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Overview

• Static Connectomes

• Individual parcel variability 

• Electrophysiological connectomes

• Dynamic Brain Networks

• Going beyond sliding window with Hidden 
Markov Models
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An obvious exception to the positive-negative interpretation of SMs 
is peg-board dexterity (time taken), where high-scoring subjects per-
form worse. That exception, however, is consistent with the connectome 
result (Fig. 2) insofar as the within-early-visual connections are weaker 
in high-scoring subjects, as are connections with two sensorimotor 
nodes (23 and 26, likely Brodmann areas 4 and 5, respectively).

In summary, we found one significant mode of population vari-
ation that links a specific pattern of brain connectivity to a specific 
pattern of covariance between many behavioral and demographic 
subject measures. The vast majority of the SMs that correlate 
positively with this mode are positive subject traits and measures 
(education, income, IQ, life-satisfaction); those that correlate nega-
tively are mostly negative subject measures. However, although it 
strongly resembled the known general intelligence g factor for many 
of the subject measures, this mode did not trivially map onto just 
the strongest single principal component of the subject measures 
(Supplementary Fig. 4); the CCA mode mapped strongly onto the top  
three SM principal components and not just the first). It is plausible  
that the CCA mode includes a neural correlate of g, but is a more 
general mode of positive brain function and is more directly tied 
to the underlying biology (specifically, connectivity between brain 
regions), given that it is driven both by structured population  
covariance in behavioral measures and by intrinsic brain connec-
tivity. We note that a common criticism of the g factor is that there 
could be many distinct uncorrelated neural systems underlying high-
level cognitive function and that different cognitive tasks will involve 
different, but overlapping, sets of these latent processes, resulting 
in ‘artificial’ correlation between subject measures, and hence the 
appearance of a g factor16. In the future, it will be important to  
determine whether this known unresolvable ambiguity in g factor 
interpretation might be resolved through more fine-grained analysis 
of the data source newly available, the subject-specific functional 
connectomes, potentially even allowing direct investigation of 

We next investigated whether this one CCA mode is indeed unique in 
modeling a substantially larger fraction of the total population variance 
(in the connectome and SM matrices) than the other 99 modes estimated. 
It is clear (Fig. 1c) that the first CCA mode explains a much larger fraction 
of the total data than any other mode and is the only one to fall far outside 
the null confidence interval. Using the null distributions to normalize the 
variance explained into z scores, we found that the primary CCA mode 
has Z = 7.7 for connectomes (the largest of any of the other 99 modes is 
2.7) and Z = 9.2 for SMs (the largest of any other mode is 2.4).

Figure 2a displays the brain connections most strongly associated 
with the CCA mode (for more quantitative results, see Supplementary 
Fig. 2). There was positive overall correlation (across edges, r = 0.20) 
between the CCA connectome-modulation weights and the original 
population mean connectome (Supplementary Fig. 3), indicating  
that subjects that score highly in this CCA mode have stronger  
connectivity overall than low-scoring subjects.

When the data are summarized according to brain regions that most 
strongly contribute to these connections, a pattern emerges (Fig. 2b and 
Supplementary Table 2) that includes bilaterally symmetric peaks in 
medial frontal and parietal cortex, in the temporo-parietal junction and 
in anterior insula and frontal operculum. These regions, taken together, 
have high spatial overlap with the default mode network6,7. Although pre-
cise anatomical dissociations and functional specializations among these 
regions is the subject of debate in cognitive neuroscience, they have been 
associated with many higher level aspects of human cognition, including 
episodic and semantic memory7,8, imagination and construction8, value-
guided decision-making9, delay discounting10, spatial reasoning11, and 
high-order social process such as theory of mind12. With deference to the 
caution required when making reverse inferences13, it may be expected 
that these aspects of cognitive function would have an influence on life in 
a complex society. Although there are peaks in dorsal prefrontal cortex, it  
is notable that the highest node strengths are not centered on the dorso-
lateral prefrontal regions often associated with fluid intelligence14,15.
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Visual acuity (ratio)

No history of psychiatric or neurologic disorders – father
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Regional taste intensity score
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Figure 1 CCA mode subject measure weights,  
connectome weights and data variance  
explained. (a) The set of SMs most strongly  
associated with the CCA mode of population  
variability. SMs included in the CCA are colored  
blue, whereas others (gray) were correlated with  
the CCA mode post hoc. Vertical position is  
according to correlation with the CCA mode and  
font size indicates SM variance explained by the  
CCA mode. We do not report ‘secondary’ SMs  
that are highly redundant with those shown here  
(Supplementary Table 1 shows the complete set  
of SMs that correlate highly with the CCA mode).  
See https://wiki.humanconnectome.org/display/ 
PublicData/HCP+Data+Dictionary+Public-+ 
500+Subject+Release for details of the SMs.  
(b) The principal CCA mode, a scatter plot of  
SM weights versus connectome weights, with  
one point per subject, and an example subject  
measure (fluid intelligence) indicated with  
different colors. The high correlation visualized  
here indicates significant co-variation  
between the two data sets. (c) The total  
variance explained of the original data matrices  
(shown separately for connectomes and subject  
measures) is plotted for the first 20 CCA modes.  
The mean and the 5th to 95th percentiles of the  
null distribution of the same measures, estimated via permutation testing, are shown in black and gray. Using the null distributions to normalize 
variance explained accounts for the fact that the initial modes are expected to have higher correlations, even in the null scenario, but, as can be seen 
from the nulls, this is a very small effect in any case.
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the latent neural systems17, which may help us to understand the  
coordinated interactions among brain systems that give rise to a 
general mode of positive function in humans.

METHODS
Methods and any associated references are available in the online 
version of the paper.

