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Statistical Evaluation of Connectome Data using Object Oriented Data Analysis
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INTRODUCTION
Complex biological systems may be modeled and analyzed as nested
hierarchies of networks1. Complex disorders such as schizophrenia2 may be the
result of failures of functions at various levels of nested hierarchies of
biomolecular and cellular networks. The Human Connectome project3 and similar
large-scale brain connectivity studies will generate a large, normative database of
connectivity graphs. Future research using this normative data will depend on
advanced statistical comparison techniques to enable new understanding of
neuropsychiatric disorders4.
While in its infancy, a major thrust of the new field of connectomics lies in the
identification of “typical” features identifying what have been termed
connectopathies or pathconnectomics in clinically defined populations. A
secondary goal lies in identifying subgraphs showing significant differences of
potential clinical relevance. To meet these goals, an important corollary to the
need for statistical methods for analyzing group data is the need to include
important .covariate information that may be provided by neuropsychological,
genetic and/or biochemical data.
The development of statistical tools by which such large and complex data sets
can be compared is essential to the eventual success of connectomics in
providing new insights into human cognitive function. This paper presents a novel
parametric statistical method from the emerging field of object oriented data
analysis that applies the Gibb’s distribution to sets of connectome graphs.

METHODOLOGY

Figure 1. Any graph type can be analyzed

Let G be the finite set of graphs with elements g and d: G X G  ℝ+ is an
arbitrary distance metric on G. For a binary connectome graph, the Hamming
metric d(gk, gl) - which is the number of edge differences between two graphs is used as the distance metric. The Gibb’s distribution on G is defined by:
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A Maximum Likelihood estimate (MLE) approach is used to estimate (g*, t) from
a set of N connectome graphs. For binary connection graphs where R is the
total number of possible edges in a graph G, the log-likelihood is given by:
ln 𝐿 g ∗ , 𝜏; G𝑁 = −𝑁 ln 1 + exp −𝜏
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We want to find the MLE parameters g ∗ = g ∗ ∈ G and 𝜏 = 𝜏 ≥ 0 that maximize
Eq. 2, which is obtained by computing the derivative of ln 𝐿 g ∗ , 𝜏; G𝑁 with
d ln 𝐿 g∗ ,𝜏; G𝑁
d𝜏
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respect to t,
, and finding t such that
= 0. This results in
the following expression of 𝜏 :
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The MLE of g* is a graph such that the likelihood is maximized at the solution of :
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To determine whether a set of connectomes comes from one or more distributions,
a finite mixture model of Gibb’s distributions is used.
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To estimate the optimal number of Gibb’s distributions M,
the Bayesian Information Criterion (BIC) is used.
Figure 2.
Finite Mixture Model

Hypothesis Testing
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A non-parametric permutation method was used to compute the distribution
of the GLRT and obtain a p-value. Random sampling was used to define
two groups, a regression model was fitted to each sample, and GLRT
calculated to represent the distribution of this test statistic under the null
hypothesis.

Application to Connectome Data
A 52-node connectivity matrix was constructed in 20 subjects participating in a
motor learning task. Six conditions were available: pre-task rest, task, posttask rest on each of two successive days with a full night of sleep intervening.
The task was regressed from the data to provide a “resting state” connection
matrix. Matrices were binarized and analyzed as described. g* calculated on
these data were used to test the regression model
with sample sizes N=10,25,50, and
Figure 4.
100 (Fig 4). Table 1 (Fig 4) shows
that the GLRT statistic correctly
rejected H0 for a sample size > 7
based on 100 Monte Carlo
simulations. When computed on
the actual data sets (pre-task and
during-task), the null hypothesis
was rejected (P=0.0264) for the 20
subject data set The null hypothesis.
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A MLE approach is used to return estimates for t, b0 and b1 for binarized
graphs where b0 is the central graph of the group where Xj=0 and b1 is the
difference between the central graphs of the two groups (Fig. 3 bottom
panel).

𝜆 = 2 log

The distribution models graphs, including connectome graphs using two parameters:
g* representing the central graph of the observed data
t representing the spread of the observed graphs
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To test the significance of b1 , we test the hypothesis: H0:b1 = 0, HA:b1  0
where the null hypothesis H0 is that there are no differences in edges
between the two groups. This hypothesis is tested using a generalized
likelihood ratio test (GLRT) defined as:

The Gibb’s distribution models
populations of graphs, and it has been
shown that it is a general framework
that can describe all Markov networks
and Bayesian networks conditions on
evidence5.

∗

We next develop a linear
regression model for connectome
data. Consider the problem of
modeling a set of connectome
graphs (gj, j=1, …, N) as a
function of some patient
characteristic coded as X, (e.g. Xj
= 0 for females and Xj = 1 for
males). The parameters to be
estimated are b0, b1 and t, while
 is the binary sum (XOR). The
regression coefficients b0 and b1
Figure 3. Linear regression on the Gibb’s
are themselves connectomes and
distribution
the predicted b1 represents those
connections that differ between the two groups of interest. The model is given as:

+ 𝑀 2 + 𝑅 log(𝑁) (6)

could not be rejected for comparisons of pre-task to post-task (P = 0.474
(day 1) and 0.409 (day 2)).
Figure 5. The “slope’ connectome
coefficient b1 is interpreted as the
change in connectome connectivity
between the groups. This edge
‘switch’ avoids represents connectivity
differences between groups8

Conclusions
• A single P-value is calculated for connectome differences, avoiding
massive univariate testing with multiple comparison adjustments
• The regression model can include multiple covariates of interest
• Edge differences are detailed in the b1 connection graph
Software is available open source: http://cran.r-project.org/web/packages/bingat/index.html
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