

Because the MLP is a universal function approximator, it is subject to over-fitting. Over-
fitting refers to learning features that are particular to the training set but that do not
generalize to other sets. To minimize over-fitting, we halt training when Optimization
dataset error reaches a minimum (Figure 4A). However, because early stopping is
implemented throughout optimization by simulated annealing, over-fitting may still occur
with respect to the Optimization dataset. Therefore, we demonstrate the performance of the
fully trained MLP in two Validation datasets (Figs. 5-8).

4.3 Comparison of the MLP to dual regression (DR) and linear discriminant analysis (LDA)

The MLP, DR, and LDA all represent different strategies for extending RSN mapping
results obtained at the group level to individuals. The MLP showed better spatial specificity
of RSN estimates than either DR or LDA (Fig. 9A) and produced more orthogonal estimates
of RSN identity in a priori ROIs (Fig. 9B). These comparative results indicate greater
statistical independence of RSN estimates obtained by the MLP. However, perfect
separation of classes was not achieved by any method, as indicated by residual correlation of
RSN estimates (non-zero off-diagonal elements in Fig. 9C). This residual was greatest in the
least separable RSNs (compare Figs. 9C and 2B).

Performance differences across the three methods can be related to their underlying
algebraic structures, which reveal interesting commonalities as well as differences
(Appendix B). All three methods operate by transforming individual voxel-wise covariance
or correlation matrices into 7 dimensional RSN membership estimates at each voxel.
However, the methods differ in the strategies used to achieve separation of RSN estimates.
LDA requires considerable dimensionality reduction by PCA preprocessing. The optimal
number of PCs was found to be 20, but this accounted for only 70% of the variance. In
contrast, the MLP does not strictly require PCA preprocessing although this step greatly
reduces the computational load without sacrificing information. In fact, the MLP
performance optimum was obtained with 2,500 PCs (Figure S2), which included 99.97% of
the variance. DR, as conventionally implemented (Zuo et al., 2010), does not involve PCA
preprocessing or training.

Both LDA and MLP optimize separation of classes using thousands of labeled training
samples, which captures variability across brain regions and individuals. Therefore, the
superior performance of the MLP is not simply attributable to a large number of training
samples. Rather, high-dimensional non-linear classification boundaries allow the MLP to
extract arbitrary features from a large (2,500 PCs) input space. Future work will compare the
MLP to LDA and DR in patients with focal lesions, i.e., stroke or brain tumors. At issue is
performance under circumstances in which RSNs exhibit altered topography.

4.4 Dynamics of perceptron training reflect hierarchical brain organization

Several studies have demonstrated that resting state networks are hierarchically organized
(Boly et al., 2012; Cordes et al., 2002; Doucet et al., 2011; Lee et al., 2012; Marrelec et al.,
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2008). Here, the hierarchical scale of an RSN is reflected in training performance
trajectories (Fig. 4B): the DMN was the first to be separated from other RSNs. The DMN
arguably is the most robust feature in the correlation structure of intrinsic brain activity. Its
topography is very similar across RSN mapping strategies, specifically, spatial ICA
(Beckmann et al., 2005) and seed-based correlation mapping (Yeo et al., 2011). Here, the
DMN and regions anti-correlated with the DMN (Fox et al., 2005) were well separated
along the first principal component of the training data (Figure 3)1.

After the DMN, the sensorimotor and visual networks were next to achieve separation (Fig.
4B). These networks are often seen at the next level down in the RSN hierarchy as offshoots
of the anti-DMN (Lee et al., 2012) or “extrinsic system' (Doucet et al., 2011). The DAN
achieved only a small peak in error descent compared to other “extrinsic' networks, although
this occurred in close proximity to SMN and VIS. In contrast, the LAN and VAN were last
to achieve separation. This corresponds to the observation that LAN and VAN systems are
typically found by analyses extending to lower levels of the RSN hierarchy (Lee et al., 2012;
Power et al., 2011).

