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Dissociable electrophysiological
measures of natural language
processing reveal differences

in speech comprehension strategy
in healthy ageing

Michael P. Broderick'™, Giovanni M. Di Liberto?, Andrew J. Anderson®*, Adria Rofes® &
Edmund C. Lalorl3*

Healthy ageing leads to changes in the brain that impact upon sensory and cognitive processing.

Itis not fully clear how these changes affect the processing of everyday spoken language.

Prediction is thought to play an important role in language comprehension, where information

about upcoming words is pre-activated across multiple representational levels. However, evidence
from electrophysiology suggests differences in how older and younger adults use context-based
predictions, particularly at the level of semantic representation. We investigate these differences
during natural speech comprehension by presenting older and younger subjects with continuous,
narrative speech while recording their electroencephalogram. We use time-lagged linear regression
to test how distinct computational measures of (1) semantic dissimilarity and (2) lexical surprisal are
processed in the brains of both groups. Our results reveal dissociable neural correlates of these two
measures that suggest differences in how younger and older adults successfully comprehend speech.
Specifically, our results suggest that, while younger and older subjects both employ context-based
lexical predictions, older subjects are significantly less likely to pre-activate the semantic features
relating to upcoming words. Furthermore, across our group of older adults, we show that the weaker
the neural signature of this semantic pre-activation mechanism, the lower a subject’s semantic verbal
fluency score. We interpret these findings as prediction playing a generally reduced role at a semantic
level in the brains of older listeners during speech comprehension and that these changes may be part
of an overall strategy to successfully comprehend speech with reduced cognitive resources.

Healthy ageing is accompanied by a myriad of sensory and cognitive changes. This includes a decline in working
memory' and episodic memory? as well as hearing loss® and a slowing in processing across cognitive domains*.
Given that spoken language comprehension is a multifaceted cognitive skill involving all these processes, it is
remarkable that it remains relatively stable across a healthy adult’s lifespan. An interesting question, therefore, is
whether the neural systems supporting successful language comprehension undergo a strategic shift with age to
maintain preservation in the face of decline®”’, resulting in measurable differences between younger and older
adults engaged in comprehension tasks. Furthermore, a related question is whether such differences play into
the reported extra difficulties that older adults experience in trying to follow everyday conversational speech,
especially in challenging listening environments®-'°. Electrophysiology studies have indicated that age-related
differences exist in the neural signatures relating higher level linguistic processing'!. This has been shown con-
sistently in studies examining the N400 component.
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The N400 component of the event-related potential (ERP) is most widely studied in relation to language
processing'>". It is characterised by a centroparietal negativity that is elicited 200-600 ms after word-onset and
is strongest for words that are incongruent with their preceding context (e.g., “I take my coffee with cream and
socks”). Several contrasting theories have been advanced to account for the N400. These include suggestions
that the N400 reflects analysis of the low-level (e.g., orthographic or phonological) attributes of the unexpected
(read or heard) word before that word is actually recognized!; that it represents the process of accessing the
semantic meaning of the word"’; or that it represents the process of incorporating the meaning of the word into
its preceding context's. One idea that has the potential to unify several of these competing theories is that the
N400 reflects the stimulus induced change in a multimodal neural network, wherein an implicit and probabilistic
representation of sentence meaning is held'>'”. Importantly, the state of this internal network can be shaped by
predictions, such that information can be partially or fully activated before the arrival of bottom-up input'®. This
idea relies on the suggestion that listeners process speech predictively. In particular, it has been suggested that
listeners use their internal representation of context to predictively pre-activate information at multiple represen-
tational levels during language comprehension®. This includes the processing of semantic categories'®?°%, event
structure!®4-2%, syntactic structure*?>*-32, phonological information**** and orthographic information®***. In
addition at a lexical surface level, this could include the activation of representations of word identity***, whereas
a semantic level relates to the activation of an upcoming word’s semantic features?*”. It is believed that this pre-
activation occurs in parallel across these distinct representational levels as part of an interactive network with
reciprocal connections between each level!*$%,

Previous cognitive electrophysiology studies have consistently shown age-related differences in the amplitude
and latency of the N400 component, indicating that changes do indeed occur in how older adults use context to
facilitate the processing of words**-*. An important study by Federmeier and colleagues found that, for younger
adults, N400 responses showed a graded facilitation for words depending on their semantic relationship with
some predicted target. For example the sentence “I take my coffee with cream and ..., showed the largest N400
reduction for expected completions (sugar), but also showed reductions for unexpected but semantically related
words (salt) compared to unexpected and unrelated words (socks)?**”. This was taken as strong evidence that the
N400 component reflects, in part, the predictive preactivation of semantic features for upcoming words*’. Cru-
cially, older adults, as a group, showed weaker facilitation effects for unexpected but semantically related target
words, although a cohort of older adults with higher verbal fluency scores showed more younger-like responses®’.

Several related N400 studies have similarly concluded that prediction plays an overall reduced role in language
comprehension for older adults''. This strikes somewhat of a discord with findings from cognitive audiology*,
behaviour®=! and eye-tracking®*~* literatures that have, in many cases, shown the preservation of prediction
mechanisms or a higher reliance on context in the brains of older adults (recently reviewed by Payne and Silcox™).
However, as mentioned above, it is possible that the N400 reflects contributions from parallel predictive process-
ing at multiple linguistic levels. Therefore, the notion that the preactivation of information at distinct levels is
differentially affected by ageing has the potential to reconcile these apparently contrasting literatures.

To explore this possibility, we leveraged a recent experimental framework to isolate neural correlates of
prediction from these different levels in younger and older adults using natural, continuous speech and modern
context-based language modelling®®*’. This approach includes the variations in predictability at different levels
that come with natural speech and allows for the derivation of interpretable neural correlates for different aspects
of predictive language processing according to the language models used in analysing the neural data®*~*°. Fur-
thermore, the use of natural speech material (e.g., listening to a story vs an experimental paradigm with multiple
sentences/questions) adds to the ecological validity of observed effects and is less taxing on the attention of
participating subjects than experiments involving artificially constructed sentences®. This seems important for
reducing the potential confound of different levels of attentional engagement between older and younger subjects.

Given the differences in how the language models operate, we hypothesized that they could dissociate pre-
dictive processes at lexical and semantic representational levels in terms of how they contribute to the N400.
Additionally, based on previous N400 literature*’, we hypothesized that older participants would show a specific
detrimental effect in their ability to preactivate semantic features of upcoming words, and that this effect would
correlate with behavioural measures of verbal fluency—for example, the number of word of words they could
produce belonging to a specific category in fixed amount of time.

Results

Two groups of 19 older (55-77 years, mean=63.9) and 19 younger (19-38 years, mean =26.8) subjects listened
to the same 12-min long excerpt of narrative speech while their electrophysiological (EEG) signal was recorded.
We first characterised the speech stimulus in terms of the predictive strength between each content and its pre-
ceding context at distinct linguistic levels. This was done using a recent modelling framework (Fig. 1) to tease
apart neural correlates of predictive processing at the lexical and semantic level.

