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Abstract
Background  Prescribing repetitions relative to task failure is an emerging approach to resistance training. Under this 
approach, participants terminate the set based on their prediction of the remaining repetitions left to task failure. While this 
approach holds promise, an important step in its development is to determine how accurate participants are in their predic-
tions. That is, what is the difference between the predicted and actual number of repetitions remaining to task failure, which 
ideally should be as small as possible.
Objective  The aim of this study was to examine the accuracy in predicting repetitions to task failure in resistance exercises.
Design  Scoping review and exploratory meta-analysis.
Search and Inclusion  A systematic literature search was conducted in January 2021 using the PubMed, SPORTDiscus, and 
Google Scholar databases. Inclusion criteria included studies with healthy participants who predicted the number of repeti-
tions they can complete to task failure in various resistance exercises, before or during an ongoing set, which was performed 
to task failure. Sixteen publications were eligible for inclusion, of which 13 publications covering 12 studies, with a total of 
414 participants, were included in our meta-analysis.
Results  The main multilevel meta-analysis model including all effects sizes (262 across 12 clusters) revealed that participants 
tended to underpredict the number of repetitions to task failure by 0.95 repetitions (95% confidence interval [CI] 0.17–1.73), 
but with considerable heterogeneity (Q(261) = 3060, p < 0.0001, I2 = 97.9%). Meta-regressions showed that prediction accuracy 
slightly improved when the predictions were made closer to set failure (β =  − 0.025, 95% CI − 0.05 to 0.0014) and when the 
number of repetitions performed to task failure was lower (≤ 12 repetitions: β = 0.06, 95% CI 0.04–0.09; > 12 repetitions: 
β = 0.47, 95% CI 0.44–0.49). Set number trivially influenced prediction accuracy with slightly increased accuracy in later 
sets (β =  − 0.07 repetitions, 95% CI − 0.14 to − 0.005). In contrast, participants’ training status did not seem to influence 
prediction accuracy (β =  − 0.006 repetitions, 95% CI − 0.02 to 0.007) and neither did the implementation of upper or lower 
body exercises (upper body – lower body =  − 0.58 repetitions; 95% CI − 2.32 to 1.16). Furthermore, there was minimal 
between-participant variation in predictive accuracy (standard deviation 1.45 repetitions, 95% CI 0.99–2.12).
Conclusions  Participants were imperfect in their ability to predict proximity to task failure independent of their training 
background. It remains to be determined whether the observed degree of inaccuracy should be considered acceptable. Despite 
this, prediction accuracies can be improved if they are provided closer to task failure, when using heavier loads, or in later 
sets. To reduce the heterogeneity between studies, future studies should include a clear and detailed account of how task 
failure was explained to participants and how it was confirmed.
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1  Introduction

Prescribing the number of repetitions to complete per set of 
exercise is a key variable in resistance-training programs. 
Traditionally, the number of repetitions are prescribed in a 
predetermined and fixed manner (e.g., three sets of 10 repeti-
tions), using a certain percentage of one repetition maximum 
(1RM) [1–4]. While the traditional prescription approach 
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Key Points 

In view of the growing popularity of prescribing repeti-
tions relative to task failure in resistance training, we 
investigated the accuracy of participants predicting when 
they will reach task failure during sets of resistance 
exercises.

Participants underpredicted when they will reach task 
failure by approximately one repetition irrespective 
of their training background; however, accuracy rates 
improved when predictions were provided in later stages 
of ongoing sets, when the number of repetitions was 
relatively low, as well as in later sets.

While it is unclear if the observed prediction accuracy 
is deemed acceptable, the fact that it is possible to 
improve it by modifying some training variables point 
to the potential benefits of this repetitions prescription 
approach.

shy of task failure1[15]. In recent years, this approach has 
been frequently studied using the Repetitions in Reserve 
(RIR) [16–19] and the Estimated Repetitions to Failure [20, 
21] approaches. While some differences exist between them, 
we will use the term RIR to encapsulate both approaches. 
The main benefit of the RIR approach is that it attempts to 
control for the level of effort rather than the number of rep-
etitions completed in a set [17, 22]. Effort can be defined as 
the process of investing resources to complete a task, relative 
to the available resources or current capacity to complete the 
task [23, 24]. Since acute decrement in strength capacity (i.e. 
muscular fatigue) occurs during an ongoing set, completing 
each additional repetition requires a greater investment of 
effort. Accordingly, the proximity to task failure in a given 
set is indicative of the effort required. For example, when 
lifting the same load, terminating a set three repetitions away 
from task failure is more effortful than terminating that set 
six repetitions away from task failure, regardless of the num-
ber of repetitions completed. Since there is no strict number 
of repetitions that participants must complete following the 
RIR approach as long as they reach a certain proximity to 
task failure, between- and within-subject differences in abili-
ties can be better accounted for.

