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Abstract

For more than two decades, researchers have been trying to
explain the source of the processing cost of scalar implica-
ture (SI). Although the computation of some SIs is associ-
ated with longer processing time (known as the delay effect),
other SIs are processed cost-free. In this study, we inves-
tigated how individual differences in the rate of SI deriva-
tion modulate the delay effect across different scales. We re-
analyzed four datasets from two SI verification task studies,
which examined various scales. In these experiments, par-
ticipants judged SI-triggering sentences as either frue (literal
reading) or false (SI reading). We fit a computational model to
quantify the by-subject probability of computing SIs. Across
datasets, we found that subjects who prefer the literal reading
of the SI-triggering sentence were faster to respond true than
false. However, the reading preferences modulate the verifica-
tion speed differently for different scales. This suggests that
the source of the delay effect might vary between scales.

Keywords: scalar implicatures; scalar diversity; delay effect;
individual differences

Implicatures and delay effect

The utterance "My phone battery is low” triggers certain in-
ferences called implicatures (Grice, 1975). For example, the
speaker may indirectly ask the listener to lend him a charger.
He may also imply that “’the battery is low but not empty”, and
thus the phone is still turned on. This second inference, scalar
implicature (SI), arises when the recipient of the utterance
compares what the speaker said ("My phone battery is low”)
to what he could have said ("My phone battery is empty”).
This comparison is possible because the scalar words empty
and low belong to one scale, and the former one (stronger
scale mate) is more informative than the latter (weaker scale
mate) (Horn, 1989). To draw SI, the listener must conclude
that the speaker chose to utter the less informative sentence
because he does not believe in the more informative one (cf.
Grice, 1975). Thus, the speaker meant that "My phone bat-
tery is low but not empty”.

We will refer to sentences including weaker scale mates
as the SI-triggering sentences. The abundance of studies (see
Khorsheed & Gotzner, 2023 for a review) have investigated in
which context what kind of SIs arise, as well as how often and
fast individuals draw implicatures. These studies often used
a verification paradigm in which the SI-triggering sentence
is presented in an ambiguous context. It can be judged as
true according to its literal meaning or false according to its
SI interpretation. The task allows measuring how frequently
and fast implicatures are computed.

The classical debate between the Default view (Levinson,
2000) and the Relevance theory (Sperber & Wilson, 1986,
1987) concerns whether the computation of SIs involves a
processing cost. According to the former view, SIs are gener-
ated without the processing cost. The latter view, in turn, pre-
dicts the processing cost because the sentence’s literal mean-
ing is always computed first, and only if the context sup-
ports the stronger interpretation, the SI is generated. Bott and
Noveck (2004) tested the predictions of these two accounts
and found support for the Relevance theory. They tested am-
biguous sentences involving a scalar some (e.g., "Some ele-
phants are mammals™) that could be judged as frue (literal
response) or false (pragmatic response). They found the de-
lay effect, meaning that participants who follow the literal
interpretation are faster than participants who follow the SI
interpretation.

Since this first study, multiple experiments have tested un-
der which conditions the delay effect arises and when it is
reduced (see e.g., Khorsheed, Price, & van Tiel, 2022 for re-
view). However, several findings questioned the generality
of the delay effect. Firstly, some studies showed that this ef-
fect does not generalize to all scales (Van Tiel, Pankratz, &
Sun, 2019; Van Tiel & Pankratz, 2021). Secondly, it depends
on individual preferences for the literal or SI reading (Kursat
& Degen, 2020). Thus, to better understand whether the SI
computation generates the processing cost, scalar diversity
(Van Tiel, Van Miltenburg, Zevakhina, & Geurts, 2016) and
individual differences must be considered.