To model predictive processing at the lexical level, we estimated 5-g surprisal: an information theoretic
measure of the inverse of the probability of encountering a word, given the ordered sequence of the 4 preceding
words®2. High lexical surprisal values arise from improbable word sequences. The surprisal estimate itself captures
nothing about what individual words mean, in the sense that it supplies no measure of whether cats and tigers
are categorically similar, or whether either are domestic. However, word symbol sequences do in part reflect the
structure of meaningful events in the real world (cats chase mice). They also reflect grammatical constraints on
permissible symbol sequences (“The jumped the a cat” is nonsensical). Lexical surprisal is highly correlated with
cloze probability and can predict word reading times®54.

To model predictive processing at the semantic level, we exploited a popular distributional semantic model-
ling approach that approximates word meaning, using numeric vectors of values reflecting how often each word
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Figure 1. Computational models of predictive processing at lexical and semantic level. To illustrate the idea
of prediction operating across multiple representational levels, consider the sentence I take my coffee with
cream and... which ends with either an expected completion (sugar), an unexpected but semantically related
completion (salt) or an unexpected and semantically unrelated completion (socks). At a lexical level, salt is
unexpected because it is extremely rare that this sequence of words is heard or read. Processing of this word is
therefore assumed to be no different from the processing of other unexpected words (i.e. socks). Conversely, at
a higher semantic level, salt is relatively more likely, because sugar and salt share common features, both being
powders and condiments; edible; white etc. We used two models of lexical surprisal and semantic dissimilarity
to disentangle the contributions of prediction at lexical and semantic levels, respectively. Top: For the semantic
dissimilarity model, vector representations of previous words in the sentence are averaged to form an estimation
of the event context. The latent semantic features of the averaged vector converge on a representation similar to
the predicted target “sugar” which, consequently, is more similar to words from the same category (e.g. “salt”)
than different categories (e.g. “socks”). Bottom: Conversely, the lexical surprisal model does not distinguish
between unexpected words based on their semantic category as it only reflects the probability of encountering
either sequence of words in the training corpus, which is either rare or non-existent.

co-occurred with other words across a large body of text®. Distributional modelling approaches like this support
the construction of conceptual knowledge hierarchies, e.g., a dragonfly is an insect is an animal®, and would be
expected to capture similarities between words belonging to similar categories, such as sugar and salt, and their
difference to, say, socks. In addition they have been used to model N400 effects of semantic preactivation®*” and
have been shown to have a top-down influence on the early auditory encoding speech®®. Semantic dissimilarity
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Figure 2. TRF weights. (A) Lexical surprisal TRF weights averaged over parietal electrodes and across older
(blue) and younger (red) subjects. Shaded areas show s.e.m. across subjects. Scalp weight topographies at
selected time windows (300 ms, 400 ms and 500 ms; window width of 50 ms) plotted above and below the
channel plots for older and younger groups, respectively. N400 components were seen in the TRF weights at
later time-lags for both groups and the peak latency of this component was significantly delayed for the older
group. (B) Semantic dissimilarity TRF weights averaged over parietal electrodes and across older (blue) and
younger (red) subjects. Shaded areas show s.e.m. across subjects. Scalp weight topographies at selected time
windows (300 ms, 400 ms and 500 ms; window width of 50 ms) plotted above and below the channel plots for
older and younger groups, respectively. In contrast to lexical surprisal, semantic dissimilarity TRF weights were
significantly weaker at later time lags for the older group compared to the younger group. (C) EEG Prediction
Accuracy. Boxplots of EEG prediction accuracy corresponding to each linguistic feature (lexical surprisal and
semantic dissimilarity) and age-group. Dots indicate individual subjects. Consistent with the feature weights of
the TRE, there were no significant differences between the prediction accuracies for dissimilarity and surprisal
over parietal channels for younger subjects. However, older subjects showed significantly higher prediction
accuracy for surprisal compared to dissimilarity at these channels. (D) Topographical plots of prediction
accuracy for both age groups and both models.

between a word and its preceding context was computed by 1 minus the Pearson’s correlation between the current
word vector and the averaged vectors of all previous content words in the same sentence®.

In contrast to lexical surprisal, the semantic dissimilarity measure captures differences in the semantic cat-
egories that words belong to, and in the contexts that words appear in (cats and tigers are both felines, but tigers
rarely occur in domestic contexts). Thus, semantic dissimilarity would predict a greater N400 for “I take my coffee
with cream and socks”, than for “I take my coffee with cream and salt™’. In contrast, a 5-g surprisal model would
likely regard salt and socks as being equally unexpected at the lexical level because their occurrences are both,
presumably, non-existent in a text corpus. So, using this model, one might not expect to see much difference in
the N400 for salt vs socks. (Fig. 1). We found that lexical surprisal and semantic dissimilarity were only weakly
correlated (Pearson’s R=0.14, p=1.2x 107, n =916, Fig. S1A), indicating that they captured distinct features of
the stimulus. Figure S1B provides example sentences from the experimental stimulus with lexical surprisal and
semantic dissimilarity values of the final word.

The neural tracking of these speech features was assessed using a time-lagged linear regression. Specifically,
this method models neural responses to speech by estimating a temporal filter that optimally describes how the
brain transforms a speech feature of interest into the corresponding recorded neural signal. The filter, known
as the temporal response function (TRF), consists of learned weights at each recorded channel for a series of
specified time-lags. The TRF has typically been used to measure the cortical tracking of acoustic and linguistic
properties continuous speech®-7!. However, recent approaches using this method have sought to represent con-
tinuous speech beyond its low-level acoustic features, in terms of its higher-level lexical-semantic properties®” %72,

To fit the TRE, lexical surprisal and semantic dissimilarity were represented as vectors of impulses at the onset
of each content word whose heights were scaled according to their surprisal or dissimilarity value. We regressed
these vectors simultaneously to the recorded EEG signal of each individual participant. This produced separate
TRF weights for surprisal and dissimilarity. Figure 2A shows the surprisal TRF weights for older and younger
groups at midline parietal electrodes with scalp weight topographies at selected time windows (300 ms, 400 ms
and 500 ms; window width of 50 ms) plotted above and below. Both groups show a prominent negative com-
ponent, characteristic of the classic N400 ERP. We found that the latency of this component was significantly
delayed by 74 ms in the older group (T =3.5, p<0.005, 2 sample t-test, Cohen’s d=1.13) and observed a cor-
relation between age and response peak latency within the older group (Pearson’s r=0.46, p=0.047). Figure 2B
shows the TRF weights for the semantic dissimilarity feature in older and younger subjects. Younger subjects
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showed comparable responses for dissimilarity and surprisal feature weights. In contrast, dissimilarity weights
were significantly weaker than surprisal weights for older subjects (p <0.05 running paired t-test, FDR corrected).

