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laboratories	  
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Although it is being successfully implemented for exploration of
the genome, discovery science has eluded the functional neuro-
imaging community. The core challenge remains the development
of common paradigms for interrogating the myriad functional
systems in the brain without the constraints of a priori hypoth-
eses. Resting-state functional MRI (R-fMRI) constitutes a candidate
approach capable of addressing this challenge. Imaging the brain
during rest reveals large-amplitude spontaneous low-frequency
(<0.1 Hz) fluctuations in the fMRI signal that are temporally corre-
lated across functionally related areas. Referred to as functional
connectivity, these correlations yield detailed maps of complex
neural systems, collectively constituting an individual’s “functional
connectome.” Reproducibility across datasets and individuals sug-
gests the functional connectome has a common architecture, yet
each individual’s functional connectome exhibits unique features,
with stable, meaningful interindividual differences in connectivity
patterns and strengths. Comprehensive mapping of the functional
connectome, and its subsequent exploitation to discern genetic
influences and brain–behavior relationships, will require multicen-
ter collaborative datasets. Here we initiate this endeavor by gath-
ering R-fMRI data from 1,414 volunteers collected independently
at 35 international centers. We demonstrate a universal architec-
ture of positive and negative functional connections, as well as
consistent loci of inter-individual variability. Age and sex emerged
as significant determinants. These results demonstrate that inde-
pendent R-fMRI datasets can be aggregated and shared. High-
throughput R-fMRI can provide quantitative phenotypes for
molecular genetic studies and biomarkers of developmental and

pathological processes in the brain. To initiate discovery science of
brain function, the 1000 Functional Connectomes Project dataset is
freely accessible at www.nitrc.org/projects/fcon_1000/.

database | neuroimaging | open access | reproducibility | resting state

Much like the challenge of decoding the human genome, the
complexities of mapping human brain function pose a

challenge to the functional neuroimaging community. As dem-
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695 the fewest outlier voxels in the direction of standardization-related
696 increases of ICC. This once again highlights the more conservative na-
697 ture of group-level standardization approaches.

698 Addressing concerns about standardization-related artifacts: negative
699 connectivity—real or artifact?

700 Arguably the most common standardization method employed to
701 date, GSR, has become the source of significant controversy due to dem-
702 onstrations that the method can introduce artifactual negative correla-
703 tions into findings for iFC. In response, researchers using GSR have
704 become increasingly hesitant about reporting negative functional con-
705 nectivity findings. Although not the primary focus of the present
706 work, we took the opportunity to examine negative connectivity in
707 the FCP dataset, with and without nuisance signal correction (Fig. 8).
708 While examination of middle temporal region (MT)-iFC did not reveal
709 negative connections without GSR, examination of PCC-iFC in the
710 large-scale FCP sample did in fact reveal negative connections in the ab-
711 sence of nuisance signal regression (WM, CSF, global signal), though
712 these were admittedly less robust. These patterns observed for
713 PCC-iFC were highly consistent with those revealed by Chang and
714 Glover (2009) aswell as Fox et al. (2009) in the absence of nuisance sig-
715 nal regression. As previously noted by Chang and Glover (2009) and
716 Van Dijk et al. (2010), regression of GS, not WM or CSF was associated
717 with marked increases in negativity. In sum, while concerns about the
718 potential for GSR to introduce artifactual negative relationships are

719valid, they should not be misinterpreted to infer that negative connec-
720tivity does not exist in the functional connectome.
721In order to understand why regression of the whole-brain signal,
722not the WM or CSF signal, has such a profound impact on findings,
723it is important to consider the relative contributions of the three
724brain tissue types to the global signal. High correlation between
725global and gray matter signals were found across all the participants
726(r = 0.98 ± 0.02),while the correlation between global andwhitemat-
727ter (r = 0.34 ± 0.27, across subjects) or CSF signals (r = 0.67 ± 0.22,
728across subjects) was generally lower. Consistent with this finding, we
729found the iFC maps (PCC-iFC and MT-iFC) obtained from data that was
730standardized with global signal regression to be nearly identical to
731those generated with gray matter signal regression; both created a
732huge number of negative correlations, suggesting that the commonly
733used GSR is actually gray matter signal regression.