Scalar diversity

Scalar diversity refers to the phenomenon that SIs are derived
at different rates depending on the scale. Typically, studies
investigating scalar diversity focus on linguistic properties of
scales that change the rate of SI endorsements, such as the se-
mantic distance between scale mates and the boundedness of
the scales (Van Tiel et al., 2016), inferences drawn from the
stronger scale mate (Gotzner, Solt, & Benz, 2018), or the ac-
cessibility of the stronger scale mate (Ronai & Xiang, 2022).
In a verification task, Van Tiel et al. (2019) found that the
rate of literal interpretations varies across scales from 38%
for some to 71% for low. By correlating the number of frue
responses between scales, they showed that participants are
not consistent in response choice between scales. Hierarchi-
cal cluster analysis revealed that the scalars low, scarce and
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try constitute one cluster, and the scalars might, some, or, and
most constitute the second cluster.

Not only do different scales give rise to different rates
of SIs, but also the processing cost depends on the scale.
Van Tiel and Pankratz (2021) and Van Tiel et al. (2019)
showed that the polarity of the scale predicts the delay effect.
Van Tiel et al. (2019) tested 7 different scalars and found the
delay effect for positive scalars or, might, most, while a neg-
ative scalar scarce leads to the reversed effect, meaning that
literal responses are slower than pragmatic responses (in the
case of some, try, low there was no delay effect). Van Tiel
and Pankratz (2021) expanded the number of tested scales
and introduced a more nuanced measure of the polarity of the
scale. They found that all six positive scales (with scalars
content, fair, passable, ajar, chubby, warm) led to the pro-
cessing cost of SI and only one negative scale (youthful). In
general, both studies were interpreted as supporting the po-
larity explanation of the delay effect, according to which only
positive scales are linked with the processing cost.

Individual differences

Already Bott and Noveck (2004) observed that the choice of
SI interpretation is subject to individual differences. While
literal responders judge SI-triggering sentences as frue, prag-
matic responders choose to respond false. Many studies have
tried to explain this variability by various cognitive and per-
sonality factors (e.g., Antoniou, Cummins, & Katsos, 2016;
Dieussaert, Verkerk, Gillard, & Schaeken, 2011; Fairchild
& Papafragou, 2021; Feeney & Bonnefon, 2013). More-
over, individual differences in reading preferences affect the
SI derivation speed. Heyman and Schaeken (2015) found that
the consistently literal responders were faster than the consis-
tently pragmatic responders or the inconsistent responders.
Kursat and Degen (2020) showed that responders (literal or
pragmatic) respond faster when responding consistently to
their preferences. These studies, although limited to scalar
some, suggest that the speed with which participants verify
SI-triggering sentences depends on how certain they are about
their response.

Moreover, these studies question the uniform cost of the
SIs computation as illustrated in Figure 1 by H1. Instead,
they suggest that the presence and magnitude of the delay
effect depend on the proportion of literal and pragmatic re-
sponders in the tested sample. Considering the differences
between consistent and inconsistent responders, the delay ef-
fect may arise in three different scenarios. Under H2, the
delay effect would arise if a large number of literal respon-
ders provided fast true responses and slow false responses.
An equal number of consistent pragmatic and literal respon-
ders hinders the delay effect. In scenario H3, the delay ef-
fect is driven by fast true responses from literal responders.
The computation of SI is costly; therefore, the pragmatic re-
sponses are slower, and inconsistent responses indicate the
disambiguation of the sentence between the two readings.
In scenarios H2 and H3, many inconsistent responders might
obscure the delay effect. Finally, under H4, the delay effect

is due to fast errors made by inconsistent responders, for
example, when they choose the literal response before fin-
ishing the SI computation. Under this hypothesis, the delay
effect would arise when there are more inconsistent than con-
sistent responders. In turn, when only consistent responders
are present, the reversed delay would be present.

In summary, the delay effect might stem from different
configurations of response patterns. To fully understand the
source of this effect, individual differences in the choice of
reading should be considered. Moreover, because the pro-
cessing cost of SI computation varies across scalars, the effect
of individual differences in the reading choice should also be
examined across different scales.
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Figure 1: Four possible patterns that lead to the delay effect:
H1 uniform cost of SI, H2 ratio between literal vs. pragmatic
responders, H3 disambiguation of readings, H4 fast errors
(lit-literal; prag-pragmatic; incon - inconsistent responders.