The performance of a model is also assessed by its ability to predict unseen neural data. Employing a cross
validation procedure, we trained TRFs on a subset of each subject’s EEG data. This trained model was used to
predict EEG that was compared with the remaining, held out EEG data. To test the predictive strength of surprisal
and dissimilarity individually, we compared prediction accuracy of the full model (including dissimilarity and
surprisal) with 5 null models where either surprisal or dissimilarity values were randomly permuted. Figure 2C
shows the prediction accuracy (r) of each feature relative to the average null model predictions over midline
parietal channels for younger and older subjects. Figure 2D shows the topographical distribution of r values. For
both groups, surprisal and dissimilarity could significantly predict EEG above this baseline (Younger subjects:
p=0.0005 and p=0.0011 for dissimilarity and surprisal, respectively; Wilcoxon signed-rank test. Older subjects:
p=0.022 and p=0.0002, for dissimilarity and surprisal, respectively; Wilcoxon signed-rank test). Consistent with
the feature weights of the TRE, there were no significant differences between the prediction accuracies for dis-
similarity and surprisal for younger subjects (p =0.28, Wilcoxon signed-rank test). However, importantly, older
subjects showed significantly higher prediction accuracy for surprisal compared to dissimilarity (p =0.0048, Wil-
coxon signed-rank test). Younger subjects also showed significantly higher prediction accuracy for dissimilarity
than older subjects (p=0.033, Mann-Whitney U-test), whereas no significant age-related difference was found
for lexical surprisal prediction accuracies (p=0.91, Mann-Whitney U-test). 2 of the 19 subjects scored below
25 (scores of 24 and 23) in a prior screening Montreal Cognitive Assessment (MOCA). Although 25 is typically
set as the inclusion criteria”, we chose to include these subjects in the main analysis because the MOCA is not a
direct measure of language function. However, excluding these subjects did not affect the within group difference
of semantic dissimilarity and lexical surprisal models in older adults (p =0.015, Wilcoxon signed-rank test) or
the between group difference for semantic dissimilarity (p =0.043, Mann-Whitney U-test).

From these results it is evident that semantic dissimilarity is weaker at explaining the neural responses for
older subjects compared to younger subjects. However, this difference in model performance could conceivably
be due to the particular way in which we have computed semantic dissimilarity. For instance, it has been shown
that older adults have reduced working memory capacity’, and thus for older adults it may be more appropriate
to compute dissimilarity using a smaller window of previous words. To safeguard against this possibility, we
tested several semantic dissimilarity vectors, where dissimilarity was estimated by comparing a word with a fixed
number of previous words. We used context window sizes of 3, 5, 7, 9 and 11 words. We found no differences
between models with different context window sizes or the model with a sentence context window (p=0.61 for
the older group, p=0.79, for the younger group, Kruskal-Wallis test), indicating that the difference in brain
responses between younger and older participants was not the result of the selected parameters.

Finally, we investigated the low-level acoustic tracking of the speech envelope in both groups to check if
our results might be explained based on differences in processes impacting in low-level encoding of the speech
signal. Envelope tracking is sensitive to factors like attention or perceived speech intelligibility”*~”” and weaker
tracking measures in the older group could indicate that these processes negatively impact subjects” ability to
preactivate semantic features of upcoming words. Consistent with previous reports®’®, we found significantly
stronger tracking of the speech envelope in older adults (Fig. S2), suggesting that low-level acoustic processing
does not explain the between-group differences we see in semantic dissimilarity.

Previous work has indicated that older adults with higher verbal fluency scores were more likely to engage
predictive processes at the level of semantics, resulting in N400 response patterns that were more similar to their
younger counterparts”’. On this basis, we tested whether semantic dissimilarity model performance could predict
verbal fluency in our older subjects. We found that, when controlling for age, model prediction accuracies were
positively correlated with semantic fluency scores (i.e. the total number of words produced from a semantic
category in 60 s) across subjects (Pearson’s R=0.63, p=0.005, Fig. 3). This reveals that semantic dissimilarity
was more accurately modelled for older subjects with higher semantic fluency. The model accuracy for surprisal
was not predictive of this measure (Pearson’s R=— 0.04, p=0.88). In addition, model accuracies for surprisal and
dissimilarity were not significantly correlated with letter fluency scores (R=— 0.12, p=0.67; semantic dissimilar-
ity, R=—0.44, p=0.07; lexical surprisal). Although the sample of the correlation was relatively low (n=19) and
verbal fluency measures are typically more robust when more than one construct is assessed per measurement”,
this significant correlation represents a positive advance in the ability to acquire cognitive estimates from an
individual’s neural signal under naturalistic listening conditions.

Discussion

The current article has revealed differences between younger and older adults” electrophysiological responses
to natural, narrative speech. In both young and old, a joint model capturing lexical surprisal and semantic dis-
similarity produced N400 component responses in its temporal weights. While the lexical surprisal measure
was robust in older adults, its peak negativity was delayed, similar to previous reports based on the N400*. In
contrast, the semantic dissimilarity measure was much reduced in the older subjects. We interpret this as evidence
for two distinct contributions to the N400 that reflects how information is predictively preactivated at lexical
and semantic levels of linguistic representation. Furthermore, the pattern of results suggests that while older
subjects maintain a robust ability to utilize lexical predictions during language processing, their ability to do so
based on semantic representations appears to be impaired. Importantly, this interpretation was supported by the
fact that the performance of the semantic dissimilarity model in older adults reflected a semantic behavioural
measure of their categorical verbal fluency. These results extend basic scientific understanding of neurophysi-
ological changes that accompany ageing and could have implications for research into naturalistic measures of
brain health, as we discuss below.
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Figure 3. (A) Within the older subjects, semantic category fluency was positively correlated with the semantic
dissimilarity model performance when controlling for age (R=0.63 p=0.005). (B) In contrast, semantic category
fluency was uncorrelated with the lexical surprisal model performance when controlling for age (R=-0.04
p=0.88).
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The notion that our measures reflect dissociable neural processes contributing to the N400 fits with results
from previous modelling studies on younger adults. Surprisal and dissimilarity measures were jointly modelled
on both EEG and fMRI responses in younger adults during sentence reading and narrative speech comprehen-
sion respectively®®. The measures both produced similar N400 responses in the sentence reading EEG data, as
they have done for the younger adults in our study (Fig. 2). However, the fMRI results provided evidence that
distinct brain regions were involved in processing the two different aspects of the speech input. In particular,
visual word form areas reflected surprisal (i.e., lexical processing) and areas of the semantic network® reflected
dissimilarity (i.e., semantic processing). In that study, the distinct contributions of lexical and semantic processing
were not dissociable in the N400 data because they were both strongly represented in younger adults. Our study
goes beyond this, in 1) revealing that electrophysiological activity elicited in narrative speech comprehension
reflects components of lexical surprisal and semantic dissimilarity; 2) demonstrating an age-related dissociation
between the contribution of surprisal and dissimilarity, with the dissimilarity component being less pronounced
in older people. Together, these findings provide convergent evidence that the N400 response reflects contribu-
tions from multiple processes relating to prediction at different levels of the linguistic processing hierarchy'*5!.

