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Ample evidence suggests that during word recognition and production, simultaneously activated lexical and
sublexical representations interact, demonstrating varied patterns of facilitation and inhibition in various tasks
and measures. A separate line of research has led to a growing consensus that prediction during sentence pro
cessing involves activating multiple possible predictions. However, very little is known about the nature of the
interactions between parallel predictions. The current study employed a speeded cloze task to probe competition
between simultaneously activated predictions. We focused on the modal response (the most probable completion
for a sentence) and its strongest competitor (the second most probable completion). Examining production la
tencies of the modal response, the results showed an interaction between competitor strength and the semantic
relatedness between the competitor and the modal: when the two were related, the stronger the competitor was,
the more it facilitated production; however, when the two were unrelated, the stronger the competitor was, the
more inhibition it caused. These results contrast with the pattern observed for the influences of near and distant
semantic neighbors on word recognition and production. However, we show that when the different nature of the
tasks is taken into consideration, these patterns of interaction between parallel predictions can be accounted for
by the interactive activation and competition (IAC) model used to account for previous neighborhood effects
(Chen & Mirman, 2012).

1. Introduction
One of the most basic processes necessary for language compre
hension and production is lexical selection, namely, retrieval of a word
from the mental lexicon while other words or concepts are also acti
vated. Over the years, many studies investigated this process, leading to
the general conclusion that the difficulty of lexical selection is highly
dependent on how many other words are simultaneously activated, and
to what degree. Notably however, although the influence of simulta
neously activated words on lexical selection was demonstrated in
numerous studies, the observed effects are not uniform, i.e. simulta
neously activated words can either facilitate or inhibit retrieval. For
example, many early studies showed reduced reaction times for words
with many orthographic neighbors, relative to words with fewer
neighbors, in tasks such as naming and lexical decision (e.g. Andrews,
1989, 1992; Forster & Shen, 1996; Johnson & Pugh, 1994; Sears, Hino,
& Lupker, 1995). An orthographic neighbor is a word that differs from
the target word by a single letter. When attempting to retrieve the target

word, these neighbors are also activated due to their orthographic
similarity to the target word. The studies above show that the more
neighbors (of this type) are activated, the more they facilitate retrieval
of the target word. However, orthographic neighbors were also shown to
cause inhibition: when orthographic neighbors are more frequent than
the target word, they inhibit its retrieval (e.g. Davis, Perea, & Acha,
2009; Ferraro & Hansen, 2002; Grainger, 1990; Grainger & Jacobs,
1996; Grainger, O’Regan, Jacobs, & Segui, 1989, 1992; Grainger &
Segui, 1990). Additionally, transposed letter neighbors (i.e. words
created from the target word by switching the positions of two adjacent
letters) also inhibit retrieval (e.g. Acha & Perea, 2008; Andrews, 1996;
Johnson, 2009). Similarly, phonological neighbors (i.e. words that are
phonologically similar) can exert either facilitation or inhibition (see
Dell & Gordon, 2003; Mirman, Kittredge, & Dell, 2010). Thus, although
words that are activated due to similarity to the target word influence
the difficulty of lexical selection, this influence may be facilitatory in
certain circumstances and inhibitory in other.
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1.1. Semantic neighborhood and semantic relatedness

However, sentences vary greatly in how semantically related their
possible completions are. For example, the most probable completions
for sentence (1) are ‘popcorn’ and ‘candy’, which are highly related and
share many semantic features (e.g. edible items, snacks, treats, tasty,
considered unhealthy, etc.). On the other hand, the most probable
completions for sentence (2) are ‘wheel’ and ‘mattress’, which are not
very related and do not share many semantic features other than the fact
that they can both be inflated (in some cases). Thus, the related pre
dictions ‘popcorn’ and ‘candy’, and the unrelated predictions ‘wheel’
and ‘mattress’, can be considered as the equivalents of near and distant
semantic neighbors, respectively.

Semantic neighbors are words that are related to the target word,
sharing semantic features with it. Much like orthographic neighbors,
semantic neighbors are activated with the target word due to their
similarity, and therefore they also affect lexical retrieval. Some studies
have shown that words with higher semantic neighborhood density, i.e.
more semantic neighbors, are retrieved faster, both in recognition tasks
(lexical decision and semantic decision) and production tasks (picture
naming) (Buchanan, Westbury, & Burgess, 2001; Duñabeitia, Avilés, &
Carreiras, 2008; Locker, Simpson, & Yates, 2003; Siakaluk, Buchanan, &
Westbury, 2003; Yates, Locker, & Simpson, 2003). Importantly, how
ever, later studies have shown that this facilitation is driven by distant
semantic neighbors, i.e. neighbors that share few semantic features with
the target word (Mirman, 2011; Mirman & Magnuson, 2008). Near se
mantic neighbors, on the other hand, cause the opposite effect, i.e.
neighbors which share many semantic features with the target word
cause inhibition, rather than facilitation (Fieder, Wartenburger, &
Rahman, 2019; Mirman, 2011; Mirman & Magnuson, 2008).
These results suggest that high semantic relatedness between
simultaneously activated words leads to competition between these
words, hindering lexical retrieval. In apparent contradiction to this
conclusion, several sentence processing studies suggest that this may not
always be the case. The processing of an unexpected word within a
sentence context was shown to be facilitated when it is semantically
related to the predicted word (e.g. Brothers, Swaab, & Traxler, 2015;
Federmeier & Kutas, 1999; Frisson, Harvey, & Staub, 2017; Luke &
Christianson, 2016). For example, Federmeier and Kutas (1999) found
that in a sentence such as ‘The tourist in Holland stared in awe at the
rows and rows of color. She wished she lived in a place where they grew
…’, facilitation was observed for the unexpected word ‘roses’ relative to
the unexpected word ‘palms’ (reflected in this case in decreased
amplitude of the N400 event-related potentials component), since
‘roses’ is more semantically related to the predictable word ‘tulips’.
Assuming that this facilitation stems from pre-activation of the seman
tically related predicted word, this suggests that semantic relatedness
between simultaneously activated words can also cause facilitation.
Note that the word ‘tulips’ is closely related to ‘roses’ and is thus com
parable to a near semantic neighbor, shown to exert inhibition in
recognition and naming studies. ‘Tulip’ is less related to ‘palms’ and is
thus comparable to a distant semantic neighbor, shown to exert facili
tation in these tasks. Nonetheless, the results of the sentence processing
studies mentioned above are in the opposite direction, i.e. greater
relatedness between the unexpected word and the predicted word cau
ses facilitation. In line with these results, Roland, Yun, Koenig, and
Mauner (2012) have also shown that reaction times in a self-paced
plausibility judgement task (i.e. self-paced stops-making-sense task)
were faster for a word the higher its average relatedness to alternative
completions for the sentence was.
A crucial difference between the experiments in which close relat
edness between activated words caused inhibition and the experiments
in which it caused facilitation is that in the latter, the activations were
induced by a sentence context. One of the main aims of the current study
is therefore to further examine the interaction between simultaneously
activated words during sentence processing, assessing the influence of
semantic relatedness in this domain, and explaining why it may differ
from typical semantic neighborhood effects in single-word tasks. Addi
tionally, previous studies all examined the processing or production of a
word that appeared in the input (either written, in isolation or in sen
tence context, or a picture of the word). In contrast, the current study
focuses on interactions between parallel predictions induced by a sen
tence context that does not include the predicted words, manipulating
the strength of the different predictions and the degree of relatedness
between them.
Admittedly, alternative completions to the same sentence are always
somewhat related to one another, being induced by the same context.

