
The accuracy of load-velocity relationships to predict 1RM: A systematic 1 

review and individual participant data meta-analysis protocol 2 

Leon Greig1, Rodrigo R. Aspe1, Andy Hall1, Paul Comfort2,3,4, Kay Cooper1, Paul A. 3 

Swinton1 4 

 5 

1 School of Health Sciences, Robert Gordon University, Garthdee Road, Aberdeen, UK  6 

2 Directorate of Psychology and Sport, University of Salford, Frederick Road, Salford, 7 

Greater Manchester, UK  8 

3 Institute for Sport, Physical Activity and Leisure, Carnegie School of Sport, Leeds Beckett University, 9 

Leeds, UK  10 

4 Centre for Exercise and Sport Science Research, Edith Cowan University, Joondalup, Australia 11 

 12 

Corresponding Author  13 

Paul A. Swinton  14 

p.swinton@rgu.ac.uk 15 

  16 



Review objective and research questions 17 

The objective of this systematic review and meta-analysis is to investigate and 18 

quantify the accuracy of load-velocity models to predict 1RM performance. The 19 

following research questions will be addressed to guide the review: 20 

 21 

1. Which variables and associated procedures have been used to predict 1RM 22 

performance based on a load-velocity relationship? 23 

 24 

 25 

2. What is the predictive accuracy of common models, and are these 26 

moderated by factors such as modelling approaches and exercises 27 

investigated?  28 

 29 
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Autoregulation 31 
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 33 

 34 

 35 

 36 

  37 



Introduction 38 

The load lifted during resistance training is frequently prescribed in terms of a 39 

percentage of the maximum load that can be lifted for one repetition (1RM; 40 

González-Badillo and Sánchez-Medina 2010). This process allows for both 41 

individualisation of a training stimulus and prescription of various training zones 42 

based on the relative load lifted that can be used to target distinct physical 43 

qualities (Fleck and Kraemer 2014). Despite extensive research and practical 44 

experience supporting the use of 1RMs to prescribe resistance training, the 45 

process can also be viewed as inconvenient, time-consuming and limited by the 46 

precision of a single measurement that may fluctuate on a daily basis due to 47 

changes in readiness (Shattock and Tee 2020; Greig et al. 2020) or trend 48 

substantively over the short-to-medium term due to changes in fitness and fatigue 49 

(Dorrell, Smith and Gee 2019; Greig et al. 2020). Previous attempts to address 50 

limitations such as the time required to determine an individual’s 1RM include 51 

repetition-maximum tests with a sub-maximum load that can then be used to 52 

predict 1RM (Pestaña-Melero et al. 2018). However, repeated administration of 53 

any repetition-maximum test is likely to generate undesirable levels of fatigue, 54 

thereby limiting the frequency with which the measurement process can be 55 

performed (Banyard, Nosaka and Haff 2017). More recently, alternative processes 56 

have been adopted to predict 1RM through the use of load-velocity relationships 57 

(Hughes et al. 2019). Underpinning these processes include a strong inverse linear 58 

relationships between load and velocity (González-Badillo and Sánchez-Medina 59 

2010), and the recent proliferation of technologies that can accurately measure 60 

velocity during resistance training. The prediction of 1RM from load-velocity 61 

relationships represents an appealing alternative for practitioners, as the process 62 

does not require performance of a fatiguing repetition-maximum test, and can be 63 

completed at high frequencies including each resistance training session (Perez-64 

Castilla et al. 2019). In addition, the process can be incorporated into pre-existing 65 

warm-up routines such that the prediction of daily 1RM requires no additional time 66 

to complete. 67 

 68 

A range of approaches have been proposed to predict 1RM from load-velocity 69 

relationships (García-Ramos et al. 2020). In general, these include development 70 



of linear regression equations from velocity measurements made across multiple 71 

increasing sub-maximum loads. The regression equation is then extrapolated 72 

beyond the measured data to predict 1RM. Representative approaches can differ 73 

on a range of factors including the extrapolated point to represent 1RM (Jidovtseff 74 

et al. 2011; Lake et al. 2017; Hughes et al. 2019a; García-Ramos et al. 2020), 75 

the number of loads assessed (Garcia-Ramos et al. 2019), the velocity metric used 76 

