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Abstract
We investigate how the role of predictors in models of reaction
times in auditory lexical decision experiments depends on the
operational definition of RT: whether the time is measured from
stimulus onset or from stimulus offset. In a large body of lit-
erature, RTs are measured from the onset of the stimulus to the
start of the response (often a button press or an oral response).
The rationale behind this choice is that information about the
stimulus becomes available to the listener starting at onset. Al-
ternatively, the RT from offset is less dependent on stimulus
duration and is assumed to focus on those cognitive processes
that play a role late(r) in the word and after word offset, when
all information is available.

The paper presents RT-onset and RT-offset-based linear
mixed effects models for three different lexical decision-based
data sets and explains the significant differences between these
models, showing to what extent both definitions of reaction time
reveal different roles for predictors and how early and later con-
tributions to the overall RT can be differentiated.
Index Terms: reaction times, psycholinguistics, auditory lexi-
cal decision, onset, offset

1. Introduction
Lexical decision experiments are a frequently used and classi-
cal method in psycholinguistics. A listener’s reaction time is
assumed to be both related to the complexity of the stimulus
and of the task.

This paper discusses how the role of predictors in mod-
els of reaction times (RT) in auditory lexical decision experi-
ments depends on the operational definition of RT: whether the
RT is measured from stimulus onset (RTonset) or stimulus offset
(RToffset). More often than not RTs are measured from the onset
of the stimulus to the start of the response (often a button press
or an oral response). The rationale behind this choice is that
already from the start of the stimulus, all kinds of information
about the stimulus become available to the listener. Therefore,
it seems plausible, from a processing point-of-view, to measure
RT from word onset.

However, one could object that RTs measured from onset
depend to a large extent on the length of the stimulus itself (i.e.,
the word duration). The word duration is known to be a highly
significant predictor with positive β in the statistical regression
models of RTs measured from stimulus onset (e.g. [1, 2, 3]).
The alternative is to measure RTs from the offset of the stimu-
lus to the start of the overt response (e.g., [4, 5]. Besides ac-
counting for the length of the stimuli, it might be argued that
this method more accurately reflects the specific cognitive pro-
cesses that take place between word offset and response. The
question arises in what respect RTs measured from word onset
capture other processes than those measured from word offset.

One could argue that at the offset of a word, cognitive processes
related to acoustic form of the stimulus have finished and that
the time between stimulus offset and response reflects the ’later’
or ’higher-level’ lexical-semantic or decision processes. This
issue is relevant since in the literature [6, 7] the closely related
question is raised whether the impact of the lexical frequency
of the stimuli is different before and after stimulus offset.

The differences between RTonset and RToffset may also bring
to light other types of differences, e.g., between the auditory
processing of native and non-native listeners. As non-native lis-
teners generally have more difficulty (due to various reasons) in
the processing of auditory stimuli than native listeners, certain
cognitive processes may be delayed until after word offset. It
might then be that the effects of certain predictors are more pro-
nounced in RToffset models than in RTonset models. In addition,
if non-native listeners need more input and/or time to process
a certain auditory stimulus, this leaves more room for activa-
tion of the native language. This activation could play out in
different ways, depending on the stimulus.

When measured from stimulus offset, RTs may be nega-
tive since listeners need not hear the complete stimulus to make
a response. This reduces the type of transformations that can
be applied to RToffset-measurements, such as the conventionally
used log()-transformation. However, it appears that decisions
before stimulus offset are quite rare. Therefore, in most cases
it is acceptable to simply drop these rare cases with early deci-
sions, accompanied by model criticism.

In this paper we investigate how the role of predictors in sta-
tistical models of RTs in auditory lexical decision experiments
depends on the use of RTonset or RToffset.

2. Method
2.1. Data sets and theory

In this paper we use the data of three lexical decision exper-
iments, viz. BALDEY [1] in which native Dutch listeners
judged a large number of Dutch word/pseudoword stimuli, and
two experiments that compare the judgments of advanced Dutch
learners of English [8] and French [9] with native listeners. De-
tails about the data sets are provided below.