An emerging number of studies investigated the longi-
tudinal effects of following RIR on neuromuscular adapta-
tions, with most reporting promising results [18, 25, 26]. 
However, for RIR strategies to be deemed effective, trainees 
must demonstrate an acceptable degree of accuracy when 
predicting proximity to task failure. To illustrate, consider 
a participant who predicts to be two repetitions from task 
failure during an ongoing set, but then completes eight rep-
etitions before reaching task failure. This scenario demon-
strates an underprediction error of six repetitions (i.e., actual 
minus predicted number of repetitions). While the degree of 
prediction accuracy required for effective implementation of 
RIR remains to be determined, developing an understanding 
of the prediction accuracy rates is an important step in the 
study of the RIR approach. A growing number of studies 
have examined participants’ RIR prediction accuracy [13, 
20, 22, 27–36]; however, since these studies included a wide 
range of populations who lifted different loads and predicted 
task failure at different stages of a set (e.g., before or during 
a set), a clear picture of prediction accuracy remains elusive. 
In view of the growing popularity of RIR and the importance 
of developing a clear understanding of the prediction accu-
racy when using RIR, the goal of the current meta-analysis 

1  Here, we refer to task-failure as an umbrella term that includes the 
inability to complete another repetition despite attempting to (i.e., 
momentary failure, or not attempting the next repetition assuming it 
could not be completed (i.e., repetition maximum [RM]). Note, this 
is in part due to the lack of clear definitions in the literature regarding 
repetition prescription if resistance training, and a critical discussion 
of set endpoint definitions will take place in later sections.

is effective in achieving health and performance improve-
ments [5–7], it has some limitations. Primarily, it does not 
adequately account for day-to-day performance variability 
between and within individuals. This is evident when con-
sidering the large variability in the maximum number of 
repetitions that participants can complete in different exer-
cises, even when using the same percentage of 1RM [8–10], 
and the effects of various nuisance variables on performance 
(e.g., diet, sleep, motivation) [11, 12]. To illustrate, consider 
two participants attempting to complete as many repetitions 
as they can in the squat exercise using 70% of their 1RM. 
The first participant completed eight repetitions while the 
other participant completed 16 repetitions. If they attempt to 
replicate their results on different days, the number of repeti-
tions that both will be able to complete will likely decrease 
or increase as a function of different nuisance variables act-
ing upon them on that day. If both were prescribed three sets 
of 10 repetitions, the first participant would struggle to com-
plete the set even at maximal effort, while the latter partici-
pant would require comparatively much less effort. Hence, 
if both followed the traditional prescription approach, their 
individual abilities, and fluctuations in these abilities, would 
not have been sufficiently accounted for, which could lead to 
suboptimal neuromuscular adaptations.

An alternative strategy is to prescribe the number of rep-
etitions relative to task failure [13, 14]. For example, termi-
nating a set when one predicts to be two or three repetitions 
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was to investigate the prediction accuracy estimates across 
studies. Additionally, we examined if the following vari-
ables influence prediction accuracy: training status, timing 
of prediction, repetition range (indicative of relative load), 
set number, and upper or lower body exercise.

2 � Methods

2.1 � Search Strategy

This systematic search and review was conducted according 
to the Preferred Reporting Items for Systematic Reviews and 
Meta-Analyses (PRISMA) guidelines. We based our search 
criteria on our familiarity with common RIR terminology 
alongside the use of search filters containing Medical Sub-
ject Headings (MeSH). Two reviewers (IHN and TM) per-
formed electronic searches using the Google Scholar, Pub-
Med/MEDLINE and SPORTDiscus databases, harvesting 
any data record until 5 January 2021. The search included 
the following terms: (‘resistance-train*’ OR ‘resistance-
exercise*’ OR ‘strength-train*’ OR ‘strength-exercise*’ OR 
‘weight-train*’) AND (‘estim*’ OR ‘evaluate*’ OR ‘pre-
dict*’ OR ‘assess*’ AND ‘proximity-to-failure’ OR ‘rep*-
in-reserve’ OR ‘rir’ OR ‘rep*-to-failure’ OR ‘failure’ OR 
‘musc*-exhaus*’ OR ‘musc*-fatigue’). We note that Google 
Scholar has a 256-character search limit, which forced us to 
reduce the number of included terms.

