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ABSTRACT
Translating experimental tasks that were designed to investigate differences 
between conditions at the group-level into valid and reliable instruments to measure 
individual differences in cognitive skills is challenging (Hedge et al., 2018; Rouder 
et al., 2019; Rouder & Haaf, 2019). For psycholinguists, the additional complexities 
associated with selecting or constructing language stimuli, and the need for appropriate 
well-matched baseline conditions make this endeavour particularly complex. In a 
typical experiment, a process-of-interest (e.g. ambiguity resolution) is targeted by 
contrasting performance in an experimental condition with performance in a well-
matched control condition. In many cases, careful between-condition matching 
precludes the same participant from encountering all stimulus items. Unfortunately, 
solutions that work for group-level research (e.g. constructing counterbalanced 
experiment versions) are inappropriate for individual-differences designs. As a case 
study, we report an ambiguity resolution experiment that illustrates the steps that 
researchers can take to address this issue and assess whether their measurement 
instrument is both valid and reliable. On the basis of our findings, we caution against 
the widespread approach of using datasets from group-level studies to also answer 
important questions about individual differences.
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INTRODUCTION
STUDYING INDIVIDUAL DIFFERENCES IN LANGUAGE SKILLS

Psycholinguists have become increasingly interested in studying individual differences in 
language processing. Such individual differences exist across the linguistic domain, from 
vocabulary knowledge and syntactic processing to discourse comprehension, and they 
manifest at the behavioural and neurological level (see Kidd et al., 2018, for an overview). Some 
children achieve language processing milestones at an earlier age, and/or have consistently 
higher performance across a range of language ability domains. Such individual differences 
can be surprisingly stable across the lifespan (e.g. McNeish, Dumas, & Grimm, 2020). Moreover, 
individual differences in cognitive ability, including language ability, predict a range of outcomes 
including educational attainment, job success and even morbidity and mortality (e.g., Deary, 
Weiss, & Batty, 2010; Johnson, Beitchman & Brownlie, 2010; Der, Batty, & Deary, 2009). 
Understanding sources of variation in language skills and their relationship with other cognitive 
domains is paramount for building powerful theories of language development and processing, 
and to develop interventions that target language outcomes.

To study individual differences, researchers need instruments that measure performance 
adequately and can reliably capture variation between individuals. Psycholinguists may 
first look to the clinical and educational language sciences for standardised assessments 
that have been normed on representative samples (e.g., Test for the Reception of Grammar, 
Bishop, 1983; the Woodcock-Johnson battery, Woodcock-Johnson, 1977; Clinical Evaluation 
of Language Fundamentals (CELF), Semel, Wiig, & Secord, 2013). Such assessments tend 
to capture language skills in a relatively broad sense, by scoring definitions and answers to 
comprehension questions for example. While this approach can be highly effective in rank 
ordering individuals, the contribution(s) of specific cognitive components to these composite 
measures can be difficult to disentangle. From a psycholinguistic perspective, we often wish to 
understand performance on language tasks in terms of variation in underlying constructs or 
processes. Even for a straightforward task like picture-word or picture-sentence matching, a 
range of linguistic and cognitive factors are likely to influence performance (including e.g., the 
quality of lexical representations, activation of relevant background knowledge, inhibition of 
irrelevant information, processing speed, working memory, and inference making). Generally, 
standardised assessments are not well suited to capturing variability across the population in 
skills that relate to a particular sub-domain of language or a specific linguistic phenomenon.

Psycholinguists have therefore needed to create bespoke tests that target specific language 
skills for use in a single experiment or set of experiments within their own laboratory. For 
example, research into individual differences in ambiguity resolution has used measures as 
varied as reading time (self-paced or observed via an eye-tracker, e.g. Daneman & Carpenter, 
1983; MacDonald, Just, & Carpenter, 1992; Kemper, Crow, & Kemtes, 2004; Evans et al., 2015; 
Blott, Rodd, Ferreira, & Warren, 2020), electrophysiological event-related potentials (e.g. Lee & 
Federmeier, 2011), comprehension question accuracy (e.g. Engelhardt, Nigg, & Ferreira, 2017), 
interference from irrelevant meanings in a semantic priming paradigm (e.g. Gernsbacher, 
Varner, & Faust, 1990), accuracy and response times of sentence-level judgements about 
meaningfulness (e.g. Gernsbacher, Robertson, & Werner, 2001) or grammaticality (e.g. Vuong 
& Martin, 2014), single-word naming within sentence contexts (e.g. Hopkins, Kellas, & Paul, 
1995; Dagerman, MacDonald, & Harm, 2006) and sentence-picture matching (e.g. Malyutina 
& den Ouden, 2016).

Developing bespoke tasks to capture individual differences raises numerous challenges. It 
requires defining the construct-of-interest (what do we want to measure?) and operationalising 
it (how should we measure it?), and considering the validity and reliability of the measurement 
(does our task measure what we want to measure and does the outcome measure rank-order 
individuals appropriately?) (Goodhew & Edwards, 2019; Hedge et al., 2018; Tucker-Drob, 2011). 
Our aim is to explore some of these challenges associated with using an experimental approach 
to capture individual differences in language processing abilities. Our focus is on subtractive 
designs. These designs rely on the comparison or “subtraction” between different experimental 
conditions to isolate a particular aspect of linguistic processing. We present the data from a 
task designed to measure individual differences in adults’ ability to resolve lexical ambiguities 
as a case study to illustrate these challenges, and make recommendations that may assist in 
developing and evaluating other studies of individual differences in language processing.
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Using subtractive designs for individual differences research

Many group-level experiments compare performance in a critical condition of interest to 
a carefully constructed control/baseline condition. The rationale of this approach is that 
general factors associated with task performance are controlled such that any difference 
across conditions can be attributed to the experimental manipulation. Consider for example 
a classic semantic priming experiment. In the critical primed condition participants will make 
lexical decisions (i.e. decide if letter strings correspond to real words) to target words that 
are preceded by semantically related primes (e.g., cat-DOG). This experimental condition is 
typically compared to a baseline condition where the same target words are preceded by 
closely matched unrelated primes (e.g., car-DOG). Similarly, an experiment might attempt to 
isolate the linguistic process of lexical ambiguity resolution by comparing task performance on 
sentences containing ambiguous words (e.g., “organ”) to performance on identical sentence 
frames where the target word is replaced by an appropriate unambiguous control word (e.g., 
“The expert knew that the damaged organ/piano would be quite difficult to tune”; Blott et 
al., 2022). (Note that we use ‘unambiguous’ here, and throughout the manuscript, to mean 
words that are relatively low in ambiguity while recognising that very few words are truly 
unambiguous in the sense of having only one specific referent.) This approach allows us to hold 
constant many of the linguistic and cognitive processes that are necessary components of the 
task (e.g., letter identification, word-form processing, grammatical parsing, response selection 
and button pressing) and to subtract these out to isolate the underlying process of interest (cf. 
Donders, 1868 [1969]).

Although many influential and well-replicated findings have emerged from group-level 
experiments that use this approach to stimulus matching, we cannot assume that the same 
tasks which reliably demonstrate a (linguistic) effect of interest are also reliable in their ability 
to rank-order individuals (Hedge et al., 2018; Rouder et al., 2019; Rouder & Haaf, 2019). Task 
reliability is vital for individual differences research, as correlations between measures are 
attenuated when the measures themselves are not reliable (Hedge et al., 2018). Looking at 
the reliability of a number of subtractive tasks that show robust group-level effects, Hedge and 
colleagues (2018) reported poor test-retest reliability for such classic cognitive tasks as Stop-
signal, Stroop, Eriksen flanker, Posner cuing, and Navon. Indeed, some tasks may well have 
become popular for group-level designs precisely because of their relatively small between-
participant variability, which makes them well powered to consistently detect group-level 
differences but unsuitable for individual differences research (Goodhew & Edwards, 2019; 
Enkavi et al., 2019; Schuch et al., 2021; Byers-Heinlein et al., 2022). It remains to be seen 
whether a similar pattern emerges for well-established psycholinguistic tasks.

It is likely that the low reliability observed in the cognitive tasks mentioned above is partly due 
to the scoring method by which performance was captured, rather than reflecting an intrinsic 
limitation of the tasks themselves (see Hedge et al., 2018). A prevalent approach in subtractive 
designs is to calculate difference scores, simply the numerical difference in participants’ 
mean performance across two conditions (see e.g., Rogosa & Willett, 1983). As has long 
been recognised in the literature on the measurement of change, however, “the difference 
between two fallible measures is frequently much more fallible than either” (Lord, 1963, p. 
32). Difference scores have several disadvantages. Firstly, aggregating task performance in 
each condition to calculate a difference reduces the between-participant variability that we 
are interested in (Hedge et al., 2018). Secondly, aggregate scores for each individual contain 
trial-by-trial nuisance variation, meaning that these scores are notoriously noisy and unreliable 
estimates of individual effect sizes. Thirdly, the reliability of difference scores critically depends 
on the number of trials the participant has completed (Rouder & Haaf, 2019), which may vary 
across participants due to data cleaning/exclusions. Fortunately, statistical approaches are 
available that allow us to derive more reliable individual scores from condition comparisons, 
avoiding the need to rely on difference scores. Rouder and Haaf (2019) recommended the 
use of hierarchical modelling using trial-level data to derive estimates of underlying effect 
sizes for individual participants, while others have discussed the benefits of diffusion models 
in estimating traits using response time measurements (e.g. Schubert et al., 2016; Ratcliff & 
Childers, 2015). While these innovative statistical approaches resolve some of the issues with 
using subtractive designs for individual differences research, they cannot overcome some of the 
specific challenges of translating the experimental designs commonly used by psycholinguists 
into individual difference measures.
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What’s so special about language? The problem with multi-version experiments

In language experiments, the problems associated with subtractive designs for individual 
differences research are compounded by the nature of the stimuli. Linguistic stimuli are typically 
complex and vary along numerous dimensions that can be hard to quantify, but that can affect 
task performance. Even for single words, processing is influenced by factors such as frequency, 
age of acquisition, word length, phonological/orthographic neighbourhood density, and word 
class (e.g., Mandera et al., 2020). With multi-word stimuli such as phrases, sentences or 
paragraphs, things get even more complex. To some extent, the variability inherent in linguistic 
stimuli can be dealt with at the analysis stage by treating ‘item’ as a random effect so that 
findings can be generalised to other non-tested linguistic stimuli – an approach that is well-
established in psycholinguistics. For example, experiments typically include both by-subject and 
by-item analyses (Clark, 1973), or capture effects of item variability in mixed effects analyses 
(Baayen et al., 2008). Importantly, item variability must also be addressed when first designing 
an experiment. In particular, for subtractive designs, it is important that while conditions differ 
in the process of interest, they differ as little as possible on other extraneous variables. As 
described above, this often results in re-using the same or very similar linguistic items across 
different stimulus conditions. Although this approach has clear benefits in terms of stimulus 
control, an unfortunate consequence is that it is often inappropriate to present both variants 
of a matched stimulus pair to any given participant, at least within the same experimental 
session. Participants will likely remember items that they have encountered before, and there 
is robust evidence for repetition priming and practice effects that make repetition of (parts of) 
linguistic stimuli highly problematic (Forbach et al., 1974; Forster & Davis, 1984; Ledoux et al., 
2006; Rodd et al., 2013; Stark & McClelland, 2000). Although it may be possible to capture such 
priming/practice effects, at least to some extent, within our analysis models, the presence of 
such repetition may result in qualitative changes in participants’ performance (see Maciejewski 
et al., 2020, for a demonstration of how priming effects can reduce the effect of interest 
in later trials). Even with a reasonably long interval between encounters, psycholinguists 
typically avoid presenting the same (or very similar) material to the same person twice, lest 
the repetition affects their processing (see Cave et al., 1997, for evidence of repetition priming 
effects that persist after 48 weeks). As a result, psycholinguists routinely use multi-version 
designs in their group-level experiments, with different groups of participants being randomly 
assigned to different experimental versions (or lists) that each contain different subsets of the 
experimental materials. This approach ensures that while each participant contributes data to 
all experimental conditions, they each only see one version of any matched pairs of items and 
that, across participants, all items contribute to all experimental conditions.

This type of multi-version design has two adverse consequences for researchers aiming to 
translate group-level experiments into individual differences measures. First, it reduces the 
number of items that can be presented to any given participant. For example, in the case of 
a two-condition subtractive design, the number of stimuli presented to each participant will 
be halved. Fewer trials mean an increase in measurement error, and reduced measurement 
reliability (Rouder et al., 2019). Second, in multi-version experiments different groups of 
participants will encounter different sets of stimuli, introducing an additional source of between-
participant variance, which is not present in single-version experiments. Instead, observed 
between-participant differences could be driven by differences between the experimental 
versions in overall task difficulty or in the sensitivity to between-condition differences. Although 
between-versions differences can potentially be dealt with at the analysis stage, there is little 
(if any) benefit to using multi-version designs in individual differences research, making it hard 
to justify introducing this additional complexity.

Of course, abandoning the multiple-version experiment for individual differences studies 
creates new difficulties for psycholinguists. As described above, if we present all stimuli to all 
participants, we cannot include any matched pairs of stimuli that are sufficiently similar, as 
they are likely to produce within-pair priming or practice effects. At the same time, conditions 
should be matched as closely as possible except for our factor-of-interest (e.g. ambiguity), so 
that we can make valid inferences about individual differences in our construct-of-interest (e.g. 
disambiguation ability).

Here, we present as a case study an adapted multi-version, multi-condition psycholinguistic 
experiment and consider its utility for addressing questions about individual differences. 
Our aim was to develop a task that would allow us to detect reliable individual differences 
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in the ability to use contextual cues for disambiguation during online spoken discourse 
processing. We discuss the challenges we faced, assess the solutions we proposed, and make 
recommendations for future research.

CASE STUDY: AN INDIVIDUAL DIFFERENCES PARADIGM TO MEASURE 
DISAMBIGUATION SKILL

Successful comprehension of written or spoken language, requires the meanings of individual 
words to be activated and integrated into the wider discourse context such that a coherent 
mental model of the input can be constructed (Graesser et al., 1994, 1997; Van Dijk & Kintsch, 
1983). Given that most English word forms are associated with multiple meanings (Rodd et 
al., 2002; Rodd, 2018, 2022), cues from the surrounding context must be used to activate 
and integrate the context-relevant meaning representation of each word (Duffy et al., 1988; 
Eddington & Tokowicz, 2015; Rodd, 2020). For example, the word “positive” is often used to 
describe a desirable event or feeling, but when awaiting a clinical test result, the same word 
form can take on the opposite meaning. Previous research suggests that there is substantial 
variability in the efficacy with which individuals detect and use cues in the surrounding context 
to aid online lexical processing (e.g. Federmeier & Kutas, 2005; Gernsbacher, 1993; Khanna & 
Boland, 2010; Lee & Federmeier, 2011; Nation & Snowling, 1998; Norbury, 2005; Snedeker & 
Trueswell, 2004; Trueswell et al., 1999).

We developed a novel paradigm to measure participants’ ability to successfully resolve lexical-
semantic ambiguities as they listen to short narratives. We used auditory presentation and 
used responses to picture probes as our outcome measure so that the task could be portable 
across different participant populations (e.g. children, older adults, individuals with language 
impairments), and could measure disambiguation skill independently from variation in reading 
ability. The experiment was accessed remotely on the Gorilla experiment platform (www.gorilla.
sc/about; Cauldron Inc.; Anwyl-Irvine et al., 2019), allowing recruitment from larger and more 
diverse groups of participants, who may be less likely to attend lab-based testing sessions.

Several constraints were taken into account when designing the materials and task. 
Narratives in the Ambiguous condition were constructed to introduce a relatively challenging 
(but reasonably naturalistic) disambiguation situation in which participants must select an 
appropriate meaning of an ambiguous word (e.g., organ) on the basis of its preceding context. 
We chose to construct narratives in which disambiguating cues precede the ambiguous word 
since disambiguating cues which appear after the ambiguous word likely load on a range of 
other cognitive processes such as error detection and monitoring in addition to our construct-
of-interest. For an illustration of the task, see Figure 1.

Figure 1 Illustration of the 
trial structure of a single 
Ambiguous trial in the picture 
selection task. Each trial 
comprised a 3-sentence 
auditory narrative. Participants 
were instructed that whenever 
pictures appeared on the 
screen they were to select the 
picture which “fits best with 
what [they had] just heard in 
the story”.

https://www.gorilla.sc/about
https://www.gorilla.sc/about


6Blott et al.  
Journal of Cognition  
DOI: 10.5334/joc.317

The Ambiguous condition comprised three-sentence auditory narratives in which the final 
word was ambiguous, and the preceding context was more consistent with its subordinate 
(low-frequency) meaning compared with its dominant (high-frequency) meaning (e.g., musical 
organ vs bodily organ, see Table 1). To enhance the cognitive challenge associated with 
disambiguation, we only included relatively weak linguistic disambiguation cues. Specifically, 
we set up a general scenario that led to the intended (subordinate) meaning being a ‘better 
fit’, while avoiding, as much as possible, any lexical primes that would strongly point towards 
the intended meaning (e.g., the context for “organ” avoided associates such as “music”, 
“keyboard” and “instrument”). Indeed, in some cases the constraint was sufficiently weak that 
there was a possible (albeit implausible) interpretation that could be consistent with the non-
intended meaning. For example, in the example presented in Table 1, listeners must select 
the appropriate meaning for “organ” based on the contextual constraint that musical organs 
are more likely to be repaired in shops than are bodily organs. We included a filler sentence 
(Sentence 2) to introduce a temporal delay between the disambiguating information (Sentence 
1) and the ambiguity (final word of Sentence 3) to increase working memory demands and 
thereby magnify any observed experimental difference between performance on these items 
and the unambiguous control items.

