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Lexical predictability has been shown to be modulated by the global context, but it is unclear
whether the global context has a similar modulating effect on the prediction of semantic features.
Event-related potentials (ERP) should be helpful in addressing this question, as the N400 effect is
sensitive to both lexical predictability and the prediction of semantic features during sentence
comprehension. The present study manipulated the semantic similarity between unpredictable
target words and expected words in experimental sentences. Different types of filler sentences
(predictable vs. incongruous) were used to manipulate the global prediction reliability (GPR). The
ERP results showed that, in the predictable filler block, the N400 was reduced when there was
high semantic similarity between the unpredictable target word and expected word in the
experimental sentences. However, this association was absent in the incongruous filler block, in
which participants were discouraged from predicting the upcoming information. These results
suggest that the prediction of semantic features of upcoming words could be modulated by the
global context.

1. Introduction

There has been a wealth of research on the importance of prediction for human perception, cognition, and action (Clark, 2012). In
the field of language tomprehension, there is accumulating evidence that readers can generate predictions about upcoming language
input. That is, readers can use local contextual (e.g., sentential) information to predict a specific word before its occurrence (Kamide,
2008; Kuperberg & Jaeger, 2016). Moreover, recent studies have revealed that this lexical predictability could be modulated by the
global context (Brothers, Dave, Hoversten, Traxler, & Swaab, 2019). The goal of our study was to examine whether the prediction of
semantic features of upcoming words could also be modulated by the global context.
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Several studies have used event-related potentials (ERP), which have the advantage of high temporal resolution, to examine the
prediction mechanism underlying sentence comprehension. In these studies, predictability (cloze probability) of a word and contextual
constraint (e.g., sentential constraint) were mainly manipulated. A word’s cloze probability is typically empirically defined as the
proportion of participants using that word to complete a particular sentence (Taylor, 1953). The sentential constraint is typically
empirically defined as the cloze probability of the highest probability continuation (Kutas & Federmeier, 2010). Previous ERP studies
have shown that the N400 effect is inversely correlated with a word’s cloze probability but less affected by sentential constraint
(Federmeier, Wlotko, De Ochoa-Dewald, & Kutas, 2007; Thornhill & Van Petten, 2012; Wlotko & Federmeier, 2012). Because the
N400 effect often indexes facilitated lexical-semantic access for more predictable words (Federmeier, McLennan, Ochoa, & Kutas,
2002), the results of these studies suggest that the N400 effect is sensitive to lexical predictability and readers can use sentential
context to predict a specific word before its occurrence.

However, it is worth noting that the relationship between N400 and lexical predictability may also be interpreted by the integration
view. This is because higher predictability of a specific word intrinsically signifies easier integration of the word into the context. To
sum up, the integration view proposes that the N400 effect results from the integration of a word with its previous context (Hagoort,
2008). Alternatively, the lexical view proposes that the N400 effect reflects facilitated lexical access (Lau, Almeida, Hines, & Poeppel,
2009; Lau, Phillips, & Poeppel, 2008). The present study is not aimed to address this debate about the functional interpretations of the
N400 effect. Instead, we would adopt the lexical view of the N400 effect to examine the prediction mechanism underlying sentence
comprehension.

In addition to predicting a specific word, readers can predict the semantic features of a word, and this semantic prediction also
modulates the N400 effect (Federmeier & Kutas, 1999; Wang et al., 2020). For example, Federmeier and Kutas (1999) manipulated
three types of critical words: expected word, within-category violation, and between-category violation. Consider the following
example: The gardener really impressed his wife on Valentine’s Day. To surprise her, he had secretly grown some roses/tulips/palms. “Roses”
is an expected word, “tulips” is a within-category violation, and “palms” is a between-category violation. The within-category violation
is from the same category as the expected word, whereas the between-category violation is from a different category as the expected
word. However, the between-category violation is still a member of a shared higher-level category (i.e., “plants™). It is worth noting
that compared with the between-category violation, the within-category violation word shared more semantic features with the ex-
pected word, whereas the cloze probability was matched between these two violations. The ERP results showed that the N400 was
reduced in the within-category violation compared with the between-category violation. This suggested that pre-activated semantic
features of the expected word could facilitate lexical-semantic access for the eventually encountered word.