Studies were included if they met the following crite-
ria: (1) the study was published in English and was either 
published in a peer-reviewed journal or as an MSc or PhD 
thesis; (2) participants had no known medical conditions 
or injuries; (3) the implemented modality was resistance-
exercise; (4) participants had to predict proximity to task 
failure before or during a set; and (5) participants had to 
reach task failure in all sets that they provided a prediction 
for. Two reviewers (IHN and TM) assessed relevant records, 
which were downloaded into Endnote (version 20; Clari-
vate Analytics, Philadelphia, PA, USA). All duplicates were 
removed before screening. To enable simultaneous screening 
of titles and abstracts by the reviewers, all potential records 
were uploaded to abstrackr [37]. When an abstract indicated 
inclusion and agreement was reached by both reviewers, the 
full-text article was assessed for eligibility. Any disagree-
ment regarding the eligibility that arose between the review-
ers was settled by IH or if consensus was reached following 
further discussion. This search strategy was also duplicated 
internally to check for consistency by two additional review-
ers (PAK and MW), who did so independently.

The following data were extracted from eligible studies: 
title; participant characteristics regarding sample size, sex, 
age, exercises, sets, loads, and timing of task failure predic-
tion (before or during the set); and set endpoint definition, 

instructions, and prediction error (actual minus predicted 
repetitions to task failure). The main datum we were looking 
to extract was prediction error and this was extracted for all 
groups and conditions within each study; thus, there were 
multiple predictions extracted for each included study in this 
analysis. In cases where they were not reported, one author 
(JS) emailed the authors of the manuscripts requesting the 
raw or mean values. If the authors did not reply within 
1 month, we resorted to calculating the prediction errors 
based on the figures (data were digitized using WebPlotDigi-
tizer; v4.3, Ankit Rohatgi; https://​apps.​autom​eris.​io/​wpd/) 
and tables. Data were extracted to a csv file for meta-analysis 
by JS, and to a Word table that was edited by IH.

2.2 � Statistical Analysis

The exploratory meta-analysis was performed using the 
‘metafor’ package in R (v 4.0.2; R Core Team, https://​
www.r-​proje​ct.​org/) [38]. All analysis codes utilized are 
presented in the electronic supplementary material (ESM; 
https://​osf.​io/​grynu/).

Studies were grouped according to their design and 
reporting (i.e., whether they reported the paired actual and 
predicted repetitions or the paired difference) for appropriate 
calculation of raw mean change score sizes using the ‘escalc’ 
function in ‘metafor’ (see analysis code). We opted to ana-
lyze using the raw, as opposed to standardized, mean change 
scores, given that all effects were of the same construct and 
measurement, i.e., number of repetitions. We examined the 
difference between the actual repetition number performed 
to task failure and the predicted repetition number (actual 
minus predicted number of repetitions). Scores were calcu-
lated such that positive values indicated that underpredic-
tion had occurred. That is, the number of repetitions pre-
dicted was smaller than the number of repetitions actually 
performed to momentary failure. For example, if a trainee 
predicted to have two more repetitions prior to task failure, 
but then completed six, the person underpredicted by four 
repetitions. Correlations between predicted and actual rep-
etitions were reported for most studies, and, when absent, we 
were usually able to obtain access to the raw data to enable 
their calculation. For those studies where we were unable to 
obtain these, we imputed the mean correlation from across 
those studies where these data were available as a reason-
able estimate.

