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Abstract

Is it feasible to train classifiers to decode the cognitiatesbf a human
subject, based on single-episode fMRI data? If so, thegeettalassi-
fiers could be used as virtual sensors to detect hidden ¢egstates of
a subject, providing a key tool for experimental researatoignitive sci-
ence and in diagnosis of mental processes in patients waih bijuries.

Whereas much work has been done on fMRI data analysis methods
that average together data collected from repeated stioveli multi-
ple episodes, little is known about the feasibility of tiamclassifiers to
decode cognitive states from single episodes. This papsepts several
case studies in which we have successfully trained suchkifias. We
explore the technical issues involved in training suchlgivgpisode clas-
sifiers, and discuss areas for future research. These aatiesinclude
training a classifier to determine (1) which of twelve senacategories
of words is being read by a human subject (e.g., a word désgrém-
imals or one describing buildings), (2) whether or not a sabfinds a
sentence ambiguous, and (3) whether the subject is lookiagiture
or at a sentence describing a picture.



1 The Problem

The study of human brain function has received a tremendoasthn recent years from
the advent of functional Magnetic Resonance Imaging (fMRIprain imaging method
that dramatically improves our ability to observe corretadf brain activity in human sub-
jects. A typical fMRI experiment can produce one three-disienal image of the human
subject’s fMRI activation every half second, at a spatiabiation of a few millimeters,

resulting in a spatial-temporal data stream containing mmillions of observations of
local brain activation over the course of a single twentyutérexperiment.

This fMRI technology has been used over the past severasyearonduct hundreds of
studies that identify which regions of the brain are actdaivhen a human performs a
particular cognitive function (e.g., reading, mental iregg. The vast majority of this work
involvesaveraging togethefMRI data collected during multiple time intervals, in whic
the subject responds to repeated stimuli of some type (eafing a variety of sentences).
The most common result of such studies are statements obitime f

“fMRI activity in brain region R is on average greater whemfpeming task T than when
resting.”

In contrast, this paper seeks a different kind of result. @aal here is to study the fea-
sibility of automatically decoding the subject’s instamgaus cognitive state, given his/her
fMRI activity at a single time instant or time interval. Ingtpaper we use machine learning
methods to train classifiers to decode instantaneous ¢egstates such as “the subject is
reading a sentence,” “the subject is examining a picturg ‘subject finds the sentence
ambiguous,” and “the subject is reading a word describimgestype of food.” Note our
task differs in two ways from the above form of result:

e The classifier must make its decision based on fMRI data fraimgle time in-
stant or interval.

e \We are interested in learning the mapping from observed fkbRhe subject’s
state, instead of the mapping from the subject’s task twiacin particular re-
gions.

Why is this an interesting problem? Because if we could lsaich classifiers they would
provide a new tool for decoding the sequence of hidden civgrstates a subject passes
through when performing some complex task, or for diagrp#e type of difficulty they
are having performing some cognitive task. Put succinstigh classifiers would constitute
virtual sensorsof the subject’'s cognitive state, which could be useful terstists and
clinicians across a range of cognitive science researcll@gehostic medical applications.
If such virtual sensors could be trained to classify cogaistates robustly across different
human subjects, these classifiers could be published omtiimét as useful tools for the
research community. In this sense, the trained classifierddithemselves constitute an
operational theory relating cognitive state to fMRI obsgions.

Is this a feasible goal? In this paper we report on severagmxg@nts in which we have
trained classifiers to successfully distinguish betweexealfset of possible cognitive states
(e.g., “is the subject observing a word about food, or a wdrdua people?”). Given the
noise and resolution limitations of fMRI, there will surddg cognitive states that cannot be
successfully distinguished based solely on fMRI. Howewar,results establish that there
are cognitive states that can be successfully distingdisiWe now face an empirical ques-
tion of which states can be distinguished, as well as a madbarning research question
of what learning algorithms will work best. The main purpa$¢his paper is to introduce
the problem of training such classifiers of cognitive statereport on the feasibility of
training virtual sensors of cognitive states in some casesxamine the subtleties involved
in training such classifiers, and to suggest relevant fueesearch issues.

In section 2 we provide a very brief overview of fMRI, focugionly the characteristics
of fMRI most relevant to our goal of trairE'ng virtual sensafscognitive states. Section



3 reviews some previous related work. Section 4 describegémeral approach we have

explored for training classifiers, and Section 5 descrilese case studies in which we

have trained classifiers of cognitive states, includingussions of the datasets, machine
learning methods, and experimental results. Finally, warsarize the lessons learned

from these case studies, as well as suggestions for futseaureh, in Section 6.

2 Functional Magnetic Resonance Imaging

fMRI is a technique for obtaining three-dimensional imagsated to activity in the brain
throughout time, as the owner of the brain performs taskislénan MRI scanner. More
precisely, fMRI measures the ratio of oxygenated hemoglttbileoxygenated hemoglobin
in the blood with respect to a control baseline, at many iiddial locations within the
brain. This is often referred to as the blood oxygen levekhglent (BOLD) response. The
BOLD response is taken as an indicator of neural activityshiduld be noted that it acts
as a temporally smeared indicator of activity, having a oese spanning several seconds
after the stimulus and corresponding neural activity occur

An fMRI scanner displays the values of the fMRI signal atlad points in a three dimen-
sional grid, orimagé, covering part of the brain. In the studies described is ffaper,
a three dimensional image is captured every 1, 1.5, or 0.6rnsksc We refer to the cells
within an image awoxels(three dimensional pixels). Voxels typically have a voluaie
a few tens of cubic millimeters, and a typical three dimenalomage typically contains
10,000 to 15,000 such voxels. While the spatial resolutiofViiR| is dramatically better
than that provided by earlier brain imaging methods, eacteMoevertheless contains on
the order of hundreds of thousands of neurons.

3 Related Work

Over the past five years there has been a growing interestwiitt computer science com-
munity in data processing for fMRI. This has led, for exampbetwo Neural Information
Processing Systems (NIPS) workshops on this topic, andaexther meetings.

One popular kind of processing involves using a Generallzedar Model (GLM) ap-
proach (Friston et al., 1995; Bly 2001), in which a regresssperformed on the signal
value at a voxel with respect to some stimulus. This can be tsséetermine which voxels
are related to the stimulus. Others have ussthtistics to determine relevant active voxels,
and yet others have used more complex statistical methoéstitmate parameters of the
BOLD response in the presence of signal noise (Genovesg.1999

Methods for modeling time series data have been used for fliéfd. For example, Hjen-
Srensen et al. (1999) used Hidden Markov Models(HMM) todeamodel of activity in
the visual cortex resulting from a flashing light stimuluslth®ugh the program was not
told the stimulus, the on-off stimulus was recovered as ttiddn state by the HMM.

A variety of unsupervised learning methods have also beed fas exploratory analysis of
fMRI data. For example, Goutte et al. (1998) discussed tkeeofislustering methods for
fMRI data. Penny (2001) applied Expectation Maximizatiorestimate mixture models
to cluster the data. Others have used Principle Componemagysis and Independent
Components Analysis (McKeown & Makeig, 2001) to determipati®l-temporal factors
that can be linearly combined to reconstruct fMRI signal.