In real-world communication, sentences are often embedded in global communication contexts with varying statistical properties
(Dave, Brothers, Hoversten, Traxler, & Swaab, 2021). Therefore, recent studies aimed to examine whether the strength of top-down
predictions could be regulated based on global contextual information (Brothers et al., 2019; Zhang, Chow, Liang, & Wang, 2019). For
example, Dave et al. (2021) recruited both young and older adults and asked them to listen to sentences for comprehension. The
predictability of a target word was manipulated (highly predictable vs. unpredictable but plausible) in experimental sentences. Global
prediction reliability (GPR) was manipulated by adding filler sentences, which ended with words that were either highly predictable or
were unpredictable but plausible. The results showed that the N400 effect was sensitive to lexical predictability among both older and
younger adults and it was modulated by GPR only among young adults.

Altogether, previous studies have shown that semantic features of a predicted word could be pre-activated (Federmeier & Kutas,
1999; Wang et al., 2020). Moreover, the prediction of a word (sensitivity to lexical predictability) could be modulated by the GPR
(Brothers et al., 2019; Dave et al., 2021). Therefore, one would expect that the GPR could modulate the prediction of the semantic
features of a target word. However, to our knowledge, no existing studies have empirically examined this gap in the literature, which is
the focus of the present study.

1.1. The present study

We manipulated the semantic similarity between the unpredictable target word and the expected word (highest cloze probability)
in experimental sentences in the present study. The prediction strength of expected words in experimental sentences was manipulated
by using two different types of filler sentences (predictable vs. incongruous). Specifically, the target word in experimental sentences
was always unpredictable, but it was semantically congruous to the sentential context. Participants rated the semantic similarity of the
unpredictable target word and the expected word in experimental sentences (see Materials for details). The sentences were distributed
evenly into two kinds of stimulus blocks, with 50% experimental sentences and 50% filler sentences in each block. In predictable filler
blocks, the filler sentences were highly predictable and experimental sentences were unpredictable. Therefore, the GPR in predictable
filler blocks was 50% (i.e., 50% of the sentences were predictable). In contrast, in incongruous filler blocks, the filler sentences were
semantically incongruous and experimental sentences were still unpredictable. Therefore, the GPR in incongruous filler blocks was 0%
(i.e., no sentences were predictable).

We calculated the item-level N400 amplitudes for each experimental sentence across participants. Both analyses of variance
(ANOVA) and correlation analyses were used to examine the relationship between the item-level N400 and semantic similarity” for
each filler type. We first proposed that the N400 amplitude would be reduced with increasing semantic similarity (i.e., an inverse

2 For simplicity, we define ‘semantic similarity’ as the semantic similarity between the unpredictable target word and expected word in exper-
imental sentences.
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relationship) without global context (Federmeier & Kutas, 1999). More importantly, participants would be more likely to predict the
upcoming word as the percentage in GPR increased. Therefore, we predicted that the inverse relationship between the N400 and
semantic similarity would be stronger with increasing GPR, such as the inverse relationship would be significant in the predictable
filler block (GPR = 50%), but absent in the incongruous filler block (GPR = 0%) (see Fig. 1). This would suggest that the activation of
the semantic features of a target word was modulated by the global context.

2. Material and method
Much of the information in this section was also reported in Zhang et al. (2019), Experiment 2.
2.1. Participants

Eighteen participants (6 males, age range: 17-26) from South China Normal University participated in the present study. All
participants were right-handed native Mandarin Chinese speakers with normal or corrected-to-normal vision. No participants reported
a history of neurological disorders or reading disabilities. All materials and protocols were approved by the Psychology Research Ethics
Committee of South China Normal University. Written informed consent was obtained before the experiment. All participants were
given a small monetary reward at the end of the study to compensate for their time.