(García-Ramos et al. 2019) and the use of individual or group-level data to 77 

generate measurements (Weakley 2020). 78 

 79 

If 1RM predictions can be derived with high frequency and suitable accuracy, then 80 

load-velocity profiles could be used to compliment training-based decisions across 81 

a range of timescales. For example, practitioners could integrate load-velocity 82 

profiles into existing monitoring approaches to provide information surrounding 83 

an individual’s response across the training cycle (Jovanović and Flanagan 2014; 84 

Hughes et al. 2019). In the case that observed changes in performance deviate 85 

markedly from expected changes, this information could then be used to inform 86 

the programming of subsequent training cycles or training sessions that better 87 

match the individual and their overarching training goals (Greig et al. 2020). 88 

Alternatively, load-velocity based predictions could be integrated more frequently 89 

to assist with prescription of training specific sessions. Here, practitioners have 90 

used velocity data gathered during incremental warm-ups to generate 1RM 91 

predictions for each of the core exercises to be performed on that day (Jovanović 92 

and Flanagan 2014).The predicted values can then be used to prescribe loads 93 

which correspond to the desired %1RM’s for each exercise (Moore and Dorrell 94 

2020). By integrating velocity in this manner it is thought that practitioners may 95 

be able to better account for potential fluctuations in individual’s performance 96 

which may have otherwise resulted in inappropriate load prescription (Greig et al. 97 

2020). 98 

 99 

Despite the initial appeal of load-velocity based relationships to predict 1RM and 100 

guide training prescription, validation of approaches has demonstrated varying 101 

success across a wide range of upper and lower body exercises (Weakley et al. 102 

2020). Additionally, based on the range of prediction approaches that can be 103 



adopted it is challenging to make clear recommendations for both practice and 104 

future research. Currently there have been limited attempts to synthesise existing 105 

evidence on the validity of load-velocity relationships for predicting 1RM in 106 

commonly performed resistance exercises (McBurnie et al. 2019; Dahlin 2018). 107 

Previous reviews have provided varying levels of detail surrounding the relevant 108 

literature; however, no quantitative synthesis of information has yet been 109 

provided. In addition, the review by Dahlin (2018) focused only on a single 1RM 110 

prediction method despite the variety of approaches that currently exist. In both 111 

reviews, the predictive capability of models was quantitively evaluated primarily 112 

through the interpretation of reported R2 values. This statistic describes the total 113 

variance in the dependent variable accounted for by the linear combination of the 114 

predictors and is principally a measure of model fit to observed data (Paulmer and 115 

O’Connell 2009). Whilst the dimensionless nature of R2 is effective in comparing 116 

models across different measurement scales, the practical relevance may be 117 

unclear as high R2 values can still be obtained for models that produce prediction 118 

errors considered inappropriate in practice. In contrast, identifying the predictive 119 

validity of a model may be best established by quantifying the accuracy and 120 

stability of predictions. The accuracy of a model can be established by analysing 121 

the standard error of the estimate (SEE) and the percentage that the SEE 122 

represents of the predicted mean (SEE %; Paulmer and O’Connell 2009). The SEE 123 

provides a measure of the typical prediction error in the units of the dependent 124 

variable with the practical relevance readily interpretable. However, this statistic 125 

is influenced by a range of factors including the magnitude of the dependent 126 

variable, and therefore the SEE % may be preferred as a means of comparing 127 

prediction accuracy across models derived from different samples (Paulmer and 128 

O’Connell 2009). Calculation of R2 and SEE from a single data set are likely to 129 

overestimate the predictive validity of a process and do not establish the stability 130 

of model predictions (Kuhn and Johnson 2013). The amount of overfitting and 131 

stability of model predictions are best assessed through cross-validation process 132 

where the prediction accuracy of a model developed on one sample is assessed 133 

on another sample from the same population (Kuhn and Johnson 2013). However, 134 

given the simplicity of most models used to develop load-velocity predictions, it is 135 

expected that overfitting may be limited.  136 

 137 



Based on the range of proposed load-velocity approaches to predict 1RM, and the 138 

paucity of evidence synthesis research including quantitative attempts to 139 

summarise predictive validity and relevant moderating factors, the review 140 

described in this protocol will be conducted. It is expected that the findings from 141 

this review will assist in identifying the most effective and parsimonious load-142 

velocity processes that can be used in practice to provide high frequency estimates 143 

of 1RM. 144 

 145 

Search strategy 146 

Searching will be performed in three stages to maximise inclusion of available 147 

evidence. Firstly, a limited search of MEDLINE and SPORTDiscus using initial 148 

keywords (Appendix 1) will be performed followed by an analysis of the text words 149 