(1) Before the movie even started, the kids started to eat the ___
A. Popcorn
B. Candy
(2) Before the trip, Yoel looked for the pump in order to inflate the ___
A. Wheel
B. Mattress
In the current study we therefore test whether semantic relatedness
between predictions during sentence processing elicits similar or
opposed effects to the effects observed in single-word semantic neigh
borhood studies.
1.2. Parallel predictions and the speeded cloze task
Although, as discussed above, extensive research demonstrated in
fluences of simultaneous activations on lexical selection, this phenom
enon was hardly studied in regards to prediction during sentence
processing. A recent study provides initial evidence for the influence of
parallel predictions on one another. Staub, Grant, Astheimer, and Cohen
(2015) employed a speeded cloze task in order to assess the influence of
cloze probability and sentence constraint on production onsets. Partic
ipants were presented with the beginning of a sentence (presented word
by word at a fixed rate), and were instructed to produce a completion as
quickly as possible. As in the common (non-speeded) cloze task, the
cloze probability of each word was defined as the proportion of partic
ipants who produced this word as a completion for the sentence,
reflecting how predictable the word is given the sentence; and sentence
constraint was defined as the cloze probability of the sentence’s most
common response, reflecting how strong of a prediction the sentence
encourages. The most probable completion of the sentences is termed
the modal response. Not surprisingly, the results showed that words with
higher cloze probability (i.e. more predictable words) were produced
fasted. This result indicates that the more the context activates a word,
the faster it is retrieved and produced as a cloze response. More rele
vantly, the results also showed that words with low cloze probability are
produced faster in high constraint versus low constraint sentences.
Namely, a low cloze probability word is produced faster when the sen
tence has a highly probable alternative completion, compared to when it
does not. As explained in Staub et al. (2015), these results suggest that
multiple possible cloze responses are activated simultaneously, racing
towards a retrieval threshold. Since the activation of each possible
response, induced by the sentence context, is in correlation to its pre
dictability (and therefore its cloze probability), the modal, most prob
able, response would most often reach the threshold first. However, due
to random noise in the activation levels of each possible response, a less
probable word can reach the threshold first. This means that when a low
cloze word is produced even though a high cloze alternative is available,
the activation of this low cloze word had to be exceptionally high in that
moment (due to noise) relative to what is expected based on its proba
bility. Otherwise, the high cloze word, which receives strong activation
from the sentence, would have reached the threshold first, and the low
2
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cloze word would not have been produced. This is what gives rise to the
influence of constraint on the onset of low cloze responses.
Notably, while Staub et al.’s (2015) finding that the strength of an
alternative prediction can influence the onset of the ultimately produced
response indicates that parallel predictions are simultaneously acti
vated, these results can be explained without applying to direct influ
ence of the activation of one response on the activation of another.
Namely, the possible cloze responses can accumulate activation inde
pendently of one another, and the influence of constraint on the onset of
a low cloze response merely stems from the fact that we can only mea
sure production onset for a certain word when it is the first to reach
retrieval threshold. A low cloze word has to be retrieved exceptionally
fast in order for the modal, which has on average more activation, not to
be produced. Thus, the influence of constraint on low cloze responses
does not necessitate a direct interaction between the simultaneously
activated predictions. Indeed, independent accumulation of activations
is assumed in the model proposed by Staub et al. (2015) to capture these
results (see section 4.1.2 for further consideration of this model).
Staub et al. (2015) have also tested whether the effect of constraint
on production onset of low cloze responses, described above, can be
attributed to semantic relatedness to the modal response. Potentially,
the shorter production onset for low cloze responses in high constraint
relative to low constraint contexts can be due to low cloze responses’
relation to the highly probable word in the former. Looking at produc
tion onsets of non-modal responses, the authors found that although the
effect of constraint was unlikely to be explained in full by semantic
relatedness, semantic relatedness to the modal response did have an
effect on the production onset of non-modal responses, such that words
that were more related to the modal response were produced faster. This
result is in line with the results observed in sentence processing studies
(e.g. Brothers et al., 2015; Federmeier & Kutas, 1999; Frisson et al.,
2017; Luke & Christianson, 2016; Roland et al., 2012), and in the
opposite direction to semantic neighborhood effects observed in singleword tasks (Fieder et al., 2019; Mirman, 2011; Mirman & Magnuson,
2008). Importantly, this effect of semantic relatedness in the speeded
cloze task was only assessed with regards to production onset of nonmodal responses. This means that in the trials from which these pro
duction onsets were taken, the activation levels within the participant’s
mind did not correspond to the cloze probability distribution (presum
ably due to random neural noise), since otherwise the modal response
would ‘win the race’ towards the retrieval threshold and the non-modal
response would not have been produced. In order to provide an expla
nation that will reconcile the opposed influences of semantic relatedness
in the different tasks, it is necessary to consider the underlying in
teractions between the simultaneously activated words, which is not
possible when looking specifically at trials in which the underlying ac
tivations are atypical and unknown. In the current study we therefore
focus on trials in which the modal response is produced, allowing us to
provide additional insights by modeling the underlying activations.

