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Researchers in linguistics and related fields have recently begun exploiting online crowdsourcing tools, like Amazon Mechanical Turk (AMT), to gather behavioral data. While this
method has been successfully validated for various offline measures—grammaticality judgment or other forced-choice tasks—its use for mainstream psycholinguistic research remains limited. This is because psycholinguistic effects are often dependent on relatively
small differences in response times, and there remains some doubt as to whether precise
timing measurements can be gathered over the web. Here we show that three classic psycholinguistic effects can in fact be replicated using AMT in combination with open-source
software for gathering response times client-side. Specifically, we find reliable effects of
subject definiteness, filler-gap dependency processing, and agreement attraction in selfpaced reading tasks using approximately the same numbers of participants and/or trials as
similar laboratory studies. Our results suggest that psycholinguists can and should be taking advantage of AMT and similar online crowd-sourcing marketplaces as a fast, lowresource alternative to traditional laboratory research.
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Introduction
In recent years, researchers in linguistics and related fields have begun using Amazon Mechanical Turk (AMT; www.mturk.com) to conduct behavioral experiments including acceptability
and similarity judgment tasks [1–3], sentence completion tasks [3–5], and artificial language
learning tasks [5–7]. AMT is an online crowd-sourcing marketplace that allows researchers to
post experiments, easily recruit large numbers of participants from broad demographic groups,
and provide compensation in an automated way. In contrast to traditional methods of data collection, which require a sizeable pool of undergraduate participants run consecutively over the
course of several weeks or even months, tasks like those listed above can typically be completed
on AMT within a few days at a much lower cost. Compared to the relatively homogeneous
makeup of undergraduate students, the more diverse population available on AMT may also
increase the generalizability of any findings [8].
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AMT’s pre-designed templates can be easily used to collect measures of end-state processing
or knowledge like acceptability judgments or forced-choice responses for simple experimental
designs. However, research in psycholinguistics often uses response time measures to capture
the effects of processing incrementally as they happen. To date, AMT has not been widely used
to collect such data. This is in part due to concerns about collecting responses with millisecond
accuracy; differences in response times across devices or servers may introduce a source of variability that could obscure the kinds of small yet meaningful results that can characterize important psycholinguistic effects. As we discuss in more detail below, there is reason to believe that
web-based methods can in fact produce reliable effects when this level of precision timing is required. For example, a number of classic effects from cognitive psychology have recently been
replicated using AMT [9]. Here we seek to extend the record of successful replication to three
important effects in psycholinguistics: (i) faster processing of pronouns compared to DPs, (ii)
processing costs associated with filler gaps in wh-fronted constructions, and (iii)
agreement attraction.
Success in using web-based methods for collecting psycholinguistic response time data has
been reported in several recent studies (e.g., [5,10–12]). Keller et al. [10] replicated laboratory
self-paced reading results concerning parsing ambiguity using WebExp, a system for conducting psycholinguistic experiments over the web. Also using WebExp, Demberg [12] replicated
the well-known psycholinguistic effect of subject-object relative clause asymmetry using data
collected over the web. Ibex Farm provides a similar platform for hosting and running psycholinguistic experiments [13], and researchers have recently begun using these platforms more
regularly for self-paced reading tasks. Studies such as these have demonstrated the effectiveness
of gathering response time data over the web, and the current study hopes to extend this line of
research by systematically replicating a number of laboratory experiments using comparable
stimuli, trial numbers, and sample sizes. While our main aim is to show that AMT, and the
web in general, can be fruitfully used to conduct research in this field, we also note the value of
replication studies more generally [14,15].

Collecting response time data over the web using AMT
AMT allows researchers and other requesters to post human intelligence tasks, or HITs, to be
completed by workers over the web for a fee. Common types of HITs include transcribing
audio, identifying images in photos, or duplicating data. Depending on the length of time the
task requires, workers are typically paid somewhere from $.05 for a quick 30-second task to
$1.00 or more for longer tasks. HITs are most straightforwardly derived from the templates
provided by AMT, which include surveys, translation tasks, rating (Likert scale) tasks, and picture tagging tasks. These templates are comprised of a single static HTML page, and thus are
ideal for single trial tasks or those in which the participant can scroll down a page to view subsequent items. However, for tasks which require multiple trials presented one at a time to participants, dynamic updates can be achieved using JavaScript or Flash.
The experiments we will be reporting here involve not just dynamic trial presentation, but
the collection of millisecond response time data. The most reliable way to collect response
times from participants over the web is to record them locally on the participant’s computer
(often called client-side) and then collate them on AMT once the task is completed. Previous
research using JavaScript suggests that this method is precise enough to capture a number of
classic effects in cognitive psychology (e.g., the Stroop effect, the Flanker effect, Task-switching
effects, etc.), even when the tasks require sustained attention and complex instructions [9].
A recently developed Flash-based program called ScriptingRT [16] provides free, open-source
software (http://reactiontimes.wordpress.com) and templates for response time experiments.
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The software includes functionality allowing for millisecond precision in the visual display of
words or images for priming tasks and the recording of response times for lexical decision or
self-paced reading tasks. This software has been validated using the Stroop Test; laboratory results were replicated with only slightly higher variability in response times. Here we use ScriptingRT to replicate three important effects reported in the psycholinguistics literature, which
we describe in detail below.