Note: Any Supplementary Information and Source Data files are available in the 
online version of the paper.
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Figure 2 CCA mode connectome weights and associated spatial maps. (a) The 30 brain connections most strongly associated with the CCA mode of 
population variability. To aid interpretation, the CCA edge modulation weights are multiplied by the sign of the population mean correlation; hence 
red indicates stronger connections and blue weaker, for high-scoring subjects (and vice versa for low-scoring subjects). (b) Map of CCA connection 
strength increases (each node’s parcel map is weighted by CCA edge-strength increases, summed across edges involving the node). (c) Group-mean 
functional clustering: four clusters from a hierarchical analysis of all 200 nodes’ population-average full correlation (Supplementary Fig. 3). These 
fall into two groups: one cluster (blue) contains sensory, motor, insula and dorsal attention regions, and a group of three correlated clusters (brown, 
red, yellow) primarily covering the default mode network and subcortical/cerebellar regions. (d) Data presented as in b, but showing CCA connection 
strength decreases. Maps in d and b are largely non-overlapping except in insula. Map in b has spatial correlation of +0.40 with the default-mode areas 
shown in c (that is, high overlap), whereas the map in d has negative correlation (−0.12). The average connectivity strength increase was approximately 
double that of the average decrease (as reflected in the predominance of red edges in a; also, a single map averaging across all 200 edges for each 
node showed a pattern of overall increase highly similar to that in b; finally, both the maps in b and d were thresholded at the 80th percentile of their 
respective distributions, and if the threshold applied to b were applied to d, none of the strength reductions shown would survive).

SM Smith et al (2015) Nature Neuroscience
Human Connectome Project resting state fMRI data (~1000 subjects) 
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An obvious exception to the positive-negative interpretation of SMs 
is peg-board dexterity (time taken), where high-scoring subjects per-
form worse. That exception, however, is consistent with the connectome 
result (Fig. 2) insofar as the within-early-visual connections are weaker 
in high-scoring subjects, as are connections with two sensorimotor 
nodes (23 and 26, likely Brodmann areas 4 and 5, respectively).

In summary, we found one significant mode of population vari-
ation that links a specific pattern of brain connectivity to a specific 
pattern of covariance between many behavioral and demographic 
subject measures. The vast majority of the SMs that correlate 
positively with this mode are positive subject traits and measures 
(education, income, IQ, life-satisfaction); those that correlate nega-
tively are mostly negative subject measures. However, although it 
strongly resembled the known general intelligence g factor for many 
of the subject measures, this mode did not trivially map onto just 
the strongest single principal component of the subject measures 
(Supplementary Fig. 4); the CCA mode mapped strongly onto the top  
three SM principal components and not just the first). It is plausible  
that the CCA mode includes a neural correlate of g, but is a more 
general mode of positive brain function and is more directly tied 
to the underlying biology (specifically, connectivity between brain 
regions), given that it is driven both by structured population  
covariance in behavioral measures and by intrinsic brain connec-
tivity. We note that a common criticism of the g factor is that there 
could be many distinct uncorrelated neural systems underlying high-
level cognitive function and that different cognitive tasks will involve 
different, but overlapping, sets of these latent processes, resulting 
in ‘artificial’ correlation between subject measures, and hence the 
appearance of a g factor16. In the future, it will be important to  
determine whether this known unresolvable ambiguity in g factor 
interpretation might be resolved through more fine-grained analysis 
of the data source newly available, the subject-specific functional 
connectomes, potentially even allowing direct investigation of 

We next investigated whether this one CCA mode is indeed unique in 
modeling a substantially larger fraction of the total population variance 
(in the connectome and SM matrices) than the other 99 modes estimated. 
It is clear (Fig. 1c) that the first CCA mode explains a much larger fraction 
of the total data than any other mode and is the only one to fall far outside 
the null confidence interval. Using the null distributions to normalize the 
variance explained into z scores, we found that the primary CCA mode 
has Z = 7.7 for connectomes (the largest of any of the other 99 modes is 
2.7) and Z = 9.2 for SMs (the largest of any other mode is 2.4).

Figure 2a displays the brain connections most strongly associated 
with the CCA mode (for more quantitative results, see Supplementary 
Fig. 2). There was positive overall correlation (across edges, r = 0.20) 
between the CCA connectome-modulation weights and the original 
population mean connectome (Supplementary Fig. 3), indicating  
that subjects that score highly in this CCA mode have stronger  
connectivity overall than low-scoring subjects.

When the data are summarized according to brain regions that most 
strongly contribute to these connections, a pattern emerges (Fig. 2b and 
Supplementary Table 2) that includes bilaterally symmetric peaks in 
medial frontal and parietal cortex, in the temporo-parietal junction and 
in anterior insula and frontal operculum. These regions, taken together, 
have high spatial overlap with the default mode network6,7. Although pre-
cise anatomical dissociations and functional specializations among these 
regions is the subject of debate in cognitive neuroscience, they have been 
associated with many higher level aspects of human cognition, including 
episodic and semantic memory7,8, imagination and construction8, value-
guided decision-making9, delay discounting10, spatial reasoning11, and 
high-order social process such as theory of mind12. With deference to the 
caution required when making reverse inferences13, it may be expected 
that these aspects of cognitive function would have an influence on life in 
a complex society. Although there are peaks in dorsal prefrontal cortex, it  
is notable that the highest node strengths are not centered on the dorso-
lateral prefrontal regions often associated with fluid intelligence14,15.
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Figure 1 CCA mode subject measure weights,  
connectome weights and data variance  
explained. (a) The set of SMs most strongly  
associated with the CCA mode of population  
variability. SMs included in the CCA are colored  
blue, whereas others (gray) were correlated with  
the CCA mode post hoc. Vertical position is  
according to correlation with the CCA mode and  
font size indicates SM variance explained by the  
CCA mode. We do not report ‘secondary’ SMs  
that are highly redundant with those shown here  
(Supplementary Table 1 shows the complete set  
of SMs that correlate highly with the CCA mode).  
See https://wiki.humanconnectome.org/display/ 
PublicData/HCP+Data+Dictionary+Public-+ 
500+Subject+Release for details of the SMs.  
(b) The principal CCA mode, a scatter plot of  
SM weights versus connectome weights, with  
one point per subject, and an example subject  
measure (fluid intelligence) indicated with  
different colors. The high correlation visualized  
here indicates significant co-variation  
between the two data sets. (c) The total  
variance explained of the original data matrices  
(shown separately for connectomes and subject  
measures) is plotted for the first 20 CCA modes.  
The mean and the 5th to 95th percentiles of the  
null distribution of the same measures, estimated via permutation testing, are shown in black and gray. Using the null distributions to normalize 
variance explained accounts for the fact that the initial modes are expected to have higher correlations, even in the null scenario, but, as can be seen 
from the nulls, this is a very small effect in any case.©
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the latent neural systems17, which may help us to understand the  
coordinated interactions among brain systems that give rise to a 
general mode of positive function in humans.

