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A B S T R A C T

Purpose: The ongoing replication crisis within and beyond psychology has
revealed the numerous ways in which flexibility in the research process can affect
study outcomes. In speech research, examples of these “researcher degrees of
freedom” include the particular syllables, words, or sentences presented; the
talkers who produce the stimuli and the instructions given to them; the population
tested; whether and how stimuli are matched on amplitude; the type of masking
noise used and its presentation level; and many others. In this research note, we
argue that even seemingly minor methodological choices have the potential to
affect study outcomes. To that end, we present a reanalysis of six existing data
sets on spoken word identification in noise to assess how differences in talkers,
stimulus processing, masking type, and listeners affect identification accuracy.
Conclusions: Our reanalysis revealed relatively low correlations among word
identification rates across studies. The data suggest that some of the seemingly
innocuous methodological details that differ across studies—details that cannot
possibly be reported in text given the idiosyncrasies inherent to speech—
introduce unknown variability that may affect replicability of our findings. We
therefore argue that publicly sharing stimuli is a crucial step toward improved
replicability in speech research.
Supplemental Material: https://doi.org/10.23641/asha.21985907

Researchers make many methodological choices in
the course of an experiment. These “researcher degrees of
freedom” (Simmons et al., 2011; Wicherts et al., 2016)
include which tasks to use, what population to draw from,
how many trials to present, which observations are consid-
ered outliers, and many others. Simmons et al. (2011) sug-
gest that the flexibility inherent to the research process—
coupled with publication bias (Rosenthal, 1979)—contributes
to the presence of false positives in the literature. These false
positives may partially account for the recent replication crisis
in psychology (see Open Science Collaboration, 2015) and
other sciences (e.g., Ioannidis, 2005; Loscalzo, 2012).

Although researcher degrees of freedom are present
in all realms of research, the number of independent

methodological decisions required when creating and pre-
senting speech stimuli makes this issue particularly perti-
nent to speech researchers. These decisions may or may not
affect study outcomes, but they certainly introduce variabil-
ity of unknown magnitude and potential bias. For example,
stimuli in speech perception experiments (isolated words,
sentences, etc.) necessarily represent only a small subset of
all available stimuli in a language, often leading to some-
what arbitrary decisions regarding the particular words or
sentences to be included in a study.1 However, item selec-
tion is just one of many decisions speech perception
researchers must make when designing a study; we must
also decide which talker(s) will produce the stimuli, what
type of masking noise to use, the signal-to-noise ratio

1Note that the arbitrary nature of stimulus selection is certainly not
true of all experiments in our field. Indeed, the authors of this
research note have conducted experiments in which the pool of possi-
ble stimuli was quite limited due to experimental constraints (see
Strand et al., 2017).
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(SNR) at which to present stimuli, the speaking rate, speak-
ing clarity, and so on (decisions that must be made even
when those variables are not directly relevant to the
research question). In addition to the choices regarding
stimulus selection and audio recording, researchers must
also decide whether to remove ambient background noise
and/or equate the amplitude of auditory stimuli and must
select specific algorithms for doing so. Thus, the particular
methodology that a researcher implements is just one of
many combinations of methodological decisions that might
have been selected.

Researchers are typically careful to use a consistent
set of experimental conditions within an experiment—
indeed, from a methodological perspective, it is desirable to
reduce variability that can be attributed to sources other
than the effect of interest. However, seemingly innocuous
methodological decisions such as those described above
may introduce unexpected (and unaccounted for) sources
of variability across experiments that may affect the replica-
bility of results, particularly if the experimental effect is
small or highly context-dependent. As a result, if two
researchers attempt to study the same phenomenon but
their methods differ, it is not clear whether any conflicting
results were due to a false positive or negative, or instead to
methodological differences and context-dependent effects.
That is, the conflicting findings may both be “true” and
may reflect the bounds of the effect.