734Addressing concerns about standardization-related artifacts: potential
735reductions in anatomical specificity associated with mean centering

736Prior work suggests that mean centering approaches reduce ana-
737tomical specificity due to their tendency to introduce negative arti-
738facts within white matter (Fox et al., 2009). Here we build upon the
739work of Fox et al. (2009) using a notably larger sample to gain further
740insights into changes in anatomical specificity resulting from stan-
741dardization procedures. Following Fox et al. (2009), we examined
742voxelwise iFC for PCC and MT, replicating their group-level finding

Fig. 3. The impact of standardization procedures on age effects for the R-fMRI measures. (A) The voxel-wise age effects (estimated from the group analysis model) of the standard-
ization procedures for each R-fMRI measure on surface brain (left hemisphere). (B) Box plots of age effects across the gray matter voxels. To demonstrate the change in age effects of
each standardization procedure from the non-standardized measure, the differences in z value (each standardization procedure minus non-standardized) were plotted.

10 C.-G. Yan et al. / NeuroImage xxx (2013) xxx–xxx

Please cite this article as: Yan, C.-G., et al., Standardizing the intrinsic brain: Towards robust measurement of inter-individual variation in 1000
functional connectomes, NeuroImage (2013), http://dx.doi.org/10.1016/j.neuroimage.2013.04.081
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#4	  
Aggrega<on	  Promotes	  Replica<on	  



differences in resting conditions (e.g., eyes opened/closed, awake/
sleep, etc). For most research sites the average distribution of the
lFCD reached the highest values in a region located in the pos-
terior cingulate cortex (BA 23) and extends to the precuneus (BA
31) andmiddle cingulum (BA 23). However, the cerebellar vermis
also reached high lFCD values for some of the imaging datasets
(Dallas, New York A, Ontario, Orangeburg, and Oxford). The
variability of the lFCD across research sites increased the stan-
dard deviation of the lFCD, which did not have a normal distri-
bution across subjects (Fig. S1 Left). However, the use of a single
scaling factor for each research site, 1/k0, reflecting the mean
lFCD across subjects and voxels in the brain, k0, allowed us to

normalize the distribution of the lFCD (Fig. S1 Right) and merge
the datasets from different research sites (Fig. S2).
Using principal component analysis (PCA) we determined

that the average intersubjects variability of the lFCD maps across
centers was only 23.5 ± 1.3%. The first principal component (PC
1) of the lFCD accounted for 34.1 ± 1.3% of the variability and
11 ± 8 principal components were needed to account for 75% of
the variance (Fig. 3). Using factor analysis on datasets with
narrow age range (Beijing, Cambridge, Leiden, Oulu, and Saint
Louis) we found that the factors of the mean lFCD were higher
for women than for men (P < 0.01, t test) and that for two of the
datasets (Baltimore and Cleveland) the factors of the mean
lFCD were negatively correlated with age (R < −0.37; P < 0.036;
Pearson’s linear correlation). These gender and aging effects did
not reach statistical significance for the remaining datasets.
We accessed the statistical significance of the rescaled lFCD

patterns using the 22 available datasets listed in Table 2. The

Fig. 1. Spatial distribution of the lFCD superimposed on axial MRI views of
the human brain (radiological convention). These maps reflect the average
number of functional connections per voxel (k) across 979 subjects from 19
research sites around the world. Green labels indicate the axial distance to
the origin of the stereotactic space (Montreal Neurological Institute). The
lFCD reaches maximal value in posterior cingulate/ventral precuneus (red–
orange). FCDM parameters: TSNR = 50 and TC = 0.6.