Present paper

This paper aims to test HI-H4 among different scales for
which the delay effect was observed. To this end, we re-
analyzed four datasets from four verification tasks testing dif-
ferent scales: three published by Van Tiel et al. (2016) and
one by Van Tiel and Pankratz (2021) and made available at
the Github and OSF repositories associated with the papers.
To quantify individual differences in reading preferences, we
applied the computational model proposed by Ramotowska,
Marty, Van Maanen, and Sudo (2024) to the response data
from the four experiments. This model allows for estimat-
ing the fine-grain measure of the by-subject probability of
being a literal responder. To test the overall effect of read-
ing preferences on the speed of computation of SI, we clus-
tered participants into groups based on the model parameters.
To determine between H1 and H2/H3, we tested the interac-
tion effect between response type and reading preferences. To
assess whether inconsistent responses are slower than consis-
tent responses (H2 vs. H3 vs. H4), we tested whether the
speed of true/false responses depends on the type of respon-
der. Finally, we used the fine-grain measure of reading pref-
erences as a predictor of SI verification speed, for which the
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(reversed) delay effect was reported.

Methods
Experiments

Exp 1 We re-analyzed the data from the first and second
picture-sentence verification online experiments reported in
Van Tiel et al. (2019) (henceforth Exp 1). All experiments
were in English and involved 7 scales: < low,empty >, <
scarce,absent >, < or,and >,< might,will >, < some,all >
, < most,all >, and < try,succeed > two of which were clas-
sified by the authors as negative (scalars: low and scarce) and
5 positive!. In the first verification task experiment (hence-
forth NO-LOAD; N = 50), participants self-paced read a sen-
tence and then saw a picture. They judge whether the sen-
tence is a ”’good” or a ’bad” picture description. In the second
experiment, in addition to the verification task, participants
had to perform a working memory task. They were randomly
assigned to a low or a high working memory load condition
(henceforth LOW-LOAD, HIGH-LOAD; N = 100).

Exp 2 Similarly to EXP 1, the experiment reported
in Van Tiel and Pankratz (2021) (henceforth Exp
2; N = 50) was an online sentence-picture verifica-
tion task in English. The experiment involved 16
adjectival scales classified by the author as positive
(< content happy >, < fair,good >, < passable,good >,<
ajar,open >,< chubby, fat >, < warm,hot >) or negative
(< ripe,overripe >, < scarce,absent >, < sleepy,asleep >
,< unlikely,impossible >,< youthful young >, <
breezy,windy >,< cool,cold >,< drizzly,rainy >,<
low,empty >, < mediocre,bad >). The procedure in this
experiment was the same as in the NO-LOAD experiment.

In all experiments, responses and reaction times were
recorded. All experiments involved 3 repetitions of the SI-
triggering sentence and additional control sentences. We ap-
plied the same exclusion criteria for participants as in the
original studies, resulting in sample sizes of: Expl 48, 45,
and 40; Exp2. 47.

Modeling individual differences

We applied the hierarchical beta-binomial Bayesian model
with the latent group classification parameter (Ramotowska,
Marty, et al., 2024). The model assumes two underly-
ing groups of responders, literal and pragmatic, with dif-
ferent response distributions: ay; ~ Uniform(n/2,n) and
Aprag ~ Uniform(0,n/2) respectively (n is a total num-
ber of responses). The responses provided by a i-ty par-
ticipant to j-ty SI come from the Beta distribution j; ~
logit(Beta(azji,b;ji)), where a;j; depends on the group clas-
sification parameter z;; and b,j; = n — a,j;. The z;-parameter
indicates how likely each i-ty participant is a literal or prag-
matic responder. By introducing a different number of classi-
fications k, we can test the consistency of reading preference

IVan Tiel et al. (2019) also tested the scale < may, must > in
the first experiment but did not analyzed this data. We also did not
include this scale in our analysis.

across scales (z;). zix comes form Bernoulli(qy) distribution,
where g, has a hyperprior Beta distribution Bera(1,1).

