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Exploratory and Predictive Models for Neuroimaging Data

e Functional Magnetic Resonance Imaging (fMRI) measures
blood flow correlated with neuronal activity

@ Main technique for non-invasive measurements of human brain
structure and function.
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(10's to 1000's) participants, how do we learn interpretable models
that can generalize from limited samples?
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Incorporate domain knowledge to enable learning from limited
samples.



Key Challenge

With millions of simultaneous measurements from relatively few
(10's to 1000's) participants, how do we learn interpretable models
that can generalize from limited samples?

Towards a solution
Structured Probabilistic Machine Learning

Capture uncertainty in model parameters



Probabilistic Models

Bayesian Models

p(w) p(w|z) x p(z|w)p(w)
data {z}

p(x|w) likelihood: model for brain images given model
parameters

p(w) prior: incorporating expert knowledge

p(w

x) posterior: estimated model parameters



Structure in Large Scale Neuroimaging Data

o hypothesis: fMRI signal is
spatially smooth, due to
anatomy, preprocessing ...

@ “soft” constraints e.g. shrinkage, smoothness easily
incorporated using priors
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Structure in Large Scale Neuroimaging Data - Il

o hypothesis: mental
processes are spatially
localized (Cohen and
Bookheimer, 1994)

@ “hard” constraints i.e. structure are much more challenging

o Construct models that jointly incorporate spatial sparsity and
spatially smoothness



Structured Distributions via Information Projection

Key ldea: Information projection of the model p(x,w) to the
structured set S

q* = argmin KL(q||p(x, w))
qES

Koyejo and Ghosh (2013); Koyejo et al. (2014)
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Structured Distributions via Information Projection

Key ldea: Information projection of the model p(x,w) to the

structured set S

q* = argmin KL(q||p(x, w))
qES

general purpose, easily
applied to new structured
sets

state of the art performance
in many cases

often significantly more
scalable than equiv.
conventional model

particularly effective in

several cases where sampling
inference fails

Koyejo and Ghosh (2013); Koyejo et al. (2014)



Human Connectome Project Data (Essen et al., 2013)

@ Investigating association between human brain function and
human behavior

@ Joint exploratory analysis of task brain images and behavioral
variables

@ n = 497 adult subjects. Each subject has d; = 380 behavioral
variables, dy = 27000 voxels
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2 Back vs 0 Back contrast (measures working memory)

WM_Acc -0.086

L R L I% o078 WM_0bk_Acc -0.085
: WM_0bk_Median_RT 0.078
WM_Obk_Body_Acc -0.076
o | WM 0bk_Body Median_RT 0.073
WM_0Obk_Tool_Acc -0.073
WM_0bk_Face_Acc -0.072
)y, 2=64 M_Obk_Face_ACC_Nontarget -0.072
WM_0bk_Body_Median_RT_Nontarget 0.071

Neural support is seen in a number of frontal and parietal regions and
cerebellum, consistent with cognitive control systems usually engaged by
the task. Behavioral correlates including both reaction time and accuracy
on the task, showing greater neural engagement associated with slower

and less accurate performance.

(Khanna, Ghosh, Poldrack, and Koyejo, 2016)



REL vs MATCH contrast (measures relational processing)

Relational_Acc -0.059
% o072 RelationaliReliA_cc -0.053
: ReadEng_AgeAd;j -0.049
ReadEng_Unadj -0.048
0 WM_Acc -0.046
Relational_Match_Acc -0.045
PicVocab_AgeAdj -0.044
PicVocab_Unadj -0.043
WM_2bk _Acc -0.041

Neural support is observed in frontal, parietal, and occipital cortex.
Behavioral correlates captured both performance on this particular task,
as well as independent measures related to higher cognitive functions
including working memory capacity, vocabulary, and reading.

(Khanna, Ghosh, Poldrack, and Koyejo, 2016)
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Summary

o Effective exploratory and predictive modeling of biological data
requires incorporating domain knowledge.

@ Proposed structured probabilistic models via information
projection as a promising framework.

Neuroimaging Data Analysis:
@ Incorporate the domain knowledge of structured spatial
sparsity.
o State of the art performance in exploratory and predictive
analysis of neuroimaging data
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Thank You



Backup Slides



Simulated Data Results: Support Recovery

k=20, d=10,000, SNR = 20dB , n = 100,...,400
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FMRI stop signal task (White et al., 2014)

o stop signal task: designed to measure impulse control

z=2 z=25 z =12

o n = 126,d = 10,000, k* = 300

@ recovered regions correlated with stop signal reaction time e.g.
include orbitofrontal cortex, dorsolateral prefrontal cortex,
putamen, anterior cingulate, parietal cortex

(Koyejo et al., 2014)



Time varying brain networks from HCP




Time varying brain networks from HCP

@ Gordon atlas, Motor task

(Andersen, Koyejo, and Poldrack, 2016)



References |

J. M. Andersen, O. Koyejo, and R. A. Poldrack. Model-based dynamic resting state functional
connectivity. 2016. In Prep.

Mark S Cohen and Susan Y Bookheimer. Localization of brain function using magnetic resonance
imaging. Trends in neurosciences, 17(7):268—-277, 1994.

David C. Van Essen, Stephen M. Smith, Deanna M. Barch, Timothy E.J. Behrens, Essa Yacoub, and
Kamil Ugurbil. The wu-minn human connectome project: An overview. Neurolmage, 80:62 — 79,
2013. ISSN 1053-8119. doi: http://dx.doi.org/10.1016/j.neuroimage.2013.05.041. URL
http://www.sciencedirect.com/science/article/pii/S1053811913005351. Mapping the Connectome.

Rajiv Khanna, Joydeep Ghosh, Russell A. Poldrack, and Oluwasanmi Koyejo. Information projection and
approximate inference for structured sparse variables. 2016. In Prep.

Oluwasanmi Koyejo and Joydeep Ghosh. Constrained Bayesian inference for low rank multitask learning.
In Proceedings of the 29th conference on Uncertainty in Artificial Intelligence (UAI), pages 97-106,
2013.

Oluwasanmi Koyejo, Rajiv Khanna, Joydeep Ghosh, and Russell Poldrack. On prior distributions and
approximate inference for structured variables. In Advances in Neural Information Processing
Systems, pages 676-684, 2014.

Corey N White, Eliza Congdon, Jeanette A Mumford, Katherine H Karlsgodt, Fred W Sabb, Nelson B
Freimer, Edythe D London, Tyrone D Cannon, Robert M Bilder, and Russell A Poldrack.
Decomposing decision components in the stop-signal task: A model-based approach to individual
differences in inhibitory control. Journal of Cognitive Neuroscience, 2014.


http://www.sciencedirect.com/science/article/pii/S1053811913005351

	Introduction