METHODS
Methods and any associated references are available in the online 
version of the paper.

Note: Any Supplementary Information and Source Data files are available in the 
online version of the paper.
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Figure 2 CCA mode connectome weights and associated spatial maps. (a) The 30 brain connections most strongly associated with the CCA mode of 
population variability. To aid interpretation, the CCA edge modulation weights are multiplied by the sign of the population mean correlation; hence 
red indicates stronger connections and blue weaker, for high-scoring subjects (and vice versa for low-scoring subjects). (b) Map of CCA connection 
strength increases (each node’s parcel map is weighted by CCA edge-strength increases, summed across edges involving the node). (c) Group-mean 
functional clustering: four clusters from a hierarchical analysis of all 200 nodes’ population-average full correlation (Supplementary Fig. 3). These 
fall into two groups: one cluster (blue) contains sensory, motor, insula and dorsal attention regions, and a group of three correlated clusters (brown, 
red, yellow) primarily covering the default mode network and subcortical/cerebellar regions. (d) Data presented as in b, but showing CCA connection 
strength decreases. Maps in d and b are largely non-overlapping except in insula. Map in b has spatial correlation of +0.40 with the default-mode areas 
shown in c (that is, high overlap), whereas the map in d has negative correlation (−0.12). The average connectivity strength increase was approximately 
double that of the average decrease (as reflected in the predominance of red edges in a; also, a single map averaging across all 200 edges for each 
node showed a pattern of overall increase highly similar to that in b; finally, both the maps in b and d were thresholded at the 80th percentile of their 
respective distributions, and if the threshold applied to b were applied to d, none of the strength reductions shown would survive).
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But what about individual variability?
Language network subject maps

•  Individual variability in spatial maps/parcellations can 
translate into apparent changes in functional connectivity



• Two step procedure:

1. Predefine or estimate group atlas

2. Estimate how individuals vary from the group atlas

But what about individual variability?



• All-in-one:

 Estimate a group atlas

 

 Estimate how individuals vary from the group atlas

But what about individual variability?

• Two step procedure:

1. Predefine or estimate group atlas

2. Estimate how individuals vary from the group atlas
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Harrison et al. Large-scale Probabilistic Functional Modes from resting state fMRI., Neuroimage 2015
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ProFuMo
Harrison et al. Large-scale Probabilistic Functional Modes from resting state fMRI., Neuroimage 2015
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An obvious exception to the positive-negative interpretation of SMs 
is peg-board dexterity (time taken), where high-scoring subjects per-
form worse. That exception, however, is consistent with the connectome 
result (Fig. 2) insofar as the within-early-visual connections are weaker 
in high-scoring subjects, as are connections with two sensorimotor 
nodes (23 and 26, likely Brodmann areas 4 and 5, respectively).

In summary, we found one significant mode of population vari-
ation that links a specific pattern of brain connectivity to a specific 
pattern of covariance between many behavioral and demographic 
subject measures. The vast majority of the SMs that correlate 
positively with this mode are positive subject traits and measures 
(education, income, IQ, life-satisfaction); those that correlate nega-
tively are mostly negative subject measures. However, although it 
strongly resembled the known general intelligence g factor for many 
of the subject measures, this mode did not trivially map onto just 
the strongest single principal component of the subject measures 
(Supplementary Fig. 4); the CCA mode mapped strongly onto the top  
three SM principal components and not just the first). It is plausible  
that the CCA mode includes a neural correlate of g, but is a more 
general mode of positive brain function and is more directly tied 
to the underlying biology (specifically, connectivity between brain 
regions), given that it is driven both by structured population  
covariance in behavioral measures and by intrinsic brain connec-
tivity. We note that a common criticism of the g factor is that there 
could be many distinct uncorrelated neural systems underlying high-
level cognitive function and that different cognitive tasks will involve 
different, but overlapping, sets of these latent processes, resulting 
in ‘artificial’ correlation between subject measures, and hence the 
appearance of a g factor16. In the future, it will be important to  
determine whether this known unresolvable ambiguity in g factor 
interpretation might be resolved through more fine-grained analysis 
of the data source newly available, the subject-specific functional 
connectomes, potentially even allowing direct investigation of 

We next investigated whether this one CCA mode is indeed unique in 
modeling a substantially larger fraction of the total population variance 
(in the connectome and SM matrices) than the other 99 modes estimated. 
It is clear (Fig. 1c) that the first CCA mode explains a much larger fraction 
of the total data than any other mode and is the only one to fall far outside 
the null confidence interval. Using the null distributions to normalize the 
variance explained into z scores, we found that the primary CCA mode 
has Z = 7.7 for connectomes (the largest of any of the other 99 modes is 
2.7) and Z = 9.2 for SMs (the largest of any other mode is 2.4).

Figure 2a displays the brain connections most strongly associated 
with the CCA mode (for more quantitative results, see Supplementary 
Fig. 2). There was positive overall correlation (across edges, r = 0.20) 
between the CCA connectome-modulation weights and the original 
population mean connectome (Supplementary Fig. 3), indicating  
that subjects that score highly in this CCA mode have stronger  
connectivity overall than low-scoring subjects.