observed neighborhood effects in single-word tasks.
In the current study, we focused on the production onset of the modal
response, i.e. the most probable completion provided by participants in
the cloze task. We asked whether the modal production onset is influ
enced by the strength (i.e. cloze probability) and the relatedness of its
strongest competitor, i.e. the second most probable completion. If
indeed alternative predictions are activated simultaneously, interacting
with each other, then we should see an influence of the relatedness
between the produced, modal word and its competitor. Since this in
fluence stems from the activation of the competitor, it should be stronger
the higher the competitor’s cloze probability is. More specifically, if the
influence of relatedness is similar to semantic neighborhood effects in
single-word tasks, then simultaneously activated words should cause
inhibition when they are highly related to the target word, and facili
tation when they are remotely related. If this is the case, then when the
modal and the competitor are highly related (i.e. the equivalent of near
neighbors), the higher the competitor’s cloze probability, the more in
hibition it would cause, leading to increased production latencies for the
modal word; when the modal and the competitor are unrelated (or
remotely related, i.e. the equivalent of distant neighbors), on the other
hand, the higher the competitor’s cloze probability, the more facilitation
it would cause, leading to decreased production latencies. However, if
the influence of relatedness is in the opposite direction then that
observed for semantic neighborhood effects, as exemplified in sentence
processing studies (e.g. Brothers et al., 2015; Federmeier & Kutas,
1999), then when the modal and competitor are highly related, the
higher the competitor’s cloze probability the more facilitation it would
cause, leading to decreased production latencies of the modal word;
conversely, for unrelated modals and competitors, the higher the com
petitor’s cloze probability, the more inhibition it would cause, leading to
increased production latencies.
2. Exploratory analysis of previous data
In a previous study (Ness & Meltzer-Asscher, submitted), a speeded
cloze task was combined with EEG measurement, in order to study the
pre-updating mechanism (Kuperberg & Jaeger, 2016; Lau, Holcomb, &
Kuperberg, 2013; Ness & Meltzer-Asscher, 2018). We re-analyzed the
existing behavioral data from this study.
2.1. Materials and procedure
The materials and the data can be found at: https://osf.io/vjwds/?
view_only=6758ee1a8b3f4e2b993b48a36cbb8afc. Forty-eight native
Hebrew speakers participated in the experiment. The materials con
sisted of 156 Hebrew sentence beginnings, varying in constraint. The
sentence fragment was presented word-by-word in the middle of the
screen at a fixed rate (SOA = 600 ms), followed by a blank line
prompting participants to produce a completion. Participants were
instructed to provide the first completion that comes to mind, as quickly
as possible. The sentences were composed in pairs such that each pair
included a high constraint sentence and a low constraint sentence (based
on a cloze probability questionnaire), in order to control for lexical
material, but constraint was treated as a continuous variable in the

1.3. The current study
The main aims of the current study were twofold: (i) to investigate
the influence of relatedness between parallel prediction on lexical se
lection; and (ii) to find direct evidence for the influence of the activation
of parallel predictions on one another. To achieve these goals, we
employed a speeded cloze task, similar to Staub et al. (2015). We begin
with an exploratory analysis of data from a previous experiment, fol
lowed up with a pre-registered confirmatory replication experiment. We
additionally conduct an analysis as in Staub et al. (2015), aimed to
provide an additional replication of their findings. Finally, we conduct
simulations using Chen and Mirman’s (2012) interactive activation and
competition (IAC) computational model (see Discussion), adapting it to
account for cloze response generation. We show that it is possible to
account for the results of the current study, as well as the results of Staub
et al. (2015), within the same model that accounts for previously

Table 1
Example sentences.
Constraint

Sentence frame

High

Biglal še-ofir lo makir et ha-sifria, ha-safranit azra lo limco et __
since that-ofir not know ACC the-library, the-librarian helped him tofindACC __
‘Since Ofir isn’t familiar with the library, the librarian helped him find
__’
ofir xipes ve-xipes bemešex šaot, aval lo ecliax limco et __
ofir searched and-searched for hours, but not succeeded to-findACC __
‘Ofir had searched for hours, but he couldn’t find __’

Low
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current analysis (see Table 1 for example sentences). Presentation order
was randomized for each participant. Sentences from the same set were
separated by at least 50 trials.

is conceivable that a better measure would be the difference or the ratio
between the cloze probabilities of the modal response and the compet
itor. We therefore created additional regression models, in which
Competitor cloze was replaced by each of these measures.1 The perfor
mance of the three variants of the model was compared in order to test
which measure best captures the competition. The model with
Competitor cloze outperformed the alternatives (Competitor cloze: AIC
= 5106.5, BIC = 5137.9, Log likelihood = − 2548.2; Ratio: AIC =
5122.2, BIC = 5153.6, Log likelihood = − 2556.1; Difference: AIC =
5123.4, BIC = 5154.8, Log likelihood = − 2556.7).

2.2. Analysis
For each item, we identified the most probable completion (the
modal) and the second most probable completion (the competitor). We
assessed the relatedness between these two possible completions for
each item via a relatedness rating questionnaire, in which 30 partici
pants (different from the ones participating in the main experiments)
were asked to rate, on a 7-point scale, how related the two words were.
Ratings were normalized within participant and the average relatedness
rating was calculated for each word pair.
Production onset was marked using DeepWDM, a recurrent neural
network for word duration measurement (Goldrick et al., 2018). A coder
then listened to each of the recordings, transcribed the production, and
corrected the marked onset when needed. Trials with speech errors,
repairs or filled pauses were excluded (1.7% exclusion). Singular/plural
and masculine/feminine forms of the same noun were collapsed by
coding each noun as its singular-masculine form (e.g. ‘shirts’ and ‘shirt’
where counted as the same response). When the produced response
consisted of more than one word, only the first word was coded unless
the words formed a compound. Since the presented sentence fragments
always ended with the Hebrew accusative case marker ‘et’, which only
precedes definite nouns, the vast majority of produced responses began
with a definite determiner (‘the’ - ha). Responses that included other
determiners (e.g. kol ha-kelim – ‘all the-tools’) were coded without the
determiner (such responses were very rare).
To test the interaction between parallel predictions, we fitted a linear
mixed-effects model to the production onsets of modal responses
(namely only for trials in which the most probable word was produced).
The model included the fixed factors Constraint (equal to cloze proba
bility of the modal) and the interaction between Competitor cloze (the
cloze probability of the competitor) and Relatedness (the average rating
of relatedness between the modal and the competitor). Main effects of
these factors could not be included in the model due to their correlation
with Constraint, resulting in multicollinearity (VIFs >10). The model
included random intercepts for participants. Random effects for items
were not included since they could not be estimated independently of
the fixed effects, as each item occurs at only one level of Constraint (as
was done in Staub et al., 2015). Random slopes of both factors were
initially included in the model, but had to be removed in order to ach
ieve convergence.