Fig. 2. Spatial distribution of the average lFCD superimposed on the middle
sagital MRI plane for all research sites (green labels) in this study (Table 2).
FCDM parameters: TSNR = 50 and TC = 0.6.
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rescaled lFCD was rather constant across these 979 subjects,
regardless of differences in demographic variables between
studies, and was statistically significant in all gray matter regions,
even when correcting for multiple comparisons at the voxel level
with a conservative familywise error (FWE) threshold PFWE <
0.05 (one-sample t test). Across subjects, the lFCDs in the pos-
terior cingulate/ventral precuneus and parietal hubs were 8.5 ±
0.2 (mean ± SE) and 5.9 ± 0.2 times higher than the average
lFCD in the brain, respectively (Table 1 and Fig. S2).

P(k) Distribution. The probability distribution of the lFCD can be
calculated as P(k)= n(k)/n0, where n(k) is the number of voxels
with k functional connections and n0 is the total number of voxels
in the brain. Fig. S3 shows P(k) as a function of k for a typical

subject and three different threshold TC criteria. For voxels with
more than five functional connections, P(k) decreases with k
following a power scaling:

PðkÞ ¼ kγ· [1]

The scaling factor, γ, did not vary significantly across threshold con-
ditions and the power scaling between P(k) and k was robust across
subjects (Fig. S3).The scaling factor γ varied from−4.0 to−6.5 across
centers (Table 2 and Fig. S4).

Test–Retest Reliability. The within-subjects reproducibility of
FCDM was evaluated using the New York test–retest reliability
(NYU_TRT) dataset (18). For all sessions, lFCD was high bi-
laterally in posterior cingulate/ventral precuneus, inferior pari-
etal and occipital cortices, cingulate gyrus, anterior insula,
caudate, thalamus, and cerebellar vermis (Fig. S5). The lFCD in
the rostral anterior cingulate cortex, pons, and cerebellum were
higher for session 1 than for session 2 whereas only the lFCD in
the rostral anterior cingulate cortex was higher for session 1 than
for session 3. There were no statistically significant lFCD dif-
ferences between sessions 2 and 3. Using PCA we found that the
global variability of the lFCD data across subjects was <26%.
Consistently for all three sessions, PC 1 was similar to the map of
the average lFCD (especially for session 1) and accounted for
20% of variance of the data (Fig. 3 and Fig. S6). Differently, the
spatial distribution of the second component (PC 2) was variable
across sessions (Fig. S6) and accounted for 10% of the variance
of the data. Using region-of-interest (ROI) analyses we verified
that the lFCD data had 36 ± 8% between-subjects variability and
12 ± 6% within-subjects variability on average across the 19
ROIs listed in Table 1.

lFCD Versus Global (g)FCD. Only two datasets (Ontario and Balti-
more, 34 subjects) were used to contrast lFCD against gFCD due
to the CPU time demands of the gFCD calculation. Whereas the
ultrafast lFCD calculation required only 4 min/subject using
a standard Windows XP platform (3.0-GHz dual core Intel pro-
cessor), the computer-demanding gFCD calculation required
5,406 min/subject using the same platform. Thus, the (local cluster
restricted) lFCD calculation was 1,351 times faster than the (un-
restricted) gFCD calculation. The rescaled gFCD, K/K0, had
similar spatial distribution to the lFCD, k/k0, but did not show the
posterior cingulate/ventral precuneus hub, a brain region where

Table 1. Location, average strength (mean), and SD of the local maxima of the functional
connectivity density normalized across research sites (k/k0)

Brain region BA or nucleus x, mm y, mm z, mm Mean (k/k0) SD (k/k0)