4.5 MLP performance applied to the evaluation of fMRI methodology

4.5.1 Objective assessment of image quality—Modern imaging theory defines
image quality as the capacity to enable an observer to perform a specific task (Barrett et al.,
1998; Kupinski et al., 2003). Here, the observer is a multi-layer perceptron and the task is to
assign RSN values (or labels) to each voxel. Performance is evaluated in terms of mean
squared error and ROC analysis. It follows that MLP performance can be used to evaluate
image quality across a wide range of variables, e.g., scanners, and acquisition parameters
(repetition time, run length, resolution), preprocessing strategies (nuisance regression,
filtering, spatial smoothing) and data representations (surface or volume based). We
demonstrate this principle by systematically evaluating MLP performance in relation to
quantity of fMRI data and seed ROI size.

4.5.2 Quantity of fMRI data—The relation between total quantity of fMRI data and MLP
performance is shown in Figure 10A. The plotted points represent three random resamplings
of all data in the Validation 1 dataset. RMS error as a function of data quantity was well fit
(r?=0.994) by a three-parameter empirically derived rational function. The parameterized
function implies that output RMS error monotonically decreases with increasing total fMRI
data length but ultimately asymptotes at ~15.6%. The biological significance of this
asymptote is discussed below (Section 4.6).

4.5.3. Optimal seed ROI size—The relationship between seed ROI radius and RMS
error was explored using the optimal MLP architecture (2,500 PCs, 22 hidden nodes)

determined with 5 mm radius seeds. All seeds were masked to include only gray matter
voxels. The results of systematically varying seed ROI size are shown in Figure 10B. A

Lvarious labels, viz., “task-positive”/“task-negative” (Fox et al., 2005) and “intrinsic”/“extrinsic” (Doucet et al., 2011) have been
attached to the DMN/anti-DMN dichotomy (for a critique of this nomenclature see Spreng, R.N., 2012. The fallacy of a “task-
negative” network. Frontiers in psychology 3, 145.). However, these labels refer to the cognitive operations putatively represented in
functional systems, which topic is outside the scope of the present work.
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clear minimum in RMS error was obtained with seeds of approximately 10.5 mm radius.
Voxel-wise RSN topographies were qualitatively similar across ROI sizes, but larger seeds
generated less noisy RSNs with more pronounced peaks. This result is unexpected, as it
deviates from the current standard practice of using approximately 6 mm radius seeds (e.qg.,
(Marrelec and Fransson, 2011)). There are several possible explanations for this result.
Large seeds may best match the characteristic dimensions of RSNs in the 7-network level
description of the brain. Alternatively, large seeds may compensate for mis-registration in
affinecoregistered, volume-preprocessed data. We anticipate that smaller seeds will be
optimal when estimating RSN membership of surface-coregistered, geodesically smoothed
data. Hence, the results shown in Figure 10B should not be interpreted as unambiguously
indicating that 10.5 mm radius seeds are optimal for correlation mapping in general. Rather,
the large optimal radius (10.5 mm) indicates that averaging over more voxels outweighs loss
of spatial specificity in this paradigm. Alternatively, the resultant increase in blurring may
have corrupted the training data, which can lead to a more robust classifier (Dunmur and
Wallace, 1993).

4.6 Limitations

The present MLP results were obtained using a particular set of RSNs selected for their
scientific and clinical value in the context of ongoing research. A different training set
including other RSNs might be optimal in other circumstances. MLP performance may be
expected to vary with the number and separability of RSNs being classified as well as the
total duration (Fig. 10A) and quality of acquired resting state fMRI data.

As discussed above (section 4.1), inter-individual differences in computed RSN
topographies may reflect multiple factors. Cross-gyral contamination due to the relatively
large voxels used in this study (3—4 mm acquisition, 3 mm post-processing analyses) may
limit the precision of RSN estimation in our dataset (see (Yeo et al., 2011) for a discussion
of this issue). Of greater theoretical importance is that we cannot distinguish between
correctly identified geodesic (parallel to the cortical surface) shifts of RSN topography
versus morphological differences in gyral/sulcal anatomy. Potential strategies for validating
MLP-derived results individuals include comparison with measures of structural
connectivity (Damoiseaux and Greicius, 2009) and invasive electrophysiologic recording
(He et al., 2008).