The most unusual aspect of this experimental design is that it contains two baseline conditions. 
The first ‘Unambiguous (item-matched)’ condition follows the psycholinguistic conventions 
for standard group-level designs: it provides an item-wise matched unambiguous control 
by replacing the ambiguous target word (e.g., “organ”) with an unambiguous target that is 
sufficiently similar in meaning so that an identical narrative frame can be used across these 
two conditions. The same picture probes could also be used for both the Ambiguous and 
Unambiguous (item-matched) condition (i.e., picture of an object that was rated as both an 
acceptable “piano” and “organ”). This allowed us to measure, at the group level, the main effect 
of Ambiguity on task performance (i.e., responses to the picture probe in terms of accuracy, and 
response times on correct trials). Based on the ambiguity processing literature we predicted 
accuracy to be significantly lower and response times significantly longer for the Ambiguous 
compared to the Unambiguous (item-matched) condition, indicative of disambiguation-related 
processing costs (a classic “subordinate-bias effect”; Pacht & Rayner, 1993).

This closely item-wise matched control condition is however suboptimal for an individual 
differences design: it is inappropriate to present both variants of such closely matched stimulus 
pairs to the same participant. Thus, we also created an additional control condition, referred 
to throughout as the ‘Unambiguous (set-matched)’ condition (Table 1). Items in this condition 
are sufficiently different to the Ambiguous narratives to allow within-participant repetition. 
Inevitably, this approach brings with it a loss of control over item matching. The Unambiguous 
(set-matched) condition was not item-wise matched to the Ambiguous condition, meaning 
that the conditions differed not only in the ambiguity of the final word (targeting our construct-
of-interest, disambiguation skill) but also in the preceding words and sentences. However, we 
attempted to match the Unambiguous (set-matched) condition to the Ambiguous condition 
as best we could across the entire set of items. We describe below the attempts we made to 
ensure that the unambiguous condition was as well-matched as possible on variables deemed 
most likely to influence task performance, but it was not possible to control fully. At the group 
level, we expected participants to show very similar performance in the two Unambiguous 
conditions relative to the Ambiguous condition, given that neither required disambiguation.  

Table 1 Examples of 
3-sentence narrative 
structures in the three 
conditions.

CONDITION SENTENCE EXAMPLE NARRATIVE

Ambiguous Sentence 1 The shop had some complicated items that needed repair.

Sentence 2 It would be a difficult job.

Sentence 3 The expert was careful when he looked at the organ.

Unambiguous 
(item-matched)

Sentence 1 The shop had some complicated items that needed repair.

Sentence 2 It would be a difficult job.

Sentence 3 The expert was careful when he looked at the piano.

Unambiguous 
(set-matched)

Sentence 1 Gina pinned the piece of cotton onto the doll.

Sentence 2 It didn’t seem right.

Sentence 3 She thought it might look better with some leather.
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By including both in our experiment, we were able to assess group performance for the 
Ambiguous condition against both types of Unambiguous control. This allowed us to establish 
the viability of the Unambiguous (set-matched) condition at a group-level before using it in our 
analysis of individual differences.

To measure ambiguity resolution on-line, we used a simple picture selection task. At the 
acoustic offset of the final word (which we refer to as the target word) in each narrative 
(e.g., “organ”, “piano” or “leather”; Table 1), two pictures appeared on the screen, one 
representing the intended meaning of the target and the other an unrelated meaning. 
Participants were instructed to select the picture that best fit the meaning of the narrative. 
Poorer picture selection performance in the Ambiguous condition relative to the Unambiguous 
conditions would be assumed to reflect the increased difficulty that participants experience 
in retrieving the contextually relevant meaning of the ambiguous word (Betts, 2018; Foss 
et al., 1968). Importantly, this paradigm avoided the need for expressive language, and for 
hand-scoring or transcribing participant responses (as would be the case for other tasks 
commonly used to assess participants processing of ambiguous words such as reading-
aloud homographs, or providing definitions for words, e.g. Brock, Sukenik, & Friedman, 2017; 
MacGregor et al., 2020).

We used a 2-alternative forced-choice (2-AFC) picture-selection task over a yes/no decision 
to a single picture to reduce the impact of individual differences in response thresholds, 
particularly in accuracy data (Egan, 1975; Green & Swets, 1966). Decisions to respond in a 
single-picture yes/no task rely on criteria as to when to initiate a response (“Does this picture 
fit well enough into the narrative to warrant a ‘yes’ response?”). Such thresholds would likely 
vary across participants, and introduce a source of individual differences that we were not 
interested in in the present study. Instead, a 2AFC paradigm meant that participants’ decision 
on each trial was restricted to “Which of these pictures fits better?”, explicitly providing 
participants with a common response criterion. Finally, the irrelevant (dominant) meanings 
of the ambiguous words were never depicted during the task, as this would have potentially 
boosted the activation of these irrelevant word meanings, and artificially increased the load 
on processes such as conflict resolution and inhibition. The inclusion of irrelevant meanings 
might have also caused unnecessary confusion in some participants as to exactly what was 
required of them as such distractors could potentially be interpreted as being related to the 
narratives.

A potential concern with this task is that presenting a picture that relates to the target meaning 
could provide an additional disambiguation cue. Plausibly, for some trials at least, a participant 
may not have fully resolved the ambiguity when the pictures are presented, leaving open the 
possibility that the pictures may provide both general encouragement to participants to resolve 
the ambiguity, and specific semantic cues that aid in the disambiguation process. Our view is 
that for our current purposes this is not problematic – language in the real world is situated in 
context and visual cues may well contribute to ambiguity resolution in these circumstances. 
In our task, any variation in the extent to which participants are able to use these additional 
visual cues will only act to amplify individual differences in the disambiguation process, our 
focus of interest.

In summary, participants listened to multi-sentence narratives that ended in an ambiguous 
word (or unambiguous control word), and selected from two alternative picture probes 
the picture that best represented the content of the story. We present data from an initial 
experiment with 50 adults. Our aim was to assess whether this task can be used as a valid 
measure of disambiguation skill and test its reliability for future use as an individual differences 
instrument. Specifically, we aimed to:

1) Confirm the presence of a group-level ambiguity effect, using a well-matched control 
condition (Unambiguous (item-matched)) and a conventional multiple-version design.

2) Establish the appropriateness of a new control condition (Unambiguous (set-matched)) 
suitable for a within-participant assessment of ambiguity resolution ability.

3) Test whether reliable individual differences could be detected in the present sample.
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METHOD
PARTICIPANTS

Participants were recruited via the online recruitment platform Prolific Academic (www.prolific.
co). They were eligible if they were native speakers of English, currently residing in the United 
Kingdom and had spent most time before age 18 in the United Kingdom, were aged between 
18 and 40, had no uncorrected visual or hearing impairments, no diagnoses of language 
difficulties, and had an approval rating of at least 80% on Prolific and had not participated in 
any pre-tests using these stimuli. These exclusion criteria were applied via the Prolific participant 
database.

Data from 50 participants (29 male, 21 female; 44 monolingual, 6 bilingual; mean age 30.0 
(SD 6.92, range 18–41)) were included in the analysis. Thirty-seven additional participants 
were excluded prior to the experimental task due to failure of the audio technology check 
(n = 36), or because they indicated that they had an uncorrected visual/hearing impairment 
or diagnosed language deficit (n = 1). One additional participant reported technical difficulties 
with the display of picture probes and their data were excluded. We treated this data as a 
small-scale pilot study with the aim to validate the picture-selection task and conditions in 
a group-level design in the first instance. Given the novelty of the task and the associated 
uncertainty about the size of group-level effects of the ambiguity disadvantage, let alone the 
size of any potential individual differences in that effect size, an a priori power analysis was not 
feasible. The present study was therefore not preregistered, and the sample size was not based 
on any a priori calculations. We will return to this limitation in the Discussion. Informed consent 
was obtained from all participants and they were paid £3.75 each, with most people taking 
about 30 minutes for the study. The study was approved by UCL’s Department of Psychology 
and Language Sciences Ethics Chair.

MATERIALS

Materials, data and code are available on the OSF, https://osf.io/5z49n/.

Target words

Target words in the Ambiguous condition (e.g., “organ”) were noun-noun homophones 
selected from recent word association norms from British English speakers (Gilbert & 
Rodd, 2022) where the subordinate meaning was depictable in a single image (N = 66). 
Unambiguous nouns were selected pairwise for the Unambiguous (item-matched) condition 
to be sufficiently similar to their matched Ambiguous target that they could be depicted by 
the same picture (e.g., “piano”; Table 2). Unambiguous nouns were also selected as target 
words for the Unambiguous (set-matched) condition (e.g., “leather”). Target words in the 
Unambiguous (set-matched) condition were chosen from a pool of candidates produced by 
the LexOPS shiny app (https://jackt.shinyapps.io/lexops/, Taylor et al., 2020), with parameters 
set to match the ambiguous target on frequency (+/– 1000 words per million; SUBTLEX-UK 
database; van Heuven et al., 2014), number of syllables (calculated using eSpeak speech 
synthesiser; http://espeak.sourceforge.net/)) and age of acquisition (+/– 0.5 years; Kuperman 
et al., 2012). From this pool, we manually selected singular nouns that could be used at the 
end of a story without repeating themes across narratives. Although the sets of ambiguous 
and unambiguous stimuli were well matched overall on frequency (see Table 2), it was 
necessary to include some pairs where the items within a pair differed on frequency by up 
to 334 words per million (e.g., “play” has frequency of 489.02 words per million; “phone” has 
frequency of 155.13).

Narrative contexts

A three-sentence story was created for each ambiguous target word (see Table 1). Sentence 1 
provided a situational context in which the subordinate meaning of the ambiguous noun was 
more plausible than its dominant meaning. Sentence 3 ended with the ambiguous target word. 
Sentences 2 and 3 were compatible with both meanings of the ambiguous word, and thereby 
contributed minimal disambiguating information.

https://www.prolific.co
https://www.prolific.co
https://osf.io/5z49n/
https://jackt.shinyapps.io/lexops/
http://espeak.sourceforge.net/


Narratives in the Unambiguous (item-matched) condition were identical to the Ambiguous 
condition, except that the final target word was replaced with an appropriate unambiguous 
target, i.e., “piano” replaced “organ” (Table 1). Unambiguous (set-matched) narratives followed 
the same general structure. The stories were comparable across conditions in terms of the 
types of topics discussed, approximate sentence length and the level of vocabulary used.

Individual sentences were recorded by a female speaker of Southern British English at a 
sampling frequency of 44.1 kHz. Sound files were processed in Praat (v 6.1.16, Boersma & 
Weenink, 2020). All sentence sound files began with approximately 30 ms of silence before 
speech onset, and were cut at speech offset. All sound files were down-sampled to 22,050 kHz, 
the intensity was scaled to 70 dB, and they were band-pass filtered from 60–20,000 Hz with 
a smoothing factor of 10. Files were converted into stereo .mp3 files using Audacity (v2.3.3).

Participants rated the naturalness of the audio narratives in a pre-test set up using Gorilla 
Experiment Builder (www.gorilla.sc/about; Cauldron Inc.; Anwyl-Irvine et al., 2019). They were 
recruited via Prolific Academic (www.prolific.co) from the same pool as the main experiment. 
Participants were not permitted to take part in multiple pre-tests (see Supplementary Materials 
for details). They rated the narratives on a 1–7 Likert scale on the basis of how “natural 
each story [felt to them], based on whether it flows well and makes sense”. The final target 
words were removed from the narratives so that ratings would not be influenced by whether 
disambiguation was required. The items for the Ambiguous and Unambiguous (item-matched) 
conditions were therefore identical. We analysed data from 60 participants (30 participants 
per item). Naturalness ratings were relatively high and there were no statistically significant 
differences between the Ambiguous/Unambiguous (item-matched) narratives and those in the 
Unambiguous (set-matched) condition (Table 2; t(130) = 0.02, p = 0.99).

In addition, we used Latent Semantic Analysis (LSA; Landauer & Dumais, 1997) to establish 
how well the target word fitted with the preceding narrative (see Supplementary Material for 
details). The output from this procedure is a score between –1 (very low semantic similarity) and 
1 (very high semantic similarity). We observed low scores (ranging from –0.11 to a maximum 
of 0.5), reflecting the relatively low predictability of the target words in these contexts. There 
was no significant difference in target word fit between the three conditions (Table 2; F(2,191) 
= 0.153, p = 0.86).

Picture probes

Pictures were taken from the Noun Project icon database (https://thenounproject.com/). The 
66 ambiguous words were paired with a single black-and-white picture that depicted both 
its subordinate meaning (e.g., the musical meaning of “organ”) and its counterpart in the 
Unambiguous (item-matched) condition (e.g., “piano”). A non-overlapping set of pictures were 
chosen for the 66 target words in the Unambiguous (set-matched) condition (e.g., “leather”). 

Table 2 Descriptive Statistics. 
Frequency is given in 
frequency per million words, 
based on SUBTLEX-UK (van 
Heuven et al., 2014). The 
table contains frequency 
means, with standard 
deviations in brackets. Age 
of acquisition and Familiarity 
ratings were taken from 
Scott et al., 2019. Number 
of syllables was calculated 
for British pronunciations, by 
eSpeak speech synthesiser 
(http://espeak.sourceforge.
net/). Narrative and Picture 
information was newly 
collected (see below).

AMBIGUOUS 
(N = 66)

UNAMBIGUOUS 
(ITEM-MATCHED) 
(N = 66)

UNAMBIGUOUS 
(SET-MATCHED) 
(N = 66)

Target word characteristics

Frequency 43.72 (74.16) 34.32 (58.41) 42.39 (97.59)

Age of acquisition 3.23 (0.87) 3.48 (1.18) 3.00 (0.85)

Familiarity 5.65 (0.79) 5.78 (0.68) 5.70 (0.75)

Number of syllables 0.97 (0.86) 1.71 (1.15) 1.17 (0.82)

Narrative characteristics

Number of words 25.04 (3.69) 25.04 (3.69) 24.15 (3.79)

Narrative naturalness rating 5.27 (1.66) 5.27 (1.66) 5.27 (1.67)

Key word fit: LSA score 0.07 (0.11) 0.07 (0.09) 0.08 (0.10)

Target picture characteristics

Picture representativeness 4.93 (1.78) 5.16 (1.78) 5.74 (1.48)

https://www.gorilla.sc/about
https://www.prolific.co
https://thenounproject.com/
http://espeak.sourceforge.net/
http://espeak.sourceforge.net/
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Each target picture was paired with an unrelated picture that served as its distractor in the 
two-alternative forced choice task. Distractors were selected from a list of items generated 
by a random noun generator (https://randomwordgenerator.com/) on the basis of being 
relatively unambiguous, easily imageable and unrelated to their narrative. Each target picture 
was paired with a distracter with similar visual complexity. To ensure participants’ attention 
throughout the narratives and to avoid response strategies focused on narrative-final words 
only participants had to respond to a second two-alternative forced-choice prompt earlier in 
each experimental narrative. At the offset of Sentence 1, two picture probes appeared, with 
one picture clearly related to the sentence and an unrelated distracter picture. For example, 
the sentence “The shop had some complicated items that needed repair” was followed by a 
picture depicting “repair” and a distracter picture (see also Figure 1). These Sentence 1 picture 
probes also allowed us to make comparisons between conditions at a point in the narrative 
where we would not expect statistical differences (i.e., because the sentence and pictures 
were identical in the Ambiguous and Unambiguous (item-matched) condition, or because 
we have no theoretical reason to justify processing differences between the Ambiguous and 
Unambiguous (set-matched), or between the two control conditions).

A pre-test was used to establish the extent to which pictures represented the intended words. 
Participants saw word-picture pairs (e.g., a picture of a piano/organ alongside either the word 
piano or the word organ) and were asked to rate how well the picture represented the word’s 
meaning on a scale from 1 (“represents the word’s meaning not at all”) to 7 (“represents the 
word’s meaning perfectly”, see Supplementary Material). Each target word was presented with 
a short definition of its contextually appropriate meaning to make sure that ambiguous target 
words were rated in relation to the intended meaning. We analysed data from 90 participants 
(30 participants per word-picture pair). A one-way ANOVA revealed a significant difference 
in mean ratings between conditions, F(2, 195) = 15.05, p < .001, η2 = 0.13. Post-hoc tests 
showed that the picture-word pairs in the Unambiguous (set-matched) condition (M = 5.74, 
SD = 1.48) were rated more highly than items in both the Ambiguous (M = 4.93, SD = 1.78) 
and Unambiguous (item-matched) condition (M = 5.16, SD = 1.78; see Table 2; both p < .001). 
This likely indicates that the additional constraints on selecting pictures that worked for both 
the Ambiguous and Unambiguous (item-matched) conditions had resulted in the selection 
of pictures that were less optimal than those chosen in the less (set-matched) constrained 
Unambiguous condition. Note that there was no significant difference between picture-word 
representative ratings across the Ambiguous and Unambiguous (item-matched) conditions.

