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Abstract
Heartbeat detection tasks are often used to measure cardiac interoceptive sensitivity—the ability to detect sensations
from one’s heart. However, there is little work to guide decisions on the optimum number of trials to use, which
should balance reliability and power against task duration and participant burden. Here, 174 participants completed
100 trials of a widely used heartbeat detection task where participants attempt to detect whether presented tones
occurred synchronously or asynchronously with their heartbeats. First, we quantified measurement reliability of the
participant’s accuracy derived from differing numbers of trials of the task using a correlation metric; we found that at
least 40–60 trials were required to yield sufficient reliability. Next, we quantified power by simulating how the
number of trials influenced the ability to detect a correlation between cardiac interoceptive sensitivity and other
variables that differ across participants, including a variable measured from our sample (body mass index) as well as
simulated variables of varying effect sizes. Using these simulations, we quantified the trade-offs between sample size,
effect size, and number of trials in the heartbeat detection task such that a researcher can easily determine any one of
these variables at given values of the other two variables. We conclude that using fewer than 40 trials is typically
insufficient due to poor reliability and low power in estimating an effect size, although the optimal number of trials
can differ by study.
Descriptors: Heartbeat detection, Interoceptive sensitivity, Reliability, Power calculation, Simulation

oception has grown exponentially over the past 10 years in part
because of renewed theoretical interest in the links between interoception and emotion (Barrett, Quigley, Bliss-Moreau, & Aronson,
2004; Damasio, 1994; Wiens, 2005), decision making (Dunn et al.,
2010; Werner, Jung, Duschek, & Schandry, 2009), and health
(Cameron, 2001; Fassino, Piero, Gramaglia, & Abbate-Daga, 2004;
Herbert, Herbert, & Pollatos, 2011; Mehling et al., 2012; Pollatos
et al., 2008). In addition, recent neuroanatomical and neuroimaging
studies have helped reveal how the brain supports interoception,
which involves brain networks that include the insula and anterior
cingulate cortex (e.g., Critchley, Wiens, Rotshtein, Ohman, &
Dolan, 2004; Pollatos, Schandry, Auer, & Kaufmann, 2007; for
reviews, see Barrett & Simmons, 2015; Craig, 2009; Critchley &
Harrison, 2013; Damasio & Carvalho, 2013). These data have been
useful for clarifying hypotheses about how dysfunctional interoception can cause or exacerbate anxiety and depression (Paulus &
Stein, 2010) and addiction and craving (Gray & Critchley, 2007;
Naqvi & Bechara, 2010).
Much empirical research on interoception has focused on individual differences in interoceptive sensitivity: the ability to detect
signals from the body (e.g., heartbeats). Although interoceptive