As shown in Figure 3B as well as in prior work (Boly et al., 2012; Doucet et al., 2011; Lee
et al., 2012; Marrelec et al., 2008), RSNs are hierarchically organized. Thus, a major
dichotomy separates the “extrinsic' (DAN, VAN, VIS, SMN) from “intrinsic' networks (FPC,
LAN, DMN). At the next level of granularity, RSN blocks are distinguishable within the
major dichotomy. However, the cognitive domains corresponding to these RSNs (e.g.,
“motor’, “language', “attention’, etc.) are not conventionally regarded as hierarchically
organized. Our training labels are categorical because they were generated from task-fMRI
responses corresponding to conventionally understood cognitive domains (Table 2). Thus,
this work is fundamentally limited in that we impose a “flat' conceptualization of brain
function onto an intrinsically hierarchical system. This is reflected in the fact that ROls are
almost perfectly classified (by the AUC measure) in all datasets, yet RMS error always
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remains substantial (15%—20%) (Table 3, Fig. 10A). The existence of this residual may
indicate that resting-state brain networks are inherently non-separable in the sense of
classification. Indeed, this is consistent with the notion of “near decomposability” of
hierarchical systems formed by multiple, sparsely inter-connected modules (Simon, 1995);
this concept has been extended to brain networks (Meunier et al., 2010).

Another potential limitation is that all present analyses assume temporal stationarity, as do
the overwhelming majority of extant papers on intrinsic BOLD activity. However, a
growing literature (Chang and Glover, 2011; Kiviniemi et al 2011; Hutchinson et al 2012;
Allen et al 2012) indicates that resting state correlation patterns fluctuate on a time scale of
minutes. Our analysis of the effect on classifier performance of varying the total quantity of
fMRI data (Fig. 10A) utilized contiguous epochs to the extent possible given fMRI runs of
duration ~5 minutes. Less data reliably yielded worse performance. This result may be
attributable either to sampling error (i.e., limited signal to noise ratio) or true temporal non-
stationarities or both. Similarly, the performance floor may reflect non-stationarities.
Disambiguating these possibilities would require much longer contiguous acquisitions.

4.7 Summary

The MLP estimates RSN membership at the voxel level via computed correlation maps.
After training, it reliably identifies RSN topographies in individuals. RSN estimation is
rapid (2 minutes using Matlab running on Intel i7 processors) and automated, hence suitable
for deployment in clinical environments. After training, operation is independent of any
particular seed. Therefore, the trained MLP is expected to be robust to anatomical shifts and
distortions, for example, owing to enlarged ventricles and mass effects or even loss of neural
tissue (e.g., stroke).

In this work, the MLP was trained to operate in 3D image space for compatibility with
clinical imaging formats. However, the MLP concept can be readily adapted to operate on
correlation maps represented on the cortical surface. Similarly, an MLP can be trained to
ignore anatomical abnormalities (e.g., brain tumors) by altering the domain of the training
set, i.e., excluding tumor voxels. This possibility will be explored in future work.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Appendix A

The input to the MLP algorithm consists of correlation maps projected onto eigenvectors
computed by PCA preprocessing of the training data (see main text section 2.4.1). Each
input's loadings onto the i-th eigenvector, y;, is formally defined as the output value of the i-
th input layer node. This corresponds to the first layer in Fig. Al.

The total input to a hidden or output layer node, vy or vy, respectively, is computed as the
sum of all output values from the previous layer weighted by feed-forward connections:

2500

Uy =D Yi Why
0
% (A1)

Vo = Z Yh * Woh
h=1

where i, h, and o index input, hidden, and output nodes; y, indicates the output value
received from hidden layer node h; wy,; indicates the connection weights from input node i to
hidden layer node h, and similarly for hidden to output layer connections wgp,. In this work,
connection weights were initialized by sampling values from a uniform distribution over the
interval [-0.01, 0.01].

Total inputs to each node are transformed into output values by layer-specific activation
functions, ¢n and ¢, Which are the hyperbolic tangent and logistic curves, respectively:
yn =¢@p vp=tanhb- vy
—vo ! (A-Z)
Yo =%Po vo=1+e"% |
where b =0.1. The hidden node index, h, ranges from 1 to 22. The output node index, O,
ranges from 1 to 8.