3. Replication experiment
Since the current hypotheses were developed after exploring the preexisting data, we carried out an additional experiment, which was a
replication study pre-registered on OSF, with the hypotheses and anal
ysis pre-determined. The pre-registration report, as well as analysis code
and data can be found at: https://osf.io/ab84y/?view_only=c655
6beeb52d455e88067bfb5c2c610e, (the pre-registration report can be
directly accessed at: https://osf.io/tzean).
3.1. Methods
3.1.1. Participants
The participants were 48 Tel-Aviv University students (16 males), all
native Hebrew speakers, with an average age of 24.29 (range: 20–32).
Participants were given course credit or were paid 40 NIS (~11$) for
their participation. The experiment was approved by the Ethics Com
mittee in Tel Aviv University.
3.1.2. Materials and procedure
The materials and procedure were identical to the previous experi
ment (see section 2.1 above), except that EEG was not recorded.
3.1.3. Audio recordings – transcription, onset measurement, and data
analysis
Transcription, onset measurement, and data analysis of productions
were done similarly to the previous experiment, except for the algorithm
used for the initial automatic identification of production onset. Instead
of DeepWDM, used in Ness & Meltzer-Asscher (submitted), in the cur
rent experiment we used a PRAAT script which identifies the onset of the
first voiced segment in the production. Since the presented sentence
fragments always ended with the Hebrew accusative case marker ‘et’,
which only precedes definite noun phrases, the vast majority of pro
duced responses began with ‘ha-’ (‘the’), the definite determiner, which
includes the voiced a vowel, enabling this script to provide an accurate
onset for a large proportion of recordings compared to the previous
experiment (the onset was manually corrected in 8.9% of the trials in the
current experiment, as opposed to 17.5% in the previous experiment).
Production onsets were analyzed with linear mixed-effects models.
Analyses were conducted using the lmerTest package (Kuznetsova,
Brockhoff, & Christensen, 2014) in the R software environment (R
Development Core Team, 2011). Data were winsorized by replacing data
points exceeding 2.5 standard deviations (SD) from each participant’s
mean with the value of 2.5 SDs from that participant’s mean (affecting
3.1% of the data). All models initially included the maximal random
effects structure for participants (i.e. intercept and slopes of all fixed
effects and interactions). The random effects structure was reduced
when necessary in order to achieve convergence (the reduced models
are specified where relevant), by iteratively removing the random slope
associated with the smallest variance (Barr, Levy, Scheepers, & Tily,

2.3. Results
As expected, we found a significant effect of Constraint (Est. =
− 0.577, SE = 0.031, df = 3849, t = − 18.47, p < .001), such that higher
constraint led to shorter production onsets. Crucially, there was also a
significant interaction between Competitor cloze and Relatedness (Est.
= − 0.325, SE = 0.066, df = 3849, t = − 4.95, p < .001), such that when
relatedness was high, higher cloze probability of the competitor led to
shorter production onsets for the modal, but when relatedness was low,
higher cloze probability of the competitor led to longer production on
sets (See Fig. 1). These results indicate that alternative predictions are
activated simultaneously, interacting with each other. This is evidenced
by the influence of the relatedness between the produced modal word
and its competitor, which is greater the stronger the activation of the
competitor is (i.e. the higher the competitor cloze is). Moreover, the
results indicate that the influence of relatedness is such that a highly
related competitor causes facilitation, while an unrelated competitor
causes inhibition. This is in opposition to the results observed for near
and distant semantic neighbors in single-word tasks.
In the analysis described above, the cloze probability of the
competitor was used as a measure of competition strength. However, it

1
In order to use comparable models with the same random effect structure,
all achieving convergence, the random slopes had to be removed from these
models.
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Fig. 1. Onset times of modal responses in the data from Ness and Meltzer-Asscher (submitted), by cloze probability of the second most probable word (‘Competitor
cloze’), relatedness between the modal and the competitor, and sentence constraint. Regression lines are plotted.

2013). Random effects for items were not included since they could not
be estimated independently of the fixed effects, as each item occurs at
only one level of Constraint (as was done in Staub et al., 2015).

1

Onset (s)

0.8

3.2. Results
We first carried out the analysis reported in Staub et al. (2015) to
examine the effects of constraint and cloze probability on production
latencies. The results replicated Staub et al.’s (2015) findings, indicating
that words with higher cloze probabilities are produced faster and that
words with similar cloze probability are produced faster when the sen
tence’s constraint is higher. This analysis is reported in Appendix A.
A relatedness rating questionnaire was conducted in order to assess
the relatedness between word pairs (i.e. modal and competitor) that
were not identical to those in the previous experiment, due to different
participant completions in the two experiments. Thirty participants
(different from the ones participating in the main experiments) were
asked to rate, on a 7-point scale, how related the two words were.
Ratings were normalized within participant and the average relatedness
rating was calculated for each word pair.
As in the exploratory analysis reported above, to test for competition
effects we fitted a linear mixed-effects model to the production onsets of
modal responses (i.e. only for trials in which the most probable word
was produced). The model included the fixed factors Constraint (equal
to cloze probability of the modal) and the interaction between
Competitor cloze and Relatedness. The random slope of Constraint (by
participants) had to be removed in order to achieve convergence.
There was a significant effect of Constraint (Est. = − 0.760, SE =
0.035, df = 3796, t = − 21.82, p < .001), such that higher constraint led
to shorter production onsets. Importantly, there was also a significant
interaction between Competitor cloze and Relatedness (Est. = − 0.212,
SE = 0.088, df = 42.93, t = − 2.42, p = .02), such that when relatedness
was high, higher cloze probability of the second completion led to
shorter production onsets, but when relatedness was low, higher cloze
probability of the second completion led to longer production onsets
(See Figs. 2 and 3).
We created additional regression models, in which Competitor cloze
was replaced by either the difference or the ratio between the cloze
probabilities of the modal response and the competitor.2 Again, the
model with Competitor cloze outperformed the alternatives (Competitor