Lexical decision is likely to involve several cognitive pro-
cesses that can operate in parallel or in series. The top part of
Figure 1 shows a hypothetical schematic view of the processes;
the bottom part of Figure 1 shows the distributions of RTonset and
RToffset of the correctly judged stimuli in the three experiments
under analysis. The solid lines are for RTonset, the dashed lines
for RToffset. The different shapes of the distributions are a di-
rect result of the design of lexical decision experiments: valid
RTonset judgements can only be made after the end of the stim-
uli. As a consequence, the minimum value of valid RTonset must
be larger than the duration of the stimuli.
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Figure 1: Multiple processes operate in lexical decision (top).
The distributions of RTonset are much narrower than those for
RToffset (bottom).

2.2. Regression

To investigate whether modelling RTonset and RToffset brings to
light interesting differences between early and late effects of
predictors, we need statistical methods that can uncover such
differences. In this study we use linear mixed effects models
with RTonset and RToffset as dependent variable. The direct com-
parison between models estimated on different dependent vari-
ables is not straightforward – measures such as AIC [10] and
BIC [11] assume the dependent variable to be the same across
models. In addition, the relation between regression on the one
hand and a cognitive processing account on the other hand is
difficult. In the approach used here, we can study the effects on
predictors on different representations of the reaction time.

In our modelling, all lmer() models are the result of an
iterative reduction of the complexity of the regression, by start-
ing a theoretically defendable regression model with all pre-
dictors of interest and control predictors in the fixed structure,
and with predictors of interest as random slopes. Next we
constrained correlation parameters to zero, and dropped non-
significant variance components and their associated correlation
parameters from the model, such that the model is actually bet-
ter supported by information in the data. During this procedure,
a failure to converge was taken as a warning that the model was
too complex to be properly supported by the data. In addition
we avoided overparameterization to avoid the risk of uninter-
pretable models. However, in order to facilitate the compari-
son of the two experiments with Dutch learners of English and
French, we decided to settle for a single model that provided a
near-optimal fit for both data sets.

Comparing models of RTonset and RToffset

Instead of estimating separate lmer models for RTonset and
RToffset, we estimate one lmer model on the combined set

of RT onset and offset measurements, and include a predictor
offset with two factor levels, similar to the set-up of a clas-
sical ANOVA between-condition design (see, e.g., [12]). This
set-up needs care since it may lead to type I errors: in this case
the measurement in one condition (onset) is dependent on the
measurement in the other condition (offset) via the stimulus du-
ration. In line with recommendations in [13], we report statis-
tical results without grouping these based on arbitrary p-value
thresholds; instead, t-values are presented as continuous quan-
tities ([13], section 2).

Removing local speed effects
When modeling RTs, it is necessary to take into account the
‘local speed effect’, according to which a substantial part of
the observed variation in the RT sequence is due to local trends
[14]. To remove those effects it is necessary to regard the RTs as
a sequence. In doing this, we considered only sequences within
separate blocks in a session. First, we replaced RT < 250ms
by the minimum RT and all non-response values by the median
RT of the preceding RTs in the session. Next, we removed the
trend in the sequence by subtracting a fifth-order Chebyshev fit
to the sequence, followed by a robust median filtering. Because
trend removal shifts the average RT value in a session to zero,
we shifted the detrended and filtered RTs such that the overall
average becomes equal to the raw average (with outliers and
non-responses removed).

3. Analyses
3.1. An experiment with Dutch learners of English

The first set of data comes from [8]. Their stimuli consisted
of 196 real mono-morphemic English words and 200 pseu-
dowords. Of the real English words, 92 were target items, and
104 were filler items. The target items were 46 Dutch-English
cognate items and 46 English non-cognate items. An item was
considered a cognate if it had the same meaning in English and
Dutch and the Levenshtein distance [15] (not considering word
stress) between the Dutch and the English pronunciations was
5 or less (mean 3.3). The cognates and non-cognates had sim-
ilar log subtitle word frequencies (SUBTLWF, [16]; mean fre-
quency for cognates and non-cognates: 2.18 and 2.41, respec-
tively; t-test: t = -1.68, p = 0.1). They were all trisyllabic and
had a schwa in the second syllable. Main stress was on the
first syllable, whereas it was on the final syllable in the cog-
nates’ Dutch equivalents (e.g., English /’Imp@t@nt/ versus Dutch
/Impo’tEnt/ impotent).

The stimuli were recorded by a male native speaker of
British English. All target words were recorded in full form
and without the schwa in the second syllable. There were two
groups of participants: 31 students (mean age = 22.1 years, SD
= 2.3) of Radboud University, all native speakers of Dutch and
master students of English-taught degrees. They were highly
proficient in English as evidenced by their scores on the Lex-
TALE proficiency task (mean = .76, SD = .11; [17]). The native
group comprised 38 students (mean age = 21.5 years, SD = 3.2)
of the University of Cambridge who did not speak Dutch.