The overall transfer function of the perceptron is given in Eq. (A.3). This formula represents
the propagation of inputs through the MLP (Figure Al):

Yo=¢0 (th (Zyt : wm) ~woh> (A3)
h i

After propagation of the input data, the output value for each node, y,, is compared to the a
priori RSN output labels, d, € 0,1, to find the error e5 = dg - Yo. The total squared error,
summed across all output nodes and all training samples, is given by E. The local gradient of
the total error at output node o is computed as:

dE  dE dy, /
5 = — = — . E .
° dv, dy, dv, Co o < n Yh who) (A4

where the prime notation indicates the first derivative of ¢, (see application of chain rule in

Eq. 4 in (Rumelhart et al., 1986)). Note that the derivative of the input, v,, with respect to
the weights, wgh, in Eq. (A.1) is simply the output from the previous layer, yn. The chain
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rule can therefore be used to calculate how total error changes with respect to the weights,

) dE dE  dv, ) ) ) )
i.e., —dwo;,,: dv,  dw. =0 - Yn. This gradient can thus be used to adjust the connection

weights:

Wy, (k+1) =won (k) —n (k) - 06 (k) - yn (k) (A5)

where 1 is the instantaneous learning rate (see Eq. (A.9) below and Fig. A2) and k is the
iteration index. The weights to the hidden layer from the input layer are similarly adjusted:

Why; k+1:whi k— n k- 6h k- Yi k (A.6)

However, the local gradient of the error at hidden node h, 8, must be computed indirectly
by back-propagation of the local gradient of error at the output layer, weighted by the
connections between the hidden and output layers:

dE

5h:@: . (Zl:wm . yz> . 20:50 “Wep (A7)

The present results were obtained using an empirically determined learning rate parameter
schedule, n k, which depended on the iteration index, k. The range of n values yielding
stable learning was determined, where instability was defined as divergence or oscillation of
classifier weights or output values. The learning rate schedule adaptively increased as a
sigmoid in log iteration index (Fig. A2):

K —
14-e—B-(logyok—M)

n(k)=A+ (A.8)

Thus, A = 5-107* = 11(0) was the initial learning rate and K = 2:1073 = 1) oo the maximal rate;
B=-3; M = 2.5. The presently reported n values provided stable learning with double
precision computations for the final architecture described in this work. Architectures with
larger weight matrices required smaller values of .

Appendix B - Algebraic comparison of methods

This appendix describes the algebraic relationship between dual regression (DR), linear
discriminant analysis (LDA), and the multi-layer perceptron (MLP). We demonstrate that all
three methods act on the second-order statistics over voxel pairs (covariance for DR and
correlation and for LDA and MLP). Each method computes subject-level descriptions of
group-defined spatial components.

B.1 Defintion

Let B; be the BOLD volumetric timeseries (voxels x time) for subject i after preprocessing
and masking to include only grey matter voxels. The voxel-wise temporal covariance matrix

is B; BT, where the superscript T indicates the matrix transpose. Similarly, the voxel-wise
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correlation matrix is p;57, where b is the volumetric timeseries after normalizing each voxel
to unit variance. Let A be the matrix of group-defined RSN maps (voxels x components).

B.2 Linear Projection (LP)

Projecting voxel-wise covariance maps onto group-defined components is algebraically the
simplest possible method for extending group results to individuals (Eg. (B.1)).

A;=B,BTA (B1)

Eqg. (B.1) generates individual, voxel-wise RSN scores for each group-derived component.
We do not report such maps. However, we do evaluate nearest neighbor LP performance in
comparison to DR, LDA, and MLP (main text Table 4). To perform this comparison in a
manner comparable across methods, covariance maps were generated for all a priori seeds
in all Optimization participants. These maps were projected directly onto the group-defined
RSN components. The resulting scores, i.e., the inner products of each seed-based
covariance map with each group-derived RSN component, were used to perform nearest-
neighbor classification.