When the data are summarized according to brain regions that most 
strongly contribute to these connections, a pattern emerges (Fig. 2b and 
Supplementary Table 2) that includes bilaterally symmetric peaks in 
medial frontal and parietal cortex, in the temporo-parietal junction and 
in anterior insula and frontal operculum. These regions, taken together, 
have high spatial overlap with the default mode network6,7. Although pre-
cise anatomical dissociations and functional specializations among these 
regions is the subject of debate in cognitive neuroscience, they have been 
associated with many higher level aspects of human cognition, including 
episodic and semantic memory7,8, imagination and construction8, value-
guided decision-making9, delay discounting10, spatial reasoning11, and 
high-order social process such as theory of mind12. With deference to the 
caution required when making reverse inferences13, it may be expected 
that these aspects of cognitive function would have an influence on life in 
a complex society. Although there are peaks in dorsal prefrontal cortex, it  
is notable that the highest node strengths are not centered on the dorso-
lateral prefrontal regions often associated with fluid intelligence14,15.
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Still smoking
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Figure 1 CCA mode subject measure weights,  
connectome weights and data variance  
explained. (a) The set of SMs most strongly  
associated with the CCA mode of population  
variability. SMs included in the CCA are colored  
blue, whereas others (gray) were correlated with  
the CCA mode post hoc. Vertical position is  
according to correlation with the CCA mode and  
font size indicates SM variance explained by the  
CCA mode. We do not report ‘secondary’ SMs  
that are highly redundant with those shown here  
(Supplementary Table 1 shows the complete set  
of SMs that correlate highly with the CCA mode).  
See https://wiki.humanconnectome.org/display/ 
PublicData/HCP+Data+Dictionary+Public-+ 
500+Subject+Release for details of the SMs.  
(b) The principal CCA mode, a scatter plot of  
SM weights versus connectome weights, with  
one point per subject, and an example subject  
measure (fluid intelligence) indicated with  
different colors. The high correlation visualized  
here indicates significant co-variation  
between the two data sets. (c) The total  
variance explained of the original data matrices  
(shown separately for connectomes and subject  
measures) is plotted for the first 20 CCA modes.  
The mean and the 5th to 95th percentiles of the  
null distribution of the same measures, estimated via permutation testing, are shown in black and gray. Using the null distributions to normalize 
variance explained accounts for the fact that the initial modes are expected to have higher correlations, even in the null scenario, but, as can be seen 
from the nulls, this is a very small effect in any case.
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the latent neural systems17, which may help us to understand the  
coordinated interactions among brain systems that give rise to a 
general mode of positive function in humans.

METHODS
Methods and any associated references are available in the online 
version of the paper.

Note: Any Supplementary Information and Source Data files are available in the 
online version of the paper.
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Figure 2 CCA mode connectome weights and associated spatial maps. (a) The 30 brain connections most strongly associated with the CCA mode of 
population variability. To aid interpretation, the CCA edge modulation weights are multiplied by the sign of the population mean correlation; hence 
red indicates stronger connections and blue weaker, for high-scoring subjects (and vice versa for low-scoring subjects). (b) Map of CCA connection 
strength increases (each node’s parcel map is weighted by CCA edge-strength increases, summed across edges involving the node). (c) Group-mean 
functional clustering: four clusters from a hierarchical analysis of all 200 nodes’ population-average full correlation (Supplementary Fig. 3). These 
fall into two groups: one cluster (blue) contains sensory, motor, insula and dorsal attention regions, and a group of three correlated clusters (brown, 
red, yellow) primarily covering the default mode network and subcortical/cerebellar regions. (d) Data presented as in b, but showing CCA connection 
strength decreases. Maps in d and b are largely non-overlapping except in insula. Map in b has spatial correlation of +0.40 with the default-mode areas 
shown in c (that is, high overlap), whereas the map in d has negative correlation (−0.12). The average connectivity strength increase was approximately 
double that of the average decrease (as reflected in the predominance of red edges in a; also, a single map averaging across all 200 edges for each 
node showed a pattern of overall increase highly similar to that in b; finally, both the maps in b and d were thresholded at the 80th percentile of their 
respective distributions, and if the threshold applied to b were applied to d, none of the strength reductions shown would survive).
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Human Connectome Project resting state fMRI data (~1000 subjects) 
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An obvious exception to the positive-negative interpretation of SMs 
is peg-board dexterity (time taken), where high-scoring subjects per-
form worse. That exception, however, is consistent with the connectome 
result (Fig. 2) insofar as the within-early-visual connections are weaker 
in high-scoring subjects, as are connections with two sensorimotor 
nodes (23 and 26, likely Brodmann areas 4 and 5, respectively).

In summary, we found one significant mode of population vari-
ation that links a specific pattern of brain connectivity to a specific 
pattern of covariance between many behavioral and demographic 
subject measures. The vast majority of the SMs that correlate 
positively with this mode are positive subject traits and measures 
(education, income, IQ, life-satisfaction); those that correlate nega-
tively are mostly negative subject measures. However, although it 
strongly resembled the known general intelligence g factor for many 
of the subject measures, this mode did not trivially map onto just 
the strongest single principal component of the subject measures 
(Supplementary Fig. 4); the CCA mode mapped strongly onto the top  
three SM principal components and not just the first). It is plausible  
that the CCA mode includes a neural correlate of g, but is a more 
general mode of positive brain function and is more directly tied 
to the underlying biology (specifically, connectivity between brain 
regions), given that it is driven both by structured population  
covariance in behavioral measures and by intrinsic brain connec-
tivity. We note that a common criticism of the g factor is that there 
could be many distinct uncorrelated neural systems underlying high-
level cognitive function and that different cognitive tasks will involve 
different, but overlapping, sets of these latent processes, resulting 
in ‘artificial’ correlation between subject measures, and hence the 
appearance of a g factor16. In the future, it will be important to  
determine whether this known unresolvable ambiguity in g factor 
interpretation might be resolved through more fine-grained analysis 
of the data source newly available, the subject-specific functional 
connectomes, potentially even allowing direct investigation of 

We next investigated whether this one CCA mode is indeed unique in 
modeling a substantially larger fraction of the total population variance 
(in the connectome and SM matrices) than the other 99 modes estimated. 
It is clear (Fig. 1c) that the first CCA mode explains a much larger fraction 
of the total data than any other mode and is the only one to fall far outside 
the null confidence interval. Using the null distributions to normalize the 
variance explained into z scores, we found that the primary CCA mode 
has Z = 7.7 for connectomes (the largest of any of the other 99 modes is 
2.7) and Z = 9.2 for SMs (the largest of any other mode is 2.4).