Competor cloze

0.6

Low

Med

0.4

High
0.2
0
Low

Med

High

Relatedness
Fig. 2. Average onset time of modal responses in the current experiment, by
cloze probability of the second most probable word (‘Competitor cloze’), and
relatedness between the modal and the competitor. In order to divide the data
into equal bins, the trials were first divided into three bins based on Relatedness
percentiles (High/Medium/Low); then, the trials in each Relatedness category
were divided into three bins based on Competitor cloze percentiles (High/
Medium/Low). Due to correlation between Relatedness and Competitor cloze,
dividing the trials into Relatedness categories and Competitor cloze categories
independently of each other (i.e. setting fixed Second cloze boundaries across
all Relatedness categories) was not possible, since it resulted in highly unequal
numbers of trials in each bin.

cloze: AIC = 5802.1, BIC = 5833.4, Log likelihood = − 2896.0; Ratio:
AIC = 5805.8, BIC = 5837.1, Log likelihood = − 2897.9; Difference: AIC
= 5809.7, BIC = 5841.0, Log likelihood = − 2899.8), confirming that
Competitor cloze best accounts for the competition effects.
3.3. Discussion
The results of the pre-registered experiment replicate the competi
tion effects observed in the exploratory analysis conducted with the
behavioral data from Ness & Meltzer-Asscher (submitted). The results
indicate that when the relatedness between the modal response and the
second most probable response (the competitor) is high, higher cloze
probability of the competitor leads to shorter production onsets for the
modal response. However, when the relatedness between the modal
response and the competitor is low, higher cloze probability of the
competitor leads to longer production onsets for the modal response,
providing evidence for competition between the (produced) modal word
and the (not produced) second most probable word. These results
indicate that alternative predictions are simultaneously activated,
influencing the activations of one another.

2
In order to use comparable models with the same random effect structure,
all achieving convergence, the random slopes had to be removed from these
models.
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Fig. 3. Onset time of modal responses in the current experiment, by cloze probability of the second most probable word (‘Competitor cloze’), relatedness between the
modal and the competitor, and sentence constraint. Regression lines are plotted.

The results also provide an additional replication of Staub et al.’
(2015) findings regarding the influences of cloze probability and sen
tence constraint on production onset of cloze responses, showing that
both high cloze probability and high constraint contribute indepen
dently to shorter production onsets.

in the lexical layer is bidirectionally connected via facilitatory connec
tions to the meaning units which represent its semantic features, as well
as to the word form units which represent its constituent letters/pho
nemes. Additionally, each unit in the lexical layer (i.e. word) is con
nected to all other word units by bidirectional inhibitory connections.
This lateral inhibition implements competition during lexical selection.
Lateral connections within the meaning layer are either facilitatory or
inhibitory, depending on the co-occurrence of the features, i.e. features
that very often appear together exert facilitation on one another, while
features that appear together rarely or not at all exert inhibition on one
another. For simplicity, the model assumes that all words are connected
to ten semantic features. Additionally, for simulations related to se
mantic neighborhood, the word form layer (phonemes or letters) was
removed since it would not have any influence on the relevant effects.
This layer would likewise not be relevant in the current simulations, and
was removed from them.
Input activations enter the model either from the meaning layer or
from the word form layer, depending on the simulated task. For
example, in an auditory lexical decision task, the input activates the
phonemes that the word consists of (which in turn activate units in the
lexical layer). In a picture naming task, on the other hand, the input
activates semantic features of the word (which in turn activate units in
the lexical layer). In each iteration during the simulation, the amount of
facilitation and inhibition that each unit receives from its connections is
calculated, and activation levels are updated accordingly. Reaction
times are defined as the number of iterations it took for a word unit to
reach a pre-determined activation threshold, i.e. lexical selection is
completed once a word reaches retrieval threshold.3
While the amount of facilitation exerted in the facilitatory connec
tions between layers is linearly dependent on unit activation, the
strength of inhibition exerted in the inhibitory connections within the
lexical layer is a non-linear function of unit activation (namely, a sig
moid function), such that weakly activated word units exert very little
inhibition, and strongly activated words exert very strong inhibition.
Ultimately, whether a certain manipulation is predicted by the model to
cause inhibition of facilitation depends on what is more significantly
increased by the manipulation: the activation added to the target word
via between-layers facilitatory connections, or the inhibition incurred to
the target word via within-layer inhibitory connections.
The simulations conducted by Chen and Mirman (2012) have shown

4. Accounting for cloze response generation within the IAC
framework
In two experiments, we found that activation of a closely related
competitor facilitates retrieval of the modal response, while activation
of an unrelated competitor inhibits retrieval of the modal response.
These findings are in the opposite direction to the effects observed for
near and distant semantic neighbors in single-word tasks. Namely, the
activation of a closely related alternative prediction is facilitative, while
the activation of a near neighbor is inhibitory. In this section we show
that the current findings can be predicted by the same computational
model that accounts for the effects of semantic neighbors, when the
mechanisms underlying the different tasks are taken into consideration.
As discussed in the Introduction, accumulating evidence indicates an
intriguing pattern of conflicting neighborhood effects under different
circumstances, e.g. letter substitution neighbors cause facilitation
(Andrews, 1989, 1992; Forster & Shen, 1996; Johnson & Pugh, 1994;
Sears et al., 1995), while transposed letter neighbors cause inhibition
(Acha & Perea, 2008; Andrews, 1996; Johnson, 2009); distant semantic
neighbors cause facilitation (Mirman, 2011; Mirman & Magnuson,
2008), while distant semantic neighbors cause inhibition (Fieder et al.,
2019; Mirman, 2011; Mirman & Magnuson, 2008). To account for these
contrasts, several models where put forward, describing the underlying
interactions that lead to the observed variation in the effects. Most of
these models are specifically designed to account for the results obtained
in a certain domain, i.e. a specific task or modality (e.g. models ac
counting specifically for reading aloud include the Dual Route Cascaded
Model, Coltheart, Rastle, Perry, Langdon, & Ziegler, 2001; the Con
nectionist Dual Process Model: Perry, Ziegler, & Zorzi, 2007; and the
Self-Organizing Lexical Acquisition and Recognition Model: Davis,
2010). However, Chen and Mirman (2012) have constructed a general
model, within the IAC framework (e.g., McClelland & Rumelhart, 1981),
which is applicable in principle to any task or modality. Here, we adapt
this model to account for the generation of predictions and cloze
responses.
Chen and Mirman’s (2012) model consists of three layers of pro
cessing units: a meaning layer in which each unit represents a semantic
feature, a lexical layer in which each unit represents a word, and a word
form layer in which each unit represents a phoneme or a letter. Each unit

