Summary

Neuroimaging rests on two assumptions.
« Strength of the image signal (e.g., BOLD) corresponds to aggregate neural activity in a cortical region.
« Aggregate neural activity reflects the effective contribution of that region to cognition
Although these assumptions are generally supported, exceptions are found.
+ A COMT gene polymorphism associated with lower prefrontal activation is also associated with better executive function.
+ Normal fusiform face-area activation is found with impaired face recognition in congenital prosopagnosia.
« Decreased activation throughout cortex with increased stimulus-specific experience.
We present a computational framework that provides an interpretation of the exceptions.

Using neural network models, we show how various aspects of the models—such as extraneous noise, fraction of neurons active, amount of training and
mere exposure, and the shape of the activation function—can yield dissociations between activity of a brain region and its effective contribution to cognition.
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Neuroimaging Assumptions Noise Repeated Exposure Domain-Based Expertise
1. Strength of the image signal (e.g., BOLD) corresponds to Consider a brain region as transmitting or transforming a signal We propose an unsupervised learning rule for adjusting neural net Certain brain regions are associated with domain-specific activity.
aggregate neural activity in a brain region. embedded in noise. weights as a result of repeated exposure (i.e., experience, practice, E.g., fusiform face area, parahippocampal place area
Correlations between hemodynamic and neural activity measured in monkeys are Noise reflects extraneous signals from other brain regions that repetition p”mmg)- Exol i 1
generally supportive of this assumption (Disbrow et al., 2000). aren’t suppressed. In the _absence of specwfi'c ‘llraining Siiana\,ﬁa good strategy for neurons is to push their Xplanation
L I ; tivation to ext - ; . o
2. Aggregate neural activity reflects the contribution of the region activation to extremes—iully on or fully o With learning, neurons are recruited to perform domain-specific discriminations.
to cognitive function. This strategy makes neural responses more noise robust and is consistent with Consistent with neurophysiological studies in which monkeys receive intense task
c o be found. and | — neurophysiological recording data (Mozer & Mytkowicz, 2004) training: a large fraction of neurons in visual and frontal areas come to discriminate
xceptions to this assumption can be found, and are puzzling. . . - N
P P P 9 noise —| brain region transformed signal This strategy is a standard trick in engineering for noise suppression called adaptive task-relevant features.
equalization (Nowlan & Hinton, 1993; Qureshi, 1985; Widrow & Stearns, 1985). Explanation 2
2 large .-
. . . X ‘Q //_-: With learning, the amplitude of the output activity =
Aggregate neural activation reflects signal + noise. I I Ineu,a| activity grows. E
i 2 small
. o fMRI imaging reflects incoming (and intracortical) neural activity (Jueptner & Weiller, min max This phenomenon is observed in a neural network g learning rate
Dissociations Between 1995; Logothetis et al., 2001). whose weights are initially small and whose target 5]
P e : . . output representations have a significant fraction o of 3
Aggregate Neural Activity and Cognitive Function Cognitive efficacy depends on signal:noise ratio. Simulation active units. 2 ‘
. . . B L . A set of input patterns is presented repeatedly to a network, and the adaptive number of learning trials
The COMT gene polymorphism associated with lower prefrontal When noise is significant, aggregate neural activation will not equalization algorithm is applied . ) _ o
activation is also associated with better executive function correspond to effective contribution of brain region to cognition. Initial weights are random, and biases are set such that a given fraction («) of units Both explanations suggest increasing aggregate neural activation
performance (Egan et al., 2001) have h‘ghgaaivity_ ’ 9 with learning in domain-specific cortical regions.
Normal fusiform face-area activation is found with impaired face Eg.,a=02
recognition in congenital prosopagnosia (Behrmann et al., 2002) 5' Distribution of output activity 2 . Distribution of output activity
Decreased activation throughout cortex is observed with g before training g after training
increased stimulus-specific experience (e.g., Desimone, 1996; Fraction of Neurons Active g g L
Ringo, 1996; Wiggs & Martin, 1998). = = Explaining Data
Consider a neuron whose firing rate v is a sigmoidal function of its " outputactvity oufputactivity Congenital prosopagnosics show normal FFA response but poor
input. behavioral performance.
o Aggregate activity in network depends both on the number of noise, in conjunction with a representation characterized by . = 0.5
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Factors Influencing Aggregate Neural Activity

presentations and o. Repetition suppression effects

i Repeated stimulus presentation causes increase in activity of populations with a small

fraction of neurons firing high. repeated exposure, in conjunction with a representation characterized by o < 0.5

1. Noise . . . Repeated stimulus presentation causes decrease in activity of populations with a Predictions from this framework require assumptions concerning
: E Introducing noise to input reduces the large fraction of neurons firing high. the fraction of active neurons in a brain region.
2. Fraction of neurons active expected response range.
3. Repeated exposure Neurons with strong responses fire less; neurons . /Q/—/‘*___—‘___K______J
with weak responses fire more OE AT e
daRomainzhasedlieanning True for any symmetric noise distribution, e.g., > ;; —
Gaussian, uniform = / [ ———
True for other response functions, e.g., piecewise g ;/ Im pllcatlons
linear with min, max values S| =~ - 0 0 00 000 . . . . .
K] \\_ In cognitive neuroscience, measures of brain activation are often
Consider population of neurons with some fraction (o) firing high § \\\ regarded as primitives that do not require interpretation.
and the remainder firing low. = "~ Tt ——— . . . -
N —— Although activity in a brain region may commonly indicate the
Interaction between o and noise level a= A — T effective contribution of that brain region to cognition, we argue on
TTe—— computational grounds that dissociations are possible, and are
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number of presentations Factors that influence aggregate neural activity in computational models include:

extraneous noise, fraction of neurons active, amount of training, number of
exposures, and the nature of the function relating dendritic input to firing rate.
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