It is well established that some methodological
choices can substantially influence experimental outcomes.
For example, performance decrements as a result of
decreases in SNR are more pronounced for steady-state
noise than for two-talker babble (Brungart, 2001); thus, if
an effect depends on differences in SNR, the choice of
background noise type is likely to affect outcomes. As
another example, one of the most robust findings in the
speech perception literature is that seeing a talker, in addi-
tion to hearing their voice, benefits intelligibility, but this
effect is much more pronounced at difficult SNRs (Sumby
& Pollack, 1954); thus, the magnitude of any audiovisual
benefit effects will depend on the particular noise level the
researchers decide to use. However, other seemingly minor
researcher degrees of freedom may also affect outcomes in
unforeseen ways and therefore impede replicability.

In this research note, we argue two things are necessary
to increase the robustness and replicability of results in speech
research. First, researchers should include more comprehen-
sive information about how stimuli are processed and pre-
sented (see the Additional Recommendations section).
However, even the most detailed reporting about stimuli
cannot capture information about idiosyncratic features of
the talker (and doing so would require pages of text that
detract from the main point of the experiment). Therefore,
our second more critical recommendation is that researchers
share the audio or video files they used in their research.

It is relatively common practice to include a list of
the stimuli that were used in a given study (e.g., in an
Appendix section), and databases exist for sharing speech
stimuli for reuse (Bradlow, n.d.; Brown, 2020). However,
sharing the exact stimulus files that were used in a particu-
lar study is relatively rare in our discipline. For example,
in 2021, only seven of the papers published in Journal of
Speech, Language, and Hearing Research (JSLHR) made
reference to stimulus sharing: five by linking to a reposi-
tory that contained the stimuli and two by noting that the
stimuli were available “upon request from the authors.”2

To shed light on whether and how methodological
choices regarding stimulus creation affect word identifica-
tion accuracy across data sets, we analyzed data from six
prior studies on spoken word recognition in noise. If
minor methodological choices—such as the talker who
produces the speech3 or the method for processing the
audio recordings—are innocuous, then identification accu-
racy for the same words should be highly correlated across
data sets (i.e., influenced only by measurement error and
therefore bound by the reliability of the measures). Thus,
attenuations in these correlations (beyond the attenuation
attributable to less-than-perfect measurement reliability)
reflect the extent to which methodological choices affect
study outcomes.

Reanalysis of Existing Data

The six data sets we analyzed included three from
previous work by one of the authors (J.F.S.) and three
that were obtained from collaborators or by contacting
the authors of the studies.4 In all six studies, normal-
hearing participants attempted to identify spoken words in
noise, presented either in isolation or in a consistent car-
rier phrase such as “the word is . . ..” Raw data and analy-
sis code, as well as stimuli for studies conducted by J.F.S.,
are available at https://osf.io/v38ej/. Table 1 provides a
description of the six data sets (some grouped by listener
group or SNR).

First, we calculated the average accuracy with which
each target word was correctly identified in each data set.
We then calculated correlations among the (scaled, log-
odds) identification rates for the words in the 11 (sub)data

2We opted not to present this as a percentage of the total papers
given that some papers published in JSLHR do not have stimuli to
share (e.g., meta-analyses and systematic reviews).
3Note that some features of talker selection (such as which dialect
they speak) can be expected to substantially affect study outcomes;
here, we refer to the choice of particular talker within the dialect
being studied.
4These data sets were chosen because we were able to obtain item-
level data from them and they contained enough overlapping items
across data sets to run correlations among them.
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sets (see Figure 1). Each value in Figure 1 represents the
Pearson correlation coefficient between a pair of data sets,
and correlations are based on words that were present in
both data sets in the pair being compared (see Supplemen-
tal Material S1 for a corresponding scatter plot matrix).
The median overlap between data sets was 119 words, the
minimum was 17 words (comparing the JS400 data sets

with the Felty data sets), and the maximum was 813
words (comparing the LP data sets with the MS1083 data
set).