3
Here we only provide a description of aspects of the model that are relevant
for our current simulations. For a full description of the model and previous
simulations see Chen and Mirman (2012).
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that the model correctly predicts the direction of neighborhood effects
observed in a variety of tasks and modalities. Most relevantly, the model
correctly predicts that in single-word tasks (e.g. word recognition and
picture naming) many near semantic neighbors (relative to few) cause
inhibition, while many distant neighbors (relative to few) cause facili
tation. Near semantic neighbors are modeled as words that have high
overlap in semantic features with the target word, i.e. connected to 8
(out of 10) of the target word’s semantic features. In this case, the
neighbor will be almost as strongly activated by the target’s semantic
features as the target itself. Thus, the activation of the neighbor at the
lexical level would be strong and the inhibition it would exert on the
target word would outweigh the additional facilitation that the target
word would get from the shared features (due to their facilitatory con
nections with the neighbor being bidirectional). This would be the result
mainly since, as mentioned above, the inhibition is non-linearly
dependent on unit activation (while the facilitation is linearly depen
dent on unit activation) and would thus be greater than the facilitation
when the neighbor’s word unit activation is high. On the other hand,
distant semantic neighbors, which are modeled as words that are con
nected to 4 (out of 10) of the target word’s semantic features, are weakly
activated by the target’s semantic features. Therefore, the activation of
the neighbor at the lexical level would be weak, exerting very little in
hibition on the target word, which would be outweighed by the addi
tional facilitation that the target word would get from the shared
features (due to their bidirectional facilitatory connections with the
neighbor).

a sentence in which the constraint (i.e. the cloze probability of the
modal/target word) is 0.6, and the competitor’s cloze is 0.4, namely, a
strong competitor. We manipulated the relatedness between the target
and the competitor such that a related word shared 8 (out of 10) se
mantic features with the target word, and an unrelated word shared only
one feature.5 The results of the simulation are shown in Fig. 4A. These
results show faster activation and decreased reaction time for the target
when the competitor is related to the target word, relative to when it is
unrelated, in line with the results observed in the current study.
In an additional simulation, we explored the influence of the com
petitor’s cloze on the relatedness effect. This simulation was identical to
the first one, except that the competitor’s cloze was 0.2 (instead of 0.4 in
the first simulation). The results of the simulation are shown in Fig. 4B.
These results show a smaller facilitation effect by a related competitor,
and a smaller inhibition effect by an unrelated competitor, relative to
the first simulation.
The two simulations together thus show an interaction between
competitor cloze and relatedness, as observed in the current study. For a
closely related competitor, the higher its cloze probability, the more it
causes facilitation, and for an unrelated competitor, the higher its cloze
probability, the more it causes inhibition. Thus, although the current
results contrast with the results observed for semantic neighborhood
effects, the opposite direction of the effects stems from the characteris
tics of the input activations, and can be predicted within the same
computational model.
4.2. The influence of constraint on the production of low cloze responses

4.1. Relatedness and competitor cloze

As discussed in the Introduction, Staub et al. (2015) have shown that
words with higher cloze probability are produced faster in the speeded
cloze task, and that words with similar (low) cloze probabilities are
produced faster in high constraint (relative to low constraint) sentences.
These results were replicated in Ness & Meltzer-Asscher (submitted) as
well as in the current experiment. In their paper, Staub et al. (2015)
suggested a computational model to account for these results. However,
in that model each potential response independently accumulates acti
vation, and the activation of one response cannot influence the activa
tion of another. Thus, while the model accounts for the influences of
cloze probability and constraint, it cannot (in its current form) account
for any influence of relatedness between alternative responses.
We therefore sought to adapt Chan and Mirman’s (2012) IAC model
to fully capture the generation of cloze responses, including the in
fluences of cloze probability and sentence constraint. We did this by the
addition of random noise. In the current model, without noise, the
modal response will always be the first to reach the threshold. However,
participants do not uniformly produce the most probable word in the
cloze task, which indicates that the race towards the retrieval threshold
is noisy, allowing for a less probable word to occasionally win over a
more probable one. The addition of noise to the model was implemented
by adding a random number, drawn from a normal distribution with a
mean of zero, to the activation level of each unit in each iteration. The
random noise could therefore either increase or decrease the activation
level.
We then conducted two additional simulations, in order to test the
influences of cloze probability and sentence constraint. In the first
simulation we modeled a sentence for which the possible cloze responses
have cloze probabilities of 0.6 and 0.4 (i.e. the sentence constraint is