Interoception is broadly defined as the central nervous system processing of signals from the periphery (e.g., heart rate, temperature,
blood glucose) and occurs regardless of conscious awareness
 am, 1998; Cameron, 2002; Vaitl, 1996). The literature on inter(Ad
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sensitivity can differ across cardiac, respiratory, and gastrointestinal physiological systems (for a review, see Kleckner & Quigley,
2014), heartbeat detection tasks are widely used because they are
sensitive to theoretically relevant individual differences such as
anxiety (e.g., Critchley et al., 2004), they relate to features of affective responding such as intensity (e.g., Wiens, Mezzacappa, & Katkin, 2000), and they are methodologically tractable. There are two
widely used approaches to assess cardiac interoception: the heartbeat detection task and the mental tracking method (for a review,
see Jones, 1994). Although the respective outcome measures for
these two tasks, which we call cardiac interoceptive sensitivity and
heartbeat tracking accuracy, are frequently used interchangeably in
the literature, evidence suggests that they have distinct correlates
and thus should be considered to be conceptually distinct (see
Kleckner & Quigley, 2014, for a discussion; also see Ceunen, Van
Diest, & Vlaeyen, 2013; Garfinkel & Critchley, 2013).
One of the most commonly used types of heartbeat detection
task is called the modified Whitehead task (Whitehead, Drescher,
Heiman, & Blackwell, 1977). For each trial, the participant hears a
series of 10 tones, each of which is triggered by the R-spike in their
electrocardiogram (ECG). The participant’s task is to report
whether the series of tones were coincident with or not coincident
with his or her heartbeats. On coincident trials, the tones are presented 200 ms after each R-spike, and on noncoincident trials, the
tones are presented 500 ms after each R-spike. We use the term
cardiac interoceptive sensitivity to refer to the outcome measure
derived from this (and related) heartbeat detection tasks. To provide just three examples, individual differences in cardiac interoceptive sensitivity are positively related with greater self-reported
emotional intensity during evocative films (Wiens et al., 2000),
greater tendency to focus on the arousal component of emotional
experiences in daily life (Barrett et al., 2004), and greater accuracy
in predicting whether a shock would accompany a stimulus in a
€
conditioning task (Katkin, Wiens, & Ohman,
2001).
In a commonly used mental tracking method, participants
silently count their own heartbeats over multiple epochs ranging
from 25–55 s in duration, and then report the number of heartbeats
counted for each epoch. The number of beats counted for each
epoch is then compared to the number of heartbeats recorded via
the ECG for each epoch, and the score is averaged across trials
(Schandry, 1981). We use the term heartbeat tracking accuracy to
refer to the outcome measure derived from the mental tracking
method. Three examples of findings with this task include that individual differences in heartbeat tracking accuracy are positively correlated with memory for emotional words (Werner, Peres,
Duschek, & Schandry, 2010) and with greater body-related selfconfidence (Duschek, Werner, Reyes del Paso, & Schandry, 2015).
Moreover, heartbeat tracking accuracy moderates the relationship
between physiological arousal while viewing evocative pictures
and subjective arousal (Dunn et al., 2010). The mental tracking
method can be implemented relatively easily, and the task duration
is short (10–15 min). However, the validity of the mental tracking
method as strictly a measure of cardiac interoceptive sensitivity has
come under serious criticism because performance can be strongly
affected by beliefs about one’s heart rate (e.g., knowledge of basal
heart rate) rather than simply due to the online, beat-to-beat detection of one’s heartbeats (Jones, 1994; Knoll & Hodapp, 1992; Phillips, Jones, Rieger, & Snell, 1999; Ring, Brener, Knapp, &
Mailloux, 2015).
The heartbeat detection task and mental tracking method have
been directly compared in several studies (e.g., Garfinkel,
Seth, Barrett, Suzuki, & Critchley, 2015; Knoll & Hodapp, 1992;
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Pennebaker & Hoover, 1984; Phillips et al., 1999), and we highlight three key conclusions from these studies. First, although the
two heartbeat tasks can identify participants with very low or very
high performance equally well, they typically do not equivalently
identify participants with intermediate performance (Knoll &
Hodapp, 1992). Second, as noted above, the mental tracking
method is influenced by expectations and beliefs (e.g., knowledge
of one’s typical heart rate), whereas the heartbeat detection task is
not (Phillips et al., 1999). Third, these two different methods do not
yield consistent results when used in the same participant, suggesting that the outcome measures of these two tasks should be considered conceptually distinct (Pennebaker & Hoover, 1984).
We focus our investigation here on the modified Whitehead
heartbeat detection task instead of the mental tracking method
because the heartbeat detection task is better validated for assessing
individual differences in cardiac interoceptive sensitivity (for a
review, see Jones, 1994). However, the modified Whitehead heartbeat detection task is relatively difficult (i.e., many participants do
not perform well at the task) and can be relatively time consuming
depending on the number of trials used. Importantly, due to lack of
prior research, it is not clear how many trials are needed, and thus
it is not clear how much the duration of the task can be reduced
while maintaining sufficient reliability and power of the outcome.
More generally, selecting the number of trials to utilize in the
heartbeat detection task requires making a trade-off between measurement reliability/statistical power and participant burden/time.
Not surprisingly, using more trials yields a more reliable measure
of cardiac interoceptive sensitivity and greater statistical power, but
also increases task duration and burden. In principle, excessive participant burden can reduce the validity of the measurement if participants become disengaged and do not continue to perform well
as task duration increases. In efforts to balance these concerns,
researchers utilizing this heartbeat detection task have employed
anywhere from 15 trials (e.g., Garfinkel et al., 2015) to 200 trials
(e.g., Whitehead et al., 1977).
To our knowledge, only one prior study has addressed the issue
of the optimum number of trials to use in the heartbeat detection
task. In that study, Jones and colleagues (Jones, Jones, Rouse,
Scott, & Caldwell, 1987) correlated heartbeat detection accuracy, a
measure of cardiac interoceptive sensitivity, calculated over 50 trials with heartbeat detection accuracy after the first 10, 20, 30, and
40 trials across 24 participants. As expected, the correlation values
increased as the number of trials increased up to about 30 trials
(Pearson’s r values were .78, .85, .96, and .97, respectively), and
thus the authors recommended using at least 30 trials. Although
this analysis provides initial guidance concerning the optimum
number of trials, there are additional considerations in selecting the
number of trials that have not yet been assessed. First, because
most researchers use heartbeat detection measures to assess relationships between cardiac interoceptive sensitivity and other variables that differ across participants, it is important to know how the
number of trials influences the statistical power of these betweenparticipant tests. Moreover, existing power analysis tools cannot
fully address how many trials of the heartbeat detection task are
needed because both the number of participants and the number of
trials impact power. Additionally, existing power analysis tools do
not account for unique characteristics of the heartbeat detection
task such as the likely distribution of cardiac interoceptive sensitivity values across a typical sample (i.e., many scores reflecting low
performance) and the fact that each trial yields a binary outcome
(correct or incorrect). Second, because the analysis by Jones et al.
was limited to 50 trials and 24 participants, we felt it was important
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to examine how the number of trials impacted the reliability and
statistical power of cardiac interoceptive sensitivity scores in a
more comprehensive sample using a larger number of trials.
The goal of the present investigation is to allow researchers to
make an informed decision concerning the number of trials to use
in the heartbeat detection task. To accomplish this goal, we used
data from 174 participants who performed 100 trials of the heartbeat detection task, and we performed three key analyses. First, we
quantified how the number of trials (20–100) influenced the reliability of the cardiac interoceptive sensitivity score. Second, we
quantified how the number of trials influenced the statistical power
of a correlation between cardiac interoceptive sensitivity and body
mass index (BMI) because cardiac interoceptive sensitivity is
inversely related to percent body fat (Rouse, Jones, & Jones, 1988).
Finally, we simulated cardiac interoceptive sensitivity scores for a
large number of individuals to allow researchers to conduct a
between-participants power analysis for a wider range of sample
sizes, effect sizes, and numbers of trials. Importantly, our simulations uniquely address statistical power in this heartbeat detection
task, which would not be pragmatically possible using empirical
data alone or existing power analysis techniques.
Method
Participants
Two hundred and five participants (120 females, 85 males) were
pooled across five studies in our lab that used heartbeat detection
with 100 trials per participant with data acquired between 2012 and
2014. All studies enrolled English-speaking, healthy adults who
reported no history of mental or cardiovascular illness. Participants
were asked to abstain from ingesting caffeine and alcohol for either
12 or 24 h prior to testing. Dataset 1 was collected at Northeastern
University and included 113 participants (43 males). Dataset 2 was
collected at Northeastern University and included 46 participants
(24 males) who were recruited because they were regularly physically active. Dataset 3 was collected at the Laureate Institute for
Brain Research and included 16 participants (8 males). Dataset 4
was collected at the Laureate Institute for Brain Research and
included 16 participants (7 males). Dataset 5 was collected at Northeastern University and included 14 participants (3 males). Participants were removed from the analysis for any of the following
reasons: (a) they did not follow task instructions (4/205; e.g., they
felt their pulse with their fingers), (b) they did not complete all 100
heartbeat detection trials (10/205), (c) they exhibited an anomalous
ECG that precluded performing the heartbeat detection task (4/205),
or (d) they were already tested in another study within this sample
(15/205; where we used the data acquired in the first test). The final
dataset consisted of 174 participants (77 males, 97 females) age 18–
57 years (M 6 SD 5 24.09 6 7.05 years). Participants’ mean height
(M 6 SD) was 1.71 6 0.09 m (range 5 1.54–1.91 m), mean
weight was 70.78 6 18.12 kg (range 5 40.91–140.45 kg), and
mean BMI was 24.22 6 5.45 kg/m2 (range 5 15.48–47.08 kg/m2).
These BMI scores are typical of young adult American samples
(e.g., the median and modal BMI was 25 in a large adult sample
from New York in 2004; Van Wye et al., 2008).
Procedure
Participants were greeted and consented in accordance with the
research site’s institutional review board. Participants also completed a demographics questionnaire (Dataset 1 only) and a brief
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health questionnaire regarding intake of caffeine, alcohol, and medications, whether they were suffering from any illnesses, and the
number of hours they slept the prior night. Participants’ height and
weight were then measured (these were self-reported in Datasets 3
and 5). Participants were fitted with pregelled ConMed Cleartrace
Ag/AgCl sensors (Westborough, MA) to record a modified lead II
ECG. Participants also wore a respiration belt around the chest,
impedance cardiographic sensors (except Dataset 4), and electrodermal sensors on the hand (except Dataset 4). Those data are not
reported here. Physiological channels were sampled at 1000 Hz
using BioLab v. 3.0.8–3.0.13 (Mindware Technologies Ltd.,
Gahanna, OH). After being connected to physiological recording
equipment, participants sat quietly for 2–10 min (in Datasets 3 and
5, participants completed a demographics questionnaire and the
PANAS-X [Watson, Clark, & Tellegen, 1988] during this period).
Next, participants completed a 5-min baseline during which they
were asked to sit still (Dataset 4 had no baseline). They then completed 100 trials of the heartbeat detection task described below.
Finally, participants completed additional tasks not related to this
study. Participants were compensated $5 per half hour (Datasets 1,
2, and 5) or $10 per half hour (Datasets 3 and 4).
Heartbeat Detection Task
We assessed cardiac interoceptive sensitivity for each participant
using the modified Whitehead heartbeat detection task (e.g., Barrett
et al., 2004), which is a previously established modification of the
task described in Whitehead et al. (1977). Participants were seated
and viewed instructions on a computer monitor. The researcher
instructed the participant to focus on feeling their heart beating in
their chest without using the chair, their fingers, or other objects.
Participants were instructed to remain still during each trial. For
each of the 100 trials, participants heard 10 tones of 50-ms duration
each (200-ms duration in Dataset 1), which were triggered by their
own ECG. For a given trial, all 10 tones were presented either
200 ms after the occurrence of each R-spike in the participant’s
ECG (perceived as coincident with the heartbeats) or 500 ms after
each R-spike (perceived as noncoincident with the heartbeats).
Equal numbers of trials were presented at each delay time. After
the 10 tones, participants indicated whether the series of tones were
coincident or noncoincident with their heartbeats. This task is
modified in that the delay times of 200 ms and 500 ms were found
to be superior (e.g., Wiens & Palmer, 2001) in distinguishing coincident from noncoincident timing compared to the delay times
originally proposed by Whitehead et al. (128 ms and 384 ms). Participants in Datasets 2 and 4 also rated their confidence in each
response, and participants in Datasets 1, 2, and 4 were given 30-s
breaks at 25%, 50%, and 75% completion. For 25/205 participants,
there were technical difficulties that resulted in a 1–3 min break at
some point during the task. The task was self-paced (approximately
20–40 min), and participants pressed a button to begin each trial.
This task was implemented using BioLab v. 3.0.8–3.0.13 and an
in-house MATLAB program (Mathworks, Natick, MA) that utilized PsychoPhysics Toolbox extensions (Brainard, 1997; Kleiner,
Brainard, & Pelli, 2007; Pelli, 1997).
Invalid trials were removed if observational data recorded by
the researchers during the study indicated that the participant
moved excessively during a trial (e.g., yawning, stretching) or if
the researcher had to talk with the participant during the trial (e.g.,
reminding them of instructions). Only 2% of trials were lost for
these reasons from Datasets 2–5. It was not possible to remove trials for behavioral reasons from Dataset 1 because observational
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accuracy values calculated from performance on a smaller number
of trials (e.g., first 20 trials, first 30 trials, etc).
Results. The across-participants correlation between accuracy at
100 trials and accuracy at another trial (20, or 21, or 22, . . ., or
100) increased over trials (Figure 1). After 30–40 trials, the reliability was well over r 5 .7, which is often considered sufficient; and
after 60–70 trials, the reliability was well over r 5 .9, which is
extremely high. Thus, while Jones et al. recommended at least 30
trials to achieve r > .9 with results at 50 trials, our results suggest
that researchers should use at least 60 trials to achieve r > .9 with
100 trials.
Figure 1. Measure of reliability in interoceptive sensitivity, specifically,
the between-participants correlations between accuracy at 100 trials and
accuracy at 20–100 trials.