Correlations among the six unique data sets (i.e.,
excluding those within the red boxes in Figure 1) ranged
from r = .04 to r = .65. The median correlation among
the different data sets was r = .30. However, it should be
noted that some of the strongest of these correlations (the
correlations of the three SNRs of the Felty data set with
both JS399 and JS180, which ranged from r = .44 to r =
.64) have the smallest number of overlapping items (N =
17 and N = 33 shared words), so the magnitude of those
correlations should be interpreted cautiously. The Felty
data sets had markedly fewer overlapping items with the
two data sets listed above, as well as the JS400 data sets
(17, 33, and 38 overlapping items, whereas the next lowest
had 67 overlapping items). When we removed pairs with
fewer than 38 overlapping items, the median correlation
dropped to r = .26.

These results suggest that the extent to which partic-
ular words are easily identifiable is not consistent across
studies, presumably as a result of characteristics of the
recordings themselves, the speakers used, the nature of the
masking noise, or the participants (see Toscano & Allen,
2014, for similar findings in phone recognition). The rela-
tively low correlations between data sets are particularly
concerning in the context of the ongoing replication crisis
in psychology: If words are not recognized at relatively
consistent rates from one experiment to the next, then
small or context-dependent effects may not replicate
across studies. In an effort to understand why the correla-
tions among data sets were lower than might be expected,
we identified four broad sources of systematic variability
that may affect replicability in spoken word identification
studies: characteristics of the talker, differences in digital
stimulus processing, features of the masking noise, and
characteristics of the listeners.

Table 1. Descriptions of six data sets.

Data set Setting SNR Masker N (words) N (participants)
Average
accuracy Label

Sommers, unpublished Lab −5 6-talker babble 1,083 93 (heard ⅓ of words) .44 MS1083
Strand, unpublished Lab −2 6-talker babble 399 50 .50 JS399
Strand & Sommers (2011) Lab −4 6-talker babble 180 72 .28 JS180
Slote & Strand (2016) Laba 0 6-talker babble 400 53 .54 JS400_lab

Online 0 6-talker babble 400 96 .37 JS400_AMT
Felty et al. (2013) Lab 10 6-talker babble 127 192 (heard ⅓ of words) .72 Felty131_10

5 6-talker babble 127 192 (heard ⅓ of words) .53 Felty131_5
0 6-talker babble 127 192 (heard ⅓ of words) .29 Felty131_ 0

Luce & Pisoni (1998) Lab 15 White noise 876 10 .65 LP_P15
5 White noise 876 10 .47 LP_P5

−5 White noise 876 10 .12 LP_N5

aThis data set contains some missing observations; 30 of the 400 words in the JS400_lab data set were only presented to 17 participants,
so not all average values in the data frame are divisible by 53.

Figure 1. Pearson correlation coefficients among data sets. Darker
colors represent stronger correlations, and those that are not sig-
nificant (p > .05) have a white background. Red boxes indicate
that the same recordings were used within the same study. Note
that pairs of data sets differ in the number of words they have in
common, which can lead to nonsignificant correlations with larger
r values than significant ones.
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Variability Source #1: Characteristics of the
Talker

Identification rates for particular words depend on
the talker’s style of speaking. In addition to group differ-
ences that are known to affect speech intelligibility—
such as speaker sex (Yoho et al., 2019), differences in lan-
guage background (Bent & Bradlow, 2003; Clarke &
Garrett, 2004), and dialect variations (Clopper, 2021)—
idiosyncrasies in speaking style that remain within the
bounds of the accent and dialect with which the listener is
most familiar can also affect speech identification (see
McCloy et al., 2015). Indeed, speech produced in a clear
speaking style is identified more accurately than speech
produced conversationally (Van Engen, 2017; Van Engen
et al., 2012), and speakers differ in the clarity of their
speech (Smiljanić & Bradlow, 2005). Speakers also differ
substantially in their rate of speech (Bond & Moore, 1994)
—a feature that is known to affect speech intelligibility
(Bradlow & Pisoni, 1999)—as well as the fundamental fre-
quency and other vocal features (Bradlow et al., 1996)
that may interact with the background noise and influence
identification rates.