Figure 2a displays the brain connections most strongly associated 
with the CCA mode (for more quantitative results, see Supplementary 
Fig. 2). There was positive overall correlation (across edges, r = 0.20) 
between the CCA connectome-modulation weights and the original 
population mean connectome (Supplementary Fig. 3), indicating  
that subjects that score highly in this CCA mode have stronger  
connectivity overall than low-scoring subjects.

When the data are summarized according to brain regions that most 
strongly contribute to these connections, a pattern emerges (Fig. 2b and 
Supplementary Table 2) that includes bilaterally symmetric peaks in 
medial frontal and parietal cortex, in the temporo-parietal junction and 
in anterior insula and frontal operculum. These regions, taken together, 
have high spatial overlap with the default mode network6,7. Although pre-
cise anatomical dissociations and functional specializations among these 
regions is the subject of debate in cognitive neuroscience, they have been 
associated with many higher level aspects of human cognition, including 
episodic and semantic memory7,8, imagination and construction8, value-
guided decision-making9, delay discounting10, spatial reasoning11, and 
high-order social process such as theory of mind12. With deference to the 
caution required when making reverse inferences13, it may be expected 
that these aspects of cognitive function would have an influence on life in 
a complex society. Although there are peaks in dorsal prefrontal cortex, it  
is notable that the highest node strengths are not centered on the dorso-
lateral prefrontal regions often associated with fluid intelligence14,15.
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Figure 1 CCA mode subject measure weights,  
connectome weights and data variance  
explained. (a) The set of SMs most strongly  
associated with the CCA mode of population  
variability. SMs included in the CCA are colored  
blue, whereas others (gray) were correlated with  
the CCA mode post hoc. Vertical position is  
according to correlation with the CCA mode and  
font size indicates SM variance explained by the  
CCA mode. We do not report ‘secondary’ SMs  
that are highly redundant with those shown here  
(Supplementary Table 1 shows the complete set  
of SMs that correlate highly with the CCA mode).  
See https://wiki.humanconnectome.org/display/ 
PublicData/HCP+Data+Dictionary+Public-+ 
500+Subject+Release for details of the SMs.  
(b) The principal CCA mode, a scatter plot of  
SM weights versus connectome weights, with  
one point per subject, and an example subject  
measure (fluid intelligence) indicated with  
different colors. The high correlation visualized  
here indicates significant co-variation  
between the two data sets. (c) The total  
variance explained of the original data matrices  
(shown separately for connectomes and subject  
measures) is plotted for the first 20 CCA modes.  
The mean and the 5th to 95th percentiles of the  
null distribution of the same measures, estimated via permutation testing, are shown in black and gray. Using the null distributions to normalize 
variance explained accounts for the fact that the initial modes are expected to have higher correlations, even in the null scenario, but, as can be seen 
from the nulls, this is a very small effect in any case.
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An obvious exception to the positive-negative interpretation of SMs 
is peg-board dexterity (time taken), where high-scoring subjects per-
form worse. That exception, however, is consistent with the connectome 
result (Fig. 2) insofar as the within-early-visual connections are weaker 
in high-scoring subjects, as are connections with two sensorimotor 
nodes (23 and 26, likely Brodmann areas 4 and 5, respectively).

In summary, we found one significant mode of population vari-
ation that links a specific pattern of brain connectivity to a specific 
pattern of covariance between many behavioral and demographic 
subject measures. The vast majority of the SMs that correlate 
positively with this mode are positive subject traits and measures 
(education, income, IQ, life-satisfaction); those that correlate nega-
tively are mostly negative subject measures. However, although it 
strongly resembled the known general intelligence g factor for many 
of the subject measures, this mode did not trivially map onto just 
the strongest single principal component of the subject measures 
(Supplementary Fig. 4); the CCA mode mapped strongly onto the top  
three SM principal components and not just the first). It is plausible  
that the CCA mode includes a neural correlate of g, but is a more 
general mode of positive brain function and is more directly tied 
to the underlying biology (specifically, connectivity between brain 
regions), given that it is driven both by structured population  
covariance in behavioral measures and by intrinsic brain connec-
tivity. We note that a common criticism of the g factor is that there 
could be many distinct uncorrelated neural systems underlying high-
level cognitive function and that different cognitive tasks will involve 
different, but overlapping, sets of these latent processes, resulting 
in ‘artificial’ correlation between subject measures, and hence the 
appearance of a g factor16. In the future, it will be important to  
determine whether this known unresolvable ambiguity in g factor 
interpretation might be resolved through more fine-grained analysis 
of the data source newly available, the subject-specific functional 
connectomes, potentially even allowing direct investigation of 

We next investigated whether this one CCA mode is indeed unique in 
modeling a substantially larger fraction of the total population variance 
(in the connectome and SM matrices) than the other 99 modes estimated. 
It is clear (Fig. 1c) that the first CCA mode explains a much larger fraction 
of the total data than any other mode and is the only one to fall far outside 
the null confidence interval. Using the null distributions to normalize the 
variance explained into z scores, we found that the primary CCA mode 
has Z = 7.7 for connectomes (the largest of any of the other 99 modes is 
2.7) and Z = 9.2 for SMs (the largest of any other mode is 2.4).