Because of the nested structure of the effect sizes cal-
culated from the studies included (i.e., studies often had 
multiple groups and reported effects within these groups for 
multiple conditions), multilevel mixed-effects meta-analyses 
with both study and intrastudy groups (i.e. where there were 
multiple groups within a given study) were included, as ran-
dom effects in the model were performed. Cluster robust 
point estimates and precision of those estimates using 95% 

https://apps.automeris.io/wpd/
https://www.r-project.org/
https://www.r-project.org/
https://osf.io/grynu/
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compatibility (confidence) intervals (CIs) were produced 
[39], weighted by inverse sampling variance to account 
for the within- and between-study variance (tau-squared). 
Restricted maximal likelihood estimation was used in all 
models. A main model was produced including all effects; 
that is to say, for each condition performed by each group 
within each study. Thus, the models included all predictions 
made by all groups in each of the included studies. Consider-
ing the heterogeneity of study methods used in terms of the 
specific resistance training protocols for which predictions 
were made, as well as the experience of participants, this 
main model was merely interpreted generally as to whether 
it seemed people tended to over- or underestimate repeti-
tions to task failure or whether they were fairly accurate in 
their predictions. Several exploratory meta-regression and 
subgroup analyses of moderators (i.e., predictors of effects) 
were also conducted to explore study protocols and par-
ticipant characteristics. Moderators examined using meta-
regression included mean resistance training history of 
participants in months, when the prediction was made as 
a percentage of the total number of repetitions performed 
to task failure, the mean number of repetitions performed 
to task failure, the set number for which the prediction was 
made, and whether upper or lower body exercise was used. 
We observed a non-linear effect of the mean number of rep-
etitions performed to task failure, and therefore to model this 
in an interpretable manner, we employed linear splines with 
a knot selected at 12 repetitions using the ‘lspline’ package 
[40]. A knot position of 12 repetitions was chosen as this is 
historically considered the upper end of the ‘hypertrophy’ 
repetition range before moving into the ‘endurance’ range 
[41]. This in essence meant separate regression models were 
fit between 0 and 12 repetitions and > 12 repetitions. Sub-
group analyses consisted of a comparison between upper 
and lower body exercises. Multilevel models with robust 
estimates were produced for each subgroup, and fixed effects 
with moderator’s model were used to compare the models.

Note, we were not able to obtain data to permit all studies 
to be included in all meta-regression or subgroup models, 
and therefore indicate the number included when reporting 
this. Furthermore, a small number of effects (n = 5) reported 
in studies had zero variances. In a supplementary analysis, 
we re-ran models with these included after imputing a small 
constant variance to them (3 × 10

−7) . This was to check that 
findings were not unduly influenced by their exclusion. The 
results of these models were not materially different (see 
https://​osf.​io/​9dhzq/) and thus the main findings reported 
here are those with zero variance effects excluded to not 
unduly overwhelm the weighting of other effects in the mod-
els and meta-analytic scatterplots.

Lastly, we included additional exploratory models 
examining the between-participant variation in predictive 

accuracy. For this, we fit the same models described above 
to estimates of the log transformed standard deviation (ln �̂ ) 
for prediction accuracy and its variance [42]. These models 
were then exponentiated back to their raw scales (i.e., stand-
ard deviations) for visualization purposes.

For all models, we opted to avoid dichotomizing the 
existence of an effect for the main results, and therefore did 
not employ traditional null hypothesis significance testing, 
which has been extensively criticized [43, 44]. Instead, we 
considered the implications of all results compatible with 
these data, from the lower limit to the upper limit of the 
interval estimates, with the greatest interpretive emphasis 
placed on the point estimate.

The risk of small study bias was examined visually 
through contour-enhanced funnel plots. Q and I2 statistics 
were also produced and reported [45]. A significant Q sta-
tistic is typically considered indicative of effects likely not 
being drawn from a common population. I2 values indicate 
the degree of heterogeneity in the effects: 0–40% indicates 
not important, 30–60% indicates moderate heterogeneity, 
50–90% indicates substantial heterogeneity, and 75–100% 
indicates considerable heterogeneity [46]. Furthermore, by 
way of a sensitivity analysis, we also replicated all mod-
els omitting any predictions made prior to the set initiating 
the results of which were not materially different and are 
included in the supplementary material (see https://​osf.​io/​
9yahn/ and https://​osf.​io/​tnuwz/).