B.3 Dual Regression

Dual regression generally is used to extend group-defined results derived by group sICA to
individuals (Zuo et al., 2010). The first step of dual regression assumes a representation of
the BOLD timeseries as a linear model of fixed group-level RSN components, A (voxels x
components), each evolving over an associated timecourse in T; (components x time),

B;=AT;+¢;. (B2

with some error &;. Note that for comparison to our work, A was computed as averaged seed-
based correlation maps rather than independent components; nevertheless A has full column
rank and AT A is invertible. Therefore, the left pseudoinverse can be used to find the least
squares solution for the system of RSN timecourses specific to each individual:

T,=ATB; (83)

—1
where A;f: [ATA} A" is the left Moore-Penrose pseudoinverse of A. It may be noted that

group sICA generates spatially orthogonal components AT A « I, in which caseAir x AT,
However, in our work, the training set of RSNs is only approximately orthogonal. The
second step of dual regression solves for the subject-specific RSN topographies best
described by the timeseries recovered in step 1:

AiIBiT‘iR-F:Bi A+Bi+ (B.4)

where T;:TiT [Tﬂﬂ — Lindicates a right pseudoinverse of T. Note, 7,77 is invertible
because T; has full row rank. Combining Egs. (B.2) and (B.3) yields
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A; =B; A*BT A*B, AtBT

_ B.5
=B;BTA*T T,17" )

Thus, dual regression computes group-defined RSN topographies in individual i as a linear

transformation on the voxel-wise covariance matrix, B; B To evaluate DR classification,
the quantities necessary to define the final algebraic form of dual regression, i.e., A*T and

TiTiT’l in Eq. (B.5), were first computed for each participant. Seed-based covariance maps

then were generated for all ROIs and all participants and inner products with 4+7 TiTiT_l
were computed to obtain RSN scores for each ROI in each individual.

B.4 PCA/LDA

Linear discriminant analysis (LDA) was first described in 1936 (Fisher, 1936). Briefly, this
method computes discriminant vectors that are the basis for a reduced space (of
dimensionality equal to the size of the feature space) in which the between-class vs. within-
class separation has been maximized across training data. LDA preceded by input feature
space dimensionality reduction using principal components analysis (PCA) is well known,
e.g., (Lyons et al., 1999). Here, PCA-LDA was implemented using the same input data and
training labels as for the MLP method, except that 20 principal components gave optimal
performance with PCA-LDA whereas 2500 components was optimal with MLP. After

training, PCA-transformed voxel-wise correlation maps (bibl-TIfV}fg ) were projected onto the

discriminant vectors (W _pa) to produce subject-specific RSN topographies:

Ai=bb] W2 W, (B6)

PCA

B.5 PCA/MLP

The following formulation of the forward pass is simply Eq. (A.3) converted to matrix form,

72500

using the PCA-transformed voxel-wise correlation maps (b;b7 1 ron ) as the input.

A — @opn bibTWEOWL W, (B

PCA

Where W; and W, are matrix forms of the weights between the input and hidden, and the
hidden and output layers, respectively.

B.6 Comment

DR, LDA and MLP all compute individual RSN topographies (A;) by algebraic

transformation of observed individual second order voxel-wise statistics, i.e., B;BI, or b} .
Several differences between the methods are evident in Egs. (B.5)-(B.7):

* LDA and DR involve strictly linear operations whereas the MLP includes nonlinear
activating functions ¢p, ¢g.
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»  The dimensionality of the LDA vs. MLP weight matrices is very different: W pa is
20 x 7 whereW is 2500 x 22 and is W, 22x 7. Thus, compared to LDA, the MLP
has many more connection weights available for optimization.

*  All three methods project B; B or ;5! onto weight matrices. This operation
amounts to computing the inner product of an individual's covariance/correlation
matrix times a set of RSN-specific templates. In fact, to the extent that SICA-
derived templates are spatially orthogonal AT AR 1, the first factor in Eq. (B.5)
reduces to a simple projection of B; BT onto A, which is equivalent to nearest
neighbor classification, i.e., Eq. (B.1).

*  The last factor in Eq. (B.5), TiTiT_], compensates for non-orthogonality of RSN
time courses in each individual. This “unmixing” operation in DR occurs is a space
of dimensionality equal to the number of RSNs (7 in this work). In LDA,
“unmixing” is performed in a larger feature space (20 dimensions). Interestingly,
while the MLP extracts features from a very high dimensional space, the optimal
number extracted features (Ny, = 22) was close to the optimal LDA input
dimensionality.