To assess how different talkers affect speech intellig-
ibility across data sets, we examined correlations among
word identification rates for each of the six talkers in the
JS180 data set (Strand & Sommers, 2011). These correla-
tions ranged from r = .31 to r = .51 (see Figure 2). The
main difference among these data sets was the talkers
used, so the correlations here suggest that a substantial
amount of variation in word identification accuracy may
be attributable to talker idiosyncrasies.5 These small-to-
moderate correlations are particularly striking given that
people tend to speak more clearly than they otherwise
would when producing recordings for speech perception
experiments, which would be expected to reduce variabil-
ity across talkers.

The relatively low correlations among identification
rates for different talkers may lead to another issue related
to replicability: If identification rates for the same words
are not consistent across talkers, then lexical characteris-
tics that are known to predict word recognition accuracy
across words may also have varying effects across talkers.

To assess this possibility, we examined the relationship
between word identification accuracy for each of the six
talkers from JS180 and two commonly used lexical
variables—frequency of occurrence (Brysbaert & New,
2009) and neighborhood density (Luce & Pisoni, 1998).
Given that word frequency and neighborhood density tend
to be positively correlated but have opposite effects on
word identification accuracy (i.e., high-density words tend
to occur more frequently in the language, but density
impairs identification whereas frequency facilitates it), we
assessed the effects of density and frequency on identifica-
tion by calculating their semipartial correlations with iden-
tification accuracy. Semipartial correlations were evalu-
ated using the spcor function in the “ppcor” package
(Kim, 2015), and accuracy was defined as the proportion
correct for a word produced by a given talker (collapsed
across participants). Frequency values were obtained from
Brysbaert and New (2009) and represent log-scaled word
frequency values from a corpus of film and television sub-
titles. Density values were obtained from Balota et al.
(2007) and represent the number of words that can be cre-
ated by a single-phoneme substitution of the target. The
semipartial correlation between frequency and identifica-
tion accuracy, controlling for density, was significant for
all talkers in the JS180 data set (see Table 2). In contrast,
the effects of density, controlling for frequency, were more
variable and only generated statistically significant semi-
partial correlations for two of the six talkers.

These results indicate that weak effects may or may
not emerge depending on the talker who produces the

Figure 2. Correlations among word identification accuracy of the
six talkers in the JS180 data set.

5In JS180, every participant identified words produced by every talker
but the specific words they heard from a given talker varied such that
participants heard one sixth of the words produced by each talker.
For example, one sixth of the participants heard “cat” produced by
Talker 1 and one sixth of the participants heard “cat” produced by
Talker 2 (see Strand & Sommers, 2011), meaning that the accuracies
for each token were derived from different participants. However,
participants from a single sample were randomly assigned to word-
by-talker lists, therefore minimizing the likelihood that participant
differences could be responsible for the small-to-moderate correlations
across talkers.
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stimuli. Furthermore, the variability shown here is likely
to represent the lower bound of what would be predicted
across studies, given that in addition to using different
talkers, studies are likely to differ in how they process the
stimuli, the population sampled from, equipment used,
and so on. Taken together, this suggests that the choice of
which talker to use may significantly influence study out-
comes. One potential solution to this issue is, when appro-
priate, to use multiple talkers in a study to ensure that
any effects obtained are not conditional on the choice of
talker.6

Variability Source #2: Digital Stimulus
Processing

When researchers generate auditory stimuli for
research on spoken word identification, they must make
several decisions about whether and how to process the
stimuli. For example, researchers may choose to perform
some form of leveling to ensure that words do not differ
substantially in the amplitude at which they are presented.
Most researchers do not report their method for leveling
auditory stimuli, and those who do typically equate stimuli
on root-mean-square (RMS) amplitude using either Adobe
Audition (Tye-Murray et al., 2010, 2016, 2015) or Praat
(Van Engen et al., 2014, 2017). However, Audition has
numerous options for leveling audio (e.g., ITU-R BS.1770-3,
which uses K-weighting/perceived loudness, total RMS, peak
amplitude), and after selecting one of them, the user has con-
trol over various parameters—including the target loudness,
tolerance, and maximum true peak level for ITU-R
BS.1770-3, and target loudness for total RMS7; researchers
rarely, if ever, report these details.