2.2. Materials

A set of 160 Chinese sentences was created, consisting of 80 experimental sentences and 80 filler sentences (see Table 1). The
sentence-final two-character words were manipulated to create different kinds of sentences. The experimental sentences were un-
predictable but semantically congruous. Forty filler sentences were highly predictable and 40 filler sentences were semantically
incongruous.

In the cloze probability rating of sentences, 30 native Mandarin Chinese speakers were asked to provide the most likely word that
would continue the sentence for each sentence frame. For the unpredictable experimental sentences, the target words had zero cloze
probability. For the predictable filler sentences, the critical words had the highest cloze probability (0.80, SD = 0.09). For the
incongruous filler sentences, the critical words were semantically incongruous and always had zero cloze probability. Furthermore, we
defined contextual constraint as the cloze probability of the most likely word to complete a given sentence frame. All experimental and
filler sentences had a context constraint greater than 0.63. The mean context constraint for experimental sentences of high semantic
similarity, experimental sentences of low semantic similarity, highly predictable filler sentences, and semantically incongruous filler
sentences were 0.83 (SD = 0.10), 0.81 (SD = 0.11), 0.80 (SD = 0.09) and 0.80 (SD = 0.09), respectively. No significant difference was
found across the four types of sentences, F (3, 156) < 1, p > 0.5.

More importantly, 20 participants were recruited to rate the semantic similarity (such as semantic feature overlap) between the
unpredictable target word and the expected word (highest cloze probability) in experimental sentences. For example, consider the high
SS experiment sentence shown in Table 1. Participants rated the semantic similarity between the unpredictable target word (417
[peonies]) and the expected word (¥ Z[roses]). The rating was on a 7-point scale (ranging from 1 = minimal similarity to 7 = very
strong similarity). The rating scores were first averaged across participants. Based on the cut-off score (3.9), the 80 experimental
sentences were divided into the high semantic similarity group such as#t/H[peonies] - #¥8[roses] (>3.9) and the low semantic sim-
ilarity group such as#Z[cash] - £ £[stars] (<3.9), with 40 experimental sentences in each group (see Appendix). The average rating
score in the high and low semantic similarity groups were 5.05 (SD = 0.78) and 2.42 (SD = 0.84), respectively. I%t—test showed that
semantic similarity was significantly higher in the high semantic similarity group than the low semantic similarity group, t (78) =
14.54, p < 0.001, CIg5 = [—2.99; —2.27], d = 0.85.

An additional 20 participants were recruited to rate the semantic plausibility of all sentences. The rating was on a 7-point scale
(ranging from 1 = not acceptable at all to 7 = fully acceptable). The average rating score for the experimental sentences of high
semantic similarity, experimental sentences of low semantic similarity, predictable filler sentences, and incongruous filler sentences
were 5.70 (SD = 0.59), 5.66 (SD = 0.54), 6.61 (SD = 0.45) and 1.67 (SD = 0.59) respectively. The results of ANOVA and further
multiple comparison analyses showed that the semantic plausibility of predictable filler sentences was higher than the other three
types of sentences, ps < 0.001; the semantic plausibility of both groups of experimental sentences was higher than the incongruous
filler sentences, ps < 0.001. More importantly, no significant difference was found between the high semantic similarity and low
semantic similarity groups for experimental sentences, t (78) = 0.21, p > 0.8.

The sentences were distributed evenly into four stimulus blocks (two predictable filler blocks and two incongruous filler blocks),
with 40 sentences in each block. In a predictable filler block, 20 experimental sentences were intermixed and presented together with
20 predictable filler sentences. In an incongruous filler block, 20 experimental sentences were intermixed and presented together with
20 incongruous filler sentences. Therefore, 50% of the sentences ended with a predictable (high cloze probability) word in the pre-
dictable filler blocks (GPR = 50%), and no sentences ended with a predictable word in the incongruous filler blocks (GPR = 0%).