FILLER NARRATIVES

We included filler narratives to make the timing of the picture probes within each narrative 
less predictable and less open to strategic influences. We developed 13 filler narratives with 
similar characteristics to those in the three conditions. Picture probe pairs were selected for 
each narrative. These were presented at the onset of Sentence 1 in nine filler narratives and at 
the offset of Sentence 2 in the other four filler narratives.

DESIGN

Participants completed a 2-alternative-forced-choice picture selection task, within a repeated-
measures two-version design. Accuracy and response times of button presses in response to 
picture probes were our dependent measures. Each participant encountered half the items (33 
narratives) from each of the Ambiguous, Unambiguous (item-matched) and Unambiguous (set-
matched) conditions. Two stimulus lists (or versions) were created such that the Ambiguous 
and Unambiguous (item-matched) variants of the same narrative were counterbalanced 
across participants, and no participant encountered the same narrative twice. Each list also 
included the 33 Unambiguous (set-matched) narratives that were pair-wise matched to 
Ambiguous narratives in that list. All participants encountered the same 13 filler stories.

PROCEDURE

The experiment was set up using the Gorilla Experiment Builder (www.gorilla.sc/about; Cauldron 
Inc.; Anwyl-Irvine et al., 2019). Participants completed it online in their own time, using their 
own computer or laptop with a keyboard and headphones. Participants first completed an 

https://randomwordgenerator.com/
https://www.gorilla.sc/about
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audio technology check. They were asked to confirm that their browser’s auto-play function 
for audio files was enabled, or, if this was not the case, they were shown how to enable this 
function (based on a Gorilla task developed by Milne et al., 2021). They then completed a six-
trial Huggins Pitch task (also developed by Milne et al., 2021) in which they heard three bursts 
of white noise and were asked to identify a hidden ringing tone that was only audible when 
wearing headphones. In the initial phase of data collection, participants could only continue 
on to the main task if they had passed all six Huggins Pitch trials. We experienced a high level 
of data loss due to this restriction (n = 36 out of 88 participants who started the experiment), 
and therefore decided to change the restriction such that participants could continue on to the 
main task if they had passed four out of six trials.

Participants then heard an example sound file from the same recording session as the 
files used in the main task, and adjusted their volume levels. They were asked to turn off 
background noise on their device (e.g., notifications, music) and to maximise their browser 
window. They completed a brief demographic questionnaire on their language background, 
age, and sex.

The main task was a picture selection task. Participants were told that they would hear a 
succession of short stories and that within each, they would sometimes see a pair of pictures 
on the screen, and that they should then “quickly select the picture that fits best with what 
[they had] just heard in the story” (“c” vs “m” keys for the picture presented on the left and 
right, respectively). They were told that they should do this as quickly and accurately as possible 
(Figure 1).

Each trial started with a fixation cross, presented in the centre of the screen for 1500 ms, with 
100 ms of blank screen both before and after the cross appeared. Each spoken sentence was 
presented individually, and played automatically. Following Sentence 1 in each trial, a 100 
ms buffer blank screen appeared. To ensure participants’ attention and serving as a “sanity 
check” for our analysis of condition differences, two pictures then appeared (coinciding with 
the auditory presentation of Sentence 2). One of these pictures was related to the final word in 
Sentence 1, (e.g. “repair”) while the other was an unrelated distracter. Button press response 
times to these Sentence 1 picture probes were measured from picture onset, i.e. 100 ms after 
sentence offset. Picture probes disappeared from the screen automatically after 3000 ms, or at 
the offset of Sentence 2 (whichever occurred first). Sentence 2 was followed by another 100 ms 
buffer blank screen, and then by Sentence 3. The critical picture probes appeared on the screen 
at the offset Sentence 3, i.e. after the final target word. The target picture was related to the 
intended (subordinate) meaning of the ambiguous word (or the meaning of the unambiguous 
word in the control conditions), while the distracter was unrelated. Button press response times 
to these picture probes were measured from picture onset, i.e. at the offset of the target word. 
Pictures disappeared and trials timed out after 3000 ms.

Filler narratives followed the same basic pattern, with fixation cross and buffer screens 
between sentences. However, picture probes were presented either at the onset of Sentence 
1, or 100 ms after the offset of Sentence 2. Button press data for these probes were collected 
but not analysed.

Before the main task, participants completed four practice trials with feedback. After the 
practice trials, the main task always began with two filler narratives, so that only data from 
the third trial onwards were analysed. Otherwise, stimulus presentation order was randomized 
for each participant. The position of target and distracter pictures on the left vs the right of the 
screen was randomly assigned for each item (50% of targets on the left overall) but kept the 
same for all participants.

RESULTS
GROUP-LEVEL ANALYSES

Our aims in this section were twofold. Firstly, we test our hypothesis that responses to 
the critical picture probes following Sentence 3 would be less accurate and slower in the 
Ambiguous condition compared to the Unambiguous (item-matched) condition, replicating 
the “subordinate bias effect” using a typical psycholinguistic experimental design. The second 
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aim was to test the appropriateness of the Unambiguous (set-matched) condition (compared 
to the Unambiguous (item-matched) condition) for future studies of individual differences in 
disambiguation ability.

Group-level analyses: analytic approach

We ran three sets of group-level analyses for picture selection accuracy and response times 
(for correct selections): 1) Ambiguous vs. Unambiguous (item-matched), 2) Ambiguous 
vs. Unambiguous (set-matched), 3) Unambiguous (item-matched) vs. Unambiguous (set-
matched; see “Group-level” analysis in Table 3). Because the three conditions differed in the 
representativeness of picture-word ratings of the critical probes, we included centred mean 
picture rating for each item as a continuous covariate in our models.

Filler narrative trials and practice trials were removed prior to data analysis. We analysed 
accuracy and response times on first attempts at a button press only, and removed trials with 
response times below 250 ms (2.90% of the first-attempt button presses). We retained trials 
that were timed out for accuracy analyses, counting these trials as errors. On critical picture 
probes (i.e. probes that appeared after Sentence 3), time-outs were defined as trials in which a 
response did not occur within a 3000 ms time window from appearance of the pictures (0.23%). 
For response time analyses, we removed all incorrect trials (including time-outs). We checked 
the assumption of normality of residuals by visual inspection of predicted-residual plots and 
histograms of raw data, inverse-transformed and log-transformed response time data. As the 
log-transformation provided the most appropriate distribution of residuals all response times 
were log-transformed prior to analysis (Baayen, 2008; Brysbaert & Stevens, 2018). Data were 
analysed using mixed effects models in R (version 3.6.2) within RStudio (version 1.4.1106; 
RStudio Team, 2015), using the glmer() and lmer() functions from the lm4 package (version 
1.1-26; Bates et al., 2015). We fitted mixed effects models with maximal random effects 
structures, following Barr and colleagues (2013).

1) Ambiguous vs Unambiguous (item-matched). Due to counterbalancing, the paired 
narratives in the Ambiguous and Unambiguous (item-matched) condition were 
encountered by different participants across the two stimulus lists. For comparisons 
between these two conditions, we therefore fitted mixed effects models with a fixed effect 
for Condition (deviation-coded as Ambiguous -0.5/Unambiguous (item-matched) 0.5), a 
fixed effect for the between-subjects factor List (deviation-coded List A 0.5/List B –0.5) and 
a fixed Condition × List interaction effect. The random effects structure was kept maximal 
where possible, with a random intercept and random slope for Condition by subjects, and 
a random intercept and random slope for Condition by items.

2) Ambiguous vs Unambiguous (set-matched). The Ambiguous condition and Unambiguous 
(set-matched) condition differed in narrative context, probe words and the pictures 
that were presented. Each participant encountered Ambiguous and Unambiguous (set-
matched) trials, but the items did not constitute pairs. For comparisons between the 
Ambiguous and Unambiguous (set-matched) condition, we therefore fitted mixed effects 
models with a fixed effect for Condition (deviation-coded as Ambiguous –0.5/Unambiguous 
(set-matched) 0.5). The random effects structure was kept maximal, with random intercept 
and random slope for Condition by subjects, and a random intercept by items.

3) Unambiguous (item-matched) vs Unambiguous (set-matched). The Unambiguous (item-
matched) condition and Unambiguous (set-matched) condition differed in narrative 
context, probe words and the pictures that were presented. For comparisons between 
the two control conditions, we therefore fitted mixed effects models with a fixed effect 
for Condition (deviation-coded as Unambiguous (item-matched) –0.5/Unambiguous (set-
matched) 0.5). The random effects structure was kept maximal, with random intercept 
and random slope for Condition by subjects, and a random intercept by items.

In the case of non-convergence or singular fit, the random effect structure of a model was 
reduced following these steps: 1) removing the correlations between random slopes and 
random intercepts, 2) removing random intercepts. If these steps did not solve the convergence 
issues, we started from the maximal random effects structure again, and removed the random 
slope that accounted for the least amount of variance. If this step also did not solve the issue, 
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we followed the above steps 1 and 2 again, having removed one of the random slopes. We 
followed these steps iteratively until the model converged, and then used the maximal model 
that would converge for all model comparisons via likelihood ratio tests.

Group-level analyses: Results

Before reporting results from the critical picture probes, we first report analyses of accuracy and 
response times of the picture probes that followed Sentence 1. This allowed us to confirm that 
participants paid adequate attention to the stories and that there were no salient differences 
between conditions at this point in the narratives. We followed the same data cleaning and 
transformation procedures as for the other picture probes described above, but time-outs were 
defined as trials in which a response did not occur within the duration of the Sentence 2 audio 
file. There were no such time-outs within the dataset. Descriptive data are shown on the left 
panels in Figure 2.

We first compared the Ambiguous and Unambiguous (item-matched) conditions, where 
narrative and picture probe were identical for matched pairs. Main effects of Condition or List, 
and the Condition × List interaction were non-significant for accuracy (all ps > .2) and response 
times (all ps > .3).

Next, we compared the Ambiguous and Unambiguous (set-matched) conditions, where 
narratives were non-identical but unambiguous at this point. The main effect of Condition was 
non-significant for both accuracy (p = .601) and response times (p = .057).

Finally, the comparison across the two control conditions (Unambiguous (item-matched) vs. 
Unambiguous (set-matched)) revealed no main effect of Condition on accuracy (p = .331). For 
response times, however, the main effect of Condition was significant, b = 0.02, SE = 0.01, t = 
2.53, χ2(1) = 6.38, p = .012, with significantly longer response times in the Unambiguous (item-
matched) (M = 784.18, SD = 223.5) compared to the Unambiguous (set-matched) condition (M 
= 747.99, SD = 204.01).

Performance on the critical Sentence 3 picture probes is plotted in the right panels of 
Figure 2. First, we will discuss the comparison between the Ambiguous and Unambiguous 
(item-matched) condition, which had the aim of replicating the classic “subordinate-bias 
effect”. As predicted, there was a significant main effect of Condition on accuracy, b = 1.03, 
SE = 0.46, z = 2.24, χ2(1) = 5.42, p = .02, with significantly lower accuracy in the Ambiguous 
(M = 0.93, SD = 0.25) compared to the Unambiguous (item-matched) condition (M = 0.96, 
SD = 0.19). The main effect of List was also significant, b = –1.18, SE = 0.45, z = –2.65, χ2(1) = 
7.28, p = .007, with List A associated with significantly lower accuracy (M = 0.94, SD = 0.25) 
than List B (M = 0.96, SD = 0.19). The Condition × List interaction was significant, b = –1.39, 
SE = 0.70, z = –1.97, χ2(1) = 4.07, p = .044. The main effect of the picture representativeness 
rating covariate on accuracy was also significant, with those items that had received higher 
picture ratings associated with relatively greater accuracy in the disambiguation task,  

Table 3 Summary of analysis 
aims and statistical models. 
For simplicity, covariates 
are not included in this 
summary. Amb = Ambiguous, 
Unamb = Unambiguous.

ANALYSIS CONDITION 
COMPARISON

AIM MAXIMAL MODEL COMPARISON MODEL

Group-level Amb vs Unambi 
(item-matched)

Replicate ambiguity 
effect using Unambiguous 
(item-matched)

1 + Condition + List + Condition:List 
+ (1 + Condition|subjects) + 
(1 + Condition|items)

1 + List + Condition:List + 
(1 + Condition|subjects) + 
(1 + Condition|items)

Amb vs Unamb 
(set-matched)

Replicate ambiguity 
effect using Unambiguous 
(set-matched)

1 + Condition + (1 + 
Condition|subjects) + (1|items)

1 + (1 + Condition|subjects) + 
(1|items)

Unamb 
(item-matched) vs 
Unamb (set-matched)

Ensure control conditions 
are comparable

1 + Condition + (1 + 
Condition|subjects) + (1|items)

1 + (1 + Condition|subjects) + 
(1|items)

Individual 
differences

Amb vs Unamb 
(set-matched)

Assess individual 
differences in task 
performance

1 + Condition + (1|subjects) + (1|items) 1 + Condition + (1|items)

Amb vs Unamb 
(set-matched)

Assess individual 
differences in ambiguity 
effect

1 + Condition + (1 + 
Condition|subjects) + (1|items)

1 + Condition + (1|subjects) + 
(1|items)
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b = 0.39, SE = 0.16, z = 2.47, χ2(1) = 6.18, p = .013. None of the interactions of picture rating with 
the other fixed effects were significant (all ps > .1). As predicted, the main effect of Condition 
on response times was also significant, b = –0.04, SE = 0.01, t = –7.41, χ2(1) = 41.68, p < .001, 
with significantly longer response times in the Ambiguous condition (M = 879.47, SD = 311.04) 
compared to the Unambiguous (item-matched) condition (M = 781.73, SD = 254.99). The main 
effect of List and the Condition × List interaction were non-significant (ps > .2). The main effect 
of the picture rating covariate was significant, b = –0.03, SE = 0.004, t = –6.59, χ2(1) = 38.63, p < 
.001, as was the Condition × Picture rating interaction, b = 0.02, SE = 0.01, t = 2.8, χ2(1) = 7.54, p 
= .006. Post-hoc comparisons with Tukey-adjusted p-values using the emmeans() package (v. 
1.6.2-1, Lenth, 2021) showed that the slope for picture rating was significantly steeper in the 
Ambiguous condition than the Unambiguous (item-matched) condition. Items with higher 
picture representativeness ratings were associated with relatively faster response times in the 
disambiguation task (b = –0.02, SE = 0.01, z-ratio = –2.89, p = .004; averaged over lists).

The comparison between the Ambiguous condition and the Unambiguous (set-matched) 
condition had the aim of establishing this less well-matched control condition as a viable 
alternative to a closely-matched control for use in individual differences designs. As predicted, 
the main effect of Condition on accuracy was significant, χ2(1) = 7.39, p = .007, with lower 
accuracy in the Ambiguous condition (M = 0.93, SD = 0.25) compared to the Unambiguous 
(set-matched) condition (M = 0.97, SD = 0.17). The main effect of picture rating (p = .06) and 
the Condition × Picture rating interaction (p = .805) were non-significant. There was also a 
significant main effect of Condition on response times, b = –0.06, SE = 0.01, t = –5.55, χ2(1) 
= 28.38, p < .001, with significantly longer response times in the Ambiguous condition (M = 
879.47, SD = 311.04) compared to the Unambiguous (set-matched) condition (M = 731.82, SD 
= 253.91). The main effect of picture rating on response times was also significant, b = –0.03, 
SE = 0.01, t = –4.39, χ2(1) = 18.38, p < .001, with those items that had received higher picture 
representativeness ratings in our pilot associated with relatively faster response times in the 
disambiguation task. The Condition × Picture rating interaction was non-significant (p = .211).

Figure 2 Mean accuracy 
(proportion) and response 
time on correct trials (ms) in 
each of the three conditions 
on Sentence 1 and Sentence 
3 probes for each participant. 
Boxplots show median and 
quartiles, diamond shows 
mean across the sample. 
* p < .05; ** p < .01; *** p < .001.
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Finally, we compared the two control conditions. We expected there to be no significant 
difference in accuracy or response times between the two control conditions, thereby supporting 
the conclusion that the differences between the Ambiguous and Unambiguous (set-matched) 
condition were likely driven by the difference in terms of disambiguation demands, rather 
than simply driven by differences in the lexical items, sentence structure, or pictures used. As 
anticipated, there was no main effect of Condition on accuracy; nor was there a main effect of 
picture rating or interaction (all ps > .09). In contrast, the main effect of Condition on response 
times was significant, b = 0.02, SE = 0.01, t = 2.31, χ2(1) = 5.38, p = .02, with significantly longer 
response times in the Unambiguous (item-matched) (M = 781.73, SD = 254.99) compared 
to the Unambiguous (set-matched) condition (M = 731.82, SD = 253.91). The main effect of 
picture rating was also significant, b = –0.02, SE = 0.01, t = –3.81, χ2(1) = 14.16, p < .001, with 
those items that had received higher picture representativeness ratings being associated with 
relatively faster response times in the disambiguation task. The Condition × Picture rating 
interaction, however, was non-significant (p = .793).