Researchers must also decide whether or not they
should remove ambient noise (e.g., low-level hum from
electrical appliances) from the audio files. Although the

standard noise reduction process is similar in various audio
processing softwares (i.e., a noise sample is taken from a
portion of the audio file during which speech is not present,
then the amplitude of those frequencies is selectively
reduced throughout the audio track), researchers can adjust
the parameters to vary the extent to which ambient noise is
removed. For example, both Adobe Audition and Audacity
allow the user to specify the amplitude reduction of the
background noise, the number of frequency smoothing
bands, and the algorithm’s sensitivity to noise, but Audition
allows for precise control over several other parameters
that are not available in Audacity (including fast Fourier
transform size, spectral decay rate, etc.). Depending on the
magnitude and nature of the effect of interest, these deci-
sions regarding signal processing may or may not affect
outcomes. However, the additional variability introduced
by differences in stimulus processing may limit the replica-
bility of fragile effects, and sharing materials (and specify-
ing details regarding stimulus processing; see below)
enables researchers to identify the particular sources of var-
iability that may account for these differences across
studies.

The available data do not allow us to explicitly test
the effects of different signal processing decisions on word
recognition accuracy because the processing techniques in
these studies are unknown. However, a scatter plot of
identification rates in the two largest data sets that used
the same background noise and SNR demonstrates some
consistent patterns in identification rates; indeed, visual
inspection of scatter plots revealed that some types of
words in one data set were systematically under- or over-
estimated in the other (see Figure 3). For example, only
9% of the words ending in nonsibilant fricatives (e.g.,
“hoof” and “faith”; shown in red) were identified at
higher rates in the JS400 data set than in the MS1083
data set, whereas 61% of the words ending in sibilant fric-
atives (e.g., “was” and “push”; shown in blue) were identi-
fied at higher rates in JS400 (see Figure 3).

These discrepancies may be the result of speaker idi-
osyncrasies (e.g., perhaps the talker in JS400 produces
nonsibilants in a less intelligible manner or more rapidly
than the talker in MS1083) or differences in the particu-
lars of the masking noise—although both studies used six-
talker babble, the babble files were constructed using dif-
ferent talkers and different sentences. Alternatively or in
addition, the differences may be a function of the signal-
processing techniques the researchers employed. For
example, sibilants (e.g., /s/) tend to have higher overall
amplitude than nonsibilants (e.g., /θ/); thus, a study that
matches entire words on a target RMS level will tend to
increase the amplitude of the rest of the word more when
it contains a nonsibilant than when it contains a sibilant.
For example, if the /s/ in “sick” has higher amplitude than
the /θ/ in “thick” but the /ik/ portions are the same

6When making decisions about using one or multiple talkers,
researchers should consider how perceptual learning of talker identity
may affect outcomes (see Nygaard & Pisoni, 1998).
7Although these may seem like minor details, they can be influential:
For example, too much amplification can lead to clipping, which dis-
torts the speech and may impair intelligibility.

Table 2. Semipartial correlations between word identification accu-
racy and both frequency of occurrence (controlling for neighbor-
hood density) and neighborhood density (controlling for word
frequency).

Talker Frequency Density

Talker 1 sr = .29, p < .001 sr = −.15, p = .047
Talker 2 sr = .28, p < .001 sr = −.10, p = .19
Talker 3 sr = .20, p = .007 sr = −.11, p = .14
Talker 4 sr = .26, p < .001 sr = −.16, p = .03
Talker 5 sr = .30, p < .001 sr = −.06, p = .40
Talker 6 sr = .27, p < .001 sr = .003, p = .97
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amplitude, matching those words on RMS level would
tend to increase the amplitude of the /ik/ in “thick” more
than in “sick.” If another study does not match words on
target RMS amplitude but instead opts to present the
words at the amplitude at which they were recorded, the
ends of those words would be equivalent in amplitude.
Thus, discrepancies in signal processing may account for
differences in identification rates for the same words
across studies.