LDA, a operating with a simple linear transform, required a heavily truncated space for
optimal performance. The optimal dimensionality, 20 PCs accounted for 70.4% of the
variance of correlation topographies with 0.6% of variance in the 20th component. The
optimal space for the MLP method accounted for 99.98% of the variance, including
components of very small variance (2.7-10~7 for the 2500th, 99.98% accounted in total) in
the training data. Performance differences indicate that the MLP more efficiently selects
from a larger set of features (much of which can be noise) with which to model arbitrary
relationships and thus approximates a smooth boundary. LDA must perform a harsh
truncation because of the amplification of noise caused by small components. These PCA
maneuvers are not applicable to conventional dual-regression (Zuo et al., 2010), which does
not explicitly compute the covariance matrix. However, regularization and smoothing steps
theoretically could be performed on the raw BOLD data, B;, using ICA to exclude noise
components from further analysis.
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Figure 1.
Seed ROls for generation of correlation map data. Seed ROIs resulting from a meta-analysis

of task foci (see section 2.3) were defined in volume space. To visualize the surface
variability of volume-defined regions, 5 mm radius spherical ROIs centered on
stereotactically defined coordinates were projected onto surface reconstructions for each
individual. Transparent regions indicate at least 20% surface overlap of ROIs across
subjects. Opaque regions indicate at least 50% overlap. Figure S1 shows both hemispheres
in slice format.
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Figure 2.
Single-subject, voxel-wise estimation of RSNs using the trained MLP. A. Each locus

produces one correlation map that ultimately results in N=7 MLP estimates of network
membership at that locus. B. Each correlation map is masked to include only grey matter
voxels and projected into principal component space. C and D. The masked image is passed
through the neural network. See Appendix A and Figure Al for details of MLP connections
and training process. E. Output values converted to percentiles (uniform distribution over 0
to 1 interval) for surface displays. The 8th (nuisance component) MLP output is not
illustrated.
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Figure 3.
Projection of RSNs into PCA space. A. Temporal correlation matrix: For each subject, the

processed BOLD time-courses were averaged over each seed region. The resulting matrices
were averaged across subjects. B. Spatial correlation matrix: For each subject, correlation
maps were produced for every seed region. Matrices of spatial correlation between each
seed's map were computed, and then averaged across subjects. C. Principal component
analysis: PCA was performed on correlation maps, yielding the eigenvectors of the map-to-
map spatial covariance matrix. Correlation maps for each seed in each subject were
projected onto the PCA components, thus generating a locus in PCA space for each of the
3,675 training images. Color indicates the task analysis from which the region was derived.
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Figure 4.
MLP Training trajectories as reflected in the Optimization dataset. A. Total RMS error as a

function of iteration number. Error decreased monotonically for all networks until reaching a
global minimum. The black line represents the total RMS error across all networks. The
optimal early stopping point was defined as the global minimum of the total RMS error. B.
Change in RMS error for each RSN (sign inverted derivatives with respect to iteration). The
plotted values have been normalized by change in mean RMS error (black curve in A). Note
sequential appearance of -ARMS error peaks and expanded iteration scale. C: ROC curves
plotted in parallel with panel A. AUC values in the Training set asymptotically approached
unity (not shown), whereas the Optimization data exhibited local maxima (inset). The black
line represents the mean AUC across the 7 RSNs. Iterations index is shown on a logarithmic
scale in all plots to emphasize early performance.

Neuroimage. Author manuscript; available in PMC 2014 November 15.



1duosnuel Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Hacker et al.

Page 33

Individual Subjects - Performance by RSN
®DAN .VAN .SM OVIS OFPC OLAN .DMN

Best
Performer
RMSE:
0.148 70%
S0 100%
Nt
Medlan -
Performer
RMSE:
0.164 70%
Worst

Performer

RMSE:
0.175

0.994 AUC

Figure 5.
RSN topographies in individual participants from Validation dataset 1. Voxel-wise MLP

results are shown for 3 participants. These are the best, median, and worse performers as
determined by RMS error. Voxelwise MLP output values have been converted to a
percentile scale within each RSN and sampled onto each individual's cortical surface.
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Figure 6.
MLP SMN results obtained in Validation dataset 2 individuals. A: Five individuals were

selected to represent the correspondence between SMN variability and anatomical
variability in the central sulcus (see text for details). MLP SMN scores are displayed
overlayed on individual MP-RAGE slices. The bright contour corresponds to the 90th
percentile of voxel values. Note: high SMN scores track the shape of the central sulcus (red
arrows). B: Correlation between the Talairach Y-coordinate of the centroid of MLP SMN
(un-normalized) output values and the Y-coordinate centroid of the central sulcus fundus
traced over the path indicated in the right inset figure. The SMN centroid was evaluated over
the X-Y range indicated by the left inset figure.
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Figure 7.
Surface-averaged MLP results. Top: Surface-based average over 100 participants from

