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Word frequency and human experience Google to predict human behavior

Method We compare word frequency estimates from the Google N-Gram Corpus to behavioral data from three tasks. Following previous work [1,3], we model
lexical decision and word naming [4]. We extend this approach to picture naming [5,12]. |n each model, we use frequency counts from the written portion of the
CELEX database as a baseline. All other frequency terms are included in the form of the residual values after regressing CELEXw out of the relevant count. These
results can be interpreted as quantifying an adjustment to the effect of frequency due to the CELEXw counts. For each mode! we present parameter estimates
calculated using REML along with 95% HPD intervals calculated viaMCMC sampling.

Word frequency in psycholinguistic research

Frequency has been demonstrated to influence human performance in language production. For example, word frequency affects:
% word duration
% naming latencies
% word order

Given the central role of word frequency in theories of Iexical access and representation, researchers should use estimates of word

frequency that are good approximations of human experience. Lexical Decision We fit amixed linear model to

log RTs, with random effects for items and age

Word naming We fit a mixed linear model of log
latencies, with random effects for items and age

Picture naming We fit amixed linear model of
log latencies, with random effects for items and
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The Web has recently become aviable option as alarge, diverse data source. The following exploratory analysesinvestigate the i - — - ceien -
suitability of using Web data for frequency estimatesN specifically, the word frequency estimates from the Google N-Gram
Corpus [6]. R . s .
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written and spoken sections of the corpus are
evaluated separately.

Results Regularities emerge across the three tasks:

Results % CELEXw frequencies consistently overestimate frequency effects when compared to BNCw frequencies.
% CELEXw frequencies consistently underestimate frequency effects when compared to BNCs frequencies.
* All included frequency measures are % Google frequencies generally improve the fit of the model to the data, except in the picture naming study.
significantly correlated, regardiess of r=037 | | r=055 | | r=079 | | r=084 | | SWBD ) : o - U ) ] ; e
modality. p=0 p=0 p=0 p=0 This work is a preliminary step to establishing the suitability of Web-based frequency counts for use in the preparation of experimental stimuli; it
’s:f-o‘" ’Sp==°b47 ’5;3-076 ’5;:"0-8 further suggests that in some cases Web-based estimates may approximate human experience better than traditional psycholinguistic resources.

% Within-corpus correlations are stronger . . q -
than within-modality correlations. o rm0a2 | [ =05 =085 | [ r-078 | [ GOOG Upcoming modeling work Upcoming behavioral work

-1 p=0 p=0 P p=0 p=0 . . . . . . . -
% Googleis highly correlated with both | rs=047 | | rs=053 | | rs= oas 1$=085 | | 1s=0.76 % Use Google N-Gram Corpus to derive lexical measures of contextua effects % Conduct lexical decision, word-naming, and picture-naming studies

k°°g | 'Qt]t y Cesuito bet ] p=0 =0 p= p=0 p=0 (e.g. entropy and Contextual Distinctiveness) with Web-specific words

Spo elnadn wri mco;zolra espite nlga :‘;‘Q‘é‘ ' é ' é ‘1‘0‘ é ' é ' % Include additional lexical factors, like neighborhood effects (cf. Baayen et al. % Design production studies of multi-word utterances and dialogue using
completely unstructured language sample. 2006) Janguage modeling tools from NLP

Stewness: wm  meww e i+ SR v My A * Investigate non-linearitiesin frequency effects (cf. Baayen et a. 2006)

Collinearity:  conditon number 68.47135

% Fit mixtures of frequenciesto individual subjects
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