Figure 2a displays the brain connections most strongly associated 
with the CCA mode (for more quantitative results, see Supplementary 
Fig. 2). There was positive overall correlation (across edges, r = 0.20) 
between the CCA connectome-modulation weights and the original 
population mean connectome (Supplementary Fig. 3), indicating  
that subjects that score highly in this CCA mode have stronger  
connectivity overall than low-scoring subjects.

When the data are summarized according to brain regions that most 
strongly contribute to these connections, a pattern emerges (Fig. 2b and 
Supplementary Table 2) that includes bilaterally symmetric peaks in 
medial frontal and parietal cortex, in the temporo-parietal junction and 
in anterior insula and frontal operculum. These regions, taken together, 
have high spatial overlap with the default mode network6,7. Although pre-
cise anatomical dissociations and functional specializations among these 
regions is the subject of debate in cognitive neuroscience, they have been 
associated with many higher level aspects of human cognition, including 
episodic and semantic memory7,8, imagination and construction8, value-
guided decision-making9, delay discounting10, spatial reasoning11, and 
high-order social process such as theory of mind12. With deference to the 
caution required when making reverse inferences13, it may be expected 
that these aspects of cognitive function would have an influence on life in 
a complex society. Although there are peaks in dorsal prefrontal cortex, it  
is notable that the highest node strengths are not centered on the dorso-
lateral prefrontal regions often associated with fluid intelligence14,15.
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Figure 1 CCA mode subject measure weights,  
connectome weights and data variance  
explained. (a) The set of SMs most strongly  
associated with the CCA mode of population  
variability. SMs included in the CCA are colored  
blue, whereas others (gray) were correlated with  
the CCA mode post hoc. Vertical position is  
according to correlation with the CCA mode and  
font size indicates SM variance explained by the  
CCA mode. We do not report ‘secondary’ SMs  
that are highly redundant with those shown here  
(Supplementary Table 1 shows the complete set  
of SMs that correlate highly with the CCA mode).  
See https://wiki.humanconnectome.org/display/ 
PublicData/HCP+Data+Dictionary+Public-+ 
500+Subject+Release for details of the SMs.  
(b) The principal CCA mode, a scatter plot of  
SM weights versus connectome weights, with  
one point per subject, and an example subject  
measure (fluid intelligence) indicated with  
different colors. The high correlation visualized  
here indicates significant co-variation  
between the two data sets. (c) The total  
variance explained of the original data matrices  
(shown separately for connectomes and subject  
measures) is plotted for the first 20 CCA modes.  
The mean and the 5th to 95th percentiles of the  
null distribution of the same measures, estimated via permutation testing, are shown in black and gray. Using the null distributions to normalize 
variance explained accounts for the fact that the initial modes are expected to have higher correlations, even in the null scenario, but, as can be seen 
from the nulls, this is a very small effect in any case.
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• Can we use MEG to 
answer these questions?

• excellent temporal res (millisecs)

• good spatial res

• non-invasive

• What is happening at faster time-scales?

• What are the specific neuronal interactions?

Large-scale Networks in M/EEG?



Estimate Amplitude 
Time Courses

• e.g. via Hilbert or 
Wavelet transform

Source Recon 

• projects data 
  into brain space

Low-pass 
temporal filter

MEG Data 
Acquisition

• data gathered in
  sensor space

• Seed-based FC 
maps

• Network Matrices

Brookes et al.; Neuroimage (2013)

Hipp et al.; Nat Neuro (2012) 

MEG: Amplitude Coupling

Spatial Leakage 
Reduction

• remove all zero-
lag correlations

Compute
correlations on 

Amplitude Time 
Courses



Significant beta band amplitude 
correlation between the left and right 
motor cortices

Brookes et al., Neuroimage, (2011)

reconstructions of the simulated left and right motor cortex sources.
Connectivity between the seed and test locations was measured using
both AEC (Δ=10 s) and CAE (Δ=0.5 s). Results are shown in Fig. A5.

Results in Fig. A5 show that a source placedmidway between the left
and right motor cortices has little effect on the FC values measured in
simulation. The implication is that the beamformer spatial filters
(derived from the real data) act as an effective means to suppress this
third source.

Appendix 3. The existence of an interfering non-brain source

In a single subject, the electrocardiogram (ECG) was acquired
concurrently with MEG data by placing three electrodes on the
subject's chest. ECG data were acquired specifically to assess the
contribution of electrical interference from the heart to the MEG. In
order to assess the effect of non-neuronal physiology on raw and
beamformer projected MEG data, the level of cardiac interference in a
single subject was measured. The ECG was filtered into the same
frequency bands as those used for MEG analysis. The Pearson
correlation coefficient between the filtered ECG and the filtered
MEGwas assessed at eachMEG sensor, resulting in amap showing the
topographical distribution, in sensor space, of cardiac interference for
each of the seven frequency bands. Note that Pearson correlation
values were computed for the data acquired during the resting state
phase of the experiment only. MEG data were then projected into the
brain. (To ensure optimized spatial resolution, the beamformer
weights were based on covariance computed using the entire
dataset.) Beamformer projected timecourses were extracted from
two locations of interest in the left and right sensorimotor areas (as
defined by the MEG localizer experiment) and the Pearson correlation
coefficients between the ECG and the two projected timecourses
(again for the resting phase of the experiment) were computed. These
correlation values were compared to equivalent values computed at
the MEG sensors most affected by the motor cortex sources (i.e. those

MEG sensors with a lead field greater than 80% of the maximum
absolute lead field at any sensor).