Three classic effects in psycholinguistics
PRONOUN VS. DP PROCESSING. A number of psycholinguistic studies have shown that
referring expressions that differ in definiteness are processed or judged differently. This has
been claimed to be the result of relative ease of accessing a referring expression in memory
through factors like distance from last mention, number of competing referents, and notions of
topicality or givenness [17,18]. Pronouns are relatively more accessible compared to full DPs
[19], and indeed self-paced reading experiments have revealed faster reading of pronouns as in
(1)b compared to definite DPs as in (1)a [20].
(1) a. George never thinks about how others will feel.
b. He never thinks about how others will feel.
While we target this particular distinction, similar differences can be seen in processing definite compared to indefinite DPs [21].
FILLER GAP DEPENDENCY. Another well-known effect in psycholinguistics concerns
so-called filler-gap constructions, which feature a grammatical dependency between a fronted
element (the filler) and its original syntactic position (the gap). The thematic role of the filler is
precisely the one that would have been assigned to the element in the position of the gap. For
example, in (2), there is a gap after the main verb find that would be filled by a DP. Which cars
is the filler associated with the gap.
(2) Which carsi did the salesman find ______i easiest to sell?
Filler-gap dependencies are claimed to increase processing load because the filler must be
held in working memory until the gap is identified, while all the other information encountered
must be processed simultaneously [22]. In a landmark study, Wanner & Marastos [23] used a
combined comprehension and memory task to test the effects of distance between filler and
gap, finding that as distance increases, comprehension decreases. Subsequent studies using
self-paced reading tasks have found that in a number of different syntactic constructions, reading times slow precisely where a gap would occur [24,25].
AGREEMENT ATTRACTION. The phenomenon of agreement attraction describes an instance in which, instead of agreeing in number with its grammatical subject, a verb spuriously
agrees with some nearby constituent, as in (3)a–b [26]. A robust finding in the literature is that
agreement attraction is much more likely to occur with a nearby attractor that is plural [27]. In
other words, sentences like (3)a are much more common than (3)c.

(3) a. The key to the cabinets are missing.
b. The people who Clark think are in the garden. . .
c. The keys to the cabinet is missing.
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Agreement attraction has been attested in a number of distinct construction types, including
with prepositional phrase modifiers [27,28], relative clauses [27,29], auxiliary inversion [30],
and wh-fronted constructions [31].

Experiment 1: Replication using AMT
In order to investigate whether pronoun/DP processing effects, filler-gap effects, and agreement attraction can be replicated over the web using AMT, we used stimuli comparable in
structure to those in Badecker [31] which make it possible to test all three effects in a single
self-paced reading experiment. This experiment was presented to participants using ScriptingRT, as described in more detail below. Self-paced reading tasks typically reveal an increase
in reading time at a structure that is difficult to process [32], for example one which is ungrammatical. Following Badecker [31] we used grammatical stimuli, with all critical items involving
a fronted object wh-phrase with an associated gap in post-verbal position, and a DP or pronominal subject. Because attraction effects are expected to occur more often with plural DPs,
the number of the subject and wh-attractor were also manipulated. These stimuli are schematized in Table 1.
We make the following general predictions. Reading-times will be slower for DPs compared
pronouns, and a slow down in reading-times will occur at or just following a gap. As for attraction effects, these occur in ungrammatical sentences when participants fail to detect erroneous
agreement between a verb and an intervening non-subject DP (attractor). However, in grammatical sentences they occur when participants falsely identify as ungrammatical a sentence in
which the verb does not agree with an attractor. Therefore here agreement attraction effects are
predicted to manifest as a slow-down in reading after encountering an attractor DP followed
by a verb with agreement that does not match it [28].