The idea that the N400 is affected by prediction at lexical and semantic levels also aligns well with previ-
ous N400 ERP literature. N400 ERP responses in younger adults were modulated for words that were not only
unexpected in their context, but also belonged to a different semantic category to the expected word?. This is
consistent with semantic features of upcoming words being predictively preactivated by a comprehender’s inter-
nal representation of context in parallel with the preactivation of word form at a lexical level. Importantly, the
relative contribution of lexical and semantic components to the N400 appears to change with age. Specifically,
in older adults there is less sensitivity to an unexpected word’s semantic category, especially when the preceding
context is highly constraining. These results are consistent with the idea of prediction playing a reduced role
at a semantic level in the ageing brain*"*". However, whereas N400 ERP paradigms propose that different sub
processes contribute to the N400 based on how evoked responses vary as a function of sentence-ending, our
approach has dissociated lexical surprisal and semantic dissimilarity in neural responses to a continuous stretch
of narrative speech.

We show that prediction of upcoming lexical items is preserved with age. This was captured using a Markov
model. Although Markov (lexical surprisal) models perform well at next word prediction tasks despite being
a lot simpler than artificial neural networks, they suffer from an inability to generalize®?. For example, they are
insensitive to the fact that sentences like I take my coffee with cream and sugar and I like my espresso milky and
sweet mean similar things. Thus, they represent a more rigid probabilistic model of language that still works quite
well. This model could correspond to a design feature of a lexical system, specialised to use meaningful context
to predict upcoming word identity rather than more abstract linguistic information, such as a word’s semantic
features. This lexical system operates similarly in younger and older adults whose accumulated knowledge of
language is more crystalized; less fluid®® and reflects the same rigidity as the Markov model. In contrast, ageing
results in a lesser engagement in a semantic system that is specialised in the prediction of semantic information.

Hence, our modelling approach suggests that predictive processing is preserved with age and that older adults
draw on their internal representation of context to facilitate the processing of incoming information. This aligns
with findings from eye tracking, behaviour, and cognitive audiology literatures. However, the information that
is preactivated represents a more rigid commitment to the identity of upcoming words. The preactivation of
linguistic information that exists at semantic levels of representation, captured by semantic dissimilarity, that
can generalize across words is much weaker in the brains of older listeners, although subjects with higher verbal
fluency scores exhibited stronger preactivation. This could explain why word reading time context effects are
preserved with age, as word reading times correlate with lexical surprisal®, and not with semantic dissimilarity
when surprisal is factored out™. In contrast, both semantic dissimilarity and lexical surprisal can explain variance
in N400 responses when controlling for one another®. Based on the notion that the N400 reflects contributions
from multiple distinct linguistic levels, this could explain why weaker N400 responses are consistently observed
in older adults!'4%4143,

Older adults show remarkably preserved language comprehension skills despite experiencing an overall
decline in sensory and cognitive function®’. A lesser reliance on predictions at a semantic level may be part of
a strategy to successfully comprehend speech with reduced cognitive resources®. This possibly highlights the
putative value of high-level predictions to support speech comprehension in noisy environments, when the input
is corrupted and where older adults often struggle to comprehend. Future work, presenting speech at different
levels of signal-to-noise ratio could help our understanding of such phenomena.

We wish to further emphasize that the study was undertaken using a short, 12-min segment of natural con-
tinuous speech stimulus. Previous research into the electrophysiological changes in language processing in the
ageing brain have leveraged ERP-based experimental protocols that rely on experimenter-configured stimulus
sets to enable contrasts between different stimulus conditions (e.g. congruent and incongruent sentence word-
ings). However, the ERP approach constrains the breadth of linguistic stimuli that can be investigated to the
subset of sentences configured into matched experimental pairs. Additionally, the degree of ecological validity of
results generated from bespoke ERP setups is unclear because the experimental conditions are rarely experienced
in everyday life. By examining electrophysiological responses elicited in audiobook comprehension, we have
utilized a stimulus that is actually experienced in the wild, and the participant experiences an uninterrupted pro-
longed and cohesive discourse, that is likely to be more engaging than listening to disjoint experimental sentences.

In conclusion, we have revealed neural correlates of language prediction relating to distinct measures of lexical
surprisal and semantic dissimilarity. We show how one of these forms of prediction becomes less effective with
age and patterns with behavioural cognitive measures, enabling us to derive accurate estimates an individual’s
verbal semantic fluency from their neural data alone. These findings open new possibilities to study language
impairment in the elderly and detect the onset of neurodegenerative disorders.
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Materials and methods

Participants. Data from 38 individuals (19 younger (6 female), age 19-38 years, M=26.8 years+s.d. =5 ye
ars; 19 older (12 female), age 55-77 years, M=63.9 years+s.d.=6.7 years) were reanalysed for this study. Data
from the 19 younger subjects was collected in previous studies”””! and in the current analysis only a portion of
each subjects’ data was used (the first 12 min) in order to match the amount of recorded data for the older par-
ticipants. Data collected from the 19 older subjects had not been previously published. Both studies were under-
taken in accordance with the Declaration of Helsinki and were approved by the Ethics Committee of the School
of Psychology at Trinity College Dublin. Each subject provided written informed consent. Subjects reported no
history of hearing impairment or neurological disorder.

Stimuli and experimental procedure. The stimulus was an audio-book version of a popular mid-twen-
tieth century American work of fiction (The Old Man and the Sea, Hemingway, 1952), read by a single male
American speaker. The first 12 min of the audiobook was divided into 4 trials, each 3 min in duration. The
average speech rate was 190 words/minute. The mean length of each content word was 334 ms with standard
deviation of 140 ms. Trials were presented chronologically to the story with no repeated trials. All stimuli were
presented monophonically at a sampling rate of 44.1 kHz using Sennheiser HD650 headphones and Presenta-
tion software from Neurobehavioural Systems. Testing was carried out in a dark, sound attenuated room and
subjects were instructed to maintain visual fixation on a crosshair centred on the screen for the duration of each
trial, and to minimise eye blinking and all other motor activities. Procedural instructions did not differ between
younger and older subject groups. Prior to the experiment, subjects were not questioned about their familiarity
with the story, however no subject reported being overly familiar with the story upon hearing it.