While there has been little work on our specific problem ofniireg classifiers to decode
cognitive states, there are several papers describingwitiniclosely related goals. For ex-
ample, Haxby et al. (2001) showed that there different padtef fMRI activity generated
when a human subject views a photograph of a face versus & harsus a shoe, versus a
chair. While they did not specifically use these discoveraittigpns to classify subsequent
single-event data, they did report that by dividing the fMfta for each photograph cate-
gory into two samples, they could automatically match thta damples related to the same
category. Others (Wagner et al, 1998) re%orted that theg baen able to predict whether



a verbal experience will be remembered later, based on tlgmituale of activity within
certain parts of left prefrontal and temporal cortices dgithat experience.

4 Approach

In the fMRI studies considered here, data were collecteh ineurologically normal sub-
jects from the university community. Data were preprocdsseng the FIASCO program
[?]* to remove artifacts due to head motion, signal drift, andep#ources. The resulting
preprocessed images were used as input to our classifiers.

To characterize the locations of voxels within a brain, amatal regions of interest (ROIS)
were defined individually for each subject. These ROIs wefadd using the parcellation
scheme of Rademacher and his colleag@e8][ For each subject, the mean of the func-
tional images (i.e., images showing the BOLD response) waggistered to the structural
volume scan (i.e., a separate scan that captures phys#aldtructure rather than BOLD
activation), so that these ROIs could be correctly idemtifie

4.1 Classifiers

In this paper we explore the use of machine learning methmdpproximate classification
functions of the following form

f : fMRI-sequencé, n) — CognitiveState

where fMRI-sequence(t,n) is a sequence of fMRI images c@tbat times throught + n,
and where CognitiveState is the set of cognitive states didmeiminated.

We consider a number of classifiers for this purpose, inclgdi

e Gaussian Naive Bayes classifier(GNBJhe Naive Bayes classifier assumes the
features of fMRI-sequence (e.g., the individual voxel aigrat different times) are
conditionally independent given the CognitiveState. Tlai§sian Naive Bayes
classifier models the conditional probabilipy f|c) for each input featurd and
each cognitive state as a Gaussian distribution. Maximum likelihood estimates
for the mean and variance of each such Gaussian are obtagradie training
data. These estimates are then used, together with the Bayes independence
assumption, to classify new instances according to theedosprobability of the
class given the observed features.

e Support Vector Machine(SVMJVe used a Support Vector Machine with a linear
kernel.

e k Nearest Neighbor(KNNWe use k Nearest Neighbor with a Euclidean distance
metric, considering values of 1, 3, and 5 for

To estimate the accuracy of trained classifiers, we geryegatiploy leave-one-out cross-
validation. When leaving out a particular image taken attinwe generally also remove
otherimages that are nearby in time. This step is designaebiiol the optimistically biased
estimate that would otherwise arise, due to the similarityactivity among temporally
proximate images (due to the temporal blur in fMRI BOLD resg®). In particular, when
leaving out the fMRI image at timefor use as a test example, we also remove from the
training set all images within 5 secondstof

4.2 Data Abstraction

We explored a variety of methods for preprocessing the raRlfivhages before providing
them as input to the classifier. A typical image contains 00,® 15,000 voxels, and a
training example can include several dozen images, so tima¢ ©f our training and test
examples contain hundreds of thousands of (voxéme) features. At the same time, our

IFIASCO is available at http://www.stat.cmij.edtﬁasco.



Categories Subcategories
Animal 4-legged,Fish
Nature Trees,Flowers
Food Fruits,Vegetables
People | Family Members,Occupations
Artifact Tools,Kitchen Items
Building Dwellings,Building parts

Table 1: Categories of words in the Semantic Categorieystildssifiers were trained to
distinguish which of the twelve subcategories of word thigjsct was viewing.

training example sets typically contain only a few dozemegkes. Therefore, dimension-
ality reduction methods such as feature selection are weppitant for our problem. In the
case studies described below, we explored a variety of mstfuy reducing dimensional-
ity, involving combinations of four processes:

e Selecting a subset of voxelfoxels were selected in some cases based on how well
they could individually classify the training examples. dther cases they were
selected based on how active they were when the subjectgzetany stimulus,
compared to their activity when the subject was at rest.

e Selecting a sub-interval in timé& some experiments, the natural representation of
an example is a sequence of images. This process selectsguoms subinterval
from this interval.

e Averaging the values of multiple featurg8ne can reduce dimensionality by re-
placing a collection of voxel activations by their mean. éme cases we average
voxels that occupy an anatomically defined contiguous regfdhe brain. In oth-
ers we averaged voxels selected by alternative criteria agsdhe most active
voxels within a particular anatomical region.

e Normalizing activitiesWe experimented with a variety of methods for normaliz-
ing the activation values associated with different voxXelg., scale the activities
so that each voxel achieves the same maximum and minimure waler some
time interval).

5 Case Studies

This section describes our efforts to train virtual sengdgrsognitive state for fMRI data

collected in three distinct studies. In the semantic caiegstudy, we train classifiers to
determine which semantic category of word the subject idirga In the syntactic ambi-

guity study we train classifiers to determine whether thgestitis reading an ambiguous or
unambiguous sentence. In the picture and sentence studsaiwelassifiers to determine
whether the subject is viewing a picture or a sentence tratritees a picture.

The following subsections describe each of these studigsin along with the classifiers
developed for these studies and the lessons learned fram eac

5.1 Semantic Categories Study

In this study, subjects were presented with words and askgaije the semantic category
to which each word belongs. Words are taken from six generabsitic categories, with
two subcategories of words within each, as depicted in Table

Subjects were presented words one at a time, using a bloagndeswhich words from
a single category are presented within each block (a ’'blégld contiguous interval in
time). At the beginning of each block, the name of the seroamtiegory is displayed for 2
seconds. After this the subject is shown a succession of 20syeach presented for 400
msec and followed by 1200 msec of bIanE screen. After eacld igguresented the subject



must click a button in order to indicate whether the word bgkto the category that was
named at the beginning of the block. This task serves to erikarsubject is performing a
semantic judgment, and all subjects performed this taskyparfectly. Nearly all words
do belong to the target category (half the blocks contain umsof-category words, and
the remain blocks contain just one out-of-category wordpré#¥ were chosen from lists
of high frequency words of each category, as givendj in order to avoid obscure or
multiple-meaning words. A total of twelve blocks of words regresented, one block
for each semantic subcategory. Between each block of wardsyeral second pause, or
“fixation period,” was inserted. An fMRI image was acquiratte per second.

5.1.1 Learning Problem

Our goal is to train a classifier that maps the observed fMRVia of the subject to the
semantic category that word the subject has justZea@ur problem can be cast as the
problem of learning a classifier functidnwhere

f : fMRI(t) — WordCategorit)

Here, fMRI{) is the observed fMRI data at tinte WordCategory is the set of semantic
subcategories in the study (“fish,” “vegetables” , etc.) #mlvalue off (fMRI (1)) is the
word category that gave rise to the fMRI image obtained a¢ tim\Ne represent MR

by a vector of fMRI signal values observed at titnat selected voxels. Note that in this
study, all trained classifiers use only a single image astjrgnd not images collected over
an interval in time.