data were not recorded. The first three (practice) trials were not
analyzed.
Analysis Plan
To calculate cardiac interoceptive sensitivity, we used the fraction
of trials correct, which we designate accuracy in the following text.
We utilized accuracy as a measure of cardiac interoceptive sensitivity because of its simplicity and tractability in performing the
power analysis simulations and because it is established in studies
of heartbeat detection (e.g., Critchley et al., 2004; Wiens et al.,
2000; for a review, see Jones, 1994).
In the results that follow, we first assessed the reliability of
accuracy over differing numbers of trials, and we compared our
results to those of Jones et al. (1987). Second, we examined how
statistical power was influenced by the number of trials by examining how the number of trials impacted the observed correlation
between accuracy and BMI measured in our sample. Third, we
used simulated data to quantify how an observed effect size was
influenced by both the number of trials and the sample size across
a wider range of effect sizes, sample sizes, and numbers of trials.
Importantly, these simulations take into account the stochastic and
binary nature of the outcome measure (correct or incorrect at each
trial) and the measured distribution of cardiac interoceptive sensitivity scores in the current sample. Finally, we utilized these simulations to recommend the optimal number of trials to reliably
observe a between-participants correlation linking cardiac interoceptive sensitivity and a second variable of interest.
Results
Influence of the Number of Trials on Reliability
Rationale. Measurement reliability is an important consideration
when selecting the number of trials used to derive accuracy. If too
few trials of the heartbeat detection task are performed, accuracy
may not be a good measure of the participant’s actual cardiac interoceptive sensitivity due to excessive noise in the measurement. The
goal of this analysis is to determine a minimum number of trials
needed to meet a reasonable criterion for reliability of accuracy.
Approach. To replicate the reliability analysis used by Jones et al.
(1987), we computed the between-participants correlation of accuracy values calculated from performance on all 100 trials and