Interim summary

Our analyses replicated the classic “subordinate-bias effect” with lower accuracy and longer 
response times in narratives containing an ambiguous word compared to otherwise identical 
narratives without the ambiguous word (Unambiguous (item-matched) condition). The same 
pattern was seen for the comparison between ambiguous narratives and those in the less well-
matched unambiguous condition. This allows us to be optimistic about the appropriateness 
of this Unambiguous (set-matched) condition in individual differences designs. Reassuringly, 
there were no differences across ambiguous vs unambiguous conditions before Sentence 3, 
indicating that the source of condition differences was related to the ambiguity manipulation 
itself. Adding complexity, however, a comparison between the two control conditions had 
mixed results. At the level of picture selection accuracy, the two control conditions behaved 
similarly. However, response times on both Sentence 1 and Sentence 3 picture probes differed 
across the two control conditions. We will discuss the implications of these results for the 
validity of our task in the Discussion.

Assessing individual differences

Our aim in this section was to determine whether there were systematic differences between 
the performance of participants both in terms of (i) their overall task performance (i.e. speed 
and accuracy of their responses, regardless of condition) and (ii) the extent to which their 
performance is impacted by condition (i.e. the effect of ambiguity). We consider each of these 
questions before turning to consider measurement reliability.

Individual differences: Analytic approach
We investigated the existence of individual differences in the effect of ambiguity in a 
comparison between the Ambiguous and Unambiguous (set-matched) condition, following 
a procedure using mixed effects models (Kliegl et al., 2011; Staub, 2021). In these models, 
random intercepts by-subjects reveal whether individual participants are consistently slower 
or more error-prone than others. In addition, we can account for between-subject variation in 
the effect of a variable-of-interest (e.g., Ambiguity) by including a random slope. We can check 
whether there are systematic differences in the extent to which individuals are influenced 
by this variable by comparing a model that includes a random slope (for, e.g., Ambiguity) to 
a model that does not (i.e., a random-intercepts-only model). A significant improvement in 
model fit with the inclusion of the random slope would be taken as evidence for the existence 
of systematic individual differences. We therefore fitted three models with identical fixed-
effects but varying random-effects structure to accuracy and log-transformed response time 
data for the picture selection responses in critical Sentence 3 picture probes: Model 0 without 
any by-subjects random effects, Model 1 with a random by-subjects intercept, and Model 2 
with a random by-subjects intercept and a random by-subjects slope for Ambiguity, allowing 
intercept and slope to covary.

Individual differences: Results
To test for systematic individual differences in overall task performance (i.e. speed and accuracy 
of responses, regardless of condition), we compared Model 1 to Model 0. For accuracy, Model 1 
(AIC: 1137.2, BIC: 1173.8) showed significantly improved fit compared to Model 0 (AIC: 1207.5, 
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BIC: 1238.0), χ2(1) = 72.24, p < .001. Similarly, for response times, Model 1 (AIC: –5079.1, BIC: 
–5036.8) showed significantly improved fit compared to Model 0 (AIC: –3994.3, BIC: –3958.0), 
χ2(1) = 1086.9, p < .001 These results provide evidence for systematic individual differences in 
overall accuracy and response time, independent of condition, on the picture selection task.

To test for systematic individual differences in the extent to which participants’ performance 
was impacted by condition (i.e. the effect of ambiguity), we compared Model 2 to Model 1. For 
accuracy, we found a significant improvement in fit for Model 2 (AIC: 1132.5, BIC: 1181.3) over 
Model 1 (AIC: –5079.1, BIC: –5036.8), χ2(2) = 8.76, p = .013. This result indicates that there are 
individual differences in the effect of condition (i.e. ambiguity) on picture selection accuracy. 
For response times, we did not find a statistically significant improvement in fit for Model 2 over 
Model 1, χ2(2) = 4.20, p = .122.

Figure 3 shows conditional modes from Model 2 (the maximal model) for each participant. 
These conditional modes are “predictions” of the means of individual participants, based on 
parameter estimates of our model. We plotted conditional modes for the intercept (reflecting 
overall differences in task performance between participants) and for the random slope for 
condition (reflecting individual differences in the effect of ambiguity on the dependent 
variable). As can be seen on left-hand ‘Accuracy’ and ‘Response times’ panels of Figure 3, there 
is a degree of individual variability in mean accuracy and in mean response time on the task, as 
intercept values for individuals deviate from the 0-line (i.e. the population mean). In the right-
hand panel ‘Accuracy’ of Figure 3, there is also an indication of individual variability in the size of 
ambiguity effects on accuracy, with individual conditional modes deviating from the 0-line (i.e. 
the population mean) of the Condition effect. However, there is no clear evidence for individual 
variability in the size of ambiguity effects on response times since individual conditional modes 
do not deviate far from the 0 line of the Condition effect.

TASK RELIABILITY

The model comparisons in the previous section provided evidence for the existence of 
systematic individual differences in the influence of ambiguity on picture selection accuracy. 
What is still unclear is whether an individual difference measure derived from the task could 
be successful in rank-ordering participants consistently. We therefore asked whether the task 
has shown adequate measurement reliability in this sample. We calculated reliability estimates 
by employing a permutation approach to split-half reliability, following Parsons et al., (2019). 
We report reliability estimates for each condition (Ambiguous, Unambiguous (item-matched), 
Unambiguous (set-matched)) in Table 4. Using the splithalf package (v.0.7.1, Parsons, 2021) in R, 
we created 5000 random splits of the trial-level data, and for each split calculated correlations 
between averages for each half of the data for each participant. We report here the Spearman-
Brown corrected mean correlation coefficient and 95% confidence interval from this procedure. 
As can be seen in Table 4, reliability estimates for the response time measure are excellent, 
while estimates for accuracy are lower with much wider confidence intervals.

In individual differences studies using subtractive designs, researchers often calculate a 
“difference score” between conditions to isolate the process of interest and form a single 
score for each participant. For example, we may want to average each participants’ response 
times in the Ambiguous condition, and subtract from that their average response time in 

Figure 3 Estimates for 
individual participants, for the 
intercept and the condition 
difference in accuracy and 
response time of picture 
selection. We used the 
dotplot() function from the 
lattice package, and the 
ranef() function from lme4, 
to plot conditional modes 
from the maximal model 
(i.e. “predictions” for means of 
individual participants, based 
on the parameter estimates 
of our model). Each row 
represents the conditional 
mode (and standard error) 
for one participant, in terms 
of its deviation from the 
population mean (centred 
at 0). Individual participants 
are rank-ordered according 
to the conditional mode of 
their intercept, from highest 
estimate (i.e., positive 
deviation from the mean) to 
lowest (i.e., negative deviation 
from the mean).
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the Unambiguous condition, to get at their “ambiguity effect”. We end our investigation of 
reliability therefore by considering the reliability estimate for difference scores between 
the Ambiguous and Unambiguous (set-matched) condition (i.e. capturing variation in 
disambiguation performance within the same participant across different narratives), using the 
same permutation-based split-half procedure. As can be seen in Table 4, reliability estimates 
are relatively poor for difference scores based on accuracy, and even worse for response time 
difference scores. These results strongly discourage the use of such difference scores in future 
investigations of individual differences with our disambiguation task. Note, however, that 
results from the group-level analysis of the present data do not hinge on the calculation of 
difference scores.

DISCUSSION
Adapting group-level experimental designs and applying them to the study of individual 
differences is far from straightforward (Hedge et al., 2018; Rouder et al., 2019; Rouder & Haaf, 
2019). There are foundational differences in design logic between these two research domains, 
and they present challenges with respect to both validity and reliability (the “Yin and Yang of 
any undergraduate textbook on research methods”; Holmboe, 2022).

In the current study we adapt a group level task to develop a task suitable for measuring 
individual differences in participants’ ability to use contextual cues to guide word-meaning 
access. This work highlights the specific complexities that arise when adapting experimental 
paradigms (i) that use a subtraction design that compares performance on a condition-of-
interest with a control condition, and (ii) for which multi-version designs are typically used 
to ensure appropriate stimulus control between conditions. In this discussion we reflect on 
various design decisions and compromises, and use our results to consider the impact of our 
approach and possible lessons for future work.

IS OUR TASK VALID?

At the heart of our experiment is the comparison between performance in the Ambiguous 
and Unambiguous conditions. To be informative at the level of individual differences, these 
conditions needed to be sufficiently dissimilar so that all participants could respond to all 
items. By definition, a single-version experimental design precludes the very close item-to-item 
matching across conditions that is typical in traditional multi-version experiments on lexical 
ambiguity (e.g., placing target words within identical sentence frames). In the present study, the 
Ambiguous vs Unambiguous (set-matched) conditions therefore included different sentence 
frames with non-overlapping meanings, and were paired with entirely different picture probes. 
We matched as best we could without repeating any linguistic content that would likely lead 
to between-item priming effects, but acknowledge that the threat to measurement validity 
caused by this mismatch between experimental and control condition cannot be eliminated 
entirely, but only contained as best we can. Our aim in this experiment was to assess the 
utility of this “unmatched” Unambiguous condition to then have confidence in using it in future 
larger-scale studies of individual differences.

Our primary approach to establishing the utility of this comparison between our conditions 
of interest was to include an additional control condition, namely one that was more closely 
matched to the Ambiguous condition. To do this, we drew on the standard condition used 

Table 4 Reliability estimates 
for each dependent variable 
and condition. Estimates are 
Spearman-Brown corrected 
mean correlation coefficients 
(and 95% confidence intervals) 
based on 5000 random splits 
of the data (Parsons, 2021).

RELIABILITY ESTIMATE 

ACCURACY RESPONSE TIME (LOG-
TRANSFORMED)

Averages

Ambiguous 0.67, 95% CI [0.48, 0.81] 0.92, 95% CI [0.88, 0.95]

Unambiguous (item-matched) 0.69, 95% CI [0.47, 0.83] 0.93, 95% CI [0.90, 0.95]

Unambiguous (set-matched) 0.67, 95% CI [0.40, 0.85] 0.93, 95% CI [0.90, 0.96]

Difference scores

Ambiguous – Unambiguous (set-matched) 0.43, 95% CI [0.07, 0.67] 0.14, 95% CI [–0.22, 0.47]
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in group-level studies of ambiguity resolution where, other than the target word (“organ” vs 
“piano” in our example), the context is kept identical across conditions. Performance in the 
Ambiguous condition could then be compared directly with both this Unambiguous (item-
matched) condition and the Unambiguous (set-matched) condition. In an ideal world, the 
two control conditions would behave in an identical manner in terms of both their group-level 
and participant-level characteristics – any observed differences between them would reflect 
imperfect stimulus matching between our conditions. We collected extensive pilot and norming 
data to explore item-level characteristics and to minimise any differences between conditions 
that might influence performance.

With respect to the potential utility of the Unambiguous (set-matched) condition as a control, 
the results are mixed. The Unambiguous (set-matched) and Unambiguous (item-matched) 
conditions are similar in that both revealed an appropriate ‘ambiguity disadvantage’ (or 
“subordinate bias effect”; Pacht & Rayner, 1993; Rayner et al., 1994) relative to the Ambiguous 
Condition. This effect was seen in both the accuracy and latency data (Figure 2). Contrary to 
our expectations, however, the Unambiguous (set-matched) condition was associated with 
a numerically larger ambiguity effect than the Unambiguous (item-matched) condition. Of 
particular concern, a direct statistical comparison between these two supposedly equivalent 
control conditions revealed that responses were faster in the Unambiguous (set-matched) 
condition. This relatively small, but statistically significant, condition difference is difficult to 
explain. We worked through several iterations of stimulus generation, pre-testing and selection, 
yet we were still left with undesired differences by condition that cannot be attributed to any 
obvious difference between the two. Conditions were well-matched in terms of rated naturalness, 
and for the fit between the narrative context and the target word – at least as measured by 
LSA. It is worth noting the potential of sophisticated Large Language Models (e.g., the GPT 
family of models) to shape approaches to stimulus matching in language research, particularly 
when researchers face multiple and complex contextual constraints as they develop stimuli. 
Our stimuli did differ with respect to how well the target pictures represented the meaning of 
the target word, but the overall difference in performance between the two control conditions 
persisted, even when picture ratings were included as a covariate in the analysis.

Despite our best efforts, there must be differences between the two conditions that were 
systematic enough to produce significant differences in performance. Of course, there are 
numerous additional variables that we did not consider. In an ideal world, variation in additional 
variables would distribute randomly across conditions such that systematic differences in 
performance across conditions would be unlikely. Unfortunately, however, as anyone who has 
ever created psycholinguistic stimuli is all too aware, this assumption is rarely safe. Language 
stimuli vary on numerous dimensions that often correlate such that when one dimension is 
manipulated, we inadvertently induce variation in another correlated dimension and it might 
be this complex interplay between stimulus characteristics that influences behaviour. This 
issue has been widely discussed: over 40 years ago, Anne Cutler (1981) described the history 
of psycholinguistics as a chronicle of “the continual discovery of new confounds”. Indeed, she 
used lexical ambiguity as a case study to illustrate this exact point, describing how some of 
the early reports of ambiguity effects on word processing disappeared when the stimuli were 
appropriately matched on factors such as word length. Ambiguous words tend to be shorter 
than unambiguous words meaning that in the absence of explicit matching, length may well 
serve as a confound. Forty years after Cutler’s important paper, the endeavour to disentangle 
the effects of highly correlated linguistic variables continues (e.g., Mandera et al., 2020; Miguel-
Abella et al., 2022; Siew et al., 2021; Tse et al., 2022).

Returning to the difference between our two control conditions, it remains unclear how this 
small, but statistically significant difference, came about. Although we cannot be certain, 
we suggest it is a likely – and perhaps even inevitable – consequence of the constraints we 
faced during stimulus creation. Multiple simultaneous constraints made construction of the 
Ambiguous and Unambiguous (item-matched) conditions difficult (i.e., finding matched 
pairs of words to fit into the same narrative context and be depicted by the same picture). By 
contrast, the Unambiguous (set-matched) condition was relatively unconstrained and it may 
be that this resulted in items that were in some hard-to-define way just ‘easier’ than those in 
the other control condition. We anticipated this scenario and attempted to safeguard as best 
we could (e.g., by pretesting for naturalness), yet some between-condition differences were 
clearly present.
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While unfortunate, this difference in behaviour between the two control conditions serves to 
illustrate the importance of our study having included both control conditions. Had we taken the 
approach of simply presenting results from a comparison between the Ambiguous condition 
and a within-participant control condition (i.e., the Unambiguous (set-matched) condition) 
that had been matched as closely as possible, the consequence of imperfect matching would 
have been hidden from view. We included the Unambiguous (item-matched) condition as a 
form of “sanity check” as we assessed the utility of the Unambiguous (set-matched) condition 
for future studies of individual differences. We are pleased to have done so: while additional 
comparisons may not always tell us what we want to hear, it may at least ensure humility in 
our inferences. It also reminds us to be cautious in how we interpret findings from group-level 
studies of ambiguity that have used non-matched item sets. In particular, it highlights the 
need for caution when interpreting the results of neuro-imaging studies where this approach 
is common due to the expensive and time-consuming nature of data collection (Kadem et al., 
2020; Rodd et al., 2005, 2010, 2012; Vitello et al., 2014; Vitello & Rodd, 2015).

Our task is valid in that the key group-level ambiguity effect did emerge, but the above 
discussion does highlight possible threats to validity. It is also important to be clear that even 
if we could be highly confident about the appropriateness of the baseline condition, this is 
only a necessary and not a sufficient condition to ensure task validity. Additional work still 
needs to be done to ensure that participant variation in task performance can confidently be 
attributed to differences in ambiguity resolution skill. One possibility is to derive, where possible, 
multiple measures from within the same dataset. For example, the current dataset provides 
the potential to explore within-condition differences such as the effect of word-meaning 
dominance (i.e. meaning frequency; Twilley, Dixon, Taylor & Clark, 1994) on performance. Just 
as narratives containing ambiguity should place more demands on disambiguation processes 
compared with relatively unambiguous narratives, we would also expect ambiguous narratives 
whose intended meanings are strongly subordinate (e.g., the “animal enclosure” meaning 
of “pen”) to show a stronger effect than narratives based on word meanings that are more 
common. Convergent evidence from within the same dataset may, to some extent, support 
inferences about the likely factors that are driving any observed individual differences.

Another possibility comes from using multiple measures as indices of the construct-of-interest. 
In other domains, multiple measures allow psychometricians to capture an underlying trait 
using a latent variable structural equation model approach in which irrelevant task-specific 
behaviours that are not relevant to the construct-of-interest can be discounted (e.g. Goh et 
al., 2021; Dolean et al., 2021; Eid, Lischetzke, & Nussbeck, 2006). It would be optimal to devise 
multiple tests of disambiguation skill that are likely to load on a common construct-of-interest, 
but differ in extraneous dimensions such as the details of the task and stimuli.

IS OUR TASK RELIABLE?

Our focus so far has been with validity: to what extent can the observed differences in 
performance across the different conditions be attributed to differences in the targeted 
cognitive process of disambiguation skill, rather than some other extraneous difference 
between conditions? Of equal importance is the issue of reliability: to what extent does our 
task serve as a reliable measurement instrument?