5.1.2 Methods

Classifier

In these experiments we use a Naive Bayes classifier, witmaladistributions over each
continuous input feature. The parameter estimates wewgaraat using maximum likeli-
hood unbiased estimators for the mean and variance of anataormal distribution (see

[?)-

This simple classifier is used so as to try to avoid the riskvafrfitting, which is a consid-
erable risk given that we have relatively few examples (atfavg per category) and a large
number of features (a few thousand voxels). In additiorretiesome support for the idea
that a generative classifier may do better than a discrimvimane for small samplesT]).
There is also empirical evidence that, in a few domains sacreat Learning (P]), useful
models can be learned despite an imbalance between the nafi@x@mples and features.
Finally, we want the learned model to be simple enough tavallisual representation and
interpretation by psychologists.

Evaluation

Given that our classification problem is a twelve-way clisgiion, we measure classifier
performance by the average rank of the correct label. Mageipely, for each test example
the classifier produces a ranking of all possible labelssioatcording the posterior prob-
abilities output by the naive Bayes classifier. The positibthe correct label within this
ranked list is then noted. This position is then averagedsacall test examples and the
ranking normalized to [0,1], where O is first/correct and laist. As an example, scores
of .01,05 and.1 in a 12 category situation correspond to average positidris11,155
and 21 within the list of twelve categories. Note that guessingarmly at random will
produce an average rank &fon our [0,1] scale, for this data set.

In order to judge how well a trained classifier can recognagnitive states we use cross-
validation estimates of the average rank of the correct labedl examples.

2In fact, the fMRI signal in response to a stimulus typicalags several seconds after the stimu-
lus, so strictly speaking we are learning a mapping from ki fsignal at timet to the word category
the subject observed several seconds earlier.6



There are two issues to note with respect to the cross-validenethod. First, when se-

lecting examples for each test fold, we pick examples in exprately equal proportions

from all the classes. The purpose of this is to maintain aread training set whose class
priors fit the class proportions in the test set. Second, atiored earlier, whenever the
program selects an example fMR)(for inclusion in the test fold, it removes from the
training set any examples that are within 5 seconds dtis avoids optimistically biasing

the evaluation due to the similarity of fMRI images that aearby in time.

Feature Selection

In order to reduce the dimensionality of the input, and in tienapt to improve classifier
accuracy, we considered three kinds of feature selection:

e Select the n most active voxels (Activity p-valu@)this method, we select the
voxels whose activation during reading differs the mostftbeir activation when
the subject is in a pause, or fixation period. More specific&dr each voxely,
and each semantic word classat-test was applied to compare the mean signal
level during blocks belonging to classversus fixation periods. The first twelve
voxels were then selected by picking for each claise voxel with the greatest
t statistic. The next twelve voxels were selected by pickhigygecond strongest
voxel in each class, and so on.

e Select most active voxels per Region of Interest (Activitslpe per ROI)This is
similar to the previous technique, but attempts to assuaeubixels are selected
from all ROIs within the brain. The above procedure is run acteROI, and
the union is taken of voxels selected from all ROIs. This easthat no ROl is
ignored, even if the activity level for voxels inside it istter than that for voxels
in other ROIs.

e Select the n best individually discriminating voxels. (eea Average Rankjhe
n most discriminating voxels are selected by first traininggasifier with just one
voxel as input, repeating this procedure for each voxel. iivexels with the
best cross validated average rank are then selected. N&e uding this feature
selection method, we run feature selection separately doh eross-validation
fold, in order to avoid use of data from the test fold during feature selection
process. Thus, the voxels selected may vary from fold to. fold

e Select n voxels at random. (Randomy a baseline, we also consider selecting
features at random.

5.1.3 Experiments

Our experiments address the following questions:

1. Can aclassifier learn the mapping between an fMRI imagérencbgnitive state,
when trained using voxels from the entire cortex?

2. Can the results be improved by reducing the number of ga@hsidered by the
classifier?

3. What are the features/voxels that most help a classifisubeessful?
4. Are particular semantic categories more identifiable thitners?

We use 32 images from each stimulus block as examples of tRé &dtivity for the cate-
gory word being shown during the block.

We performed experiments on data collected from 10 subjeotssidering only those vox-

els found in the union of several anatomically demarcatgobres of interest (ROIs). Prior

to any feature selection, the section of cortex in questiomtained between 8470 and
11136 voxels, depending on the subject.

The tables presented contain the average rank of the caatEgory across all examples,
for each of the 10 subjects. 7



Experiment] A B C D E F G H I J
6 classes | 0.45] 0.52| 0.4 | 05| 0.42] 0.38 | 0.52]| 0.35] 0.50| 0.29
12 classes| 0.13| 0.17 | 0.04| 0.12| 0.06 | 0.069| 0.2 | 0.04| 0.14 | 0.05

Table 2: Average rank for Semantic Category classifiersgualhvoxels as inputs. Each
column indicates the average rank for a different humanesuibjThe top row describes
the classifier trained to distinguish the six abstract sdimaategories. The second row
describes the classifier trained to distinguish the twellecategories. Note random clas-
sification yields an expected average rank of 0.5, perfestsification a rank of 0.0, and
worst case classification a rank of 1.0.

Feature Selection Method A B C D E F G H | J
Feature Average Rank| 0.11 | 0.18 | 0.04 | 0.12| 0.065| 0.085| 0.20 | 0.047| 0.13 | 0.054
Activity p-value 0.049| 0.042| 0.024| 0.07 | 0.029| 0.032| 0.049| 0.02 | 0.078| 0.013
Activity p-value per ROI'| 0.13 | 0.15 | 0.051| 0.12| 0.058| 0.068| 0.13 | 0.039| 0.15 | 0.042
Random 0.14 | 0.18 | 0.065| 0.13| 0.072| 0.082| 0.22 | 0.052| 0.15 | 0.059
Use all voxels 0.13 | 0.17 | 0.044| 0.12| 0.058| 0.069| 0.2 | 0.043| 0.14 | 0.05

Table 3: Average ranks for classifiers using different feaselection strategies. Columns
indicates different subjects, rows indicate differenttfea selection strategies. The final
row represents using all voxels with no feature selectio, ia equivalent to the 12 class
row in Table 2.

Full Cortex Experiments

The Naive Bayes classifier was first trained using each voxtle full cortex as an input,
and using the six categories (not the twelve subcategaief)e target classes. The two
subcategory blocks for each category we used as a pool offg@zarior that class. For sev-
eral subjects the resulting classifier accuracies were shiaiebetter than those expected of
a classifier predicting labels at random. However, when wieéd a second classifier using
the twelve subcategories as target classes, we obtaineld gneater accuracy. In fact, for
five of the human subjects, the average rank of the corredl wiaiss in the twelve-class
experiment was lower than@, which means that on average the correct word category
was ranked first or second out of the twelve categories. Téedteeof both classifiers are
compared in Table 2. Given the much higher accuracy for tlevevcategory classifier,
we use the twelve-category classification problem in alksgfoent experiments reported
here. Accuracies are measured using 32-fold cross-vaigavhich corresponds to using
a single example of each class per test fold.