Older participants were additionally tested with 2 verbal fluency (VF) tasks. Letter verbal fluency was meas-
ured by asking participants to name as many words beginning with the letter ‘F as they could in 60 s*. Similarly,
semantic verbal fluency was measured by asking participants to name as many animals as they could in 60 s®.
These measures have been shown as reliable indicators of verbal fluency in older adults®”%. Audio recordings of
participant responses were acquired and transcribed verbatim. Average subject letter fluency was 14.63 +4.27
S.D. Average subject category fluency score was 20.7+3.75 S.D.

Prior to the verbal fluency task, participants were screened using the Montreal Cognitive Assessment
(MOCA). Mean MOCA score was 26.7 +1.9 S.D. Verbal fluency is usually assessed as part of MOCA using the
letter fluency task. A point is added to the overall MOCA score if a subject correctly names 11 or more words
beginning with ‘F. To avoid potential repetition effects, subjects performed the letter fluency task only once and
both MOCA and letter fluency scores were obtained from this task.

EEG acquisition and preprocessing. 128-channel EEG data were acquired at a rate of 512 Hz using an
ActiveTwo system (BioSemi). Offline, the data were downsampled to 128 Hz and bandpass filtered between 0.5
and 8 Hz using a zero-phase shift Butterworth 4' order filter. Previous studies investigating the cortical track-
ing of continuous speech have used similar cut-off frequencies when filtering the EEG signal®”’"7¢. To identify
channels with excessive noise, the standard deviation of the time series of each channel was compared with that
of the surrounding channels. For each trial, a channel was identified as noisy if its standard deviation was more
than 2.5 times the mean standard deviation of all other channels or less than the mean standard deviation of
all other channels divided by 2.5. Channels contaminated by noise were recalculated by spline interpolating the
surrounding clean channels. Data were then referenced to the average of the 2 mastoid channels.

Finally, we applied multiway canonical component analysis (MCCA) to denoise the data. MCCA is a tech-
nique that seeks to extract canonical components across subjects®. Like CCA, which is applied to single subjects,
it can be used to find linear components that are correlated between stimulus and response. However, rather than
analysing the components directly, EEG can be denoised by projecting it to the overcomplete basis of canonical
components, selecting a set of components and then projecting back to EEG space. We denoised each age-group
separately, with the prior hypothesis that latency and morphology of the group responses would be different. For
each group, we chose parameters of 40 principal components for the initial principal component analysis and
then 110 canonical components. These chosen values were based on the parameters that were recommended
for denoising speech related EEG®; however, we tried several different parameter pairs and tested their effect
on the prediction accuracy of EEG from the speech envelope. We found that the recommended parameters
returned the optimal denoising for both groups as determined by prediction accuracy of EEG based on the
speech envelope (Figure S2).

Semantic dissimilarity and surprisal estimation. Semantic dissimilarity. Distributed word embed-
dings were derived using GloVe®. This method factorizes the word co-occurrence matrix of a large text corpus,
in this case Common Crawl (https://commoncrawl.org/). The output is 300-dimensional vectors for each word,
where each dimension can be thought to reflect some latent linguistic context. These word embeddings are used
to calculate our semantic dissimilarity measure. This is an impulse vector, the same length as a presented trial,
with impulses at the onset of each content word. The height of each impulse is 1 minus the Pearson’s correlation
between that word’s vector and average of all preceding word vectors in the same sentence. Semantic dissimilar-
ity values have a mean of 0.48 +s.d.=0.17.

Surprisal.  Surprisal values were calculated using a Markov model trained on the same corpus as GloVe (com-
mon crawl). These models, commonly referred to as n-grams, estimate the conditional probability of the next
word in a sequence given the previous n-1 words. We applied a 5-g model that was produced using interpolated
modified Kneser-Ney smoothing®*. Surprisal vectors were calculated as impulses at the onset of all words
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whose heights were scaled according to the negative log of a word’s 5-g probability. Like the semantic dissimi-
larity vector, impulses for any non-content words were removed resulting in the removal of any impulses that
were not common between dissimilarity and surprisal vectors. Surprisal values were normalised to match the
distribution of dissimilarity values with a mean of 0.48 +s.d.=0.16.

Temporal response function. The forward encoding model or temporal response function (TRF) can
be thought of as a filter that describes the brain’s linear mapping between continuous speech features, S(t), and
continuous neural response, R(t).

R(t) = TRE x S(t)

where ¥’ represents the convolution operator. The speech input can comprise of a single speech feature, i.e. uni-

variate, or multiple speech features, i.e. multivariate. Each feature produces a set temporal weights for a series of
specified time lags. TRF weights are estimated using ridge regression.

TRF = (sTs + )J) Ty

where A is the regularization parameter that controls for overfitting. The models are trained and tested using
a fourfold cross-validation procedure. 3 of the 4 trials are used to train the TRF which predicts the EEG of the
remaining trial, based on speech representation input. We train and test models based on the combined semantic
dissimilarity and surprisal impulse vectors with the addition of an onset impulse vector with impulse height
equal to the average dissimilarity and surprisal values across all words in the current trial. The onset vector acts
as a nuisance regressor to capture variance relating to any acoustic onset responses. For testing, the prediction
accuracy (R) of the model is calculated as the Pearson’s correlation between the predicted EEG and the actual
EEG. A range of TRFs were constructed using different A values between 0.1 and 1000. The A value corresponding
to the TRF that produced the highest EEG prediction accuracy, averaged across trials and channels, was selected
as the regularisation parameter for all trials per subject. Previous analyses have linked similar regression-based
methods with ERP components®**'%2, providing a methodological baseline for our current analysis. In particular,
these methods can yield N400 responses using cloze probability®>*"** and word frequency®*®. These studies are
based on the same time-lagged linear regression approach as ours but typically analyse EEG responses to discrete
events, such as individual words at the end of sentences. Our analysis extends this work to more natural, continu-
ous stimuli. We do, of course, anticipate differences between the neural processing of discrete and continuous
stimuli because, in the latter case, the context that accrues as the narrative progresses is coherent. Future work
will seek to investigate these differences.

To test directly how well each feature accurately captured neural activity for each subject we measured
the model’s ability to predict EEG based on the true feature representation above null feature representations.
Specifically, the heights of the impulses for the semantic models were randomly shuffled to produce permuted
dissimilarity or permuted surprisal vectors. In the testing phase of the cross-validation procedure, a trained
TRF would attempt to predict the neural response to the permuted features, while all other features remained
constant. This was repeated for 5 permutations of each stimulus feature. Hence, prediction accuracy for semantic
features refers to the prediction accuracy difference between true speech feature and the average of the 5 null
speech feature representations.

In addition, we extracted properties of the model weights themselves. N400 peak latency was calculated
automatically for each subject as the time lag with the lowest peak weight within a window of 200-600 ms after
a time-lag of zero. The response peak delay between groups was calculated as the difference between group
averaged peak delays.

Statistical testing. For every statistical comparison, we first verified whether the distribution of the data
violated normality and was outlier free. This was determined using the Anderson-Darling test for normality
and 1.5 IQR criterion, respectively. We used parametric tests (t-test, paired t-test) for data which satisfied these
constraints and non-parametric tests for data which violated them.

