
Developmental Mega Sample: 
Exploring Inter-Individual Variation

Saige Rutherford 
Sripada Lab

Psychiatry, University of Michigan



Philadelphia 
Neurodevelopmental 

Cohort



The Data
Inclusion criterion: 
• Age range 5-25 years
• Resting-state + T1w images
• Site contributes > 30 subjects
• At least 4min of resting state data                 

(after censoring)

Study # of Sites # of Subjects
ABIDE 1 13 713

ABIDE 2 11 648

ADHD 200 6 630

CMI 2 451

PNC 1 724

PING 2 163

NKI-RS 1 90
3,419 subjects!
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How can we (properly) unite these data?

• Harmonize data 
ü Consistent preprocessing pipeline for all studies/sites 

• Quality control
ü Visual inspection of all data at multiple points 
ü Create data quality score for each subject

• AROMA*
ü Robust ICA-based de-noising for reducing the effects of motion in the data
ü AROMA + censoring at FD > 0.5mm is more effective than only censoring at 

FD > 0.2mm
*Automatic Removal Of Motion Artifact



AROMA + Censoring at FD > 0.5mm 

Censoring at FD > 0.2mm

No AROMA / No Censoring
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Complex network
An informal description of a 
network with certain 
topological features, such as 
high clustering, 
small-worldness, the presence 
of high-degree nodes or hubs, 
assortativity, modularity or 
hierarchy, that are not typical 
of random graphs or regular 
lattices. Most real-life networks 
are complex by this definition, 
and analysis of complex 
networks therefore forms an 
important methodological tool 
for systems biology.

Adjacency matrix
An adjacency matrix indicates 
the number of edges between 
each pair of nodes in a graph. 
For most brain networks, the 
adjacency matrix is specified 
as binary — that is, each 
element is either 1 (if there is 
an edge between nodes) or 0 
(if there is no edge). For 
undirected graphs the 
adjacency matrix is 
symmetrical.

Box 1 | Structural and functional brain networks

Structural and functional brain networks can be explored using graph theory through the following four steps (see the figure):
• Define the network nodes. These could be defined as electroencephalography or multielectrode-array electrodes, or as 

anatomically defined regions of histological, MRI or diffusion tensor imaging data.

• Estimate a continuous measure of association between nodes. This could be the spectral coherence or Granger causality 
measures between two magnetoencephalography sensors, or the connection probability between two regions of an 
individual diffusion tensor imaging data set, or the inter-regional correlations in cortical thickness or volume MRI 
measurements estimated in groups of subjects.

• Generate an association matrix by compiling all pairwise associations between nodes and (usually) apply a threshold to 
each element of this matrix to produce a binary adjacency matrix or undirected graph.

• Calculate the network parameters of interest in this graphical model of a brain network and compare them to the 
equivalent parameters of a population of random networks.

Each step entails choices that can influence the final results and must be carefully informed by the experimental question. 
At step 1, parcellation schemes can use prior anatomical criteria or be informed by the functional connectivity profiles of 
different regions. Several such parcellation schemes may be available and can affect network measures147. In most magneto-
encephalography and electroencephalography studies, network nodes are equivalent to individual electrodes or sensors, 
but networks could also be based on reconstructed anatomical sources. However, some reconstruction algorithms will 
determine the brain location of each source by minimizing the covariance between sensors, which has major effects on the 
configuration of functional networks. At step 2, a range of different coupling metrics can be estimated, including measures 
of both functional and effective connectivity. A crucial issue at step 3 is the choice of threshold used to generate an 
adjacency matrix from the association matrix: different thresholds will generate graphs of different sparsity or connection 
density, and so network properties are often explored over a range of plausible thresholds. Finally, at step 4 a large number of 
network parameters can be quantified (BOX 2). These must be compared with the (null) distribution of equivalent parameters 
estimated in random networks containing the same number of nodes and connections. Statistical testing of network 
parameters may best be conducted by permutation- or resampling-based methods of non-parametric inference given the 
lack of statistical theory concerning the distribution of most network metrics.

Most graph theoretical network studies to date have used symmetrical measures of statistical association or functional 
connectivity — such as correlations, coherence and mutual information — to construct undirected graphs. This approach 
could be generalized to consider asymmetrical measures of causal association or effective connectivity — such as Granger 
causal148,149 or dynamic causal66 model coefficients — to construct directed graphs. It is also possible to avoid the 
thresholding step (step 3) by analysing weighted graphs that contain more information than the simpler unweighted and 
undirected graphs that have been the focus of attention to date. Structural brain network image is reproduced from 
REF. 59. Functional brain network image is reproduced, with permission, from REF. 70 ¡ (2006) Society for Neuroscience.
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Power Parcellation
à 264 node atlas

• ~3,400 Subjects
• Each subject contributes   

264 x 264 connectivity matrix
• 34,584 unique variables per 

subject?
• 117,585,600 variables for the 

entire sample?!?!

Time to think about some of the cool 
things we can do with all of this data
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The Connectome-Basis Set

Maximum Likelihood Estimation of Intrinsic Dimensions

à Initial method to determine # of principal components to keep  

https://papers.nips.cc/paper/2577-maximum-likelihood-estimation-of-intrinsic-dimension.pdf


Connectome Basis Set: Units of Inter-Individual Variation

82 components à 25% out of sample variance explained 62 components à 25% out of sample variance explained

Healthy Adults (HCP) Developmental Mega Sample



Adult Study Component 2 Youth Study Component 2

Integration
Segregation



HCP Subset of Youth Study (PNC)

External Validation of Number of Components: 
How Many Components to Achieve Best Phenotype Prediction?



The Connectome Basis Set is ….
• Stable across brain parcellations of varying densities 
• tested 200-900 node atlases (Craddock PyCluster)

• Useful in phenotype prediction 
• Has much higher test-retest reliability than individual edges
• mean ICC of edges (day1/day2 in test set) = 0.4313
• mean ICC of components = 0.6667

• Describes the nature and dimension of meaningful inter-individual 
connectomic variation
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