One might reasonably ask at this point how we can be sure thai thve classifier is learn-
ing is in fact a discriminator for the semantic category of@dy and not and indicator of
some other time-varying feature of the subject. We belibegareponderance of evidence
supports our belief that the classifier is indeed learningdistinguish semantic categories,
and we discuss this topic in greater detail at the end of gaten.

Feature Selection Experiments

The four feature selection approaches described in sebtb@ were applied to the data,
and the selected voxels were used to train new classifierhéotwelve class problem.
Recall these feature selection methods are Feature Avétagk, Activity p-value and
Activity p-value per ROI, and Random.

Each feature selection method (except Random) was usedett sédferent numbers of
voxels, and all were found to produce the best results whisttiey between 1200 and
1600 voxels. We therefore report the average rank scoresléssifiers selecting 1200
voxels according to each of the three methods, plus the Randethod (see Table 3).
Reported average ranks were obtained u§ing 32-fold cralsgation.




Several trends are apparent from the results of Table 3t, Firs most effective feature
selection method is Activity p-value, and this method pr@eiiat minimum a factor of two
reduction in the average rank cost function when comparashagusing all voxels, for
each of the 10 subjects. Second, it is apparent that randsetdgting features is detrimen-
tal, and performs worse than simply using all available \®éth no feature selection.

5.1.4 Discussion

The above experiments indicate that one can train a claswifigredict the semantic cat-
egory of word observed by a subject, based on the instantarf®R| activity produced
while reading blocks of such words. Despite the very highetision of the data, and the
relatively small number of training examples, a naive Baglassifier appears to perform
reasonably well.

Automatic feature selection to select a subset of the vaaaisfurther improve accuracy,
reducing the average rank loss by a factor of two. Interghktirselecting voxels by how

good an individual discriminator they are (i.e., the FeatAverage Rank method) barely
produces an improvement over the baseline of using all goxéiereas selecting them by
how active they are (i.e., the Activity p-value method) werkuch better. We believe the
reason for the weaker performance of the Feature Averagk Rathod may be related to
the fact that we have a twelve-class classification problem.

What prompted us to consider individual voxel discrimindpin the first place was the
fact that highly discriminating voxels are often physigalbntiguous within the brain, even
though the feature selection method is unaware of physicadipity. This clustering of

highly discriminating voxels within the brain is visible thithe naked eye (see Figure 1).

In most subjects, highly discriminating voxels conceriatthe inferior temporal (parts of
Brodmann areas 20, 37), inferior extrastriate (parts of BAZ7, 37 and parcellation units
OF, T3a, T3p, Oli and LG), temporal (parts of BA 21, 22 and 37 parts of dorsolateral
prefrontal cortex (parts of BA 6, 8, 9 and 46, anterior to ardleding frontal eye fields
and posterior precentral sulcus) rois (areas as defined))n fFor examples across three
subjects, see panel (a) of Figure 1.

These locations make sense in the light of the result8]if P], [?] and [?]. These suggest
that semantic object information is represented in disted networks spanning ventral
temporal cortex and lateral temporal cortex. In additidgvgytalso remark that different
semantic categories produce different spatial patterrsigofal (that are consistent across
exemplars in a given category). We were surprised by theepasof discriminability in
inferior dorsolateral prefrontal cortex, and are in theqass of seeking other reports of it
in the literature.

Interestingly, these were not necessarily the places whene activation was present.
When doing feature selection, the subsets of active voxelgiascriminating voxels over-
lapped by about 40% across subjects. The overlap is showamiel fb) of Figure 1).

Given all of the above, what could justify the superior periance of the Activity p-value
method for feature selection, compared to the Feature eeRank method? Our current
explanation can be illustrated by comparing voxels appegan only one of these groups,
and voxels common to both groups. This is depicted in Figure 2

Voxels like (a) in Figure 2 mostly do not help or hinder cléissition, as all the category
densities are roughly the same and hence contribute eqodhy finalp(categoryvoxelg
that is used in predicting category.

Voxels like (b) exhibit different means for some of the setianategories, but for sev-
eral classes they exhibit strongly overlapping distribog. This could indicate that several
classes get boosted simultaneously, one of which mightdedirect one, thus the reason-
able average rank scores in the group.

Voxels like (c), however, have a relatively clear separabetween just a few of the cate-

gories. In this case, one of the categoriesghas a partiguiayh mean signal level, another



(d) Overlap (red) of the active (yellow) and discriminatifidue) 1200 voxel subsets for sub. J

Figure 1: Panels (a) and (c) depict the overall distributbReature Activity Rank scores
for each voxel, for two different subjects. Panels (b) andc@mpare two subsets of 1200
voxels, one containing voxels selected by activity levsirfg Activity p-value), the other
containing discriminating voxels (selected by FeaturerAge Rank). There are 4 slices
for each of 2 subjects, inferior to superior from left to rigithe left hemisphere is on the
right side of each image.
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(a) Voxel in 1200 most ac-  (b) Voxel in 1200 best dis- (c) Voxel in both groups
tive only criminators only

Figure 2: When learning signal distribution model for a marar category, we fit a Gaus-
sian probability density function to the sample of signdlea obtained at a given voxel
during the block of that category. Each plot contains thela8szconditional densities for
one voxel, the x axis is the percent signal above control. [€fimost voxel is selection
by the Activity p-value method, the middle voxel is seledigd-eature Average Rank, and
the rightmost voxel is selected by both methods.

has a particularly low one, and others are in the middle. @icked as an active voxel
means that at least one of the classes has a high mean siggialkeen compared with the
mean during fixation. This increases the chance of a separati

Given this, we think that the good performance of the 120@/actoxel subset has two
causes. First, the fact that the voxels are active for at l@as condition (and often more)
ensures that a few class densities are spread apart, whiakldshcrease the average rank.
This should account for most of the overlap group voxels,civhiiave good scores. The
second cause is that the remaining active voxels, thosennibiei overlap group, do not
greatly affect results, for better or for worse. Given the tlass densities mostly overlap,
these voxels just contribute equally pgcategoryvoxels for all categories. In practice, it
is as if they were not there. The 1200 discriminating voxdls&ai contains the same good
discriminating voxels, but also many others whose decssimnflict with them (but are
still reasonable discriminators).

Finally, we would like to address the question of what exailbeing learned by the
classifier. We began with the goal of training a classifierdoatle the semantic category of
word the subject is considering. However, one limitationhe& data we are analyzing here
is that each of the twelve semantic categories also cornelspim a particular contiguous
interval in time. Therefore, one must consider the pogsjbihat what the classifier is
actually learning is some other property of the subject tlaates over time (i.e., perhaps
the subject is becoming increasingly bored over time, ardciassifier is learning this
property; or perhaps there is a long-term signal drift infli&| data).