Method
PARTICIPANTS. Participants were workers recruited through AMT. In total, 35 external survey HITs were posted. Because of a software problem, one participant received an incomplete
test list, therefore data analyzed here come from 34 AMT workers. This sample size is comparable to that used in other studies investigating these same effects [20,21,31]. Two features of
our HIT were designed to recruit only participants who were native speakers of English: first
we included a locale qualification specifying that workers be located in the United States. Second, the informed consent document specified that workers must be native English speakers,
have no known language disorders, and be above 18 years of age. Recruiting participants in this
way gives up some control (relative to lab-based studies), as confirmation of all these factors is
based on self-reporting. However, willfully misrepresenting oneself to complete an AMT HIT
is a violation of the worker’s terms of service. Workers were compensated $1.00 for participation in the study, which took approximately 20 minutes. For the sake of comparison with labbased studies, we were able to recruit and gather data from 35 participants in 7 hours, for a
total of $35.00 in payment to participants and $10.50 to AMT ($0.30 per participant).
Table 1. Test item schema (t indicates the gap position).
wh-Attractor
Subject, Verb

SG.

PL.

SG.

Which X has he/DP verbed twh?

Which Xs has he/DP verbed twh?

PL.

Which X have they/DP verbed twh?

Which Xs have they/DP verbed twh?

doi:10.1371/journal.pone.0116946.t001
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ETHICS STATEMENT. This research was conducted with the approval of the George
Mason University human subjects review board. Prior to accepting the HIT, participants were
presented with the informed consent document and instructions stating that by clicking
“Agree” they indicated their consent to participate in the study. Written consent was waived by
the University IRB on the grounds that the research presented no more than minimal risk to
participants and the study involved no procedures for which written consent is normally required outside of the research context.
APPARATUS, STIMULI & DESIGN. The experiment was presented to workers as a Flash
movie embedded in an HTML page, as shown in Fig. 1. A link to the wrapper HTML page was
posted on AMT as an external survey HIT. Flash is currently a very popular solution to providing dynamic content over the web, and Flash plug-ins are either built into or available for most
popular browser applications (Chrome, Firefox, Safari, Internet Explorer). By using Flash to
capture response times on the client side, we hope to capture psycholinguistic processing effects with accuracy comparable to that of laboratory software such as Linger [33].
The critical stimuli used in the task consisted of 48 sentence sets arranged in a 2x2x2 design
as in Table 1, with wh-number (singular, plural), auxiliary/subject number (singular, plural),
and subject type (pronoun, DP) manipulated. Stimuli were designed to replicate the structure
of the test items used in Badecker [31]. The first two words of each critical item were always
the wh-phrase, followed by the auxiliary was or were, then a DP or pronominal subject, then a
main (uninflected) verb. Following Badecker [31] an adjective or adverb was added to the sentences with pronominal subjects in order to match the length of the corresponding DP subject
stimuli. Example critical stimuli are shown in Table 2. The 48 critical items were combined
with 72 filler items, for a total of 120 trials. Fillers were all questions, but did not feature a
fronted object wh-phrase (e.g., Was the advertisement for the club colorful? or Who paid for the
snacks at last month’s meeting?). This resulted in 60% of the total sentences being filler items
(comparable to similar studies, e.g. [29]). The items were distributed among 8 counterbalanced
test lists, and each participant was randomly assigned to a list upon accepting the HIT.
PROCEDURE. The experiment was a self-paced reading task [32] implemented using
ScriptingRT, which compiles into a Flash movie. Workers browsing AMT could see instructions and a link to the consent document. Once a participant accepted the task, a JavaScript
function was called to randomly load one of the 8 test lists. The experiment began with onscreen instructions that described the task; participants were told that they would be reading
sentences one word at a time, and that pressing the space bar would reveal each subsequent
word and hide the previous word. Unlike in a moving-window self-paced reading task, other
words in the sentence did not remain on the screen masked. Participants were instructed to
read at a natural pace, but slowly enough to comprehend what they read.
Items were randomized using the branching function available through the ScriptingRT library with some additional code written by the first author (available at https://code.google.
com/p/enochson-amt/). Reading times were captured in milliseconds for each word. A yes/no
comprehension question followed each item (e.g., Was the antique in the bedroom?). Participants pressed the “y” key for yes, and the “n” key for no to indicate their response, with feedback given for incorrect responses.

Results
Data for this and all other experiments reported here are publicly available at http://hdl.handle.
net/1920/9116. Sentences for which the participant answered the comprehension question incorrectly were removed from the analyses. It is typical in self-paced reading experiments to discard data from participants who answered more than 20% of the comprehension questions
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Fig 1. Sample self-paced reading trial. Sample trials of a self-paced reading experiment presented as a
Flash movie embedded in HTML page.
doi:10.1371/journal.pone.0116946.g001