Variability Source #3: Masking Noise

Differences in spoken word identification rates
across studies may also be attributable to the characteris-
tics of the masking noise used. For example, the fact that
Luce and Pisoni (1998) presented speech in white noise
whereas all other studies used six-talker babble may
account for the somewhat lower correlations between the
Luce and Pisoni data sets and the others. However, the
effects of masker type cannot be directly assessed with the
data we present here because none of the studies held all
other factors constant (e.g., participant group, SNR, and
testing setting) while manipulating masker type.

In addition to differences in the type of masker used
(e.g., white noise vs. six-talker babble), differences in the
acoustic features of maskers of the same type are also
likely to produce different levels of interference. If, for
example, one study used six-talker babble produced by
talkers whose voices were very similar to the target (e.g.,
same gender and age) and another used babble that was

more dissimilar to the target, these different six-talker
babble files are likely to produce different levels of inter-
ference. Indeed, although both the MS1083 and JS400
data sets used six-talker babble, the relatively low correla-
tion in identification rates between the two studies may be
partially attributable to the fact that the babble was pro-
duced by different talkers and may have been leveled or
mixed in different ways.

These findings suggest that the characteristics of the
maskers—in addition to traits of the talkers and the
stimuli—may affect study outcomes. Regardless of the
type of noise employed, we encourage researchers to share
the maskers used in their studies in addition to the target
speech files. Sharing masking noise enables other
researchers to directly assess the influence of various types
of masking noise on identification rates for a particular
set of words.

Variability Source #4: Listener Differences

Another source of variability that may contribute to
low correlations across studies is differences in the lis-
teners included in the sample. Indeed, no two studies
include exactly the same participants, even if the samples
come from similar participant pools. This sampling
variability—particularly when paired with small sample
sizes—may produce different identification rates for the
same words across studies. Only one pair of experiments
in the current investigation can speak to this possibility:
The JS400_lab and JS400_AMT data sets (Slote &

Figure 3. Scatter plot showing word identification accuracy in the JS400 and MS1083 data sets. The black line represents y = x. Labeling of
sibilant and nonsibilant fricatives corresponds to the coda consonant.
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Strand, 2016) used the same words, speakers, and record-
ings, but the JS400_lab data set was collected in a typical
laboratory setting, whereas the JS400_AMT data set was
collected online using Amazon’s Mechanical Turk. Identi-
fication rates across these data sets were highly correlated
(r = .83)—despite different participants and variability in
listening environments—and approached the split-half reli-
abilities of the two experiments (r = .91 for in-lab, r = .94
for online). This suggests that identification rates using the
same recordings are relatively stable across participants
and provides reassurance for issues of replicability given
that listeners will always be different between experiments
and labs. The fact that correlations are highest when the
same recordings of target words are used suggests that fea-
tures of the particular audio recordings may be more
important than previously thought.

A core feature of scientific research is that results
can be independently replicated. The data presented here
demonstrate that what researchers may have assumed
were innocuous methodological choices may actually
affect study outcomes, which as a consequence may
threaten replicability in our discipline. Reporting features
of the stimuli and experimental design that are known or
expected to affect study outcomes is commonplace in the
literature. However, given the infinite number of idiosyn-
crasies inherent in speech that cannot possibly be reported,
we recommend sharing study materials like speech stimuli
(along with data and code) in an accessible repository as a
helpful step toward increasing transparency in research
(see Klein et al., 2018).

Benefits of Sharing Stimuli

Sharing stimuli has multiple benefits. First, it facili-
tates future attempts to replicate and/or extend previous
work. For example, if one paper describes a finding within
a sample of young adults, future researchers can easily
assess whether the finding applies to older adults as well if
they have access to the original stimuli. Thus, stimulus
sharing enables researchers to explicitly test whether char-
acteristics of the listeners (or the nature of the testing envi-
ronment, headphones used, etc.) affect study outcomes
while holding other features of the experiment constant.

Sharing stimuli can also help “protect” the researchers
doing the sharing from subsequent failures to replicate.
For example, if a finding does not replicate, the replica-
tion team can rerun the experiment using the original
stimuli and compare the results to those obtained using
their own stimuli, but only if the original stimuli are pub-
licly available. This may shed light on whether a failure to
replicate is driven by differences in stimulus materials
(e.g., using different talkers) or some other factor (e.g.,
differences in the sample, statistical power, etc.).