in the title/abstract as well as keywords used to describe studies to develop a full 150 

search strategy. The resulting full search strategy will then be adapted to each 151 

database and applied systematically to MEDLINE, Web of Science, SPORTDiscus 152 

and Scopus. Searches for unpublished literature including theses and pre-prints 153 

will also be conducted by searching Google Scholar, CORE and British Ethos 154 

databases. Finally, searching of references and citations of included studies will be 155 

performed using Google Scholar and Scopus to capture any additional records not 156 

identified during the initial stages of the search. The choice to use both platforms 157 

for reference and citation tracking is based on evidence of unique listings 158 

(Bakkalbasi et al. 2006).  159 

 160 

Inclusion criteria  161 

Inclusion criteria for this review have been developed and reported in line with 162 

best practice guidelines (Shamseer et al. 2015; Munn et al. 2018). Given the focus 163 

of this review is to assess predictive validity, inclusion criteria have been specified 164 

according to the PIRD (Population – Index test – Reference test – Diagnosis of 165 

interest) mnemonic (Munn et al. 2018). This approach is frequently used in health 166 

evidence synthesis contexts to assess the diagnostic accuracy of clinical tests 167 

(Campbell et al. 2015) and provides a general framework for specifying inclusion 168 



criteria where the aim of a review is to compare the validity of a new or alternative 169 

method when compared with an appropriate criterion.   170 

 171 

Population  172 

This review will include individuals with no underlying health conditions of any 173 

gender, age and demographic that have previously engaged in resistance training.  174 

 175 

Index Test 176 

The index test for this review includes any variant of a load-velocity relationship 177 

used for the purposes of 1RM prediction. Broadly, load-velocity relationship will be 178 

defined as any model that takes as input to a regression equation the velocity 179 

recorded at more than one load to generate an estimated 1RM value. Studies will 180 

be restricted to those that have developed and validated a load-velocity 181 

relationship for one or more of the most performed barbell exercises including: 1) 182 

squat; 2) bench-press; 3) deadlift; 4) clean; 5) clean and jerk; 6) power clean; 183 

7) snatch; and 8) power snatch. Both smith-machine and free-weight variants of 184 

the above exercises will be considered eligible for inclusion. However, given the 185 

substantive difference in mediolateral displacement commonly observed between 186 

smith-machine and free-weight variants of the same exercise, these will be coded 187 

separately to facilitate analyses regarding potential differences in accuracy 188 

(Hughes et al. 2020)  189 

 190 

Reference Test  191 

The reference test for this review includes any 1RM assessment of the specified 192 

exercises whereby the outcome is the heaviest mass that can lifted for a single 193 

repetition with appropriate technique. To be considered for inclusion, studies must 194 

have also conducted the reference test within 3 weeks of the index test. Previous 195 

research has shown that 1RM assessments remain stable for up to 3 weeks with 196 

minimal to no stimulus (Mcmaster et al. 2013), and it is expected that most studies 197 

will complete both reference and index tests in a short time-frame such that 198 

substantive changes in 1RM performance are unlikely to occur.  199 



 200 

Target variable (diagnosis) 201 

The target variable in this review is maximum strength as quantified by the 202 

measurement of an individual’s 1RM performance during a resistance exercise 203 

commonly performed to develop strength or power and can be safely performed 204 

with a maximum load.  205 

 206 

 207 

Types of study 208 

This review will include any study that has directly compared measured 1RM to 209 

predicted 1RM as estimated through a load-velocity relationship. No limitation will 210 

be placed on study design and therefore both cross-sectional and longitudinal 211 

studies meeting the above criteria will be deemed eligible for inclusion. For studies 212 

that repeat the index or reference test all relevant data will be extracted each 213 

time-point and clearly coded in the extraction tool. Conference abstracts will be 214 

included where sufficient data exists and no related full text publication can be 215 

located. Opinion papers, blogs, websites and social media posts will not be 216 

considered for inclusion. 217 

 218 

Methodology 219 

The proposed systematic review will be conducted in alignment with best 220 

practice guidelines as outlined by the Joanna Briggs Institute JBI (Aromataris 221 

and Munn 2020) and reporting of items will follow the guidelines set out by the 222 