Posterior cingulate/precuneus 23/31 6 −48 33 8.4 6.6
Cuneus 18 27 −81 27 4.7 3.3
Cuneus 18 −24 −84 24 5.0 3.4
Middle occipital 18 33 −87 6 4.0 3.1
Cingulate 24 6 −9 45 4.4 4.4
Cingulate 24 6 9 42 4.2 3.6
Inferior parietal 40 −39 −51 45 5.8 4.7
Inferior parietal 40 45 −57 45 5.3 3.9
Middle temporal 39 −48 −63 24 4.5 3.1
Precentral 6 33 −3 54 4.5 3.3
Middle frontal 6 −30 −3 54 3.9 3.0
Inferior frontal 9 −42 12 30 3.9 3.3
Inferior frontal 9 48 15 30 3.9 2.7
Claustrum 13 36 6 6 3.7 2.5
Cerebellum Fastigial −9 −60 −21 4.3 3.6
Thalamus Medial dorsal 12 −15 6 3.7 2.4
Thalamus Medial dorsal −12 −18 6 3.7 2.5
Putamen Lentiform −15 9 6 3.2 2.3
Putamen Lentiform −27 6 3 3.5 2.5

The sample consisted of 979 healthy subjects from all research sites in Table 2. The (x, y, z) coordinates are in
the Montreal Neurological Institute (MNI) stereotaxic space.

Fig. 3. Average spatial distribution of the first principal component (PC 1)
across all research sites showing the brain regions with high lFCD variance
(red–yellow: 10–30%, radiological convention). Scatter plot shows lFCD
variance as a function of the principal components for each of the sessions of
the New York test–retest dataset.
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Brain networks with energy-efficient hubs might support the high
cognitive performance of humans and a better understanding of
their organization is likely of relevance for studying not only brain
development and plasticity but also neuropsychiatric disorders.
However, the distribution of hubs in the human brain is largely
unknown due to the high computational demands of comprehen-
sive analytical methods. Here we propose a 103 times faster
method to map the distribution of the local functional connectivity
density (lFCD) in the human brain. The robustness of this method
was tested in 979 subjects from a large repository of MRI time
series collected in resting conditions. Consistently across research
sites, a region located in the posterior cingulate/ventral precuneus
(BA 23/31) was the area with the highest lFCD, which suggest that
this is the most prominent functional hub in the brain. In addition,
regions located in the inferior parietal cortex (BA 18) and cuneus
(BA 18) had high lFCD. The variability of this pattern across subjects
was <36% and within subjects was 12%. The power scaling of the
lFCD was consistent across research centers, suggesting that that
brain networks have a “scale-free” organization.

resting state functional MRI connectivity | functional connectomes | default
mode networks | scale-free networks | consciousness

To support fast communication with minimal energy cost, cor-
tical brain networks may have few nodes with dense local

clustering (hubs) and numerous nodes with an average low number
of connections (1–7). The energy-efficient regions (densely con-
nected nodes) are thought to serve as the interconnection hubs,
and neuropsychiatric diseases have been linked to abnormalities in
their configuration (8, 9). However, the investigation of hubs in the
brain has been hindered by the cumbersome computational
requirements of comprehensive analytical methods.
During the last decade, numerous studies have evaluated the

functional connectivity among brain regions by using correlation
analyses of spontaneous fluctuations of brain activity measured
with MRI time series in resting conditions (10). A popular tech-
nique used for the analysis of resting-state time series is based on
regions-of-interest (seed regions). This technique uses correlation
analysis of blood oxygenation level-dependent (BOLD) signals for
the identification of brain regions functionally connected to the
seed regions (reviewed in ref. 11). Cluster analyses are also used to
evaluate the degree of functional connectivity among multiple
seed regions (12). These methods are constrained by the fact that
they rely strongly on a priori selection of specific seed regions
rather than allowing for the characteristics of the network to
identify and locate the node regions; these methods are also
computationally demanding. For these limitations previous studies
assessing the topological organization of the human brain re-
stricted their analysis to ∼102 seed regions (5, 13). More recently
researchers have started to use data-driven approaches that are
based on graph theory to assess the functional connectivity of the
human brain using datasets obtained with MRI (14). Moreover,
the overall resting functional connectivity (short- and long-range
interconnections) of the gray matter (4-mm isotropic spatial res-
olution) was shown to correspond well with the structural con-
nections determined with diffusion tensor imaging (DTI) (15) and
to be associated with intellectual performance (16).
Here we propose an alternative voxelwise data-driven method