3 � Results

3.1 � Included Studies

After initial searches and screening, 13 publications that 
covered 12 studies that met the inclusion criteria were identi-
fied. Specifically, two publications reported the same data on 
some of the outcomes [20, 27] but one of these publications 
[20] included additional data that were not reported in the 
other publication [27]. The same data were only used once 
for the analysis. Additional search approaches identified 
no further studies that met the inclusion criteria. Thus, the 
final number of studies included was 13 [13, 20, 22, 27–36]. 
Details of the search and inclusion process are shown in 
the PRISMA flow chart (Fig. 1). Details of the studies are 
reported in Table 1. The author’s description of the predic-
tion process and the set endpoint definitions are listed in 
Table 2 in the ESM (https://​osf.​io/​2fwue/). The pooled num-
ber of participants in the included studies was 414 across 25 
groups within studies and with sample sizes ranging from 6 
to 53 participants (median 14) per group within each study. 
Full details of all included studies can be seen in the data 
extraction table (https://​osf.​io/​6sc72/).

https://osf.io/9dhzq/
https://osf.io/9yahn/
https://osf.io/9yahn/
https://osf.io/tnuwz/
https://osf.io/2fwue/
https://osf.io/6sc72/
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3.2 � Main Model—All Effects

The main model including all effect sizes (262 across 12 
clusters [median 11.5, range 3–60 effects per cluster]) sug-
gests that participants, on average, underpredicted, with 
a point and interval estimate of 0.95 repetitions (95% CI 
0.17–1.73). There was however considerable heterogeneity 
(Q(261) = 3060.90, p < 0.0001, I2 = 97.89%). Figure 2 pre-
sents all effect sizes and interval estimates in an ordered 

caterpillar plot, while Fig. 3 presents the funnel plot of 
all effects.

3.3 � Exploratory Meta‑regression Analyses

3.3.1 � Training History

Meta-regression suggested that prediction accuracy was not 
moderated much by the mean training history (in months) 
of participants in the samples (β =  − 0.0061 repetitions, 95% 

Fig. 1   PRISMA flow chart illustrating the different phases of the search and study selection. PRISMA Preferred Reporting Items for Systematic 
Reviews and Meta-Analyses, TF task failure
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Table 1   Summary of the methods and characteristics of the included studies

Age and training experience are presented as mean ± standard deviation
RM repetition maximum, RIR repetition in reserve, RPE rate of perceived exertion (the authors used a 0–10 category ratio scale), rep repetition, 
M males, F females

Article No. of participants
(age in years)

Training experience Prediction timing Sets Load Exercise

Hackett et al. 2012 [13] 17 M
(32 ± 5)

8.2 ± 3.2 years 10th rep 5 70% 1RM Bench press
Back squat

Lemos et al. 2017 [30] 11 F
(22 ± 1)

Unclear 2nd rep 1 50% 1RM
70% 1RM
90% 1RM

Chest fly
Leg extension
Pull-down
Leg curl
Biceps curl triceps 

Extension military 
press

Servais 2015 [32] 12 F
(20 ± 1)
12 M
(22 ± 1)

4 ± 2 years Before the set 5 65% 1RM Bench press

Hackett et al. 2017 [27] 28 F
(28 ± 9.5)
53 M
(27.3 ± 9)

3.6 ± 4.6 years
5.5 ± 6.1 years

10th rep 10 70% 1RM
80% 1RM

Chest press
Leg press

Steele et al. 2017 [28] 69 F
(25 ± 8)
72 M
(29 ± 10)

1.5 months to 3 years Before the set 1 Self-estimated 10RM Seated row
Bench press
Leg press
Elbow flexion
Pull-down
Sit-up

Hackett et al. 2018 [20] 21 F
(30.4)
27 M
(26.6)

4 years
6.7 years

10th rep 3 70% 1RM
80% 1RM

Chest press
Leg press

Odgers 2020 [33] 13 F
(30 ± 5.4)
14 M
(29 ± 5.7)

 ≥ 6 months 6 RPE
9 RPE

4 80% 1RM Front squat
Hex deadlift

Sousa 2018 [29] 10 M
(25 ± 4)

6 ± 4 years 4 RIR
1 RIR

4 80% 1RM Back squat
Bench press
Deadlift
Back squat
Bench press
Deadlift

Ratto 2019 [31] 20 M
(20 ± 2)

4.7 years Pre-set
4th rep
8th rep
12th rep

1 100 kg Bench press

Zourdos et al. 2021 [22] 25 M
(25 ± 3)

5 ± 3 years 5 RIR
3 RIR
1 RIR

1 70% 1RM Back squat

Emanuel et al. 2020 [35] 10 M
(29.5 ± 4)

 ≥ 1 year Before the set 2 70% 1RM
83% 1RM

Bench press
Back squat
Bench press
Back squat

Mansfield et al. 2020 [34] 20 M
(26 ± 4)

6 ± 4 years 8th rep
3rd rep

3 60% 1RM
80% 1RM

Bench press
Prone row
Bench press
Prone row

Hackett 2021 [36] 20 M
(26.3 ± 9)

7 ± 4.7 years 10th rep 5 70% 1RM Bench press
Back squat
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CI − 0.0195 to 0.0073; 262 across 12 clusters [median 11.5, 
range 3–60 effects per cluster]). There was however con-
siderable heterogeneity (I2 = 97.64%). Figure 4 shows the 
meta-analytic scatter plot for this analysis.