Our findings offer some reassurance on reliability. Reliability estimates were excellent for 
response times, and near the desired 0.7 mark for accuracy. This might be taken as reassurance 
that, when adapted for use in a large-scale individual differences study, the combination of task 
and stimuli developed here will provide a reliable measurement instrument. However, there are 
several reasons to treat this reliability estimate with caution. First, it is likely that our findings 
under estimate the reliability of the task due to design choices that were made to optimise 
the ability of our experiment to also address a group-level question. For example, item order 
was randomised for each participant, and participants were assigned to one of two alternative 
versions that included different subsets of the stimuli. In addition, any measure of task reliability 
is necessarily tied to the particular participant sample – there is no guarantee that reliability 
will generalise to a different participant sample, who may differ in overall levels of performance 
or sample variance (Parsons et al., 2019). Nonetheless, we strongly advocate that the type of 
evidence gathered in our study provides an important pre-requisite. Before embarking on a 
resource-intensive large-scale individual differences study in which performance on a given task 
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is to be compared to other measures to address specific theoretical questions, it is important to 
establish reliability. Although discussion of individual differences in language skills is prevalent 
in the literature (e.g., Federmeier & Kutas, 2005; Gernsbacher, 1993; Khanna & Boland, 2010; 
Lee & Federmeier, 2011; Nation & Snowling, 1998; Norbury, 2005; Snedeker & Trueswell, 2004; 
Trueswell et al., 1999), few studies that utilize an experimental approach consider reliability, or 
report the reliability of their measures. As Parsons and colleagues (2019) argue, it is paramount 
for such research to always include an indicator of the reliability of a given task in the current 
dataset.

Although the internal reliability of a measure is orthogonal to the number of people tested, 
sample size is an important factor to consider in studies where two (or more) measures are 
related to each other. We believe that the case study reported here allowed us to adequately 
address our research questions about the validity of our task and to establish evidence for 
the existence of individual differences in task performance. However, correlational research 
questions about relationships between different language skills, or between language and non-
linguistic cognitive skills, can be answered appropriately only with internally reliable measures 
– and enough statistical power to detect such relationships (Spearman, 1910; see also Hedge, 
Powell, & Sumner, 2018). Deciding on appropriate sample sizes for individual differences 
studies a priori is unfortunately not straight forward. Although there exist some rule-of-thumb 
recommendations (e.g., N = 150 in Little, 2013; N = 250 in Schonbrodt & Perugini, 2013), a more 
systematic and customisable approach may lie in simulations based on pilot data of the tasks 
under investigation (e.g., using the simr package in R, Green & MacLeod, 2016, though see e.g. 
Albers & Lakens, 2018, for potential drawbacks of using pilot data for sample size planning).

REFLECTIONS ON STIMULUS DEVELOPMENT

We close our discussion by highlighting issues to do with stimulus development that may be 
of interest to researchers as they adapt experimental instruments with the aim of measuring 
individual differences in language processing.

The number of trials that contribute to a measure is important for its reliability: the more trials, 
the better (Rouder & Haaf, 2019; Kuder & Richardson, 1937). When creating linguistic stimuli, 
there may be a limit to how many “high quality” stimuli we can generate, or participants can 
reasonably endure. This is especially tricky with constraints such as needing ambiguous words 
whose meanings are easily depictable. We may need to make compromises and to weigh the 
costs and benefits of maximising item numbers on the one hand and creating a task that 
becomes too long and burdensome for participants to complete to their best ability.

As suggested by Holmboe (2022), extensive piloting may enable us to develop item sets that 
are sensitive to individual differences. With a big enough dataset, item quality can also be 
formally investigated using psychometric approaches like Item Response Theory (IRT; see 
Baylor et al., 2011, for a primer on IRT-based psychometrics on language measures). Similarly, 
cross-validation approaches (e.g., comparing a novel measure with a gold-standard or other 
existing measures that purport to measure the same construct), provide opportunities to assess 
the psychometric adequacy of a measure. A new iteration of our task has been developed and 
is currently being investigated for its psychometric properties, and we hope to make it available 
for other researchers to use in the future.

CONCLUSIONS
The development of any psycholinguistic task is a careful balancing act. The same experimental 
design will not be able to simultaneously answer both a group-level research question and 
one about individual-differences within the same study. We therefore strongly caution 
against the relatively widespread approach of designing studies to detect group-level effects 
and then expecting this same dataset to adequately answer important questions about 
individual differences. An initial group-level study might provide data about the feasibility of 
a particular task or set of stimuli to detect individual differences. However, as our own case 
study has demonstrated, measures from group-level multi-version experiments need to be 
treated as preliminary. Insights from group-level studies are important, especially as they 
can identify processes of interest that are theoretically motivated. Clearly, it is important to 
properly understand individual differences in language processing, but this endeavour requires 
substantial investment to bring about confidence in adequate measurement.
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	To study individual differences, researchers need instruments that measure performance adequately and can reliably capture variation between individuals. Psycholinguists may first look to the clinical and educational language sciences for standardised assessments that have been normed on representative samples (e.g., Test for the Reception of Grammar, ; the Woodcock-Johnson battery, ; Clinical Evaluation of Language Fundamentals (CELF), ). Such assessments tend to capture language skills in a relatively bro
	Bishop, 1983
	Woodcock-Johnson, 1977
	Semel, Wiig, & Secord, 2013
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	Developing bespoke tasks to capture individual differences raises numerous challenges. It requires defining the construct-of-interest (what do we want to measure?) and operationalising it (how should we measure it?), and considering the validity and reliability of the measurement (does our task measure what we want to measure and does the outcome measure rank-order individuals appropriately?) (; ; ). Our aim is to explore some of these challenges associated with using an experimental approach to capture ind
	Goodhew & Edwards, 2019
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	Tucker-Drob, 2011

	Using subtractive designs for individual differences research
	Many group-level experiments compare performance in a critical condition of interest to a carefully constructed control/baseline condition. The rationale of this approach is that general factors associated with task performance are controlled such that any difference across conditions can be attributed to the experimental manipulation. Consider for example a classic semantic priming experiment. In the critical primed condition participants will make lexical decisions (i.e. decide if letter strings correspon
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	Although many influential and well-replicated findings have emerged from group-level experiments that use this approach to stimulus matching, we cannot assume that the same tasks which reliably demonstrate a (linguistic) effect of interest are also reliable in their ability to rank-order individuals (; ; ). Task reliability is vital for individual differences research, as correlations between measures are attenuated when the measures themselves are not reliable (). Looking at the reliability of a number of 
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	It is likely that the low reliability observed in the cognitive tasks mentioned above is partly due to the scoring method by which performance was captured, rather than reflecting an intrinsic limitation of the tasks themselves (see ). A prevalent approach in subtractive designs is to calculate difference scores, simply the numerical difference in participants’ mean performance across two conditions (see e.g., ). As has long been recognised in the literature on the measurement of change, however, “the diffe
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	What’s so special about language? The problem with multi-version experiments
	In language experiments, the problems associated with subtractive designs for individual differences research are compounded by the nature of the stimuli. Linguistic stimuli are typically complex and vary along numerous dimensions that can be hard to quantify, but that can affect task performance. Even for single words, processing is influenced by factors such as frequency, age of acquisition, word length, phonological/orthographic neighbourhood density, and word class (e.g., ). With multi-word stimuli such
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	This type of multi-version design has two adverse consequences for researchers aiming to translate group-level experiments into individual differences measures. First, it reduces the number of items that can be presented to any given participant. For example, in the case of a two-condition subtractive design, the number of stimuli presented to each participant will be halved. Fewer trials mean an increase in measurement error, and reduced measurement reliability (). Second, in multi-version experiments diff
	Rouder et al., 2019

	Of course, abandoning the multiple-version experiment for individual differences studies creates new difficulties for psycholinguists. As described above, if we present all stimuli to all participants, we cannot include any matched pairs of stimuli that are sufficiently similar, as they are likely to produce within-pair priming or practice effects. At the same time, conditions should be matched as closely as possible except for our factor-of-interest (e.g. ambiguity), so that we can make valid inferences ab
	Here, we present as a case study an adapted multi-version, multi-condition psycholinguistic experiment and consider its utility for addressing questions about individual differences. Our aim was to develop a task that would allow us to detect reliable individual differences in the ability to use contextual cues for disambiguation during online spoken discourse processing. We discuss the challenges we faced, assess the solutions we proposed, and make recommendations for future research.
	CASE STUDY: AN INDIVIDUAL DIFFERENCES PARADIGM TO MEASURE DISAMBIGUATION SKILL
	Successful comprehension of written or spoken language, requires the meanings of individual words to be activated and integrated into the wider discourse context such that a coherent mental model of the input can be constructed (, ; ). Given that most English word forms are associated with multiple meanings (; , ), cues from the surrounding context must be used to activate and integrate the context-relevant meaning representation of each word (; ; ). For example, the word “positive” is often used to describ
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	We developed a novel paradigm to measure participants’ ability to successfully resolve lexical-semantic ambiguities as they listen to short narratives. We used auditory presentation and used responses to picture probes as our outcome measure so that the task could be portable across different participant populations (e.g. children, older adults, individuals with language impairments), and could measure disambiguation skill independently from variation in reading ability. The experiment was accessed remotely
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	sc/about
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	Several constraints were taken into account when designing the materials and task. Narratives in the Ambiguous condition were constructed to introduce a relatively challenging (but reasonably naturalistic) disambiguation situation in which participants must select an appropriate meaning of an ambiguous word (e.g., organ) on the basis of its preceding context. We chose to construct narratives in which disambiguating cues precede the ambiguous word since disambiguating cues which appear after the ambiguous wo
	Figure 1

	The Ambiguous condition comprised three-sentence auditory narratives in which the final word was ambiguous, and the preceding context was more consistent with its subordinate (low-frequency) meaning compared with its dominant (high-frequency) meaning (e.g., musical organ vs bodily organ, see ). To enhance the cognitive challenge associated with disambiguation, we only included relatively weak linguistic disambiguation cues. Specifically, we set up a general scenario that led to the intended (subordinate) me
	Table 1
	Table 1

	The most unusual aspect of this experimental design is that it contains  baseline conditions. The first ‘Unambiguous (item-matched)’ condition follows the psycholinguistic conventions for standard group-level designs: it provides an item-wise matched unambiguous control by replacing the ambiguous target word (e.g., “organ”) with an unambiguous target that is sufficiently similar in meaning so that an identical narrative frame can be used across these two conditions. The same picture probes could also be use
	two
	Pacht & Rayner, 1993

	This closely item-wise matched control condition is however suboptimal for an individual differences design: it is inappropriate to present both variants of such closely matched stimulus pairs to the same participant. Thus, we also created an additional control condition, referred to throughout as the ‘Unambiguous (set-matched)’ condition (). Items in this condition are sufficiently different to the Ambiguous narratives to allow within-participant repetition. Inevitably, this approach brings with it a loss 
	Table 1
	 

	To measure ambiguity resolution on-line, we used a simple picture selection task. At the acoustic offset of the final word (which we refer to as the target word) in each narrative (e.g., “organ”, “piano” or “leather”; ), two pictures appeared on the screen, one representing the intended meaning of the target and the other an unrelated meaning. Participants were instructed to select the picture that best fit the meaning of the narrative. Poorer picture selection performance in the Ambiguous condition relativ
	Table 1
	Betts, 2018
	Foss 
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	Brock, Sukenik, & Friedman, 2017
	MacGregor et al., 2020

	We used a 2-alternative forced-choice (2-AFC) picture-selection task over a yes/no decision to a single picture to reduce the impact of individual differences in response thresholds, particularly in accuracy data (; ). Decisions to respond in a single-picture yes/no task rely on criteria as to when to initiate a response (“Does this picture fit well enough into the narrative to warrant a ‘yes’ response?”). Such thresholds would likely vary across participants, and introduce a source of individual difference
	Egan, 1975
	Green & Swets, 1966

	A potential concern with this task is that presenting a picture that relates to the target meaning could provide an additional disambiguation cue. Plausibly, for some trials at least, a participant may not have fully resolved the ambiguity when the pictures are presented, leaving open the possibility that the pictures may provide both general encouragement to participants to resolve the ambiguity, and specific semantic cues that aid in the disambiguation process. Our view is that for our current purposes th
	In summary, participants listened to multi-sentence narratives that ended in an ambiguous word (or unambiguous control word), and selected from two alternative picture probes the picture that best represented the content of the story. We present data from an initial experiment with 50 adults. Our aim was to assess whether this task can be used as a valid measure of disambiguation skill and test its reliability for future use as an individual differences instrument. Specifically, we aimed to:
	1) Confirm the presence of a group-level ambiguity effect, using a well-matched control condition (Unambiguous (item-matched)) and a conventional multiple-version design.
	2) Establish the appropriateness of a new control condition (Unambiguous (set-matched)) suitable for a within-participant assessment of ambiguity resolution ability.
	3) Test whether reliable individual differences could be detected in the present sample.
	METHOD
	PARTICIPANTS
	Participants were recruited via the online recruitment platform Prolific Academic (). They were eligible if they were native speakers of English, currently residing in the United Kingdom and had spent most time before age 18 in the United Kingdom, were aged between 18 and 40, had no uncorrected visual or hearing impairments, no diagnoses of language difficulties, and had an approval rating of at least 80% on Prolific and had not participated in any pre-tests using these stimuli. These exclusion criteria wer
	www.prolific.
	co

	Data from 50 participants (29 male, 21 female; 44 monolingual, 6 bilingual; mean age 30.0 (SD 6.92, range 18–41)) were included in the analysis. Thirty-seven additional participants were excluded prior to the experimental task due to failure of the audio technology check (n = 36), or because they indicated that they had an uncorrected visual/hearing impairment or diagnosed language deficit (n = 1). One additional participant reported technical difficulties with the display of picture probes and their data w
	MATERIALS
	Materials, data and code are available on the OSF, .
	https://osf.io/5z49n/

	Target words
	Target words in the Ambiguous condition (e.g., “organ”) were noun-noun homophones selected from recent word association norms from British English speakers () where the subordinate meaning was depictable in a single image (N = 66). Unambiguous nouns were selected pairwise for the Unambiguous (item-matched) condition to be sufficiently similar to their matched Ambiguous target that they could be depicted by the same picture (e.g., “piano”; ). Unambiguous nouns were also selected as target words for the Unamb
	Gilbert & 
	Rodd, 2022
	Table 2
	https://jackt.shinyapps.io/lexops/
	Taylor et al., 2020
	van Heuven et al., 2014
	http://espeak.sourceforge.net/
	Kuperman 
	et al., 2012
	Table 2

	Narrative contexts
	A three-sentence story was created for each ambiguous target word (see ). Sentence 1 provided a situational context in which the subordinate meaning of the ambiguous noun was more plausible than its dominant meaning. Sentence 3 ended with the ambiguous target word. Sentences 2 and 3 were compatible with both meanings of the ambiguous word, and thereby contributed minimal disambiguating information.
	Table 1

	Narratives in the Unambiguous (item-matched) condition were identical to the Ambiguous condition, except that the final target word was replaced with an appropriate unambiguous target, i.e., “piano” replaced “organ” (). Unambiguous (set-matched) narratives followed the same general structure. The stories were comparable across conditions in terms of the types of topics discussed, approximate sentence length and the level of vocabulary used.
	Table 1

	Individual sentences were recorded by a female speaker of Southern British English at a sampling frequency of 44.1 kHz. Sound files were processed in Praat (v 6.1.16, ). All sentence sound files began with approximately 30 ms of silence before speech onset, and were cut at speech offset. All sound files were down-sampled to 22,050 kHz, the intensity was scaled to 70 dB, and they were band-pass filtered from 60–20,000 Hz with a smoothing factor of 10. Files were converted into stereo .mp3 files using Audacit
	Boersma & 
	Weenink, 2020

	Participants rated the naturalness of the audio narratives in a pre-test set up using Gorilla Experiment Builder (; Cauldron Inc.; ). They were recruited via Prolific Academic () from the same pool as the main experiment. Participants were not permitted to take part in multiple pre-tests (see Supplementary Materials for details). They rated the narratives on a 1–7 Likert scale on the basis of how “natural each story [felt to them], based on whether it flows well and makes sense”. The final target words were
	www.gorilla.sc/about
	Anwyl-Irvine et al., 2019
	www.prolific.co
	Table 2

	In addition, we used Latent Semantic Analysis (LSA; ) to establish how well the target word fitted with the preceding narrative (see Supplementary Material for details). The output from this procedure is a score between –1 (very low semantic similarity) and 1 (very high semantic similarity). We observed low scores (ranging from –0.11 to a maximum of 0.5), reflecting the relatively low predictability of the target words in these contexts. There was no significant difference in target word fit between the thr
	Landauer & Dumais, 1997
	Table 2

	Picture probes
	Pictures were taken from the Noun Project icon database (). The 66 ambiguous words were paired with a single black-and-white picture that depicted both its subordinate meaning (e.g., the musical meaning of “organ”) and its counterpart in the Unambiguous (item-matched) condition (e.g., “piano”). A non-overlapping set of pictures were chosen for the 66 target words in the Unambiguous (set-matched) condition (e.g., “leather”). Each target picture was paired with an unrelated picture that served as its distract
	https://thenounproject.com/
	https://randomwordgenerator.com/
	Figure 1

	A pre-test was used to establish the extent to which pictures represented the intended words. Participants saw word-picture pairs (e.g., a picture of a piano/organ alongside either the word piano or the word organ) and were asked to rate how well the picture represented the word’s meaning on a scale from 1 (“represents the word’s meaning not at all”) to 7 (“represents the word’s meaning perfectly”, see Supplementary Material). Each target word was presented with a short definition of its contextually approp
	2
	Table 2