We fit a series of models to the responses from Exp 1 with
an increasing number of k-parameters {1,2, ...,7}2. For ex-
ample, the model with kK = 1 assumed that participants had
the same reading preferences for each scale, while the model
with k = 7 assumed that they had different preferences for
each scale. Clustering and correlation analyzes of Van Tiel et
al. (2019) suggested that participants had more consistent re-
sponse preferences for scales or, most, some, and might than
for other scales. We tested thus if the k& parameter could be
constrained among these scales.

Because increasing the number of parameters increases
the complexity of a model, we applied the model compar-
ison to establish which model achieves the best trade-off
between complexity and fit. We used the Deviance Infor-
mation Criterion (DIC Spiegelhalter, Best, Carlin, & Van
Der Linde, 2002) and the Watanabe-Akaike Information Cri-
terion (WAIC Watanabe, 2010). The justified increasing com-
plexity of the model would indicate large interindividual dif-
ferences.

We used R JAGS (Plummer et al., 2003) to fit the compu-
tational model. No responses to SI-triggering sentences were
excluded. The models were fit with the jags function, and the
JAGSUI package was used to obtain WAIC values. Each fit
involved 6 Markov chains with 10000 iterations. We applied
1000 burn-in iterations per chain and 1000 adaptive phase it-
erations.

Clustering and RT analyses

All analyses were conducted in R Studio (RStudio Team,
2020). We conducted four exploratory hierarchical clustering
analyzes (R function HCLUST, using the ward.D2 method)
on z;j-parameters in each dataset. We used the R function
NBCLUST (Charrad, Ghazzali, Boiteau, & Niknafs, 2014) to
determine the appropriate cluster solution.

We preprocessed the data and applied thresholds for fast
and slow reaction times (RT) as reported in the original
papers. We fit the linear mixed-effects models using the
LMERTEST package (Kuznetsova, Brockhoff, & Christensen,
2017). In the first analysis, all linear mixed-effects mod-
els included response type to SlI-triggering sentence (true
vs. false), cluster membership, and their interaction, and
by-subject random intercept (and by-item random intercept
in Exp 1) as predictors of the log-transformed RT in the SI-
triggering condition in each tested dataset. In the second anal-
ysis, the log-transformed RT was the dependent variable and
response type to the SI-triggering sentence (true=1 vs. ref-
erence level false=0), z;;-parameter of the best-fitting models
for that scale, and their interaction as predictors (by-subject
Exp 1 and 2 and by-item random intercepts Exp 1). Because
zjj-parameter is a continuous predictor that indicates the prob-
ability of classification as a literal responder, we used a linear

2The details about each model specification and the model com-
parison can be found on OSF.
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transformation (z;;-0.5) to interpret the response type effect
with respect to inconsistent responses. The significant re-
sponse effect would be in favor of H1 / H4 over H2 / H3.
Finally, we tested the effect of the z;;-parameter for rrue/false
responses separately, to determine between H2-H4.

Results
Modeling results

All models converged with Rhats < 1.1. According to WAIC
values, the best-fitting model for the NO-LOAD condition?
had separate classification parameters for each scale. We se-
lected the most complex model for further analysis based on
WAIC values for all three working memory conditions and
for Exp 2. Figure 2 shows the fit of the selected model in the
NO-LOAD condition.
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Figure 2: Fit of the most complex model in the NO-LOAD
condition. The histograms show the observed data, and the
lines show the model fits. Red color indicates the positive
scales and purple color the negative scales.

Clustering of responders

The NBCLUST function indicated the two-cluster solution in
all three working memory load conditions, as well as Exp 2.
Visual inspection of the dendrogram confirmed that the two-
cluster solution was accurate.