Limitations. The discrepancy between our results and the results
of Jones et al. reflects a limitation of this analysis: specifically, the
recommended number of trials needed to achieve r > .9 increases
based on the maximum number of trials in the analysis. Both analyses suggest that r > .9 is exceeded at 3/5 of the total number of trials included in the analysis. So, although this approach is a good
start toward addressing the number of trials to use, it is a limited
measure of reliability. This emphasizes why it is important to use
other criteria to determine an optimum number of trials, such as
statistical power to detect effects of interest.
Influence of the Number of Trials on a Between-Participants
Correlation: An Exemplar Effect
Rationale. Researchers often use a correlation to test for theoretically relevant relationships between cardiac interoceptive sensitivity and another variable of interest, which can be a behavioral,
peripheral physiological, or central neural measure. Despite growing interest in cardiac interoceptive sensitivity, there is no systematic research on how the number of trials in a heartbeat detection
task influences the ability to assess a between-participants correlation. Although it is established that using more trials increases
power, existing power calculators do not capture the unique features of the heartbeat detection task that influence power, such as
the typical sample distribution of cardiac interoceptive sensitivity
scores, and that the outcome of each trial is binary (correct or
incorrect).
Approach. To determine how the number of trials in the heartbeat
detection task influences the ability to assess a correlation involving cardiac interoceptive sensitivity, we assessed the correlation
between accuracy and BMI. We examined how the correlation
between accuracy and BMI within our sample changed when accuracy was calculated using trials 1–20, 1–21, 1–22, . . ., and 1–100.
This analysis should demonstrate when we have enough trials for a
reliable measure of the relationship between cardiac interoceptive
sensitivity and BMI because we have a wide range of scores on
both variables.
We also examined whether accuracy differed by gender
(t 5 20.39, p 5 .70 at 100 trials), and we assessed the correlations
between accuracy and age (r 5 -.05, p 5 .49 at 100 trials), and
accuracy and resting baseline heart rate (r 5 .06, p 5 .44 at 100 trials). Because none of these effects were statistically significant, we
do not address them further.
Results and recommendations. Cardiac interoceptive sensitivity
was negatively correlated with BMI at 100 trials (r 5 2.20,
p 5 .009; Figure 2a), consistent with prior research (Rouse et al.,
1988). Moreover, the correlation coefficient was slightly more
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Figure 2. a: Correlation between cardiac interoceptive sensitivity and BMI at 25 trials and at 100 trials. b: Observed correlation (i.e., effect size)
between cardiac interoceptive sensitivity and BMI across trials. The correlation crossed the statistical threshold (p < .05) and remained near or above
that threshold after 25–35 trials.