We consider it highly unlikely that the classifier is leammisome time-varying property of
the subject other than semantic word category, for seveedans: First, the consistency
of accuracies across multiple human subjects suggestsassfier is learning a property
common to all of these subjects. Second, the same brainn®gippear to be involved
in making the classification decisions across subjectstla@gk brain regions are consis-
tent with earlier reported results in the neuroscienceditge on semantic categorization.
Third, in examining the behavior of individual voxels foubgthe classifier to be relevant,
one can observe a response that is clearly a strong fundtibie semantic category block.
One such voxel time series is depicted on the left side offlei®u However, a second
voxel that does exhibit a longer term time drift is also irt#d on the right side of the
figure. Given the importance of this question, we are culyeartllecting data from addi-
tional subjects using a variation of the stimulus that wilba a more definite test of our
conjecture. 11
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Figure 3: fMRI signal over time, for two voxels. The horizahaxis is time, and covers the
entire twelve-block session. The straight lines superiseploon the activity plot indicate
which of the six high-level semantic word categories (iadéel as conditions 2 through
7) the subject was viewing at that time. The periods of resfixation, are indicated by

conditions 0 and 1.

5.2 Syntactic Ambiguity Study

In this study, subjects were presented with two types of gondiis sentences and two types
of unambiguous sentences, and were then asked to resporyeé$sre question about the
content of the sentence. The questions were designed toegthst the subject was in fact
reading the sentences. An example of the four types of seaseis given below. This
experiment is based on work by (Mason et al.,2002).

1. The experienced soldiers warned about the dangers ctattliine midnight raid.
2. The experienced soldiers warned about the dangers bfraidnight raid.

3. The experienced soldiers who were told about the dangeducted the midnight
raid.

4. The experienced soldiers spoke about the dangers befmitinight raid.

Ten sentences of each of the 4 types were presented to easbjegts in the same quasi-
random order (using a Latin square design). Each sentene@reaented to the subject in
the fMRI scanner for 10 seconds. Next a question was presewtdch the subject was
given 4 seconds to answer. After the subject answered th&tiqoeor 4 seconds elapsed,
an "X” appeared on the screen for a 12 second rest period. MRt §canner collected 7
image planes from each subject every 1.5 seconds.

Sentences of 1 and 2 are considered ambiguous because rthéveogossible interpre-
tations of the phrase "the experienced soldiers warnedwhis first encountered while
reading the sentence. The sentences are ordered from mbigjLaous to least ambiguous,
and our experiments attempt to distinguish whether theestiig reading a question of type
1 or type 4. Note in this study there are only ten sentenceadf g/pe.

5.2.1 Methods
In this case study, we consider the following three expenit@leguestions:

e Is it possible to distinguish whether a subject was lookingpa most ambiguous
or least ambiguous types of sentences based on the meablRe¢difnal?

e What kind of feature selection a&f}ieves the highest acesdor this task?



e How do the Naive Bayes classifier variance estimates affectatcuracy of the
classifier?

We use a Naive Bayes classifier to address these three qugesiMe measure the perfor-
mance of the classifiers based on the accuracy, or fractierarhples classified correctly,
using leave-one-out cross-validation. As discussed,lateralso investigate some varia-
tions on the Naive Bayes classifier.

Of the six subjects whose fMRI data we have for this study,wag eliminated because it
had different trial lengths than the other five subjectspélivhose trial lengths matched.
Across subjects, the LB (left Broca) ROI showed the highetvidy relative to the rest
of all the ROIs, and classifiers that were restricted to usinty LB (or abstractions of
it) performed better than on any other ROIs. Thus, we rdstli@ll further data analysis
experiments to use only data from this region of the brain, iamestigated further feature
selection questions by abstracting from this baselines<ifiars achieved the highest and
most consistent accuracies on Subject 1, and we focus nirtlyis subject.

5.2.2 Experiment 1: Making the Distinction

The most fundamental experimental question we can ask #hisutataset is whether or not
sufficient evidence exists in the fMRI signal for traininglassifier to distinguish between
ambiguous and unambiguous sentences. We found that thetdfisgent evidence for
this task. Classification accuracies that were better tandam were obtained for all five
subjects, when appropriate time intervals and voxels welected. We discuss the details
of this feature selection in the following section. The kmsained accuracies ranged from
a low of 65% for one subject to the high of 85% for Subject 1. dmparison, a default
classifier that simply predicts the most common class woaldexe an accuracy of only
47% in our leave-one-out experimehts

5.2.3 Experiment 2: Feature Selection

In this case study, we experimented with varying three dfie€ parameters that define the
representation of the input data for the classifier: 1) tmetinterval on which each example
was defined, 2) the subset of voxels within the LB corticaioaghat were considered, and
3) whether the data from voxels were presented separatelassifier inputs, or whether
the voxel activities were averaged into a single classifiput.

The time interval on which classifiers in this case study wea@ed was clearly an im-
portant aspect of feature selection. Each trial, which st&®f the sentence presentation,
guestion presentation, response, and rest period, lagted@nds, or for 16 time points.
Our experiments show that restricting a classifier's inpatado time intervals including
the images taken just after the midpoint of the trial (e.cadges 9 and 10) produces higher
accuracies than intervals at the beginning or end of théstrigigure 4(a) illustrates this
trend for Subject 1. This trend is consistent across sujastshown by the corresponding
trend for four subjects in Figure 4(b). In both figures, eaohizontal line indicates a spe-
cific time interval, and its vertical coordinate indicathe ticcuracy achieved by a classifier
trained on that interval.

Another type of feature selection that we looked at in thigecstudy is the number of voxels
in the LB region to use as inputs. Figure 5 shows plots of tleai@cy of classifiers that
use then most active voxels either averaged or using their individadues. The level of
activity of a voxel is calculated using a statistitdkst between fixation and non-fixation
trials. Whether the voxel values are averaged or used separia appears that picking a
relatively small number of voxels yields the best accummcithis is not surprising given
that we have a total of only 20 training examples.

The question of whether the voxels that are picked are aeedrago one input for the
classifier, or all taken separately is also important toUeatelection. In the plots of

3Each leave-one-out fold will contain 9 examples from thesatass as the test example, and 10
examples of the opposite class (9/19=.47). 13
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Subject 1 2 3 4 5

Accuracyl 30% 25% 40% 20% 10%

Accuracy?2 70% 15% 60% 65% 30%
Variance over all voxelg 0.20788| 0.22783| 0.22767| 0.30133| 0.30275

Table 4: Impact of setting variances in GNB to fixed values.cuacyl is obtained by
allowing the GNB to estimate the variance, and Accuracyaimioed by instead setting
the variance to the variance over all voxels.

Effect of Setting the Standard Deviation on Accurac

Figure 6: Dependence of Naive Bayes classifier accuracyewalue of the fixed variance.
In all these experiments the variances in the Naive Bayesifier were set to a constant.
Each line shows for a single subject how the classifier acgufzertical axis) depends on
the value of this constant (horizontal axis).

Figure 5, the maximum accuracies achieved for each sulgew the averaging abstraction
are greater than or equal to the maximum accuracies achtekety all voxel values as
separate inputs to the classifier. Our experiments shovatleatging is also helpful when
used in conjunction with restricting the time window to a suiérval as discussed above.