The existence of stimulus repositories has pedagogi-
cal benefits as well. Indeed, replication studies represent
an efficient and accessible entry point into research for
undergraduates given that the theoretical background,
methods, and analyses that are relevant to the experiment
are already clearly defined. Thus, publicly available stim-
uli make the task of incorporating replication attempts
into undergraduate curricula less daunting for faculty who
either run undergraduate research labs—in which students
may join the lab with little or no research experience, and
turnover rates are often high so it is important that stu-
dents learn about research methods as quickly as
possible—or include a lab component in their undergradu-
ate courses (e.g., see Wagge et al., 2019).

Some researchers may be reluctant to share stimuli
given the cost of audio equipment and time spent record-
ing and editing; indeed, stimulus creation represents a sig-
nificant investment of time and resources. However, shar-
ing materials—and stimuli in particular—can help reduce
barriers for researchers with fewer resources and thereby
address issues related to equity in our discipline. In addi-
tion, having access to high-quality stimuli enables early
career researchers who do not yet have established labs to
begin data collection more quickly than they otherwise
might be able to. Broadly speaking, sharing materials
increases accessibility in science and builds inclusivity in
our discipline (Ledgerwood et al., 2022).

How to Share Stimuli

There are many options for sharing stimuli in a pub-
licly accessible way. The most straightforward is to do so
in an existing repository such as the Open Science Frame-
work (http://osf.io), which provides a stable link and DOI
that can be embedded directly in the paper. Using an
existing repository is preferable to linking to stimuli on a
researcher’s personal website because personally main-
tained websites are more likely to change (e.g., if a
researcher moves institutions) and are therefore less stable
over time. The least accessible method of sharing is to
make materials available “by request.” This shifts the bur-
den onto future researchers and increases the likelihood
that the stimuli will not be accessible because the original
researchers changed their e-mail addresses, forgot where
they stored the files, or were simply too busy to respond
(see Savage & Vickers, 2009, for evidence of low rates of
compliance for data sharing).

Regardless of where stimuli are shared, it is impor-
tant that the stimuli are not only available, but also
decipherable—that is, presented in a format that makes
them easy for others to understand and use. Although
there exist many guidelines for sharing data and code
(e.g., Wilkinson et al., 2016), there are fewer guidelines
for sharing materials, possibly because subdisciplinary
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differences make it difficult to generate standardized
guidelines. In the case of speech materials, at minimum it
must be clear to a naïve reader what the stimulus files rep-
resent (e.g., which word/sentence/experimental condition a
particular stimulus file corresponds to) and how they are
organized. We therefore recommend creating a document
that is posted along with the stimuli that contains a full
list of the stimuli, notes about file-naming conventions
(e.g., “cat_A.wav” refers to the word “cat” produced by
talker A), and any other details necessary for a naïve
reader to comprehensively understand what each file con-
tains. Furthermore, stimuli should be shared in commonly
used formats (e.g., .wav files) so future researchers can
easily open and manipulate them.

Although most researchers record stimuli in lossless
(uncompressed) formats, it is sometimes necessary to pres-
ent lossy (compressed) recordings in the experiment itself.
For example, some online stimulus presentation software
(e.g., Gorilla Experiment Builder; Anwyl-Irvine et al.,
2020) requires that auditory files be uploaded in .mp3 (or
.ogg) rather than .wav format. In these cases, we recom-
mend that researchers post both the original lossless files
and those that were actually used in the study and clearly
label which is which.

It is advisable that researchers posting their stimuli
publicly specify a license that gives others guidance about
how the stimuli may be reused. There are several Creative
Commons licenses (https://creativecommons.org/about/ccli-
censes/) that indicate whether the creator of the stimuli
must be credited, whether the stimuli may be used for
commercial purposes, and whether the stimuli may be
edited/altered. We recommend the CC BY-NC license,
which allows reusers to “distribute, remix, adapt, and
build upon the material in any medium or format for non-
commercial purposes only, and only so long as attribution
is given to the creator.” This ensures that the creator will
be credited but allows subsequent researchers to edit the
materials as needed. It is also important to describe the
sharing plan to the talker producing the stimuli and
obtain their consent at the time of recording. This can be
achieved by asking the talker to sign a document affirm-
ing that they understand how and why the stimuli will be
used and shared (akin to a participant signing a consent
form).