negative with more trials included (Figure 2b). At 20 trials, Pearson’s r was about -.10, and after 25–35 trials, Pearson’s r consistently exceeded the statistical threshold (p 5 .05). Further, the
variability in r across trials became notably more stable after 40–50
trials (Figure 2b), suggesting that the observed r was more reliable
once the number of trials exceeded 40–50. Importantly, the relationship between cardiac interoceptive sensitivity and BMI is not
stronger with more trials, rather the estimate of accuracy improved
with more trials, and the observed effect size more closely
approached the true effect size. Altogether, these data suggest that
the observed effect size for this relationship is r 5 -.20 at 100 trials
using 174 participants, but this relationship can be reliably
observed using as few as 25–35 trials with this same number of
participants.
Limitations. This analysis is limited to a single observed effect
size (r  .2) with 174 participants and 100 trials, and thus cannot
be used to extrapolate to other effect sizes, or more than 174 participants and/or more than 100 trials. However, data simulations are
well suited for providing a more comprehensive assessment of different effect sizes, sample sizes, and the number of trials (for
related data simulation approaches to assessing statistical power,
see, e.g., Zhang, 2014). In the next two sections, we address these
issues of statistical power using simulations.
Influence of the Number of Trials on the Ability to Estimate
the True Effect Size of a Between-Participants Correlation
Rationale. It is useful to know how sample size and the number of
trials together influence the effect size of correlations across a wide
range of effect sizes both for interpreting existing results and for
planning future studies.
Approach. First, we generated a population of 10,000 simulated
participants where each participant was assigned a “true” cardiac
interoceptive sensitivity score randomly drawn from our large
(N 5 174) empirical distribution of scores at trial 100 (see online
supporting information, Figure S1). Thus, our simulated population
had the same distribution of cardiac interoceptive sensitivity values
as our empirical sample. In the second step, for each of the 10,000
simulated participants, we randomly generated a series of responses
(correct or incorrect in proportion to the participant’s assigned true
accuracy) for each trial of the heartbeat detection task. For example, if the simulated participant’s true accuracy was 70%, then on
any given trial there was a 70% chance of being correct and a 30%