The same type of stimulus blocks was always presented together, and we counterbalanced the order of the type of stimulus blocks
across participants such that half of the participants saw the predictable filler blocks first while the other half saw the incongruous filler
blocks first. Furthermore, the assignment of the experimental sentences into blocks was also counterbalanced such that a given
experimental sentence was presented in a predictable filler block to half of the participants and presented in an incongruous filler block
to the other half.
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Fig. 1. Prediction of N400 effect at 50% and 0% levels of GPR. Participants were encouraged to predict the expected word in experimental sen-
tences in the predictable filler block (GPR = 50%). The pre-activated semantic features of expected words would facilitate the semantic access of
unpredictable target words (and induce a reduced N400) for high SS relative to low SS. However, the proposed mechanism underlying processing
would be discontinued at the beginning of the incongruous filler block (GPR = 0%), because participants were discouraged from predicting the
expected word in this condition (grey arrows). GPR = global prediction reliability; SS = semantic similarity.

Table 1
Sample experimental and filler sentences.
Sentence Type Sample Sentence
Experimental sentences Unpredictable (high SS) wIE B AT BPRERET RS OHT (B

flower shop/on Valentine’s/day/sold/lots of/peonies (roses)

The flower shop sold lots of peonies (roses) on Valentine’s Day.
Unpredictable (low SS) RE LNEERTFERE O HE (28)

at night/child/in the courtyard/count/cash (stars)

The child counts the cash (stars) in the courtyard at night.

Filler sentences Predictable M/ T ESEE W E T ) EN
the/bus/slowly/left/station
The bus slowly left the station.
Incongruous AT/ W IRT I BWT B
storm/before/sky/spreads with/schoolbags
The sky spreads with schoolbags before the storm.

Note. The slashes indicate the corresponding segments between Chinese sentences and literal English translations. The words in parentheses are the
expected words for sentence frames in experimental sentences. The target words in experimental sentences and the critical words in filler sentences
are in bold. Semantic similarity is represented as SS.
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2.3. Procedure

The software package E-Prime (Psychology Software Tools, Pittsburgh, PA) was used for stimulus presentation and response
collection. All sentences were presented in black font against a light grey background. Each sentence began with a fixation cross for
400 ms and a blank screen for 400 ms. Subsequently, the sentences were presented with word-like units. Each unit appeared on the
screen for 400 ms with an inter-stimuli interval (ISI) of 200 ms. After a blank screen of 1200 ms, participants were prompted to rate the
semantic plausibility of each sentence on a 7-point scale (ranging from 1 = extremely unacceptable to 7 = fully acceptable). Partic-
ipants were told to maintain focus on the tasks and avoid eye movements and blinks during the presentation of sentences.

2.4. EEG recording and analyses

Participants were tested individually in a sound-attenuating, electrically shielded booth. Brain Products® system was used for the
electroencephalograph (EEG) and electrooculogram (EOG) recording. We used the toolboxes of EEGLAB (Delorme & Makeig, 2004)
and ERPLAB (Lopezcalderon & Luck, 2014) and customized Matlab functions for the EEG analyses. EEG was recorded with S30/Ag/AgCl
scalp'electrodes (10-20 System) (see Fig. 2) and EOG was recorded from below and above the left eye and at the outer canthus of each
eye. The AFz electrode on the cap served as ground. Impedance was/Keptibelow!5'KQ for all electrodes. EEG signals were referenced
online to the left mastoid and re-referenced offline to the average of the two mastoid electrodes. The EEG and EOG signals were
sampled at 1000 Hz and filtered digitally with a 0.02-30 Hz band-pass offline. Epochs were computed for the 1000 ms after the onset of
target words relative to a 200 ms pre-stimulus baseline. Epochs with ocular and movement artifacts (>+80 pV) were rejected.

We first calculated the rejection rate of trials in each type of sentence. The reject rate in predictable fillers, unpredictable targets,
and incongruous fillers were 16% (SD = 5%), 16% (SD = 5%) and 15% (SD = 4%) respectively. Repeated measures ANOVA revealed
no significant effects for the type of sentence, F (2, 34) = 0.33, p > 0.7. Moreover, we calculated the rejection rate of trials in high and
low semantic similarity groups of experimental sentences. The rejection rate in high and low semantic similarity groups were 15% (SD
= 10%) and 17% (SD = 10%) respectively. No significant difference was found between high and low semantic similarity groups, t
(78) = 0.76,p > 0.4.

