
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].  In 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 model we present parameter estimates
calculated using REML along with 95% HPD intervals calculated via MCMC sampling.  

Word frequency and human experience
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 lexical access and representation, researchers should use estimates of word
frequency that are good approximations of human experience.

The Web as an approximation of human experience
The quality of frequency estimates depends on the size and type of texts used to generate the counts. The use of larger, more varied
data sets may improve measures of word frequency.

The Web has recently become a viable option as a large, diverse data source.  The following exploratory analyses investigate the
suitability of using Web data for frequency estimatesÑ specifically, the word frequency estimates from the Google N-Gram
Corpus [6].
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Google to predict human behavior

Upcoming modeling work
 Use Google N-Gram Corpus to derive lexical measures of contextual effects
(e.g. entropy and Contextual Distinctiveness)
 Include additional lexical factors, like neighborhood effects (cf. Baayen et al.
2006)

 Investigate non-linearities in frequency effects (cf. Baayen et al. 2006)
 Fit mixtures of frequencies to individual subjects

References
[1] Baayan, R.H., Feldman, L.B., &  Schreuder, R. (2006). Morphological influences on the recognition of monosyllabic monomorphemic words. Journal of Memory and Language, 55, 290-313.
[2] Baayen, R.H., Piepenbrock, R., &  van Rijn, H. (1993). The CELEX lexical database. Philadelphia, PA: Linguistic Data Consortium, University of Pennsylvania.
[3] Balota, D.A., Cortese, M.J., Sergent-Marshall, S.D., Spieler, D.H., &  Yap, M.J. (2004). Visual Word Recognition of Single-Syllable Words. Journal of Experimental Psychology: General, 133(2), 283-316.
[4] Balota, D.A., Yap, M.J., Cortese, M.J., Hutichson, K.A., Kessler, B., Loftis, B., Neely, J.H., Nelson, D.L., Simpson, G.B., &  Treiman, R. (2007). The English Lexicon Project. Behavior Research Methods, 39(3),

445-459.
[5] Bates, E., D'Amico, S., Jacobsen, T., Szekely, A., A ndonova, E., Devescovi, A., Herron, D., Lu, C. C., Pechmann, T., Pleh, C., Wicha, N., Federmeier, K., Gerdjikova, I., Gutierrez, G., Hung, D., Hsu, J., I yer, G.,

Kohnert, K., Mehotcheva, T., Orozco-Figueroa, A., Tzeng, A., &  Tzeng, O. (2003). Timed picture naming in seven languages. Psychonomic Bulletin & Review,10(2), 344-380.

[6] Brants, T. &  Franz, A. (2006). Google N-Gram Corpus: Web IT 5-gram Version 1. Philadelphia, PA: Linguistic Data Consortium, University of Pennsylvania.
[7] Bresnan, J., Carletta, J., Crouch, R., Nissim, M., Steedman, M., Wasow, T., &  Zaenen, A. (2002). Paraphrase analysis for improved generation. In LINK project: HRCR Edinburgh-CLSI Stanford.
[8] Burnard, L. (1995). Users Guide for the British National Corpus. British National Corpus Consortium, Oxford University Computing Service.
[9] Cohen, J. D., M acWhinney, B., Flatt, M., &  Provost, J. (1993). PsyScope: An interactive graphic system for designing and controlling experiments in the psychology laboratory using Macintosh computers. Behavior Research

Methods, Instruments, and Computers, 25, 257-271.
[10] Ferreira, V. S., &  Cutting, J. C. (1997). Ninety-three pictures and 108 questions for the elicitation of homophones. Behavioral Research Instruments, Methods, and Computers, 29, 619-635.
[11] Godfrey, J., Holliman, E., &  McDaniel, J. (1992). Switchboard: Telephone speech corpus for research and development. In Proceedings of the IEEE International Conference on Acoustics, Speech and Signal Processing, 1 , 517-520.

San Francisco, CA.

[12] Griffin, Z. M., &  Huitema, J. (1999). Beckman Spoken Picture Naming Norms. [On-line]. Available: http://langprod.cogsci.uiuc.edu/~norms/.
[13] Huitema, J. (1996). The Huitema picture collection. [Electronic database].
[14] Roach, A., Schwartz, M. F., Martin, N., Grewal, R. S. &  Brecher, A. (1996). The Philadelphia Naming Test: Scoring and rationale. Clinical Aphasiology,  24, 121-133.
[15] Keller, F., L apata, M., &  Ourioupina, O. (2002). Using the web to overcome data sparseness. Proceedings of the Association for Computational Linguistics (ACL) 2002 Conference on Empirical Methods in Natural Language Processing, 10, 230-237.
[16] Kennedy, A. (2003). The Dundee corpus [CD-ROM]. Dundee City: Psychology Department, University of Dundee.
[17] McDonald, S. &  Shillcock, R. (2001). Contextual Distinctiveness: A New Lexical Property Computed from Large Corpora [Informatics Research Report]. Edinburgh: Division of Informatics, University of Edinburgh.
[18] Snodgrass, J. G., &  Vanderwart, M. (1980). A standardized set of 260 pictures: Norms for name agreement, image agreement, familiarity, and visual complexity. Journal of Experimental Psychology: Human Learning and Memory, 6, 174-215.