3.3.2 � When Prediction was Made

Meta-regression suggested that prediction accuracy was 
moderated by how close to task failure participants were 
when they made their prediction (expressed as a percent-
age of total repetitions performed to task failure). Accu-
racy increased slightly as predictions were made with 
closer proximity to task failure (β =  − 0.025 repetitions, 
95% CI − 0.051 to − 0.001; 238 across 11 clusters [median 
11, range 3–60 effects per cluster]). There was however 
considerable heterogeneity (I2 = 97.90%). Figure 5 shows 
the meta-analytic scatter plot for this analysis.

3.3.3 � Repetition Range

Meta-regression suggested that prediction accuracy was 
trivially moderated by the repetition ranges performed up 

to 12 repetitions (first spline), but was strongly moderated 
by repetition ranges that included 12 or more repetitions 
(second spline). For the first linear spline, accuracy did 
not change much when performing fewer repetitions, but 
the second linear spline revealed that accuracy decreased 
as predictions in sets composed a higher repetition range 
(first linear spline [≤ 12 repetitions], β = 0.06 repeti-
tions, 95% CI − 0.04 to 0.16; second linear spline [> 12 
repetitions], β = 0.47 repetitions, 95% CI 0.35–0.58; 238 
across 11 clusters [median 11, range 3–60 effects per 
cluster]). There was however considerable heterogeneity 
(I2 = 88.25%). Figure 6 shows the meta-analytic scatter 
plot for this analysis.

3.3.4 � Set Number

Meta-regression suggested that prediction accuracy was 
trivially moderated by which set number the prediction 
was made on (β =  − 0.072 repetitions, 95% CI − 0.14 
to − 0.005]; 262 across 12 clusters [median 11, range 3–60 
effects per cluster]). There was however considerable het-
erogeneity (I2 = 97.76%). Figure 7 shows the meta-analytic 
scatter plot for this analysis.

Fig. 2   Ordered caterpillar plot presenting all effect sizes and 95% interval estimates from all included studies
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3.3.5 � Upper versus Lower Body Exercises

Subgroup models revealed prediction accuracy was 
slightly worse for lower body effects (1.51 repetitions, 95% 
CI − 0.38 to 3.40; 118 effects across 8 clusters [median 
13, range 2–29 effects per cluster; I2 = 99.48%]) com-
pared with upper body effects (0.92 repetitions, 95% CI 
0.09–1.75; 131 effects across 9 clusters [median 8, range 
4–40 effects per cluster; I2 = 97.29%]), but between-model 
comparison suggested the difference was unclear and the 
estimate imprecise (upper body – lower body − 0.59 repeti-
tions; 95% CI − 2.30 to 1.13).

3.4 � Exploratory Analysis of Between‑Participant 
Variation

The main model for log-transformed standard deviations 
in predictive accuracy revealed a relatively low between-
participant variation (ln �̂ = 0.37, 95% CI − 0.01 to 0.75) 
that, when exponentiated, was 1.45 repetitions (95% CI 
0.99–2.12). In general, the pattern of moderator effects was 
similar to that found in our exploratory meta-regressions 
of predictive accuracy. That is to say, between-participant 

variation was lowest when predictions were made closer to 
task failure, when fewer repetitions were performed per set, 
as well as in later sets. All outputs for models examining log-
transformed standard deviations are available in the ESM 
(https://​osf.​io/​7kx9e/) in addition to plots.

4 � Discussion

In this scoping review and meta-analysis, we explored 
participants’ prediction accuracy when following the RIR 
approach in resistance training. Overall, across studies, par-
ticipants underpredicted proximity to task failure by approxi-
mately one repetition. Prediction accuracy improved when 
predictions were made closer to task failure, when fewer 
repetitions per set were completed, as well as in later sets. 
Conversely, and somewhat surprisingly, training status did 
not seem to influence prediction accuracy, nor was there 
much difference between upper or lower body exercises. 
Furthermore, there was relatively minimal between-partic-
ipant variation in predictive accuracy, suggesting that the 
primary source of error is due to systematic underprediction.