To confirm the N400 effect in the present study, we first presented thelgrandiaverage'ERPS elicited by sentence-final target and
critical words in three types of sentences: predictable fillers, incongruous fillers, and unpredictable targets (i. e., experimental sen-
tences). Because we had a hypothesis about the locus of the N400 effect (Li, Niefind, Wang, Sommer, & Dimigen, 2015), the N400
amplitude at 300-500 ms was extracted and averaged within an area of interest (AOI) that contained six electrodes (CP3, CPz, CP4, P3,
Pz, P4). This AOI covered the central-posterior regions, in which the classical N400 effect was most significant (I<utas & Federmeier,
2010). Repeated measures ANOVA was used to examine the difference of N400 across the three types of sentences.

More importantly, we extracted the item-level N400 amplitude for each unpredictable experimental sentence because we were
mainlyiconcernediwithiiowithetitem=levellN400 Wwasimodulated by semanticisimilarity. The N400 amplitudes within the central-

posterior AOI and across participants were averaged before statistical analyses. Both ANOVA and correlation analyses were used to
examine the relationship between the item-level N400 and semantic similarity, for two levels of GPR. On one hand, we ran a two-by-
two ANOVA with GPR levels (50% and 0%) and semantic similarity (high and low) as two factors. On the other hand, the item-level
N400 amplitudes were first normalized with z-scores.®> And then, correlation analyses were used to examine the potential correlation
between the N400 and semantic similarity at each level of GPR.

3. Results
3.1. Behavioral results

We first reported the mean scores of semantic plausibility rating of high and low semantic similarity at each GPR level. At the 50%
GPR level (predictable filler block), the scores of high and low semantic similarity were 4.48 (SD = 0.70) and 4.41 (SD = 0.80)
respectively, no significant difference was found between high and low semantic similarity, t (17) = 0.40, p > 0.6. At the 0% GPR level
(incongruous filler block), the scores of high and low semantic similarity were 4.81 (SD = 0.66) and 4.65 (SD = 1.11) respectively, no
significant difference was found between high and low semantic similarity, t (17) = 0.65, p > 0.5[Motreover; we reported theimean|

scores of semantic plausibility rating of all experimental sentences at each GPR level. The scores at the 50% and 0% GPR level were|
4.45 (SD = 0.66) and 4.73 (SD = 0.75) respectively, no significant difference was found between the two GPR levels, £ (17) = 1.61,p >
0.1.
3.2. ERP results

As shown in Fig. 3, there was a clear negative deflection at 300-500 ms. With comprehensive consideration of its polarity, latency,

and topographic distribution, it was confirmed as the N400 component (see supplementary materials for waveforms of all scalp
electrodes). The statistical results showed a clear graded N400 effect: incongruous fillers > unpredictable targets > predictable fillers

3 The normalization of item-level N400 amplitude was just for illustration. By doing this, the scatter points at both GPR levels could be presented
within a small range on the Y axis.
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Fig. 2. Thirty recorded scalp electrodes and the AOI for statistical analyses of N400. AOI = area of interest.
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EHT .
-5 uv 3

Fig. 3. Grand average ERPs to predictable fillers (black), incongruous fillers (red), and unpredictable targets (green) at a representative central-
posterior electrode (CPz). A 20 Hz low pass filter was applied to the waveforms for illustration purposes. The scalp maps show the topographic
distribution of N400 effects (300-500 ms) in the contrast to incongruous fillers minus predictable fillers (left) and unpredictable targets minus
predictable fillers (right).
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Fig. 4. Grand average ERPs for low SS (magenta) and high SS (cyan) at two levels of GPR. A 20 Hz low pass filter was applied to the waveforms for
illustration purposes. The scalp maps show the topographic distribution of the N400 effect (300-500 ms) for low SS minus high SS at 50% GPR level
(left) and 0% GPR level (right). GPR = global prediction reliability; SS = semantic similarity.
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-2 = -2 Low
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3 z
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Fig. 5. The bar diagrams show the statistical results of the N400 between high and low semantic similarity groups for two levels of GPR. Theleftand!