	FILLER NARRATIVES
	We included filler narratives to make the timing of the picture probes within each narrative less predictable and less open to strategic influences. We developed 13 filler narratives with similar characteristics to those in the three conditions. Picture probe pairs were selected for each narrative. These were presented at the onset of Sentence 1 in nine filler narratives and at the offset of Sentence 2 in the other four filler narratives.
	DESIGN
	Participants completed a 2-alternative-forced-choice picture selection task, within a repeated-measures two-version design. Accuracy and response times of button presses in response to picture probes were our dependent measures. Each participant encountered half the items (33 narratives) from each of the Ambiguous, Unambiguous (item-matched) and Unambiguous (set-matched) conditions. Two stimulus lists (or versions) were created such that the Ambiguous and Unambiguous (item-matched) variants of the same narr
	PROCEDURE
	The experiment was set up using the Gorilla Experiment Builder (; Cauldron Inc.; ). Participants completed it online in their own time, using their own computer or laptop with a keyboard and headphones. Participants first completed an audio technology check. They were asked to confirm that their browser’s auto-play function for audio files was enabled, or, if this was not the case, they were shown how to enable this function (based on a Gorilla task developed by ). They then completed a six-trial Huggins Pi
	www.gorilla.sc/about
	Anwyl-Irvine et al., 2019
	Milne et al., 2021
	Milne et al., 2021

	Participants then heard an example sound file from the same recording session as the files used in the main task, and adjusted their volume levels. They were asked to turn off background noise on their device (e.g., notifications, music) and to maximise their browser window. They completed a brief demographic questionnaire on their language background, age, and sex.
	The main task was a picture selection task. Participants were told that they would hear a succession of short stories and that within each, they would sometimes see a pair of pictures on the screen, and that they should then “quickly select the picture that fits best with what [they had] just heard in the story” (“c” vs “m” keys for the picture presented on the left and right, respectively). They were told that they should do this as quickly and accurately as possible ().
	Figure 1

	Each trial started with a fixation cross, presented in the centre of the screen for 1500 ms, with 100 ms of blank screen both before and after the cross appeared. Each spoken sentence was presented individually, and played automatically. Following Sentence 1 in each trial, a 100 ms buffer blank screen appeared. To ensure participants’ attention and serving as a “sanity check” for our analysis of condition differences, two pictures then appeared (coinciding with the auditory presentation of Sentence 2). One 
	Filler narratives followed the same basic pattern, with fixation cross and buffer screens between sentences. However, picture probes were presented either at the onset of Sentence 1, or 100 ms after the offset of Sentence 2. Button press data for these probes were collected but not analysed.
	Before the main task, participants completed four practice trials with feedback. After the practice trials, the main task always began with two filler narratives, so that only data from the third trial onwards were analysed. Otherwise, stimulus presentation order was randomized for each participant. The position of target and distracter pictures on the left vs the right of the screen was randomly assigned for each item (50% of targets on the left overall) but kept the same for all participants.
	RESULTS
	GROUP-LEVEL ANALYSES
	Our aims in this section were twofold. Firstly, we test our hypothesis that responses to the critical picture probes following Sentence 3 would be less accurate and slower in the Ambiguous condition compared to the Unambiguous (item-matched) condition, replicating the “subordinate bias effect” using a typical psycholinguistic experimental design. The second aim was to test the appropriateness of the Unambiguous (set-matched) condition (compared to the Unambiguous (item-matched) condition) for future studies
	Group-level analyses: analytic approach
	We ran three sets of group-level analyses for picture selection accuracy and response times (for correct selections): 1) Ambiguous vs. Unambiguous (item-matched), 2) Ambiguous vs. Unambiguous (set-matched), 3) Unambiguous (item-matched) vs. Unambiguous (set-matched; see “Group-level” analysis in ). Because the three conditions differed in the representativeness of picture-word ratings of the critical probes, we included centred mean picture rating for each item as a continuous covariate in our models.
	Table 3

	Filler narrative trials and practice trials were removed prior to data analysis. We analysed accuracy and response times on first attempts at a button press only, and removed trials with response times below 250 ms (2.90% of the first-attempt button presses). We retained trials that were timed out for accuracy analyses, counting these trials as errors. On critical picture probes (i.e. probes that appeared after Sentence 3), time-outs were defined as trials in which a response did not occur within a 3000 ms 
	Baayen, 2008
	Brysbaert & Stevens, 2018
	RStudio Team, 2015
	Bates et al., 2015
	2013

	1) Ambiguous vs Unambiguous (item-matched). Due to counterbalancing, the paired narratives in the Ambiguous and Unambiguous (item-matched) condition were encountered by different participants across the two stimulus lists. For comparisons between these two conditions, we therefore fitted mixed effects models with a fixed effect for Condition (deviation-coded as Ambiguous -0.5/Unambiguous (item-matched) 0.5), a fixed effect for the between-subjects factor List (deviation-coded List A 0.5/List B –0.5) and a f
	2) Ambiguous vs Unambiguous (set-matched). The Ambiguous condition and Unambiguous (set-matched) condition differed in narrative context, probe words and the pictures that were presented. Each participant encountered Ambiguous and Unambiguous (set-matched) trials, but the items did not constitute pairs. For comparisons between the Ambiguous and Unambiguous (set-matched) condition, we therefore fitted mixed effects models with a fixed effect for Condition (deviation-coded as Ambiguous –0.5/Unambiguous (set-m
	3) Unambiguous (item-matched) vs Unambiguous (set-matched). The Unambiguous (item-matched) condition and Unambiguous (set-matched) condition differed in narrative context, probe words and the pictures that were presented. For comparisons between the two control conditions, we therefore fitted mixed effects models with a fixed effect for Condition (deviation-coded as Unambiguous (item-matched) –0.5/Unambiguous (set-matched) 0.5). The random effects structure was kept maximal, with random intercept and random
	In the case of non-convergence or singular fit, the random effect structure of a model was reduced following these steps: 1) removing the correlations between random slopes and random intercepts, 2) removing random intercepts. If these steps did not solve the convergence issues, we started from the maximal random effects structure again, and removed the random slope that accounted for the least amount of variance. If this step also did not solve the issue, we followed the above steps 1 and 2 again, having r
	Group-level analyses: Results
	Before reporting results from the critical picture probes, we first report analyses of accuracy and response times of the picture probes that followed Sentence 1. This allowed us to confirm that participants paid adequate attention to the stories and that there were no salient differences between conditions at this point in the narratives. We followed the same data cleaning and transformation procedures as for the other picture probes described above, but time-outs were defined as trials in which a response
	Figure 2

	We first compared the Ambiguous and Unambiguous (item-matched) conditions, where narrative and picture probe were identical for matched pairs. Main effects of Condition or List, and the Condition × List interaction were non-significant for accuracy (all ps > .2) and response times (all ps > .3).
	Next, we compared the Ambiguous and Unambiguous (set-matched) conditions, where narratives were non-identical but unambiguous at this point. The main effect of Condition was non-significant for both accuracy (p = .601) and response times (p = .057).
	Finally, the comparison across the two control conditions (Unambiguous (item-matched) vs. Unambiguous (set-matched)) revealed no main effect of Condition on accuracy (p = .331). For response times, however, the main effect of Condition was significant, b = 0.02, SE = 0.01, t = 2.53, χ(1) = 6.38, p = .012, with significantly longer response times in the Unambiguous (item-matched) (M = 784.18, SD = 223.5) compared to the Unambiguous (set-matched) condition (M = 747.99, SD = 204.01).
	2

	Performance on the critical Sentence 3 picture probes is plotted in the right panels of . First, we will discuss the comparison between the Ambiguous and Unambiguous (item-matched) condition, which had the aim of replicating the classic “subordinate-bias effect”. As predicted, there was a significant main effect of Condition on accuracy, b = 1.03, SE = 0.46, z = 2.24, χ(1) = 5.42, p = .02, with significantly lower accuracy in the Ambiguous (M = 0.93, SD = 0.25) compared to the Unambiguous (item-matched) con
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	The comparison between the Ambiguous condition and the Unambiguous (set-matched) condition had the aim of establishing this less well-matched control condition as a viable alternative to a closely-matched control for use in individual differences designs. As predicted, the main effect of Condition on accuracy was significant, χ(1) = 7.39, p = .007, with lower accuracy in the Ambiguous condition (M = 0.93, SD = 0.25) compared to the Unambiguous (set-matched) condition (M = 0.97, SD = 0.17). The main effect o
	2
	2
	2

	Finally, we compared the two control conditions. We expected there to be no significant difference in accuracy or response times between the two control conditions, thereby supporting the conclusion that the differences between the Ambiguous and Unambiguous (set-matched) condition were likely driven by the difference in terms of disambiguation demands, rather than simply driven by differences in the lexical items, sentence structure, or pictures used. As anticipated, there was no main effect of Condition on
	2
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	Interim summary
	Our analyses replicated the classic “subordinate-bias effect” with lower accuracy and longer response times in narratives containing an ambiguous word compared to otherwise identical narratives without the ambiguous word (Unambiguous (item-matched) condition). The same pattern was seen for the comparison between ambiguous narratives and those in the less well-matched unambiguous condition. This allows us to be optimistic about the appropriateness of this Unambiguous (set-matched) condition in individual dif
	Assessing individual differences
	Our aim in this section was to determine whether there were systematic differences between the performance of participants both in terms of (i) their overall task performance (i.e. speed and accuracy of their responses, regardless of condition) and (ii) the extent to which their performance is impacted by condition (i.e. the effect of ambiguity). We consider each of these questions before turning to consider measurement reliability.
	Individual differences: Analytic approach
	We investigated the existence of individual differences in the effect of ambiguity in a comparison between the Ambiguous and Unambiguous (set-matched) condition, following a procedure using mixed effects models (; ). In these models, random intercepts by-subjects reveal whether individual participants are consistently slower or more error-prone than others. In addition, we can account for between-subject variation in the effect of a variable-of-interest (e.g., Ambiguity) by including a random slope. We can 
	Kliegl et al., 2011
	Staub, 2021

	Individual differences: Results
	To test for systematic individual differences in overall task performance (i.e. speed and accuracy of responses, regardless of condition), we compared Model 1 to Model 0. For accuracy, Model 1 (AIC: 1137.2, BIC: 1173.8) showed significantly improved fit compared to Model 0 (AIC: 1207.5, BIC: 1238.0), χ(1) = 72.24, p < .001. Similarly, for response times, Model 1 (AIC: –5079.1, BIC: –5036.8) showed significantly improved fit compared to Model 0 (AIC: –3994.3, BIC: –3958.0), χ(1) = 1086.9, p < .001 These resu
	2
	2

	To test for systematic individual differences in the extent to which participants’ performance was impacted by condition (i.e. the effect of ambiguity), we compared Model 2 to Model 1. For accuracy, we found a significant improvement in fit for Model 2 (AIC: 1132.5, BIC: 1181.3) over Model 1 (AIC: –5079.1, BIC: –5036.8), χ(2) = 8.76, p = .013. This result indicates that there are individual differences in the effect of condition (i.e. ambiguity) on picture selection accuracy. For response times, we did not 
	2
	2

	 shows conditional modes from Model 2 (the maximal model) for each participant. These conditional modes are “predictions” of the means of individual participants, based on parameter estimates of our model. We plotted conditional modes for the intercept (reflecting overall differences in task performance between participants) and for the random slope for condition (reflecting individual differences in the effect of ambiguity on the dependent variable). As can be seen on left-hand ‘Accuracy’ and ‘Response tim
	Figure 3
	Figure 3
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	TASK RELIABILITY
	The model comparisons in the previous section provided evidence for the existence of systematic individual differences in the influence of ambiguity on picture selection accuracy. What is still unclear is whether an individual difference measure derived from the task could be successful in rank-ordering participants consistently. We therefore asked whether the task has shown adequate measurement reliability in this sample. We calculated reliability estimates by employing a permutation approach to split-half
	2019
	Table 4
	Parsons, 2021
	Table 4

	In individual differences studies using subtractive designs, researchers often calculate a “difference score” between conditions to isolate the process of interest and form a single score for each participant. For example, we may want to average each participants’ response times in the Ambiguous condition, and subtract from that their average response time in the Unambiguous condition, to get at their “ambiguity effect”. We end our investigation of reliability therefore by considering the reliability estima
	Table 4

	DISCUSSION
	Adapting group-level experimental designs and applying them to the study of individual differences is far from straightforward (; ; ). There are foundational differences in design logic between these two research domains, and they present challenges with respect to both validity and reliability (the “Yin and Yang of any undergraduate textbook on research methods”; ).
	Hedge et al., 2018
	Rouder et al., 2019
	Rouder & Haaf, 
	2019
	Holmboe, 2022

	In the current study we adapt a group level task to develop a task suitable for measuring individual differences in participants’ ability to use contextual cues to guide word-meaning access. This work highlights the specific complexities that arise when adapting experimental paradigms (i) that use a subtraction design that compares performance on a condition-of-interest with a control condition, and (ii) for which multi-version designs are typically used to ensure appropriate stimulus control between condit
	IS OUR TASK VALID?
	At the heart of our experiment is the comparison between performance in the Ambiguous and Unambiguous conditions. To be informative at the level of individual differences, these conditions needed to be sufficiently dissimilar so that all participants could respond to all items. By definition, a single-version experimental design precludes the very close item-to-item matching across conditions that is typical in traditional multi-version experiments on lexical ambiguity (e.g., placing target words within ide
	Our primary approach to establishing the utility of this comparison between our conditions of interest was to include an additional control condition, namely one that was more closely matched to the Ambiguous condition. To do this, we drew on the standard condition used in group-level studies of ambiguity resolution where, other than the target word (“organ” vs “piano” in our example), the context is kept identical across conditions. Performance in the Ambiguous condition could then be compared directly wit
	With respect to the potential utility of the Unambiguous (set-matched) condition as a control, the results are mixed. The Unambiguous (set-matched) and Unambiguous (item-matched) conditions are similar in that both revealed an appropriate ‘ambiguity disadvantage’ (or “subordinate bias effect”; ; ) relative to the Ambiguous Condition. This effect was seen in both the accuracy and latency data (). Contrary to our expectations, however, the Unambiguous (set-matched) condition was associated with a numerically 
	Pacht & Rayner, 1993
	Rayner et al., 1994
	Figure 2

	Despite our best efforts, there must be differences between the two conditions that were systematic enough to produce significant differences in performance. Of course, there are numerous additional variables that we did not consider. In an ideal world, variation in additional variables would distribute randomly across conditions such that systematic differences in performance across conditions would be unlikely. Unfortunately, however, as anyone who has ever created psycholinguistic stimuli is all too awar
	1981
	Mandera et al., 2020
	Miguel-
	Abella et al., 2022
	Siew et al., 2021
	Tse et al., 2022

	Returning to the difference between our two control conditions, it remains unclear how this small, but statistically significant difference, came about. Although we cannot be certain, we suggest it is a likely – and perhaps even inevitable – consequence of the constraints we faced during stimulus creation. Multiple simultaneous constraints made construction of the Ambiguous and Unambiguous (item-matched) conditions difficult (i.e., finding matched pairs of words to fit into the same narrative context and be
	While unfortunate, this difference in behaviour between the two control conditions serves to illustrate the importance of our study having included both control conditions. Had we taken the approach of simply presenting results from a comparison between the Ambiguous condition and a within-participant control condition (i.e., the Unambiguous (set-matched) condition) that had been matched as closely as possible, the consequence of imperfect matching would have been hidden from view. We included the Unambiguo
	Kadem et al., 
	2020
	Rodd et al., 2005
	2010
	2012
	Vitello et al., 2014
	Vitello & Rodd, 2015

	Our task is valid in that the key group-level ambiguity effect did emerge, but the above discussion does highlight possible threats to validity. It is also important to be clear that even if we could be highly confident about the appropriateness of the baseline condition, this is only a necessary and not a sufficient condition to ensure task validity. Additional work still needs to be done to ensure that participant variation in task performance can confidently be attributed to differences in ambiguity reso
	Twilley, Dixon, Taylor & Clark, 1994

	Another possibility comes from using multiple measures as indices of the construct-of-interest. In other domains, multiple measures allow psychometricians to capture an underlying trait using a latent variable structural equation model approach in which irrelevant task-specific behaviours that are not relevant to the construct-of-interest can be discounted (e.g. ; ; ). It would be optimal to devise multiple tests of disambiguation skill that are likely to load on a common construct-of-interest, but differ i
	Goh et 
	al., 2021
	Dolean et al., 2021
	Eid, Lischetzke, & Nussbeck, 2006

	IS OUR TASK RELIABLE?
	Our focus so far has been with validity: to what extent can the observed differences in performance across the different conditions be attributed to differences in the targeted cognitive process of disambiguation skill, rather than some other extraneous difference between conditions? Of equal importance is the issue of reliability: to what extent does our task serve as a reliable measurement instrument?
	Our findings offer some reassurance on reliability. Reliability estimates were excellent for response times, and near the desired 0.7 mark for accuracy. This might be taken as reassurance that, when adapted for use in a large-scale individual differences study, the combination of task and stimuli developed here will provide a reliable measurement instrument. However, there are several reasons to treat this reliability estimate with caution. First, it is likely that our findings under estimate the reliabilit
	Parsons et al., 2019
	Federmeier & Kutas, 2005
	Gernsbacher, 1993
	Khanna & Boland, 2010
	Lee & Federmeier, 2011
	Nation & Snowling, 1998
	Norbury, 2005
	Snedeker & Trueswell, 2004
	Trueswell et al., 1999
	2019

	Although the internal reliability of a measure is orthogonal to the number of people tested, sample size is an important factor to consider in studies where two (or more) measures are related to each other. We believe that the case study reported here allowed us to adequately address our research questions about the validity of our task and to establish evidence for the existence of individual differences in task performance. However, correlational research questions about relationships between different la
	Spearman, 1910
	Hedge, 
	Powell, & Sumner, 2018
	Little, 2013
	Schonbrodt & Perugini, 2013
	Green & MacLeod, 2016
	Albers & Lakens, 2018

	REFLECTIONS ON STIMULUS DEVELOPMENT
	We close our discussion by highlighting issues to do with stimulus development that may be of interest to researchers as they adapt experimental instruments with the aim of measuring individual differences in language processing.
	The number of trials that contribute to a measure is important for its reliability: the more trials, the better (; ). When creating linguistic stimuli, there may be a limit to how many “high quality” stimuli we can generate, or participants can reasonably endure. This is especially tricky with constraints such as needing ambiguous words whose meanings are easily depictable. We may need to make compromises and to weigh the costs and benefits of maximising item numbers on the one hand and creating a task that
	Rouder & Haaf, 2019
	Kuder & Richardson, 1937

	As suggested by Holmboe (), extensive piloting may enable us to develop item sets that are sensitive to individual differences. With a big enough dataset, item quality can also be formally investigated using psychometric approaches like Item Response Theory (IRT; see , for a primer on IRT-based psychometrics on language measures). Similarly, cross-validation approaches (e.g., comparing a novel measure with a gold-standard or other existing measures that purport to measure the same construct), provide opport
	2022
	Baylor et al., 2011

	CONCLUSIONS
	The development of any psycholinguistic task is a careful balancing act. The same experimental design will not be able to simultaneously answer both a group-level research question and one about individual-differences within the same study. We therefore strongly caution against the relatively widespread approach of designing studies to detect group-level effects and then expecting this same dataset to adequately answer important questions about individual differences. An initial group-level study might prov
	DATA ACCESSIBILITY STATEMENT
	Materials, data and code are available on the OSF, .
	https://osf.io/5z49n/

	ADDITIONAL FILE
	The additional file for this article can be found as follows:
	•.
	•.
	•.
	•.