Validation dataset 2. Middle: Standard deviation of RSN values across subjects. Bottom:
Winner-take-all maps depict surfaces with patches colored according to the network with the
largest value.
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Figure 8.
Volume-averaged MLP results 692 participants from Validation dataset 2, displayed in

slices. WTA indicates the winner-take-all result (thresholded at 0.7 for the winning value).
All seven networks were represented in the cerebellum despite absence of cerebellar seeds in
the training data. Note left lateralized cerebral foci and right lateralized cerebellar foci for
the language network (white arrows, LAN column); similarly, note right cerebral and left
cerebellar foci for the ventral attention network (white arrows, VAN column).
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Figure 9.
Comparison of MLP to alternative methodologies. A. Selected group-average RSN

topography estimates computed with dual regression (DR), linear discriminant analysis
(LDA), and a multi-layer perceptron (MLP). B. RSN estimates evaluated over a priori seed
ROls. Topography estimates for each network (A) were averaged over voxels within each
seed. The resulting scores were averaged over subjects and plotted for pairs of RSNs (e.g.,
SMN vs. VIS scores). Markers are colored based on the prior assignment of each seed. Line
segments extend from the voxel-wise median score (50th percentile) to the center of mass of
the ROI scores for the two RSNs defining the exhibited plane. Note that only the MLP
successfully separates LAN seeds from DMN along the LAN axis. C. Inter-class correlation
of RSN scores computed as the Pearson correlation coefficient between pairs of RSNs. Note
that RSN scores are least correlated for the MLP, indicating more complete
orthogonalization.
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Figure 10.
Examples of objective evaluation of methodology. A. Effect of total quantity of fMRI data

on MLP performance. The plotted points (small triangles) represent total RMS error
obtained with the fully trained MLP under three random sub-samplings of the Validation 1
dataset. RMS error (E) was fit to a 3-parameter rational function (red line). Asymptotic
RMS error (~15.6%) was estimated from the function model. Note monotonically
decreasing error with increasing data quantity. The large symbols report values for particular
datasets: diamond: Training; circle: Optimization; triangle: Validation 1; square: Validation
2. The inset surface displays show the effect of available data quantity on WTA results. Note
less RSN fragmentation with more data. B. Effect of Optimization ROI size on MLP
performance. Each seed radius was evaluated with 5 replicates. Red line: locally linear
scatterplot smoothing (LOESS, smoothing parameter of 0.5). Note clear minimum at
approximately 10 mm radius.
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Table 1

Characteristics of the Training, Test and Validation datasets.

Dataset Training Optimization Validation 1 Validation 2§
Number of Subjects 21 (TM + 14 F) 17 (8M + 9F) 10 (4M + 6F) 692 (305M + 387F)
Age in years 27.6 (23-35) 23.1 (18-27) 23.3+3(SD) 21.4+2.4(SD)
Scanner Allegra Allegra Allegra Tim Trio
Acquisition voxel size | (4 mm)3 (4 mm)3 (4 mm)3 (3 mm)3

Flip angle 90° 90° 90° 85°

Repetition Time (sec) | 2.16 2.16 3.03" 3.00

Number of frames 128 x 6 runs 194 x 4 runs 110 x 9 runs 124 x 2 runs

Citation

(Leeetal., 2012)

(Fox and Raichle, 2007)

(Fox et al., 2005)

(Yeoetal., 2011)

Page 39

*
Validation data set 1 included a one second pause between frames to accommodate simultaneous electroencephalography (EEG) recording.

§Validation data set 2 was acquired at Harvard-MGH by the Brain Genomics Superstruct Project.
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Table 2

Studies of functional co-activation used to generate seed ROIs.