chance of being incorrect (like flipping a biased coin). This step
was key to capturing the stochastic nature of the task. We simulated
200 trials because it is the upper limit of trials from published
papers using this task (Jones, 1994). In a third step, we calculated
how the number of trials of the heartbeat detection task influenced
the observed correlation between cardiac interoceptive sensitivity
and a simulated variable that differs across participants and has the
same distribution as the cardiac interoceptive sensitivity values. To
do this, we set up a between-participants correlation of rtrue 5 1
between a simulated variable (Y) and true cardiac interoceptive sensitivity, both of which differ across participants. Then, for each of
the 200 simulated trials, we calculated the observed correlation
(robserved) with Y using the simulated cardiac interoceptive sensitivity values calculated for that particular trial. In a separate analysis,
we found that the relationship between rtrue and robserved did not
depend on the value of rtrue, and thus we just provide the ratio robserved/rtrue using rtrue 5 1. To account for variability across different
samples that is due to their finite size (25, 50, 75, 100, 150, or 200
participants), we repeated the above analysis by randomly drawing
the desired sample size 1,000 times from the population of 10,000
simulated individuals. We report the 95% confidence interval of
the distribution of robserved/rtrue values at each trial for each sample
size.
Results and recommendations. Figure 3 shows that, as more trials were performed, a hyperbolic curve describes how the observed
effect size ever more closely matches the true effect size. For
example, if rtrue 5 .3, then using 20, 50, or 100 trials would yield
an observed effect size that is on average 65%, 80%, or 90% of its
true value, respectively, or robserved 5 65% 3 rtrue 5 .195, 80% 3
rtrue 5 .24, or 90% 3 rtrue 5 .27, respectively (blue line in Figure
3, “N 5 Inf (infinite participants)” column in Table 1). Moreover,
smaller samples exhibited greater variability (larger confidence
intervals) in the relationship between observed effect size and true
effect size. For example, if the true effect size was rtrue 5 .3, then
testing 25, 50, or 200 participants using 60 trials would yield an
observed effect size that is 60–93%, 69–91%, or 77–87% of its true
value, respectively. Additionally, these results can help researchers
infer the true effect size from an existing study using an observed
effect size and sample size. For example, a study that used 20 trials
with 50 participants and reported an (observed) effect size of
r 5 .25 likely reflects a true effect size between .32 and .60 (i.e.,
rtrue 5 .25/65% 5 .38 with 95% CI 5 .32–.60). Altogether, we recommend at least 40 trials to achieve a reasonable estimate of the
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(e.g., they may be normally or otherwise distributed). However, a
supporting analysis showed that this assumption is reasonable. We
showed that if we instead use a normally distributed Y (vs. the positively skewed distribution of accuracy values; Figure S1) there
were only minimal reductions in the correlation coefficient values
(0.05 units or less).
Influence of the Number of Trials on the Ability to Reliably
Observe a Between-Participants Correlation

Figure 3. The y axis shows the ratio of the observed effect size
(robserved) to the true effect size (rtrue). Each pair of lines with the same
color shows the upper and lower 95% confidence intervals (CIs) encompassing variability in observed effect size due to finite sample size. In
contrast, the Infinite participants line does not contain any variability in
robserved because of its infinite sample size. For a look-up table of values
shown in the plot, see Table 1.

true effect size because the robserved/rtrue curve falls steeply below
40 trials (Figure 3).
Limitations. There are two primary assumptions of this simulation. First, the distribution of cardiac interoceptive sensitivity values across participants was derived from our large empirical
dataset (N 5 174; Figure S1). Therefore, this simulation is limited
if these data do not generalize to other samples and populations.
There are, however, several reasons to think that these data are generalizable to other samples of American young adults. In particular,
our sample was relatively diverse in terms of basic demographics
(i.e., height, weight, BMI, age, gender, and race) and was collected
from two different laboratories across the United States. That said,
several specific subpopulations that may be of particular interest to
researchers in this field were purposefully excluded from the current sample, including participants with previous or current psychiatric disorders and those taking medications that can influence
cardiac activity. If such subpopulations have dramatically different
distributions of cardiac interoceptive sensitivity than the general
public, then our simulation may be less generalizable for power
analyses with those specific samples. The second primary assumption of these simulations is that the distribution of the second variable Y has the same distribution as the cardiac interoceptive
sensitivity values, which may not be the case for certain variables

Rationale. In this section, we address the final step to determine
the minimum number of trials required to reliably observe a correlation for a given effect size and sample size. To do this, we
account for how the statistical threshold for Pearson’s r changes as
a function of sample size.
Approach. This analysis extends the simulations from the prior
section. Specifically, for each true effect size (rtrue from zero to one
in increments of .001), we found the smallest trial number such
that robserved(trial) exceeded the statistical threshold at p < .05 for
the given sample size using the lower bound of the 95% confidence
interval for robserved(trial)/rtrue from Figure 3 or Table 1. We used
the lower bound of the confidence interval to be conservative in the
face of variability across samples (i.e., smaller sample sizes tend to
exhibit greater variability in the observed effect size than larger
samples sizes).
Results and recommendations. Figure 4 and Table 2 both quantify the relationship between the number of heartbeat detection trials, sample size, and effect size for a between-participants
correlation of cardiac interoceptive sensitivity and any other variable with a similar distribution as the cardiac interoceptive sensitivity values. Table 2 enables easier determination of specific values
for guiding future research. There are three ways to use these
results. First, for a given sample size and effect size, one can determine how many trials are needed to reliably observe a correlation
of a given magnitude. For example, using 100 participants with an
effect of rtrue 5 .3, the study needs at least 25 trials to reliably
observe the correlation. Also, because this simulation analysis
builds upon the prior simulation, it accounts for how the number of
trials and sample size influence the observed effect size (Figure 3).
Second, for a given number of trials and effect sizes, one can determine how many participants are needed to reliably observe the correlation. For example, using 110 trials with an effect of rtrue 5 .2,
the study needs 100 participants to reliably observe the correlation.