incorrectly or whose reading times are more than 2.5 standard deviations from the mean (e.g.,
[29]). No participants met either criterion; therefore, analyses were run on all 34 participants.
Response times below 100 ms or above 2500 ms were removed; this resulted in loss of between
2% and 2.5% of the data in each of the experiments reported here.
Each sentence can be thought of as comprised of several regions of interest: the wh region,
the auxiliary region, the subject region, the main verb region, what we will call the V+1 region
one word after the verb, and the V+2 region two words after the verb. These regions are illustrated in Table 3 for an example sentence, with regions of most interest highlighted.
Because the critical regions differed in the number of letters, and in the case of the subject
region, in the number of words, all analyses were performed on residual reading times [34].
Log transformed RTs [35] were input into a linear mixed-effects model, using subject number
as a random effect, to calculate fitted and residual reading times. Subsequent linear mixedeffects models of residual RTs, using both participant and item as random effects, were used to
analyze the effect of each factor of interest and any interactions between them. All models included the maximal random effects structure justified by the data [36]. All statistical modeling
and hypothesis testing was performed in R [37], and all mixed-effects models were run using
the lme4 package [38].
Table 2. Example stimuli set, Experiment 1.
Stimulus sentence

Subj. Number

Wh Number

Subj. Type

(a) Which antique was the maid polishing in the study?

Singular

Singular

DP

(b) Which antique was she polishing in the upstairs study?

Singular

Singular

Pronoun

(c) Which antique were the maids polishing in the study?

Plural

Singular

DP

(d) Which antique were they polishing in the upstairs study?

Plural

Singular

Pronoun

(e) Which antiques was the maid polishing in the study?

Singular

Plural

DP

(f) Which antiques was she polishing in the upstairs study?

Singular

Plural

Pronoun

(g) Which antiques were the maids polishing in the study?

Plural

Plural

DP

(h) Which antiques were they polishing in the upstairs study?

Plural

Plural

Pronoun

doi:10.1371/journal.pone.0116946.t002
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Table 3. Regions of interest.
Which cars

has

the salesman

found

easiest

to

Wh

auxiliary

subject

verb

V+1

V+2

sell?

doi:10.1371/journal.pone.0116946.t003

PRONOUN VS. DP PROCESSING EFFECT. If subject type (pronoun vs. DP) impacts
processing, we expect to see a slow-down in reading time at the subject region for DPs as compared to pronouns. To test whether we can capture this effect using AMT, a linear mixed-effects model was fit using residual reading time as the dependent variable and subject type as a
fixed effect. Results indicate that at the subject region, pronouns are read significantly faster
than DPs (β = -0.508 ± 0.02, p < 0.0001). This is illustrated in Fig. 2.
FILLER-GAP EFFECT. The filler-gap effect is characterized by increased processing difficulty at the position of a gap. In our case, this predicts a slow-down in reading time following
the verb, where the wh- phrase gap is filled (e.g., [24,25]). To test whether we have captured
this effect, a linear mixed-effects model was fit using residual reading time as the dependent
variable, region as the fixed effect, and participant and item as random effects. Tukey-adjusted
pairwise comparisons indicate a significant slowdown from the verb region to the V+1 region
(β = 0.170 ± 0.02, p < 0.001), indicative of a filler-gap effect. This effect is illustrated in Fig. 3.
AGREEMENT ATTRACTION EFFECTS. Recall that for the type of stimuli we are using
here—namely grammatical sentences—we expect agreement attraction to present as a slowdown in reading when the subject and verb differ in number from the fronted wh-phrase. This
would indicate that participants are (erroneously) expecting the verb to agree with the attractor. Here we expect the fronted wh-phrase to act as a potential attractor because of its subject-like pre-verbal position in the sentence [31,39]. As mentioned above, agreement attraction
is typically found with plural attractors, and thus we also predict a difference in reading-time
slow down depending on the number of the wh-phrase.
Agreement attraction effects typically spill over from the verb to later regions, (e.g., [28,29]).
Therefore, to assess potential agreement attraction effects, linear mixed-effects models were fit
for the verb region, the V+1 region, and the V+2 region, using residual reading time as the dependent variable, and a binary factor coding number mismatch between subject and wh number as the fixed effect. Number mismatch was not significant in any of the regions. Since
agreement attraction is more likely when the subject is singular and the attractor is plural, as
discussed above, it could be that agreement attraction is found only in the latter case. A significant interaction between wh number and mismatch was indeed found in the verb region, however it did not persist into any of the spillover regions. To assess whether pronoun subjects
might block agreement attraction effects (by providing a particularly strong cue to subjecthood), a model was also fit using subject type and number mismatch as fixed effects. This interaction was not significant in any region. Estimates and p-values for all models are shown in
Table 4.
The significant slowdown in reading time found when the subject was singular and the attractor plural suggests that we may have uncovered evidence of agreement attraction. However,
the fact that the effect was found only in the verb region and not in any later spillover regions
contrasts with previous findings of agreement attraction in other construction types (e.g.,
[29]). We address this issue in detail below.