5.2.4 Experiment 3: Variance Estimates and Accuracy

At the outset of our experiments with this study, we meastiedaccuracy of classifiers
trained on the entire LB ROI with no feature selection forleagbject to obtain a baseline
comparison for feature selection abstractions. The resudire surprising: almost all the
classifiers reported accuracies significantly worse thadoe. After some analysis, we
conjectured that perhaps a Naive Bayes classifier using I®war examples, and using
leave-one-out cross-validation estimates its variancamater so badly that the variance
estimates negatively impact the accuracies.

To test this conjecture, we tried fixing the variance paramsedf all the Naive Bayes clas-
sifiers learned during leave-one-out to the variance of ia get with no feature selection,
including all conditions (fixation trials and all four type$ sentences). This change im-
proved the accuracies of three of the five no-feature-seleciassifiers to significantly
better than random, as shown in Table 5.2.4.

Fixing the variance parameters of the classifiers also ingmtdhe leave-one-out accura-
cies with some types of feature selection. For example, wisérg the union abstraction,
setting the variance to a fixed value produces an improveingheé maximum achievable
accuracy in four of the five subjects.

To further investigate the relationship between the vagaestimates and accuracies of
the Naive Bayes classifiers, we ran an experiment varyingahge of the fixed variance
between 0.001 and 1.5, without regard to the actual variafitke data. The results of
this experiment for averaging all voxels and cropping tottimee window [4,12] are shown
in Figure 6. The evidence in this plot suggests that wherngethe variance to a fixed
constant, lower values of the constant result in higher s

We experimented with fixing versus calcngating the variaimcgeveral additional experi-



mental settings as well. The general trend we observed veadixing the variance typi-
cally results in substantial improvement in accuracy. Wihiile improvement varied from
one experiment to another, the improvements ranged frone tmd0%, and in no cases
resulted in reduced accuracy.

5.2.5 Discussion

Our preliminary work on the syntactic ambiguity case stughds us to several conclusions
and directions for future work. We conclude from the resplissented here that the prob-
lem of classifying sentences as ambiguous or unambigusesitzs fMRI data is learnable
with proper feature selection techniques. Three impomapects of feature selection are
choosing the time window within the trial, the subset of Msste be used to define the clas-
sifier input, and whether or not to average the values of thiegels. We believe that the
time window selected for this classification problem is esgpley important because of the
cross-subject consistency that we have observed, and tialyi be possible to make this
feature selection decision based on multi-subject data eten the classifiers are trained
for individual subjects. Finally, we are intrigued by thepeximental results that we get by
fixing the variance parameters of the classifiers to a fixedtzon. We do not understand
this phenomenon yet, and plan to investigate it in more depth

5.3 Picture and Sentence Study

In this study subjects were presented trials in which theyevahown a sentence and a
simple picture, and asked whether the sentence corredbyritbed the picture. We use this
data to explore the feasibility of training a classifier tstaiguish whether the subject is
examining a sentence or a picture. We also explore the fiigsds training classifiers that
can be used successfully across multiple human subjects.

In each trial, a sentence is presented for 4 seconds (e lge pllissign is above thetar
sign.”). A blank screen is then presented for 4 seconds, adlyfia picture is presented
for 4 seconds. Pictures are geometric arrangements of thbag+, * and/or $, such as

When the picture is presented, the subject must press andoitéyes” or “no”, depend-
ing on whether the sentence matches the picture seen or hetsubject is instructed to
rehearse the sentence until the picture is presented thidnetry to visualize the sentence
immediately. Finally, a rest or fixation period of 15 secomglinserted before the next
trial begins. Thus, each trial lasts approximately 27 sdsoriMRI images are collected
every 500 msec, yielding a 54 time-point time course of insgoer trial. Each subject is
presented a total of 20 trials, interspersed with five “figatitrials. In a fixation trial the
subject simply stares at a fixed point on the screen, progidinontrol condition. Of the
20 trials containing sentences, 10 have negated sentereeshle sentence contains the
phrase “does not contain”) and 10 have affirmative sentences

In a second variant of this experiment, which we also useigythper, the pictures are pre-
sented first within the trial and the sentences second. s$ncise, the subject is instructed
to keep the picture in mind until the sentence is presenteddgviote the data set in which
sentences are presented before pictures aSkheéatasetind the set in which pictures are
presented before sentencefP&sdataset

Clean data were obtained from 13 neurologically normalettisj and we use the data from
all 13 subjects in the experiments reported below.

5.3.1 Learning Problem

We are interested in learning a classifier that takes as emp8tsecond (16 image) interval
of fMRI activity, and determines Whethe&(t)he subject is viggva picture or sentence. In



other words, we wish to learn a classifier of the form
f : fMRI-sequenc#, 16) — Stimulus

where Stimulus {Picture, Sentenge

5.3.2 Methods

Here we experiment with three classifiers: Naive Bayes iflas§GNB), k Nearest Neigh-
bor (KNN), and a Support Vector Machine with a linear kerrf@&Vi).

Feature Selection, Abstraction, and Normalization

In this case study, we consider the following methods foea@ig and abstracting the
raw fMRI data. These methods operate by selecting and/aagiey voxels taken from
individual ROIs. They include:

e ROlselectedThis method selects 20 voxels from each ROI, accordinggddh
lowing procedure. First, all trials are averaged into a Ertgal, T, which repre-
sents the average time series for each voxel within the R&o&d, each voxel is
assigned a score which is the average of its activation awerwithin T. Third,
the 20 voxels with the highest scores are selected to be gsaguats to the clas-
sifier.

e ROlallAveraged This method simply averages all voxels within each ROI, to
create a single “supervoxel” per ROI.

e ROlselAveraged This method both selects voxels and averages their aefiyit
producing a single “supervoxel” for each ROI. For each R@kels are first cho-
sen for each non-fixation condition, by selecting the fiveelexvith largest-
statistics when comparing this condition against fixati@econd, the union of
these chosen voxels is averaged into the supervoxel.

We initially assumed that seven ROIs (CALC, LDLPFC, LIPLPS, LOPER, LT, and
LTRIA) were most probably involved in performing the tasklis study. Our experiments
revealed that some of these ROIs were more predictive aredlisss predictive given our
classification task. We therefore also made some seleatibROIs by hand, based on
these observations.

In contrast to the other case studies where we trained ottljestispecific classifiers, in
this study we are interested in training classifiers thatkamross multiple subjects. For
this reason, abstracting the data is especially importam@tddition, it is useful to normalize
activity values across subjects. We adopted a normalizatiethod in which the algorithm
linearly rescales the data in each trial of each subject[itf, that is,

v — X — min X
! maxX — minX;
whereX;’s andY;’s are the data before and after normalization, respegtivel
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5.3.3 Picture vs. Sentence Experiment for Single Subjects

We first consider training a classifier using either 8fedata set or th@Sdataset. In either
case, we take the first 8 seconds of each trial as one examgle(sentence in the case of
the SPdataset), and the second 8 seconds as a second exampk gicuyre in the case
of the SPdataset). Thus, we have two examples per trial, times 213 tioa 40 examples
total. The task for the classifier is to classify an arbitrf@rgecond interval taken from this
set. Note the expected accuracy of a random classifier ircétsis is 50%.