thatwe term “functional connectivity densitymapping” (FCDM), to

overcome the limitations of seed-based approaches for the identi-
fication of hubs in the human brain, using resting-state functional
connectivity datasets. This ultrafast technique allows calculation of
individual functional connectivity maps with higher spatial resolu-
tion (≥3 mm isotropic) to take full advantage of the native resolu-
tion of the functional MRI datasets. The method is based on the
highly clustered organization of the brain (14). Specifically, to speed
up the computation of the number of functional connections (i.e.,
edges in graph theory), we restricted the temporal correlation
analysis to the local functional connectivity cluster.
Thus, we aimed to determine the location of the functional

connectivity hubs in the human brain by using data from the
“1000 Functional Connectomes Project” (17), which is a large
public database of resting-state time series that were collected
independently at 35 sites around the world (http://www.nitrc.org/
projects/fcon_1000/). We further aimed to evaluate the vari-
ability of the local functional connectivity density (lFCD) across
subjects and imaging parameters as well as its reproducibility
within and between subjects. We hypothesized that the lFCD
would have low within-subjects variability and that its spatial
distribution would be rather constant across research sites in the
world. We also hypothesized that the probability distribution of
the lFCD would have a power scaling with the number of func-
tional connections per node, which is the main characteristic of
the “scale-free” networks (6), rather than a Poisson distribution,
the landmark of random and “small-world” networks (2).

Results
Metaanalysis of FCDM. Fig. 1 shows the average distribution of the
lFCD in the human brain across all 979 subjects included in this
study. A region localized within the posterior cingulate cortex/ven-
tral precuneus (BA 23/31) had the highest lFCD.Regions located in
the cuneus, inferior parietal cortex, middle occipital, cingulate,
middle temporal, precentral, inferior, and middle frontal gyri and
claustrum, thalamus, putamen, caudate, and cerebellum also in-
cluded lFCD maxima (Table 1). However, these other hubs had
much lower lFCD values. The standard deviation of the hub loca-
tions was 7.3 ± 3.4 mm; thus positions of the three main hubs were
rather constant across research sites.The variability in thepositionof
the main hub (posterior cingulate cortex/ventral precuneus) across
research sites was minimal (D= 4.4± 2.7 mm from the coordinates
listed in Table 1) and comparable to the average image resolution
the datasets (Δx= 3.3± 0.5mm,Δy= 3.3± 0.5mm, andΔz= 3.7±
0.6 mm). The spatial variability of the secondmain hub (left inferior
parietal) was larger than that for the main hub (P = 0.05, t test)
but still small (D= 6.7 ± 4.1 mm). The spatial variability of the oc-
cipital hub (right cuneus, BA 18; D = 10.7 ± 7.5 mm) was larger
than that for the main and inferior parietal hubs (P < 0.05; t test).
The average strength of the lFCD varied across research

centers (Fig. 2), which is likely due to differences in acquisition
parameters, instruments, demographic variables, and potential
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Fair et al. Differentiating ADHD subtypes with rs-fcMRI

FIGURE A2 | Site-by-site histograms of Euclidean distance for functional connections identified in the whole group analysis that get stronger with
age and those that get weaker with age (FDR corrected) using procedure 8.

stay still, and fixate on a standard fixation-cross in the center of
the display.