Interim summary
The experiment reported here used a single set of stimuli to test whether three important psycholinguistic effects could be replicated with response time data gathered over the web via
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Fig 2. Subject definiteness results. Mean residual reading time is plotted by region for DP and pronoun
sentences in Experiment 1. Error bars represent standard error of the mean.
doi:10.1371/journal.pone.0116946.g002

Fig 3. Filler-gap effect results. Mean residual reading time is plotted by region for all conditions in
Experiment 1. The effect of interest is the difference between the verb region and the V+1 region. Error bars
represent standard error of the mean.
doi:10.1371/journal.pone.0116946.g003
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Table 4. Estimates and (p-values) for agreement attraction models. Bold font indicates a signiﬁcant result.
Effect

Verb region

V+1 region

V+2 region

Mismatch

-0.002 (0.91)

-0.004 (0.87)

-0.013 (0.47)

Model 2.

wh-number * mismatch

0.075 (0.04)

0.039 (0.25)

0.020 (0.58)

Model 3.

subject type * mismatch

0.020 (0.60)

0.005 (0.89)

0.005 (0.87)

Model 1.

doi:10.1371/journal.pone.0116946.t004

AMT. The first two effects—the pronoun vs. DP processing difference and the filler-gap effect
—were successfully replicated, using a similar number of participants and items as a more traditional lab-based study. The third effect—agreement attraction—was not convincingly replicated. This could potentially be related to the particular construction we used, or to the fact
that we used only grammatical stimuli. While other researchers (e.g., [28]) have found attraction effects in grammatical sentences in production and self-paced reading studies, Pearlmutter
et al. [28] suggest that the magnitude of attraction effects in grammatical sentences is generally
smaller than in ungrammatical sentences. Badecker [31] did report attraction effects using
grammatical wh-questions, however our methodology was not the same; Badecker [31] used a
production task rather than a comprehension task. Since no other studies demonstrate agreement attraction using grammatical wh-questions in a self-paced reading task, it may be that attraction in this context is not as robust or reliable as some other contexts. Additionally,
although Experiment 1 used a comparable number of participants to other studies of filler-gap
dependency and subject definiteness (e.g., [20,21]), the number is low compared to other agreement attraction studies (e.g., [28,29]). In Experiments 2 and 3, we seek to replicate agreement
attraction using structures that have consistently demonstrated robust effects, specifically prepositional phrase modifiers and relative clause modifiers, using the same number of participants
as the corresponding laboratory studies.

Experiment 2: Further Investigations of Agreement Attraction
Experiment 2 attempts to replicate the agreement attraction effects reported in Pearlmutter
et al. [28]. Here we focus on agreement attraction in sentences with prepositional phrase modifiers, e.g., The slogan on the poster(s) was/were designed to get attention. In such sentences, the
DP contained in the prepositional phrase intervenes between the subject and the agreeing verb,
potentially triggering agreement attraction [27–30,40].

Method
PARTICIPANTS. In order to match as closely as possible the task reported in Pearlmutter
et al. [28], we recruited an identical number of participants, namely 82. These participants
were recruited and compensated via AMT in the same manner as in Experiment 1 over the
course of one week.
ETHICS STATEMENT. This research was conducted with the approval of the George
Mason University human subjects review board. Prior to accepting the HIT, participants were
presented with the informed consent document and instructions stating that clicking “Agree”
indicates voluntary participation. Written consent was waived by the University’s IRB on the
grounds that the research presented no more than minimal risk to participants and the study
involved no procedures for which written consent is normally required outside of the
research context.
APPARATUS, STIMULI & DESIGN. As in Experiment 1, this experiment was presented
to workers as a ScriptingRT Flash movie embedded in an HTML page. Stimuli for Experiment
2 were taken from Pearlmutter et al. Experiment 1 [28]. All critical stimuli had singular subjects
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(since attraction is typically most likely with plural attractors), and we manipulated attractor
number and sentence grammaticality. A sample stimuli set is shown in Table 5, where the most
likely context for agreement attraction should be sentences of type (d). As in Pearlmutter et al.
[28], there were 16 critical test items and 94 filler items for a total of 110 trials. Stimuli were distributed among 4 counterbalanced test lists to which participants were randomly assigned.
PROCEDURE. HITs were posted to AMT in the same manner as Experiment 1, and the
self-paced reading task procedure was identical. This differs slightly from Pearlmutter et al.,
[28], who use a moving window design.