Exp 1 In the NO-LOAD condition, 25 participants were
classified into the first cluster with a mean z;;-parameter of
0.71 and 23 into the second cluster with a mean z;;-parameter
of 0.24. In the LOW-LOAD condition, 25 participants consti-
tuted the first cluster with a mean z;;-parameter of 0.84 and
20 in the second cluster with a mean z;;-parameter of 0.32.

3Results of model comparison for LOW-LOAD and HIGH-LOAD
conditions are available on OSF. The most complex models had the
lowest WAIC values: LOW-LOAD 506 (DIC = 549.1) and HIGH-
LOAD 459 (DIC 495.6).

Finally, in the HIGH-LOAD condition, 28 participants were
classified into the first cluster with a mean z;j-parameter of
0.83 and 12 into the second cluster with a mean z;;-parameter
of 0.32. We call the first cluster a literal responder and the
second one a pragmatic responder cluster.

For exploratory purposes, we plot the distributions of the
z;j parameters for each scale in the NO-LOAD condition (see
Figure 3) with the cluster membership indicated. We ob-
served that the individuals were inconsistent with their choice
of response across the scales*. This complements the model
comparison results and justifies the choice of the most com-
plex model.
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Figure 3: The distribution of z;j-parameters in each scale in
the NO-LOAD condition. The yellow color indicates partic-
ipants clustered as literal responders, and blue as pragmatic
responders. The diamonds show the mean z;;-parameter per
scale and cluster, and the bars indicate SE.

In the NO-LOAD condition, the RT analyzes revealed a
significant effect of response type and an interaction be-
tween response type and cluster. The literal responders were
faster to respond frue than false (M = 7.01 vs 7.25; B =
—.18;t = —3.53; p = 0.005), while the pragmatic responders
were equally fast for both types of responses (M = 7.15 vs
7.27; B =.08;t = 1.45; p = 0.15).

Table 1: Summary of the RT analyses in Exp 1 and 2 (ab-
breviations: RESP - response effect; CLUST - Cluster effect;
INTER - interaction effect; * < 0.05, ** p < 0.01, *** p <
0.001).

Exp Intercept RESP CLUST INTER
Exp 1 No 7.2% %% -0.18%*  -0.04 0.26%#%*
Exp 1 Low  7.93%%*  -0.48%** -0.12 0.24%%*

Exp 1 High 7.72%%*  -0.11* -0.11 0.4

Exp2 7.09%%%  -0.14**  0.08 0.17*

The results of the LOW-LOAD condition showed a simi-

4Similar inconsistencies were observed in two other working
memory conditions.
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lar pattern; the literal responders responded faster frue than
false M = 7.59 vs 7.76; p = —.24;t = —4.65;p < 0.001),
while the difference in response type was not significant for
pragmatic responders (M = 7.78 vs 7.66; B = —.006;t =
—0.1;p = 0.92). In the HIGH-LOAD condition, the literal
responders were faster when they answered frue than false
M = 7.61 vs 7.72; B = —0.11;r = —2.21;p = 0.03), and
pragmatic responders had faster false response (M = 7.61 vs
7.88; B = 0.29;r = 4.24;p < 0.001).In general, the results
NO/LOW-LOAD conditions are in line with H3, while those
of the HIGH-LOAD condition are in line with H2.

Exp 2 The first cluster included 23 participants with a mean
z;j-parameter of 0.71, and the second cluster included 24 par-
ticipants with a mean z;;-parameter of 0.36. RT analysis re-
vealed a significant effect of response type and an interac-
tion between response type and cluster membership.’ Sub-
sequent analyses of literal cluster members revealed a signif-
icant effect of response type (faster true than false response
B=—0.13;r = —4.24; p < 0.001) and lack of such an effect
for pragmatic responders (B = 0.005;7 = 0.16; p = 0.87) in
line with H3.
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Figure 4: The log-transformed RTs in the NO-LOAD condi-
tion (left) and Exp 2 (right) as a function of response type
(true vs. false). The yellow color indicates participants clus-
tered as literal responders, and blue as pragmatic responders.
The diamonds show the mean RT, and the bars indicate SE.