Kennedy Krieger Institute
Participants were scanned using a 3.0 Tesla Philips scanner with
an eight-channel head-coil. One high-resolution T1-weighted
MPRAGE sequence (TR = 7.99 ms, TE = 3.76 ms, flip angle = 8◦)
was collected. BOLD-weighted functional imaging data were col-
lected using T2∗-weighted EPI (TR = 2500 ms, TE = 30 ms, flip
angle = 75◦, 2D-SENSE EPI). The run lasted either 5 min 20 s or
6 min 30 s. During rest participants were instructed to relax, stay
as still as possible, keep eyes open, and fixate on a center cross.

New York University
Participants were scanned using a Siemens Allegra 3.0 Tesla scan-
ner at the NYU Center for Brain Imaging. For each participant a
T1-weighted MPRAGE sequence was acquired using a magneti-
zation prepared gradient echo sequence (TR = 2530 ms; TE =
3.25 ms; TI = 1100 ms; flip angle = 7◦; 128 slices; FOV =
256 mm; acquisition voxel size = 1.31 × 1.3 mm). A 6-minute
resting scan comprising 180 contiguous whole-brain functional
volumes was also acquired for each participant using a multi-
echo EPI sequence (TR = 2000 ms; flip angle = 90◦; 33 slices;
voxel size = 3 × 3 × 4 mm; effective TE = 30 ms, FOV = 240 ×
192 mm). During rest periods participants were instructed to lie
still and relax with their eyes open, while a standard fixation-cross
was presented in the center of the display.

Peking University samples
Dataset #1. Images were acquired using a Siemens Trio 3.0 Tesla
scanner in National Key Laboratory of Cognitive Neuroscience
and Learning, Beijing Normal University. For each participant,

FIGURE A3 | As with Figure 7, Node strength for the consensus
features that best predict age for Procedure 8 in (A), Procedure 5 in (B),
and Procedure 10 (C). Included are the vectors, which are used to
calculate node strength.
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A comprehensive assessment of regional variation in the impact of head
micromovements on functional connectomics
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Functional connectomics is one of the most rapidly expanding areas of neuroimaging research. Yet, con-
cerns remain regarding the use of resting-state fMRI (R-fMRI) to characterize inter-individual variation in
the functional connectome. In particular, recent findings that “micro” head movements can introduce arti-
factual inter-individual and group-related differences in R-fMRI metrics have raised concerns. Here, we first
build on prior demonstrations of regional variation in the magnitude of framewise displacements associat-
ed with a given head movement, by providing a comprehensive voxel-based examination of the impact of
motion on the BOLD signal (i.e., motion–BOLD relationships). Positive motion–BOLD relationships were
detected in primary and supplementary motor areas, particularly in low motion datasets. Negative mo-
tion–BOLD relationships were most prominent in prefrontal regions, and expanded throughout the brain
in high motion datasets (e.g., children). Scrubbing of volumes with FD > 0.2 effectively removed negative
but not positive correlations; these findings suggest that positive relationships may reflect neural origins
of motion while negative relationships are likely to originate from motion artifact. We also examined the
ability of motion correction strategies to eliminate artifactual differences related to motion among individ-
uals and between groups for a broad array of voxel-wise R-fMRI metrics. Residual relationships between
motion and the examined R-fMRI metrics remained for all correction approaches, underscoring the need
to covarymotion effects at the group-level. Notably, global signal regression reduced relationships betweenmo-
tion and inter-individual differences in correlation-based R-fMRI metrics; Z-standardization (mean-centering
and variancenormalization) of subject-levelmaps for R-fMRImetrics prior to group-level analyses demonstrated
similar advantages. Finally, our test–retest (TRT) analyses revealed significant motion effects on TRT reliability
for R-fMRI metrics. Generally, motion compromised reliability of R-fMRI metrics, with the exception of those
based on frequency characteristics — particularly, amplitude of low frequency fluctuations (ALFF). The implica-
tions of our findings for decision-making regarding the assessment and correction ofmotion are discussed, as are
insights into potential differences among volume-based metrics of motion.