Results and Discussion
Sentences for which the participant answered the comprehension question incorrectly were removed from the analyses. As in Experiment 1, no participants answered more than 20% of the
comprehension questions incorrectly, and no participants had reading times more than 2.5
standard deviations from the mean. Therefore, analyses were run on all 82 participants. Note
that Pearlmutter et al., [28] ultimately excluded 2 from the analyses due to low comprehension
question performance, therefore our replication includes data from two additional participants.
Data were processed in the same manner as in Experiment 1.
Recall that our stimuli included both grammatical and ungrammatical sentences. In general,
grammatical sentences should be read faster than ungrammatical sentences. However, if the intervening DP in the prepositional phrase serves as an agreement attractor, then we expect a decrease in reading time associated with ungrammaticality in sentences that include a number
mismatch between the subject and the verb. Put another way, since all subjects are singular, ungrammatical sentences with a plural attractor should be read faster than ungrammatical sentences with a singular attractor. To investigate this, a linear mixed-effects model was fit using
residual reading time as the dependent variable, grammaticality and number mismatch as fixed
effects, and participant and item number as random effects. Pearlmutter et al. [28] report a
spill-over agreement attraction effect two words after the verb. Given the example sentence
The slogan on the poster(s) was/were designed to get attention, we would then expect agreement
attraction to present as a slow down at the word “to”. A simple effect of ungrammaticality
should occur at the verb, with effects potentially spilling over onto the next two regions. Our
data reveal a significant interaction between ungrammaticality and number mismatch at the region corresponding with the word “to” (β = -0.09 ± 0.03, p = 0.005), such that when an item is
ungrammatical and the subject number and attractor number do not match, the item is read
faster. This indicates a successful replication of the study in Pearlmutter et al. [28] and is illustrated in Fig. 4.
Experiment 2 demonstrates that agreement attraction effects can be captured using AMT,
indicating that our failure to capture such effects in Experiment 1 is likely a function of the stimuli rather than the method. Experiment 3 attempts to extend this result, replicating attraction
effects reported in Wagers et al. [29] using relative clause modifiers.
Table 5. Example stimuli set, Experiment 2.
Stimulus

Attractor Number

Grammaticality

(a) The slogan on the poster was designed to get attention.

singular

grammatical

(b) The slogan on the posters was designed to get attention.

plural

grammatical

(c) The slogan on the poster were designed to get attention.

singular

ungrammatical

(d) The slogan on the posters were designed to get attention.

plural

ungrammatical

doi:10.1371/journal.pone.0116946.t005
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Fig 4. Agreement attraction with PP modifiers. Mean residual reading time is plotted by region for each
condition in Experiment 2. Error bars represent standard error of the mean.
doi:10.1371/journal.pone.0116946.g004

Experiment 3
In Experiment 3 we attempt to replicate agreement attraction effects in relative clause modifiers
reported in Wagers et al. [29]. For example, in a sentence like The runner(s) who the driver see
(s) during the commute every morning always wave(s) to say hi, the main clause subject runner
(s) functions as a potential attractor for the agreeing relative clause verb see(s). Because the original task as described in Wagers et al. [29] is substantially longer than Experiments 1 and 2
(a total of 192 items compared to 120 and 110 respectively), here we reduce the number of
items and increase the number of subjects.

Method
PARTICIPANTS. Wagers et al. [29] used data from 30 participants; we doubled this to 60 participants, recruited and compensated as in Experiments 1 and 2. Participants were recruited
over the course of 4 days.
ETHICS STATEMENT. This research was conducted with the approval of the George
Mason University human subjects review board. Prior to accepting the HIT, participants were
presented with the informed consent document and instructions stating that clicking “Agree”
indicates voluntary participation. Written consent was waived by the University’s IRB on the
grounds that the research presented no more than minimal risk to participants and the study
involved no procedures for which written consent is normally required outside of the
research context.
APPARATUS, STIMULI & DESIGN. As in Experiments 1 and 2, this experiment was presented to workers as a ScriptingRT Flash movie embedded in an HTML page. Stimuli for Experiment 3 come from Wagers et al. Experiment 2 [29]. As mentioned above, in order to keep
Experiment 3 consistent with Experiments 1 and 2 in terms of time and compensation, we
used a subset of the items; in particular we used the first half of the critical items from the
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Wagers et al. stimuli, and half the number of filler items. Thus we had 24 critical items and 72
fillers, resulting in 96 total items. All items used singular subjects, and attractor number and
grammaticality were manipulated. A sample stimuli set is shown in Table 6, where agreement
attraction is expected to be most likely in sentences of type (d). The stimuli were distributed
among 4 counterbalanced test lists to which participants were randomly assigned.
PROCEDURE. HITs were posted to AMT in the same manner as Experiments 1 and 2, and
the self-paced reading task procedure was identical. This differs slightly from Wagers et al.
[29], who use a moving window design.