In these experiments we trained KNN, SVM and GNB classififs.also tried all three of
the feature selection and abstraction methods describagedbote these methods select
and/or average voxels by ROI, and we used the abstractedrdatall seven voxels). In
general we found significantly better than1r9ndom classiioaaccuracy for all 13 subjects.



Detailed results of this comparison of classifiers and absttn methods are shown in
Table 5. The data in this table is for one subject — the sulbyjéhtthe highest classification
accuracy. In the next experiment we report the mean acas &ai all subjects. Notice that
for this subject, the classifier achieves near perfect ifileagon accuracy discriminating
sentences from pictures in tisP dataset, and strong but less dramatic accuracy foPe
dataset. In general, SVM and GNB seem to outperform KNN (adtrge have also seen
in other experiments not reported here). Among abstractiethods, ROlallAveraged and
ROlselAveraged appear somewhat more effective than Rediissl.

In other variations of this experiment we found that highuaacies could also be achieved
by using subsets of images from the 8 second interval thaieleéach example. In partic-
ular, the highest accuracy achieved using a single imagewlzEisved using the image that
follows stimulus onset by 5.5 seconds (which correspontisg@eneral rule of thumb that
fMRI response typically peaks approximately 4 to 5 secontlewing stimulus onset).

We also found in other experiments that normalizing the dagag the procedure defined
in Section 5.3.2, could significantly improve accuracy. éneral cases, classification error
was reduced by one third due to normalization. Given thig,rémaining experiments in

this study were done using normalization.

Classifier Abstraction SP PS
GNB ROlallAveraged| 100% | 85%

GNB ROlselected | 97.5% | 80%
GNB ROlselAveraged 100% | 85%
KNN ROlselected | 97.5% | 62.5%
KNN ROlselAveraged 97.5% | 82.5%
SVM ROlselected | 100% | 82.5%

SVM ROlselAveraged 97.5% | 95%

Table 5: Accuracies for Picture vs. Sentence for Subject@4&ing different classifiers
and abstractions of the data. The expected accuracy of altdefadom classifier is 50%.

5.3.4 Picture vs. Sentence Experiment for Multiple Subject

In this experiment we considered several questions, usmGNB classifier, the ROlallAv-
erage data abstraction, and normalizing the data as deddritsection 5.3.2.

First, we considered the question what is the average aogaof&lassifiers trained for each

of the 13 subjects, and how does this accuracy vary if we nibnselect subsets of the
ROIs? The results are shown in the first three columns of Tablés can be seen there,
the average accuracy of the 13 classifiers trained on eatdteaiubjects is 84-92% for the
SPdataset, and 75-82% on tRSdataset. It can also be seen that accuracies are slightly
higher when using only 4 of the 7 ROls.

The second question we considered is whether one can traigle slassifier to be used
on multiple subjects. First we tried training a single cifissbased on the data from all
13 subjects. The leave-one-example-out accuracy for Bysubject classifier is shown in
the fourth column of Table 6. Note the accuracies of thislgicgoss-subject classifier are
comparable to the average accuracy of the 13 individugjestiblassifiers in column 3.

Finally, we tried training a multi-subject classifier usiogly 12 of the 13 subjects, then
testing the classifier on the 13th subject. The result oflage-one-subject-out experiment
is shown in the rightmost column of Table 6. The surprisingbgitive result here is that the

accuracy of this multi-subject classifier, when tested omn sebjects outside the training

set, is comparable to the average accuracy achieved whaemgran data from the test

subject itself (as indicated in the third colfgnn).
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Dataset| Selected ROI§ Avg SingleSubj Accuracy Leave-1-example-oyt Leave-1-subject-ou
SP 7 ROls 90% 88% 86%
SP 4 ROIs 92% 88% 88%
SP 1 ROI 84% 84% 83%
PS 7 ROIs 80% 80% 80%
PS 4 ROIs 82% 81% 81%
PS 1 ROI 75% 78% 77%

Table 6: Accuracies for multiple subject classifier. Thediiolumn shows the average
accuracy of classifiers trained for single subjects. Thi &iilumn shows the accuracy of a
multi-subject classifier when applied to a subject withiHeddh the training set. Results are
obtained using the ROlallAverage abstraction, normabratnd the GNB classifier. Here,
7 ROIs denote CALC, LDLPFC, LIPL, LIPS, LOPER, LT, and LTRIA.ROIs denote
CALC, LIPL, LIPS and LOPER. 1 ROI denotes CALC. The averagrieacy denotes the
mean value of all single subject accuracies.

5.3.5 Picture vs. Sentence Experiment across Different Ctexts

In our final experiment, we explored the impact of mergingadadm theSPand thePS
datasets. In this case we have a total of 40 trials and 80 drantgowever, the examples
now arise in differing temporal contexts. By “differing t@oral context” we mean that half
of the “picture” examples now occur immediately followingation period (the examples
from thePSdataset), and half of them occur immediately following atseoe (the exam-
ples from theSPdata set). These differing contexts are likely to make tlassification
problem more difficult for several reasons. First, the terapsmear of the fMRI response
(it may take 8 or more seconds for the fMRI stimulus responsgetay back to baseline
levels) makes it likely that activity from the preceding evenay still be apparent during
the subsequent event. Second, the cognitive state of thecsudnd the way they respond
to a new sentence, may well be influenced when they have jastagicture which they
expect to compare to the upcoming sentence.

We trained a multi-subject classifier on the mer@§andPSdate to explore the feasibility
of training classifiers to work across such differing comgexVe used GNB, normalization,
and the ROlallAverage abstraction in this experiment, abénmulti-subject experiments
of the previous section. The results, shown in Table 7, sthawthe classifier in this case
is less accurate than when trained on single-cor8&dar PSdata sets. Nevertheless, the
leave-one-subject-out accuracy for this multi-subjed anulti-context classifier (75%) is
still very significantly higher than the 50% one would expeet a random classifier.

Selected ROIs Leave-1-example-out Leave-1-subject-outt
7 ROIs 70%(71%) 69%(70%)
4 ROIs 74%(75%) 73%(75%)
1 ROI 75%(75%) 75%(75%)

Table 7: Accuracies for multiple subjects across contedts{g 13 subjects). The accura-
cies are based upon the average abstraction and got by GNBadrhbers in parenthesis
are the accuracies after normalization mentioned in Se&i8.2. The accuracy of a de-
fault classifier is 50%. Here, 7 ROIs denote CALC, LDLPFC, ILIRIPS, LOPER, LT,
and LTRIA. 4 ROIs denote CALC, LIPL, LIPS and LOPER. 1 ROI d&saCALC.