Crucially, in Chen and Mirman’s (2012) simulations, the input is
assumed to only activate the features of the target word, and other words
are activated due to their connections with shared features. This
assumption is appropriate for e.g. word recognition and picture naming,
for which the input is the word itself, or a picture of it. However, this is
not the case when considering cloze responses, for which the input is a
sentence context. A given context can generate several alternative pre
dictions, activating the features of various words to different degrees
based on their probabilities. This means that words other than the
produced cloze response (which we will refer to as the target word
henceforth) receive activation directly from the input, and not only by
association to the target word.
As mentioned in the Introduction, sentences differ in the degree to
which alternative completions share semantic features with each other.
Returning to the example discussed in the introduction, the most
probable completions for sentence (1) are ‘popcorn’ and ‘candy’, which
share many semantic features, while the most probable completions for
sentence (2) are ‘wheel’ and ‘mattress’, which barely share any semantic
features. Therefore, we assume that in sentence (2), the activation of the
features of the target word ‘wheel’ is proportional to the probability of
this word only. In sentence (1), the activation of the features which are
unique to the target word ‘popcorn’ is also in proportion to this word’s
cloze probability; however, we assume that the features shared by
‘popcorn’ and ‘candy’ are activated in proportion to the sum of the cloze
probabilities of these two words. The input activations of the target word
are thus not based only on the target word’s cloze probability, but also
on the cloze probability of alternative predictions with shared semantic
features. In other words, the target word can benefit from input acti
vation of the competitor if it is semantically related.
Indeed, with the additional assumption that in the cloze task the
input activation of each feature is proportional to the sum of the cloze
probabilities of the cloze responses that share it, the model predicts the
results observed in the current study.4 In the first simulation we modeled

5
We note that modeling the unrelated word as not sharing any features with
the target word, rather than sharing one feature, did not significantly alter the
results, and the direction of effects predicted by the model remained the same.
We chose to model the ‘unrelated’ word as sharing a (single) feature with the
target word in order to acknowledge that words that are activated by the same
sentence context cannot truly be completely unrelated (otherwise there would
not be a context that could be completed by both).

4
The code for our simulations can be found at: https://osf.io/ab84y/?
view_only=c6556beeb52d455e88067bfb5c2c610e
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Fig. 4. Simulation results: activation levels over time for the target word (i.e. the produced modal response) and the competitor, when the target and the competitor
are related (Rel) or unrelated (Unrel). The competitor’s cloze probability is 0.4 in panel (A) and 0.2 in panel (B). The bar plots show reaction times (RT) predicted by
the model, i.e. the number of iterations until the target word reached the retrieval threshold of 0.7.

0.6). In the second simulation we modeled a sentence for which the
possible cloze responses are 0.4, 0.2, 0.2, 0.2 (i.e. the sentence constraint
is 0.4). For simplicity, none of the cloze responses in these simulations
were related (i.e. each word was connected to 10 different semantic
features). Each simulation was run 10,000 times. The results are plotted
in Fig. 5. First, higher cloze probability led to reduced reaction times
(see Fig. 5A), since the higher the cloze probability of a word is, the
higher the input activation it receives. Additionally, looking at reaction
times for the words with 0.4 cloze probability in both simulations
(namely when sentence constraint is 0.6 vs. when it is 0.4), reaction
times were lower in the high constraint sentence then in the low
constraint sentence (see Fig. 5B and C). This is in line with the expla
nation discussed in the introduction (proposed by Staub et al., 2015),
that reaction times for low cloze responses in high constraint sentences
are decreased simply since the high cloze alternative obscures the
measurement of potentially longer retrieval times. Namely, if the low
cloze word had not been retrieved fast enough to win over the high cloze
alternative, it would not have been produced, since the high cloze
alternative would be produced. The results of the simulations therefore
capture the behavioral findings regarding the influences of cloze prob
ability and sentence constraint on production onsets.

the interaction between parallel predictions. We assessed whether, and
how, production onsets of the modal response are influenced by the
strength and relatedness of its strongest competitor, the second most
probable completion. In an exploratory analysis using previous data, as
well as in a pre-registered replication, we found that when the modal
response and the competitor were related to each other, higher cloze
probability of the competitor led to shorter production onsets of the modal
response. This means that activation of the related competitor facilitated
the retrieval of the modal response. However, when the competitor was
unrelated to the modal response, higher cloze probability of the competitor
led to longer production onsets of the modal response. This means that
activation of the unrelated competitor inhibited the retrieval of the modal
response. These results provide direct evidence for the prevalent assump
tion that multiple predictions are activated simultaneously. More specif
ically, the results demonstrate interaction between parallel predictions,
showing for the first time that parallel predictions do not accumulate ac
tivations independently, but that instead, the activation levels of different
predictions directly influence one another.
Additionally, the results show that the influence of relatedness between
parallel predictions during sentence processing is in the opposite direction
than the effects observed for near and far semantic neighbors in singleword tasks. Namely, the activation of a closely related alternative predic
tion in the current study is facilitative, while the activation of a closely
related neighbor was found in previous studies to be inhibitory. We show
that although these effects of semantic relatedness manifest in different

5. General discussion
The current study employed a speeded cloze task in order to examine

Fig. 5. Simulation results: average reaction time by cloze probability (A). Reaction times for the 0.4 cloze probability response in high (A) and low (B) constraint.
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directions, they both stem from dynamic interactions between and within
levels of representation. The current results can thus be explained by taking
into consideration the different inputs to lexical selection in prediction
during sentence processing and cloze response generation, as compared to
single-word tasks such as word recognition or picture naming. Specifically,
since in single-word tasks the input is the word itself (or a picture of it), this
input can be assumed to only activate the features of the target word, and
other words are activated only due to their connections with shared fea
tures. With a sentence context, on the other hand, a given context generates
several alternative predictions, directly activating the features of various
words to different degrees based on their probabilities. This means that
words other than the target word receive activation directly from the input,
and thus, the target word can benefit from input activation of the
competitor if it is semantically related.
The fact that the same model accounts for behavior in both word
recognition and cloze response generation despite the different mani
festation of relatedness effects indicates that the generation of pre
dictions occurs under the same principles that operate during the
retrieval of a word when it is presented in the input. The results and
simulations thus hint that the underlying architecture that supports
prediction is the same as that underlying word processing in general.
Previous results and model simulations have led Chen and Mirman
(2012, 2015) to suggest that, in general, simultaneously activated words
will exert net inhibitory effects if they are strongly activated, and net
facilitative effects if they are weakly activated. This was most directly
demonstrated by showing that the same phonological neighbors exert in
hibition when they are strongly activated, and facilitation when their
activation is reduced (due to inhibition from activated semantic competi
tors; Chen & Mirman, 2015). Notably, the current study indicates that this
generalization does not hold in all instances. Our results show that stronger
absolute activation of a competitor can be facilitatory if this activation adds
to the target word’s activation as well (i.e. a related alternative prediction).
As the target word has higher activation levels relative to the competitor,
the addition of activation to shared features contributes more to the target
word then to the competitor due to the non-linear inhibition at the lexical
level, which means that the stronger the related competitor is, the more it
would facilitate the retrieval of the target word.
As explained above, our account for the results emerges from Chen and
Mirman’s (2012) model, and we attribute the observed effects to the bal
ance between activations from semantic features and inhibition at the
lexical level. While this model provides a plausible mechanism that cap
tures our results (as well as previous results), we would like to acknowl
edge that there could be alternative architectures that can potentially
account for the same pattern. For example, to capture the current data we
can consider an architecture that contains a level of event representations,
or situation models.6 A sentence fragment for which the two most probable
completions are highly related likely represents a less ambiguous situation
than a sentence fragment for which the two most probable completions are
unrelated. For example, looking again at the sentences in (1)–(2) discussed
above, a sentence such as ‘Before the movie even started, the kids started to
eat the __’ represents very similar scenarios whether it is completed by
‘popcorn’ or by ‘candy’. In this case, a strong competitor that is highly
related to the modal response indicates that there is little ambiguity in the
situation model that the sentence fragment evokes, and therefore responses
are fast. On the other hand, a sentence such as ‘Before the trip, Yoel looked