We recommend that researchers share their stimuli
at the time a manuscript is submitted to a journal or pre-
print server because this is when the details regarding
stimulus creation, file structure, naming conventions, and
so on are fresh in mind. However, researchers who have
stimuli available to share from previous papers can still
post those stimuli online for future use. One of the
authors of this research note (V.A.B.) has created an Open
Science Framework page (https://osf.io/nbwaj/) to facilitate
sharing stimuli from published or unpublished work.

Additional Recommendations

In addition to sharing stimuli, we urge researchers
to include even more detail about the nature of the stimuli
and how they were recorded and processed in the Method
section. Although it is common to describe the gender and
language background of the talker (and background bab-
ble when relevant), it is rare to see descriptions of whether
any noise removal was implemented, the software and set-
tings used to level the amplitude of the stimuli, the format
in which the recordings were presented (e.g., lossy or loss-
less), the speaking rate, the average duration of the words,
and any other potentially relevant details. Note that sev-
eral of these details (e.g., file duration) may not be neces-
sary to include in the paper if stimuli are shared but are
crucial if they are not.

We also encourage researchers to think about and
explicitly comment on whether and how they believe their
choice of stimulus materials is likely to affect outcomes in
Constraints on Generality statements (Simons et al.,
2017). These statements give authors the opportunity to
state the situations in which they expect their findings to
generalize (or not), which not only helps ensure that find-
ings will not be overblown but may also protect authors
from potential failures to replicate. For example, if the
authors explicitly state that their findings may not apply
to individuals with hearing loss and a later study fails to
find the effect in that population, that lack of an effect is
not seen as a failure to replicate, but rather as information
about the bounds of the effect. Constraints on Generality
statements often specify whether the effect is specific to a
particular target population (e.g., Is a finding for normal-
hearing participants likely to generalize to those with hear-
ing loss?), type of stimulus materials (e.g., Is a finding on
isolated words likely to extend to words embedded in con-
text?), linguistic trait of the talker or listener (e.g., Is the
finding robust to changes in dialect?), listening environ-
ment (e.g., Might changing the masking noise type or
SNR affect the outcomes?), and so forth.

Rather than appealing to researchers to share their
materials, some journals—including Nature (Springer
Nature, n.d.) and Psychological Science (Lindsay, 2017)
—have opted to make sharing data and materials a pre-
condition of publication. Adopting this and other prac-
tices laid out in the Transparency and Openness Promo-
tion guidelines (Nosek et al., 2015) can help journals
ensure that the work they are publishing is as transpar-
ent as possible. JSLHR has made key steps toward
encouraging greater transparency, including implementing
Registered Reports and offering Open Science Badges.
In addition to these important steps, explicitly encourag-
ing researchers to share their data and materials will
help facilitate the replicability of research in our
discipline.
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Conclusions

Sharing stimuli is not currently standard practice in
speech research, and undisclosed variability in how speech
stimuli are recorded and processed may lead to inconsis-
tencies in the literature. We therefore encourage researchers
to more thoroughly document their process regarding stim-
ulus creation and publicly share those stimuli for others to
reuse. It is important to note that we are not advocating
that researchers use a more limited set of stimuli; indeed,
assessing whether findings are robust to differences in
talkers, stimulus processing choices, SNRs, and so on is an
important component of our work. Rather, we are empha-
sizing that sharing stimuli has benefits in terms of facilitat-
ing replication, reconciling inconsistent results, and reduc-
ing barriers to access for researchers who have fewer
resources. Thus, along with other practices such as preregis-
tration (Nosek et al., 2018), publishing Registered Reports
(Chambers, 2013), and sharing data and code (Houtkoop
et al., 2018), stimulus sharing will help establish a more
robust and replicable literature.

Data Availability Statement

Data are available at https://osf.io/v38ej/.
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