The delay effect analysis across scales

Next, we analyzed the source of the delay effect in individual
scales in Exp 1: or, might, most and reversed delay effect
for scarce; and in Exp 2, the delay effect for: content, fair,
passable, ajar, chubby, warm, youthful.

Exp 1 Table 2 summarized the results for all LOAD condi-
tions. The analysis in the NO-LOAD condition revealed an
interaction effect for or and a marginal interaction for most.
In the LOW-LOAD condition, we found significant interac-
tion for most, and in the HIGH-LOAD condition for or. In
NO-LOAD and LOW-LOAD conditions, we observed a signif-
icant effect of response type for scarce, and in the HIGH-
LOAD condition, a significant effect of z;;-parameter for or.
Moreover, the z;j-parameter effect was present for the frue
responses in the case of or ( = —0.51;¢ = —2.39; p = 0.02;
B=—1.06;t = —2.44; p = 0.02) and scarce (B = —.52;t =

>This model also included the by-subject random slope for re-
sponse type.

—2.12;p=0.04; = —.7;t = —2.2;p = 0.03) in NO-LOAD
and LOW-LOAD conditions, respectively; and in the case
of might (B = —1.60;t = —2.7,p = 0.01) in the HIGH-
LOAD condition (and marginal effect for or p = —0.78;1r =
—1.79;p = 0.08). Thus, although the results are not fully
consistent across LOAD conditions, for or the significant in-
teraction, the lack of the response type effect, and the z;;-
parameter effect for frue responses suggest that these scalars
follow the pattern under H3; however, under HIGH-LOAD, or
patterns more as in H2 (due to z;j-parameter also for false re-
sponses). The pattern for most is similar, however, less clear
due to the lack of a significant effect of z;;-parameter in the
true responses. In contrast, for might, the lack of interaction
and z;;-parameter effect suggests that it patterns with H1 pre-
dictions; however, under HIGH-LOAD it patterns more with
H3. In contrast, for scarce we observed the lack of interac-
tion, the response effect, and the z;;-parameter effect for true
responses. Given that the delay effect for scarce was reversed,
the results suggest that it patterns with reversed H4.
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Figure 5: The log-transformed RTs to SI-triggering sentence
in the NO-LOAD condition as a function of z;;-parameter. The
green color indicates response true and purple false. The lines
show the effect of the z;;-parameter on each response type.
LR stands for literal responder.

Exp 2 The analyses revealed that the response preferences
affected the reaction times for scalars chubby (f = —2.2;¢t =
—3.79; p < 0.001) (for ajar, the p-value for interaction ef-
fect was 0.0501). Moreover, the effect of z;;-parameter for
chubby (B = .99;r = 2.8;p = 0.01). In the case of true
responses, the z;;-parameter was a significant predictor for
chubby (B = —1.1;t = —2.99;p = 0.004) and warm (P =
—1.5;t = —2.2; p = 0.03). Thus, chubby patterned with H2,
content, fair, passable, youthful with H1, ajar, warm (less
clearly) with H3.
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Table 2: Summary of the RT analyses all LOAD conditions
(abbreviations: RESP - response effect; INTER - interaction
effect; . < 0.1, * < 0.05, ** p < 0.01, *** p < 0.001).

Load Scale RESP Zij INTER
No Scarce 0.63*** -0.35 -0.15
No Might -0.34 0.09 -0.0007
No Or -0.4. 0.79. -1.3%
No Most -0.2. -0.03 -0.75
Low  Scarce 0.31% 0.3 -0.9.
Low Might -0.46 -0.06 044
Low Or 0.16 -0.01 -0.98
Low  Most -0.2 0.6 -1.1%
High Scarce 0.20. 048 -043
High Might 0.52 0.07 -1.6.
High Or -0.01 0.88*  -1.63%*
High Most -0.16 -0.11  -0.16
Discussion