	Supplementary Materials. The file contains a detailed description of the methods used to collect narrative naturalness ratings, contextual fit of the target word within the narrative, and word-picture representativeness ratings. DOI: 
	https://doi.org/10.5334/
	joc.317.s1



	ETHICS AND CONSENT
	Informed consent was obtained from all participants. The study was approved by UCL’s Department of Psychology and Language Sciences Ethics Chair.
	FUNDING INFORMATION
	This work was funded by a grant awarded to Prof Rodd, Prof Nation & Prof Kievit from the UK Economic and Social Research Council (ES/S009752/1).
	COMPETING INTERESTS
	The authors have no competing interests to declare.
	AUTHOR AFFILIATIONS
	REFERENCES
	Albers, C., & Lakens, D. (2018). When power analyses based on pilot data are biased: Inaccurate effect size estimators and follow-up bias. Journal of experimental social psychology, 74, 187–195. DOI: 
	https://doi.org/10.1016/j.jesp.2017.09.004

	Anwyl-Irvine, A. L., Massonnié, J., Flitton, A., Kirkham, N., & Evershed, J. K. (2019). Gorilla in our midst: An online behavioral experiment builder. Behavior Research Methods. DOI: 
	https://doi.org/10.3758/s13428-019-01237-x

	Baayen, R. H., Davidson, D. J., & Bates, D. M. (2008). Mixed-effects modeling with crossed random effects for subjects and items. Journal of Memory and Language, 59(4), 390–412. DOI: 
	https://doi.org/10.1016/j.jml.2007.12.005

	Barr, D. J., Levy, R., Scheepers, C., & Tily, H. J. (2013). Random effects structure for confirmatory hypothesis testing: Keep it maximal. Journal of Memory and Language, 68(3), 255–278. DOI: 
	https://doi.org/10.1016/j.jml.2012.11.001

	Bates, D., Kliegl, R., Vasishth, S., & Baayen, H. (2015). Parsimonious Mixed Models. ArXiv:1506.04967 [Stat]. 
	http://arxiv.org/abs/1506.04967

	Baylor, C., Hula, W., Donovan, N. J., Doyle, P. J., Kendall, D., & Yorkston, K. (2011). An introduction to item response theory and Rasch models for speech-language pathologists. American Journal of Speech-Language Pathology, 20, 243–259. DOI: 
	https://doi.org/10.1044/1058-0360(2011/10-0079)

	Betts, H. N. (2018). Retuning lexical-semantic representations on the basis of recent experience [Doctoral, UCL (University College London)]. In Doctoral thesis, UCL (University College London). (pp. 1–232). 
	https://discovery.ucl.ac.uk/id/eprint/10049908/

	Bishop, D. V. (1983). Test for reception of grammar. Published by the author and available from Age and Cognitive Performance Research Centre, University of Manchester, M13 9PL.
	Blott, L. M., Hartopp, O., Nation, K., & Rodd, J. M. (2022). Learning about the meanings of ambiguous words: Evidence from a word-meaning priming paradigm with short narratives. PeerJ, 10, e14070. DOI: 
	https://doi.org/10.7717/peerj.14070

	Blott, L. M., Rodd, J. M., Ferreira, F., & Warren, J. E. (2020). Recovery from misinterpretations during online sentence processing. Journal of Experimental Psychology: Learning Memory and Cognition. DOI: 
	https://doi.org/10.1037/xlm0000936

	Boersma, P., & Weenink, D. (2020). Praat: doing phonetics by computer [Computer program]. Version 6.1.16, retrieved 06 June 2020 from .
	https://www.praat.org

	Brock, J., Sukenik, N., & Friedmann, N. (2017). Individual differences in autistic children’s homograph reading: Evidence from Hebrew. Autism & developmental language impairments, 2, 2396941517714945. DOI: 
	https://doi.org/10.1177/2396941517714945

	Brysbaert, M., & Stevens, M. (2018). Power analysis and effect size in mixed effects models: A tutorial. Journal of cognition, 1(1). DOI: 
	https://doi.org/10.5334/joc.10

	Byers‐Heinlein, K., Bergmann, C., & Savalei, V. (2022). Six solutions for more reliable infant research. Infant and Child Development, 31(5), e2296. DOI: 
	https://doi.org/10.1002/icd.2296

	Cave, C. B. (1997). Very Long-Lasting Priming in Picture Naming. Psychological Science, 8(4), 322–325. DOI: 
	https://doi.org/10.1111/j.1467-9280.1997.tb00446.x

	Clark, H. H. (1973). The language-as-fixed-effect fallacy: A critique of language statistics in psychological research. Journal of Verbal Learning & Verbal Behavior, 12, 335–359. DOI: 
	https://doi.org/10.1016/S0022-5371(73)80014-3

	Cutler, A. (1981). Making up materials is a confounded nuisance, or: Will we able to run any psycholinguistic experiments at all in 1990? Cognition, 10, 65–70. DOI: 
	https://doi.org/10.1016/0010-0277(81)90026-3

	Dagerman, K. S., MacDonald, M. C., & Harm, M. W. (2006). Aging and the use of context in ambiguity resolution: Complex changes from simple slowing. Cognitive Science, 30(2), 311–345. DOI: 
	https://doi.org/10.1207/s15516709cog0000_46

	Daneman, M., & Carpenter, P. A. (1983). Individual differences in integrating information between and within sentences. Journal of Experimental Psychology: Learning, Memory, and Cognition, 9(4), 561. DOI: 
	https://doi.org/10.1037/0278-7393.9.4.561

	Deary, I. J., Weiss, A., & Batty, G. D. (2010). Intelligence and personality as predictors of illness and death: How researchers in differential psychology and chronic disease epidemiology are collaborating to understand and address health inequalities. Psychological science in the public interest, 11(2), 53–79. DOI: 
	https://doi.org/10.1177/1529100610387081

	Der, G., Batty, G. D., & Deary, I. J. (2009). The association between IQ in adolescence and a range of health outcomes at 40 in the 1979 US National Longitudinal Study of Youth. Intelligence, 37(6), 573–580. DOI: 
	https://doi.org/10.1016/j.intell.2008.12.002

	Dolean, D. D., Lervåg, A., Visu-Petra, L., & Melby-Lervåg, M. (2021). Language skills, and not executive functions, predict the development of reading comprehension of early readers: Evidence from an orthographically transparent language. Reading and Writing, 34(6), 1491–1512. DOI: 
	https://doi.org/10.1007/s11145-020-10107-4

	Donders, F. C. (1969). On the speed of mental processes. Acta psychologica, 30, 412–431. DOI: 
	https://doi.org/10.1016/0001-6918(69)90065-1

	Duffy, S. A., Morris, R. K., & Rayner, K. (1988). Lexical ambiguity and fixation times in reading. Journal of Memory and Language, 27(4), 429–446. DOI: 
	https://doi.org/10.1016/0749-596X(88)90066-6

	Eddington, C. M., & Tokowicz, N. (2015). How meaning similarity influences ambiguous word processing: The current state of the literature. Psychonomic Bulletin & Review, 22(1), 13–37. DOI: 
	https://doi.org/10.3758/s13423-014-0665-7

	Egan, J. P. (1975). Signal detection theory and ROC analysis. Academic Press.
	Eid, M., Lischetzke, T., & Nussbeck, F. W. (2006). Structural Equation Models for Multitrait-Multimethod Data. In M. Eid & E. Diener (Eds.), Handbook of multimethod measurement in psychology (pp. 283–299). American Psychological Association. DOI: 
	https://doi.org/10.1037/11383-020

	Engelhardt, P. E., Nigg, J. T., & Ferreira, F. (2017). Executive function and intelligence in the resolution of temporary syntactic ambiguity: An individual differences investigation. Quarterly Journal of Experimental Psychology, 70(7), 1263–1281. DOI: 
	https://doi.org/10.1080/17470218.2016.1178785

	Enkavi, A. Z., Eisenberg, I. W., Bissett, P. G., Mazza, G. L., MacKinnon, D. P., Marsch, L. A., & Poldrack, R. A. (2019). Large-scale analysis of test–retest reliabilities of self-regulation measures. Proceedings of the National Academy of Sciences, 116(12), 5472–5477. DOI: 
	https://doi.org/10.1073/pnas.1818430116

	Evans, W. S., Caplan, D., Ostrowski, A., Michaud, J., Guarino, A. J., & Waters, G. (2015). Working memory and the revision of syntactic and discourse ambiguities. Canadian Journal of Experimental Psychology/Revue canadienne de psychologie expérimentale, 69(1), 136. DOI: 
	https://doi.org/10.1037/cep0000037

	Federmeier, K. D., & Kutas, M. (2005). Aging in context: Age-related changes in context use during language comprehension. Psychophysiology, 42(2), 133–141. DOI: 
	https://doi.org/10.1111/j.1469-8986.2005.00274.x

	Forbach, G. B., Stanners, R. F., & Hochhaus, L. (1974). Repetition and practice effects in a lexical decision task. Memory & Cognition, 2(2), 337–339. DOI: 
	https://doi.org/10.3758/BF03209005

	Forster, K. I., & Davis, C. (1984). Repetition priming and frequency attenuation in lexical access. Journal of Experimental Psychology: Learning, Memory, and Cognition, 10(4), 680–698. DOI: 
	https://doi.org/10.1037/0278-7393.10.4.680

	Foss, D. J., Bever, T. G., & Silver, M. (1968). The comprehension and verification of ambiguous sentences. Perception & Psychophysics, 4(5), 304–306. DOI: 
	https://doi.org/10.3758/BF03210520

	Gernsbacher, M. A. (1993). Less Skilled Readers Have Less Efficient Suppression Mechanisms. Psychological Science, 4(5), 294–298. DOI: 
	https://doi.org/10.1111/j.1467-9280.1993.tb00567.x

	Gernsbacher, M. A., Robertson, R. R. W., & Werner, N. K. (2001). The costs and benefits of meaning. In D. S. Gorfein (Ed.), On the consequences of meaning selection: Perspectives on resolving lexical ambiguity (pp. 119–137). American Psychological Association. DOI: 
	https://doi.org/10.1037/10459-007

	Gernsbacher, M. A., Varner, K. R., & Faust, M. E. (1990). Investigating differences in general comprehension skill. Journal of Experimental Psychology: Learning, Memory, and Cognition, 16(3), 430. DOI: 
	https://doi.org/10.1037/0278-7393.16.3.430

	Gilbert, R. A., & Rodd, J. M. (2022). Dominance Norms and Data for Spoken Ambiguous Words in British English. Journal of Cognition, 5(1), 4. DOI: 
	https://doi.org/10.5334/joc.194

	Goh, S. K. Y., Griffiths, S., Norbury, C. F., & the SCALES Team. (2021). Sources of variability in the prospective relation of language to social, emotional, and behavior problem symptoms: Implications for developmental language disorder. Journal of Abnormal Psychology, 130(6), 676–689. DOI: 
	https://doi.org/10.1037/abn0000691

	Goodhew, S. C., & Edwards, M. (2019). Translating experimental paradigms into individual-differences research: Contributions, challenges, and practical recommendations. Consciousness and Cognition, 69, 14–25. DOI: 
	https://doi.org/10.1016/j.concog.2019.01.008

	Graesser, A. C., Millis, K. K., & Zwaan, R. A. (1997). Discourse comprehension. Annual Review of Psychology, 48, 163–189. DOI: 
	https://doi.org/10.1146/annurev.psych.48.1.163

	Graesser, A. C., Singer, M., & Trabasso, T. (1994). Constructing inferences during narrative text comprehension. Psychological Review, 101, 371–395. DOI: 
	https://doi.org/10.1037/0033-295X.101.3.371

	Green, D. M., & Swets, J. A. (1966). Signal detection theory and psychophysics. Wiley.
	Green, P., & MacLeod, C. J. (2016). Simr: an R package for power analysis of generalised linear mixed models by simulation. Methods in Ecology and Evolution, 7(4), 493–498.  = simr. DOI: 
	https://CRAN.R-project.org/package
	https://doi.org/10.1111/2041-210X.12504

	Hedge, C., Powell, G., & Sumner, P. (2018). The reliability paradox: Why robust cognitive tasks do not produce reliable individual differences. Behavior Research Methods, 50(3), 1166–1186. DOI: 
	https://doi.org/10.3758/s13428-017-0935-1

	Holmboe, K. (2022). We need to talk about validity—A commentary on ‘Six solutions for more reliable infant research’ from the viewpoint of an early executive functions researcher. Infant and Child Development, 31(5), e2352. DOI: 
	https://doi.org/10.1002/icd.2352

	Hopkins, K. A., Kellas, G., & Paul, S. T. (1995). Scope of word meaning activation during sentence processing by young and older adults. Experimental Aging Research, 21(2), 123–142. DOI: 
	https://doi.org/10.1080/03610739508254273

	Johnson, C. J., Beitchman, J. H., & Brownlie, E. B. (2010). Twenty-year follow-up of children with and without speech-language impairments: Family, educational, occupational, and quality of life outcomes. American Journal of Speech-Language Pathology, 19(1), 51–65. DOI: 
	https://doi.org/10.1044/1058-0360(2009/08-0083)

	Kadem, M., Herrmann, B., Rodd, J. M., & Johnsrude, I. S. (2020). Pupil Dilation Is Sensitive to Semantic Ambiguity and Acoustic Degradation. Trends in Hearing, 24. DOI: 
	https://doi.org/10.1177/2331216520964068

	Kemper, S., Crow, A., & Kemtes, K. (2004). Eye-fixation patterns of high-and low-span young and older adults: down the garden path and back again. Psychology and Aging, 19(1), 157. DOI: 
	https://doi.org/10.1037/0882-7974.19.1.157

	Khanna, M. M., & Boland, J. E. (2010). Children’s use of language context in lexical ambiguity resolution. Quarterly Journal of Experimental Psychology, 63(1), 160–193. DOI: 
	https://doi.org/10.1080/17470210902866664

	Kidd, E., Donnelly, S., & Christiansen, M. H. (2018). Individual Differences in Language Acquisition and Processing. Trends in Cognitive Sciences, 22(2), 154–169. DOI: 
	https://doi.org/10.1016/j.tics.2017.11.006

	Kliegl, R., Wei, P., Dambacher, M., Yan, M., & Zhou, X. (2011). Experimental Effects and Individual Differences in Linear Mixed Models: Estimating the Relationship between Spatial, Object, and Attraction Effects in Visual Attention. Frontiers in Psychology, 1, 238. DOI: 
	https://doi.org/10.3389/fpsyg.2010.00238

	Kuder, G. F., & Richardson, M. W. (1937). The theory of the estimation of test reliability. Psychometrika, 2(3), 151–160. DOI: 
	https://doi.org/10.1007/BF02288391

	Kuperman, V., Stadthagen-Gonzalez, H., & Brysbaert, M. (2012). Age-of-acquisition ratings for 30,000 English words. Behavior Research Methods, 44(4), 978–990. DOI: 
	https://doi.org/10.3758/s13428-012-0210-4

	Landauer, T. K., & Dumais, S. T. (1997). A solution to Plato’s problem: The latent semantic analysis theory of acquisition, induction, and representation of knowledge. Psychological Review, 104, 211–240. DOI: 
	https://doi.org/10.1037/0033-295X.104.2.211