Page 40

al., 2010)

RSN | Expanded acronym Citation Task paradigm Task contrast Final seed ROIs
DAN | Dorsal Attention Network (Shulman et al., Rapid Serial Visual Cue Type x Time
2009; Tosoni et Presentation (RSVP)
al., 2012)
(Shulman et al., Rapid Serial Visual Cue Location x Cue
2009; Tosoni et Presentation (RSVP) Type x Time
al., 2012) 28
(Astafiev et al., Posner Cueing Task Time
2004; Corbetta et
al., 2000;
Kincade et al.,
2005)
VAN | Ventral Attention Network (Astafiev et al., Posner Cueing Task Invalid vs. Valid
2004; Corbetta et
al., 2000;
Kincade et al.,
2005) 15
(Dosenbach et 10 different cognitive Graph theoretic analysis
al., 2007) control tasks”
SMN | Sensori-Motor Network (Corbetta et al., Posner Cueing Task Motor response
2000; Kincade et
al., 2005) 39
(Petacchi et al., Various auditory stimuli Stimulation vs. Control
2005)
VIS Visual network (Sylvester et al., Visual Localizer Discrete visual stimuli
2008; Sylvester 30
etal., 2007,
2009)
FPC | Fronto-Parietal Control network | (Dosenbach et 10 different cognitive Graph theoretic analysis 12
al., 2007) control tasks™
LAN | Language network (Sestieri et al., Perceptual vs. Episodic Sentence reading
2011; Sestieri et Memory Search Paradigm 13
al., 2010)
DMN | Default Mode Network (Sestieri et al., Perceptual vs. Episodic Memory retrieval
2011; Sestieri et Memory Search Paradigm 32

*
Regions reported by Dosenbach and colleagues (2007) were themselves the result of a meta-analysis.
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Table 3

RSN classification (AUC) and estimation (RMS) performance.

Page 41

Training (N=21) Optimization (N=17) Validation 1 (N=10) Validation 2 (N=692)
Network | Accuracy (AUC) | Error (RMS) | Accuracy (AUC) | Error (RMS) | Accuracy (AUC) | Error (RMS) | Accuracy (AUC) | Error (RMS)
DAN 0.992 15.7% 0.973 20.8% 0.973 21.1% 0.966 23.1%
VAN 0.991 14.9% 0.971 19.6% 0.979 17.7% 0.962 21.0%
SMN 0.998 15.3% 0.988 20.0% 0.994 17.5% 0.983 23.4%
VIS 0.998 11.1% 0.993 14.9% 0.998 12.5% 0.993 16.5%
FPC 0.988 12.7% 0.972 17.1% 0.989 14.8% 0.971 17.7%
LAN 0.993 13.5% 0.985 16.0% 0.991 14.5% 0.979 17.7%
DMN 0.997 13.9% 0.993 19.7% 0.991 17.5% 0.986 20.3%
Mean 0.994 13.6% 0.982 17.8% 0.988 16.2% 0.977 19.5%

These values reflect MLP training with 10.5 mm radius seeds (see Figure 10) and optimization with simulated annealing.
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Table 4

RSN classification performance for alternative methodologies

LP DR LDA MLP
Network | AUC | AUC | AUC | RMSE | AUC | RMSE
DAN 0.900 | 0.938 | 0.953 | 24.5% | 0.973 | 20.2%
VAN 0.853 | 0.918 | 0.958 | 19.9% | 0.971 | 17.9%
SMN 0.949 | 0.957 | 0.989 | 18.5% | 0.988 | 16.4%
VIS 0.913 | 0962 | 0.991 | 17.1% | 0.993 | 13.4%
FPC 0.945 | 0.964 | 0.945 | 19.4% | 0.972 | 17.5%
LAN 0.961 | 0.956 | 0.970 | 18.1% | 0.985 | 14.9%
DMN 0.982 | 0.980 | 0.987 | 19.2% | 0.993 | 14.4%
Mean 0.929 | 0.954 | 0.970 | 19.5% | 0.982 | 17.1%

LP: Linear Projection; DR: dual regression; LDA: linear discriminant analysis; MLP: multi-layer perceptron. Data from the Optimization group
(one correlation map per ROI per subject) were transformed by each method (Appendix B) to produce 7 RSN estimates per map. ROC analysis was
performed to compute classification performance for each method. The differences between the RSN estimates and their ideal labels (dp € 0,1)

were used to compute RMS error for LDA and MLP methods.
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