(see supplementary materials for details). These results are consistent with a number of previous studies (Kutas & Federmeier, 2010;
Zhu et al., 2019) and validate the present EEG data and analysis procedure.

As shown in Fig. 4, we illustrated the waveforms of grand average ERPs for low and high semantic similarity at two levels of GPR
(see supplementary materials for waveforms of all scalp electrodes). We also illustrated the scalp maps of the N400 effect (low SS minus
high SS) at two levels of GPR. We can see that at the 50% GPR level, low SS showed an increased (more negative) N400 compared with
high SS.

The two-by-two ANOVA of the N400 effect within the central-posterior AOI was conducted. The results showed a significant main
effect of GPR, F (1, 39) = 5.75, p < 0.05, 112 = 0.13. The N400 amplitude was increasedi(ifiorenegative)atthe 50% GPRIevelthanatthel
0%'GPRIlEvEl. More importantly, the interaction of GPR by semantic similarity was significant, F (1, 39) = 4.69, p < 0.05, 7> = 0.11.
Simple effect analyses showed that the N400 amplitude was reduced (less negative) in the high than low semantic similarity group at
50% GPR level, t = 2.25, p < 0.05. At the 0% GPR level, the results showed no significant difference between the high and low semantic
similarity groups, t < 1, p > 0.7 (see Fig. 5).

As shown in Fig. 6, we used scatter diagrams to illustrate the correlation between item-level N400 amplitudes and semantic
similarity at two levels of GPR while treating semantic similarity as a continuous variable. The results of correlation analyses clearly
showed a trend at the 50% GPR level: the N400 amplitude was reduced (less negative) with increasing semantic similarity. This trend
was significant, r = 0.25, p < 0.05. At 0% GPR level, the results showed no significant correlation or clear trend between the N400 and
semantic similarity, r = —0.01, p > 0.9. These results are consistent with previous results reported in Fig. 5.
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Fig. 6. Correlations of item-level N400 amplitudes against semantic similarity in scatter plots. The black and red circles denote the item-level N400
in the predictable (GPR = 50%) and incongruous (GPR = 0%) filler type, respectively. Best-fitting regression lines are also plotted. GPR = global
prediction reliability. *p < 0.05.

4. Discussion

The present study examined whether the prediction of semantic features could be adaptively regulated by the global context. In
particular, we calculated the semantic similarity between the unpredictable target word and the expected word in experimental
sentences. Then, the relationship between the N400 and semantic similarity was examined at each level of GPR. The ERP results
showed that the inverse association between N400 and similarity was significant in the predictable filler type (GPR = 50%). However,
this relationship was absent in the incongruous filler type (GPR = 0%). Altogether; theserestlts'stuggested that the activationlevelof|
semantic features could be modulated by the global communication context. The implications of these findings are discussed in detail
below.

The results showed an interaction between GPR and semantic similarity on the N400 response, with significant effects when the
GPR was high. These results extend those of previous studies by suggesting that global context modulates not only lexical predict-
ability, but also the prediction of semantic features of an upcoming word. The predictability of a target word was constructed by
manipulating sentential contexts in experimental sentences (see Brothers et al., 2019). For example, the target word (court) was
predictable in a high-constraining context (Eric sued the taxi driver and took him to court ...), but unpredictable in a non-constraining

context (Eric picked up his friend and took him to court ...)iThereforetheN400 effectelicitedibyexperimmental’sentenceswasibased|

We proposed that the detailed mechanism underlying the N400 interaction between GPR and semantic similarity was as follows. At
the 50% level of GPR, the semantic features of expected words (¥ ¥[roses], ££[stars]) were pre-activated by prediction because
participants were encouraged to predict, and all the experimental sentences were high constraint (>0.63). Even when the unpre-
dictable target words (#f/F[peonies], £/Z[cash]) were seen instead of the expected words, the semantic access of the unpredictable
target word was facilitated by pre-activated semantic features. This facilitation was more significant for experimental sentences with
high semantic similarity (4t/#[peonies] - Z¥E[roses]) compared to low semantic similarity (£/Z[cash] - ££[stars]). Therefore, the
item-level N400 became reduced with increasing semantic similarity. In contrast, at the 0% level of GPR, participants were
discouraged from predicting the semantic features of expected words (¢ ¥E[roses], £ £ [stars]) from the start. Therefore, no significant
relationship was shown between the N400 and semantic similarity.

