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Abstract

This dissertation shows that a machine learning approach for quantitative and qualitative
learning of effective brain connectivity not only improves the exploration of the intricate space of brain
connectivity but also provides clinically meaningful measures, quantifying normal and pathological
variation in the brain. To this end, we introduce a set of computational and mathematical frameworks
and algorithms to explore, understand, and characterize neuroimaging (functional and/or diffusion
MRI) data derived effective brain connectivity.

We contribute towards learning brain connectivity under various categories, namely, complete
fMRI data, incomplete fMRI data, and multimodal imaging data. The face validity of all proposed
methods is established over synthetic data and then over experimental data. We also contribute towards
assessing validity of assumptions made by the statistical modelling approach, namely, multivariate
autoregressive framework for learning effective connectivity from fMRI data and thus paving a way
for employment of machine learning techniques towards exploration of brain connectivity.

Under complete data assumption for fMRI data, our contributions are twofold. First, we
propose employing high-order dynamic Bayesian network (HO-DBN), as with the advent of fast
sampling rates dependency beyond first-order is a possibility. However, a fundamental problem faced
in the structure learning of HO-DBN is high computational-burden and low accuracy by the existing
heuristic search techniques used for learning effective connectivity from fMRI. Second, we propose
using dynamic programming (DP) principle along with integration of properties of scoring-function in
a way to reduce search space for structure learning of HO-DBNs and finally, for learning effective
connectivity from fMRI. The proposed exact search-&-score learning approach HO-DBN-DP is an
extension of the technique which was originally devised for learning a BN’s structure from static data
(Singh and Moore, 2005). The algorithm reaches globally-optimal solution in appreciably reduced
time-complexity than the static counterpart due to integration of properties. The proof of optimality is

provided.



fMRI signal is an indirect measure of underlying neuronal activity. Moreover, there are lost
samples and thus low temporal resolution due to down-sampling present in the acquisition process of
fMRI signal. Under incomplete data assumption for fMRI data, again our contributions are twofold.
First, we propose a novel autoregressive hidden Markov model with missing data (AR-HMM-md)
framework which aims at addressing aforementioned issues while allowing accurate capturing of fMRI
time series characteristics. The proposed work models unobserved neuronal activity over time as
sequence of discrete hidden states and lost data over time as variables, estimates their values by joint
optimization given fMRI observation sequence, and shows how exact inference can be obtained with
missing fMRI data under the “Missing not at Random” (MNAR) mechanism. This mechanism requires
explicit modelling of the missing data along with the observed data. The proposed model captured the
fMRI characteristics efficiently and thus converged to better posterior probability resulting into higher
classification accuracy over existing latent models. Second, we propose use of AR-HMM-md in
dynamically multi-linked (DML) framework for learning effective connectivity using multiple fMRI
time series. This framework overcomes the disadvantage of low-temporal resolution, improves cross-
validation accuracy significantly, and leads to reliable estimates of effective connectivity due to
presence of missing data variables and autoregressive process.

By definition effective connectivity is “the causal influence exerted by one neuronal group on
another” which is constrained by anatomical connectivity (axonal connections). Anatomical
connectivity is necessary for effective connectivity but does not fully determine it, because synaptic
communication occurs dynamically in a context-dependent fashion. Although there is a vast emerging
evidence of structure-function relationship using multimodal imaging studies, till date only a few
studies have done joint modelling of the two modalities: fMRI and DTI. We aim to propose a unified
probabilistic framework that combines information from both sources to learn effective connectivity
using DBNs. Specifically, we propose a novel anatomically-informed (Al) score that evaluates fitness

of a given connectivity structure to both DTI and fMRI data simultaneously. The Al score is employed



in structure learning of DBN given the multimodal imaging data. Multimodal analysis provide a more
reliable basis for differentiating brain under abnormal/diseased conditions than single modality
analysis.

The results show that the machine learning approaches, proposed in this dissertation, under
different data categories are computationally more efficient, reliable and robust than existing

approaches for learning effective connectivity estimates of human brain.
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anterior medial pre-frontal cortex, pCC — posterior cingulate cortex, RSC — retrosplenial
cortex, LPC — lateral parietal cortex, SFC — superior frontal cortex, ITC — inferior temporal

cortex, pHIP — parahippocampal gyrus; L and R — left and right hemispheres

Figure 8.7. Hypothesis testing results for healthy adolescents for different parameter values:
for a given 3, the bar-plot of range R, vs. magnitude of z-statistic of Mann-Whitney test
performed between groups of non-zero EC values corresponding to AC probability ranges
R, =[a,a + Al and [B, 1], where A= 0.01,a € {0,4, 24, ..., —A},and § €
{0.05,0.1,0.15, ...,0.50}
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Figure 8.8. For adolescent population: (a) Pairwise Anatomical Connectivity for 12 ROIs of
DMN. The width of an edge between any two ROIs corresponds to the mean tractography-
based connectivity probability obtained from group DTI data. Edges without arrows
represent bi-directional connectivity. Effective connectivity for DMN as obtained using: (b)
DBN structure learning with anatomically informed score TBgp, () DBN structure learning
with anatomically uninformed score BD, and (d) MVGC. The edges are either uni- or bi-

directional

Figure 9.1. Possible directions for future work at various levels of complexity
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