5.3.6 Discussion

In this case study we have shown again that it is possibleato single-event classifiers
that successfully distinguish between predefined cogngfates. We also found that nor-
malizing the data was very useful in many of our experimeantsl that SVM’s and GNB
outperformed the KNN classifier. 19



Perhaps most significantly, we found that we could train raubject classifiers based on
an abstraction of the data that is driven by summarizingrégtivithin predefined ROIs.
Note some abstraction is necessary, because the differampaysical size and shape of
brains among subjects makes it extremely difficult to aligrels in one brain to the cor-
resonding location in another. In this case study, the keynsdo be using the anatomically
defined ROIs as a basis for spatially abstracting the data.

We also conducted a variety of additional experiments, apbrted here, attempting to
train classifiers for other cognitive states such as “is thigect reading a negated or an
affirmative sentence?” and “does the picture contain a + sy#ibWhile we obtained
experimental results that were better than random in theseases, the test sample sizes
used to estimate these accuracies were small and it is thewifficult to judge their statis-
tical significance at this time. However, we do find the RO $upport the most accurate
predictions in these cases are LTRIA (widely thought to belwved in language process-
ing), and LIPS (widely thought to be involved in spatial \afimation). Thus, background
knowledge from neuroscience argues in favor of the sigmifieaof these results. These
experiments and others are described in (Niculescu, Warlgitéhell, 2002).

6 Summary and Conclusions

6.1 Training Classifiers to Detect Instantaneous Cognitiv&tates

We began this paper with the question, “Is it feasible tontrelassifiers to decode the
cognitive state of a human subject, based on single-epifd&¢ data?” While much
research has been done on analysiav@dragefMRI-measured behavior of various brain
regions under different task conditions, we are unawarghadrsstudies that have examined
this question of classifying thimstantaneous, single-episodegnitive states of subjects
based on fMRI.

We have presented experimental results from three difféMRI studies, demonstrating

the feasibility of training such classifiers to discrimieatognitive states such as, “Is this
person examining a word describing fish or flowers?”, “Is fhésson reading an ambigu-
ous or unambiguous sentence?”, and “Is this person exagaipicture, or a sentence
describing a picture?”. In all three case studies, we fotmas possible to train classifiers
to levels of accuracy significantly above that expected nfloan classifiers, given the size
of test sets we used to evaluate the classifiers.

6.2 Training Classifiers Across Different Subjects and Corgxts

In all three case studies, we found that it was feasible ia thassifiers over individual
subjects, and to recognize cognitive states occuring wighiairly restricted context. By
“restricted context” we mean that the states to be dististued (e.g., “examining an am-
biguous versus unambiguous sentence”) occur in the cootexfixed temporal sequence
(e.g., the sentence is preceded in both cases by a periost@irrixation). Of course if we
desire to use such classifiers in more general settingsnétigral to ask whether they can
also be trained across more diverse contexts, and acrogssib

In the Picture and Sentence case study, we demonstrateitlithpbssible to train a clas-
sifier to operate over multiple contexts (i.e., to discriate viewing of pictures versus
sentences that are presented in sequence, regardlessobf izlpresented first). We also
showed that it is possible to train a classifier on one set afdnsubjects, then use this
classifier successfully for single-episode classificatéripicture” versus “sentence” in
new subjects. As described above, an accuracy of 75% isvachiehen classifying “pic-
ture” versus “sentence” in new subjects outside the trgirset, when the pictures and
sentences appear in multiple contexts. 20



6.3 Feature Selection and Feature Abstraction

To achieve these results, we found it important to use metfimdautomatic feature se-
lection and for abstracting the data. The most successfubamations of voxel selection
methods, time interval selection methods, averaging sabwer multiple voxels, normal-
ization of voxel activities, and using information aboutssmically defined regions of
interest, varied by case study. However, it seems cleatlibae and other methods for fea-
ture selection and abstraction are important given the ki&gly dimensional data, and the
relatively sparse training data available. When learnindtinsubject classifiers rather than
single-subject, we found that spatial abstraction acogrth anatomically defined regions
was a successful approach.

6.4 Future Research

We foresee many opportunities for further research towaadhime learning methods for
decoding cognitive state from observed fMRI and other biaiaging data. Some arise
from the unanswered questions raised by the experimergaltsewe present here. For
example, why do we get dramatically better performance énsismantic categories study
when selecting voxels based btests of activity, rather than based on discriminatiorecap
bility? Or, why does accuracy improve dramatically in thatsetic ambiguity study when

we assign a fixed variance rather than allowing the classdiese a maximum likelihood

estimate for variance? In addition, we see several broagtiitins that appear promising
for research at the intersection of machine learning and Iflli&ed studies of cognitive
processes, including:

e Learning temporal model€ne direction to expand this work is to move beyond
training classifiers that operate on single time slices mglsi intervals, and more
toward learning models of theequencef cognitive states occuring over time.
For example, we might conjecture that sentence processiotyes a sequence of
subprocesses including determining the main verb in theeser, the subject, and
the object. Approaches such as Hidden Markov Models anddesthBayes nets
seem relevant here, because they may offer a way to learndpeing between
observable fMRI data and hidden cognitive states, while@same time learning
the rules that govern transitions among these cognititestand using these rules
to more accurately segment subsequent fMRI time series data

¢ Discovering useful intermediate abstractions of the dslile we have explored
a variety of ways of abstracting the fMRI data above the lefeaw voxel activ-
ities, the work reported here is just scratches the surfaeénat is possible. Ap-
proaches such as Independent Components Analysis (ICAPanciple Compo-
nents Analysis (PCA) provide a very different way to re-eeqerthe high dimen-
sional data in a lower dimensional representation. Beyhbis] it might be useful
to go beyond ICA and PCA, which seek representations thatmide reconstruc-
tion error, to develop methods that will seek abstract regméations particularly
useful for minimizing classification error (similar to theawin which the hidden
layer of a neural network forms an intermediate data abtstra); or that seek
abstract representations that best represent the sigmaltivo different subjects.

e Using prior knowledge in the form of proposed cognitive m&d€&he work we
report here is based on using very little prior knowledge tidg the machine
learning system. One direction for future research is tomsdels of human cog-
nitive processing (e.g., the 4CAPS system of Just and apllesy or the ACT-R
model of Anderson and colleagues) as a basis for guidingitieepretation of the
data, and as prior knowledge to guide the learning of classifiFor example, the
ACT-R model posits that problem solving involves short temmaginal memory,
and that this is involves activity in particular brain reg® When learning clas-
sifiers for cognitive states related to such problem solvinghould be helpful to
use these kinds of assertions togfnerate priors to guidahga More generally,



we may benefit by moving from tabula rasa learning of classifizinstead fitting
the data to ACT-R and 4CAPS models, then using this fit to refiase cognitive
models.

e Merging data from multiple sourced®Vhile fMRI provides a useful window into
human cognitive processes, it is nevertheless a limitedlavin One direction
for future work is to combine fMRI data with data from othewusces, including
behavioral data (e.g., response times and error rates)RRJERP is a technology
for recording electrical signals from skin electrodes oa $lealp, which provides
much higher temporal resolution than fMRI, but more coapsgial resolution. In
principle, if one can develop methods that analyze data fidRI together with
ERP, one might gain the high spatial resolution of fMRI tdgetwith the high
temporal resolution of ERP, while simultaneously obtagnineasurements with
uncorrelated noise.
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