Results and Discussion
Sentences for which the participant answered the comprehension question incorrectly were removed from the analyses. One participant was excluded for having mean reading times more
than 2.5 standard deviations from the mean. No participants answered more than 20% of comprehension questions incorrectly. Therefore, analyses were run on 59 participants. Data were
processed in the same manner as in Experiments 1 and 2.
As in Experiment 2, agreement attraction should lead to a decrease in reading time associated with ungrammaticality in sentences that include a number mismatch between the subject
and the verb. To assess this, a linear mixed-effects model was fitted using residual reading time
as the dependent variable, grammaticality and number mismatch as fixed effects, and participant and item number as random effects. The region of interest in these stimuli is two words
after the relative clause ends, so in the example sentence The runner(s) who the driver see(s)
during the commute. . ., agreement attraction would likely present at the word “the” in “the
commute”. Ungrammaticality occurs at the verb “see(s)”, and again effects should spill over
onto the next two regions. Our data reveal a significant interaction between ungrammaticality
and number mismatch at the region corresponding with the word “the” (β = -0.02 ± 0.008,
p = 0.001), indicating agreement attraction effects. This is illustrated in Fig. 5.

General Discussion
Summary
In this paper, we have demonstrated that AMT can be successfully used to conduct psycholinguistic research in which precise response time measurements are necessary. The effects we
replicated here involve self-paced reading tasks designed to reveal differences in the processing
of pronouns vs. DPs, filler-gap effects, and agreement attraction. While we were not able to
convincingly find agreement attraction effects in grammatical wh-fronted questions, we were
able to replicate agreement attraction in two more established contexts—with prepositional
phrase and relative clause modifiers. Importantly, we used similar numbers of trials and participants as traditional lab studies; our three experiments used between 35–82 participants each,
and between 96–120 trials each, well within the typical range for self-paced reading and other
psycholinguistic tasks. In terms of the resources used, the cost to our lab of running these
Table 6. Example stimuli set, Experiment 3.
Stimulus

Attractor Number

Grammaticality

(a) The runner who the driver sees during the commute. . .

singular

grammatical

(b) The runners who the driver sees during the commute. . .

plural

grammatical

(c) The runner who the driver see during the commute. . .

singular

ungrammatical

(d) The runners who the driver see during the commute. . .

plural

ungrammatical

doi:10.1371/journal.pone.0116946.t006
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Fig 5. Agreement attraction with RC modifiers. Mean residual reading time is plotted by region for each
condition in Experiment 3. Error bars represent standard error of the mean.
doi:10.1371/journal.pone.0116946.g005

experiments was $1.30 per participant ($1 to the participant, $0.30 to AMT), and each experiment was completed within a week or less.

Comparing AMT data with lab data
As mentioned above, the major concern associated with using web-based methods to gather
behavioral data is a potential increase in variability. In addition to the higher variability that
might result from a more diverse population of participants, in the case of response time data
there are also differences in keyboard sampling and/or monitor refresh rates across devices. Because even the fastest keyboard sampling rates can never capture a time faster than the participant’s response time, an increase in keyboard sampling rate variability will result in an overall
increase in mean response times. It is worth noting that issues of variable keyboard sampling
rate and monitor refresh rate are not unique to web-based research methods; across laboratories using different computers and keyboards or even within a laboratory with multiple computers, the same issues arise. However, there is reason to suspect that the magnitude of
hardware differences is not large enough to impact qualitative results. Further, in the case of
AMT, the variety of different computer monitors and keyboards should essentially wash out
any effect of differences in refresh rate and sampling rate in the aggregate.
A number of other studies have compared data gathered in the lab to data gathered over
AMT in qualitative [2,3,5,9] and quantitative [41] terms. These studies suggest that data captured over the web can successfully replicate data gathered in the lab. However, as our goal is to
replicate psycholinguistic effects using response time data gathered over AMT, we provide here
a direct comparison with laboratory results. We provide this for Experiment 1, since Experiments 2 and 3 are close replications of previously published lab-based studies. Participants
were 22 undergraduate students from George Mason University who completed the study in
exchange for extra credit in an undergraduate linguistics course. The experiment was presented
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using the Linger software [33]. The materials and procedure were otherwise identical to Experiment 1 as reported above.
Results of our laboratory replication of Experiment 1 reveal the same significant findings—
subject definiteness and filler-gap effects—as the AMT study, and similarly fail to capture
agreement attraction in grammatical wh-fronted constructions. Mixed-effect regression models
for these data are summarized in Table 7.
Interestingly, mean response times and standard error for the lab data were larger than
those captured using AMT, even when comparing lab data to the first 22 AMT participants;
reading times in the lab are an average of 180ms slower and standard error is 5ms greater. It is
perhaps not surprising that AMT participants complete experiments faster than laboratory
participants; AMT participants are unmonitored and are essentially paid by the hour, incentivizing them to work as quickly as possible on each task. By comparison, laboratory participants
are typically monitored by an experimenter, and in our case were compensated with
course credit.
In sum then, the experiments reported here using AMT were largely successful in replicating several robust psycholinguistic processing effects using a self-paced reading task. Moreover,
in the case of Experiment 1—which failed to replicate agreement attraction effects with fronted
wh-phrases—findings from AMT were qualitatively identical to those gathered in the lab. In
this subsection we discuss some aspects of the experimental design, specific to AMT, which we
believe may increase the likelihood of successful replication of lab-based results.