The lmer model for the ‘English’ data is shown in Table 1.
The significance patterns are clearly dependent on the RT mea-
sure used as dependent variable. The most obvious difference
is the change in sign of the β for logwdur (log(word duration)),
which is positive in the case RT from onset and negative in the
case RT from offset. Table 1 also shows that the effects of Fre-
quency and Cognate status are different when measured from
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English data

Estimate Std. Error t value

(Intercept) 4.434e+00 9.745e-01 4.550
offset 2.250e+00 9.222e-01 2.440
cogn -2.488e-02 3.508e-02 -0.709
reduced -2.999e-02 2.310e-02 -1.298
lnFreq -6.278e-02 2.403e-02 -2.613
lnwrddur 3.473e-01 1.250e-01 2.778
Native -4.815e-01 7.225e-01 -0.666
Trialnr 5.336e-05 6.559e-05 0.814
maRT 6.457e-02 7.364e-02 0.877
prevBVis 4.594e-03 2.513e-03 1.828
cogn:Native 2.497e-02 3.052e-02 0.818
reduced:Native 3.076e-02 3.001e-02 1.025
lnFreq:Native 4.372e-02 2.093e-02 2.089
lnwrddur:Native 3.644e-02 1.097e-01 0.332
offset:cogn -5.198e-02 3.304e-02 -1.573
offset:reduced -1.337e-01 3.257e-02 -4.105
offset:lnFreq -1.253e-01 2.266e-02 -5.529
offset:lnwrddur -1.664e+00 1.181e-01 -14.090
offset:Native 1.695e+00 1.017e+00 1.666
offset:Trialnr 2.924e-04 9.173e-05 3.188
offset:maRT 1.110e+00 7.080e-02 15.675
offset:prevBVis 3.171e-03 3.506e-03 0.904
offset:cogn:Native 8.231e-02 4.301e-02 1.914
offset:reduced:Native 4.552e-02 4.236e-02 1.074
offset:lnFreq:Native 5.924e-02 2.948e-02 2.010
offset:lnwrddur:Native -3.228e-01 1.546e-01 -2.088

Table 1: LMER model for the English data

offset and onset. This suggests that the processing of the En-
glish stimuli differed between native and non-native listeners.
Further examination of the data then needs to show whether the
same processes are just delayed (e.g., a mere stronger or even
offset-only effect of word frequency may indicate that lexical
selection and activation might be delayed), or that there are dif-
ferent processes at play (e.g., a different sign of the β of word
frequency). Also, the significant interaction of cognate status
with group and offset (0/1) could reveal when and how se-
mantic co-activation of L1 affects the processing of non-natives.

3.2. An experiment with Dutch learners of French

The second set of data comes from [9]. Their stimuli con-
sisted of 44 French, morphologically simple, bisyllabic target
words with a schwa in the first syllable (e.g., ’le menu’) and
520 fillers. Of the fillers, 44 were pseudowords with schwa in
the first syllable (e.g., ’le beseuil’). The bisyllabic targets and
pseudowords were recorded in their full form, with schwa, and
without the schwa. There were two groups of participants. One
group consisted of 47 Dutch undergraduate students of French
(aged 19–30 years; 11 males). All were born and raised in the
Netherlands, had taken French classes for five or six years at
secondary school, and had studied French at university for at
least seven months and at most three years and seven months.
Their CEFR-levels corresponded to C1–C2 level [18]. The sec-
ond group comprised 36 native speakers of French from Paris
(three males), aged between 19 and 30 years. The lmer model
of the log-transformed RT data of [9] are presented in Table
2. The predictor log(freq) is the logarithm of the counts
of the number of occurrences in the film subtitles in the Lex-
ique data base [19]. The frequencies of identically spelled word
forms with different word class were simply added. Although