Fig. 3   Contour-enhanced funnel plot in which the individual study effect sizes, illustrated by single dots, are plotted against the inverse standard 
error, serving as an indication of precision. While slightly skewed, the results suggest little bias

https://osf.io/7kx9e/
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It is not entirely clear whether the underprediction of 
proximity to task-failure of approximately one repetition is 
large enough to be considered meaningful. Mainly, the pre-
diction error of one repetition in the context of the total num-
ber of repetitions completed per set can considerably impact 
the interpretation. To illustrate, an underprediction error of 
one repetition can be considered small in a set composed 
of 20 repetitions (5% error) and large in a set composed of 
five repetitions (20% error). Most of the reviewed studies 
included more than 10 repetitions per set (average of 12.6 
repetitions), which can partly assist in framing and interpret-
ing this result. While it is difficult to interpret the direction 
and magnitude of this prediction error, developing a deeper 
understanding of it can help in designing, interpreting, and 
comparing studies. For example, future research examin-
ing the dose–response relationships of different proximities 
to task failure may benefit from knowing the magnitude of 
prediction errors [47–50].

The finding that prediction accuracy improved when the 
predictions were provided towards the end of a set composed 
of fewer repetitions, as well as in later sets, is logical. This 

is because predictions early in a set coupled with perform-
ing a greater number of repetitions allows for a wider range 
of errors to be made, in contrast to predictions later in a set 
coupled with completing fewer repetitions. Furthermore, 
prediction accuracy in later sets may improve due to either 
a practice element or that lingering fatigue means that the 
sets are performed with relatively greater loads [27, 35, 36]. 
Moreover, it is often assumed that predictions of proximity 
to task failure are made based on either remembered or pres-
ently experienced perception of effort [16, 51]. However, 
there is the potential for other salient experiences, such as 
discomfort, to be conflated with perception of effort and 
to influence one’s prediction [52–54]. This possibility may 
explain the general underprediction found across studies and 
also that predictions worsened with lower loads and thus 
higher repetition ranges. Lower loads performed to task fail-
ure typically elicit greater perceptions of discomfort [52, 
53]. Practically, if using RIR, participants should predict 
proximity to task failure as the set unfolds, rather than before 
it begins, for better prediction accuracies. Sets of lower rep-
etitions, which are commonly associated with heavier loads, 

Fig. 4   Meta-analytic scatter plot of training history and prediction accuracy
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will also lead to better prediction accuracies. The fact that 
training status did not impact prediction accuracy comes as 
a surprise as prior studies that included participants with a 
range of training histories have typically shown that training 
background is associated with improved predictive accuracy 
[27, 28], although in one study this may have also been due 
to more trained participants utilizing heavier loads/lower 
repetitions [28]. The large heterogeneity between studies 
may partly explain these trivial effects.

In conducting this scoping review, we have identified a 
number of methodological issues that warrant discussion. 
The main issue is that clear distinction between RM and 
momentary failure is not always present (see Table 2 in 
the ESM; https://​osf.​io/​2fwue/). For example, in the Esti-
mated Repetition to Failure scale used in studies by Hackett 
and colleagues [27], the following is stated in the scale’s 
instructions “… “0” is where the subject estimated no 
additional repetitions could be completed (concentric fail-
ure reached)”. Considering the operational definitions of 
RM and momentary failure provided by Steele et al. [15], 
this explanation does not clearly differentiate between RM 

(the sentence before the parentheses) and momentary fail-
ure (the part in parentheses). If participants predict that no 
additional repetitions can be completed at the point of task 
failure, then it can be assumed that the last repetition was 
successful. As such, the last repetition should be defined as 
RM. However, if concentric failure was achieved, then the 
final repetition should be defined as momentary failure. If 
the definition of task failure that they are trying to predict is 
not clearly explained to participants, larger prediction errors 
can be expected.