Data availability
Raw EEG data for the younger subjects is available to download from https://doi.org/10.5061/dryad.070jc. Raw
EEG data for the older subjects is available upon request.

Received: 14 May 2020; Accepted: 8 February 2021
Published online: 02 March 2021

References
1. Salthouse, T. A. The aging of working memory. Neuropsychology 8, 535-543 (1994).
2. Burke, D. M. & Mackay, D. G. Memory, language, and ageing. Philos. Trans. R. Soc. B Biol. Sci. 352, 1845-1856 (1997).
3. Humes, L. E. et al. Central presbycusis: A review and evaluation of the evidence. . Am. Acad. Audiol. 23, 635-666 (2012).
4. Salthouse, T. A. The processing-speed theory of adult age differences in cognition. Psychol. Rev. 103, 403-428 (1996).
5. Peelle, J. E. Language and aging. Oxford Handb. Neurolinguistics (2019).
6. Wingfield, A. & Grossman, M. Language and the aging brain: Patterns of neural compensation revealed by functional brain imag-

ing. J. Neurophysiol. 96, 2830-2839 (2006).
7. Cabeza, R., Anderson, N. D,, Locantore, J. K. & McIntosh, A. R. Aging gracefully: Compensatory brain activity in high-performing
older adults. Neuroimage 17, 1394-1402 (2002).

Scientific Reports |

(2021) 11:4963 | https://doi.org/10.1038/s41598-021-84597-9 nature portfolio


https://doi.org/10.5061/dryad.070jc

www.nature.com/scientificreports/

10.
11.
12.

13.
14.

15.

16.
17.

18.
19.
20.
21.
22.
23.
24.
25.
26.
27.
28.
29.
30.
31.
32.
33.
34.
35.
36.
37.
38.
. Tanenhaus, M. K. & Trueswell, J. C. Sentence comprehension. Speech, Lang. Commun. 217-262 (1995).
40.
41.
42.
43.
44,
45.
46.
47.
48.
49.

50.

. Plomp, R. & Mimpen, A. M. Improving the reliability of testing the speech reception threshold for sentences. Int. J. Audiol. 18,

43-52 (1979).

. Presacco, A., Simon, J. Z. & Anderson, S. Evidence of degraded representation of speech in noise, in the aging midbrain and cortex.

J. Neurophysiol. 116, 23462355 (2016).

Peelle, J. E., Troiani, V., Wingfield, A. & Grossman, M. Neural processing during older adults’ comprehension of spoken sentences:
Age differences in resource allocation and connectivity. Cereb. Cortex 20, 773-782 (2010).

Wlotko, E. W,, Lee, C.-L. & Federmeier, K. D. Language of the aging brain: Event-related potential studies of comprehension in
older adults. Lang. Linguist. Compass 4, 623-638 (2010).

Kutas, M. & Federmeier, K. D. Thirty Years and Counting: Finding Meaning in the N400 Component of the Event-Related Brain
Potential (ERP). Annu. Rev. Psychol. 62, 621-647 (2011).

Kutas, M. & Hillyard, S. Reading senseless sentences: brain potentials reflect semantic incongruity. Science 207, 203-205 (1980).
Deacon, D., Dynowska, A., Ritter, W. & Grose-Fifer, J. Repetition and semantic priming of nonwords: Implications for theories of
N400 and word recognition. Psychophysiology 41, 60-74 (2004).

Kutas, M. & Federmeier, K. D. Electrophysiology reveals semantic memory use in language comprehension. Trends Cogn. Sci. 4,
463-470 (2000).

Hagoort, P,, Baggio, G. & Willems, R. M. Semantic Unification. Cogn. Neurosci. 819-836 (2009).

Rabovsky, M., Hansen, S. S. & McClelland, J. L. Modelling the N400 brain potential as change in a probabilistic representation of
meaning. Nat. Hum. Behav. 2, 693-705 (2018).

Altmann, G. T. M. & Kamide, Y. Incremental interpretation at verbs: Restricting the domain of subsequent reference. Cognition
73, 247-264 (1999).

Kuperberg, G. R. & Jaeger, T. E. What do we mean by prediction in language comprehension?. Lang. Cogn. Neurosci. 31, 32-59
(2016).

Altmann, G. T. M. & Kamide, Y. The real-time mediation of visual attention by language and world knowledge: Linking anticipa-
tory (and other) eye movements to linguistic processing. J. Mem. Lang. 57, 502-518 (2007).

Paczynski, M. & Kuperberg, G. R. Electrophysiological evidence for use of the animacy hierarchy, but not thematic role assignment,
during verb-argument processing. Lang. Cogn. Process. 26, 1402-1456 (2011).

Paczynski, M. & Kuperberg, G. R. Multiple influences of semantic memory on sentence processing: Distinct effects of semantic
relatedness on violations of real-world event/state knowledge and animacy selection restrictions. J. Mem. Lang. 67, 426-448 (2012).
Federmeier, K. D. & Kutas, M. A rose by any other name: Long-term memory structure and sentence processing. J. Mem. Lang.
41, 469-495 (1999).

Garnsey, S. M., Pearlmutter, N. J., Myers, E. & Lotocky, M. A. The contributions of verb bias and plausibility to the comprehension
of temporarily ambiguous sentences. J. Mem. Lang. 37, 58-93 (1997).

Hare, M., McRae, K. & Elman, J. L. Sense and structure: Meaning as a determinant of verb subcategorization preferences. J. Mem.
Lang. 48, 281-303 (2003).

Kamide, Y., Altmann, G. T. M. & Haywood, S. L. The time-course of prediction in incremental sentence processing: Evidence from
anticipatory eye movements. J. Mem. Lang. 49, 133-156 (2003).

Arai, M. & Keller, F. The use of verb-specific information for prediction in sentence processing. Lang. Cogn. Process. 28, 525-560
(2013).

Farmer, T. A., Christiansen, M. H. & Monaghan, P. Phonological typicality influences on-line sentence comprehension. Proc. Natl.
Acad. Sci. 103, 12203-12208 (2006).

Gibson, E. & Wu, H.-H.I. Processing Chinese relative clauses in context. Lang. Cogn. Process. 28, 125-155 (2013).

Rohde, H., Levy, R. & Kehler, A. Anticipating explanations in relative clause processing. Cognition 118, 339-358 (2011).
Tanenhaus, M., Spivey-Knowlton, M., Eberhard, K. & Sedivy, J. Integration of visual and linguistic information in spoken language
comprehension. Science 268, 1632-1634 (1995).

Wilson, M. P. & Garnsey, S. M. Making simple sentences hard: Verb bias effects in simple direct object sentences. J. Mem. Lang.
60, 368-392 (2009).