	Ledoux, K., Camblin, C. C., Swaab, T. Y., & Gordon, P. C. (2006). Reading Words in Discourse: The Modulation of Lexical Priming Effects by Message-Level Context. Behavioral and Cognitive Neuroscience Reviews, 5(3), 107–127. DOI: 
	https://doi.org/10.1177/1534582306289573

	Lee, C.-L., & Federmeier, K. D. (2011). Differential age effects on lexical ambiguity resolution mechanisms: Differential age effects. Psychophysiology, 48(7), 960–972. DOI: 
	https://doi.org/10.1111/j.1469-8986.2010.01158.x

	Lenth, R. V. (2021). Estimated marginal means, aka least-squares means [R Package Emmeans Version 1.6. 0]. Comprehensive R Archive Network (CRAN).
	Little, T. D. (2013). Longitudinal structural equation modeling. Guilford press.
	Lord, F. M. (1963). Elementary models for measuring change. In C. W. Harris (Ed.), Problems in measuring change. Madison, Wis.: University of Wisconsin Press.
	MacDonald, M. C., Just, M. A., & Carpenter, P. A. (1992). Working memory constraints on the processing of syntactic ambiguity. Cognitive psychology, 24(1), 56–98. DOI: 
	https://doi.org/10.1016/0010-0285(92)90003-K

	MacGregor, L. J., Rodd, J. M., Gilbert, R. A., Hauk, O., Sohoglu, E., & Davis, M. H. (2020). The neural time course of semantic ambiguity resolution in speech comprehension. Journal of Cognitive Neuroscience, 32(3), 403–425. DOI: 
	https://doi.org/10.1162/jocn_a_01493

	Maciejewski, G., Rodd, J. M., Mon-Williams, M., & Klepousniotou, E. (2020). The cost of learning new meanings for familiar words. Language, Cognition and Neuroscience, 35(2), 188–210. DOI: 
	https://doi.org/10.1080/23273798.2019.1642500

	Malyutina, S., & den Ouden, D. B. (2016). What is it that lingers? Garden-path (mis) interpretations in younger and older adults. Quarterly Journal of Experimental Psychology, 69(5), 880–906. DOI: 
	https://doi.org/10.1080/17470218.2015.1045530

	Mandera, P., Keuleers, E., & Brysbaert, M. (2020). Recognition times for 62 thousand English words: Data from the English Crowdsourcing Project. Behavior Research Methods, 52(2), 741–760. DOI: 
	https://doi.org/10.3758/s13428-019-01272-8

	McNeish, D., Dumas, D. G., & Grimm, K. J. (2020). Estimating new quantities from longitudinal test scores to improve forecasts of future performance. Multivariate Behavioral Research, 55(6), 894–909. DOI: 
	https://doi.org/10.1080/00273171.2019.1691484

	Miguel-Abella, R. S., Pérez-Sánchez, M. Á., Cuetos, F., Marín, J., & González-Nosti, M. (2022). SpaVerb-WN—A megastudy of naming times for 4562 Spanish verbs: Effects of psycholinguistic and motor content variables. Behavior Research Methods, 54(6), 2640–2664. DOI: 
	https://doi.org/10.3758/s13428-021-01734-y

	Milne, A. E., Bianco, R., Poole, K. C., Zhao, S., Oxenham, A. J., Billig, A. J., & Chait, M. (2021). An online headphone screening test based on dichotic pitch. Behavior Research Methods, 53(4), 1551–1562. DOI: 
	https://doi.org/10.3758/s13428-020-01514-0

	Nation, K., & Snowling, M. J. (1998). Individual Differences in Contextual Facilitation: Evidence from Dyslexia and Poor Reading Comprehension. Child Development, 69(4), 996–1011. DOI: 
	https://doi.org/10.1111/j.1467-8624.1998.tb06157.x

	Norbury, C. F. (2005). Barking up the wrong tree? Lexical ambiguity resolution in children with language impairments and autistic spectrum disorders. Journal of Experimental Child Psychology, 90(2), 142–171. DOI: 
	https://doi.org/10.1016/j.jecp.2004.11.003

	Pacht, J. M., & Rayner, K. (1993). The processing of homophonic homographs during reading: Evidence from eye movement studies. Journal of Psycholinguistic Research, 22(2), 251–271. DOI: 
	https://doi.org/10.1007/BF01067833

	Parsons, S. (2021). splithalf: Robust estimates of split half reliability. Journal of Open Source Software, 6(60), 3041. DOI: 
	https://doi.org/10.21105/joss.03041

	Parsons, S., Kruijt, A.-W., & Fox, E. (2019). Psychological Science Needs a Standard Practice of Reporting the Reliability of Cognitive-Behavioral Measurements. Advances in Methods and Practices in Psychological Science. DOI: 
	https://doi.org/10.1177/2515245919879695

	Ratcliff, R., & Childers, R. (2015). Individual differences and fitting methods for the two-choice diffusion model of decision making. Decision, 2(4), 237. DOI: 
	https://doi.org/10.1037/dec0000030

	Rayner, K., Pacht, J. M., & Duffy, S. A. (1994). Effects of Prior Encounter and Global Discourse Bias on the Processing of Lexically Ambiguous Words: Evidence From Eye Fixations. Journal of Memory and Language, 33(4), 527–544. DOI: 
	https://doi.org/10.1006/jmla.1994.1025

	Rodd, J., Gaskell, G., & Marslen-Wilson, W. (2002). Making Sense of Semantic Ambiguity: Semantic Competition in Lexical Access. Journal of Memory and Language, 46(2), 245–266. DOI: 
	https://doi.org/10.1006/jmla.2001.2810

	Rodd, J. M. (2018). Lexical Ambiguity. In M. G. Gaskell & S.-A. Rueschemeyer. (Eds.), Oxford Academic. Oxford, UK: Oxford University Press. DOI: 
	https://doi.org/10.1093/oxfordhb/9780198786825.013.5

	Rodd, J. M. (2020). Settling Into Semantic Space: An Ambiguity-Focused Account of Word-Meaning Access. Perspectives on Psychological Science, 15(2), 411–427. DOI: 
	https://doi.org/10.1177/1745691619885860

	Rodd, J. M. (2022). Word-meaning access: The one-to-many mapping from form to meaning. In A. Papafragou, J. C. Trueswell, & L. R. Gleitman (Eds.), The Oxford Handbook of the Mental Lexicon. Oxford University Press. DOI: 
	https://doi.org/10.1093/oxfordhb/9780198845003.013.1

	Rodd, J. M., Davis, M. H., & Johnsrude, I. S. (2005). The neural mechanisms of speech comprehension: FMRI studies of semantic ambiguity. Cerebral Cortex, 15(8), 1261–1269. DOI: 
	https://doi.org/10.1093/cercor/bhi009

	Rodd, J. M., Johnsrude, I. S., & Davis, M. H. (2012). Dissociating frontotemporal contributions to semantic ambiguity resolution in spoken sentences. Cerebral Cortex, 22(8), 1761–1773. DOI: 
	https://doi.org/10.1093/cercor/bhr252

	Rodd, J. M., Longe, O. A., Randall, B., & Tyler, L. K. (2010). The functional organisation of the fronto-temporal language system: Evidence from syntactic and semantic ambiguity. Neuropsychologia, 48(5), 1324–1335. DOI: 
	https://doi.org/10.1016/j.neuropsychologia.2009.12.035

	Rodd, J. M., Lopez Cutrin, B., Kirsch, H., Millar, A., & Davis, M. H. (2013). Long-term priming of the meanings of ambiguous words. Journal of Memory and Language, 68(2), 180–198. DOI: 
	https://doi.org/10.1016/j.jml.2012.08.002

	Rogosa, D. R., & Willett, J. B. (1983). Demonstrating the reliability of the difference score in the measurement of change. Journal of educational measurement (pp. 335–343). DOI: 
	https://doi.org/10.1111/j.1745-3984.1983.tb00211.x

	Rouder, J., Kumar, A., & Haaf, J. M. (2019). Why Most Studies of Individual Differences With Inhibition Tasks Are Bound To Fail [Preprint]. PsyArXiv. DOI: 
	https://doi.org/10.31234/osf.io/3cjr5

	Rouder, J. N., & Haaf, J. M. (2019). A psychometrics of individual differences in experimental tasks. Psychonomic Bulletin & Review, 26(2), 452–467. DOI: 
	https://doi.org/10.3758/s13423-018-1558-y

	RStudio Team. (2015). RStudio: Integrated development for R. Boston, MA: RStudio. Retrieved from 
	http://www.rstudio.com/

	Schönbrodt, F. D., & Perugini, M. (2013). At what sample size do correlations stabilize? Journal of Research in Personality, 47(5), 609–612. DOI: 
	https://doi.org/10.1016/j.jrp.2013.05.009

	Schubert, A. L., Frischkorn, G. T., Hagemann, D., & Voss, A. (2016). Trait characteristics of diffusion model parameters. Journal of Intelligence, 4(3), 7. DOI: 
	https://doi.org/10.3390/jintelligence4030007

	Schuch, S., Philipp, A. M., Maulitz, L., & Koch, I. (2021). On the reliability of behavioral measures of cognitive control: retest reliability of task-inhibition effect, task-preparation effect, Stroop-like interference, and conflict adaptation effect. Psychological Research (pp. 1–27). DOI: 
	https://doi.org/10.1007/s00426-021-01627-x

	Scott, G. G., Keitel, A., Becirspahic, M., Yao, B., & Sereno, S. C. (2019). The Glasgow Norms: Ratings of 5,500 words on nine scales. Behavior Research Methods, 51(3), 1258–1270. DOI: 
	https://doi.org/10.3758/s13428-018-1099-3

	Siew, C. S. Q., Yi, K., & Lee, C. H. (2021). Syllable and letter similarity effects in Korean: Insights from the Korean Lexicon Project. Journal of Memory and Language, 116, 104170. DOI: 
	https://doi.org/10.1016/j.jml.2020.104170

	Spearman, C. (1910). Correlation calculated from faulty data. British Journal of Psychology, 3, 271–295. DOI: 
	https://doi.org/10.1111/j.2044-8295.1910.tb00206.x

	Snedeker, J., & Trueswell, J. C. (2004). The developing constraints on parsing decisions: The role of lexical-biases and referential scenes in child and adult sentence processing. Cognitive Psychology, 49(3), 238–299. DOI: 
	https://doi.org/10.1016/j.cogpsych.2004.03.001

	Stark, C. E. L., & McClelland, J. L. (2000). Repetition priming of words, pseudowords, and nonwords. Journal of Experimental Psychology: Learning, Memory, and Cognition, 26, 945–972. DOI: 
	https://doi.org/10.1037/0278-7393.26.4.945

	Staub, A. (2021). How reliable are individual differences in eye movements in reading? Journal of Memory and Language, 116, 104190. DOI: 
	https://doi.org/10.1016/j.jml.2020.104190

	Taylor, J. E., Beith, A., & Sereno, S. C. (2020). LexOPS: An R package and user interface for the controlled generation of word stimuli. Behavior Research Methods, 52, 2372–2382. DOI: 
	https://doi.org/10.3758/s13428-020-01389-1

	Trueswell, J. C., Sekerina, I., Hill, N. M., & Logrip, M. L. (1999). The kindergarten-path effect: Studying on-line sentence processing in young children. Cognition, 73(2), 89–134. DOI: 
	https://doi.org/10.1016/S0010-0277(99)00032-3

	Tse, C.-S., Chan, Y.-L., Yap, M. J., & Tsang, H. C. (2022). The Chinese Lexicon Project II: A megastudy of speeded naming performance for 25,000+ traditional Chinese two-character words. Behavior Research Methods. DOI: 
	https://doi.org/10.3758/s13428-022-02022-z

	Tucker-Drob, E. M. (2011). Individual differences methods for randomized experiments. Psychological Methods, 16(3), 298. DOI: 
	https://doi.org/10.1037/a0023349

	Twilley, L. C., Dixon, P., Taylor, D., & Clark, K. (1994). University of Alberta norms of relative meaning frequency for 566 homographs. Memory & cognition, 22(1), 111–126. DOI: 
	https://doi.org/10.3758/BF03202766

	Van Dijk, T. A., & Kintsch, W. (1983). Strategies of discourse comprehension. New York: Academic Press.
	van Heuven, W. J. B., Mandera, P., Keuleers, E., & Brysbaert, M. (2014). SUBTLEX-UK: A new and improved word frequency database for British English. Quarterly Journal of Experimental Psychology, 67(6), 1176–1190. DOI: 
	https://doi.org/10.1080/17470218.2013.850521

	Vitello, S., & Rodd, J. M. (2015). Resolving Semantic Ambiguities in Sentences: Cognitive Processes and Brain Mechanisms. Language and Linguistics Compass, 9(10), 391–405. DOI: 
	https://doi.org/10.1111/lnc3.12160

	Vitello, S., Warren, J. E., Devlin, J. T., & Rodd, J. M. (2014). Roles of frontal and temporal regions in reinterpreting semantically ambiguous sentences. Frontiers in Human Neuroscience, 8(JULY). DOI: 
	https://doi.org/10.3389/fnhum.2014.00530

	Vuong, L. C., & Martin, R. C. (2014). Domain-specific executive control and the revision of misinterpretations in sentence comprehension. Language, Cognition and Neuroscience, 29(3), 312–325. DOI: 
	https://doi.org/10.1080/01690965.2013.836231

	Wiig, E. H., Semel, E., & Secord, W. A. (2013). Clinical Evaluation of Language Fundamentals–Fifth Edition (CELF-5). Bloomington, MN: NCS Pearson.
	Woodcock, R. W. (1977). Woodcock-Johnson Psycho-Educational Battery. Technical Report.

	Studying Individual Differences in Language Comprehension: The Challenges of Item-Level Variability and Well-Matched Control Conditions
	Studying Individual Differences in Language Comprehension: The Challenges of Item-Level Variability and Well-Matched Control Conditions

	ABSTRACT
	ABSTRACT
	Translating experimental tasks that were designed to investigate differences between conditions at the group-level into valid and reliable instruments to measure individual differences in cognitive skills is challenging (; ; ). For psycholinguists, the additional complexities associated with selecting or constructing language stimuli, and the need for appropriate well-matched baseline conditions make this endeavour particularly complex. In a typical experiment, a process-of-interest (e.g. ambiguity resoluti
	Hedge et al., 2018
	Rouder 
	et al., 2019
	Rouder & Haaf, 2019


	Figure
	Figure 1 Illustration of the trial structure of a single Ambiguous trial in the picture selection task. Each trial comprised a 3-sentence auditory narrative. Participants were instructed that whenever pictures appeared on the screen they were to select the picture which “fits best with what [they had] just heard in the story”.
	Figure 1 Illustration of the trial structure of a single Ambiguous trial in the picture selection task. Each trial comprised a 3-sentence auditory narrative. Participants were instructed that whenever pictures appeared on the screen they were to select the picture which “fits best with what [they had] just heard in the story”.

	Table 1 Examples of 3-sentence narrative structures in the three conditions.
	Table 1 Examples of 3-sentence narrative structures in the three conditions.

	CONDITION
	CONDITION
	CONDITION
	CONDITION
	CONDITION
	CONDITION
	CONDITION

	SENTENCE
	SENTENCE

	EXAMPLE NARRATIVE
	EXAMPLE NARRATIVE



	Ambiguous
	Ambiguous
	Ambiguous
	Ambiguous

	Sentence 1
	Sentence 1

	The shop had some complicated items that needed repair.
	The shop had some complicated items that needed repair.


	Sentence 2
	Sentence 2
	Sentence 2

	It would be a difficult job.
	It would be a difficult job.


	Sentence 3
	Sentence 3
	Sentence 3

	The expert was careful when he looked at the .
	The expert was careful when he looked at the .
	organ



	Unambiguous (item-matched)
	Unambiguous (item-matched)
	Unambiguous (item-matched)

	Sentence 1
	Sentence 1

	The shop had some complicated items that needed repair.
	The shop had some complicated items that needed repair.


	Sentence 2
	Sentence 2
	Sentence 2

	It would be a difficult job.
	It would be a difficult job.


	Sentence 3
	Sentence 3
	Sentence 3

	The expert was careful when he looked at the .
	The expert was careful when he looked at the .
	piano



	Unambiguous (set-matched)
	Unambiguous (set-matched)
	Unambiguous (set-matched)

	Sentence 1
	Sentence 1

	Gina pinned the piece of cotton onto the doll.
	Gina pinned the piece of cotton onto the doll.


	Sentence 2
	Sentence 2
	Sentence 2

	It didn’t seem right.
	It didn’t seem right.


	Sentence 3
	Sentence 3
	Sentence 3

	She thought it might look better with some .
	She thought it might look better with some .
	leather
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	Figure 3 Estimates for individual participants, for the intercept and the condition difference in accuracy and response time of picture selection. We used the dotplot() function from the lattice package, and the ranef() function from lme4, to plot conditional modes from the maximal model (i.e. “predictions” for means of individual participants, based on the parameter estimates of our model). Each row represents the conditional mode (and standard error) for one participant, in terms of its deviation from the
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	Table 4 Reliability estimates for each dependent variable and condition. Estimates are Spearman-Brown corrected mean correlation coefficients (and 95% confidence intervals) based on 5000 random splits of the data ().
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