French data

Estimate Std. Error t value

(Intercept) 8.653e+00 2.695e-01 32.103
offset -1.835e+00 1.885e-01 -9.735
Native -8.775e-01 1.362e-01 -6.442
lnwdur 1.011e-01 3.094e-02 3.267
lnFreq -2.580e-02 3.946e-03 -6.539
reduced -8.118e-02 1.020e-02 -7.960
cogn 3.259e-02 1.509e-02 2.160
maRT -2.563e-01 2.322e-02 -11.038
prevBVis 2.201e-03 6.522e-04 3.375
blockNr -7.416e-04 3.256e-03 -0.228
Native:lnwdur 9.096e-02 1.976e-02 4.603
Native:lnFreq 2.480e-02 2.362e-03 10.500
Native:reduced -1.994e-02 1.312e-02 -1.520
Native:cogn -5.376e-03 9.107e-03 -0.590
offset:Native 1.099e+00 1.851e-01 5.934
offset:lnwdur -9.205e-01 1.928e-02 -47.732
offset:lnFreq -2.304e-02 2.325e-03 -9.911
offset:reduced 2.394e-02 1.273e-02 1.880
offset:cogn 3.904e-02 8.909e-03 4.382
offset:maRT 9.681e-01 1.860e-02 52.057
offset:prevBVis 3.657e-03 9.073e-04 4.030
offset:blockNr 2.193e-02 3.101e-03 7.073
offset:Native:lnwdur -1.801e-01 2.789e-02 -6.457
offset:Native:lnFreq 2.525e-02 3.330e-03 7.582
offset:Native:reduced -5.131e-02 1.853e-02 -2.769
offset:Native:cogn -1.035e-03 1.284e-02 -0.081

Table 2: LMER model for the French data

the concept ‘cognate’ was not included explicitly in the experi-
mental design, we marked a subset of the word stimuli as cog-
nates for this study to enable a comparison with the data from
[8]. Before computing log(RT ) the RT sequences were filtered
using the methods presented in [14]. In computing log(RToffset)
the stimuli for which the response was given before the offset
of the stimulus were discarded. Both models contained the fol-
lowing simple random structure: (1|word) + (1|subject).

Table 2 shows a clear difference with respect to significance
patterns depending on from which time point RTs are measured,
the two most obvious differences being the change in sign of
the β for logwdur (log(word duration)), which is positive in the
case RT from onset and negative in the case RT from offset, and
the change in sign of the β for reduction, which is negative in
the case RT from onset and positive in the case RT from offset.
Table 2 further demonstrates that cognate status had a different
effect when measured from onset or offset, in both the native
and non-native data. This does not mean that the French na-
tives were sensitive to the Dutch representations, as they had
no knowlegde of Dutch, but it may show that cognate are ”spe-
cial items” in the sense that these items might not have many
neighbors [20] that hamper or facilitate the processing. Finally,
similar to the English data, log Frequency plays a significantly
different role during word recognition for native versus non-
native speakers of French.

3.3. BALDEY

Table 3 presents the lmer model of the log-transformed RT
data of BALDEY ([1]). BALDEY contains about 110,000 reac-
tion times from a large-scale Dutch lexical decision experiment.
The table shows the model results pertaining to the fixed struc-
ture of the lmer models. The presented model was obtained
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Dutch data

Estimate Std. Error t value

(Intercept) 1.868e+00 5.714e-01 3.270
offset -2.597e+00 7.692e-02 -33.768
lnwdur 2.943e-01 1.028e-02 28.631
lnFreq 5.739e-02 1.917e-02 2.994
classnom 5.997e-03 5.392e-03 1.112
classverb 3.221e-02 5.369e-03 6.000
maRT 4.760e-01 7.529e-02 6.322
prevBVis 2.853e-03 4.624e-04 6.169
compnd A+N -2.835e-02 1.609e-02 -1.762
compnd N+A -2.951e-03 1.845e-02 -0.160
compnd N+N 2.603e-02 6.961e-03 3.740
session 2.223e-03 3.355e-04 6.627
trial 2.338e-05 5.602e-06 4.173
lnwdur:lnFreq -1.049e-02 2.993e-03 -3.504
offset:lnwdur -8.309e-01 9.534e-03 -87.150
offset:lnFreq 3.601e-02 1.778e-02 2.026
offset:classnom 3.605e-03 4.981e-03 0.724
offset:classverb 5.052e-02 4.947e-03 10.213
offset:maRT 9.944e-01 6.723e-03 147.913
offset:prevBVis 3.114e-03 6.465e-04 4.817
offset:compnd A+N -4.412e-02 1.493e-02 -2.956
offset:compnd N+A -2.592e-02 1.726e-02 -1.502
offset:compnd N+N -1.153e-02 6.520e-03 -1.768
offset:lnwdur:lnFreq -7.257e-03 2.778e-03 -2.612

Table 3: LMER model for the Dutch data.

using the recommendations in [21] with respect to inclusion of
fixed terms, interactions and random slopes. As a result, maRT
was used as slope under participant in the random structure:
(1|word) + (1|subject) + (0+maRT|subject)

Addition of more random slopes yielded models that did
not converge. Both models (onset and offset) were estimated on
95613 data points, and checked via a criticism phase in which
outlier RT data with a residual of more than 3 standard devia-
tions away from the grand mean were removed. Table 3 shows
the resulting lmer() model on BALDEY for RT from onset
(top) and RT from offset (bottom).