Fig. A6 shows an example of the interference rejection properties
of the beamformer. As alluded to in the introduction, a confound of
fcMRI is that results can be affected by non-neuronal physiological
interference caused by, for example, the cardiac cycle, changes in the
cardiac cycle, respiration or changes in respiration rate. Here we show
that MEG can also be affected by similar confounds since it is
susceptible to interference from non-neuronal sources, in this case the
electrical signal from the heart. Fig. A6A shows the ECG plotted
alongside the MEG signal from a single sensor. Fig. A6B shows the
Pearson correlation between the frequency filtered ECG and the
frequency filtered channel space MEG signals. Note that cardiac
interference affects a large number of MEG sensors and, unless
adequately dealt with, could lead to spurious connectivity measure-
ment, particularly when using channel space metrics. Figs. A6C and D
highlight the artifact rejection properties of the beamformer. In both
cases the blue line shows Pearson correlation between the ECG and
the MEG sensors most affected by sources in the left (C) and right (D)
sensorimotor cortices. The green line shows correlation between the
ECG and the beamformer reconstructed timecourses from the peak
voxel of interest in the left (C) and right (D) sensorimotor cortices.
Notice that for sensor space data, high correlation with the ECG is
observed, and further that correlation is inhomogeneous with respect
to frequency. However, following application of the spatial filter,
correlation is significantly reduced and is less than 0.05 in all
frequency bands.

Appendix 4. The existence of an interfering brain source

In Fig. 3C, AEC, CAE, Coh and ICoh measurements extracted from
real data have been corrected by subtraction of the equivalent metrics
applied to simulated data. In Fig. A7, for completeness, we show the
AEC, CAE, Coh and ICoh metrics applied to real and simulated data

Fig. A7. Fig. A7 AEC, CAE, Coh and ICoh metrics applied to real (blue curve) and simulated (black curve) data extracted from left and right motor cortices. The four columns show the
four separate FC metrics and the 5 rows show different values of delta.

1102 M.J. Brookes et al. / NeuroImage 56 (2011) 1082–1104
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MEG: Amplitude Coupling
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Colclough, Smith … Woolrich; Under Revision

Example Application: Heritability of connectomes

Human Connectome Project twin rest data



Human Connectome Project twin rest data

Colclough, Smith … Woolrich; Under Revision

Example Application: Heritability of connectomes

38 cortical regions

MEG - alpha band amplitude correlations (~100 subjects)



• Mean edge heritability: 33% (p = 0.01)
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Human Connectome Project twin rest data

Colclough, Smith … Woolrich; Under Revision

Example Application: Heritability of connectomes

38 cortical regions

MEG - alpha band amplitude correlations (~100 subjects)



• Mean edge heritability: 33% (p = 0.01)
• Shared genetics outweigh shared 

environment (p = 0.02)
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Human Connectome Project twin rest data

Colclough, Smith … Woolrich; Under Revision

Example Application: Heritability of connectomes

38 cortical regions

MEG - alpha band amplitude correlations (~100 subjects)



• Mean edge heritability: 33% (p = 0.01)
• Shared genetics outweigh shared 

environment (p = 0.02)

fMRI (~1000 subjects)

Human Connectome Project twin rest data
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MEG - alpha band (~100 subjects)
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log(difference in network matrices)

Colclough, Smith … Woolrich; Under Revision

Example Application: Heritability of connectomes



Compute sliding window correlation network matrices

Sliding window (~10secs)

Network matrix

Dynamic Connectomes

brain areabr
ai

n 
ar

ea

time



Non-stationary functional connectivity

Sliding window FC in fMRI:

Allen et al. (Cerebral Cortex 2012)

Sliding window FC in MEG:

de Pasquale et al. (PNAS 2010)



• too short - unreliable estimation
• too long - misses quick changes

How to choose the width of the window? 

Issues with sliding windows



Time-varying FC as short-lived brain states:

brain areabr
ai

n 
ar

ea

Sliding window (~2-10secs in MEG, ~30-60secs in fMRI)

Power correlation matrix

Network matrix

Dynamic Connectomes



State 1 State 4State 3State 2

Time-varying connectomes as short-lived brain states:

Dynamic Connectomes



State time courses, x
state 1

state 2

state 3

• Generative model, consisting of:

• state time courses, x - indicating which state the system is in at 
each time point

Baker,…,Woolrich; eLife (2014)

Hidden Markov Model (HMM)

Neuroimaging data, y



State time courses, x
state 1

state 2

state 3

• observation model - which predicts the data, y, for a given state

Observation model, p(y|x)
Multivariate Normal 

distribution

brain area

br
ai

n 
ar

ea

• Generative model, consisting of:

• state time courses, x - indicating which state the system is in at 
each time point

Baker,…,Woolrich; eLife (2014)

State-specific 
connectomes

Hidden Markov Model (HMM)

sta
tes

Neuroimaging data, y



EEG

MEG

fMRI

Intracranial 
recordings

HMM

Hidden Markov Model
https://github.com/OHBA-analysis/HMM-MAR



EEG

MEG

fMRI

Intracranial 
recordings

HMM

Hidden Markov Model
https://github.com/OHBA-analysis/HMM-MAR



HMM on resting fMRI data

• Can we use the HMM to infer dynamic networks in resting fMRI data?
• What is the nature of the dynamics?

Vidaurre et al.,  Under Revision
Vidaurre et al., Poster #3955: talk on Wed 10:43am



HMM on resting fMRI data

Vidaurre et al.,  Under Revision, Neuroimage SI “Dynamic Brain Networks”

• Resting state (eyes open) Human Connectome Project fMRI data 
• ~1000 subjects (1hr each) - HMM on BIG data (stochastic learning)

• 12 HMM states

• Can we use the HMM to infer dynamic networks in resting fMRI data?
• What is the nature of the dynamics?

Vidaurre et al.,  Under Revision
Vidaurre et al., Poster #3955: talk on Wed 10:43am



HMM on resting fMRI data

FMRI data

Dual regression 
using a 50 

component group 
spatial ICA

Time-points

Subj1
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Subj2

Train
HMM
MVN

 …

State time-courses

State 1
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Time-points

Subj1
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Subj2

St
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1

Activity

 …
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e 
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Raw time-courses

Preprocessing

• Can we use the HMM to infer dynamic networks in resting fMRI data?
• What is the nature of the dynamics?