Allopenna, P. D., Magnuson, J. S. & Tanenhaus, M. K. Tracking the time course of spoken word recognition using eye movements:
Evidence for continuous mapping models. /. Mem. Lang. 38, 419-439 (1998).

DeLong, K. A, Urbach, T. P. & Kutas, M. Probabilistic word pre-activation during language comprehension inferred from electrical
brain activity. Nat. Neurosci. 8, 1117-1121 (2005).

Dikker, S., Rabagliati, H., Farmer, T. A. & Pylkkénen, L. Early occipital sensitivity to syntactic category is based on form typicality.
Psychol. Sci. 21, 629-634 (2010).

Van Petten, C., Coulson, S., Rubin, S., Plante, E. & Parks, M. Time course of word identification and semantic integration in spoken
language. J. Exp. Psychol. Learn. Mem. Cogn. 25, 394-417 (1999).

Federmeier, K. D. Thinking ahead: The role and roots of prediction in language comprehension. Psychophysiology 44, 491-505
(2007).

McClelland, J. L. & Elman, J. L. The TRACE model of speech perception. Cogn. Psychol. 18, 1-86 (1986).

Wlotko, E. W,, Federmeier, K. D. & Kutas, M. To predict or not to predict: Age-related differences in the use of sentential context.
Psychol. Aging 27, 975-988 (2012).

Federmeier, K. D., Schwartz, T. J., Van Petten, C. & Kutas, M. Sounds, words, sentences: Age-related changes across levels of
language processing. Psychol. Aging 18, 858-872 (2003).

Federmeier, K. D. & Kutas, M. Aging in Context: Age-related changes in context use during comprehension. Psychophysiology 42,
133-141 (2005).

Kutas, M. & Iragui, V. The N400 in a semantic categorization task across 6 decades. Electroencephalogr. Clin. Neurophysiol. Evoked
Potentials 108, 456-471 (1998).

DeLong, K. A., Groppe, D. M., Urbach, T. P. & Kutas, M. Thinking ahead or not? Natural aging and anticipation during reading.
Brain Lang. 121, 226-239 (2012).

Federmeier, K. D., Kutas, M. & Schul, R. Age-related and individual differences in the use of prediction during language compre-
hension. Brain Lang. 115, 149-161 (2010).

Payne, B. R. & Federmeier, K. D. Event-related brain potentials reveal age-related changes in parafoveal-foveal integration during
sentence processing. Neuropsychologia 106, 358-370 (2017).

Federmeier, K. D., McLennan, D. B., de Ochoa, E. & Kutas, M. The impact of semantic memory organization and sentence context
information on spoken language processing by younger and older adults: An ERP study. Psychophysiology 39, 133146 (2002).
Pichora-Fuller, M. K., Schneider, B. A. & Daneman, M. How young and old adults listen to and remember speech in noise. J. Acoust.
Soc. Am. 97, 593-608 (1995).

Stine-Morrow, E. A. L., Miller, L. M. S. & Nevin, J. A. The effects of context and feedback on age differences in spoken word rec-
ognition. J. Gerontol. Ser. B Psychol. Sci. Soc. Sci. 54B, P125-P134 (1999).

Stine-Morrow, E. A. L., Soederberg Miller, L. M., Gagne, D. D. & Hertzog, C. Self-regulated reading in adulthood. Psychol. Aging
23, 131-153 (2008).

Scientific Reports |

(2021) 11:4963 | https://doi.org/10.1038/s41598-021-84597-9 nature portfolio



www.nature.com/scientificreports/

51. Burke, D. M. & Peters, L. Word associations in old age: Evidence for consistency in semantic encoding during adulthood. Psychol.
Aging 1, 283-292 (1986).

52. Rayner, K., Reichle, E. D., Stroud, M. J., Williams, C. C. & Pollatsek, A. The effect of word frequency, word predictability, and font
difficulty on the eye movements of young and older readers. Psychol. Aging 21, 448-465 (2006).

53. DeDe, G. Sentence comprehension in older adults: Evidence for risky processing strategies. Exp. Aging Res. 40, 436-454 (2014).

54. Kliegl, R., Grabner, E., Rolfs, M. & Engbert, R. Length, frequency, and predictability effects of words on eye movements in reading.
Eur. J. Cogn. Psychol. 16, 262-284 (2004).

55. Payne, B. R. & Silcox, J. W. Aging, context processing, and comprehension. Psychol. Learn. Motiv. Adv. Res. Theory 71, 215-264
(2019).

56. Crosse, M. J., Di Liberto, G. M., Bednar, A. & Lalor, E. C. The multivariate temporal response function (mTRF) toolbox: a MATLAB
toolbox for relating neural signals to continuous stimuli. Front. Hum. Neurosci. 10, 1-14 (2016).

57. Broderick, M. P,, Anderson, A. ], Di Liberto, G. M., Crosse, M. J. & Lalor, E. C. Electrophysiological correlates of semantic dis-
similarity reflect the comprehension of natural narrative speech. Curr. Biol. 28, 803-809.e3 (2018).

58. Frank, S. L. & Willems, R. M. Word predictability and semantic similarity show distinct patterns of brain activity during language
comprehension. Lang. Cogn. Neurosci. 32, 1192-1203 (2017).

59. Frank, S. L., Otten, L. J., Galli, G. & Vigliocco, G. The ERP response to the amount of information conveyed by words in sentences.
Brain Lang. 140, 1-11 (2015).

60. Smith, N. J. & Kutas, M. Regression-based estimation of ERP waveforms: I The rERP framework. Psychophysiology 52, 157-168
(2015).

61. Hamilton, L. S. & Huth, A. G. The revolution will not be controlled: Natural stimuli in speech neuroscience. Lang. Cogn. Neurosci.
35, 573-582 (2020).

62. Buck, C., Heafield, K. & Ooyen, B. Van. N-gram counts and language models from the common crawl. Proc. Ninth Int. Conf. Lang.
Resour. Eval. 3579-3584 (2014).

63. Smith, N. J. & Levy, R. The effect of word predictability on reading time is logarithmic. Cognition 128, 302-319 (2013).

64. Smith, N. ]. & Levy, R. Cloze but no cigar: The complex relationship between cloze, corpus, and subjective probabilities in language
processing. Proc. 33rd Annu. Meet. Cogn. Sci. Conf. 33, 1637-1642 (2011).

65. Pennington, J., Socher, R. & Manning, C. Glove: global vectors for word representation. in Proceedings of the 2014 Conference on
Empirical Methods in Natural Language Processing (EMNLP) 1532-1543 (Association for Computational Linguistics, 2014).

66. Fu, R. et al. Learning semantic hierarchies via word embeddings. 52nd Annu. Meet. Assoc. Comput. Linguist. ACL 2014 - Proc.
Conf. 1,1199-1209 (2014).