The table shows a clear difference with respect to signif-
icance patterns depending on from which time point RTs are
measured, the most obvious difference being the change in sign
of the β for logwdur (log(word duration)), which is positive in
the case RT from onset and negative in the case RT from offset.

It can be seen that nearly all interaction of offset with
predictors of interest, in particular word duration and log Fre-
quency, are significant. This shows that RTonset and RToffset mod-
els provide significantly different windows on the RT structure.

4. Discussion and conclusion
We investigated whether two different operational definitions
of reaction time (RT), RTonset and RToffset, reveal different roles
of predictors in lmer models. We analyzed the data of three
different lexical decision experiments with native listeners or a
combination of native and non-native listeners. For these data,
we built a model that combines RTonset and RToffset as the depen-
dent variable and an additional factor with levels onset and
offset. In all three data sets we find significant interactions
between that factor and several predictors that are of theoretical
interest. This suggests that these predictors behave significantly
different in models of onset or offset RTs, and therefore that

analyses using RTonset or RToffset do indeed focus on substan-
tially different aspects of reaction time in these type of experi-
ments.

In all three data sets the interaction between onset/offset
and stimulus duration was among the ones with the largest t-
value. Separate analyses showed that the β for this predictor is
positive with RTonset, and negative for RToffset. Thus, the predic-
tor that tends to explain most of the variance in RTs [1, 2, 3]
appears to play a different role, depending on whether RT is
measured from stimulus onset or offset. Most probably, with
RToffset longer stimuli profit from a larger amount of informa-
tion accumulated while the stimulus unfolds. In the English
and French data there is a significant three-way interaction that
shows that native listeners benefit more from the information
collected during the course of the stimulus.

The predictor frequency (always log-transformed)
yields seemingly complex results. In the BALDEY data,
where a large proportion of the stimuli are morphologi-
cally complex, the β of lnFreq and offset:lnFreq
are positive, but this counter-intuitive effect is compensated
by negative βs of the interactions lnwdur:lnFreq and
offset:lnwdur:lnFreq. In the English and French data,
where all stimuli are monomorphematic, we see a strong neg-
ative β for lnFreq, but combined with similarly surpris-
ing positive βs of the interactions Native:lnFreq and
offset:Native:lnFreq. This implies that the non-native
listeners benefit more from lexical frequency than natives, es-
pecially after stimulus offset. While it is tempting to explain
this non-native advantage in terms of lexical access, it should
be realized that this explanation is negated by the inverse effect
of lexical frequency in natives.

The predictor reduction played a significantly different role
in the processing of natives and non-natives in the French data,
but not so much in the English data. This may be due to the
differences in prosodic structure between English and French.
Whereas English words are reduced in post-stress position,
French words are reduced in prestress position. Apparently, the
relative difficulty in processing a word depends on the complex-
ity of the onset of the word, where reduction has a large impact.
If the first syllable is intact (i.e., without reduction), non-native
listeners may not experience more problems in subsequent pro-
cessing than natives do. Different effects of prestress and post-
stress reduction are in line with [22, 23].

Finally, cognate status appeared to be more important in the
French data, where this factor was not part of the original de-
sign. More research is needed to understand its role, especially
in auditory lexical decision experiments, where the definition of
‘cognate´ is more difficult than in visual experiments.

We conclude that a comparison between RToffset and
RTonset models provide valuable insights into the way in which
the predictors of interest influence the processing of stimuli.
More specifically, an interaction of a given predictor and the
predictor ‘offset’ may reveal a change over time of the poten-
tial time courses of cognitive processes that are assumed to be
reflected by these predictors. A comparison of offset and onset
models is especially useful when comparing different groups of
listeners, for instance native and non-native listeners, for whom
differences in processing speed are to be expected.
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