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Context guides comprehenders’ expectations during language processing. This study examines 
the roles of local context and broad context during natural language comprehension. 
Information-theoretic surprisal (Hale, 2001; Levy, 2008) can be utilized to capture both types of 
contextual cues. Surprisal can be interpreted as “the degree to which the actually perceived 
word deviates from expectation” (Lopopolo et al., 2017) and the expectation can be based on 
information from the immediately preceding words or previous sentences and paragraphs.  
     In this study, we use surprisal to look at how use of local and broader context are reflected in 
processing using an analysis of fMRI time courses collected during naturalistic listening. Lexical 
surprisal estimated using an LSTM (long short-term memory) language model is used to 
represent local context (van Schijndel & Linzen, 2018). For broader topical context, we use a 
new metric, topical surprisal (Bhattasali & Resnik, 2020). It is defined using the weighted 
average of a word's probability given a topic, where weights are the (posterior) probability that 
the context is about that topic; topics can be defined and probabilities estimated using a topic 
model (LDA; Blei et al., 2003).  
     Participants (n=51) listened to The Little Prince’s audiobook for 1 hour 38 minutes. 
Participants' comprehension was confirmed through multiple-choice questions. (90% accuracy, 
SD = 3.7%). The LSTM language model was trained on 90 million words of English Wikipedia 
(Gulordava et al., 2018). Using the wrapper for Mallet LDA (McCallum, 2002) in the Gensim 
toolkit (Rehurek & Sojka, 2010), we estimated a 100-topic model using the Brown corpus 
(Francis & Kučera, 1964). We compute topical surprisal for each of the 6,243 non-function 
words in the audio sample using the paragraph containing the word as its context (see Fig. 2). 
Additionally, we entered four regressors of non-interest into the GLM analysis (SPM12): 
word-offset, word frequency, pitch, intensity.  
     The whole-brain main effects were FWE-corrected (T-score > 5.3). Regression analyses 
localized the activation patterns for local and broad context to different areas. The peak 
activation for lexical surprisal (instantiating local context) was observed in bilateral ATL, along 
with a small cluster in left STG. Significant clusters for topical surprisal (instantiating broad 
context) were seen in the right Precuneus and right MTG (Fig. 1). 
 Our lexical surprisal results 

corroborate previous findings by 
Willems et al., (2015), Brennan et al., 
(2016), Shain et al., (2020) for 
bilateral ATL and by Willems et al. 
(2015), Lopopolo et al. (2016), Shain 
et al. (2020) for STG. Our topical 
surprisal results are supported by 
prior work on context and 
discourse-level phenomena 
(Bhattasali & Resnik, 2020; Maguire 
et al. 1999; Raposo et al., 2013; 

Whitney et al., 2009; Xu et al., 2005) and further supports this measure as a cognitively 
plausible metric  with distinct neural substrates from lexical surprisal. Our novel approach to 
investigating contextual fit beyond the sentence level is also broadly consistent with the 
argument that  smaller versus larger temporal receptive windows implicate regions associated 
with lower-level and higher-level tasks respectively (Lerner et al., 2011), a connection we plan 
to explore further. Overall the neurocognitive correlates for lexical surprisal and topical surprisal 
suggest that utilizing local and broad contextual cues during language processing recruit 
different brain regions and illustrate that various regions of the language network functionally 
contribute to processing different dimensions of contextual information.  



 
References: 
Bhattasali, S. & Resnik, P. (2020). Investigating the role of context in comprehension using topical surprisal: An fMRI 
study [Conference presentation]. CUNY 2020, Amherst, MA, US.  
Blei, D. M., Ng, A. Y., & Jordan, M. I. (2003). Latent Dirichlet allocation. Journal of Machine Learning Research, 
3(Jan), 993-1022. 
Brennan, J. R., Stabler, E. P., Van Wagenen, S. E., Luh, W. M., & Hale, J. T. (2016). Abstract linguistic structure 
correlates with temporal activity during naturalistic comprehension. Brain and language, 157, 81-94. 
Brysbaert, M., & New, B. (2009). Moving beyond Kučera and Francis: A critical evaluation of current word frequency 
norms and the introduction of a new and improved word frequency measure for American English. Behavior research 
methods, 41(4), 977-990. 
Francis, W. N. & H. Kučera. (1964). A Standard Corpus of Present-Day Edited American English, for use with Digital 
Computers. Providence, Rhode Island: Department of Linguistics, Brown University. Revised 1971. Revised and 
amplified 1979. 
Gulordava, K., Bojanowski, P., Grave, É., Linzen, T., & Baroni, M. (2018). Colorless Green Recurrent Networks 
Dream Hierarchically. In Proceedings of the 2018 Conference of the North American Chapter of the Association for 
Computational Linguistics: Human Language Technologies, Volume 1 (Long Papers) (pp. 1195-1205). 
Hale, J. (2001). A probabilistic Earley parser as a psycholinguistic model. In Proceedings of the second meeting of 
the North American Chapter of the Association for Computational Linguistics on Language technologies (pp. 1-8). 
Association for Computational Linguistics. 
Lerner, Y., Honey, C. J., Silbert, L. J., & Hasson, U. (2011). Topographic mapping of a hierarchy of temporal 
receptive windows using a narrated story. Journal of Neuroscience, 31(8), 2906-2915. 
Levy, R. (2008). Expectation-based syntactic comprehension. Cognition, 106(3), 1126-1177. 
Lopopolo, A., Frank, S. L., Van den Bosch, A., & Willems, R. M. (2017). Using stochastic language models (SLM) to 
map lexical, syntactic, and phonological information processing in the brain. PloS one, 12(5). 
Maguire, E. A., Frith, C. D., & Morris, R. G. M. (1999). The functional neuroanatomy of comprehension and memory: 
the importance of prior knowledge. Brain, 122(10), 1839-1850. 
McCallum, A. K. (2002). Mallet: A machine learning for language toolkit. http://mallet.cs.umass.edu. 
Raposo, A., & Marques, J. F. (2013). The contribution of fronto-parietal regions to sentence comprehension: insights 
from the Moses illusion. NeuroImage, 83, 431-437. 
Rehurek, R., & Sojka, P. (2010). Software framework for topic modelling with large corpora. In Proceedings of the 
LREC 2010 Workshop on New Challenges for NLP Frameworks. 
Shain, C., Blank, I. A., van Schijndel, M., Schuler, W., & Fedorenko, E. (2020). fMRI reveals language-specific 
predictive coding during naturalistic sentence comprehension. Neuropsychologia, 138, 107307. 
van Schijndel, M., & Linzen, T. (2018). A Neural Model of Adaptation in Reading. In Proceedings of the 2018 
Conference on Empirical Methods in Natural Language Processing (pp. 4704-4710). 
Whitney, C., Huber, W., Klann, J., Weis, S., Krach, S., & Kircher, T. (2009). Neural correlates of narrative shifts 
during auditory story comprehension. Neuroimage, 47(1), 360-366. 
Willems, R. M., Frank, S. L., Nijhof, A. D., Hagoort, P., & Van den Bosch, A. (2015). Prediction during natural 
language comprehension. Cerebral Cortex, 26(6), 2506-2516. 
Xu, J., Kemeny, S., Park, G., Frattali, C., & Braun, A. (2005). Language in context: emergent features of word, 
sentence, and narrative comprehension. Neuroimage, 25(3), 1002-1015. 