67. Ettinger, A., Feldman, N. H., Resnik, P. & Phillips, C. Modeling N400 amplitude using vector space models of word representation.
Proc. 38th Annu. Meet. Cogn. Sci. Soc. (CogSci 2016) 1, 1445-1450 (2016).

68. Broderick, M. P,, Anderson, A.J. & Lalor, E. C. Semantic context enhances the early auditory encoding of natural speech. J. Neurosci.
39, 0584-0619 (2019).

69. Ahissar, E. et al. Speech comprehension is correlated with temporal response patterns recorded from auditory cortex. Proc. Natl.
Acad. Sci. 98, 13367-13372 (2001).

70. Lalor, E. C. & Foxe, J. ]. Neural responses to uninterrupted natural speech can be extracted with precise temporal resolution. Eur.
J. Neurosci. 31, 189-193 (2010).

71. DiLiberto, G. M., O’Sullivan, J. A. & Lalor, E. C. Low-frequency cortical entrainment to speech reflects phoneme-level processing.
Curr. Biol. 25, 2457-2465 (2015).

72. Brodbeck, C., Presacco, A. & Simon, J. Z. Neural source dynamics of brain responses to continuous stimuli: Speech processing
from acoustics to comprehension. Neuroimage 172, 162174 (2018).

73. Poulisse, C., Wheeldon, L. & Segaert, K. Evidence against preserved syntactic comprehension in healthy aging. J. Exp. Psychol.
Learn. Mem. Cogn. 45, 2290-2308 (2019).

74. Ding, N. & Simon, ]. Z. Emergence of neural encoding of auditory objects while listening to competing speakers. Proc. Natl. Acad.
Sci. 109, 11854-11859 (2012).

75. Power, A. ]., Foxe, ]. J., Forde, E.-]., Reilly, R. B. & Lalor, E. C. At what time is the cocktail party? A late locus of selective attention
to natural speech. Eur. J. Neurosci. 35, 1497-1503 (2012).

76. O’Sullivan, J. A. et al. Attentional selection in a cocktail party environment can be decoded from single-trial EEG. Cereb. Cortex
25,1697-1706 (2015).

77. Vanthornhout, J., Decruy, L., Wouters, J., Simon, J. Z. & Francart, T. Speech intelligibility predicted from neural entrainment of
the speech envelope. JARO J. Assoc. Res. Otolaryngol. 19, 181-191 (2018).

78. Brodbeck, C., Presacco, A., Anderson, S. & Simon, J. Z. Over-representation of speech in older adults originates from early response
in higher order auditory cortex. Acta Acust. United Acust. 104, 774-777 (2018).

79. Waters, G. S. & Caplan, D. The reliability and stability of verbal working memory measures. Behav. Res. Methods, Instruments,
Comput. 35, 550-564 (2003).

80. Binder, J. R., Desai, R. H., Graves, W. W. & Conant, L. L. Where is the semantic system? A critical review and meta-analysis of 120
functional neuroimaging studies. Cereb. Cortex 19, 2767-2796 (2009).

81. Lau, E. E, Holcomb, P. ]. & Kuperberg, G. R. Dissociating N400 effects of prediction from association in single-word contexts. J.
Cogn. Neurosci. 25, 484-502 (2013).

82. Bengio, Y., Ducharme, R., Vincent, P. & Christian Jauvin. A neural probabilistic language model. J. Mach. Learn. Res. 3,1137-1155
(2003).

83. Burke, D. M. & Shafto, M. A. Language and aging. Exp. Aging Res. (2008).

84. Manenti, R., Brambilla, M., Petesi, M., Miniussi, C. & Cotelli, M. Compensatory networks to counteract the effects of ageing on
language. Behav. Brain Res. 249, 22-27 (2013).

85. Borkowski, J. G., Benton, A. L. & Spreen, O. Word fluency and brain damage. Neuropsychologia 5, 135-140 (1967).

86. Benton, A. L. & Hamsher, K. Multilingual aphasia examination manual. (Iowa City, IA: University of Iowa., 1967).

87. Kozora, E. & Cullum, C. M. Generative naming in normal aging: Total output and qualitative changes using phonemic and semantic
constraints. Clin. Neuropsychol. 9, 313-320 (1995).

88. Bolla, K. I, Gray, S., Resnick, S. M., Galante, R. & Kawas, C. Category and letter fluency in highly educated older adults. Clin.
Neuropsychol. 12, 330-338 (1998).

89. de Cheveigné, A. et al. Multiway canonical correlation analysis of brain data. Neuroimage 186, 728-740 (2019).

90. Chen, S. E & Goodman, J. An empirical study of smoothing techniques for language modeling. in Proceedings of the 34th annual
meeting on Association for Computational Linguistics - 310-318 (Association for Computational Linguistics, 1996).

91. Smith, N. J. & Kutas, M. Regression-based estimation of ERP waveforms: II. Nonlinear effects, overlap correction, and practical
considerations. Psychophysiology 52, 169-181 (2015).

92. Brouwer, H., Delogu, E. & Crocker, M. W. Splitting event-related potentials: Modeling latent components using regression-based
waveform estimation. Eur. J. Neurosci. ejn.14961 (2020).

93. Nieuwland, M. S. et al. Dissociable effects of prediction and integration during language comprehension: evidence from a large-
scale study using brain potentials. Philos. Trans. R. Soc. B Biol. Sci. 375, 20180522 (2020).

Scientific Reports | (2021) 11:4963 | https://doi.org/10.1038/s41598-021-84597-9 nature portfolio



www.nature.com/scientificreports/

94. Laszlo, S. & Federmeier, K. D. The N400 as a snapshot of interactive processing: Evidence from regression analyses of orthographic
neighbor and lexical associate effects. Psychophysiology 48, 176-186 (2011).

95. Sereno, S. C., Hand, C. J., Shahid, A., Mackenzie, I. G. & Leuthold, H. Early EEG correlates of word frequency and contextual
predictability in reading. Lang. Cogn. Neurosci. 35, 625-640 (2020).

Acknowledgements

We would like to thank Christian Buck for his help in providing 5-gram measures using Common Crawl. This
study was supported by the Irish Research Council through the Government of Ireland Postgraduate Scholarship
scheme GOIPG/2016/1553 and a Career Development Award (CDA/15/3316) from Science Foundation Ireland.

Author contributions
M.B,, E.L,, A.A. conceived of the experiment. M.B., G.D.L. and A.R. collected the data. M.B. analysed the data.
M.B. wrote the first draft of the manuscript. E.L., G.D.L., A.R. and A.A. edited the manuscript.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.
org/10.1038/s41598-021-84597-9.

Correspondence and requests for materials should be addressed to M.P.B.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2021

Scientific Reports |

(2021) 11:4963 | https://doi.org/10.1038/s41598-021-84597-9 nature portfolio


https://doi.org/10.1038/s41598-021-84597-9
https://doi.org/10.1038/s41598-021-84597-9
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/