Recommendations for future use of AMT in psycholinguistics
MASTER’S QUALIFICATION. Sprouse [2] notes in his large-scale replication of acceptability
judgment results that the participant rejection rate was substantially higher over AMT than in
the lab. In all the experiments reported here we required workers to have Master’s qualification.
This qualification is reserved for participants who have completed a large number of HITs
from a variety of requesters with a high level of accuracy. This is not a qualification that workers can apply for; rather, it is awarded based on statistical monitoring of acceptance rates by
Amazon, and workers must maintain a high level of performance in order to keep the qualification. Notable, out of the 326 participants we ran, only 1 needed to be excluded for performance-related reasons (e.g., too many incorrect comprehension questions or reading times
greater than 2.5 standard deviations from the mean). We can report anecdotally that this is
lower than subsequent self-paced reading studies that we have run on AMT in which we did
not require Master’s qualification. Moreover, it is lower than other published lab-based studies
using self-paced reading tasks (2/30 in [29] and 2/82 in [28]). Using workers with Master’s
qualification costs more than using regular workers; for Master’s workers, the requester (researcher) pays Amazon an additional $0.20 per dollar. This means that our experiments cost
$1.30 per participant, compared to a total cost of $1.10 per participant for workers without
Table 7. Estimates and (p-values) for laboratory replication of Experiment 1. Bold font indicates a signiﬁcant result.
Effect

Subject region

Verb region

V+1 region

V+2 region
—

Subject type

-0.728 (0.000)

—

—

Filler-gap effect

—

—

0.131 (0.018)

—

Mismatch

—

-0.020 (0.47)

-0.006 (0.78)

-0.024 (0.24)

wh-number * mismatch

—

-0.099 (0.07)

0.006 (0.89)

-0.062 (0.22)

subject type * mismatch

—

0.045 (0.41)

0.036 (0.40)

0.017 (0.71)

doi:10.1371/journal.pone.0116946.t007
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Master’s qualification. If there is concern about data quality and minimization of data loss,
however, we believe it is worth the additional cost.
BATCH-POSTING HITS. When a batch of HITs is posted by a requester on AMT, it appears as a single entry at the top of the workers’ list of available HITs. As time passes, newer
HITs get posted, and older HITs appear lower on the list, becoming less likely to be selected by
workers. Our experience suggests that posting HITs in large batches significantly increases the
time it takes to get results. For example, in one case posting a batch of 30 altogether took about
a week to complete, while posting 6 batches of 5 took approximately six hours. For all the experiments reported here we posted HITs in batches of 5. We recommend this as a way to further increase the speed with which data can be gathered over AMT.
CODING ISSUES. We have argued here that using AMT to conduct psycholinguistics experiments minimizes the time and cost relative to traditional lab-based methods. Nevertheless,
programming experiments in which response time data are recorded does require some specialized knowledge. In particular, while AMT provides templates for several basic experiment types
(e.g., Likert scale judgment tasks and translation tasks), self-paced reading, visual priming, or
serial response time tasks require use of either Flash/ActionScript or JavaScript. Here we have
used ScriptingRT, a free and open source software program for collecting this type of data. An
alternative is to use JavaScript (in fact our lab is currently using JavaScript for a number of experiments, and example code can be found at https://code.google.com/p/enochson-amt/). The
crucial feature of any software used is that it capture response times on the client side to avoid
issues related to server variability. As researchers begin work with these types of tasks over the
web, it is likely that modifications of this or other code will be necessary, and we believe that it
is of crucial importance that researchers continue to make code publicly available.

Conclusion
Our goal in this paper was to contribute to the body of existing evidence validating the use of
Amazon Mechanical Turk, and web-based methods more generally, to collect precise response
time data for psycholinguistic research. Using a self-paced reading task displayed as a Flash
movie embedded in a HTML webpage, we successfully replicated three important psycholinguistic effects: a difference in processing pronouns compared to DPs (definiteness effects), the
processing cost of filler-gap constructions, and agreement attraction (in prepositional phrase
and relative clause modifiers). Importantly, our replications used sample sizes and numbers of
items similar to the original experiments, with results nevertheless qualitatively matching data
collected in traditional lab studies. While some degree of control over participants and the specific devices they use is relinquished when using AMT, there was little if any evidence to suggest that this impacted our ability to uncover the effects of interest. Importantly, the time and
cost of our AMT replication studies was a fraction of what is typically required to conduct research in psycholinguistics. Web-based methods for data collection like AMT therefore represent an important resource-effective tool for moving the field forward, and we hope the current
work encourages researchers to make use of it.
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