Vidaurre et al.,  Under Revision

• Resting state (eyes open) Human Connectome Project fMRI data 
• ~1000 subjects (1hr each) - HMM on BIG data (stochastic learning)

• 12 HMM states

Vidaurre et al., Poster #3955: talk on Wed 10:43am

sta
tes

Connectomes

Vidaurre et al.,  Under Revision, Neuroimage SI “Dynamic Brain Networks”



DMN (s1)

Lower order Visual (s2)

Higher order visual (s7)

Language (s6) 

Salience (s10)  

Sensorimotor (s12) 
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FMRI HMM state spatial maps

Vidaurre et al.,  Under Revision
Vidaurre et al., Poster #3955: talk on Wed 10:43am
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FMRI HMM state dynamics

Vidaurre et al.,  Under Revision
Vidaurre et al., Poster #3955: talk on Wed 10:43am
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FMRI HMM state dynamics

Is there hierarchical temporal structure in the state time 
courses?

Vidaurre et al.,  Under Revision
Vidaurre et al., Poster #3955: talk on Wed 10:43am
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Vidaurre et al.,  Under Revision

Vidaurre et al., Poster #3955: talk on Wed 10:43am

Is there hierarchical temporal 
structure?

- in the rate of occurrence 
brain states?
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Vidaurre et al.,  Under Revision

Vidaurre et al., Poster #3955: talk on Wed 10:43am

Is there hierarchical temporal 
structure?

- in the rate of occurrence 
brain states?



Degree maps

Vidaurre et al.,  Under Revision

Vidaurre et al., Poster #3955: talk on Wed 10:43am

Metastate 2 Metastate 1

Cognitive Sensory/motor

Is there hierarchical temporal 
structure?

- in the rate of occurrence 
brain states?



Vidaurre et al.,  Under Revision

Vidaurre et al., Poster #3955: talk on Wed 10:43am

Is there hierarchical temporal 
structure?

- in the sequencing of 
brain states?
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Vidaurre et al.,  Under Revision

Transition probabilities between the states

Vidaurre et al., Poster #3955: talk on Wed 10:43am

Is there hierarchical temporal 
structure?

- in the sequencing of 
brain states?
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Vidaurre et al.,  Under Revision

Vidaurre et al., Poster #3955: talk on Wed 10:43am

Degree map

Is there hierarchical temporal 
structure?

- in the sequencing of 
brain states?
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EEG

MEG

fMRI

Intracranial 
recordings

Hidden Markov Model

HMM

https://github.com/OHBA-analysis/HMM-MAR



Hidden Markov Model (HMM)

• Can we use the HMM to infer dynamic networks in resting MEG data?
• How fast are the dynamics?

• Resting state (eyes open) CTF MEG data 
• 9 subjects (10 minutes each)
• 8 HMM states

Baker,…, Woolrich; eLife (2014)



Hidden Markov Model (HMM)

MEG data

Filter (4-30 Hz) , 
Beamform and

Compute Hilbert 
Envelopes
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Amplitude time-courses

• Can we use the HMM to infer dynamic networks in resting MEG data?
• How fast are the dynamics?

• Resting state (eyes open) CTF MEG data 
• 9 subjects (10 minutes each)
• 8 HMM states

Baker,…, Woolrich; eLife (2014)
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Baker,…, Woolrich; eLife (2014)

Brain Network Dynamics

HMM reveals MEG resting state networks that switch on fast sub-second 
timescales (~100 ms)



MEG: TIme Delay Embedded HMM (TIDEH)

Vidaurre et al., BioRxiv, 2017

“Communication through neuronal coherence”, Fries et al., TICS, 2005  

• What about running HMM on raw resting MEG data?

• Are there transient states of distinct phase coupling?
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• Use time delay embedding with HMM

Vidaurre et al., BioRxiv, 2017

MEG: TIme Delay Embedded HMM (TIDEH)

“Communication through neuronal coherence”, Fries et al., TICS, 2005  

• What about running HMM on raw resting MEG data?

• Are there transient states of distinct phase coupling?
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time delay embedding

• Use time delay embedding with HMM

phase coupling

cross-frequency coupling

phase-amplitude coupling

generalised synchronisation

amplitude coupling HMM eHMMTIDEHHMM

Vidaurre et al., BioRxiv, 2017

MEG: TIme Delay Embedded HMM (TIDEH)

• What about running HMM on raw resting MEG data?

• Are there transient states of distinct phase coupling?

“Communication through neuronal coherence”, Fries et al., TICS, 2005  



• Are there fast transient brain states of distinct phase 
locking in the resting state?

• Time embedded HMM on:
• Resting state (eyes open) CTF MEG
• 51 subjects (6 mins each)
• 38 node parcellation 
• 1-45Hz raw time courses
• 8 HMM states

Vidaurre et al., BioRxiv, 2017

MEG: TIme Delay Embedded HMM (TIDEH)
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Do the state visits represent transient events 
of distinct phase-coupling?

Vidaurre et al., BioRxiv, 2017
Poster #1892
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S1 - anterior DMNVidaurre et al., BioRxiv, 2017
Poster #1892
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 Amplitude Coherence
S7 - posterior DMNS1 - anterior DMNVidaurre et al., BioRxiv, 2017

Poster #1892



Summary
• Static connectomes can be computed using fMRI raw 

correlations and MEG amplitude correlations

• Beware spatial misalignments over subjects!

• Dynamic connectomes can be computed across 
modalities using Hidden Markov Modelling (HMM), e.g.:

• Hierarchical temporal organisation of networks in 
resting fMRI 

• Dynamics of large-scale phase coupling in resting-state 
MEG
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