Table 1. Proportion of True Effect Size Using Various Numbers of Trials and Sample Sizes
Proportion of true effect size (robserved/rtrue)

Number
of trials

N 5 25

N 5 50

N 5 75

N 5 100

N 5 150

N 5 200

N 5 Inf

20
40
60
80
100
120
140
160
180
200

33–84%
49–89%
60–93%
66–94%
71–96%
75–96%
77–97%
80–97%
81–97%
83–98%

42–79%
60–87%
69–91%
74–93%
79–94%
81–95%
84–96%
85–96%
87–96%
88–97%

50–78%
65–86%
73–90%
77–92%
81–93%
84–94%
86–95%
87–96%
89–96%
90–96%

51–75%
66–85%
74–89%
79–91%
82–93%
85–94%
86–95%
88–95%
89–96%
90–96%

53–74%
68–83%
75–88%
80–90%
83–92%
86–93%
88–94%
89–95%
90–95%
91–96%

56–72%
70–83%
77–87%
82–90%
85–92%
87–93%
88–94%
56–72%
70–83%
77–87%

65%
77%
83%
86%
88%
90%
91%
92%
93%
94%

Note. The range in each cell shows 95% confidence interval. N 5 Inf ignores the variability in robserved due to finite sample size. Values are from
Figure 3.
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were derived and the results of our supporting analyses regarding
other distributions of simulated Y values.
Influence of Time-on-Task on the Reliability of Measuring
Cardiac Interoceptive Sensitivity

Figure 4. The x axis shows the true effect size (rtrue). The y axis shows
the minimum number of trials such that r(cardiac interoceptive sensitivity vs. Y) exceeds the statistical threshold at p < .05 in 95% of the cases
when the simulated correlation was performed under these conditions.
The lines show the minimum trials as a function of rtrue across different
sample sizes (from 25–200 participants). For a look-up table of values
shown in the plot, see Table 2.

Finally, for a given number of trials and sample size, one can determine the minimum effect size that can be reliably observed. For
example, using 75 participants and 50 trials, one can reliably
observe a correlation of rtrue > .275.

Limitations. The limitations of the prior simulations also apply to
these simulations. But, again, the assumptions made are reasonable
given the large empirical sample from which these simulations
Table 2. Minimum Number of Trials to Reliably Observe a
Between-Participant Correlation Between Cardiac Interoceptive
Sensitivity and a Second Variable Y

True effect
size (rtrue)
.100
.125
.150
.175
.200
.225
.250
.275
.300
.325
.350
.375
.400
.425
.450
.475
.500
.525
.550
.575
.600
.625
.650
.675
.700

Minimum trials to get observed effect size (robserved)
above threshold
N 5 25

N 5 50

N 5 75

N 5 100

N 5 150

N 5 200

NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
216
155
119
96
82
76
67
57
52
50
45
39
38

NA
NA
NA
NA
NA
NA
NA
167
98
72
54
45
39
32
29
26
24
22
21
19
18
17
16
15
14

NA
NA
NA
NA
NA
132
77
51
38
30
26
22
19
17
15
13
13
11
10
10
10
9
9
8
8

NA
NA
NA
NA
108
59
42
31
25
20
18
15
13
12
11
10
9
9
8
8
7
7
6
6
6

NA
NA
179
67
39
28
21
17
14
12
11
9
9
8
7
7
6
6
5
5
5
5
4
4
4

NA
268
64
35
23
17
14
12
10
8
7
7
6
6
5
5
4
4
4
4
3
3
3
3
3

Note. The true effect size refers to the best estimate of the effect size
(using infinite participants; Table 1, Figure 3). NA indicates that the
sample size is too small to detect an effect of this size. Values are from
Figure 4.