The lack of an inverse relationship between N400 and semantic similarity at the 0% GPR level suggested that participants were
discouraged from making predictions during sentence processing because of the global context. Previous studies have shown that
words with within-category violations elicited larger N400s in low constraint sentences than in high constraint sentences (Federmeier
& Kutas, 1999). This suggests that the N400 is sensitive to semantic feature overlap between the within-category violation word and
the expected word, even when the expected word is not presented. These results are consistent with those of the present study.
However, our results showed that this potential N400 sensitivity was absent at the 0% GPR level. This suggests that when none of the
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expected words was encountered in sentences within a block [participantswereimoreinclified topassivelywaitforthewordsitorappear|

(Huettig & Guerra, 2019; Huettig & Mani, 2016).

One innovation of the present design was that both semantic similarity and levels of prediction strength were manipulated and
systematically dissociated. That is, prediction strength was manipulated using the GPR induced by filler sentences. Meanwhile, the
semantic similarity was orthogonally manipulated in different experimental sentences. By contrast, most previous paradigms
manipulated only semantic similarity or only prediction strength. For example, only semantic similarity was manipulated in a research
paradigm that compared between-category violations and within-category violations (Federmeier & Kutas, 1999; Zhu et al., 2009).
Consider this sentence: The gardener really impressed his wife on Valentine’s Day. To surprise her, he had secretly grown some rose-
s/tulips/palms. The semantic similarity of the within-category violation (tulips) to the expected word (roses) was higher relative to the
between-category violation (palms), but there was no difference in prediction strength relative to the expected word (roses) (Feder-
meier & Kutas, 1999). In studies using a different paradigm that compared low and high constraint sentences, it was difficult to.
orthogonallymanipulatethe’semanticsimilarity!(\V1otko & Federmeier, 2012). Even though the prediction strength of expected words

was stronger in high than low constraint sentences, it was difficult or controversial to define the expected word in low constraint
sentences (Lau, Holcomb, & Kuperberg, 2013; Thornhill & Van Petten, 2012).

In the present study, the inverse relationship between the N400 and semantic similarity was modulated by GPR. However, there
was no such relationship in the behavioral results (semantic plausibility rating). The reason for this discrepancy may be that these two
measures tap into different processes during sentence comprehension. To be specific, because it benefits from the richer measure of
real-time processing, the present N400 effect is time-locked to the target words in experimental sentences. This measure of N400 effect
is more sensitive to the semantic facilitation of target words underlying the prediction mechanism, which was the focus of our study. In
contrast, the semantic plausibility rating was more related to the processing of the whole sentence. That is, participants combined the
meaning of each word into a whole sentence meaning. After reading each sentence, they evaluated the overall semantic plausibility of
the sentence against their world knowledge and made responses. Thus, GPR is more likely to modulate the activation of the semantic
features of a target word rather than the semantic plausibility of sentences.

It is worth noting that there are two important considerations in the present study. First, it is ideal if the effect of sentence context is
counterbalanced, by reversing the semantic relatedness of the target words in the high and low semantic similarity conditions.
However, it was not done in the present study because it is difficult (if possible) to construct enough sentences while considering all
other requirements. Secondly, the trial number per condition was limited in the present study (Keating & Jegerski, 2015). We would
like to validate the present results with more rigorous sentence materials and more trials in future studies.

Taken together, the results of the present study provided direct evidence that the N400 effect is sensitive to the prediction of se-
mantic features and this effect could be modulated by GPR. That is, comprehenders can use information from the global context to|
regulate the prediction of upcoming content such as semantic features.
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Appendix A. Experimental sentences of low semantic similarity

Sentence frames Unpredictable target words  Expected words
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Appendix B. Experimental sentences of high semantic similarity

Sentence frames

Unpredictable target words

Expected words
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