There are also inconsistencies between studies in which 
of the two set endpoints were used to represent task failure. 
This is the case with both scale instructions and the criteria 
used to define task failure. Ideally, in order to achieve higher 
prediction accuracies, sets that end with momentary failure 
are superior to those ending with RM. This is because reach-
ing momentary failure is, by definition, the point in which no 
more repetitions can be completed, whereas RM is, by defi-
nition, an unverified prediction that the subsequent repetition 
cannot be completed. For example, a trainee who assumes to 
have reached the point of RM may be able to complete three 

Fig. 5   Meta-analytic scatter plot of when prediction was made and prediction accuracy. reps repetitions

https://osf.io/2fwue/
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more repetitions before reaching momentary failure. Hence, 
there is more room for predication error unless momentary 
failure is achieved. We acknowledge that requesting and 
ensuring that participants reach momentary failure is not a 
simple task. It can be argued that it is impossible to truly ver-
ify whether momentary failure was achieved and, for ethical 
reasons, participants cannot be forced to reach momentary 
failure. The inconsistent task failure anchors in the RIR stud-
ies could have biased the estimates in this meta-analysis, as 
we treated task failure to be similar across studies. Future 
studies should consider how task failure is explained to 
participants and should include a detailed account of the 
instructions and how RM or momentary failure were defined 
and monitored [15]. In studies that include both RM and 
momentary failure as task failure, including the ratio of sets 
that ended with task failure utilizing participant self-reports 
and experimenter’s observations may assist in explaining 
dissimilar results between studies.

Another methodological issue in the literature is the 
anchoring bias that arises when participants provide their 
task failure prediction. That is, once participants report 

their task failure prediction, it is possible that they set this 
particular number as the goal of the set—in a sense, a self-
fulfilling prophecy. It is possible that if participants did not 
provide a prediction they would have completed more or 
less repetitions. Since all of the analyzed studies included 
in our meta-analysis suffered from this anchoring bias, the 
observed estimates may be smaller than what they truly are. 
To overcome the anchoring bias, Armes et al. [55] used a 
deception design where participants completed sets of knee 
extension to both RM and momentary failure, and were told 
that the purpose of the study was to inspect the reliability of 
their performance across trials; however, the true purpose of 
this study was to examine their predictive ability. By bypass-
ing the effects of the anchoring bias, the authors observed 
an average underprediction error of two repetitions in an 
internal meta-analysis of their experiments. Hence, imple-
menting such deception designs may reveal that predictive 
abilities are in fact worse than the present estimate suggests.

Despite the methodological limitations of RIR literature 
discussed above, the RIR approach has benefits. Mainly, 
prescribing repetitions relative to task failure may help to 

Fig. 6   Meta-analytic scatter plot of the repetition ranges performed to task failure, and prediction accuracy
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ensure that a consistent effort is reached in a given set, even 
if the number of repetitions are different between and within 
participants, sets, and exercises [16, 18, 21, 56]. In contrast, 
prescribing a fixed and predetermined number of repetitions 
using a specific percentage of 1RM accounts for consid-
erably less variability in one’s abilities [57, 58]. As such, 
the prediction errors identified in the present study, coupled 
with methodological concerns of RIR approaches, should be 
viewed and weighted relative to the alternative prescription 
approaches. Moreover, studies comparing sets taken and not 
taken to task failure on various outcomes can benefit from 
implementing RIR approaches in their designs, because such 
studies implement a binary task failure and not to task failure 
approach in which proximity to task failure is not accounted 
for [49, 50]. By comparing groups that follow different RIR 
set endpoints (e.g., momentary failure vs. 1RIR vs. 2RIR), 
richer and more insightful comparisons can be made. In 
order to strengthen RIR designs, future studies should con-
sider the task failure they are using and provide a clear and 
detailed account of how it was explained and confirmed. 

Additionally, including the ratio of sets that ended due to 
momentary failure and RM may assist in explaining different 
study results. Lastly, the use of deception-based designs may 
overcome the anchoring biases and result in better estimates 
of participants’ prediction accuracy.

5 � Conclusion

We found that participants typically underpredict proximity 
to task failure by approximately one repetition; however, it 
is unclear whether this degree of underprediction represents 
acceptable prediction accuracy. Practitioners and trainees 
choosing to apply RIR-based techniques can improve predic-
tion accuracy by providing the prediction towards the end of 
sets composed of fewer repetitions, as well as in later sets. 
Participants’ background in resistance training did not seem 
to meaningfully impact prediction accuracy, nor were there 
differences between upper and lower body exercises.

Fig. 7   Meta-analytic scatter plot of set number and prediction accuracy
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