6

for the pump in order to inflate the __’ can represent somewhat different
scenarios when it is completed by ‘wheel’ and when it is completed by
‘mattress’ (e.g. a planned bike ride versus a planned camping trip). In this
case, a strong competitor that is not highly related to the modal response
indicates that there is substantial ambiguity in the situation model that the
sentence fragment evokes, which may delay responses. Thus, the current
results may also be explained as competition and facilitation at the level of
event representation. The current study cannot decide between the two
accounts, although we do note that the account based on Chen and Mir
man’s (2012) model has the advantage of adding very minimal assump
tions to a model that already accounts for a wide range of phenomena.
Further research is needed in order to tease apart representations at the
lexical level from those at the situation level.
The study reported here can form a basis for several future di
rections. First, one limitation of the current study is that in investigating
the interaction between parallel predictions, we specifically tested the
influence of the strongest competitor, namely the second most probable
word, on production of the modal word. However, it is likely that the
entire distribution of possible responses influences the production of any
possible response. Looking at these complex effects posits some inter
esting methodological and theoretical considerations, such as how to
create measures that weigh the influences of multiple words, taking into
account not only the probability of each response but also the degree to
which each word is related to the produced word, and to the other
alternatives.
Additionally, the current study focused on the effect of semantic
relatedness between predictions. However, neighborhood effects show
that orthographic and phonological similarity between simultaneously
activated words can also influence lexical selection. Further research is
needed in order to test whether orthographic and phonological simi
larity between parallel predictions has an effect on cloze response gen
eration, and in what direction.
Lastly, the influence of parallel predictions on one another can
potentially take place at different stages – during activation, selection/
retrieval, maintenance in working memory, production planning and so
on. We have shown that competitor cloze, rather than the difference or
ratio between cloze probabilities of the modal response and the
competitor, best accounted for the interaction we observed. This finding
suggests that the interaction found here likely stems from competition at
the activation stage, rather than difficulty in selection mechanisms and/
or retrieval, since difficulty stemming from competition in these latter
stages is likely to depend on the modal response’s strength over the
alternative rather than directly on how strong the alternative is in ab
solute terms. Moreover, the model used here (Chen & Mirman, 2012),
which assumes interaction during the activation of words (prior to
retrieval), was able to capture the behavioral results. However, the
interaction between parallel predictions may not be limited to this stage
only. Further research can pinpoint the specific stage, or stages, that are
relevant for these interactions, in order to better understand the inter
play between simultaneously activated words.
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Appendix A. Replication of Staub et al. (2015)‘s analysis with the current data
We followed the analysis reported by Staub et al. (2015). Model 1 included cloze probability as the only fixed effect. In order to achieve
convergence, the random slopes had to be removed in this model. Higher cloze probability led to shortened production onset (Est. = -0.279, SE =
0.007, t = -39.35, p < .001). Model 2 included constraint as a fixed factor, as well as a factor indicating whether or not the modal response was
produced. In order to achieve convergence, the random slopes of Constraint and the interaction between Constraint and Modal had to be removed in
this model. A significant effect of Constraint was found (Est. = -0.192, SE = 0.008, t = -22.37, p < .001), such that higher constraint led to shortened
production onset. Additionally, modal responses were produced significantly faster than non-modal responses (Est. = -0.247, SE = 0.030, t = -8.20, p
< .001), indicating that the effect of cloze probability in Model 1 cannot be solely driven by constraint (See Fig. A1A). Model 3 included cloze
probability and constraint as fixed factors, and only included responses with cloze probability <.4, allowing to separate constraint and cloze prob
ability. In order to achieve convergence, all random slopes had to be removed in this model. Significant effects of both cloze probability and constraint
were found (cloze probability: Est. = -0.167, SE = 0.011, t = -15.20, p < .001; constraint: Est. = -0.135, SE = 0.012, t = -10.97, p < .001), confirming
that the production of low cloze completions is indeed influenced by sentence constraint (See Fig. A1B). The results of the current experiment therefore
provide an additional replication of the findings of Staub et al. (2015). The full results of the three models are reported in Table A1.

Fig. A1. (A) Mean onset time for modal and non-modal responses, in sentences with high (>0.5) and low (≤0.5) constraint. (B) Mean onset time by cloze probability,
in sentences with high (>0.5) and low (≤0.5) constraint. Error bars represent standard error of the mean.

Table A1
Mixed-effects regression model coefficients.
Estimate

SE

df

t value

p value

Model 1
Cloze probability

0.279

0.007

7316

-39.35

< 0.001

Model 2
Constraint
Modal
Constraint: Modal

0.192
-0.247
− 0.020

0.008
0.030
0.017

7302
58.76
7295

-22.37
-8.20
− 1.18

< 0.001
< 0.001
0.240

Model 3
Cloze probability
Constraint
Cloze probability: Constraint

− 0.167
− 0.135
− 0.025

0.011
0.012
0.016

3910
3907
3907

− 15.20
− 10.97
− 1.56

< 0.001
< 0.001
0.118
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