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1. The FMRI Problem

In fMRI, a subject is placed in the MRI machine
and volume images of their brain measured
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1. The FMRI Problem

... at n time points while they are generally
performing a designed cognitive task
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1. The FMRI Problem

... and a regression based measure of association
between the task timing and voxel time series
computed.
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2. Artificial Neural Nets

An ANN maps inputs variables (x’s) to output
variables (y’'s) through activation a and probabillistic
score functions Q.

Unsupervised Learning: input x and output y pairs
and make inferences using one data set.

b b

Supervised Learning: output “training” data” y’'s

with class labels c,’s to “learn” (y,c,) relationship,
then apply this relationship to the current data y.
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2. Artificial Neural Nets

ANNSs can be used to classify voxel time series as
active (1) or inactive (0) after having been trained.

In order to train the ANN, we need to have the

observed time seriesy along with its known class
assignment c.
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2. Artificial Neural Nets

ANNSs can take on many exotic forms!

A mostly complete chart of
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2. Artificial Neural Nets

A linear perceptron ANN with Gradient Descent
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2. Artificial Neural Nets T e v
A:eXp(ZIB]Xij)

A Softmax classifying ANN with Gradient Descent
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3. ANNs and FMRI

Simulated Training fMRI Data
Anatomical and voxel time series.
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3. ANNs and FMRI

Train linear perceptron ANN to find the
relationship between x design and y time series.
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3. ANNs and FMRI

Train linear perceptron ANN to find the
relationship between x design and y time series.
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3. ANNs and FMRI

Translate trained x and y relationship to avtive
VS. Inactive classifications.
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3. ANNs and FMRI

Train Softmax ANN classifier to input y time series
and class c then output classifier coefficients
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4. Results

Simulated similar test data, calculated log odds
using training data coefficients.
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4. Results

Simulated similar training data.
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4. Results

Test data ANN classification vs. regression.

ANN Regression
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5. Discussion
Increase the number of layers.
Other activation functions.
More categories: OB NA, GM NA,WM NA, GM A.

Statistics vis Apply to experimental fMRI data.
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Thank You!

Questions?

Daniel.Rowe@Marquette.Edu
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