© 2013 Elsevier Inc. All rights reserved.

Introduction

Resting-state functional magnetic resonance imaging (R-fMRI) has
emerged as a mainstream imaging modality with myriad applications
in basic, translational and clinical neuroscience (Fornito and Bullmore,
2012; Fox and Raichle, 2007; Kelly et al., 2012; Van Dijk et al., 2010).
Beyond impressive demonstrations of accuracy, reliability and repro-
ducibility for measures of intrinsic brain function (Damoiseaux et al.,

2006; Guo et al., 2012; Shehzad et al., 2009; Thomason et al., 2011; Zuo
et al., 2010a), this approach has gained popularity due to its sensitivity
to developmental, aging and pathological processes (e.g., Andrews-
Hanna et al., 2007; Fair et al., 2008; Greicius, 2008; Zuo et al.,
2010c), ease of data collection in otherwise challenging populations,
and amenability to aggregation across studies and sites (ADHD-200-
Consortium, 2012; Biswal et al., 2010; Mennes et al., in press;
Tomasi and Volkow, 2012). Despite exponential growth in usage
over the last decade, R-fMRI methodologies are still confronted with
significant challenges.

Headmotion presents a particularly formidable challenge for R-fMRI.
Recent work has demonstrated that the combined impact of “micro”
head movements, as small as 0.1 mm from one time point to the
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HarmonizaBon	  Needs	  Beyond	  
AggregaBon:	  Preprocessing	  

•  Lack	  of	  consensus	  regarding	  opBmal	  
preprocessing	  (Craddock	  et	  al.,	  2013)	  
– Nuisance	  signal	  correcBon	  

•  Physiologic	  signals	  
•  MoBon	  signals	  
•  Scanner	  arBfacts	  

– RegistraBon	  approaches/algorithms	  
– Temporal	  filtering	  
– Slice-‐Bming	  



Preprocessed	  INDI	  Data	  in	  the	  Cloud	  

h]p://preprocessed-‐connectomes-‐project.github.io/	  

•  Available	  through	  S3	  
Bucket	  generously	  
provided	  by	  AWS	  

•  Raw	  INDI	  will	  be	  available	  
soon	  

Craddock et al., in prep 



 

Towards Automated Analysis of Connectomes: 
The Configurable Pipeline for the Analysis  

of Connectomes (C-PAC) 
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FIGURE 2 
Needs a picture, not sure what yet 
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PCP	  Quality	  Assessment	  Protocol	  
•  SpaBal	  Measures	  

–  Contrast	  to	  Noise	  RaBo	  
–  Entropy	  Focus	  Criterion	  
–  Foreground	  to	  Background	  

Energy	  RaBo	  
–  Smoothness	  (FWHM)	  
–  %	  ArBfact	  Voxels	  
–  Signal-‐to-‐Noise	  RaBo	  

•  Temporal	  Measures	  
–  Standardized	  DVARS	  
–  Median	  distance	  index	  
–  Mean	  FuncBonal	  Displacement	  
–  #	  Voxels	  with	  FD	  >	  0.2m	  
–  %	  Voxels	  with	  FD	  >	  0.2m	  

h]p://preprocessed-‐connectomes-‐project.github.io/quality-‐assessment-‐protocol/	  

Craddock et al., in prep 



Beyond	  AggregaBon:	  Synthesis	  

•  AnalyBc	  VariaBon	  
– A	  growing	  plethora	  of	  approaches	  
– Even	  for	  same	  approach,	  marked	  variaBon	  can	  exist	  

•  Seed-‐based	  correlaBon	  approaches	  
•  Parameter	  specificaBon	  	  

–  ICA	  
–  Graph	  theoreBcal	  approaches	  
–  Cluster	  analysis	  

•  ReporBng	  variaBons	  	  
–  Inherent	  to	  all	  of	  fMRI	  





	  
	  
	  

That’s	  all	  Folks!	  