Results

 All included frequency measures are
significantly correlated, regardless of
modality.

 Within-corpus correlations are stronger
than within-modality correlations.

 Google is highly correlated with both
spoken and written corpora despite being a
completely unstructured language sample.

Method
Word frequency estimates from the Google N-
Gram Corpus (GOOG) are compared to those
from the psycholinguistic database CELEX
[2]  and from corpora used in computational
linguisticsÑ the British National Corpus
(BNC) [8]  and Switchboard (SWBD)[7,11].
In the case of CELEX and the BNC, the
written and spoken sections of the corpus are
evaluated separately.

Google compared to other corpora

Skewness:  SWBD BNCw GOOG BNCs CELEXs CELEXw
-207.8327 -205.3717 -188.2880 -138.8311 -133.3166 -100.4815

Collinearity: condition number  68.47135

Results  Regularities emerge across the three tasks:
      CELEXw frequencies consistently overestimate frequency effects when compared to BNCw frequencies.
      CELEXw frequencies consistently underestimate frequency effects when compared to BNCs frequencies.
      Google frequencies generally improve the fit of the model to the data, except in the picture naming study.

Formula: RTlexdec ~ celx.w.freq + celx.s.r + bncw.r + bncs.r +
swbd.r + goog.r + (1 | Word) + (1 | AgeSubject)

    Estimate  MCMCmean  HPD95lower HPD95upper     pMCMC Pr(>|t|)
(Intercept)   6.6233    6.6233     6.6052     6.6406     0.0001   0.0000
celx.w.freq  -0.0197   -0.0197    -0.0227    -0.0168     0.0001   0.0000
celx.s.r      0.0108    0.0108     0.0040     0.0176     0.0024   0.0020
bncw.r        0.0028    0.0028    -0.0058     0.0116     0.5310   0.5277
bncs.r       -0.0153   -0.0153    -0.0223    -0.0080     0.0001   0.0000
swbd.r        0.0008    0.0008    -0.0049     0.0065     0.7950   0.7913
goog.r       -0.0103   -0.0103    -0.0167    -0.0035     0.0020   0.0021

Formula: RTnaming ~ celx.w.freq + celx.s.r + bncw.r + bncs.r + 
swbd.r + goog.r + (1 | Word) + (1 | AgeSubject)

            Estimate MCMCmean HPD95lower  HPD95upper      pMCMC Pr(>|t|)
(Intercept)   6.3398   6.3399     6.1816     6.4686      0.0001   0.0000
celx.w.freq  -0.0046  -0.0048    -0.0058    -0.0038      0.0001   0.0000
celx.s.r      0.0037   0.0042     0.0019     0.0065      0.0002   0.0090
bncw.r        0.0040   0.0040     0.0009     0.0070      0.0108   0.0413
bncs.r       -0.0084  -0.0083    -0.0107    -0.0057      0.0001   0.0000
swbd.r        0.0007   0.0006    -0.0013     0.0025      0.5782   0.5723
goog.r       -0.0034  -0.0032    -0.0054    -0.0009      0.0050   0.0208

Formula:  RT ~ celx.w.freq + celx.s.r + bncw.r + bncs.r + 
swbd.r + goog.r + (1 | Word) + (1 | Source)

    Estimate MCMCmean HPD95lower HPD95upper  pMCMC Pr(>|t|)
(Intercept)   7.1252   7.1329     7.0310     7.2353 0.0001   0.0000
celx.w.freq  -0.0238  -0.0249    -0.0368    -0.0127 0.0001   0.0004
celx.s.r      0.0033   0.0016    -0.0227     0.0255 0.8948   0.8011
bncw.r        0.0352   0.0378     0.0044     0.0718 0.0274   0.0632
bncs.r       -0.0634  -0.0620    -0.0933    -0.0294 0.0001   0.0006
swbd.r        0.0033   0.0038    -0.0157     0.0232 0.7074   0.7751
goog.r       -0.0145  -0.0170    -0.0443     0.0099 0.2238   0.3535

Lexical Decision  We fit a mixed linear model to
log RTs, with random effects for items and age
groups.

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

Picture naming  We fit a mixed linear model of
log latencies, with random effects for items and
studies.

Upcoming behavioral work
 Conduct lexical decision, word-naming, and picture-naming studies
with Web-specific words
 Design production studies of multi-word utterances and dialogue using
language modeling tools from NLP

This work is a preliminary step to establishing the suitability of Web-based frequency counts for use in the preparation of experimental stimuli; it
further suggests that in some cases Web-based estimates may approximate human experience better than traditional psycholinguistic resources.