Rationale. One possible concern in using the heartbeat detection
task is whether it is possible to have participants perform too many
trials. Indeed, researchers have acknowledged that the heartbeat
detection task is tedious (Jones, 1994) and suggested that participant compliance may be compromised when using many trials. If
this were the case, the measurement might become invalid because
the data reflects systematic reductions in observed cardiac interoceptive sensitivity over the course of the experiment.
Approach. To assess whether the participants in our dataset disengaged from the task at any point (e.g., due to fatigue, boredom, or
distraction), we analyzed how each participant’s performance
changed across the 100 trials of the heartbeat detection task. As a
control analysis, we also analyzed how performance fluctuated
across 100 trials simply due to chance and the binary nature of the
task. See supporting information for more details.
Results and recommendations. Our results indicate that anywhere between 0% and 15% of our sample exhibited systematic
reductions in cardiac interoceptive sensitivity across the 100 trials of
our dataset (Figure S2). To assess the effect of up to 15% of our sample exhibiting a modest performance decrement (guessing on 25% of
trials), we modified the interoceptive sensitivity values in the correlation with BMI (Figure 2). Specifically, we reduced the interoceptive
sensitivity scores of the best-performing 26 participants (top 15% of
the sample) by an amount that was as if they were guessing (50%
accuracy) on 25% of the trials. This reduced the correlation strength
from r 5 2.20 (p 5 .009) to r 5 2.19 (p 5 .013), which is a fairly
small change. Because we find limited evidence of performance decrements in our sample, it appears safe to use up to 100 trials without
significant effects on the outcomes. However, for studies that need to
use more than 100 trials, it may be important to consider ways to
continue to enhance motivation or reduce possible task disengagement (e.g., provision of breaks between blocks of trials).
Discussion
Our results provide guidance for choosing the number of trials
needed to ensure sufficient reliability and statistical power of a measure of cardiac interoceptive sensitivity for any given effect size and
sample size. Considering both our reliability analyses and power
analyses, we conclude that researchers should use at least 40 trials
of the heartbeat detection task. Using fewer than 40 trials severely
compromises the ability to estimate the true effect size (Figure 3)
and severely reduces reliability (Figure 1). Importantly, our simulations reflect the unique characteristics of the modified Whitehead
heartbeat detection task, such as the stochastic and binary nature of
the outcome measure and the distribution of cardiac interoceptive
sensitivities across individuals from our large empirical sample
(Figure S1). Indeed, although existing power analysis tools can provide the minimum sample size required to observe an expected
effect size (e.g., G*Power; Faul, Erdfelder, Lang, & Buchner,
2007), there are no existing power analysis tools that also consider
how the number of trials for a heartbeat detection task impacts the
ability to detect a given effect size for a particular sample size.
Additionally, because our data came from five different samples
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with slight variations across protocols, our findings are likely relatively robust to methodological variations such as using mandatory
breaks during the task, using different questionnaires and baseline
durations before the heartbeat detection task, and providing different
amounts of monetary compensation.
As with any study, there are limitations. First, our recommendations may not generalize to samples that have different distributions
of interoceptive sensitivity values than our sample (e.g., due to
much higher or lower percent body fat). However, because our
sample is relatively large (N 5 174) and diverse (height, weight,
BMI, age, gender, and race), our data are likely representative of a
American community or student sample. Second, our correlation
power analysis recommendations may not generalize to variables
that are not normally distributed or distributed like the interoceptive sensitivity values herein (positively skewed; Figure S1). Thus,
we recommend ensuring that, when a study moves to the analysis
phase, variables tested for correlation with interoceptive sensitivity
are linearly related to interoceptive sensitivity and/or are normally
distributed (e.g., using a transformation if needed). Third, because
the heartbeat detection task is so difficult (about half the sample
performs at floor), the task may not be optimally sensitive for use
in studying individual differences in interoceptive sensitivity (for a
discussion, see Khalsa, Rudrauf, Sandesara, Olshansky, & Tranel,
2009). To address this limitation, the task can be made easier by
increasing the magnitude of the heartbeat signal (e.g., using the
beta adrenergic agonist isoproterenol; Khalsa et al., 2009) and/or
minimizing sources of exteroceptive noise.

In future studies, it will be important to select the proper number of trials in the heartbeat detection task because heartbeat detection is being used in increasingly complex studies where more
resources are at stake (e.g., neuroimaging, longitudinal, and interventional studies). Additionally, the need for specific power calculators (as we present here) will continue to be important as
theoretical models involving cardiac interoceptive sensitivity
become more sophisticated. For example, heartbeat tracking accuracy moderates the link between physiological responding and subjective experience or behavior (Dunn et al., 2010; Werner,
Schweitzer, Meindl, Duschek, Kambeitz, & Schandry, 2013), suggesting the possibility that cardiac interoceptive sensitivity may
also be a moderating factor. Thus, just as we incorporated the number of heartbeat detection trials into a power analysis of correlation
effects, future work could incorporate the number of heartbeat
detection trials into a power analysis of moderation effects (e.g.,
using modifications to calculations in the pwr package in R;
Champely, Ekstrom, Dalgaard, Gill, & Rosario, 2015).
By helping researchers to select the number of trials to use in a
well-established and commonly used heartbeat detection task, we
hope to enhance research on cardiac interoceptive sensitivity across
a wide range of topics including emotion, memory, decision making, health behaviors, and mental illness. Our results will prove
useful to researchers studying interoception both in designing their
own studies and comparing results across studies. Use of the tools
we provide should result in greater power, reliability, and interpretability in the growing literature on cardiac interoceptive sensitivity.
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