In this study, we re-analyzed the responses and reaction times
from four verification task experiments. Three experiments
included 7 scalars (5 positive and 2 negative, Van Tiel et al.,
2019), and one dataset included 16 adjectival scalars (6 posi-
tive and 10 negative Van Tiel & Pankratz, 2021). We applied
a computational model (Ramotowska, Marty, et al., 2024)
that allowed us to quantify individual differences in reading
choice by probabilistically classifying participants as literal
or pragmatic responders for each scale. The results of the
modeling revealed substantial intra-individual variability in
the selection of the reading. In particular, we found that the
most complex model with by-scale classification parameters
was justified.

Next, we tested whether individual differences in response
preferences play a role in the speed of verification. Across
datasets, we found that the literal responders answer faster
true than false as predicted by H3, and, in one case, also that
pragmatic responders respond faster false than true as pre-
dicted by H2. However, analyzis of individual scales revealed
that some scales also patterned in line with H1 and H4.

Scalar diversity vs. individual differences

Contrary to previous findings (Ramotowska, Marty, et al.,
2024), our results did not show that SI-triggering sentence po-
larity modulates participants’ reading choices. Ramotowska,
Marty, et al. (2024) found more uncertain participants for
negative SI-triggering sentences and more literal responders
for the positive SI-triggering sentence. One reason for the dif-
ferences between our and Ramotowska, Marty, et al. (2024)
results could be that in their case, the polarity of the SI-
triggering sentence was given explicitly with negation (some
not; not all), while in the case of Van Tiel and Pankratz (2021)
and Van Tiel et al. (2019) studies, the polarity of the scalar
was implicit.

Our results suggest that individual differences should be

considered when seeking an explanation of scalar diversity.
For example, future studies could investigate whether indi-
viduals are sensitive to different linguistic factors that trig-
ger SI. In addition, studies should focus on developing mod-
els that explicitly link scalar diversity with individual differ-
ences. The Item Response Models, which have been success-
fully applied to investigate individual differences in catego-
rization (Verheyen, Hampton, & Storms, 2010) and quantifier
meaning representations (Ramotowska, Haaf, Van Maanen,
& Szymanik, 2024), may be a promising direction.

The delay effect

Our results clearly show that the responder preferences mod-
ulate the speed of SI processing; however, the direction of
this modulation might vary across scales. The general pattern
of results supports H3, locating a part of the delay effect in
the disambiguation between literal and pragmatic meanings.
However, when zooming into individual scales, we observed
that in some cases the SI processing cost is independent of the
responder type (H1), and in one case, the pragmatic respon-
ders tend to make fast errors (for the reversed delay effect of
scarce in Exp 1).

More research is needed to replicate these results and con-
firm that the variation between scales is not an artifact of a
small number of inconsistent responses. More repetition of
the SI-triggering items would be desired to obtain more reli-
able results. It is well known that the reaction time distribu-
tion is skewed with a long tail of slow reaction times (Ratcliff,
1993). Because of that, slow reaction times, typically uncer-
tain responses, are rare. A larger number of repetitions would
allow us to capture a whole distribution of reaction times.
With more repetitions of the same item, we could also obtain
slower reaction times and wider ranges of responders with
less certain preferences toward literal or pragmatic reading.

Our findings suggest that the delay effect should be recon-
sidered in light of individual differences. In particular, the
reaction times and choices should be modeled jointly. Evi-
dence accumulation models, such as the Diffusion Decision
Model (DDM, Ratcliff & McKoon, 2008), make this possible.
The DDM’s parameters allow testing several additional pre-
dictions, e.g., faster responses for preferred reading are due
to initial response bias, vs. the decision process is faster for
one of the readings. The model may also explain the shift to
literal reading under speed pressure (Bott & Noveck, 2004;
Ratcliff & McKoon, 2008).

Conclusion

In this study, we investigated four explanations of the de-
lay effect across different scales. The results suggest that
the delay effect might have a different source across differ-
ent scales.
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