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Introduction

Recent evidence suggests that a probabilistic relationship exists between the phonological/orthographic form of a word
and its lexical-syntactic category (specifically in nouns vs. verbs) [1]. Moreover, this so-called form typicality of a word
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Experiment 1: Classification of Sentence-Context Prediction
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with respect to its syntactic category has been found to modulate the M100 visual response in MEG [2]. Dikker et al. n ros |
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Subjects.- Ten (Expt 1) and four (Expt 2) undergraduates at the University of Pennsylvania, all right-handed native speakers of
English.

1,000 cross-validation iterations were
performed. (a =.05)

Materials: sentences had low lexical cloze probability
(mean cloze probability = 2.8%, range: 1.3%-29.3%) but
high selectivity (100%) for either noun or verb completions
(48 noun-type, 48 verb-type sentences). Sentence
completions were normed over 75 subjects.

Nounl: (24 sentences)

Materials: Tokens: two typical nouns (bible, movie); two typical
verbs (adopt, amuse) (taken from [1,2]).

Task: Subject was cued to look for a word in noise. When a word
was presented at subject’s threshold, subject indicated with a button
press whether that word matched the cue. (17% catch trials)

Does number of content words drive classification?

To test whether the number of content words in each sentence
condition might account for classification accuracy above, we
tested classification of Noun1- vs. Noun2-type sentences.
Classifier performance was not significantly above chance. To
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Task: instead of seeing the sentence-final word
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Inputs in Expt 1 Classifiers
L R

(taking best F scores) [3]. This was
trained on three runs using a conjugate

gradient descent backpropagation
algorithm [4], and tested on a fourth
run in a leave-one-out 4-fold
cross-validation procedure.
Within-subject classifiers were sought
for sentence-context noun-vs.-verb

voxel features common
to /40 classifiers

n=5 20 40

prediction (experiment 1) and
individual form-typical word prediction
(experiment 2).

(10 subjects, 4 classifer folds per subject)
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down predictions of word form features in VT. The within-category confusability in VT of the individual word
predictions (experiment 2), for which lexical category was not necessary to predict the cued word form,
suggests that retrieval of lexical category information may be automatic during word prediction.

Mean classification in VT in 4-way classification:
29.3%; mean classification in V1: 27.8% (chance =
25%).

Conclusion
The sentence-context prediction results (experiment 1) suggest that syntactic cues are sufficient to drive top-
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