PRIMSA-IPD statement- a PRISMA variant specifically designed for individual 223 

participant data (IPD) meta-analyses- to enhance transparency, accessibility, 224 

and reproducibility (Stewart et al. 2013) 225 

 226 

Study selection 227 

Following the literature search, all records will be uploaded into the reference 228 

manager software RefWorks. Records will then undergo an initial de-duplication 229 



procedure prior to being imported into Covidence (Melbourne, Australia) for 230 

eligibility screening. All references will then undergo a second de-duplication 231 

procedure using in-built functions within Covidence software. Studies will then 232 

initially be screened for relevance based on their title and abstract prior to full-233 

text eligibility screening. All screening will be completed independently by two 234 

researchers, and disagreements will be resolved through either discussion or by a 235 

third reviewer. All excluded studies will be coded within the PRIMSA diagram by 236 

recording the total number of studies excluded, alongside the reason for their 237 

exclusion. 238 

 239 

Data extraction  240 

Data extraction of qualitative information related to the studies assessed will be 241 

conducted using a bespoke tool designed for the purposes of this review under the 242 

guidance of the CHARMS checklist (Moons et al. 2014). This will undergo a pilot 243 

trial with multiple studies to ensure the tool is fit for purpose and possesses 244 

suitable transparency. Data extracted will include basic information on the 245 

population, study design and exercise(s), as well as more detailed information on 246 

the methods used to build and assess predictive models.  Modifications will be 247 

made to the information collected and structure of the data extraction tool as and 248 

when necessary. Where substantial modifications are made that may affect the 249 

results generated, these will be detailed in the final written report.  250 

This is an IPD meta-analysis, and therefore study authors will be contacted to 251 

request original data (load and velocity values). Where data cannot be obtained 252 

from authors, individual summary data (normalised or absolute differences 253 

between observed and predicted 1RM values) will be extracted directly from 254 

studies through digitisation of in-text plots. Summary of contact with authors 255 

requesting data will be recorded and made available in the full report to ensure 256 

transparency. Where data are available, comparisons between raw and digitised 257 

data will be completed to assess the reliability and accuracy of the digitisation 258 

process and detailed in the final report. Comparisons will also be made between 259 

the actual velocity recorded at each individual’s 1RM load, and the velocity value 260 

defined in the specific model to represent 1RM. This analysis will aid in 261 

differentiating between various components of model error.  262 



 263 

 264 

Risk of bias assessment 265 

Risk of bias will be conducted based on a modified version of the Prediction Model 266 

Risk of Bias Assessment Tool (PROBAST) (Wolff et al. 2019) as no equivalent 267 

currently exists in exercise science. The PROBAST tool is designed for evaluating 268 

studies that assess predictive validity of multivariate models (Wolff et al. 2019) 269 

and will be modified to account for single predictor models expected from studies.  270 

 271 

Data synthesis 272 

Both one-stage and two-stage IPD meta-analysis models will be completed and 273 

their results compared (Burke et al. 2017). For both sets of models, prediction 274 

residuals (prediction – direct assessment) will be obtained. For two-stage 275 

analyses, the standard error of the estimate (𝑆𝐸𝐸 = √
∑𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙2

𝑛−2
 ; 𝑆𝐸𝐸 % =276 

𝑆𝐸𝐸

𝐶𝑟𝑖𝑡𝑒𝑟𝑖𝑜𝑛 𝑀𝑒𝑎𝑛
) will be calculated for each analysis presented in a study. Within 277 

sample variance will be obtained by boot-strapping and the effect sizes pooled 278 

across studies with three-level hierarchical models used to account for covariance 279 

between multiple sets of results presented in a single study. For one-stage 280 

analyses, prediction residuals and prediction residuals scaled by the criterion value 281 

will be incorporated into random effects models. Fixed effects will be added to 282 

models to quantify the moderating effects of variables thought to influence model 283 

accuracy including the exercise assessed, the modelling approach/characteristics, 284 

extrapolation techniques used, and the devices used to measure velocity. All data 285 

will be presented in tabular and graphical format with an accompanying narrative 286 

synthesis of the literature that describes how the data relate to the objectives of 287 

this review. Data may also be presented to help further describe key findings and 288 

recommendations for future research and practice. 289 

 290 

 291 



 292 

 293 

Appendix 1: Example search strategy  294 

 295 

 Search string 

1. Velocity AB/TI: velocity 

2. Prediction AB/TI: predict* OR estimat* 

3. 1RM AB/TI: 1RM OR 1-RM OR “repetition maximum” 

4. Combined string S1 AND S2 AND S3 

 296 

 297 

 298 

 299 

 300 

 301 

 302 

 303 

 304 

 305 

 306 

 307 

 308 

 309 
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